Supplementary Material

A. Implementation Details

A.l. Data Processing.

Following [4, 7, 19, 20], the super-resolution process is con-
ducted with a scale factor of 4, upsampling images from
128%128 to 512x512. To create the degraded dataset,
Ground Truth (GT) images are first randomly cropped
from their original sources. Subsequently, these GT im-
ages are synthesized into 128x128 degraded data via the
well-established Real-ESRGAN [5] degradation pipeline,
involving various corruptions such as noise, blurring, and
compression.  This data processing method is widely
adopted and well-established. [15, 17,21, 24]. Moreover, to
minimize memory overhead and accelerate training, we pre-
encode the low-quality, high-quality, and teacher-generated
references into the VAE’s latent representations. These la-
tent representations are then cached, enabling their swift re-
trieval during the training phase.

A.2. VAE Training.

For the standard Teacher VAE, we first reduce the number of
channels in all intermediate layers to 64 and remove all at-
tention mechanisms, following [2]. Subsequently, all stan-
dard convolutional layers are substituted with depthwise
separable convolutions (SepConv), in line with the method-
ology proposed by [6, 9].

We train the VAE encoder &;;,,, by aligning latent space
features using MSE loss. The training objective is defined
as:

£e7zcoder = ||5tiny(1'LR) - Epre (ILR)”g (Al)

Here, x1,r represents low-quality data, &, is the pre-
trained encoder. Training is conducted for 100k steps using
a batch size of 64 and a learning rate (AdamW optimizer)
of 3e-4 for this phase.

We use LPIPS loss and GAN loss to train the VAE de-
coder Dy;py:

Lieccoder = M LLPIPS (Dtiny (5177“6 (ILR))v xHR)

A2
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Here, xygr represents high-quality data. We set A\; to 3 and
Az to 1. We employ a learning rate of 5e-4 for the decoder
and le-5 for the discriminator during training. We train the
model for 200k iterations using 64 batch size setting. The
random seed is set to 80 throughout the training.

A.3. Pruning Decision Training.

We initialize our model using the pre-trained weights of
TSD-SR [7] for pruning training. We set the pruning rate to

50% to establish our baseline model. Following the Tiny-
Fusion [8] approach, we retained two out of every four lay-
ers and employed a dynamic block-wise activation mecha-
nism between adjacent layers. Our masks are calculated via
the Gumbel-Softmax operation [10]. During network prop-
agation, calculation for a layer is bypassed if its associated
mask value is 0. We optimize the network and probability
parameters using SR’s task loss and distillation loss aligned
with the teacher features. Specifically, task loss is defined
as LPIPS loss and L loss is utilized for the distillation loss.
The total loss is expressed as follows:

Ep?“uning =A3LLPIPS (Dtiny(zstu)7 xHR)
+ A4||Zstu - Ztea”l (AS)
where Zstu ~ LR — estu(gtiny (xLR)a t)7

Ztea ~ TLR — Etea(gtea (:ELR)a t)

€sty denotes the student’s denoising network, while €,
represents the teacher’s. ¢ denotes timesteps, and &, de-
notes the teacher encoder. This encoder differs from the
pre-trained version £, as it is fine-tuned by TSD-SR [7].

Training is conducted for 100k iterations across 8
NVIDIA V100 GPUs, employing a learning rate of Se-5
(AdamW optimizer) and a global batch size of 8. We use
LoRA training, with LoRA rank set to 64. A3 and \4 are
both set to 1.

A 4. Restoration Training.

We perform depth pruning on the TSD-SR according to the
pruning mask and discard the condition-related components
to initialize our student network. To achieve rapid conver-
gence, we divided the model’s training into two stages. In
the first stage, training is exclusively conducted within the
latent space. We employ L loss for teacher-student knowl-
edge distillation to align features. The formulation of this
distillation loss is consistent with that described in Equa-
tion (A.3):

Lstagel - ||Zstu - ZteaHl (A4)

The meaning of z4,, and 2., is the same as mentioned
above. Training in the latent space enables us to use a larger
global batch size (128) on 8 V100 GPUs. We set the learn-
ing rate to le-4 and the LoRA rank to 64. We iterate training
150k steps until convergence.

In stage 2, we further enhance the perceptual quality
of the results in image space by fine-tuning the model di-
rectly within the image domain. We additionally incorpo-
rate LPIPS loss and GAN loss to enhance image restora-
tion. The total loss is expressed as follows:

»cstageg = )\5||Zstu - Ztea”l
+ N6 Lr.p1prs (Driny (Zstw), THR) (A.S)
+ )\7EGAN (Dtiny (zstu))



The meaning of Zsty, Zteq and Dygy,y is the same as men-
tioned above. A5, Mg, and A7 are set to 5, 1, and 0.3, re-
spectively. We fine-tune our model for 50k steps on 8 V100
GPUs, with a global batch size of 96, a learning rate of le-6
for student (5e-6 for discriminator), and a LoRA rank of 64.
The random seed for the entire training process is set to 80.
And all training is done on fp16 precision.

B. More Comparisons on Benchmarks

B.1. More Quantitative Comparisons

We compared GAN-based and diffusion-based methods
across various datasets (DIV2K-Val [1], DrealSR [18], Re-
alSR [3]), with the results presented in Table A.1. We
observe that traditional GAN-based approaches [5, 12, 16,
25] generally excel on full-reference metrics, particularly
PSNR and SSIM. However, some studies indicate that
PSNR and SSIM often do not accurately reflect fidelity
under more complex degradation conditions [7, 21, 23].
In most perceptual quality metrics, such as NIQE [26],
MUSIQ [11], MANIQA [22] and CLIPIQA [14], diffusion-
based methods demonstrate superior performance com-
pared to these GANS, highlighting their enhanced capability
in generating natural textures. TinySR achieved competitive
performance across most metrics, demonstrating compara-
ble results to its teacher model, TSD-SR, and showcasing
the robust recoverability of the pruning methods.

B.2. More Qualitative Comparisons

Figure B.1 presents a visual comparison between the GAN-
based and diffusion-based methods. GAN-based methods
often struggle to recover fine, high-frequency details, re-
sulting in blurred textures. For instance, models such as
BSRGAN, Real-ESRGAN, LDL, and FeMASR produce
blurring on petal textures. Similarly, BSRGAN and LDL
create overly smooth butterfly wings, while Real-ESRGAN
and FeEMASR fail to reconstruct crisp mushroom textures.
This consistent lack of detail suggests a fundamental lim-
itation in the ability of these GAN-based approaches to
restore high-frequency information. Multi-step diffusion-
based methods, such as StableSR, DiffBIR, SeeSR, and
ResShift, can introduce artifacts when restoring natural tex-
tures like water and rocks, and may also produce blurred
details. Notably, DiffBIR is particularly susceptible to over-
generation, which can result in illogical or unnatural tex-
tures, as has been observed in the restoration of images
containing mushrooms. Methods like OSEdiff, AdcSR, and
SinSR can suffer from incomplete denoising and are prone
to generating broken or fragmented textures during the su-
per resolution process. Our model demonstrates highly
competitive performance, excelling in both structural and
texture recovery. Compared to other methods, it restores
a greater degree of high-frequency detail while rigorously

maintaining overall structural integrity.

C. More Ablation Studies.
C.1. Ablation Study on Prompt Condition

Table C.1 presents the results of token pruning of the
teacher model. We found that pruning prompt information
does not negatively impact certain full-referenced metrics.
In fact, some metrics, such as LPIPS and DISTS, even show
improvement at specific pruning rates. Token pruning pri-
marily affects no-referenced metrics. However, we observe
no significant performance degradation even at a 50% prun-
ing ratio. Furthermore, performance degrades gracefully at
higher pruning percentages without a sharp decline, which
suggests that the contribution of textual information to the
final image synthesis is limited. As shown in Figure C.1, al-
though TP 90% token’s output contains less fine-grained de-
tail than the baseline, it effectively removes the noise from
the low-quality input, resulting in an image with high visual
quality.

C.2. Ablation Study on Pruning Ratio

Table C.2 compares the performance of our method against
ShortGPT and TinyFusion across various metrics at token
pruning ratios of 33%, 50%, and 67%. The results show our
approach surpassing TinyFusion [8] and ShotGPT [13] at
every pruning ratio, which demonstrates its robust ability to
recover performance. Furthermore, the model exhibits only
a slight degradation in performance as the pruning ratio is
increased from 33% to 50%, indicating the continued pres-
ence of parameter redundancy at the 33% level. However,
as the pruning rate increases from 50% to 67%, the model’s
performance on metrics such as DISTS and MANIQA de-
clines sharply, indicating that excessive pruning leads to ir-
reversible performance degradation.

C.3. Ablation Study of Knowledge Distillation

Table C.3 demonstrates the effectiveness of our knowledge
distillation method under stage 1. We can draw the fol-
lowing conclusions: (1) Distillation employing GT (High-
Quality) data consistently resulted in unsatisfactory per-
formance, whether applied in the image space or the la-
tent space. As illustrated in Figure C.2, distillation us-
ing GT data yields smooth, blurred results, whereas using
the teacher produces clearer textures. (2) Distillation per-
formed in the image space achieves better scores on full-
reference metrics such as SSIM, LPIPS, and DISTS. Distil-
lation in the latent space yields superior no-reference met-
rics (MUSIQ, CLIPIQA, TOPIQ and Q-Align), with most
even matching those of the teacher model. However, a po-
tential compromise in reference metrics necessitates a sec-
ond stage of training, which we perform in the image space.



Table A.1. Quantitative comparison among different GAN-based and diffusion-based Real-ISR approaches on both synthetic and real-
world benchmarks. “s” denotes the required number of sampling steps in the diffusion-based method. The best and second-best results are
highlighted in bold, italic, respectively

Dataset | Method | PSNRT SSIM1 LPIPS| DISTS| FID| NIQE|, MUSIQt MANIQA+ CLIPIQA ©
BSRGAN 2458  0.6269 03502 02280 4955 475 61.68 0.5071 0.5386
Real-ESRGAN 2402  0.6387 03150 02123 3887  4.83 61.06 0.5401 0.5251
LDL 2383  0.6344 03256 02227 4229 486 60.04 0.5350 0.5180
FeMASR 2306 05887 03126 02057 3587 474 60.83 0.5074 0.5997
StableSR-5200 2327 05722 03111 02046  24.95 477 65.78 0.6164 0.6764
DiffBIR-s50 2313 05717 03469 02108 3393 461 68.54 0.6360 0.7125

DIV2K-Val | SeeSR-s50 2373 06057 03198  0.1953 2581  4.83 68.49 0.6198 0.6899
ResShift-s15 2471 06234 03473 02253 4201 636 60.63 0.5283 0.5962
SinSR-s1 2441 06018 03262 02069 3555 6.0 62.95 0.5430 0.6501
OSEDiff-s1 2372 06109 02942 01975 2634 471 67.31 0.6131 0.6681
AdcSR-s1 2374 06017 02853  0.1899 2552 436 68.00 0.6090 0.6764
TSD-SR-s1 23.02 05808 02673  0.1821 29.16  4.32 71.69 0.6192 0.7416
TinySR-s1 (Ours) | 2276 05725 02793 01883 2444  4.15 69.90 0.6083 0.7201
BSRGAN 2870  0.8028 02858 02143 15561  6.54 57.15 0.4847 0.5091
Real-ESRGAN 2861 08051 02818 02088 147.66  6.70 54.27 0.4888 0.4512
LDL 2820 08124 02791 02127 15551  7.14 53.94 0.4894 0.4476
FeMASR 2687 07569 03156 02238 15772 591 53.70 0.4413 0.5633
StableSR-5200 2804  0.7454 03279 02272 14415  6.60 58.53 0.5603 0.6250
DiffBIR-s50 2593 0.6525 04518 02761 177.04 623 65.66 0.6296 0.6860

DRealSR | SeeSR-s50 2814 07712 03141 02297 14695  6.46 64.74 0.6022 0.6893
ResShift-s15 2869 07874 03525 02541 17677  7.88 52.40 0.4756 0.5413
SinSR-s1 2838 07499 03660 02484 172.72 696 55.03 0.4904 0.6412
OSEDiff-s1 2792 07836 02968 02162 13551 645 64.69 0.5898 0.6958
AdcSR-s1 2810  0.7726 03046 02200 13405 645 66.26 0.5927 0.7049
TSD-SR-s1 2777 07559 02967 02136 13498 591 66.62 0.5874 0.7344
TinySR-s1 (Ours) | 2748 07459 03116 02204 14670  5.67 65.36 0.5804 0.7094
BSRGAN 2638 07651 02656 02121 14124  5.64 63.28 0.5425 0.5114
Real-ESRGAN 26.65 0.7603 02726 02065 13629 585 60.45 0.5507 0.4518
LDL 2528 07565 02750 02119 14274 599 60.92 0.5494 0.4559
FeMASR 2507 07356 02936 02285 141.01 577 59.05 0.4872 0.5405
StableSR-5200 2462 07041 03070 02156 12854 578 6548 0.6223 0.6198
DiffBIR-s50 2424 06650 03469 02300 13456  5.49 68.35 0.6544 0.6961

RealSR SeeSR-s50 2521 07216 03003 02218 12510 540 69.69 0.6443 0.6671
ResShift-s15 2639 07567 03158 02432 14959  6.87 60.22 0.5419 0.5496
SinSR-s1 2627 07351 03217 02341 13759 630 60.76 0.5418 0.6163
OSEDiff-s1 2515 07341 02920 02128 12348  5.65 69.10 0.6326 0.6687
AdcSR-s1 2547 07301 02885 02129 11841 535 69.90 0.6360 0.6731
TSD-SR-s1 2481 07172 02743 02104 11445 513 71.19 0.6347 0.7160
TinySR-s1 (Ours) | 2479 07171 02806 02123 11800 4.4 69.78 0.6235 0.7035

Table C.1. Ablation study of prompt token pruning (TP) on Table C.2. Ablation study of pruning ratio on DIV2K-Val dataset.

DrealSR dataset. The best is highlighted in bold. The best is highlighted in bold.
Method | PSNR+ LPIPS| DISTS| NIQE| MUSIQt MANIQA t Method  Pruning Ratio | LPIPS| DISTS| NIQE, MANIQAT CLIPIQA T
Baseline 2777 02967 02136  5.9131 66.62 0.5927 ShortGPT 33% 03049 02150  5.1010 05727 0.7248
TP 10% token | 27.66 02945 02135  5.9536 66.57 0.5870 TinyFusion 33% 0.2808  0.1928  4.3013 0.5912 0.7274
TP 25% token | 27.65 02947 02135  5.9510 66.53 0.5861 Ours 33% 02789 0.1917  4.1396 06071 0.7284
TP 50% token | 27.66 02924 02120  5.9350 66.35 0.5801 ShortGPT 50% 02892 02034 48874 0.5681 07116
TP 75% token | 27.62 02860 02122  6.0142 65.79 0.5783 TinyFusion 50% 02799  0.1904  4.1705 0.5880 0.6995
TP90% token | 27.59 02866 02144  6.1461 65.01 0.5721 Ours 50% 02793 0.1883  4.1500 0.6083 0.7201
ShortGPT 67% 03466 02476 55182 0.5257 0.7069
TinyFusion 67% 03071 02194 47256 05217 0.7056
Ours 67% 02984 02110  4.2475 0.5389 0.7198

C.4. Ablation Study of Losses in Stage 2

We conduct an ablation study on the Stage 2 training losses,
as shown in Table C.4. The results indicate that Stage 2 in terms of image fidelity. Specifically, we find that the
training significantly improved image quality, particularly inclusion of LPIPS loss is highly beneficial for improving
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Figure B.1. Qualitative comparisons of GAN-based and diffusion-based Real-ISR methods. Please zoom in for a better view.

reference metrics such as DISTS and FID. The addition of GAN loss, in turn, is helpful for enhancing several no-



Table C.3. Ablation studies of Stage 1 distillation loss on DrealSR dataset. The best (other than Teacher) is highlighted in bold.

Method \ SSIM+ LPIPS| DISTS| FID| MUSIQT CLIPIQA1T TOPIQ1 Q-Align1
Teacher TSD-SR Baseline 0.7559 0.2967 0.2136 134.98 66.62 0.7344 0.6177 3.6055
Distill HR in Image Space 0.8480 0.3082 0.2438 176.50 48.89 0.3456 0.3652 24315
Distill TEA. in Image Space 0.7904 0.2819 0.2150 154.16 64.74 0.6171 0.6020 3.2871
Distill HR in Latent Space 0.7814 0.4253 0.2988 190.11 48.41 0.4441 0.4726 2.3841
Distill TEA. in Latent Space (Ours) | 0.7508 0.3316 0.2322  148.63 66.57 0.7321 0.6211 3.5356
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Figure C.1. Applying 90% token pruning (TP) yields visually
comparable results to the baseline with a slight quality drop, in-
dicating the limited contribution of the default prompt.

(a) (a) Low-Quality

(b) (b) Distill HR (c) (c) Distill Tea.

Figure C.2. Visual comparison of knowledge distillation: high-
resolution ground truth versus teacher.

reference metrics, including NIQE and MANIQA. We ulti-
mately weighted the two new losses to balance the trade-off
between fidelity and the generative ability.
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