
FreeScale: Unleashing the Resolution of Diffusion Models
via Tuning-Free Scale Fusion

Supplementary Material

Overview. In the supplementary material, we introduce im-
plementation details in Section A, show more evaluations
in Section B, exhibit more results in Section C, and finally,
discuss limitations and future work in Section D.

A. Implementation Details
During sampling, we perform DDIM sampling [48] with 50
denoising steps, setting DDIM eta to 0. For image genera-
tion, the base inference resolution of SDXL is 1024⇥ 1024
pixels, and the scale of the classifier-free guidance is set to
7.5. For video generation, the base inference resolution of
VideoCrafter2 is 320 ⇥ 512, the video length is 16 frames,
and the scale of the classifier-free guidance is set to 12.0.

For tailored self-cascade upscaling, we set K = 700 in
Equation 3 for all experiments. And in Equation 4, ↵ is set
as a scaler, 2, by default. To avoid excessive and messy tex-
tures in generating 8k images, ↵ is reduced to 1. In Figure 4,
↵ is 3 and 0.5 in the targeted and other areas, respectively.
Users can further adjust these parameters according to the
detailed requirements of different images. For restrained di-
lated convolution, the dilation factor d in Equation 5 is equal
to the resolution level (1 represents original resolution, 2
represents the twice height and width). For scale fusion, the
kernel size is 2⇥

p
height⇥ width÷ (1024⇥ 1024)� 1

and the standard deviation is 1 in Equation 7.
Datasets. We evaluate image generation on the LAION-
5B dataset [46] with 1024 randomly sampled captions.
Specifically, to better align with human preference, we ran-
domly selected prompts from the LAION-Aesthetics-V2-
6.5plus dataset to evaluate image generation. The LAION-
Aesthetics-V2-6.5plus is a subset of the LAION 5B dataset,
characterized by its high visual quality, where images have
scored 6.5 or higher according to aesthetic prediction mod-
els. Regarding the evaluation of video generation, we
use randomly sampled 512 captions from the WebVid-10M
dataset [1].

B. More Evaluation
B.1. Comparison with Super-Resolution
Different from traditional super-resolution (SR) tasks.
Higher-resolution generation aims to tap the potential of the
pre-trained model itself. Therefore, the performance of the
higher-resolution generation method is based on the base
model rather than another additional SR model. We com-
pare our method with a super-resolution post-processing
setting: SDXL+Real-ESRGAN [52]. As shown in Table 4,

Table 4. Image quantitative comparisons with super-
resolution. Compared to super-resolution post-processing setting
SDXL+Real-ESRGAN, FreeScale also achieves competitive per-
formance. As reported in most previously published related works,
higher-resolution generation methods are hard to beat SR methods
completely on quantitative metrics due to the difference in diffi-
culty between the two tasks.

Method FID # KID # FIDc # KIDc # IS "

SDXL+Real-ESRGAN [52] 43.476 0.000 73.524 0.024 12.599
Ours 49.796 0.004 71.369 0.029 12.572

Table 5. User study. Users are required to pick the best one among
our proposed FreeScale with the other baseline methods in terms
of image-text alignment, image quality, and visual structure.

Method Text Alignment Image Quality Visual Structure

SDXL-DI [40] 0.87% 0.00% 0.00%
ScaleCrafter [20] 7.83% 5.22% 7.83%
DemoFusion [14] 17.39% 14.35% 18.26%
FouriScale [25] 2.17% 2.61% 1.74%
Ours 71.74% 77.83% 72.17%

Table 6. User study for Video Generation. Users are required
to pick the best one among our proposed FreeScale with the other
baseline methods in terms of text alignment, cover quality, and
video quality.

Method Text Alignment Cover Quality Video Quality

VC2-DI 5.38% 4.62% 3.85%
ScaleCrafter 4.62% 5.38% 0.77%
DemoFusion 30.00% 26.92% 30.77%
Ours 60.00% 63.08% 64.62%

FreeScale achieves competitive performance in quantitative
metrics. As reported in most previously published related
works [14, 20], higher-resolution generation methods are
hard to beat SR methods completely on quantitative metrics
due to the difference in difficulty between the two tasks.
However, Figure 8 shows that FreeScale is not inferior to
SDXL+Real-ESRGAN in visual quality, and adds more de-
tails. In addition, SR methods will faithfully follow the low-
resolution input while FreeScale can regenerate the original
blurred areas based on the prior knowledge that the model
has learned (the eyes and logos in Figure 8).

B.2. User Study
In addition, we conducted a user study to evaluate our re-
sults on human subjective perception. Users are asked to
watch the generated images of all the methods, where each



SDXL (1024 × 1024) Real-ESRGAN (8192 × 8192) FreeScale (8192 × 8192)
Figure 8. Image qualitative comparisons with super-resolution. FreeScale is not inferior to SDXL+Real-ESRGAN in visual quality,
and adds more details. In addition, SR methods will faithfully follow the low-resolution input while FreeScale can regenerate the original
blurred areas based on the prior knowledge that the model has learned. Best viewed ZOOMED-IN.

Table 7. Video quantitative comparisons with other ablations.
Our final setting achieves the best or second-best scores for all
metrics. The best results are marked in bold, and the second best
results are marked by underline.

Method FVD # Dynamic Degree " Aesthetic Quality " Time (min) #

Dilated Up-Blocks 523.323 0.363 0.611 3.788
RGB Upsampling 422.245 0.381 0.604 3.799
Ours 484.711 0.383 0.621 3.787

example is displayed in a random order to avoid bias, and
then pick the best one in three evaluation aspects. A total
of 23 users were asked to pick the best one according to the
image-text alignment, image quality, and visual structure,
respectively. As shown in Table 5, our approach gains the
most votes for all aspects, outperforming baseline methods
by a large margin.

We also add a human study for video generation. Users
were asked to pick the best one according to the text align-
ment, cover quality, and video quality, respectively. As
shown in Table 6, our method still gains the most votes
for all aspects, outperforming baseline approaches signifi-
cantly.

B.3. Ablation Study for Video Generation
We also conduct an ablation study for higher-solution video
generation. As discussed in the method part, we adopt latent
space upsampling in video generation. Table 7 shows that
our final setting achieves the best or second-best scores for
all metrics.

3× Resolution 
(3072×1024)

6× Resolution 
(2048×3072)

3× Resolution 
(1024×3072)

Figure 9. Flexible aspect ratio generation. FreeScale can di-
rectly achieve a flexible aspect ratio (the resolution must be a mul-
tiple of 512) without any adaptation.

C. More Results

C.1. Flexible Aspect Ratio Generation

As shown in Figure 9, FreeScale can directly achieve a flex-
ible aspect ratio (the resolution must be a multiple of 512)
without any adaptation. We also add quantitative experi-
ments for 2048 ⇥ 4096 resolution. As shown in Table 8,
FreeScale still achieves the best or second-best scores for
all metrics.



Resolution: 1024 × 1024 Resolution: 8192 × 8192
Figure 10. Zoomed in details for the 8k image. FreeScale may regenerate the original blurred areas at low resolution based on the prior
knowledge that the model has learned. As shown in the bottom row, two originally chaotic and blurry faces are clearly outlined at 8k
resolution. Best viewed ZOOMED-IN.

SDXL (50 steps) SDXL-Turbo (4 steps) SDXL-Turbo (2 steps)

Figure 11. Fast generation with SDXL-Turbo. FreeScale can
help SDXL-Turbo generate results at 20482 resolution with even
2 timesteps.

C.2. Fast Generation with SDXL-Turbo

FreeScale can easily be compatible with other models with
similar structures. SDXL-Turbo [45] is a distilled version
of SDXL [40] and can produce similar quality results with
2 ⇠ 4 timesteps. However, SDXL-Turbo can only generate
results at 5122 resolution due to the knowledge loss dur-
ing distillation. As shown in Figure 11, FreeScale can help
SDXL-Turbo generate results at 20482 resolution.

Table 8. Image quantitative comparisons with baselines in
2048 ⇥ 4096 resolution. FreeScale still achieves the best or
second-best scores for all metrics.

Method FID # KID # FIDc # KIDc # IS "

SDXL-DI 97.493 0.026 38.273 0.009 7.258
ScaleCrafter 97.235 0.032 107.582 0.050 8.001
DemoFusion 72.196 0.019 91.264 0.044 10.622
FouriScale 95.891 0.032 118.306 0.061 8.422
Ours 54.704 0.004 65.584 0.025 11.323

C.3. Gallery of 8k Images
Figure 12 illustrates the effectiveness of FreeScale on gen-
erating ultra-high-resolution images (i.e., 8k-resolution im-
ages). As shown in Figure 10, FreeScale effectively en-
hances local details without compromising the original vi-
sual structure or introducing object repetitions. Different
from simple super-resolution, FreeScale may regenerate the
original blurred areas at low resolution based on the prior
knowledge that the model has learned. In Figure 10, two



Figure 12. Gallery of generated 8k images. We place the original-resolution result in the lower right corner for reference. FreeScale
effectively enhances local details without compromising the visual structure or introducing object repetitions. Best viewed ZOOMED-IN.
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Figure 13. Structure gap. UNet-based LDMs and DiT-based
LDMs will face different challenges in the higher-resolution gen-
eration task. UNet-based LDMs face repetition problems while
DiT-based LDMs face blur problems.

originally chaotic and blurry faces are clearly outlined at 8k
resolution.
Visual Enhancement. FreeScale also supports using exist-
ing images to replace the intermediate 1⇥ result. Compared
to SDXL [40], FLUX [33] is better in visual text generation.
In the center of Figure 12, we first use FLUX to generate the
intermediate 1⇥ result, a dragon with “FreeScale”. Then we
utilize the remaining pipeline of FreeScale to generate the
final 8k-resolution result. In this sense, FreeScale is also a
tool to upscale resolution and enhance detail.

D. Limitations and Future Work
Inference Cost. We employ the scale fusion only in the
self-attention layers thus bringing negligible time cost. And
the omitted time steps almost offset the additional cost of
tailored self-cascade upscaling. As a result, the inference
cost of FreeScale is close to the direct inference by the base
model. However, the inference cost is still huge for ultra-
high-resolution generation. In future work, when users re-
quire image generation at resolutions exceeding 8k, mem-
ory constraints may be mitigated through multi-GPU infer-
ence strategies, while computational efficiency can be en-
hanced by employing inference acceleration techniques.
Knowledge Limitation. Even ignoring the limitations of
the computation, there is a limit to the upscaling capabil-
ity of FreeScale. When the desired resolution is beyond the
prior knowledge that the model has learned, no more de-
tails can be reasonably added. In other words, the endless
higher-resolution result will have either the same level of
detail or unnatural messy detail. In addition, as a tuning-
free framework, FreeScale’s performance relies heavily on
base models. During the tailored self-cascade process, the
intermediate 1⇥ result is equivalent to direct inference with
base models. Some artifacts caused by inherently flawed
(e.g., extra legs), will be inherited in further upscaling.

Structure Gap. DiT-based LDMs (e.g., FLUX [33] and
CogVideoX [55]), have showcased impressive visual gen-
eration capabilities recently. However, UNet-based LDMs
and DiT-based LDMs will face different challenges in the
higher-resolution generation task. As shown in Figure 13,
UNet-based LDMs face repetition problems while DiT-
based LDMs face blur problems. Most previous higher-
resolution generation methods either support the UNet-
based LDMs (DemoFusion [14], and FouriScale [25]) or
DiT-based LDMs (I-MAX [15]), in line with the common
sense that different problems require different strategies to
solve. To support the DiT based structure, FreeScale also
needs to be customized specifically.
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