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Figure 5. The manipulation results of SDD of various domains (CelebA-HQ [23], AFHQ-cat [8], LSUN-car [46]) and various attributes. We
keep the image fidelity and make it coherent with the text.

Compared to StyleCLIP Our method shares some sim-
ilarities to the StyleCLIP in the aspect of the manipulator.
Here, we discuss the major difference between SDD and
StyleCLIP and empirically compare them. The diffusion
model has a significant advantage over CLIP in that the
gradient it provides shares the same spatial size as images.
Compared to CLIP, these gradients from diffusion models
contain structural information, making our SDD capable of
position manipulations. In contrast, CLIP guidance is insen-
sitive to 3D positional information, so it does not support

FID CLIP Similarity Total time
SDEdit 32.126 0.2189 2215

SDEdit* 16.761 0.2133 2215
DDIB 87.737 0.2268 3502

DiffAE 41.896 0.2136 5658
SDD 6.066 0.2337 148.67

Table 1. The quantitative comparison between our method and
diffusion-based image manipulations. * means we fine-tune the
diffusion model on the target dataset.

such manipulation. Other studies [17] also notice this insen-
sitivity of CLIP, and they provide further explanation for that.
Concretely, our image manipulator can change the pose of
a human’s face, but CLIP-based methods fails, as shown in
Fig. 7.

We also quantitatively compare manipulation tasks that
can be accomplished by both methods and demonstrate that
our SDD provides better guidance for training the image
manipulator, as shown in Table 2. Note that directly replacing
CLIP with a diffusion model and not using our timestep
selection strategy will not yield such results.

5.4. Ablation Study

In this section, we conduct an ablation study of the
timestep selection strategy for optimizing the image ma-
nipulator. We build four configurations: For random strategy,
we randomly sample t from all timesteps; For small thresh-
old strategy, we use HQS with a small ξ to obtain S with a
large number of t; For large threshold strategy, we use HQS
with a large ξ to obtain S with a small number of t; For
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Figure 6. The visual comparison between SDD and diffusion-
based image manipulations. α ranges from zero to one and rep-
resents the noise level. SDEdit and DDIB fail to manipulate the
semantics at a noise level of 0.7, while SDD successfully manipu-
lates the semantics with less distortion.

Domains FID CLIP Similarity
Face 16.542 0.2250

StyleCLIP Car 52.356 0.2652
Cat 42.737 0.2582
Face 6.066 0.2337

SDD Car 52.356 0.2621
Cat 39.354 0.2948

Table 2. Quantitative comparison between SDD and StyleCLIP.

Input

StyleCLIP
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Figure 7. Comparison of SDD and StyleCLIP in pose manipu-
lation. Text prompt: “side view”. The results demonstrate that the
diffusion model provides superior semantic guidance, enabling a
broader range of manipulations.

largest HQS strategy, we only sample t with the largest HQS
value. We keep other configurations the same and compare
them qualitatively and quantitatively.

The qualitative result in Fig. 8 shows that the proposed
HQS-based step selection significantly overperforms other
baseline methods. Random strategy always seems to have
little modification to the original image. We attribute this
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Figure 8. Visual result of Ablation Study. The average HQS score
of timesteps used for training increases from left to right and so
does the accuracy of manipulation.

to its redundant timestep selection. The result of the largest
HQS strategy in the most desirable and intensive modifica-
tion, proving that our HQS helps us find the most useful
step. Furthermore, by combining the results from the small
threshold, large threshold, and largest HQS, we can observe
that under the same number of training iterations, the av-
erage HQS score of the t they sampled increased in order,
leading to a sequential improvement of the manipulation
effect. Therefore, it is proved that HQS can select the t with
the maximum contribution to the semantic manipulation.
The quantitative result in Table 3 also demonstrates that the
largest HQS strategy performs the best. The increase in FID
is caused by the manipulation effect, as shown in Fig. 8.
Meanwhile, we still preserve image quality, as evidenced by
our very low FID.

FID CLIP Similarity
Random 3.288 0.2146

Small threshold 3.819 0.2155
Large threshold 5.927 0.2168

Largest HQS 9.154 0.2190

Table 3. The quantitative ablation for HQS-based timestep selection
strategy. The FID increase because the manipulation effect increase,
as shown in Fig. 8

6. Conclusion
In this paper, we present a novel image manipulation

method called Selective Distillation Diffusion (SDD). This
paradigm avoids the Editability & Fidelity trade-off by distill-
ing the diffusion model’s knowledge to a lightweight image
manipulator. To distillate correct semantic information, we
carefully design the Hybrid Quality Score (HQS) to help us
select the helpful timesteps. We evaluate our method SDD on
a variety of image manipulation tasks and achieve promising
results.
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