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Figure 7: Visual examples from contrastive self guidance,
demonstrating larger variations in created styles.

type of object tends to bias towards its natural appearance,
like the black and white husky. In comparison, self guided
samples are similar in text-to-image similarity like render-
ing the happy expressions faithfully and there are vibrant
and diverse styles. It also shows robustness to different ob-
ject types and base styles as defined in text inputs. As shown
in the last example, applying synonymous self guidance to
a mixed set of objects may create brand new styles, like the
same round patterns appearing as apples, clouds or feathers
depending on object type. The examples of contrastive style
guidance are included in Fig. 7, where an additional con-
straint on content is also applied to focus on the increased
variance in style. Lastly, Fig. 6 shows that self style guid-
ance is also applicable to other models like Disco Diffu-
sion [4], generating realistic high resolution (512 448,
resized to 256 224 due to file size limit) images from a
mixed set of text inputs, sharing the same created style.

Using the same test set as in supervised style guidance,
we have compared self style guided sampling with unguided
ones in terms of text-image similarity and style diversity.
For text-image similarity, the average CLIP scores are close
to each other at 34.56, 34.12 and 33.56 for unguided, con-
trastive self guidance and synonymous self guidance re-
spectively. Beside, for synonymous guidance, the average
style loss within each generated batch is only 0.27, making
it a great tool to generate a set of images with almost identi-
cal styles. For style diversity, as visualized using t-SNE [55]
in Fig. 8, compared to unguided sampling, contrastive self
guidance is able to increase variations in styles but still has
dense distribution in some regions. In comparison, synony-
mous self guidance have a near uniform distribution over a
large range, demonstrating that the proposed mixed style
reference helps the generation model sample from styles
which are not commonly seen in the training dataset.

A beautiful painting of a
quartz crystal in a serene
landscape; Rustic interior
of an alchemy shop; A beau-
tiful painting of a map of
the city of Atlantis; Ancient
Chinese village

+ Contrastive Self
Guidance

Unguided

Synonymous Self
Guidance

Figure 8: Style diversity comparison between unguided
sampling and self style guided 1200 samples each from
”an oil painting of a husky”, plotted in compressed 2-
dimensional space using t-SNE [55].

5. Conclusions

In this paper, we present a simple and effective style
guidance method which helps diffusion-based text-to-image
generation models to generate image of desirable artistic
styles. It is applied to inference only, without the need to
change other aspects of diffusion models. Key innovations
like applying guidance correction to the "noise-free” z§ in-
stead of noisy xz; and adaptive guidance scale and style fea-
ture weights are proposed to optimize the effectiveness of
style guidance. For supervised style guidance, it is able
to generate images using the style characteristics of a ref-
erence image in one step, achieving lower style loss than
using additional neural style transfer after unguided sam-
pling. For self style guidance without a reference, it not
only generates realistic images with high text-image sim-
ilarity, but also creates more diverse styles than unguided
sampling. For synonymous self guidance, it generates mul-
tiple images sampled from a set of text inputs in one pro-
cess, created with a shared style. For contrastive self guid-
ance, it increases style diversity in samples generated from
the same text input. The proposed method is validated using
a comprehensive set of text inputs, reference styles, guid-
ance options and diffusion models.

The 2015 AdalN [20] work is used as the main base-
line because more recent works focus on model innovation
which is not applicable to our method without model change
and additional training. For applicable style features, they
mostly adopt the ones used in AdalN with minor variations.
An interesting direction for future development is applying
more advanced style features like context-aware ones [27].
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