


style cues to encourage disentangled control at inference.
Extensive evaluationWe evaluate our model thoroughly
by comparing to conditional generation models and style cudount 1

transfer methods and show that PARASOL outperforms the = testyeor |
state-of-the-art in various metrics and user studies. Mona Lisa

2. Related Work

Style transfer and representation. Neural style transfer  “aroadeading |
(NST) has classically relied upon aligning statistical fea- moumamne win
tures [19, 28] extracted from pretrained models (e.g. VGG ;"hzusnt;fe'gfkg;”ﬁ
[12]) in the output image with those of an exemplar style painting

image. More recently, style feature representations are asove o sea &
learned via self-attention [3%4,1]. PAMA [29] further im- offeg™ & ‘
prove upon this through progressive multi-stage alignment  |nput Stable Diffusion Input PARASOL

of features, improving consistency of style across the styl-

ized image. ContraAST [5] introduce contrastive losses Figure 2. Comparison to Stable Diffusion [35]. Stable Diffu-
and domain-level adversarial losses to improve similarity of Sion encounters dif culty in disentangling content and style as
stylized images to real style images. CAST [55] re ne this Well as transfering the particular requested style, while PARA-
by including ground truth style images into the contrastive SOL adeptly combines ne-grained details of both into its output.
objective. InST [56] leverage inversion in diffusion mod- given a subset [2%3,48].

els for transferring a new style. NST methods aim to alter ~ GAN-based methods follow different conditioning
texture while retaining exact content of an image, hindering strategies. TediGAN [50] relies on a pretrained uncondi-
creativity and controllability in image generation. In this tional generator, IC-GAN [4] is based on a conditional GAN

work, we aim at bridging this gap. . that leverages search for synthesizing new images. PoE-
Cross-modal/Style search Early cross-modal retrieval ~ GAN [20] uses a product of experts GAN to combine sev-
work focused on canonical correlation analysis [22]. eral modalities (sketch, semantic map, text) into an image.

Deep metric learning approaches typically explore dual en-  Make-A-Scene [11] and CoGS§] leverage the bene-
coders uni ed via recurrent or convolutional layers com-  ts of transformers and learned codebooks for incorporating
bined with metric learning over joint embeddings. Re- muyltimodal conditioning. They both encode each modal-
cently transformers are popular in such frameworks, includ- jty independently into discretized embeddings that are mod-
ing BERT [22] and derivatives for language and ViT [9] elled jointly by the transformer.
based image representations. Vision-language models (€.9. More recently, several multi-modal diffusion-based im-
CLIP [32]) have been shown effective for search and condi- age generation methods have been proposed. DiffuselT [26]
tional synthesis. _ and CDCD [58] combine the different modalities by tun-
In terms of style, earlier style transfer work [10] explore jng speci ¢ losses. Others make use of multimodal em-
representation learning of artistic style in the context of ne beddings, such as CLIP [32] for combining text and image-
art, learning 10 styles to generalize a style transfer modelpased inputs [18] or even retrieve auxiliary similar images
to more than a single style. [6] leverage a labelled triplet 1q fyurther condition the network [336, 42]. eDif [2]
loss to learn a metric style repre_sgntation over a su_bset ofyses speci ¢ single-modality encoders and incorporates all
the BAM dataset [46], but are limited by the 7 available empeddings through cross-attention at multiple resolutions.
style labels in BAM. ALADIN [37] rst explored & ne-  cControlNet [53] and MCM [16] explore the integration of
grained style representation learning through multi-layer ey input modalities as extra conditioning signals by lever-

AdalN [19] feature extraction, trained over their newly in- 4ging the frozen Stable Diffusion model [35]. In contrast,
troduced BAM-FG dataset. This was evolved in StyleBabel e train our latent diffusion with explicit governing loss for

[38] by replacing the architecture with a vision transformer each input modality (i.e. content and style).
[9], which we use in our work.
Multi-modal conditional image generation. Due to 3. Methodology

the outstanding quality of recent image generation meth- _ ) .
ods, conditional image generation is currently becoming a VW& Propose PARASOL; a method to creatively synthesize

focus of attention in research. These aim to achieve a mor’€W images with disentangled parametric control over the
controllable synthesis. Most conditional methods consider N€-grained visual style and content. 'The main design
a single input modality (e.gext [14,30,34,35,39], bound-  choices making that possible are as follows:

ing box layouts [4445,57], scene graphs [21l]) andafew ¢ By incorporating aparametric style encoderin our
accept multi-modal conditions. VAEs [23] have often been  pipeline, our model is able to incorporate a mane-
used for this task, since they allow learning a joint distribu-  grained stylgo the generated image.

tion over several modalities while enabling joint inference ¢ An inverse diffusion stepis incorporated at sampling






Method SIFID# LPIPS# ALADIN-MSE# CLIP-MSE# Chamfer# ' gslgy

PARASOL -(I, L, M, Ft, A)  3.077 0.749 4.312 15.428 0.127
PARASOL (I, L, M, Ft) 7.759 0.813 5.540 17.457 1.184
PARASOL -(I, L, M) 6.883 0.777 4.356 15.887 0.788
PARASOL (I, L) 4.269 0.748 3.573 14.740 0.174
PARASOL -() 4.329 0.747 3.564 14.714 0.155
PARASOL 2.994 0.525 4.054 15.12 1.847
PARASOL+ 2.293 0.679 3.891 14.999 0.340

Table 3. Quantitative evaluation metrics for different ablations [fo“‘ﬂ] ‘
of our nal model. Considering pre-trained RDM as the base- !
line, this study justi es: 1) The use of a parametric style encoder -
(A); 2) The need to ne-tune the model (Ft); 3) The addition of :
a projector network for the style embedding (M); 4) The effect of

modality-speci ¢ losses (L); 5) The design choice of inverting the

diffusion process (l); 6) The use of the optional post-processing
step (PARASOL+). Figure 8. Effect ofjs andgy . Top: as the value ofs increases, so

does the in uence of the styldottom: gy is increased, offering a
more notable semantic in uence from the content cue.

Content:
“A smiling star’

Content:
“A cat drinking
tea in outer
space”

Style:
“Futuristic
style”

Style:
“Ink style”

Figure 9. Images generated from text prompts for both modalities.
PARASOL accepts both visual and textual inputs for better trans-

Figure 6. Effect of the multimodal loss. Adding the multimodal ferring the user's intent.

E;Sher%%%l;ﬁgev:htgr? {Egﬁ‘zégceietttg:scggtngfmle 'Siformaﬂor gom The style cue can also be provided in textual format. The
y P y disentangied. prompt can be encoded using CLIP and projected to a joint
space through a pre-trained projector network [38]. By in-
dexing all images in the “Style Databas8"through AL-
ADIN and projecting them to the joint feature space, a sim-
ilar style image can be retrieved and used as irgpot the
sampling pipeline (Fig. 9).

C) Content Diversity with Consistent Semantics Al-
though PARASOL offers the option of preserving the ne-
grained content details i, it can also be used for synthe-
sizing images with consistent semantics and style yet di-

Figure 7. Effect of. Higher  values lead to more content preser- Verse details and image layouts (Fid)). Following a sim-
vation, while lower values further encourage style transfer. ilar procedure to that in Sectioh4 (B), an image can rst
be generated from and used to guide the inversion process
A) Disentangled Style and Content We propose differ-  for transferring the semantics gfwith new ne-grained
ent ways of controlling the in uence of each input modality. content details.
Via inversion: enables choosing at which step of the
inversion process the style condition is changed (F)g. 4.5. Applications

Via classi er-free guidance parametersthe valuesys :
andgy (Eq. 1) determine how much weight each condition A) Content and Styl_e Interpol_anon_ PARASOL can syn-
thesize images by interpolating different styles and/or con-

has in the image generation process. (B)g. tents, unlocking the potential of generating a wider range of

ing the multimodal properties of CLIP, content cues can Pacity, a crowd-source AMT evaluation is performed (Tab.
be provided as either captions or images at sampling time.). positioning PARASOL as the preferred method by users
When a textual prompt is provided, our diffusion model is in terms of both content and style interpolation.

used for generating an image conditioned on its CLIP de- B) Generative Visual Search PARASOL can be applied
scriptor and an empty style descriptor. Considering this for the task of Generative Search, where search results are
generated image 3s the sampling procedure continues as not constrained to a static corpus but fused with generation
in Section3.5. to yield images that more closely match a user's search in-
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