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ABSTRACT

We propose ObjMST, an object-focused multimodal style transfer framework that provides separate
style supervision for salient objects and surrounding elements while addressing alignment issues in
multimodal representation learning. Existing image-text multimodal style transfer methods face the
following challenges: (1) generating non-aligned and inconsistent multimodal style representations;
and (2) content mismatch, where identical style patterns are applied to both salient objects and
their surrounding elements. Our approach mitigates these issues by: (1) introducing a Style-Specific
Masked Directional CLIP Loss, which ensures consistent and aligned style representations for both
salient objects and their surroundings; and (2) incorporating a salient-to-key mapping mechanism for
stylizing salient objects, followed by image harmonization to seamlessly blend the stylized objects
with their environment. We validate the effectiveness of ObjMST through experiments, using both
quantitative metrics and qualitative visual evaluations of the stylized outputs. Our code is available at:
https://anonymous.4open.science/t/ObjMST-4DCO.

1. Introduction

Classical Image-guided Image Style Transfer (IIST)
methods primarily rely on a style image to supervise the
stylization process [1, 11, 10, 6]. In contrast, multimodal
learning [12] integrates additional modalities, such as textual
descriptions [16, 15] or audio cues [7] to guide or augment
the stylization [10, 6]. There also exist uni-modal (image or
text) [11, 10, 6] and multimodal (image and text) [19] guided
methods for IST.

IIST methods that rely solely on image data are limited in
practical use when style images are unavailable [10] or when
unique styles are lacking [19]. Consequently, there has been
a shift towards Text-Guided Image Style Transfer (TIST)
methods [10, 6, 15]. However, TIST approaches often in-
troduce textual artifacts [10] due to challenges in achieving
effective style alignment and content preservation [10, 6].

In arecent study, Wang et al. [19] proposed a novel cross-
modal GAN inversion-based style generation mechanism.
This mechanism is guided by both style text and style image,
ensuring consistency across modalities.

We observed that MMIST [19] encounters difficulties
in preserving semantics in the style transfer. For instance,
Fig. 1, top row (a-d) shows that MMIST [19] fails to cap-
ture color and texture tones corresponding to the style-
text description "Copper plate engraving". This limitation is
primarily due to the difficulty in aligning text and image [21]
features within the shared CLIP (Contrastive Language-
Image Pre-training) [16] embedding space.
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Table 1

The table compares Image Style Transfer (IST) methods. 'Single’
in columns one and three indicates a single text condition, while
"double’ in column two refers to double text conditions for foreground
(fg) and background (bg) objects.

Text-Based IST | Text-Based IST | Multimodal IST
(Single) (Double) (Single)

CS [10] / X X
SemCS [6] v i X
LDAST [2] v X X
MMIST [19] N X v
ObjMST

(Oirs) v v v

Another issue in MMIST [19] is content mismatch,
where a similar style is applied to semantically different
objects, resulting in unintended spill-over. For example,
Fig. 1 (e-f) shows that the texture or patterns from the
style features spill over into regions such as the background
or other objects, producing a visually incoherent result in
MMIST [19]. SemCS [6] and CLVA [2] were also observed
to be suffering from content mismatch (Fig. 1).

We address the issue of misalignment in style transfer
by introducing ObjMST, the first object-focused multimodal
style transfer framework. The main challenge lies in per-
forming StyleGAN inversion, guided by directional CLIP
loss, to generate intermediate style representations. These
representations are then used in image-based style transfer
to produce the final output. Our analysis of the intermedi-
ate style representations (Table 2 and Fig. 7) demonstrates
improved visual quality when both salient objects and their
surrounding elements are considered. To further enhance
the representations of salient objects, we mask out arbitrary
content features from the multimodal style input during the
StyleGAN inversion process. This ensures the preservation
of essential style elements in the intermediate stages. This
entire process leads to the development of the "masked"
directional CLIP loss, which ensures consistent and aligned
generation of intermediate style representations.
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Figure 1: The comparative stylized outputs are presented as follows: (i) Top Row, Left Side: MMIST (Single); (ii) Top Row, Right Side:
TIST (Double); and (iii) Bottom Row: TIST (Single). Columns (a, e, j) represent the content images, while columns (b, f, i) show the
multimodal style inputs. In MMIST [19] (column c), misalignment is evident as the texture and color of the copper plate features are
inconsistent compared to Ours-ObjMST (column d). In TIST (Double), SemCS [6] (column g) introduces undesired distortions, whereas
ObjMST (column h) correctly applies the "Starry Night" style features to the background (sky) and ice features to the foreground. In TIST
(Single), ObjMST (column o) effectively preserves the content features while accurately applying the desired style.

ObjMST resolves the content mismatch between salient
objects and surrounding elements by employing salient-to-
key feature matching [23]. The alignment of each salient
object’s content features with stable key positions of style
features (S2K) facilitates semantically preserved stylization,
focusing exclusively on the salient object within the image.
For example, in Fig. 1-(h), ice features are applied solely to
the building.

ObjMST generates distinct style representations for salient
objects and surrounding elements using cross-model GAN
inversion, assisted by masked directional CLIP loss for the
foreground (fg) and background (bg) objects. Separating
the style representation generation for f g and bg is essential
to minimizing content mismatches. To ensure consistency
in the final output, self-supervised image harmonization is
employed [5]. Our major contributions are as follows:

e We propose the ObjMST framework, which provides sep-
arate style supervision for salient objects and surrounding
elements, while addressing alignment issues in multi-
modal representation learning (Fig. 6 and Fig. 5).

e The ObjMST framework maps salient content features to
stable style key features (S2K) to preserve the semantic
structure of content features (Fig. 3 and Table 3).

e We validate experimental results rigorously using Con-
trique [13], NIMA [18] scores, and user studies (Table 3).

2. Related Work

Arbitrary Style Transfer. Arbitrary style transfer (AST)
methods [1, 20, 11] have gained attention for their effective-
ness in transferring arbitrary styles. Local feature distribu-
tion methods often employ attention-based feature matching
[20, 11]. Adaattn [11] introduced dense correspondence via
all-to-all attention [11] but it faced challenges with distorted
patterns and unstable matching. The All-to-Key attention
mechanism [23] addresses these issues by identifying stable
style keys through distribution and progressive attention.

Multimodality-Guided Image Style Transfer. Text-guided

style transfer [10, 6, 2, 19] has gained attraction by elimi-
nating the need for a style image. However, methods such
as CLIPStyler (CS) [10] and CLVA [2] encounter issues
with spatial misalignment and overstylization [6]. SemCS
[6] addresses these problems through controllable transfer
using global foreground and background loss, while MMIST
[19], the first multimodal style transfer method, also suffers
from misalignment.

CLIP and StyleGAN. CLIP plays a significant role in
multimodal contexts, bridging the gap between visual and
textual information. StyleCLIP [15] introduced global CLIP
loss to minimize cosine distance between the generated
image and target text, while StyleGAN-Nada [3] employed
local directional loss for better diversity. Images are either
encoded or inverted into latent space for editing via latent
vector manipulation [14]. Recent models use CLIP [16]
embeddings to guide text-based editing [3, 10, 15].

3. Methodology

We illustrate Object-focused Multimodal Style-transfer
framework (ObjMST) in Fig. 2. It comprises of two steps:
generating style representations and performing object-
focused style transfer. Both steps require the segmentation
mask of the content image as described in the below sub-
sections. We consider the Segment Anything method [9] to
obtain the segmentation mask of the content image.

3.1. Generation of Style Representations

We generate two distinct style representations for the
foreground (fg) and background (bg), referred to as the
salient and surrounding style representations.
Salient-Style Representations. We propose style-specific
"masked" directional CLIP loss to synthesize consistent
salient-style representations Sy, as shown in Fig. 2. First,
we pass foreground-input style text-image pairs (7" Sre0 I ng)
to cross-modal GAN inversion. Next, the latent vector w I is
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Figure 2: The figure illustrates the proposed ObjMST framework. Given the segmentation mask (M) of the content image (1), we compute

the masked content image (I,,). In Step 1, we compute the optimal foreground and background latent vector w*g

and w*];g to obtain the

salient and surrounding style representations S, and S,,. This is achieved by passing multimodal input of foreground-input style text-image
pair (TngvIng) and background-input style text-image pair (TSbg'ISbg) to cross-modal GAN Inversion, which is trained using the proposed

masked directional Style CLIP Loss (L,). In Step 2, the foreground stylized output (I’CS) is generated by mapping salient content features

(FL) to stable style key features (Féf ) through (Mg, ) mapper. Finally, surrounding-style (S,) representation is applied to the background
&

through image harmonization to generate stylized output /.

passed to StyleGAN3 [8] generator G with random initializa-
tion to obtain Sy, = G(w,). Subsequently, the foreground-
input style image (I ng) and salient-style representations
(S ) undergo cropping and augmentation to produce patch-
level representations I § \ and Sj,g, respectively, where j and

k denote the indices of the number of patches (N,,,).

The directional CLIP loss used in MMIST [19] generates
imprecise style representations due to the misalignment be-
tween input image and text style features in the shared
CLIP embedding space. To address this issue, we introduce
a masked directional CLIP loss, which excludes irrelevant
content features from CLIP space.

The first part of the proposed loss function involves comput-
ing the average cosine similarity between CLIP embedding
directions of the patched image-image pair, specifically the
foreground-input style image, (I §/-g) and salient-style rep-

resentations, (S}g). The computation of foreground-input
CLIP embedding direction (AT ’;g) explicitly masks out the
arbitrary content features (I © M) from I "g as described

f
in the equation below:
Alf, = E,(Igifg) - E;(Ic © M) ¢))

Here, E; denotes the image encoder. Similarly, salient-
style CLIP embedding direction (AS}g) removes arbitrary
content features from the salient-style representations as

shown below: )
ASY, = E(S7,)— E/(Ic © Mc) 2)

The second part of the proposed loss function involves com-
puting average cosine similarity between CLIP embedding
directions of image-text pair, specifically foreground-input
style text, (Tng) and the patched salient-style representa-

tion (S;g). The CLIP embedding direction of foreground-
input style text AT, is defined as the difference between
foreground-input style text embeddings Tsfg and source text
embeddings (T¢) i.e AT;, = ET(Tng) — E;(T¢). Here,
T represents the style text for any natural image and is
set to "a photo" [10], while E; denotes text encoder. The
masked directional CLIP loss is defined as the averaged
cosine similarity for each pair of CLIP embedding directions
(image-text and image-image) as follows:

NC]T) '1 .
Lo [, AS} - ATy,
fg = U E——
Neop | 11687 AT, 3
Ncrop Ncrop ( )

AS. . ATK
1 % fg fg

1— —J° 7
3 -
Ncrop j=1 k=1 ”AS}g””AI];g”

Here, 4 is the tunable parameter. We minimize the L,
to find the optimal foreground latent vector (w?* ), where
w;g = argmin, L ;.. Finally, we pass the foreground op-
timal vector (w;g) to the generator G to obtain the salient-

style representations, i.e., .S g = G(w;g).
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Surrounding-Style Representations. Similarly to salient-
style representations, we determine the optimal background
latent vector (wzg) to generate surrounding-style representa-
tions Sy,. To achieve this, the background-input style text-
image pair (stg, I Sbg) is used as input. As illustrated in
Fig. 2, we subtract the Hadamard product of another ran-
domly chosen content image 1 /C and its segmentation mask
M'C from the patched background-input and surrounding-

. k J .
style representations (1 She and Sbg) to compute their corre-

sponding CLIP embedding directions (A7 ;‘g and ASlig). To
ensure that these representations are not biased by features of
a specific arbitrary content image, another arbitrary content
image I/C and its segmentation mask M,c are chosen. Thus,
the background-input CLIP embedding direction (AT Ii‘g) is
formulated as follows:

All’;g = E,(ngg) -E;(I.0 M) 4)

Similarly, surrounding-style CLIP embedding direction (ASl{g)

is defined below:
ASl’)g =E1(Slj,g)_E1(Ic®Mc) 5)

The background (wzg) latent vector for surrounding-style

representations is optimized by minimizing Ly,, i.e. w, =

bg
argmin,,L;,, where L, is defined as follows:

crop j=1 k=1

cop 1=t | IAS) AT, ©
L] NZPNZP . AS] - AIf
NG 1as) AL

Finally, the surrounding-style representation .S, is obtained
by passing the optimal background vector to Stylegan3 [8]
generator G, i.e., S;, = G(wz ). Incorporating the masked
component in the computation of CLIP embedding direction
ensures meaningful alignment between the generated style
representations and multimodal inputs.

3.2. Object Stylization

The bottom part of Fig. 2 illustrates the object-focused
style transfer step. The goal is to use salient-style represen-
tations S, to stylize the salient object of the content image
I and use surrounding-style representations .Sy, to stylize
the background part of the content image /- .
Salient Object Stylization. We extract content features (F-)
from the masked content image (I;; = I © M) and
style features (Fg, ) from salient-style representations S,
(obtained in Sec. 3.1). To obtain the multi-scale content
F é and style features F g at different layers / such as

g
Relu{3_1,4_1, 5_'1 }, we pass I, and patched salient-style
representations S}g through a pretrained VGGI19 [17] en-
coder (Enc) with fixed parameters. Here, F € RC*Hi*W,

where C;, H; and W, are the number of channels, height and
width of image at different layers /. The feature extraction of
Fland F éf is described below:

4

FL = Enc(I¢ ©@ M), Fé,f

- J
.= Enc(ng) @)
Motivated by attention-based arbitrary style transfer meth-
ods [11, 23], we employ all-to-key [23] mapping on salient
objects features to perform Salient-To-Key (S2K) feature
mapping. This introduces Salient-To-Key feature mapper
M ¢, to generate transformed multi-scale features of fore-
round stylized object F._ as: FL. = M FL FL ).
g y ject Frg Cs sak(Feo Fg )
M g, module maps salient-style features (F f?f ) with fea-
g
tures of content image (Fé) while preserving content in-

tegrity through distributive and progressive attention [23].
. . . ! .
Finally, the salient stylized output I ., is reconstructed from

multi-scale transferred feature of stylized output{ F é g1 by
passing them through a decoder (Dec). We adopted the
decoder (Dec) from AdaAttn [11], and is described as I cs =

Dec({F/ ¢ }).

Surrounding Element Stylization. To stylize the back-

ground of content image, we realistically blend the surrounding-

style representations {Sl{g} with the foreground stylized

output (1 /C §)- We utilized the self-supervised Harmonization
framework (SSH [5]), which is trained on arbitrary unedited
content images. In this way, we obtain the final stylized
output /g, where distinct style features applied separately
to foreground and background.

4. Experimental Results

We evaluate our method across three tasks: 1) single-
condition stylization through text; 2) single condition styl-
ization through multimodal input on salient objects; 3) and
double-condition stylization using text input for both salient
and surrounding elements !

4.1. Text-Based IST (Single)

Qualitative Analysis. As shown in Fig. 3, CS [10] dis-
torts the original content and compromises the structure of
stylized output, while SemCS [6] improves some outputs
but still over-stylizes. CLVA [2] poorly matches styles to
text, often producing the same color. MMIST [19] applies
styles across the entire image, neglecting salient content. In
contrast, our method accurately stylizes only the foreground,
preserving content without affecting the background.

Fig. 4 illustrates content mismatch in the MMIST [19],
CLVA [2], SemCS [6], and CS [6] methods, where style
features undesirably affect the ground and sky in both the
examples. In contrast, ObjMST confines style application to
objects such as car and building, ensuring better semantic
coherence.

Style Representations Quantitative Evaluation. We eval-
uate generated style representations .S, consisting of both

Extended results are provided in the supplementary material.
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Figure 3: Text-based IST (Single). ObjMST (g) better preserves the facial structure and harmoniously integrates text and visual style
cues, particularly in terms of texture and color consistency, compared to the baseline methods (c-f).

b) Content

a) Style Text Image

c) CS [10]

Fire

A graffiti style
painting

d) SemCS [6]

e) CLVA [2] f) MMIST [19] g) Ours

oy

Figure 4: Content Mismatch. This figure illustrates content mismatch issues in style transfer methods, such as fire appearing on the
car (first row) and graffiti style features on the building (second row). It can be observed that ObjMST (Ours) effectively minimizes these

mismatches, producing more coherent stylized outputs.

Table 2

Style Representations Evaluation. Ty, Iy, and S represent the
input style text, image, and generated style representations. Each
of these has corresponding foreground (fg) and background bg
equivalents, i.e. Tsszfgand stg, IS=Ingand ISbg and S:ngand
S+ Here, <> refers to cosine similarity. The average Clipscore [4]
between generated style representations and image-text pair is
higher, while the LPIPS [22] is lower with ObjMST.

Clipscore? [4] [22]
Method <T5. 55 | <I5.S> | Average LPIPS|
MMIST [19] 0.76 0.48 0.46 0.31
Ours 0.88 0.56 0.51 0.26

salient and surrounding (Sy, and S,,) style representa-
tions using Clipscore [4] and LPIPS [22] score. A higher
Clipscore [4], indicates better alignment of salient and sur-
rounding style representations (S, and S,,) with respect
to multimodal input style text-image pairs ({Tsfg, 1 ng}
and {stg v She }, respectively). This improved alignment oc-
curs because the proposed loss function excludes irrelevant
content features from CLIP embedding directions during
the generation process. Consequently, the style represen-
tations are closely aligned with the style text (column 2)
and style image (column 3) of Table 2. Similarly, a lower
LPIPS [22] score indicates better perceptual quality of gen-
erated style representations. We use foreground-input (I, ng)

and background-input (I Sbg) style image as reference image
for computing LPIPS score on salient and surrounding style
representations.

Stylized Outputs Quantitative Evaluation. We evaluated
stylized outputs using both Full-Reference (FR) based -
clipscore [4], LPIPS [22], Contrique-FR [13] and Non-
Reference(NR) based - Nima [18] and Contrique (NR) [13]
metrics. For FR metrics, the input style image serves as the
reference image for contrique-FR and LPIPS, while the input
style text is considered as the reference text for clipscore [4]
across all baseline methods. ObjMST outperforms baseline
methods (See Table 3); demonstrating superior visual qual-
ity, measured by NIMA [18]); enhanced perceptual quality,
evaluated by LPIPS [22], Contrique [13]) in both FR and
NR evaluations; and better alignment of style text with the
stylized outputs, measured by clipscore [4]. Additionally, we
conducted a user study to support this evaluation.

User Study. We applied 20 multimodal styles to 30 dis-
tinct content images, generating 600 stylized images per
method. One hundred participants evaluated the images in
a user study, voting for those that demonstrated the best
style consistency and content preservation, particularly in
the foreground of the content image. Table 3 presents the
percentage of votes, highlighting the superior performance
of the proposed ObjMST.
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water
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SemCS [6]
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Figure 5: Text-based IST (double). Distinct text style features are applied to the foreground (F) and the background (B). In SemCS [17],
the absence of a clear boundary between salient objects and surrounding elements results in subpar quality of stylized outputs. In contrast, our
method produces outputs with a distinct separation between foreground and background style features. Furthermore, our method provides

a superior representation of style features compared to SemCS [6].

Table 3

Stylized Outputs Evaluation, TIST (Single). The table shows
that quantitative scores (Nima [18], Contrique [13] (FR, NR)),
Clipscore [4] and LPIPS [22] obtained with our method (ObjMST)
outperform those of the baseline methods.

(&) SemCS LDAST MMIST
Scores Ours

[10] 6] [2] [19]
Nimaf [18] 505 481 4.90 475 5.14
Contrique

2 24 . 2 .32
(FR)1 [13] 0.28 0 0.30 0.29 0.3
Contrique 3336 20.88  43.36 4756  48.14
(NR)1 [13]
Clipscoret [4] 0.38 0.40 0.41 0.42 0.46
LPIPS| 227 045 0.37 0.35 040  0.32
User Study? 18.98 14.92 14.15 23.89 28.06

4.2. Text-Based IST (Double)

Fig. 5 demonstrates that our method consistently ap-
plies distinct style representations to the foreground and
background based on the provided style text, avoiding the
entanglement of salient and surrounding elements, unlike
SemCS [6]. For instance, in column 1, our approach applies
copper plate style features to the salient object and "un-
derwater" features to the surrounding elements. In contrast,
SemCS [6] fails to maintain a clear boundary, incorrectly
stylizing foreground and background.

4.3. Multimodal IST (Single)

As shown in Fig. 6, MMIST (third row) distributes the
style over the entire image, affecting both the foreground
and background elements. In contrast, ObjMST (fourth row)
selectively applies the style only to the object, leaving
the surrounding areas unaffected. Unlike MMIST [19],
which applies style uniformly using the All-to-All attention
mechanism, ObjMST employs Salient-to-Key (S2K) atten-
tion mechanism to apply style only to salient objects(only
Puppy’s face and body).

Styl The Great A Baroque
Ttye Wave off Impressionism aintir? Lisa Frank
ext Kanagawa. P &

Style

Image

Figure 6: Multimodal IST (single). MMIST (third row) applies
style to the entire image, while ObjMST (fourth row) applies it only
to the object.

4.4. Ablation Studies

w/o
proposed
Loss
(0.52)
with

Loss

(0.76)

Figure 7: Ablation Study | Style representations (columns i-vi)
generated with Masked Directional CLIP loss consistently align with
the text "lce." Misalignment occurs (columns iii) and iv) without
this loss, resulting in a lower CLIP score (0.52).

Ablation Study I. This study examines multimodal style
representations with (bottom row) and without (top row)
proposed loss as shown in columns (i-vi) of Fig. 7. MMIST[19]
fails to capture "Ice" features (columns iii and iv), whereas
our method (bottom row) consistently aligns style features
with "Ice." This is because the proposed loss eliminates the
noisy features. A higher Clipscore [4] with the proposed loss
function validates the consistency and alignment of the style
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Figure 8: Ablation Study Il. This study examines the effects of
Salient-to-Key (S2K) mapping and All-to-All Key (A2K) mapping
using the style input "A money style painting.

representations with multimodal input.

Ablation Study II. Fig. 8 demonstrates that All-to-All Key
(A2K) (top row) blurs the facial features on stylization,
while Salient-to-Key (S2K) applies the style features without
blurring the facial features and expressions. This difference
arises due to the mapping from content to stylized outputs.

5. Conclusion

In this work, we introduced ObjMST, an object-focused
multimodal style transfer framework that addresses mis-
alignment and content mismatch issues using a masked
directional CLIP loss, Salient-To-Key (S2K) attention mech-
anism for stylizing salient objects, and image harmonization
seamlessly blending the stylized objects with their surround-
ings. Our results demonstrate the framework’s effectiveness
in multimodal IST and text-based IST under both single
and double-text conditions. As future work, we propose
exploring multimodal IST for images with multiple objects,
each stylized with distinct and unique representations.
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