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Figure 1. We propose the first training-free approach to allow disentangled conditioning of text-to-image diffusion models on color and
style attributes from reference images.

Abstract

We consider the problem of independently, in a disentan-001
gled fashion, controlling the outputs of text-to-image dif-002
fusion models with color and style attributes of a user-003
supplied reference image. We present the first training-free,004
test-time-only method to disentangle and condition text-to-005
image models on color and style attributes from reference006
image. To realize this, we propose two key innovations. Our007
first contribution is to transform the latent codes at infer-008

ence time using feature transformations that make the co- 009
variance matrix of current generation follow that of the ref- 010
erence image, helping meaningfully transfer color. Next, we 011
observe that there exists a natural disentanglement between 012
color and style in the LAB image space, which we exploit to 013
transform the self-attention feature maps of the image being 014
generated with respect to those of the reference computed 015
from its L channel. Both these operations happen purely at 016
test time and can be done independently or merged. This re- 017
sults in a flexible method where color and style information 018
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can come from the same reference image or two different019
sources, and a new generation can seamlessly fuse them in020
either scenario (see Figure 1).021

1. Introduction022

We consider the problem of conditioning the text-to-image023
class of diffusion models [12, 25, 30, 32] on color and024
style attributes extracted from a user-provided reference im-025
age. In particular, we want to independently control out-026
puts of text-to-image models with either or both of these027
attributes, necessitating disentangled color and style con-028
ditioning. Furthermore, we seek to do so in a completely029
training-free and test-time-only fashion. This is practically030
an important problem since (a) such disentangled control031
means color and style information can now come from two032
different sources, and a new generation conditioned on them033
can be fused to produce an image with color from the first034
source and style from the second source, and (b) a test-time035
and training-free solution means one does not have to keep036
training models each time reference images change.037

While there has been much work in customizing text-038
to-image generation [1, 8, 17, 26, 35, 47] with reference039
images, most of these techniques lack explicit control over040
which attributes from the reference are to be reflected in the041
synthesized images. Further, while there have been some042
attempts at training-free customization approaches, they all043
focus on a specific aspect, e.g., appearance transfer [2]044
or style transfer [11] or ensuring subject consistency [34].045
None of these training-free methods are able to achieve dis-046
entangled attribute transfer that we seek to achieve in our047
work. Next, training-based methods such as MATTE [1]048
proposed a way to allow attribute-conditioned image syn-049
thesis but it needed (a) optimizing textual tokens that may050
take hours depending on compute and reference image, and051
(b) a separate custom loss function to achieve disentangle-052
ment between color and style. Some other training-based053
methods such as ProSpect [47], while doing multi-attribute054
conditioning, are also not able to disentangle color and style055
despite training tokens. Consequently, we ask, and answer056
affirmatively, two key questions- (a) can we achieve test-057
time-only conditioning of text-to-image models with color058
and style attributes from reference images? and (b) can we059
do (a) with disentangled control of color and style?060

We begin with a brief discussion on why recent training-061
free methods such as [2] do not achieve disentangled at-062
tribute transfer. This method proposed to capture the cus-063
tomized concept by transfering keys and values computed064
from the reference image. Given observations from prior065
work [47] the color attribute is captured during the initial066
denoising stages and style in the later steps, a natural way067
to repurpose [2] for our task is to restrict these key-value068
operations to specific timesteps depending on the attribute069

we seek to transfer. We show some results with this ap- 070
proach in Figure 2. As can be noted from these results, the 071
attribute transfers are far from desirable. This is because 072
color transfer using the key-value operations of [2] is lim- 073
ited by the quality of semantic correspondences between the 074
reference image and the current generation. On the other 075
hand, transferring style by simply limiting key-value copy 076
to the last denoising timesteps is insufficient since by then 077
features would have sufficiently entangled color and style 078
information. Consequently, it is critical to disentangle these 079
attributes in the feature space in a principled fashion to be 080
able to achieve multi-attribute transfer at test time. 081

To address the aforementioned issues, we propose the 082
first training-free method to enable disentangled control 083
over color and style attributes from a reference image when 084
generating new images. To extract and transfer the color at- 085
tribute from a reference image, we propose to modify the la- 086
tent codes during denoising using a novel correspondence- 087
aware recoloring transformation. Our key intuition is there 088
naturally exist color clusters in the reference image, and en- 089
suring regions with the dominant color populations from 090
reference correspond to regions in the image being gener- 091
ated will lead to meaningful color transfer. Given a color 092
clustering of the reference image, we realize this by picking 093
a certain denoising timestep, decoding the latent code, clus- 094
tering the image, establishing a correspondences between 095
the two sets of clusters, and performing a correspondence- 096
aware whitening and recoloring feature transformation on 097
the latent codes. At the end of the denoising process, the fi- 098
nal latent code when decoded will give a new image with 099
colors from the reference image. For instance, see first 100
row/first column in Figure 1 where the bird follows the col- 101
ors of the shirt. Next, to transfer style and disentangle it 102
from the color attribute, we propose two innovations. First, 103
we observe that there exists an inherent disentanglement be- 104
tween these two attributes in the LAB color space where the 105
L channel contains content and style information and the 106
A/B channels the color information [16]. See Fig 3 where 107
we also show this qualitatively. In each row, we take the 108
L channel from the image shown in the first column (after 109
converting the RGB image shown into LAB), the A/B chan- 110
nels from the second column, and merge them, giving the 111
result in the third column. In the first row, we see the style 112
from the first column and the colors (blue) from the second 113
column get captured in the resulting bird image. Similarly, 114
in the third row, despite the second column having certain 115
textured patterns, only the color (yellow) gets transferred to 116
the resulting image. Next, noting that style mostly gets cap- 117
tured during the later denoising steps, we propose a time- 118
step-constrained feature manipulation strategy. We do this 119
by first generating an image with the baseline model and 120
the desired prompt, and store the A/B channels. We then 121
transfer style using the L channel from the reference image 122
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Figure 2. Attribute entanglement in prior appearance transfer works [2].
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Figure 3. Attribute disentanglement in LAB space.

by aligning the self-attention key-value feature maps of the123
reference with those of the current generation, copy the A/B124
channels from the above operation and obtain the final re-125
sult. See some results with our method in Figure 1 where126
in each case, our method is able to respect both color and127
style references in the final outputs. For instance, the first128
column has a “a bird” image following the blue/yellow col-129
ors from the color reference and origami style, the second130
column has the bird in blue/yellow colors and watercolor131
style, and so on.132

To summarize, our key contributions in this work are:133

• We present the first training-free method to disentangle134
and control text-to-image diffusion models on color and135
style attributes from a reference image.136

• We propose a new time-step-constrained latent code re-137
coloring transformation that aligns the covariance matri-138
ces of a text-to-image model output with that a reference139
image, helping transfer reference colors to outputs of text-140
to-image models.141

• We notice that the L channel in the LAB space has an142
inherent separation between style and color and propose143
a new time-step-constrained self-attention key and value144
feature manipulation algorithm to transfer style from a145

reference image. 146

2. Related Work 147

With the wide adaptation of diffusion models for text-to- 148
image synthesis [21, 24, 25, 27], much recent effort has 149
been expended in controlling the outputs of these models. 150
These efforts largely focus on learning adapters [20, 31, 44, 151
46] given baseline text-to-image models, finetuning param- 152
eters of the base model[17, 26, 33, 40], learning new tokens 153
in the vocabulary of these models [1, 8, 47, 48], introducing 154
dedicated personalization encoders [9, 18, 29, 39], utilising 155
LoRA [15] to encapsulate target information [10, 19, 28, 38, 156
43, 49], and inpainting-based approaches [4, 42]. With the 157
exception of MATTE [1], none of these methods are able to 158
achieve disentangled transfer between color and style of a 159
reference image. However, MATTE [1] needs custom loss 160
functions and hours of training per reference image, which 161
is practically infeasible. 162

On the other hand, there is a new line of recent work that 163
involves training-free approaches to customization [2, 4, 5, 164
11, 34, 36, 37, 41, 45]. However, these methods focus on 165
one specific aspect (e.g., appearance transfer, style transfer, 166
or subject consistency) and are not able to provide inde- 167
pendent disentangled control over color and style attributes. 168
Similarly, the non-diffusion based conventional style trans- 169
fer methods AesPA-Net[13], StyTR2[6], and ArtFlow[3] 170
target disentanglement of content and style, while style 171
and color are not treated independently/separately in these 172
works. We address these gaps in both training-based 173
and training-free methods by proposing the first training- 174
free method to provide disentangled control for text-to- 175
image models over color and style attributes from refer- 176
ence images. Moreover, our proposed approach is not spe- 177
cific to any dataset, and can seamlessly adapt to various 178
styles/content due to the base model’s capability. 179

3. Approach 180

We start with a brief review of latent diffusion models 181
(LDMs). LDMs comprise an encoder-decoder pair and a 182
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separately trained denoising diffusion probabilistic model183
(DDPM). Leveraging an encoder E, LDMs translate an im-184
age I into a latent code z, perform iterative denoising, and185
subsequently convert the predicted latent codes back to the186
pixel space via the decoder D. The training objective of187
the DDPM ϵθ is the following: Ez∼E(I),p,ϵ∼N (0,1),t[∥ϵ −188

ϵ
(t)
θ (zt,L(p))∥] where p denotes any external conditioning189

factor e.g., a text prompt, which is typically encoded using190
text encoder L (e.g., CLIP [22], T5 [23]). At any timestep191
t of the denoising process, given the current latent code zt,192
the goal is to produce zt−1. The first step here is to pre-193

dict the noise ϵ
(t)
θ (zt,L(p)). Given zt and ϵ

(t)
θ (zt,L(p)),194

deterministic DDIM [32] sampling gives zt−1 as195

zt−1 =
√
αt−1z0 + x̂t (1)196

where z0 (denoised prediction) is predicted as z0 =197
zt−

√
1−ᾱtϵ

(t)
θ√

ᾱt
, and x̂t (direction pointing to xt) is computed198

as x̂t =
√

1− αt−1 − σ2
t ϵ

(t)
θ .199

3.1. Disentangled Color and Style Conditioning200

As discussed in Section 1, we seek to provide text-to-image201
models with disentangled control over color and style202
attributes extracted from user-supplied reference images.203
To do this, we propose a new training-free algorithm that204
facilitates any of color-only, style-only, or both color-style205
transfer from reference images. We achieve this with a two-206
branch architecture (see Figure 4), one each for color and207
style. As we discuss later, outputs from these branches can208
be used independently (for single attribute transfer) or can209
be merged seamlessly. This merging can happen with color210
and style from the same source (one reference image) or211
color from one image and style from another image (see212
Fig 1 again where we show both single-source and two-213
source results).214

Our closest training-free baselines [2, 34] inject key and215
value feature maps from self-attention blocks of the U-Net216
from the reference image. However, this only helps trans-217
fer the overall appearance/identity and cannot control color218
and style. To fix this gap, we propose two ideas. First,219
given color information from a reference image, we pro-220
pose to apply recoloring transformations on the intermedi-221
ate latent codes which when decoded can give an image222
following reference colors. Next, we notice that (a) style223
information gets captured only during the later parts of the224
denoising process and (b) style is captured in the L chan-225
nel when an image is converted from the RGB to the LAB226
space (see Section 1 and Fig 3 again). We exploit these227
two observations to propose a timestep-constrained key and228
value feature manipulation strategy in the L space where229
features during early denoising steps are retained as is from230
the baseline generation and those of later steps are carried231

over from the reference image. We next explain the details 232
of these ideas. 233

Color conditioning. Our proposed method is visually 234
summarized in the color branch in Figure 4. We first do 235
a DDIM inversion step on the reference image to obtain the 236
corresponding latent zref

t . Once the denoising process be- 237
gins given a user-specified text prompt, given a latent zt at 238
timestep t, the DDIM sampling will compute the noise pre- 239

diction ϵ
(t)
θ , followed by computing the z0 for both the ref- 240

erence image and the new generation. We then decode the 241
latent code z0 using the decoder D(.) (see Figure 5 for an 242
example where we visualize these for several intermediate 243
denoising timesteps). Given a timestep t, we first perform 244
a K-Means clustering operation on both the decoded image 245

I
(t)gen
0 and the reference image to obtain sets of K color 246

clusters Cgen and Cref respectively. Note that one can mask 247
the decoded latent with cross-attention maps to restrict the 248
object of interest in both the new generation as well as the 249
reference image. Given the cluster sets, we next establish 250
correspondences between them based on their proportion, 251
giving a set of masks Mref and Mgen for each set. The 252
idea here is that a color cluster with the largest membership 253
in the reference image indicates the dominant color that we 254
seek to transfer to the current generation. Given the masks 255
above, we achieve this by applying a mask-aware recoloring 256

transformation (RT) on the latent code z
(t)gen
0 as: 257

258

z
(t)gen
0 =

∑
mi

gen∈Mgen

mi
ref∈Mref

1≤i≤k

{(
1−mi

gen

)
z
(t)gen
0 + 259

mi
gen

[
RT
(
mi

genz
(t)gen
0 ,mi

refz
(t)ref
0

)]
(2) 260

Here, we iterate over all the K clusters and apply the 261
recoloring transform separately to regions determined by 262
masks corresponding to each cluster. In each iteration i, 263
we use the corresponding mask mi

gen to constrain the re- 264

gion where color transfer happens, and similarly mi
ref de- 265

termines the reference pixels from where the colors are 266
picked. This way, we ensure that in any iteration i, pix- 267
els outside the region of interest (determined by the mi

gen) 268
remain untouched. The recoloring transformation [14] it- 269
self is a two-step process. We first whiten the latent codes 270
to get its covariance matrix to be identity. We then apply a 271
transformation to match the covariance matrix of the latent 272
codes to match that of the reference image (z(t)ref0 ). To en- 273
sure this operation strictly transfers color only and not style, 274
we use observations from prior work [1, 47] that note color 275
is captured during the early parts of the denoising process. 276
Consequently, we restrict Eq 2 to only a subset of the initial 277
denoising timesteps tcstart > t > tcend. 278

The updated z
(t)gen
0 obtained in Equation 2 is then used 279
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Figure 4. A visual illustration of the proposed method. (a) Obtain inverted latents for the style and color reference images, (b) Sample a
new latent given a prompt (e.g., a bird above) and begin the denoising process for generating new images, (c) Perform self attention
KV injection for style transfer, and/or masked latent recoloring for color transfer during this ongoing denoising process, (d) Utilise the
intermediates obtained from style/color reference image reconstruction via style/color inverted latents respectively in step (c)

along with the predicted noise ϵtθ to compute zgent−1 (using280
Equation 1) which goes as input to the next denoising step,281
eventually generating an image which follows the color282
from the reference image. We show an example demonstrat-283

ing the progression of decoded latents I(t)gen0 across denois-284
ing timesteps in Figure 6. Here given the prompt a bird,285
one can observe that the model very initially starts forming286
some colors (green here). We transform the intermediate287
latents to manipulate these colors using the steps described288
above and obtain a blue bird following the blue cat in the289
color reference image shown in the figure.290

Style conditioning. Given that high-frequency details291
like style and texture shows up in the later denois-292
ing timesteps [1, 47], we begin by injecting key and value293
feature maps from the reference image to the current gener-294
ation for only the last few (t > tsstart) denoising timesteps.295
However, an issue with this approach is the feature maps in296
the later timesteps will have color information as well (since297
color would have been captured in the beginning), leading298
to entanglement of color and style. See the “Resulting im-299
age (style repurposed)” column in Fig 2 for results with this300
approach- clearly both style and colors are getting trans-301
ferred in this case, e.g., bird has both the watercolor style302
and the light pink colors from the “reference” image. To303
be able to disentangle style from color and allow indepen-304
dent control of the text-to-image diffusion model, our key305
insight is that there exists an inherent separation between306
style and color in the LAB space. The L channel captures307
the content and style, whereas the AB channels have color308
information (recall our discussion of Figure 3 in Section 1).309

Since diffusion models are generally trained to operate in 310
the RGB space, we take the grayscale version of the refer- 311
ence as an approximation to the L channel for all the next 312
steps below (see Fig 4 again for a visual summary). We be- 313
gin by DDIM inverting the reference to get the latent zreft . 314
Given any user-specified text prompt (e.g., a bird), for 315
each denoising timestep t < tsstart, we denoise the input 316
latent codes as in a baseline text-to-image model but once 317
we hit t > tsstart, we start injecting the self-attention key 318
K and value V feature maps from the reference reconstruc- 319
tion after converting it to grayscale and DDIM inverting it 320
as noted above. Formally, this modified self-attention fea- 321
ture map computation at any denoising timestep t and layer 322
l of the U-Net can be expressed as: 323

324

f̂ l
t = 10<=t<tsstart

softmax

(
Ql

genK
l
gen

T

√
dk

V l
gen

)
+ 325

1t>tsstart
softmax

(
Ql

genK
l
ref

T

√
dk

V l
ref

)
(3) 326

where 1 is an indicator, and Ql
gen/K

l
gen/V

l
gen and Ql

ref/ 327

Kl
ref/V

l
ref denote lth U-Net layer self-attention queries, 328

keys, and values for the generation and reference respec- 329
tively. We then take the final latent code, decode it to get an 330
image, convert it to the LAB space, retain the L channel and 331
get the AB channels from the corresponding color branch of 332
Figure 4. 333

Note that tcend (= T/5) is strictly less than t > tsstart 334
(= 4T/5) throughout (i.e. the timestep intervals for which 335
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van gogh style
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Figure 5. Intermediate decoded latents demonstrate the progression of color and fine-grained style information across denoising timesteps.

K-Means Apply WCT transforms

Color Reference Prompt: a bird Increasing denoising timesteps𝒕 = 𝒕𝒔𝒕𝒂𝒓𝒕𝒄 𝒕 = 𝒕𝒆𝒏𝒅𝒄

Figure 6. Progression of recolorised decoded latents across denoising timesteps.

color and style conditioning is applied have no overlap),336
where T denotes the total number denoising steps.337

4. Results338

Qualitative Evaluation. In addition to the results in Figure339
1, we show more results with our method in Figure 7 (color340
and style reference in the first two columns and our results341
in columns three-four) to demonstrate disentangled trans-342
fer of color and style attributes from reference images. We343
show different combinations of control over color and style344
attributes. In the first row, we are able to generate images345
following the content from the prompt (dog, vase) while346
following the style and color from the provided reference347
images. In the last two rows, our method generates images348
following style or color from the reference while imposing349
no control over the other attribute (observe the straight and350
sharp edges in dog’s outline in the last row).351

We next compare our method with various base-352
lines including training-free style transfer (Cross-Image353
[2], StyleAlign [11], FreeDoM [45]) in Figure 8, con-354
ventional diffusion-free style transfer baselines (AesPA-355
Net[13], StyTR2[6], and ArtFlow[3] in Figure 10), training-356
free color transfer (Cross-Image [2], FreeDoM [45]) in Fig-357
ure 11, and training-based techniques such as MATTE [1]358
and ProSpect [47] in Figure 12.359

We begin by discussing disentangled style transfer re-360
sults in Figure 8. One can note that our method is able to361
generate images (see last column) following the style from362
the reference image in a disentangled manner without af-363
fecting any other aspect of what the baseline generates (See364
Figure 9 for zoomed in section of images for the first/second365
rows of origami style transfer). On the other hand, as ex-366
pected, the Cross-Image baseline transfers the full appear-367
ance of the reference image. One can also notice missing368

Color Reference Style Reference

None

None

“A dog playing 
badminton”

“a vase”

Figure 7. Disentangled color-style transfer from reference images.

regions in the bucket image in fourth row/fifth column due 369
to lack of semantic correspondences. Similarly, the repur- 370
posed style version of cross-image baseline, while doing 371
better, can not fully disentangle style from color as the fea- 372
tures already have color information by the time style trans- 373
fer happens during denoising. In StyleAlign, in addition 374
to the style and color being entangled, the algorithm also 375
transfers the structural/layout aspects of the reference im- 376
age, thereby limiting the kind of control with style we seek 377
over the final outputs (see fourth row/third column, where 378
it tries generating bucket images following the layout of the 379
cat from the reference image). Finally, FreeDoM also en- 380
tangles color and style because its loss function does not 381
account for any explicit disentanglement of these attributes. 382

We also compare with conventional style transfer meth- 383
ods in Figure 10. The baselines are able to preserve in- 384
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Figure 8. Comparing with state-of-the-art methods for disentangled style transfer. Please zoom in for viewing details.

Input Image Style-transfer Result

Figure 9. Style transfer (Origami).

Content Style AesPA-Net OursArtFlowStyTR2

Figure 10. Comparison with conventional style-transfer baselines.

put content, but the transfer of style (e.g. van-gogh pat-385
terns in first row) is limited. Since these methods target386
disentanglement of content and style, style and color are387
not treated independently/separately, leading to undesirable388
results (e.g. see the first row/second-third columns where389
the result flower vase has blue/orange colors from the style390
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FreeDoM
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(original)
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Figure 11. Comparing with state-of-the-art methods for disentan-
gled color transfer.

reference whereas our method in the last column is able to 391
fix this issue). Finally, while these methods are trained on 392
specific datasets, our method is training free and not spe- 393
cific to any dataset, and can seamlessly adapt to various 394
styles/content due to the base model’s capability. 395

We next discuss disentangled color transfer results in 396
Figure 11. In all cases, our method is able to correctly trans- 397
fer the color from the reference image whereas the cross- 398
image (original) baseline transfers the full appearance from 399
the reference image and can not control the color attribute 400
independently (see third/fourth rows where the generated 401
birds have a cloth-like appearance). Similarly, the repur- 402
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Figure 12. Comparing with recent state-of-the-art methods for
multi-attribute constrained generation. Please zoom in for details.

posed color version of cross-image baseline, while disen-403
tangling color and style, is unable to produce good results404
due to lack of correspondences. With FreeDoM, in some405
cases there is overfitting to the colors during optimization406
while disregarding the overall aesthetics, whereas in sev-407
eral other cases, the generated images disregards reference408
colors (the birds in last row/second column) due to incor-409
rect optimization. Our method is able to control and trans-410
fer color attribute independently without affecting any other411
aspects of what the pretrained model would have generated.412

Finally, in Figure 12, we compare to recent training-413
based methods. In ProSpect [47], one can see color and414
style are completely entangled (e.g., first column where415
both color and style are transferred). On the other hand, de-416
spite our method being completely training free, it performs417
at par with MATTE [1] which is a training-based approach418
(e.g., first column with our orange dogs). In the second419
column, whereas both MATTE and ProSpect entangle color420
and style, our method is able to generate van gogh-styled421
dogs without the bluish-orange colors.422

Quantitative Evaluation. We next quantify improve-423
ments with our proposed method. We wish to evaluate how424
well these methods disentangle style and color (we follow425
the protocol from MATTE [1]), while also following the de-426
tails specified as part of the text prompt. We keep either of427
the attributes (out of style/color) fixed from a reference im-428
age (we use the same set as in [1, 8, 35, 47]) and vary the429
other (we use the list of 7 style types, 13 object types430
and 11 color types from previous works [1, 35]). In each431
case, we synthesize a set of 64 images and compute the av-432
erage CLIP image-text similarity. A higher score indicates433
better disentanglement since both attributes would then be434

Method color style disentanglement

ProSpect [47] 0.26 0.26 0.19
MATTE [1] 0.27 0.27 0.26

FreeDoM [45] 0.20 0.24 0.19
StyleAlign [11] 0.26 0.25 0.20
Cross-Image [2] 0.25 0.26 0.20

Ours 0.28 0.26 0.26

Table 1. Comparison with baselines.

Method Preference

FreeDoM [45] 4.9%
StyleAlign [11] 7.1%
Cross-Image [2] 18.7%

Ours 69.3%

Table 2. User study results.

separately captured well in the output. To further evalu- 435
ate the quality of transfer of each attribute, we also compute 436
similarity scores between the ground truth color/style (color 437
obtained using ColorThief [7]) and the generated images. 438
As can be seen from Table 1, our method outperforms all 439
training-free baselines and allows for independent control 440
over style and color attributes. Further, when compared to 441
the training-based MATTE [1], our method performs very 442
competitively despite being training free. Finally, we con- 443
duct a user study with the generated images where we show 444
survey respondents a textual prompt followed by color and 445
style references, and ask them to select the images (among 446
sets from four different methods) that best follow the pro- 447
vided constraints. From Table 2, our method’s results are 448
preferred by a majority of users, providing additional evi- 449
dence for effectiveness of the proposed approach. 450

5. Summary 451

We considered the problem of disentangled color and style 452
control of text-to-image models and noted none of the ex- 453
isting methods address this problem with a training-free 454
approach. To this end, we proposed the first training- 455
free, test-time-only solution with two key novelties: a 456
timestep-constrained latent code recoloring transformation 457
that aligned colors of generation outputs with reference col- 458
ors and a timestep-constrained self-attention feature manip- 459
ulation strategy in the L channel of the LAB space that 460
aligned generation the style of generation outputs with that 461
of the reference. This resulted in a flexible approach that 462
can do color-only, style-only, or both color-style condition- 463
ing in a disentangled and indepedent fashion. Extensive 464
qualitative and quantitative evaluations demonstrated the ef- 465
ficacy of our proposed method. 466
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