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Abstract

While recent text-to-image models excel at generating re-
alistic content, they struggle to capture the nuanced visual
characteristics that define a brand’s distinctive style—such
as lighting preferences, photography genres, color palettes,
and compositional choices. This work introduces Brand-
Fusion, a novel framework that automatically generates
brand-aligned promotional images by decoupling brand
style learning from image generation. Our approach con-
sists of two components: a Brand-aware Vision-Language
Model (BrandVLM) that predicts brand-relevant style char-
acteristics and corresponding visual embeddings from
marketer-provided contextual information, and a Brand-
aware Diffusion Model (BrandDM) that generates images
conditioned on these learned style representations. Unlike
existing personalization methods that require separate fine-
tuning for each brand, BrandFusion maintains scalability
while preserving interpretability through textual style char-
acteristics. Our method generalizes effectively to unseen
brands by leveraging common industry sector-level visual
patterns. Extensive evaluation demonstrates consistent im-
provements over existing approaches across multiple brand
alignment metrics, with a 66.11% preference rate in human
evaluation study. This work paves the way for AI-assisted
on-brand content creation in marketing workflows.

1. Introduction
“If this business were split up, I would give you the land
and bricks and mortar, and I would take the brands and
trademarks, and I would fare better than you.”

- John Stuart, co-founder, Quaker Oats
The AI-powered content creation market is projected to
reach $7.9 billion by 2033, with a remarkable CAGR of
7.7% [3]. This explosive growth reflects a fundamental shift
in how brands approach content creation, driven by the need
to produce high-quality promotional materials at unprece-
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Figure 1. We propose BrandFusion, a method which can generate
images aligned to the nuanced visual characteristics that define a
brand’s visual identity, such as lighting preferences, photography
genres, color palettes, and compositional choices. Here, the first
row shows real images and the second and third rows show corre-
sponding images generated by PixArt-Σ [2] and BrandFusion re-
spectively. Note how BrandFusion images capture brand-specific
characteristics such as natural image lighting (first 3 columns),
brand-consistent clothing color palette (next 2 columns) and ca-
sual clothing style (last column), all of which make them more
aligned to the corresponding real brand images.

dented scale and speed. Businesses using AI content cre-
ation tools publish 42% more content monthly than those
relying on traditional methods [20]. Yet despite these ad-
vances, a critical gap remains: current AI-driven content
generation tools cannot sufficiently capture the nuanced vi-
sual characteristics that define distinctive brand identities.
The American Marketing Association defines a brand as
“a name, term, sign, symbol, or design, or a combination
of them, intended to identify the goods or services of one
seller or group of sellers and to differentiate them from
those of competitors.” A credible brand signals a certain
level of quality, fostering consumer trust and repeat pur-
chases. Hence, to firms, brands are an enormously valuable
piece of legal property that can influence consumer behav-
ior, be traded, and ensure sustained future revenues [18]. To
expand their audience reach, firms not only prioritize pos-
itive customer experiences, but also use advertising, espe-



cially on social media platforms, which improves customer
awareness about the brand, helps in differentiation from its
competitors and eventually drives sales. A brand’s social
media presence provides it with an owned channel, enabling
it to influence narratives, engage with its audience directly,
and generate positive media coverage. Therefore, it is im-
perative that the elements which can be used to identify and
differentiate a brand are consistently visible in its promo-
tional advertisements.
However, while existing text-to-image methods can gener-
ate realistic content consistent with textual instruction se-
mantics, they are unable to capture the distinctive brand el-
ements through textual input alone [12]. This limitation is
demonstrated through the E-commerce brand FedEx1 ex-
ample in Figure 2, where providing brand-relevant charac-
teristics (such as foreground banner with purple and orange
gradients, close-up shot) to the prompt fails to properly re-
flect these elements in generated images, and instead leads
to loss of other characteristics such as photorealism.
Unlike artistic style learning [9], which deals with easily
identifiable textures and brush strokes, brand visual identity
encompasses nuanced, multi-dimensional characteristics.
Prior work identifies that brand identity emerges from com-
plex combinations of typography, color palettes, photog-
raphy genres, lighting preferences, compositional choices,
and human representation styles [23, 24]. These elements
create subtle but distinctive patterns that differentiate brands
within the same market sector, as illustrated in Figure 2(B),
where consulting and telecom companies show employ-
ees with distinctly different facial expressions and clothing
styles, while fashion brands like Gucci and Tommy Hilfiger
employ contrasting photographic approaches despite simi-
lar subject matter.
Additionally, while artistic style learning techniques typi-
cally rely on latent embeddings derived from style refer-
ence images, this approach limits their practical use for
brand style learning. For practical on-brand content cre-
ation workflows, it is crucial that marketers can understand
and directly control brand characteristics rather than relying
only on opaque latent representations. Moreover, current
personalization methods [8, 27] require separate fine-tuning
for each new brand, making them impractical for large-scale
content generation.
This fundamental challenge raises the core research ques-
tion: How can we enable automated generation of images
that are aligned with a brand’s nuanced visual identity
characteristics?
To this end, we introduce BrandFusion, a novel two-
component framework that decouples brand style learning
from image generation to address these limitations. Our
approach consists of: (1) BrandVLM, a vision-language
model that predicts both textual brand characteristics and

1https://www.fedex.com

visual style embeddings from marketer-provided context
(brand name, sector, campaign details), and (2) BrandDM, a
diffusion model trained to generate images conditioned on
these dual style representations. This architecture enables
scalable brand-aligned content creation without per-brand
fine-tuning while maintaining interpretability through tex-
tual characteristics that marketers can understand and con-
trol. Our work makes the following key contributions:
1. We propose BrandFusion, a novel two-component archi-

tecture that decouples brand style learning from image
generation, enabling scalable brand-aligned content cre-
ation without per-brand fine-tuning.

2. Our framework enables marketers to retain control over
visual elements while ensuring brand consistency in the
generated images, by learning brand characteristics in
the textual domain.

3. We demonstrate effective cross-brand generalization,
successfully generating images for unseen brands within
the same industry sectors by leveraging sector-level vi-
sual patterns learned during training.

4. We show consistent improvements over existing text-
to-image and personalization methods across multiple
brand alignment measures, achieving a remarkable 66%
preference in human evaluation.

2. Related Work
In this section, we situate our work amid the existing
literature related to automatic advertisement generation,
learning from groups of images to generate similar media,
personalized media generation; and using foundational
Vision-Language Models to guide Diffusion Models.
Automatic Advertisement Generation: Existing ap-
proaches to automatically generate advertisements such
as [11, 21, 28, 34–36] take the textual description of
the image (background), the image of the product to
be advertised, and tagline (text) as input, and generate
advertisements showcasing the product and the tagline
in design-optimal layouts. [6] uses Diffusion Model to
also learn a target style from a group of input images
for the background generation in the advertisement. [47]
proposes a reinforcement learning based framework to
continually improve the advertisement generated for a
product image by using a reliable feedback network. While
these works are able to generate aesthetically pleasing
advertisements, they do not consider the visual identity
of the brand [24]. Even [6], which learns the background
visual style, has a limitation – a different model needs to
be learnt for each new visual style which requires compute
and hyperparameter tuning, thereby reducing its ease of use.

Artistic style learning: The existing methods to learn
artistic styles base their learning on either language
guidance or image guidance. We discuss them below:

https://www.fedex.com
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(B) Brand variations are nuanced.(A) Generating brand-aligned images through
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Figure 2. (A) Here, we show a real advertisement from the E-commerce brand FedEx, and the corresponding image generated by the SDXL
model using its description. This image lacks some brand relevant characteristics, such as close shot and foreground banner with orange
and purple gradients, which are then added to the description to generate another image. As we pass these characteristics, the adherence of
the generated image to the prompt reduces even further, with photorealism gone. Thus, current text-to-image models are unable to generate
brand-aligned images. (B) The variations among brand images are at a very nuanced level, e.g. Employees represented in Consulting and
Telecom sector images tend to have different facial expressions, clothing style and photography genres. Such differences are evident even
among brands from the same sector, e.g. here, models posing for two fashion brands Gucci and Tommy Hilfiger have different expressions
and clothing styles. BrandFusion enables alignment of generated images to the brand by capturing these nuances.

• Natural language based style generation/transfer:
CLIPstyler [19], Styler-DALLE [38] and FastCLIP-
styler [31] are some of the recent works which devise
ways to transfer the style mentioned in a text prompt
onto an image, so the style guidance is applied purely
in the linguistic space. This is achieved through the rich
CLIP [26] embedding space, by ensuring the correspon-
dence between the output style image and the input style
prompt. However, most of the text prompts explored in
these works involve only atomic level of changes such as
colours and textures (e.g. sunset style changes the colour
palette of the input image to red-orange hues). Another
work titled SGDiff [30] provides flexible style guidance
through either language or reference image and trans-
fers it onto images of clothing items. Again, the style
attributes used for guidance mostly involve colors and
texture based changes. On the other hand, reflecting a
brand’s style requires consideration of a much richer level
of features such as human expressions, camera perspec-
tive with respect to the subject in the image and many
more.

• Image based style transfer: ArtBank [46], LSAST [45],
StyleDrop [29], DreamStyler [1], Inversion based Style
Transfer [43] and RIVAl [44] involve getting style based
guidance through one or more reference images which are
very similar to each other, i.e. the common features are
very easily evident, such as anime, illustration or sketch.
The primary focus of these approaches is to reduce the
number of images required to infer the style (just one im-
age is sufficient). Also, the styles involved belong only
to artistic categories. However, brand promotional con-
tent contains real world marketing images whose similar-

ity to each other is on a more abstract level, as evident in
Figure 2 (B). Moreover, these methods often require fine-
tuning of the base model for each new style, while our
approach doesn’t require such fine-tuning because the ex-
traction of the brand’s visual identity (through VLM) is
decoupled from the brand-aligned image generation pro-
cess (through DM). This has the added advantage of being
able to add customizations as per the marketer’s prefer-
ence for each new image that is to be generated.

Personalized Image Generation: A lot of research has
been done about manipulating Diffusion Models to gen-
erate images that fulfill certain specified criteria. Earliest
works aimed towards easier adaptation of large-scale Dif-
fusion Models include ControlNet [42], where image guid-
ance is provided by adding extra conditions through zero
convolution layers. While these works need considerable
amounts of training data, later works aim to reduce the num-
ber of training images to learn a particular concept (objec-
t/animal/person’s identity), and coin it as personalized im-
age generation. These works either fine-tune the weights
of the entire model (as in Dreambooth [27]) or invert the
limited number of samples into the conditional space (as in
Textual inversion [8]) to learn representations that can be
used to generate the same concept in other environments
specified by the text prompts. The major drawback of these
approaches is the need to fine-tune repetitively for each new
concept. Follow up methods such as PaintByExample [39],
CustomNet [41], Mix-of-Show [10] and Infinite-ID [37] in-
troduce new capabilities such as training-free generation,
variable viewpoints generation, generating multiple objects
in a single image, generating humans in different environ-
ments using few images and so on; but all of these works



essentially use learnable modules to map the concept rep-
resentations into the conditional latent space of Diffusion
models, or manipulate the cross-attention maps. Since all
these representations are learnt in latent space, it is difficult
to control specific attributes of the generated images, an as-
pect that is highly important for marketers.
Vision-Language models based guidance: With the ad-
vent of Large-Language Models (LLMs) [33] and their
assimilation with Vision Transformer (ViT) [5] models
which gave rise to foundational Vision-Language Models
(VLMs) [22]; these models are being used extensively in
conjunction with generative Diffusion Models to automate
several visio-lingual tasks, e.g. Customized Manga Gener-
ation [16], User-friendly/smart Image editing, photo opti-
mization [7, 15, 48], etc. Particularly, Customization As-
sistant [48] enables editing of any input image even on the
basis of vague text prompts provided by the user who might
not have a clear idea of what they would like to change in
the image. Therefore, we utilize a foundational VLM in our
approach, to automatically infer the style characteristics rel-
evant to the target image, using just the metadata about the
social media post, such as post caption, image description,
brand name and sector, date of posting, etc., all of which is
provided by the marketer.

3. Data
Collection: We start with a dataset of approx 246K images
belonging to 183 brands from a wide variety of sectors such
as automobiles, fashion, footwear, electronics, airlines, and
more (complete list is provided in the Appendix D). These
images are scraped from the content posted by these brands
on their official twitter handles between Jan 2018 and Feb
2023. We also collect the number of likes received by the
post, the post caption and the date of posting. 90% of the
total images of each brand are retained in the train set, and
rest are used for testing.
Annotation: Next, we take a set of N attributes (denoted by
i, 1 ≤ i ≤ N ) related to diverse aspects of images, which
are generally used by art directors to describe brand images,
inspired from [23, 24]. Some example attributes are im-
age lighting, background, camera perspective, photography
genre. Also, since our dataset has humans in 57.02% of the
total images, 7 out of these attributes are about the humans
in the image (human-related attributes), such as facial ex-
pressions, clothing style, clothing color palette, gaze. Each
of these attributes can have different possible labels, e.g.
the photography genre can be Architectural, Product, Live-
stage, Abstract, Candid, Group, etc. Thus, we consider a
total of 15 attributes (i.e. N = 15). A complete list of the
attributes and their corresponding labels is provided in the
Appendix D.
For each image in our dataset, we use a Vision Language
Model (LLaVA-v1.6-34B [22]) to extract ground truth style

characteristics by prompting it to predict at most three la-
bels corresponding to each of our 15 attributes. This cre-
ates the textual verbalization describing each image’s visual
characteristics. Additionally, we compute CLIP-Image em-
beddings [26] as ground truth visual style representations.
It is important to distinguish this annotation process from
our BrandVLM training: the LLaVA-v1.6-34B model here
serves as a ground truth extraction tool that analyzes real
images to generate style characteristic labels, whereas our
BrandVLM (fine-tuned LLaVA-1.5-13B) learns to predict
these same style characteristics directly from textual mar-
keter context without any visual input. In addition, we use a
deterministic extractor model to obtain the color palette of
each image, out of a set of 40 base colors.

4. Image Generation Aligned with Brand
Styles

Our BrandFusion framework generates images aligned to
brand visual styles through a two-component architecture
trained in sequential phases.
Phase 1: BrandVLM Training. We finetune a Vision-
Language model (LLaVA-1.5-13B [22]) to predict both tex-
tual style characteristics and visual style representations
from marketer-provided context. While no images are pro-
vided as input to BrandVLM during training or inference,
we choose a VLM over a pure LLM (like LLaMA) because
VLMs possess superior understanding of visual concepts
and image-related terminology acquired during their mul-
timodal pretraining, making them better suited for under-
standing about visual style attributes even from textual con-
text alone.
The BrandVLM learns to map marketer context x (brand
name, sector, post text, posting date, image description,
and engagement metrics) to two complementary outputs:
(1) a textual verbalization y describing the brand’s visual
characteristics across our 15-attribute taxonomy, and (2) a
CLIP global image embedding e capturing fine-grained vi-
sual style information that complements the discrete textual
attributes.
This dual prediction approach addresses a key limitation:
while textual characteristics provide interpretable control
over major style elements (lighting, composition, clothing),
visual embeddings capture nuanced details (specific color
gradients, subtle textures, photographic quality) that are dif-
ficult to verbalize but crucial for brand alignment. The
BrandVLM output is: ê, ŷ = BrandVLM (x), with train-
ing objective:

LBrandVLM = Lclip + λLverb, (1)

where Lclip = ∥e− ê∥2, (2)
and Lverb = LLM (y, ŷ) (3)

Here, LLM denotes the language modeling loss, λ = 0.1 is a
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Figure 3. The overall process of generating brand-aligned images: (A) Given the brand name & sector, image description, social media
post caption, date of posting; the BrandVLM is finetuned to generate the characteristics (or style features) and CLIP Embedding (or style
embedding) for the corresponding real image. (B) Given the style characteristics, along with the image caption, brand name, sector and the
style embedding; the BrandDM is trained to produce the real image of the brand. (C) While sampling, given the marketer-provided context
for the social media post, the BrandVLM generates the style characteristics and the style embedding of the brand-aligned image, which are
then ingested by the BrandDM to generate a brand-aligned image.

hyperparameter balancing the two objectives, and Lclip uses
mean squared error between ground truth CLIP embeddings
(e) and BrandVLM predictions (ê), inspired from [17, 48].
We choose MSE over cosine similarity because MSE is
more sensitive to the magnitude differences in the embed-
ding space, ensuring that the model learns not only which
visual concepts are relevant but also their relative impor-
tance or intensity. Cosine similarity, being scale-invariant,
would ignore magnitude information that often correlates
with the visual prominence of style elements.
Phase 2: BrandDM Training. We finetune a foundation
diffusion model (PixArt-Σ or SDXL) to generate brand-
aligned images conditioned on both textual and visual style
representations. The BrandDM learns to map the combined
conditioning (y, e) to corresponding brand images using
standard denoising objective:

LDM = E
[
∥ϵ− ϵθ (zt,y, e)∥2

]
(4)

Cross-Component Alignment. To ensure compatibility
between BrandVLM prediction outputs and BrandDM ex-
pected inputs, we further perform alignment finetuning of
BrandDM. We retain it on 70% of training data unchanged
but replace ground truth style representations with Brand-
VLM predictions for the remaining 30%. This mixed train-
ing regime allows the BrandDM to adapt to the Brand-
VLM’s output distribution while maintaining performance
on ground truth data.

Inference. During generation, marketers provide context
x to BrandVLM, which outputs predicted style characteris-
tics ŷ and embeddings ê. These condition the BrandDM to
generate brand-aligned images ẑ (Figure 3).

5. Quantitative Evaluation

5.1. Evaluation Metrics

The performance of the generated images is compared us-
ing the following set of metrics –
(1) We calculate the binary classification accuracy of the
generated images by training a simple MLP classifier to use
(image style labels, brand name) pair as input and predict
whether the pair is correct or not. The classifier is trained on
equal numbers of correct and incorrect brand-image pairs
from our training set. On real data, this classifier achieves
78.05% accuracy, establishing that our 15-attribute taxon-
omy contains sufficient information to distinguish between
brands. We term this metric as Classifier Accuracy.
(2) We also finetune the CLIP [26] model (only the final im-
age and text projection layers) over the training set, to get a
BrandCLIP version of the model, and calculate the image-
image and image-text similarities using this version.
(3) For measuring the brand-alignment of the generated im-
ages, we calculate the JS divergence between the proba-
bility distributions of the different style attributes obtained
using the real images (brandgt) and the generated ones



Base Brand-style Brand-VLM Brand-style Cross-component Classification BAS(↓) BrandCLIP-I(↑) BrandCLIP-T(↑) FID(↓)Model characteristics used Embeddings Alignment Accuracy(↑) (Image-Image alignment) (Image-Prompt alignment)

PixArt-Σ [2] - - - - 74.58% 1.9936 0.6228 0.2091 45.93
PixArt-Σ - - - - 75.44% 1.3098 0.6521 0.2189 27.08
PixArt-Σ ✓ - - - 75.91% 1.0206 0.6993 0.2017 24.69
PixArt-Σ‡ ✓ ✓ - - 75.6% 1.3109 0.6875 0.2032 26.31
PixArt-Σ‡ ✓ ✓ - ✓ 75.9% 1.2422 0.6980 0.2042 26.14

SDV1.5+Dreamstyler [1] - - - - 74.96% 1.4176 0.6693 0.1818 29.77
SDXL [25] - - - - 73.16% 3.1084 0.5505 0.1794 62.16
SDXL - - - - 74.61% 1.2075 0.6569 0.2401 24.61
SDXL ✓ ✓ - - 75.35% 1.2248 0.6424 0.2355 29.85
SDXL+Dreambooth [27] - - - - 75.45% 1.4509 0.6155 0.2063 28.06
SDXL-IPAdapter [40] ✓ ✓ ✓ - 73.74% 2.5891 0.5509 0.1814 56.19
SDXL-IPAdapter [40] ✓ ✓ ✓ ✓ 75.09% 1.3606 0.7070 0.2083 31.78

Table 1. Performance comparison of different model settings on the test subset where all the brands have been used for training. Blue
rows correspond to non-finetuned models. ✓under brand-style characteristics implies they have been added to the text prompt that is input
to the Diffusion Model. ✓under brand-style (image) embeddings implies they have been used as input to the Diffusion Model. ✓under
Cross-component Alignment implies that the BrandDM has further been finetuned to align with the BrandVLM output space, as described
in Section 4. The rows highlighted in green are different versions of our proposed BrandFusion.

Base Brand-style Brand-VLM Brand-style BAS(↓) BrandCLIP-I(↑) BrandCLIP-T(↑) FID(↓)Model characteristics used Embeddings (Image-Image alignment) (Image-Prompt alignment)

PixArt-Σ [2] - - - 1.3754 0.6472 0.1840 45.94
PixArt-Σ - - - 0.7635 0.6488 0.1886 29.30
PixArt-Σ ✓ ✓ - 0.8066 0.6559 0.1956 27.28

SDV1.5+Dreamstyler [1] - - - 0.8843 0.6380 0.1760 36.56
SDXL [25] - - - 4.8071 0.5401 0.1103 142.83
SDXL ✓ ✓ - 0.8135 0.6491 0.2135 32.50
SDXL+Dreambooth [27] - - - 0.8786 0.6272 0.1817 28.33
SDXL-IPAdapter [40] ✓ ✓ ✓ 1.3360 0.6363 0.1844 41.92

Table 2. Performance comparison of different model settings on the test subset where the brands in the test set are not observed during
training. Blue rows correspond to non-finetuned models. ✓under brand-style characteristics implies they have been added to the text
prompt that is input to the Diffusion Model. ✓under brand-style (image) embeddings implies they have been used as input to the Diffusion
Model. The rows highlighted in green are different versions of our proposed BrandFusion.
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Here, the labels for each attribute are denoted by j, where
1 ≤ j ≤ ni, such that we have total ni labels for attribute
i, and rj =

#images of brand with label j
#total images of brand containing humans if the attribute is

a human-related attribute, and rj = #images of brand with label j
#total images of brand

otherwise.
(4) Besides these metrics, we also employ the FID
score [13] to calculate the image quality.

5.2. Setup
In Table 1, we show the performance of images generated
in different settings using the above metrics. Note that we
use a subset of 50 brands (out of total 183) belonging to 14
different sectors, and sample 80 images per brand from the
test set images to get a smaller test set, which has been used
in the experiments in Table 1. For the Dreambooth [27]
baseline, we finetune the SDXL model separately for each
brand in the test set using LoRA [14] (therefore it has 50
models in total), considering all the training set images of
the brand as the reference images. In Dreamstyler [1], for
each test set image, we search for the closest train set image
of that brand (using CLIP image similarity) and use it as the
source style image. Next, to observe the effectiveness of



our approach over brands not encountered while training,
we create a new train-test split, with 26 brands (from 25
different sectors) included in the test set, and the rest in the
training set. For each of the 26 brands, we randomly select
160 images to get a test subset of 4,160 images; which has
been used to compare the performance of different model
settings in Table 2. In both the tables, all the images have
been sampled at a resolution of 512× 512.

5.3. Results Discussion

In Table 1, where the test brands are present during train-
ing, BrandFusion (BrandVLM + BrandDM) shows robust
improvements across nearly all brand-relevant metrics. We
experiment with two base diffusion model architectures
as BrandDM - PixArt-Σ [2] and SDXL [25]. Brand-
Fusion consistently demonstrates improved classifier ac-
curacy which reflects how well the model generates im-
ages that can be classified back into the intended brand,
confirming visual alignment with brand identity. With
SDXL as BrandDM, BrandFusion achieves 75.35% accu-
racy, whereas with PixArt-Σ it scores 75.9%. BrandFusion-
SDXL gets a BAS of 1.2248, which is an improvement over
baseline SDXL (3.1084). However, simple finetuning fares
better in aligning the outputs with brand feature distribu-
tions. Both Pixart-Σ and SDXL as BrandDM show im-
provements in BrandCLIP-I over the corresponding base-
line models, indicating enhanced fine-grained visual simi-
larity to real brand images. Importantly, BrandCLIP-I cap-
tures visual details not reflected in the discrete BAS metric,
such as subtle color gradients, texture quality, and photo-
graphic nuances that are crucial for brand perception but
difficult to categorize into our 15-attribute taxonomy.
To isolate the effect of visual embeddings, we compare
SDXL (row 9) with SDXL-IPAdapter (row 12). While
BAS scores remain comparable (since both rely on textual
characteristics), the significant improvement in BrandCLIP-
I (+0.0646) demonstrates that visual embeddings capture
complementary brand information beyond discrete textual
attributes. This validates our dual-output design: textual
characteristics ensure brand alignment across interpretable
features, while visual embeddings enhance fine-grained vi-
sual fidelity. While absolute CLIP improvements appear
modest (0.01–0.05), existing works like StyleDrop [29]
demonstrate that such gains correspond to substantial per-
ceptual improvements in style alignment.
Next, we observe a slight drop in BrandCLIP-T scores
for BrandFusion over the trained baseline models. This
can be attributed to the large prompt (average 223 tokens),
which includes image verbalization (average 158 tokens).
The large prompt length is likely to reduce prompt adher-
ence. However, this is compensated by the higher percep-
tual alignment of generated images with target brand styles

as can be seen in Section 6. We note that FID trends are
inconsistent with other brand-alignment metrics. This dis-
crepancy arises because FID is based on InceptionNet [32]
model trained on the ImageNet dataset [4], which lacks rep-
resentation of marketing-specific visual styles. As a result,
FID is not reliable for evaluating brand-coherent genera-
tion, since it fails to capture nuanced styling (e.g., depth,
lighting, photography genre, etc.). Notably, our SDXL-
IPAdapter based BrandFusion with cross-component align-
ment fares better than the existing Dreambooth personaliza-
tion and Dreamstyler artistic transfer approaches, in terms
of BAS, BrandCLIP-I and BrandCLIP-T scores.
In Table 2, the models are tested on brands never ob-
served during training, however they belong to the same
industry sectors whose brands were used while training.
We adopt this training regime to investigate our model’s
cross-brand learning capabilities. This is a more challeng-
ing generalization task. BrandCLIP-I scores are consis-
tently improved through BrandFusion for both PixArt-Σ
and SDXL baselines, as well as Dreamstyler and Dream-
booth baselines, thus signifying higher semantic alignment
over unseen brand’s images. For both SDXL and PixArt-
Σ based BrandDMs, BrandFusion achieves a better Brand-
Alignment Score than the respective baseline models. How-
ever, simple finetuning strategy leads to an even better BAS
for PixArt-Σ, albeit with worse BrandCLIP and FID scores.
The FID scores are inconsistent with brand-alignment met-
rics for unseen brands too, producing better FID for Dream-
booth tuned SDXL, even though its Brand-alignment score
and BrandCLIP scores are worse than BrandFusion-SDXL.
Interestingly, the BrandCLIP-T scores also improve over
the baselines (0.1 improvement for SDXL and 0.01 for
PixArt-Σ), even with larger verbalization based prompts,
signifying increased adherence to brand style characteris-
tics for unseen brands.

5.4. User Study

To further evaluate the adherence of generated images to vi-
sual brand styles, we conduct a user study. For the study we
ask 25 participants to voluntarily and anonymously answer
a questionnaire comprising 20 pairwise image comparisons,
sampled from a bank of 300 questions, giving a total of 500
rankings. In each question, the user is shown the real on-
brand image for reference, along with two images generated
by two different pipelines for comparison. Next, the user is
asked to choose which of the two images seems more vi-
sually aligned to the reference image. The pipelines cho-
sen for comparison are: (1) Dreambooth-tuned SDXL and
(2) our trained BrandFusion based on SDXL. The win rate
of BrandFusion is found to be 66.11%, i.e. on an average,
a user prefers BrandFusion generated images over Dream-
booth generated images 66 times out of 100, thus demon-
strating the superior brand-alignment of BrandFusion.
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background clothing colors background
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Figure 4. In each row, we show a real image and the corresponding
images generated using different methods, specified on the top of
each column. Below each row, we mention the style characteristics
that are inconsistent between the generated image and correspond-
ing real one. BrandFusion generated images are able to preserve
characteristics such as camera perspective, depth of field, visible
body section, clothing colors and background pattern, which are
not reflected in the images generated using existing methods.

photorealism motion blur

image lighting
depth of field

clothing style

lower body lower body

Real PixArt-Σ
Dreambooth

(SDXL)
BrandFusion
(PixArt-Σ)

Figure 5. Visualizing images of unseen brands: In each row, we
show a real image and the corresponding images generated using
different methods, specified on the top of each column. Below
each row, we mention the style characteristics that are inconsistent
between the generated image and corresponding real one. Brand-
Fusion is able to inculcate brand-relevant characteristics such as
motion blur and protective clothing style for racing and lower body
crop for handbag accessory images.

6. Qualitative Comparison

To qualitatively demonstrate the improved brand-
alignment, in Figure 4 we show some example adver-

tisements and their corresponding generated images
using three different baselines (PixArt-Σ, SDXL and
Dreambooth-SDXL), and compare them with BrandFusion
generated images. In row 1, the PixArt-Σ image shows
a considerable loss of depth of field (with blurred back-
ground), SDXL image is cartoon-like and the Dreambooth
image has a vintage concept, unlike the original image
(which has modern concept) – none of these differences
are present in the BrandFusion images. Similarly, the
camera perspective (top view of books) is maintained by
BrandFusion in row 2, just like the real image, which does
not happen with PixArt-Σ/SDXL/Dreambooth-SDXL.
Again, in row 3, since the salient part of the real image
is the handbag, only the lower body section of the model
is visible, which is consistent in the BrandFusion images,
unlike the other baselines. Finally, in row 4, the patterned
image background with black-and-white clothing is main-
tained in BrandFusion, but not in the other baseline images.
Next, we also show some examples of images generated
for unseen brands in Figure 5, where in row 1, since the
image is of a racing motorbike, motion blur image effect
is produced in the BrandFusion generated image, just like
the real one. This does not happen with Dreambooth or
PixArt-Σ, whose image lacks photorealism too. In the
middle row, protective style clothing (with caps and jackets)
is not generated by Dreambooth, while PixArt-Σ image
has diffused image lighting with shallow depth of field
(i.e. out-of-focus background). All these inconsistencies
are absent in the BrandFusion image, which has natural
lighting. In the last row, PixArt-Σ and Dreambooth images
show the upper body sections of the models, with handbags
at a distance (or absent), while the handbags are highlighted
in the BrandFusion image by showing only the lower body
section of the models, as is the case with the corresponding
real image too.

7. Conclusion
This work introduces BrandFusion, a novel framework that
addresses the critical challenge of generating brand-aligned
promotional images at scale. Our two-component architec-
ture decouples brand style learning (BrandVLM) from im-
age generation (BrandDM), overcoming the limitations of
existing style learning and personalization methods. The
key innovation lies in our dual representation approach:
textual style characteristics provide marketers with inter-
pretable control, while visual embeddings capture fine-
grained perceptual brand nuances. This design ensures gen-
erated content adheres to brand guidelines while remaining
accessible to marketing professionals. Extensive evaluation
demonstrates consistent improvements across brand align-
ment metrics, achieving a 66.11% preference rate in human
study and effective generalization to unseen brands. These
results validate our approach’s practical utility for large-



scale content creation workflows. BrandFusion establishes
a foundation for next-generation brand-aware generative
models, with potential extensions to video generation and
applications beyond marketing. By enabling scalable, inter-
pretable brand-aligned image generation, this work repre-
sents a significant step toward practical AI-assisted content
creation for professional marketing workflows.
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Appendices
A. Hyperparameters
All the trainings were done on 8 Nvidia A100 GPUs.
• BrandVLM training: Batch size 1024, Learning rate
2e−5, Number of epochs 1.5, AdamW Optimizer, Cosine
learning rate scheduler with warmup ratio 0.03

• BrandDM training
1. PixArt-Σ: Batch size 1024, Learning rate 2e−5, Num-

ber of epochs 40, CAME optimizer, Constant learning
rate scheduler

2. SDXL: Batch size 1024, Learning rate 1e−6, Number
of epochs 20, AdamW Optimizer, Constant learning
rate scheduler

3. SDXL-IPAdapter: Batch size 32, Learning rate 1e−6,
Number of epochs 20, AdamW Optimizer, Constant
learning rate scheduler

• Brand-Classifier training (Used for evaluation): Batch
size 32, Learning rate 1e − 3, Number of epochs 80,
AdamW Optimizer, 42K parameters, training strategy –
to obtain (brand style attribute labels, brand) pairs during
training, for each brand’s train images (forming correct
pairings), we sample an equal number of images from
other brands of the same industry sector and pass the
brand as input to get incorrect pairings

• BrandCLIP training: OpenAI’s ViT-L-14-336 base
model, Batch size 128, Learning rate 1e − 3, Number of
epochs 5, AdamW Optimizer, 0.1 weight decay

B. BrandVLM performance comparison

Model version Verbalisation evaluation Embedding evaluation
BLEU score (↑) IoU score (↑) BAS (↓) MSE (↓) Cosine similarity (↑)

LLaVA-1.5-13B 0.0788 0.1859 16.1064 - -
BrandVLM 0.4569 0.5499 3.3752 0.5102 0.5598

Table 3. Different VLM performances for generating image style
characteristics (verbalization) and brand-relevant image style em-
beddings on the full test set. The non-finetuned baseline does not
predict the style embeddings. The IoU score is the Intersection
over Union of the style labels predicted by the VLM and style la-
bels present in the ground truth verbalizations. BAS refers to the
Brand Alignment Score as explained in Section 5.1.

C. Prompt used for training BrandVLM

A marketer from company company which
belongs to the sector companySector
wants to create a social media post
containing an image for marketing
purposes. The following information
about the social media post is available
:

(1) Social media post text: tweetText
(2) Date of posting: tweetTimeStamp
(3) Number of likes on a scale of 0 to 100

that the social media post is expected
to receive: tweetLikesPercentile

(4) Image description: imCaption
(5) Image tags: imKeywords.
Now, considering the company’s visual

identity and the above information,
predict the colors and tones describing
the image that the marketer will use in
the social media post from the lists
given below. Also predict the spatial
coverage ratios (with respect to the
total image area) of the colors and
tones that will be used.

- Allowed colors: [Beige, Black, Blue,
Bright_Green, Brown, Cream, Cyan,
Dark_Blue, Dark_Brown, Dark_Gray,
Dark_Green, Dark_Pink, Dark_Red, Emerald
, Gold, Gray, Green, Khaki, Lavender,
Light_Blue, Light_Green, Lilac, Magenta,
Maroon, Mud_Green, Mustard, Off_White,

Olive, Orange, Pink, Plum, Purple, Red,
Royal_Blue, Silver, Tan, Turquoise,
Violet, White, Yellow]

- Allowed tones: [warm, neutral, cool]
Now, for each of the following 8 visual

attributes, predict at most 3 labels
which should be the most prominent in
the image out of the given list of
labels.

(1) Image Lighting: [bright, dark, moderate
, studio, natural, soft, hard, light
glare, vignette, colored, light on
subject]

(2) Perspective: [bird eye view, worm eye
view, fish eye view, panorama view,
centered composition, rule of third,
altered perspective, framed image, high
angle photo, low angle photo, vertical
composition, corner shot, point of view
shot, audience perspective]

(3) Image Background: [solid, pattern,
gradient, background as frame, textured,
wood, blurred, transparent, bright,

dark, light]
(4) Color Palette: [grayscale, monotone,

two tone, bright colors, pastel colors,
complementary colors, analogous colors,
inverted colors, galaxy colors, aquatic
colors, sunset colors, autumnal colors]

(5) Photography Genre: [architectural,
candid, staged, portrait, selfie, group,
product, fashion, beauty, bridal,

interior, street, landscape, sky, still-
life, action, underwater, botanical,
historical, amateur, abstract, live



stage]
(6) Concept: [illustration, photorealism,

typography, vintage, graphic design,
cartoon, incomplete art, wave pattern,
text heavy]

(7) Depth: [wide angle shot, mid shot,
close up shot, macro shot, motion blur,
radial blur, gaussian blur, fully
focused subject, unfocused subject,
partly focused subject, bokeh effect,
isolated focal point, multiple focal
points, bright focal point, dark focal
point, shallow depth of field]

(8) Image Effects: [short exposure, long
exposure, neutral density filter,
artificial shadow, silhouette, pixelated
image, vanishing point, negative space,
motion capture, cut-out, symmetric,

asymmetry, low saturation, high
saturation, low contrast, high contrast]

If the main subject of this image contains
a human, then for each of the following
7 attributes, predict at most 3 labels
out of the provided list which should be
relevant to the subject in the image,

otherwise predict ’Not applicable’ for
each of these attributes.

(1) Hair Style: [short, covered, wavy,
loose, varied, straight, neat, ponytail,
casual, tied back, flowing, curly, updo

, pulled back, braided, Not applicable]
(2) Facial Expression: [engaged, content,

focused, neutral, joyful, relaxed,
contemplative, Not applicable]

(3) Clothing Style: [casual, athletic,
formal, business, swimwear, business
casual, traditional, protective,
beachwear, costume, form fitting, Not
applicable]

(4) Clothing Color Palette: [neutral,
colorful, vibrant, monochrome, earthy,
pastel, muted, Not applicable]

(5) Posing: [standing, seated, holding,
leaning, active, reclined, walking,
stretching, dynamic, running, relaxed,
confident, Not applicable]

(6) Gaze: [forward, downward, sideways,
away, upward, outward, engaged, Not
applicable]

(7) Visible Body section: [upper body, full
body, hand only, lower half, close up,

midsection, full back, head shot, Not
applicable]

Answer properly in JSON format with the
following keys - "colors_and_tones", "
image_lighting", "perspective", "
image_background", "color_palette", "
photography_genre", "concept", "depth",

"image_effects", "hair_style", "
facial_expression", "clothing_style", "
clothing_color_palette", "posing", "gaze
", "visible_body_section". The values of
the JSON should be in a dictionary for

colors_and_tones and a list for all
other keys. Do not include any other
information in your answer.�

Listing 1. Prompt used while training BrandVLM



Considered Brand Sectors
Aerospace, Agricultural Heavy Equipment, Airline, Amusement Park, Automobile, Beauty, BioTech, Brewery, Car rental,
Construction, Consulting, Consumer goods, Cruise, Defense, Drink, E-commerce, Education, Electronics, Entertainment,
Eyecare, Fashion, Finance, Fitness, Food, Footwear, Gaming, Gas, Hardware, Healthcare, Home appliances, Homecare,
Hospitality, Insurance, Jewelry, MLM, Networking, NGO, Oil, Parcel service, Pet Supermarket, Petrol station, Petroleum,
Pharma, RailRoad, Research, Restaurant, Ride sharing, Satellite, Software, Sports, Supermarket, Telecom, Tires, Tourism,
Underwater Diving, Watches, Wind Turbines

Characteristic Labels

Image Lighting Bright, Dark, Moderate, Studio, Natural, Soft, Hard, Light glare, Vignette, Colored, Light on subject
Perspective Bird eye view, Worm eye view, Fish eye view, Panorama view, Centered composition, Rule of third, Altered

perspective, Framed image, High angle photo, Low angle photo, Vertical composition, Corner shot, Point
of view shot, Audience perspective

Image Background Solid, Pattern, Gradient, Background as frame, Textured, Wood, Blurred, Transparent, Bright, Dark, Light
Color Palette Grayscale, Monotone, Two tone, Bright colors, Pastel colors, Complementary colors, Analogous colors,

Inverted colors, Galaxy colors, Aquatic colors, Sunset colors, Autumnal colors
Photography Genre Architectural, Candid, Staged, Portrait, Selfie, Group, Product, Fashion, Beauty, Bridal, Interior, Street,

Landscape, Sky, Still-life, Action, Underwater, Botanical, Historical, Amateur, Abstract, Live stage
Concept Illustration, Photorealism, Typography, Vintage, Graphic design, Cartoon, Incomplete art, Wave pattern,

Text heavy
Depth Wide angle shot, Mid shot, Close up shot, Macro shot, Motion blur, Radial blur, Gaussian blur, Fully

focused subject, Unfocused subject, Partly focused subject, Bokeh effect, Isolated focal point, Multiple
focal points, Bright focal point, Dark focal point, Shallow depth of field

Image Effects Short exposure, Long exposure, Neutral density filter, Artificial shadow, Silhouette, Pixelated image, Van-
ishing point, Negative space, Motion capture, Cut-out, Symmetric, Asymmetry, Low saturation, High satu-
ration, Low contrast, High contrast

Hair Style Short, Covered, Wavy, Loose, Varied, Straight, Neat, Ponytail, Casual, Tied back, Flowing, Curly, Updo,
Pulled back, Braided

Facial Expression Engaged, Content, Focused, Neutral, Joyful, Relaxed, Contemplative
Clothing Style Casual, Athletic, Formal, Business, Swimwear, Business casual, Traditional, Protective, Beachwear, Cos-

tume, Form fitting
Clothing Color Palette Neutral, Colorful, Vibrant, Monochrome, Earthy, Pastel, Muted
Posing Standing, Seated, Holding, Leaning, Active, Reclined, Walking, Stretching, Dynamic, Running, Relaxed,

Confident
Gaze Forward, Downward, Sideways, Away, Upward, Outward, Engaged
Visible Body Section Upper body, Full body, Hand only, Lower half, Close up, Midsection, Full back, Head shot

Appendix D. The Brand sectors, Brand Style Characteristics and their corresponding labels considered in our approach. For details please
refer to Section 3.

Consulting
Joyful/Neutral

expressions
Formal clothing
Portrait shots

Telecom
Engaged

expressions
Protective clothing

Action shots

Wind Turbines
Engaged

expressions
Protective clothing

Action shots

Oil and Gas
Engaged/Joyful

expressions
Protective/Formal clothing

Action/Portrait shots

Concept: Employees

Automobiles
Joyful

expressions
Staged setting

Wide shots

Concept: Couples

Amusement Parks
Joyful

expressions
Candid setting

Wide, High-angle
shots

Fashion
Neutral

expressions
Staged setting
Mid/Close-up

shots

Supermarkets
Joyful

expressions
Candid setting
Mid/Close-up

shots

Appendix E. Here, we show more examples of nuanced Brand variations. Different brands from a particular sector can have some common
characteristics, such as Protective clothing style of employees in Telecom sector, or Joyful facial expressions and Candid setting images of
couples in Amusement Parks sector.
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