BrandFusion: Aligning Image Generation with Brand Styles
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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 Al-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 Al-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-3 [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 Al 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 Al-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 FedEx' 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
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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:
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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 Hil ger have different expressions
and clothing styles. BrandFusion enables alignment of generated images to the brand by capturing these nuances.

e Natural language based style generation/transfer: ity to each other is on a more abstract level, as evident in
CLIPstyler [19], Styler-DALLE [38] and FastCLIP- Figure 2 (B). Moreover, these methods often require ne-
styler [31] are some of the recent works which devise tuning of the base model for each new style, while our
ways to transfer the style mentioned in a text prompt approach doesn't require such ne-tuning because the ex-
onto an image, so the style guidance is applied purely traction of the brand's visual identity (through VLM) is
in the linguistic space. This is achieved through the rich  decoupled from the brand-aligned image generation pro-
CLIP [26] embedding space, by ensuring the correspon- cess (through DM). This has the added advantage of being
dence between the output style image and the input style able to add customizations as per the marketer's prefer-
prompt. However, most of the text prompts explored in  ence for each new image that is to be generated.
these works involve only atomic level of changes such as . .
colours and textures (e.g. sunset style changes the ColouEersonahzed Image ngerqtlon: .A Io_t of research has
palette of the input image to red-orange hues). Another een done about manipulating Diffusion Models to gen-

work titled SGDiff [30] provides exible style guidance erate images that ful Il certain speci ed criteria. Earliest
through either language or reference image and trans_Works aimed towards easier adaptation of large-scale Dif-

fers it onto images of clothing items. Again, the style fusion_ Model_s incluge antroINet [42], yvhere image guid-

attributes used for guidance mostly involve colors and ance is provided by adding extra conditions through zero
texture based changes. On the other hand, re ecting aconvolution layers. While these works need considerable
brand's style requires consideration of a much richer level amounts pfltral'nmg data, later works am toreduce the num-
of features such as human expressions, camera perspe er of training images to learn a particular concept (objec-

tive with respect to the subject in the image and many t/ammal/per;ons identity), and coin it as personahzed_ im-
more. age generation. These works either ne-tune the weights

« Image based style transfer: ArtBank [46], LSAST [45], Qf t.he entire model (as in I_Dreambooth .[?7]) or invert thg
StyleDrop [29], DreamStyler [1], Inversion based Style limited n.umbelr of samples into the condlthnal space (asin
Transfer [43] and RIVAI [44] involve getting style based Textual inversion [8]) to learn representations that can be

guidance thl’OUgh one or more reference images which areused to generate the same concept in other environments

very similar to each other, i.e. the common features are SPeC! ed by the text prompts. The major drawback of these

very easily evident, such as anime, illustration or sketch. approaches is the need to ne-tune repetitively for each new

The primary focus of these approaches is to reduce theCOnCept. Follow up methods such as PaintByExample [39],

number of images required to infer the style (just one im- :Zug,tomNet [41], MlI))'(l_'?f-ShOWh[lo] ?nq In nl;e—ID [37] m-t'
age is suf cient). Also, the styles involved belong only ro_uk():le new Ca_p? nies SEC as ralntl_ng- reelt_glenetr)z_;\ |otn,
to artistic categories. However, brand promotional con- Ya'/ab'€ vIewpoinis generation, geénerating multiple objects

tent contains real world marketing images whose similar- Ina smglc_a 'mage, 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 repeharacteristics by prompting it to predict at most three la-
resentations into the conditional latent space of Diffusion bels corresponding to each of our 15 attributes. This cre-
models, or manipulate the cross-attention maps. Since allates the textual verbalization describing each image's visual
these representations are learnt in latent space, it is dif cult characteristics. Additionally, we compute CLIP-Image em-
to control speci c attributes of the generated images, an as-beddings [26] as ground truth visual style representations.
pect that is highly important for marketers. It is important to distinguish this annotation process from
Vision-Language models based guidance: With the ad- our BrandVLM training: the LLaVA-v1.6-34B model here
vent of Large-Language Models (LLMs) [33] and their serves as a ground truth extraction tool that analyzes real
assimilation with Vision Transformer (ViT) [5] models images to generate style characteristic labels, whereas our
which gave rise to foundational Vision-Language Models BrandVLM ( ne-tuned LLaVA-1.5-13B) learns to predict
(VLMs) [22]; these models are being used extensively in these same style characteristics directly from textual mar-
conjunction with generative Diffusion Models to automate keter context without any visual input. In addition, we use a
several visio-lingual tasks, e.g. Customized Manga Gener-deterministic extractor model to obtain the color palette of
ation [16], User-friendly/smart Image editing, photo opti- each image, out of a set of 40 base colors.

mization [7, 15, 48], etc. Particularly, Customization As-

sistant [48] enables editing of any input image even on the4. Image Generation Aligned with Brand
basis of vague text prompts provided by the user who might Styles

not have a clear idea of what they would like to change in ] ] )

the image. Therefore, we utilize a foundational VLM in our OUr BrandFusion framework generates images aligned to
approach, to automatically infer the style characteristics rel- °rand visual styles through a two-component architecture
evant to the target image, using just the metadata about thd'@ineéd in sequential phases.

social media post, such as post caption, image descriptionEhase 1: BrandVLM Training. We netune a Vision-
brand name and sector, date of posting, etc., all of which is -@nguage model (LLaVA-1.5-13B [22]) to predict both tex-
provided by the marketer. tual style characteristics and visual style representations

from marketer-provided context. While no images are pro-
3. Data vided as input to BrandVLM during training or inference,

we choose a VLM over a pure LLM (like LLaMA) because
Collection: We start with a dataset of approx 246K images VLMs possess superior understanding of visual concepts
belonging to 183 brands from a wide variety of sectors such and image-related terminology acquired during their mul-
as automobiles, fashion, footwear, electronics, airlines, andtimodal pretraining, making them better suited for under-
more (complete list is provided in the Appendix D). These standing about visual style attributes even from textual con-
images are scraped from the content posted by these brandgxt alone.
on their of cial twitter handles between Jan 2018 and Feb The BrandVLM learns to map marketer context x (brand
2023. We also collect the number of likes received by the name, sector, post text, posting date, image description,
post, the post caption and the date of posting. 90% of the and engagement metrics) to two complementary outputs:
total images of each brand are retained in the train set, and (1) a textual verbalization y describing the brand's visual

rest are used for testing. characteristics across our 15-attribute taxonomy, and (2) a
Annotation: Next, we take a set of N attributes (denoted by CLIP global image embedding e capturing ne-grained vi-
i,1 i N)related to diverse aspects of images, which  sual style information that complements the discrete textual

are generally used by art directors to describe brand imagesattributes.

inspired from [23, 24]. Some example attributes are im- This dual prediction approach addresses a key limitation:
age lighting, background, camera perspective, photographywhile textual characteristics provide interpretable control
genre. Also, since our dataset has humans in 57.02% of theover major style elements (lighting, composition, clothing),
total images, 7 out of these attributes are about the humansisual embeddings capture nuanced details (speci ¢ color
in the image (human-related attributes), such as facial ex-gradients, subtle textures, photographic quality) that are dif-
pressions, clothing style, clothing color palette, gaze. Each cult to verbalize but crucial for brand alignment. The
of these attributes can have different possible labels, e.gBrandVLM output is: ;¢ = BrandVLM (x), with train-

the photography genre can be Architectural, Product, Live- ing objective:

stage, Abstract, Candid, Group, etc. Thus, we consider a

total of 15 attributes (i.e. N = 15). A complete list of the Lranavim = Locip + L verw (1)
attributes and their corresponding labels is provided in the where Lgip = ke €k 2. 2
Appendix D. and Lyer, = L 1w (V;¥) 3)

For each image in our dataset, we use a Vision Language
Model (LLaVA-v1.6-34B [22]) to extract ground truth style Here, Ly denotes the language modeling loss, =0:lisa



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 netuned 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, agg Uses Inference. During generation, marketers provide context
mean squared error between ground truth CLIP embeddings to BrandVLM, which outputs predicted style characteris-
(e) and BrandVLM predictions (&), inspired from [17, 48]. ticsy and embeddings é. These condition the BrandDM to
We choose MSE over cosine similarity because MSE is generate brand-aligned images 2 (Figure 3).

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, 5 1. Evaluation Metrics

would ignore magnitude information that often correlates

with the visual prominence of style elements. The performance of the generated images is compared us-
Phase 2: BrandDM Training. We netune a foundation  ing the following set of metrics —

diffusion model (PixArt- or SDXL) to generate brand- (1) We calculate the binary classi cation accuracy of the
aligned images conditioned on both textual and visual style 9enerated images by training a simple MLP classi er to use
representations. The BrandDM learns to map the combined(image style labels, brand name) pair as input and predict
conditioning (y;e) to corresponding brand images using whether the pair is correct or not. The classi er is trained on

5. Quantitative Evaluation

standard denoising objective: equal numbers of correct and incorrect brand-image pairs
from our training set. On real data, this classi er achieves
Low =E k (z:;y; e)k? (4) 78.05% accuracy, establishing that our 15-attribute taxon-

omy contains suf cient information to distinguish between
Cross-Component Alignment. To ensure compatibility brands. We term this metric as Classi er Accuracy.
between BrandVLM prediction outputs and BrandDM ex- (2) We also netune the CLIP [26] model (only the nal im-
pected inputs, we further perform alignment netuning of age and text projection layers) over the training set, to get a
BrandDM. We retain it on 70% of training data unchanged BrandCLIP version of the model, and calculate the image-
but replace ground truth style representations with Brand-image and image-text similarities using this version.
VLM predictions for the remaining 30%. This mixed train- (3) For measuring the brand-alignment of the generated im-
ing regime allows the BrandDM to adapt to the Brand- ages, we calculate the JS divergence between the proba-
VLM's output distribution while maintaining performance bility distributions of the different style attributes obtained
on ground truth data. using the real images (bragp and the generated ones
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