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Abstract

The rapid advancement of Artificial Intelligence Generated
Content (AIGC) techniques has unlocked opportunities in
generating diverse and compelling advertising images based
on referenced product images and textual scene descrip-
tions. This capability substantially reduces human labor and
production costs in traditional marketing workflows. How-
ever, existing AIGC techniques either demand extensive fine-
tuning for each referenced image to achieve high fidelity,
or they struggle to maintain fidelity across diverse products,
making them impractical for e-commerce and marketing in-
dustries. To tackle this limitation, we first construct AdProd-
100K, a large-scale advertising image generation dataset. A
key innovation in its construction is our dual data augmen-
tation strategy, which fosters robust, 3D-aware representa-
tions crucial for realistic and high-fidelity image synthesis.
Leveraging this dataset, we propose RefAdGen, a genera-
tion framework that achieves high fidelity through a decou-
pled design. The framework enforces precise spatial control
by injecting a product mask at the U-Net input, and employs
an efficient Attention Fusion Module (AFM) to integrate
product features. This design effectively resolves the fidelity-
efficiency dilemma present in existing methods. Extensive ex-
periments demonstrate that RefAdGen achieves state-of-the-
art performance, showcasing robust generalization by main-
taining high fidelity and remarkable visual results for both
unseen products and challenging real-world, in-the-wild im-
ages. This offers a scalable and cost-effective alternative to
traditional workflows.

Code — https://github.com/yunsoft2019/RefAdgen

Introduction

In the fast-paced digital marketing and e-commerce land-
scape, there is a growing demand for quickly generating vi-
sually engaging advertising images (Marwan, Harkim, and
Sugiharto 2024). Traditional content creation relies on costly
photoshoots and manual design, creating bottlenecks that
hinder both speed and scale (Cui, Liu, and Yuan 2025;
Adepoju et al. 2024). While Artificial Intelligence Gener-
ated Content (AIGC), particularly diffusion models (Ho,
Jain, and Abbeel 2020; Rombach et al. 2022), promises to
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Figure 1: Examples of generated advertisement images.

revolutionize this landscape, a core challenge prevents its
widespread commercial deployment: how to generate high-
fidelity advertising images that faithfully preserve the vi-
sual characteristics of given product images while achieving
compelling visual results according to user specifications?

Existing subject-driven generation methods reveal a criti-
cal dilemma between visual fidelity and computational effi-
ciency. On the one hand, tuning-based methods like Dream-
Booth (Ruiz et al. 2023) and Textual Inversion (Gal et al.
2022) achieve remarkable fidelity in preserving product de-
tails. However, their “one-model-per-subject” paradigm in-
curs prohibitive training and storage costs, making them im-
practical for e-commerce platforms managing a large num-
ber of products. On the other hand, tuning-free methods
like TP-Adapter (Ye et al. 2023) and PhotoMaker (Li et al.
2024) offer the required efficiency and scalability, but they
often fail to preserve product details such as the unique
textures, shapes, and logos, which are essential for main-
taining brand identity in advertising contexts. This fidelity-
efficiency dilemma represents the primary barrier to apply-
ing AIGC techniques in advertising image generation.

To bridge this fidelity-efficiency gap, we propose RefAd-
Gen, a novel generation method that achieves high fidelity
within a tuning-free paradigm (i.e., no per-SKU test-time
fine-tuning). Its core innovation is a decoupled generation



architecture that disentangles the complex synthesis pro-
cess into two distinct tasks: spatial layout control and iden-
tity feature fusion. Spatial control is achieved by inject-
ing a product mask at the U-Net’s input, which implicitly
guides the model’s spatial awareness throughout the genera-
tion process, as opposed to applying an explicit mask during
feature fusion. By handling these objectives separately, our
design philosophy prevents feature entanglement, enabling
the model to achieve state-of-the-art product fidelity while
maintaining high efficiency (Figure 1).

However, developing and validating our method requires
high-quality training and evaluation data, which is still lack-
ing in this domain. Therefore, we introduce AdProd-100K,
the first large-scale benchmark specifically designed for
reference-based advertising image generation. We first col-
lect 100,000 high-quality advertising images from various
e-commerce platforms and brand websites, and then gen-
erate corresponding product images and textual scene de-
scriptions. We further enhance the diversity of dataset with a
novel dual data augmentation strategy that combines multi-
view synthesis (Kerbl et al. 2023) and image degradation,
which encourages models to learn intrinsic 3D product prop-
erties rather than learning a superficial 2D “copy-paste”
shortcut. This dataset not only supports the training and eval-
uation of our proposed method but also provides researchers
the basic foundation they need to tackle this important com-
mercial challenge.

The main contributions of this work are as follows:

* We introduce AdProd-100K, the first large-scale bench-
mark for reference-based advertising generation, featur-
ing a novel dual augmentation strategy to foster robust,
3D-aware learning.

* We propose RefAdGen, a framework with a novel decou-
pled design that combines mask-guidance at the U-Net
input with an efficient Attention Fusion Module (AFM)
to enable high-fidelity product preservation without per-
product training.

* We conduct extensive evaluation on both AdProd-100K
and in-the-wild images to demonstrate the effectiveness
of RefAdGen in maintaining fidelity and generating com-
pelling advertising images based on textual description.

Related Work

We review controllable image generation, focusing on fine-
tuning-based and tuning-free subject-driven methods, and
spatial control approaches.

Subject-Driven Generation via Fine-Tuning

Fine-tuning-based methods adapt pretrained diffusion mod-
els by updating network parameters. Textual Inversion (Gal
etal. 2022) uses learned pseudo-tokens for personalized syn-
thesis. DreamBooth (Ruiz et al. 2023) tunes the U-Net with
subject-specific images. Extensions include optimization ac-
celeration (Tewel et al. 2023), multi-concept blending (Ku-
mari et al. 2023), and flexible tuning paradigms (Jiang et al.
2023). Domain-specific works (Shen et al. 2025d,c) achieve
high realism but require subject-specific training. All rely on
“one-model-per-subject”, demanding separate training per
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Figure 2: The construction pipeline of AdProd-100K. Start-
ing from the advertising images, we first construct triplets by
extracting the product images and textual scene description,
and then enhance them with dual data augmentation.

product with prohibitive costs, unsuitable for commercial
platforms.

Tuning-Free Controllable Generation

Tuning-free methods inject subject and structure informa-
tion via external conditions. IP-Adapter (Ye et al. 2023)
uses a visual encoder and adapter to inject reference fea-
tures. PhotoMaker (Li et al. 2024) extends this for faces,
while others explore multi-subject injection (Ma et al.
2024). Although efficient, these often compromise identity
preservation, failing to maintain critical attributes (mate-
rial, shape, branding) for advertising. Spatial control meth-
ods inject structured priors through auxiliary encoders.
ControlNet (Zhang, Rao, and Agrawala 2023) and T2I-
Adapter (Mou et al. 2023) use edge maps or pose skeletons.
Hierarchical approaches (Cheng et al. 2024) address layout-
to-image through multi-level modeling. Fashion-domain
methods (Shen and Tang 2024; Shen et al. 2025b) lever-
age pose or mask guidance. While excelling at structural
fidelity, these do not address instance-level identity preser-
vation. Instruction-based editing (Brooks, Holynski, and
Efros 2022) guides synthesis via natural language but of-
ten overwrites subject appearance. Inspired by IMAGHar-
mony (Shen et al. 2025a), we adopt a decoupled design:
masks injected into the U-Net for layout control, and iden-
tity features fused through lightweight attention, enabling
high fidelity without fine-tuning. Our task is product-to-
scene with mask layout control and identity re-injection.

Building AdProd-100K with Dual
Augmentation

The key to advertising image generation is a large collection
of high-quality triplets containing textual scene descriptions,
product images, and advertising images. To achieve this, we
constructed AdProd-100K, a large-scale dataset designed for
both training and evaluating models. Figure 2 shows our
dataset construction pipeline, which consists of two main
stages: triplet generation and dual augmentation.



Figure 3: The overall model architecture of RefAdGen, featuring a decoupled dual U-Net design. The Generation U-Net receives

the noisy latent and the product magk® at its input for spatial control. At each level of the network, the Attention Fusion
Module (AFM) fuses identity features from the Reference U-Net with the scene features of the Generation U-Net.

Triplet Generation

Our process begins by collecting over 400,000 images from
various e-commerce platforms and brand websites, spanning
30 product categories. We then used Qwen-2.5VL (Bai et al.
2025) to generate the textual scene description, and com-
bined Grounding DINO (Liu et al. 2023) and SAM2 (Ravi
et al. 2024) to obtain referenced product images, which are
effective and widely used in corresponding tasks. Through-
out this process, we performed a rigorous Itering process to
ensure data quality, discarding images with signi cant wa-
termarks, embedded text, occlusions, or low resolution. This
stage results in 100,000 high-quality triplets, each contain-
ing a textual scene description, a product image, and an ad-
vertising image.

Dual Augmentation

Directly training models on these triplets, however, leads to
signi cant limitations and poor generalizability. First, since

View Image Generation.This strategy addresses the limita-
tions of a single, xed camera angle. Instead of single-view
3D Gaussian Splatting, we use minor viewpoint perturba-
tions to foster 3D-aware features. We leverage 3D Gaussian
Splatting (Kerbl et al. 2023) to render novel views from a
single product image. Crucially, we recognize that in practi-
cal applications, a user's reference image is typically close
to their desired output angle. Therefore, our strategy fo-
cuses on rendering novel yet similar views, rather than dras-
tically different perspectives. Training with these subtle vari-
ations enhances the model's 3D awareness, incentivizing it
to learn the product's underlying geometry rather than being
restricted to a single, static viewpoint.

Image Degradation. This strategy simulates real-world

imaging variations. By applying degradations like Gaussian
noise, shadow variations, and minor geometric warps to the
product images, models are forced to distinguish between

the productimages are directly segmented from the advertis- a product's intrinsic, invariant features (e.g., logo, material)
ing images, models tend to learn a super cial “copy-paste” and incidental extrinsic, photographic artifacts. This shifts
shortcut. This results in unrealistic composite images and a the model's focus from pixel-level replication to essential

lack of diverse viewing angles, as the model merely repli- feature extraction, enabling it to better handle imperfect in-
cates rather than understands the products. Second, userput images.

provided product images are inherently of varying quality

due to factors like inconsistent lighting, camera shake, and

sensor noise. Without training on such diverse and imper-  For each original triplet, we generated ve augmented

fect data, models struggle to generalize effectively to varied variants by modifying the product images. The mask of each

real-world scenarios. productimage is also extracted using SAM2 for model train-
To address these challenges and enhance model robusting. Table 1 provides a detailed variant distribution across

ness, we designed a dual data augmentation stratbgyi: different categories.



Category Num  Category Num  Category Num attention and cross-attention in parallel and then sums their
outputs. Speci cally, for a given query featu€@ from the

Backpack 25000 Eyeshadow 13960 Pens 14650 . .

Bench 21855 Fork 18115 Pilows 14595 G_eneratlon U-Net, the module's nal outp@ary com-
Body wash 25000  Foundation 10715  Rugs g760 bines 1) a self-attention term for scene structure, calculated
Bottle 25000 Handbag 25000  Shampoo 22990 using the Generation U-Net's own kel § and value ¥ );

Car 25000 Hats 36740 Snacks 24990 and a cross-attention term for identity injection, calculated
Cell phone 25000 Headphones 22645 Sneakers 24995 using the keyK (e) and value Y (¢f) from the Reference U-
Chargers 21095 Kite 13030  Sportsball 7045  Net. The entire operation is captured by:

Clothing 24995 Lipstick 10585 Toothbrush 7105

Coffee 24275  Motorcycle 24995  Umbrella 15675 KT b
Cup 16860  Notebooks 24995  Wine glass 24990 Oarm = softmax % V + softmax d—f Vref;
. . 1)
Table 1: 30 categories and their sample counts. wheredy is the dimension of the key vectors.

Implicit Spatial Control Mechanism. To enable 3D-aware
generation with novel viewpoints, our method injects masks
RefAdGen at the input of Generation U-Net rather than applying rigid

In addition to constructing AdProd-100K, we proposed Re- feature-level masking at each level. By providing the mask
fAdGen to generate high- delity advertising images without as an early spatial prior, we allow it to naturally propagate
ne-tuning on each input product. The core idea is to sepa- through the network, creating spatially-aware query vectors
rate the task of scene generation from product injection and (Q) that adaptively attend to relevant identity features based
then precisely merge them. Figure 3 illustrates the design on spatial context. This implicit mechanism delivers two
of RefAdGen, which consists of two core components: 1) a bene ts: it maintains a precise spatial layout while encour-
dual U-Net backbone, where the Generation U-Net is spa- aging the model to learn intrinsic 3D object representations
tially guided by an input product mask, and 2) an Attention rather than memorizing static 2D silhouettes. Consequently,
Fusion Module for injecting identity features from the Ref- RefAdGen achieves geometrically coherent synthesis across
erence U-Net into the Generation U-Net. novel viewpoints.

Dual U-Net Architecture Training Objective

To address the inherent con ict between diverse scene gen- \We train RefAdGen end-to-end using the standard noise pre-
eration and high- delity identity preservation, we adopted diction objective from latent diffusion models. The model
a dual U-Net architecture that decouples these competing | represented by our AFM-integrated U-Net, is trained to
objectives into specialized processing streams. This archi- predict the sampled nois€rom the noisy latent; . The loss
tecture leverages two networks derived from the same pre- functionL is the mean squared error between the predicted
trained model, ensuring natural feature space compatibility and sampled noise, conditioned on the text procagt, the

that enables seamless identity-scene fusion while allowing spatial product maski , and the feature,e;, which is en-

each U-Net to excel in its dedicated task. coded from the product image by our Reference U-Net.
Reference U-Net.This network functions as a dedicated h i
identity feature extractor. Its weights are fully ne-tuned L =E, .. ..um: 2t K (concatzi; M O; t; Crex; Zren)K5
during training to learn and extract the most critical features ®)

for identity preservation from the input product image. This
_de3|g_n (_enables it to supply hlghly relevant and condensed Experiments
identity information to the generation process.

Generation U-Net. This network serves as the primary de- This section systematically validates our proposed frame-
noising backbone for synthesizing the nal advertising im- Wwork, RefAdGen, through a series of comprehensive exper-
ages based on the extracted product feature and the useriments conducted on our AdProd-100K. In addition to nu-
provided scene description. To incorporate precise spatial merical evaluation, we further tested our method on a di-
guidance, we modi ed its input to accept a 5-channel tensor, verse set of in-the-wild photographs captured with mobile
formed by concatenating the standard 4-channel noisy latent phones, con rming its robustness and broad applicability. A

z; with the 1-channel product mask °. The rst convolu- user study is also conducted to assess human perception of
tional layer is modi ed accordingly to accept this extra chan-  our generated results.

nel. To preserve the powerful generative prior and achieve )

parameter-ef cient adaptation, most parameters are copied 5.1 Experimental Setup

from the pre-trained model and frozen. Only the modi edin-  Dataset and Metrics Our experiments were conducted on
put layer and the projection matrices within our AFM mod-  the AdProd-100K dataset, using a 9:1 training-to-testing

ules are made trainable. split. We evaluated performance on ve metrics across sev-
i i eral key dimensions: CLIP-Score (Hessel et al. 2021) for
Attention Fusion Module text adherence, FID (Seitzer 2020) for realism, ImageRe-

To effectively inject identity features into the scene, we em- ward (Xu et al. 2023) for human preference, and MP-
ploy an Attention Fusion Module (AFM) that computes self- LPIPS (Chen et al. 2024) and LPIPS (Zhang et al. 2018)
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Figure 4: Qualitative comparisons on AdProd-100K. Prompts are simplified for clarity. Both the training samples on the left
and the test samples on the right showcase the consistent advantages of RefAdGen in identity consistency, scene realism, and

overall aesthetic quality.
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Figure 5: Qualitative comparison on in-the-wild images. The
inputs are real-world photos captured using mobile phones,
from which our pipeline automatically segments the product
image and generates advertising images using RefAdGen.

Hyperparameter ~ Value Hyperparameter  Value

Optimizer AdamW  Weight Decay 0.01
Batch Size 3 Learning Rate 1 10 °
Noise Offset 0.05 LR Scheduler Linear

Training Epochs 8 Warmup Steps 500

Table 2: Hyperparameter configuration for the model.

for perceptual similarity and identity preservation. We also
evaluated on in-the-wild images to assess generalization.

Baselines. We compared RefAdGen against state-of-the-
art methods representing diverse control strategies: IP-

Adapter (Ye et al. 2023) that uses identity as reference,
ControlNet (Zhang, Rao, and Agrawala 2023) and T2I-
Adapter (Mou et al. 2023) that uses structure information
as reference, and Instruct-Pix2Pix (IP2P) (Brooks, Holyn-
ski, and Efros 2022) that performs instruction-guided image
editing. To ensure a fair comparison, all baselines and our
model are built upon the Stable Diffusion v1.5 backbone.
Implementation Details. Our model was trained on two
NVIDIA 5090D GPUs. All input images were resized to
512  640. Detailed hyperparameter settings are provided
in Table 2. At inference time, our method generates a sin-
gle image in approximately 1 second on an NVIDIA 5090D
GPU.

5.2 Main Results and Analysis

Quantitative Comparison. The quantitative results in Ta-
ble 3 demonstrate the effectiveness of our RefAdGen. A
central challenge is maintaining perceptual similarity while
ensuring faithful text adherence. Methods like T2I perform
well in text adherence (34.27 CLIP-Score) but exhibit sig-
nificant weaknesses at preserving the fine-grained details
(0.3382 MP-LPIPS). Conversely, identity-reference meth-
ods like IP-Adapter compromise on text adherence and over-
all realism in favor of perceptual similarity. In contrast, our
method achieves state-of-the-art performance in both dimen-
sions, scoring highest on CLIP-Score (34.5106), MP-LPIPS
(0.2612), and LPIPS (0.5487). This demonstrates its robust
ability to integrate the reference product seamlessly into a
novel scene described by the text prompt.

In addition, this high-fidelity generation does not compro-
mise overall image quality or aesthetic appeal. RefAdGen
achieves the best realism with an FID score of 50.58, which
indicates that our generated scenes are not only accurate but



