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Abstract

In this paper, we identify two major gaps in personalizing text-to-image diffusion mod-
els, i.e., placing personalized concepts into generated image: 1) Creating a high-quality
multi-concept personalized dataset with detailed and aligned text descriptions is challeng-
ing. 2) There lacks comprehensive metrics to evaluate multiple personalized concepts
in an image. To overcome these challenges, we propose Gen4Gen, a novel generative
data pipeline for creating a benchmark dataset (MyCanvas) that combines personalized
concepts into complex compositions aligning with detailed text descriptions, aiming to
benchmark and improve multi-concept personalization. In addition, we introduce compre-
hensive metrics (CP-CLIP / TI-CLIP) for evaluating the performance of multi-concept
personalization models more effectively. Finally, we provide a simple yet effective base-
line built on top of several personalization methods with empirical prompting strategies
for future researchers to evaluate on MyCanvas benchmark. By improving data quality,
we can significantly increase the multi-concept image generation quality without changing
the model architecture or training algorithms, and we show our work can be simply plug
in to personalization approaches. We suggest that leveraging strong foundation models
for dataset generation could benefit various computer vision tasks. Code and benchmark
dataset are available at https://danielchyeh.github.io/Gen4Gen/.
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🐱 🐶🪴

A night view of Times Square, a🐶 
and a🐱 walking near few 🪴.

🚐  is next to a🚽, and two⛺ is located 
with rocks, near snowy mountains.

MyCanvas Dataset

Multi-Concept Generation

A 17 century hall, a 🖼 on wall. One ☕ 
and one 🎩 on table, and one  🛋 and 

one🏺 on the floor.

🚽🚐 ⛺

Source Personal Images

☕ 🏺

caption: In the garden with colorful 
flowers, a 🐱 , a 🐶 , and a 🪴 next to 

each other.

caption:  A 🖼 of a man is on a table next 
to a ☕ and a 🎩. A 🛋 is also in the room. 

The 🏺 is on the floor.

caption:  A 🚐 parked by ⛺ and 🚽 in 
woods. The forest is lush with trees, and 

the sky is visible through the canopy.

🖼 🛋🎩

Text-to-Image DiffusionGen4Gen

Figure 1: Starting from a few source images representing different concepts (each object
illustrated by an icon), we propose Gen4Gen, a generative pipeline to compose complex multi-
concept scenes paired with detailed text descriptions. Training with the resulting benchmark
dataset (MyCanvas) significantly boosts multi-concept personalization performance without
modifying model architectures or training strategies.

1 Introduction
Recent advances in text-to-image diffusion models [4, 12, 14, 27, 30, 34, 35, 37] have enabled
users to personalize generation with minimal sets of concept images (e.g., their pets or recently
bought houseplant) to generate new scenes incorporating these personal concepts (e.g., their
pets in a night view of Times Square as shown in Figure 1). These efforts improve control
over generation [1, 16, 19, 25, 36], but challenges remain, particularly in accurately handling
multiple concepts in a single image.

As noted by [19], the pretrained stable diffusion [35] struggles to disentangle and represent
multiple similar concepts (e.g., dog and cat) within one image. This limitation often carries
over to fine-tuned personalization models. We believe this issue stems from mismatches
between the text-image pairs in the pre-training datasets (e.g., LAION [38]) that emphasize
single-object scenes with simplified captions. This misalignment complicates multi-concept
personalization.

Rather than pursuing purely model-driven solutions, we develop a proof-of-concept
benchmark dataset focused on multi-concept personalization. We propose Gen4Gen, a novel
generative pipeline that leverages foundation models in foreground extraction [31], object
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