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Abstract. Text-to-image (T2I) generative diffusion models have made remark-
able progress in single-concept personalization. However, extending customiza-
tion to multiple concepts simultaneously introduces critical challenges, including
identity bleeding (where visual features of distinct subjects merge) and attribute
leakage (where properties bind to incorrect subjects). These failures stem from
global cross-attention mechanisms that lack spatial constraints. Despite the rapid
proliferation of methods addressing multi-concept personalization, a compre-
hensive survey that systematically categorizes these approaches is still missing
in the literature. This paper presents a systematic survey of the state-of-the-art
in multi-concept personalization. We propose a unified taxonomy that classi-
fies existing methodologies along four primary dimensions: (1) personalization
paradigm and concept representation space (optimization-based, tuning-free, and
hybrid), (2) disentanglement and generation strategy (weight merging, attention
routing, layout control, and score fusion), (3) target personalization granularity
(full-object, part-level, relation-aware, and identity-specific), and (4) generative
backbone architecture (U-Net, Diffusion Transformer, and Autoregressive mod-
els). Furthermore, we systematically examine how these methods integrate with
modern backbones and granularities, highlighting key trade-offs between parame-
ter tuning efficiency and zero-shot generalization. We analyze standard evaluation
protocols, covering benchmark datasets and quantitative metrics for subject fi-
delity, text alignment, and spatial composition. Finally, we identify key open
challenges such as strict spatial isolation, hierarchical subject-object binding, and
zero-shot scaling, offering a clear, structured roadmap for future research in this
rapidly evolving field.

Keywords: Multi-concept personalization - Text-to-image synthesis - Diffusion
models - Concept disentanglement - Identity preservation

1 Introduction

Text-to-Image (T2I) diffusion models [28] have revolutionized visual content generation
by synthesizing high-fidelity images conditioned on natural language prompts. How-
ever, generic models cannot generate specific, user-provided instances (e.g., a specific
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personal pet) because natural language lacks the bandwidth to express fine-grained in-
dividual details. Single-subject personalization methods were developed to address this
limitation. Textual Inversion [8] learns a new pseudo-token v* in the embedding space
of the text encoder, DreamBooth [30] fine-tunes the entire generative network, and Low-
Rank Adaptation (LoRA) [12] updates low-rank residual attention projection matrices
for parameter efficiency.

In practical applications, users frequently need to compose multiple distinct person-
alized subjects within a single scene. However, naively applying single-subject methods
to multi-concept settings leads to severe compositional failures: (1) identity bleeding,
where visual features of distinct subjects are mixed or swapped; (2) attribute leakage,
where descriptive modifiers bind to incorrect subjects; and (3) spatial conflict, which
causes scale anomalies, unnatural overlaps, or complete subject omission. These fail-
ures stem directly from unconstrained global cross-attention mechanisms, where image
query tokens interact with text conditioning keys across the entire spatial canvas without
boundary isolation.

To address these limitations, a substantial body of literature has emerged across
optimization-based, tuning-free, and hybrid approaches. To organize this rapidly ex-
panding field, we present a unified taxonomy structured along four primary dimensions:
(1) Personalization Paradigm and Concept Representation Space, (2) Disentanglement
and Generation Strategy, (3) Target Personalization Granularity, and (4) Generative
Backbone Architecture (§3), as illustrated in Fig. 1.

To guide our systematic analysis, this survey is structured around three core Research
Questions (RQs):

- RQ1 (Paradigms & Representation): What are the dominant personalization
paradigms and concept representation spaces used to encode multi-subject iden-
tities, and how do they balance parameter efficiency with visual fidelity?

— RQ2 (Disentanglement Strategies): How do modern disentanglement strategies
(weight merging, attention routing, layout control, score fusion) isolate multi-
concept features to prevent identity bleeding and attribute leakage?

— RQ3 (Granularities, Backbones & Bottlenecks): How do generative backbones
(U-Net, DiT, Autoregressive) and target granularities impact spatial isolation, zero-
shot scaling, and benchmark standardization?

1.1 Systematic Search Protocol

To ensure complete and reproducible coverage, we conducted a systematic literature
search following standard survey protocols. We queried major electronic databases
and digital libraries, including arXiv, IEEE Xplore, ACM Digital Library, Google
Scholar, CVPR, ICCV, ECCV, NeurIPS, and AAAI, covering literature published or
posted between 2023 and early 2025. Search query strings combined primary key-

» » o«

words: “multi-concept personalization”, “multi-subject diffusion”, “concept disentan-
glement”, “tuning-free personalization”, and “multi-LoRA composition”.

We applied predefined inclusion and exclusion criteria: included works must specif-
ically address multi-concept or multi-subject image generation using diffusion or trans-

former-based backbones and provide empirical evaluations (quantitative or qualitative
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metrics). We excluded single-subject-only methods, non-diffusion text-to-image ap-
proaches, and non-peer-reviewed blog posts lacking technical rigor. From an initial pool
of 154 identified candidate records, 60 primary papers were selected for detailed analysis
and taxonomical synthesis in this survey.

2 Preliminaries and Problem Definition

Multi-Concept Personalization
in T2l Diffusion Models

1. Representation Space 2. Disentanglement Strategy 3. Target Granularity 4. Generative Backbone
(83.1) (§3.2) (53.3) (§3.4)

Textual / Token Space: Weight / Model Merging: Full-Object: U-Net Architectures:
Compositional Inv. [40], Cones-V2 [21] Mix-of-Show [9], K-LORA [23], MUtLFG [29] Custom DIff. [16], Mix-of-Show [3] SD 1.5 [28], SDXL [25], Custom DIift. [16]
Model Weight Space: Attention Routing: Part-Level: Diffusion Transformers:

Custom Diff. [16], Mix-of-Show [9], QR- icept Conductor [39], MUSAR [10], FreeGus-  Chimera [32], PartComposer [19] SD3 [6], FLUX.1 [1], Mod-Adapter [42],
LoRA [38], TARA [24], FreeLoRA [41] tom [4] Relation-Aware: XVerse [2]

Hybrid / Feature Space: Layout Control: RelationBooth [31], Interact-Custom [37] Autoregressive / In-Context:
MS-Diffusion [33], XVerse [2], IP-Composer [5], LayerC 2 [35]. Con- i if UNO [34], iMontage [7]

Mod-Adapter [42] textGen [36] DynamiclD [13], PersonaCraft [14]
Score Fusion:
OMG [15]

Fig. 1. Unified 4-dimensional taxonomy of multi-concept personalization methods in text-to-
image diffusion models

LDMs [28] operate in a lower-dimensional latent space via an autoencoder with
encoder & and decoder D. Input 7 is mapped to latents zo = E(/). The model is trained
to denoise latent representations conditioned on text prompts.

Single-subject personalization associates an identity with a pseudo-token v*, given
reference images of a category C. Textual Inversion [8] learns a new token embedding
while keeping model weights frozen. DreamBooth [30] fine-tunes model parameters to
bind identities to textual concepts. LoRA [12] injects trainable low-rank adapters into
attention heads.

Multi-concept personalization extends the task to N different subjects {S i}il\i , with
tokens {v; } t’\; , and acomposite prompt yjoint. Because global cross-attention mechanisms
lack spatial boundaries, naive compositions lead to three major failure modes (Fig. 2):
Identity Bleeding, where visual features of distinct subjects merge; Attribute Leakage,
where descriptive attributes bind to incorrect subjects; and Spatial Conflicts, where
concepts fail to activate, resulting in scale distortion or subject omission.

3 Taxonomy of Multi-Concept Personalization

Our taxonomy organizes multi-concept personalization literature along four primary di-
mensions: (1) Personalization Paradigm and Concept Representation Space, (2) Disen-
tanglement and Generation Strategy, (3) Target Personalization Granularity, and (4) Gen-
erative Backbone Architecture.

3.1 Personalization Paradigms and Concept Representation Spaces

The concept representation space dictates where and how custom identities are encoded
and injected into the generative architecture.
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Identity missing ~ Feature leakage

Fig. 2. Compositional failure modes (adapted from [24]): (Left) Identity missing; (Right) Feature
leakage/identity bleeding

Textual and Token-Space Methods. These methods represent custom concepts as unique
pseudo-tokens v} in the word embedding lookup table of a frozen text encoder. To stabi-
lize multi-concept optimization, Cones-V2 [21] decomposes embeddings into category-
level base embeddings and concept-specific residual updates (v; = vpase + Av;). Com-
positional Inversion [40] optimizes pseudo-words while regularizing joint feature rep-
resentations. While token-space methods preserve base model parameters, their visual
fidelity is constrained by the expressiveness of the text encoder lookup table.

Model Weight-Space Methods. To capture intricate visual details, weight-space methods
fine-tune network parameters or low-rank adapters. Custom Diffusion [16] updates key-
value projection matrices in cross-attention while freezing query projections. Mix-of-
Show [9] trains single-concept LoRAs independently and merges them at inference.
QR-LoRA [38] factorizes low-rank updates using QR decomposition (AW} = AW;(I -
Pghared)) to enforce subspace orthogonality and eliminate linear merging interference.
TARA [24] proposes token-aware LoRA projection, while FreeLoRA [41] and Cached
Multi-LoRA [43] dynamically scale and mask attention outputs at inference.

Hybrid and Feature-Space Methods. Hybrid approaches combine textual tokens with
visual features extracted from pre-trained vision encoders (e.g., CLIP, DINOv2). De-
coupled cross-attention layers (e.g., [P-Composer [5]) process text and visual prompts
independently to prevent text override. In Diffusion Transformers, modulation layers
scale and shift block-level latents. Mod-Adapter [42] predicts personalized scale-shift
parameters directly from multimodal prompts. MS-Diffusion [33] and X Verse [2] lever-
age visual prompts to enable zero-shot multi-subject composition.

3.2 Disentanglement and Generation Strategies

This axis classifies methodologies by the computational strategy used to isolate multiple
concepts during generation and prevent identity bleeding.

Model and Weight Merging. Model merging combines independently trained concept
modules (e.g., subject-specific LoRAs) at inference without joint retraining. Linear
weight addition (Wipergea = Wo + Zfi | AiAW;) frequently causes parameter conflicts
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and feature distortion. Mix-of-Show [9] resolves conflicts via gradient-guided weight
fusion. K-LoRA [23] provides a training-free fusion mechanism that dynamically se-
lects Top-K parameter activations from subject and style LoRAs at attention time us-
ing timestep-dependent scaling factors. MultLFG [29] filters out conflicting frequency
bands. FreeLoRA [41] and Cached Multi-LoRA [43] apply subject-aware token routing
during sampling.

Attention Routing and Modulation. Attention modulation restricts textual conditioning
to specific spatial coordinates during inference. In cross-attention, query activations Q
and key projections K; of tokens v} are modulated by spatial masks M;:

exp(Q (K] /Nd) - Mi(x)
3, exp(Q(0)K] [Vd) - M(x)
where A7 (x) is the modulated cross-attention weight at pixel location x. By addressing
identity bleeding directly in attention maps, training-free routing (e.g., Concept Con-

ductor [39], MUSAR [10], FreeCustom [4]) scales dynamically to multiple concepts
and integrates seamlessly with pre-trained single-concept LoRAs.

AY(x) =

ey

Layout and Spatial Constraints. Layout control methods (e.g., LayerComposer [26],
GroundingBooth [35], ContextGen [36], Create Anything Anywhere [17]) utilize ex-
plicit inputs such as bounding boxes or layered canvases, steering diffusion latents via
loss gradients to enforce spatial boundaries.

Score and Noise-Level Fusion. Score fusion approaches (e.g., OMG [15]) merge multi-
ple concepts during sampling by blending noise predictions from single-concept models
within spatial masks.

3.3 Target Personalization Granularity

The complexity of multi-concept synthesis depends heavily on the target granularity of
the customized elements.

Full-Object Personalization. The standard setup generates distinct whole subjects (e.g.,
a specific dog and a specific cat) composed in a single scene, focusing on identity
preservation across separate entities.

Part-Level Personalization. Part-level methods extract components from distinct source
images to assemble a novel composite object (e.g., a specific toy character wearing armor
from another image). Chimera [32] and PartComposer [19] achieve this via localized
spatial cross-attention routing that binds part key vectors to sub-regions of the same
entity.

Relation-Aware Personalization. Relation-aware customization synthesizes subjects en-
gaged in complex physical interactions or semantic relationships where spatial bounding
boxes overlap. RelationBooth [31] and Interact-Custom [37] employ localized self-
attention gating and interaction tokens to model physical contact and spatial dependen-
cies.
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Identity-Specific Personalization. For human-centric generation, face identity preser-
vation is paramount. DynamicID [13] and PersonaCraft [14] integrate dedicated face
encoders to inject identity embeddings into key-value projection layers via decoupled
cross-attention.

3.4 Generative Backbone Architectures and Dynamics

The underlying generative architecture fundamental governs multi-concept composition
dynamics.

U-Net Architectures. U-Net backbones (e.g., Stable Diffusion 1.5 [28], SDXL [25]) offer
parameter efficiency but suffer from multi-resolution boundary mismatches caused by
factorized cross-attention layers across downsampling blocks.

Diffusion Transformers (DiTs). DiT models (e.g., SD3 [6], FLUX.1 [1]) enhance prompt
alignment via joint self-attention over text and image patch tokens. However, this global
token interaction amplifies identity leakage risks, requiring specialized modulation
adapters (e.g., Mod-Adapter [42], XVerse [2]).

Autoregressive Models. Autoregressive paradigms (e.g., UNO [34], iMontage [7]) frame
personalization as visual in-context next-token prediction, achieving zero-shot scalabil-
ity at the expense of fine-grained detail loss due to vision encoder tokenization limits.

3.5 Comparative Analysis and Method Trade-Offs

To provide actionable insights beyond individual paper descriptions, we compare the
relative strengths, weaknesses, and operational trade-offs of key method groups:

Tuning-Free vs. Optimization-Based Paradigms. Optimization-based methods (e.g.,
DreamBooth, Custom Diffusion) achieve superior identity fidelity and fine-grained at-
tribute matching, but require high computational overhead during inference-time training
(5-15 minutes per concept pair) and are prone to overfitting. Conversely, tuning-free
methods (e.g., MS-Diffusion, XVerse) enable instantaneous zero-shot generation and
interactive workflow integration, but are constrained by the embedding capacity of pre-
trained vision encoders, occasionally resulting in identity smoothing under complex
prompts.

Attention Routing vs. Layout Control Strategies. Attention routing mechanisms (e.g.,
Concept Conductor, MUSAR) operate dynamically without requiring user layout anno-
tations, making them ideal for unconstrained text prompts. However, they remain suscep-
tible to soft-boundary leakage when subjects are spatially adjacent. Layout-controlled
approaches (e.g., LayerComposer, ContextGen) guarantee strict spatial isolation and
exact bounding box placement, but depend on manual or automated layout inputs and
struggle when handling overlapping physical interactions.

Table 1 summarizes representative multi-concept methods structured across all four
taxonomy dimensions.
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Table 1. Taxonomical comparison of representative multi-concept personalization methods across
all four proposed dimensions

Method Paradigm (Representation) Disentanglement Strategy Target Granularity Generative Backbone
Textual Inversion [8] Optimization (Token) Concept Fusion Full-Object U-Net
DreamBooth [30] Optimization (Weight) Concept Fusion Full-Object U-Net
Custom Diffusion [16] Optimization (Weight) Model Merging Full-Object U-Net
Mix-of-Show [9] Optimization (Weight) Model Merging Full-Object U-Net
Cones-V2 [21] Optimization (Token) Spatial Control Full-Object U-Net
OMG [15] Tuning-Free (Feature) Score Fusion Full-Object U-Net
Concept Conductor [39]  Tuning-Free (Token) Attention Routing Full-Object U-Net
MS-Diffusion [33] Tuning-Free (Hybrid) Attention Routing Full-Object U-Net/DiT
Mod-Adapter [42] Tuning-Free (Hybrid) Attention Routing Full-Object DiT
XVerse [2] Tuning-Free (Hybrid) Attention Routing Full-Object DiT
iMontage [7] Tuning-Free (Hybrid) Attention Routing Full-Object DiT (AR)
Chimera [32] Hybrid (Feature) Attention Routing Part-Level U-Net
PartComposer [19] Hybrid (Feature) Attention Routing Part-Level U-Net
RelationBooth [31] Optimization (Weight) Attention Routing Relation-Aware U-Net
Interact-Custom [37] Tuning-Free (Hybrid) Attention Routing Relation-Aware U-Net

3.6 Evaluation Protocols

Evaluating multi-concept personalization requires assessing identity preservation, text
alignment, and spatial composition simultaneously.

Benchmark Datasets. Multi-concept evaluation relies on three standard benchmarks:
(1) DreamBench (Adapted) [30] (30 concept pairs in composite scenes); (2) Cus-
tomConcept101 [16] (101 concept pairs covering category and style variations); and
(3) MUSAR-Gen [10] (60+ prompts with layout annotations).

Quantitative Metrics. Evaluation protocols employ distinct metric suites: (1) subject fi-
delity uses CLIP-1[27] for global visual similarity, DINOv2 [22] for fine structure/texture
similarity, and ArcFace/InsightFace [3] for facial identity preservation; (2) text ed-
itability relies on CLIP-T [27] prompt alignment scores; (3) compositional correctness
applies Grounding DINO IoU [20] for bounding box precision and VLM evaluation
(LLaVA) [18] for attribute binding verification; and (4) image quality is measured via
FID [11].

4 Open Challenges and Conclusion

Despite significant progress, multi-concept personalization faces four key open chal-
lenges. First, tuning-free layout models (e.g., MS-Diffusion [33]) suffer from iden-
tity smoothing under dense text conditions, while autoregressive frameworks (e.g.,
UNO [34]) omit fine details due to encoder compression. Bridging the fidelity gap be-
tween tuning-free and optimization-based models remains an open challenge. Second,
soft attention masking still allows identity bleeding in adjacent spatial regions; guar-
anteeing strict spatial isolation requires mathematical bounds such as asymptotically
negative attention penalties in self-attention layers. Third, attribute binding degrades
sharply beyond 3-5 concepts, requiring hierarchical token-to-region routing architec-
tures. Fourth, transitioning from U-Nets to Diffusion Transformers necessitates re-
architecting cross-attention modulation layers for unified MMDiT blocks, compounded
by a lack of standardized multi-subject benchmarks.
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In conclusion, this systematic survey reviewed the multi-concept personalization
landscape in text-to-image models, introducing a unified taxonomy across four di-
mensions: personalization paradigm, disentanglement strategy, target granularity, and
generative backbone. While the field is rapidly adopting tuning-free and DiT-based
architectures, resolving strict spatial isolation, multi-subject scaling, and standardized
evaluation remains the critical frontier. We hope this survey provides a clear roadmap
for future research in personalized image synthesis.
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