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Abstract

Personalized text-to-image generation faces a fun-
damental trade-off between learning new concepts
and preserving existing knowledge, and balancing
these two goals gets particularly more challenging
with multiple subjects to be personalized. Existing
methods have relieved this by providing additional
layout constraints, but it substantially undermines
flexibility of the generation process. To address
this issue, we propose a teacher—student architec-
ture equipped with explicit regularizers to mitigate
this trade-off. Specifically, we regulate the inter-
nal representations and cross-attention maps not to
significantly deviate from the original foundation
model, balanced with the reconstruction objective
to internalize new concepts. Through extensive
experiments, we demonstrate that our method en-
ables reliable layout-free multi-subject generation,
achieving the state-of-the-art performance on both
single- and multi-concept personalization.

1 INTRODUCTION

Text-to-image diffusion models [Ramesh et al., 2021} [Sa}
haria et al., 2022, Rombach et al.| 2022] have recently im-
proved their ability to synthesize high-quality images in
resolution, photorealism, style controllability, and condi-
tional guidance; e.g., pose, layout, color via external signals
[Zhang et al.| 2023} Mou et al.|[2024])). Sampling speed and
stability also have been improved through distillation-based
accelerations [Salimans and Hol [2022| |[Song and Dhari{
wall 2024, |[Luo et al.||2023]]. However, personalizing these
models to faithfully render user-specific concepts, e.g., a
particular pet or a toy, remains challenging due to its fun-
damental identity-composition trade-off: pushing for high
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subject fidelity often overfits the model to those new con-
cepts, degrading the model’s compositional ability, whereas
excessive conservation of the general knowledge underfits
the model on the new concepts, failing to capture their visual
details.

Existing personalization approaches have adopted two strate-
gies. First, Textual Inversion and subsequent methods [Gal
et al.,[2023] Wei et al., [2023| [Kumari et al., |2023]] add a new
identity token into the text manifold of an existing foun-
dation model, keeping the original embedding space itself
unchanged. This approach preserves the foundation model’s
compositional machinery, but is prone to underfitting the
identity of the new concepts, especially when the new token
needs to compete with strongly pretrained categories. In
contrast, DreamBooth and LoRA [Ruiz et al., 2023 |Kumari
et al.l 2023]] allow the model parameters to be updated, ef-
fectively remapping how text embeddings bind to visual
features. This approach amplifies subject fidelity, but risks
the latent space drift that perturbs the pretrained semantic
and spatial priors, eventually degrading composition ability.

The resulting tension becomes particularly pronounced with
multiple personalized concepts, leading to chronic issues
such as attribute mixing, concept omission, and weak rela-
tional binding, illustrated in Fig.[I] A prevalent workaround
is to add explicit spatial constraints, e.g., layouts or poses
L1 et al.l |2023b, \Gu et al., 2023, [ Kwon et al., 2024, Xiao
et al.,|2024, | Kwon and Ye, |2025] Jang et al., 2024, which
are well suited for applications requiring precise spatial con-
trol. When such explicit control is unnecessary, however,
these guidance signals restrict the open-ended adaptability
inherent in layout-free text-to-image generation by rigidly
pre-determining object scale, placement, and interactions,
as illustrated in Fig.[2]

Putting these together, an ideal personalized text-to-image
model should be able to learn new concepts while retain-
ing its layout-free compositional ability. Importantly, our
objective is not to replace layout-guided generation, but to
preserve robust compositional behavior in scenarios where
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vl v2 Generated

Prompt: photo of vl and v2

Baseline (layout-guided) Ours (layout-free)

Prompt: photo of vl and v2 at beach Figure 2: Layout-guided vs. layout-free generation. (left)
Layout guidance xes boxes and scales, yielding rigid,
template-like results. (right) Our layout-free approach pro-
duces diverse, natural multi-subject compositions without
manual spatial constraints.

Prompt: photo of vl and v2 at beach

Figure 1: Common failure modes in multi-concept gener- feature distillation and cross-attention alignment to
ation. (top) Attribute mixing (e.g., v1 dog entangled withv2 ~ Mitigate the latent-space drift and resolve the iden-
robot); (middle) Concept omission (e.g., v2 can missing); tty—composition trade-off.

(bottom) Relation/binding error (e.g., implausible pairing * We demonstrgte consistept improvemenFs in both delity
of v1 backpack with v2 dog). and composition across single- and multi-concept bench-

marks, achieving robust layout-free generation where
prior methods often struggle.

explicit spatial guidance is unnecessary, while remaining

complementary to layout-guided approaches when suc
guidance is available. In other words, the model parameterg RELATED WORK

need to be updated to suf ciently grasp the identity of neWSingIe—Concept Personalization. Textual Inversion [Gal

concepts, while minimizing collateral distortion to the under- : .
: S . etall, 2023] and its successors add new tokens for novel con-
lying latent space. Existing methods only partially address

this trade-off and often relv on prompi-Speci ¢ or lavout- cepts into the xed text-embedding manifold; e.qg., stronger
dependent strategies. In tr)(is ap er vr\)/e e?im to miti gte thteOken priors[[Voynov et &l., 2023, Tewel et al,, 2023, Wei
P gles. Paper, 9 et al., 2023, Zhang et al., 2024b] and pre-trained subject

latent space drift and improve robustness of the generatlonncoders [Li et al., 2023a, Jia et al., 2023, Chen et al., 2023,

process by explicitly anchoring the target model (student laluf et al., 2023, Hao et al., 2023]. These methods gen-

to a frozen foundation model (teacher)'s class-level struc- - .
) . - erally preserve compositional priors but often under t new
ture. Unlike conventional teacher—student scheimes [Hinton . .
- . identities. In contrast, parameter ne-tuning approaches
et al|| 2015] adopted for ef ciency, however, our approach . : .
e 7 . remap text—visual alignment by updating parts of the de-
leverages distillation as an explicit regularizer to balance

between the two con icting goals of learning new conce tsnoiser and attention; e.g., DreamBooth [Ruiz et al., 2023,
: 99 9 . P'S| oRA-based methods [Hu et al., 2022, Han et al., 2023,
and preserving compositional structure. Speci cally, we

. . J o~ Kumari et al., 2023], and implicit adaptation Ruiz et al.
introduce two regularizers to preserve the teacher's prior

(i) feature distillation of intermediate activations, and (ii) [2024]. While effective for single subjects, many struggle

cross-attention alignment that matches the student's atte\linv—Ith layout-free multi-subject composition, often causing

tion on the new-concept-speci ¢ token (e.gl, dog ) to identity blending.
the teacher's attention on its general class token (e.g., dodJlulti-Concept Personalization. Recent advances in per-
at the same denoising step. We empirically verify that thissonalization have extended single-subject synthesis to the
explicit guidance ensures the student to absorb the nemore challenging task of composing multiple identities, typ-
identity without signi cantly distorting the latent structure ically attempting to mitigate concept interference through
required for composition. various architectural or optimization strategies. Some ap-
proaches focus on structural separation, utilizing decentral-
ized adapter fusion or isolation [Gu et al., 2023], selective
* We identify that the compositional failures in layout- ne-tuning or decoupling of cross-attention [Kumari et al.,
free, multi-subject personalization are primarily rooted 2023, Kwon et al., 2024], or attention masking and gating
in identity—composition trade-off. [Jang et al., 2024]. Others emphasize feature-level align-
« We propose explicit regularization via intermediate ment via appearance matching [Nam et al., 2024], learned

Our main contributions are summarized as follows:



adapters or localized subject conditioning [Kwon and Yegt al., 2024], they often fall short in complex multi-concept
2025, Xiao et al., 2024], or decoupling of textual embed-scenarios. Arar et al. [2024] enhances prompt alignment at
dings [Wei et al., 2024]. Tuning-free methods, such as Faspersonalization, but does not explicitly address the preser-
Composer [Xiao et al., 2024], FreeCustom [Ding et al.yvation of layout-free compositional structure. In contrast,
2024], and MS-Diffusion [Wang et al., 2025], utilize pre- our method employs a frozen teacher as an explicit anchor
trained subject encoders to inject multiple identities withoutto regularize the personalization process. By aligning mid-
additional optimization. Another line of research focuses orlevel features and cross-attention maps, our framework aims
composing multiple personalized concepts from indeperto better preserve the foundation model's semantic and spa-
dently trained adapters or LORA modules at inference timetial priors during personalization, reducing latent-space drift
Representative examples include LoORAShop [Dalva et alwithout requiring external spatial templates.

2026], FreeFuse [Liu et al., 2025], and CLoRA [Meral et al.,
2025], which combine pre-trained concept-speci ¢ adapter
while attempting to mitigate interference among concepts:
These approaches assume that a separate personalization

model has already been trained for each concept and pIIID_reIiminaries on Diffusion Models. Text-to-image diffu-

marily address adapter composition at inference. In contrasg©" models (ed-g-, Rombach et al. [23?2]) gehnera'ge mggeg
our work focuses on the earlier personalization stage itsel*Dy an iterative denoising process, predicting the noise adde

aiming to learn new identities from scratch while presery1© the latent representation at each diffusion timestédjne

ing the compositional structure of the foundation modeImOdelF() Is trained to minimize the regonstruction_ loss
during ne-tuning. Despite this progress, existing methodsteCO“(F; x;y_;t) = E it k F(x;y;t)k” 2 Whe“?x IS

rely on explicit spatial guidance such as layouts, maské,he latent at timestelp y is the text conditioning, andis the

or poses to prevent concept blending [Li et al., 2023b GUground-truth noise. This process relies on the cross-attention
et al. 2023, Kwon et al.. 2024. Xiao et al. 2024. Kwon andMechanism, where attention maps for textual tokens dictate

Ye, 2025, Jang et al., 2024]. While effective when precisdl® Spﬁt'al manlfesltatlon of concepts. OdL_‘r m$th°d Iever—d
spatial control is desired, such guidance often sacri ces ex29€S these internal structures—intermediate features an

ibility of generation. HATIE [Ryu et al., 2025] proposed cross—attgnti_on maps—to maintain model integrity during
fully-automated evaluation of image personalization. personalization.

BACKGROUND

Compositional Generation. To ensure precise object pres- r0Plem Formulation. Let - denote a frozen foundation
ence and attribute binding, various strategies have beffXtt0-image diffusion (teacher) model with xed param-
integrated into text-to-image pipelines and large-scale T2f1€'S . and letF - be a personalized student model with
models [Ramesh et al., 2021, 2022, Saharia et al., 202£2Mable parameters We denote a set of user-de ned
Rombach et al., 2022, Podell et al., 2024]. These rang&ONCEPtS DY =fcy;:::; cy g. Each concept 2 Cis rep-
from cross-modal alignment [Zhang et al., 2021, Brooks €Sented by a few-shot reference imageXget X gy

et al., 2023] and attention-based controls [Rassin et a/2"d IS mapped to a unique identi er tokeg within the
2023, Zhuang et al., 2024] to extended textual conditioning©Xt-émbedding space. A textual promypmay incorporate
[Voynov et al., 2023]. While broader conditioning frame- °"€ OF more identi er tokens (e.g., “a photo ¢f and ,
works like ControlNet [Zhang et al., 2023], T2I-Adapter 2t the beach”) without any auxiliary layout guidance.

[Mou et al., 2024], and GLIGEN [Li et al., 2023b] achieve Our goal is twofold: (i) to render each conceptith high
robust binding by injecting external structures (e.g., boundidentity delity, and (i) to seamlessly compose multiple
ing boxes, edges, or poses), rely on external structural inputsoncepts, maintaining accurate spatial and semantic rela-
making them less suitable when diverse layout-free genergionships among subjects. We expect this approach would
tion is desired. address the compositional degradations prevalent in multi-

Distillation as Regularization. Knowledge distillation subject personalization, such as the attribute leakage and

[Hinton et al., 2015, Romero et al., 2015] in diffusion has CONcePt omission cases evidenced in Figs. 1 and 3.
primarily focused on inference acceleration and trainingTrade-off in Personalization Mechanisms. As introduced
stability [Salimans and Ho, 2022, Song and Dhariwal, 2024in Sec. 2, personalization methods can be categorized by
Luo et al.,, 2023]. However, distillation can also serve astheir approach to the latent space: xed vs. adaptive. The
a powerful regularization tool to mitigate catastrophic for-former such as Textual Inversion and its extensions [Gal
getting and interference—long-standing issues in modedt al., 2023, Wei et al., 2023, Zhang et al., 2024b] keeps the
adaptation [Li and Hoiem, 2016, Ruiz et al., 2023, Ku-model weights xed (= ) and learns only the embeddings
mari et al., 2023]. While existing personalization methodse( ) of the new concepts through reconstruction, e.g.,
attempt to curb latent-space drift and cross-concept interfer- .
ence through orthogonality constraints through LoRA [Hu g(“S Exax ity LreconF s€(c)i Xyt o0 (1)
et al., 2022] or parameter isolation [Gu et al., 2023, Kwon

Since remains unchanged, the foundation model's compo-



Ref. (v1) Ref. (v2) | Custom Diff. MUDI Tweedie FastComp. FreeCustom  MS-Diff. Ours

Figure 3: Qualitative comparison of multi-subject personlization. For a multi-concept scenario “v1 and v2 on the cobble
stone”, our method preserves both identities without identity leakage. See Fig. llI-VII in Appendix F for more examples.

sitional machinery is almost completely preserved. However,
the identity signal for the new concepbften under ts, fail-

ing to effectively compete against strong native tokens in the
cross-attention layers. This eventually weakens the identity
of the new concepts in the downstream composition.

On the other hand, ne-tuning approaches including Dream-
Booth [Ruiz et al., 2023] and LoRA-style methods [Hu
etal., 2022, Han et al., 2023, Kumatri et al., 2023] update
the model weights & + ). Typically anchoring the
new concept to a class-level prompt, they minimize

min Ex;t;y LreconF+ » X y;t ; (2)

which injects a strong identity signal, in turn potentially

distorts the pre-trained text-visual binding excessively. ThisFigure 4: Overview of our proposed method. The student
latent space drift leads to interference or even catastrophic learns a new conceptby reconstructing its few-shot
forgetting of semantic priors, thereby degrading overall comteference images with an identi er tokeg. To preserve
position performance [Ruiz et al., 2023, Kumari et al., 2023general compositional knowledge, a pre-trained teaEher

Li and Hoiem, 2016]. In essence, these two paradigms reprérocesses the same inputs with the identi ers replaced to
sent the opposite ends of the identity-composition trade-ofgeneral classes (e.g.! “backpack”). We explicitly align
where gaining delity in one often sacri ces the structural intermediate activations (feature distillation) and match the
integrity of the other, and vice versa. student's attention on, to the teacher's attention on the

. , . ) , corresponding class tokens (cross-attention alignment).
Challenges in Multi-Subject Scenarios. The tension be-

comes particularly exacerbated when adapting multiple con-

qeptf, simultaneously; for instance, in a,’layogt-free pr_ompbverall, a naive multi-subject composition easily pushes

like “a photo of ¢, and Cb at _the b_each » which mention the identity-composition trade-off to its extreme, making it

more than one personalized ident ers. hard to balance avoiding both weak identities and distorted

The challenge basically lies in the increased competition bepriors. We therefore propose a systematic approach to learn

tween the new concepts and pre-trained knowledge. WheRew concepts while being explicitly regularized to remain

the is xed, it is hard for the new tokens to locate them- aligned with the original compositional structure in Sec. 4.

selves in the rigid latent space, which has been optimized

without considering them at all. Obviously, this dif culty

gets signi cantly harder with more such new tokens. Asa4 PROPOSED APPROACH

result, their relatively weak identity cues struggle to com-

pete against pre-trained categories, especially the relatelidb seamlessly integrate multiple novel concepts into a pre-

ones to the new concepts. trained embedding space without requiring external spatial

On the other hand, this issue is not simply resolved b rior such as Ie_lyout, _mask, or POS€, We propose at_raining
ramework in Fig. 4 with explicit regularizers to effectively

allowing the parameters to.be updated. The ne-tuning .avoid both under tting and over tting of the new concepts.
approaches face another dif culty, when it squeezes multi-

ple new concepts into the previously optimized latent spac@leacher-Student Architecture. We employ a teacher-
This signi cantly intensi es latent-space drift, often caus- student scheme where a frozen foundation médederves

ing multiple concepts to con ict and compete. Such crossas the source of undistorted semantic and spatial priors
concept interference often yields attribute mixing, concep(teacher). The studerit is a trainable copy of that
omission, or incorrect relational bindings. learns novel concepts2 C using identi er tokens . and



few-shot reference image&. During training, the student whereA () is the token-speci ¢ cross-attention map at layer
is conditioned on the concept identi er tokens while the | (again, identi er token slice for the student; class slice for
teacher is conditioned on the corresponding general clagke teacher), and, 0 controls relative weights among lay-
tokens forc (e.g., . ! “backpack”), allowing the teacher ers. This loss discourages alignment remapping that might
to provide a “clean” reference of how a generic object ofotherwise misplace concepts or entangle attributes (e.g.,
the class should be composed. Fig. 1) in layout-free multi-subject scenes.

To achieve this, we formulate the personalization objectiveMulti-Subject Extension. For prompts involving multiple
by combining a reconstruction term for identity learning identi ers (e.g., “a photo of, and , at the beach”), we
with an explicit regularlzerl that prevents the student fromgggregate the regularizers across all identi er-class pairs by
deviating from the teacher's compositional priors: summing the respective losses for eagl? C mentioned

h .
min Eocpx o freeolFixiyit+ LoelF SE XYY in the prompt:
to learn identity to preserve composition
; ; ; " ; m hx X 0 0 .
where >0 balances identity delity and compositionalin- L+ =E wob htxgty( o) sgoht o xaty(o o) G

tegrity, and both models are evaluated at the same diffusion hx X i

. . . mo_ [0} Lt [0} Cte
timestept. Crucially, the teacher parametereemain frozen "= =& 1 AT Xtb o 50 AT XGE o
throughout training to ensure that the identi er's speci c

semantics do not leak into the teacher, preserving its rolgyergi| Objective. We minimize a weighted sum of the
as a stable anchor for semantic and spatial priors. Belowgconstruction loss and the multi-subject regularizers:
we further instantiatd g via intermediate-layer feature

distillation and cross-attention alignment. L=L,+ L g+ LZT; (4)

I

Learning New Concepts. To ensure the model to capturewhere and control the strength of semantic and spatial
the speci ¢ visual characteristics of each concept, The stuegularizations, respectively. We apgly to the subset
dent modeF s trained on few-shot reference imagés  of the model layers, antl, to the corresponding cross-
using prompts that include the concept-speci c identi gr  attention layers.

through the standard diffusion reconstruction objective: - .
h i Training Protocol. To ensure a stable and consistent trans-

Lr =Exox ciyit LreconF 5% y( o)t (3) ferof knowledge, at each iteration, we obtainby noising
each reference image and feed the sam® both the stu-
It tightly couples the identi er token, to the visual identity ~ dent and the teacher, with the new concept identi er to the
in Xc, yielding a strong concept signal that can effectivelystudent and a general class token to the teacher. The teacher
compete at multi-subject composition. remains frozen to serve as a stable anchor, preventing the

Preserving Priors by Regularization. While the recon- specic semantics of the identi er from Ieak_ing into the
struction loss ensures delity, it poses a risk of distorting theteachers priors. For further stability, we optionally apply

pre-trained latent space, which can erode the semantic arﬁ]\?A ;lmoo(tjhl?g_l o the teag dhedr§ fi?tur?[handlattentlon tar-
spatial priors essential for layout-free composition. To mitj-9€'S- More detalls are provided in Algonthm L.

gate this, we introduce an explicit regularizer consisting of

two complementary terms: one for preserving the semanti EXPERIMENTS

features and another for maintaining spatial priors.

First, we align the intermediate activations between thé/Ve conduct experiments to compare our method with state-
student and teacher to preserve semantic priors: of-the-art baselines, focusing on its capacity for layout-free
La =E e X hO xoty( o) s hO xety( o) 2' ; multi-concept composition and identity delity.

2H
wherec?is the generic class of the newgoncepti isa 5.1 EXPERIMENTAL SETTINGS
speci ¢ set of feature blocksy: 0 with  .w- =1, x;
is the noisy input at diffusion timestépandsg[ ]Jdenotes Datasets. We use a dataset collected from DreamBooth
stop-gradient. Intuitively, the student's internal logic for [Ruiz et al., 2023] and Textual Inversion [Gal et al., 2023],
generating: is nudged to behave like the teacher's logic for consisting of 43 distinct concepts with an average of 5.4
the general class, thereby preventing latent-space drift.  reference images per subject. For multi-concept evaluations,

Moreover, to preserve spatial priors and prevent attributé’® rar|1c10ml)1lselt§ct 1?.comb|nat|(()jns of twto -class pallrls. Tf;e
entanglement, we regularize the cross-attention maps fdgPMplete collection oTimages and prompts across ail evaiu-

the new concept to match those for its general class: ation scenarios is provided in Appendix C.
hX : Baselines. We compare with multi-concept personaliza-

La = Exy: CAY Xt sg AY xit; o ; . . . . . . .
e vhoe S9 bR tion baselines, including Custom Diffusion [Kumari et al.,



Algorithm 1: Our Proposed Fine-Tuning Framework Table 1: $|ngle—concept evgluatlon. Our method shows
Require: Frozen teacher F; VAE encoder E; Student F (init from F ); str_ong ObJ_eCt_ and g_IObaI de|lty._NOte.thdif;|_|p TOF compo-
Reference set Ry = f(c; X ¢)g; Layer sets H; A; Weights sition delity is omitted asl ¢ jp in object delity already

;fw o -g;f | g; Learningrate > 0. P
Output :Updated student parameters . measures the gIObal de“ty'

while not converged do

/I'1. Sample and encode Object Fidelity Global Fidelity

Sample conceptc 2 Candx 2 X%; zo E(X) Method =

Sample timestep t and noise N (0;1); z ¢ tZo + ¢ leur”  Tomo™ — Prompt (Teue ”) Composition (loino *)
Build identi er prompty . and class promptass(c) DreamBooth 0.7412  0.6128 0.2462 0.5781
Student: DeTex 0.7265 0.5941 0.2587 0.5593
RunF (z;t;y .)toobtain: Dreammatcher 0.7689 0.6273 0.2672 0.5478
noise pred ~, mid-layer features i) g2n , and token-slice ours 0.7604 0.6347 0.3447 0.6150

cross-attention fA” [ ¢]giza

Teacher (stop-grad):

RUNF (Zt;6Y cass(c btain: . . - .
UNF (2016 cass(q ) to obtain size of 4 using the AdamW optimizer (learning ra@® ).

The resolution is 512512 for SDv2.1 and 10241024

mid-layer features ) g2n and token-slice cross-attention
ia O [class(c)]giza

/I 2. Loss Calculation for SDXL. We regularize the intermediate features and
Lok, k3 ‘ cross-attention layers within the U-Net's middle block. Loss
La S W hO sglh O] 2 weights are setto= 0:7 and = 1:0 . New identi er
La a1 AU L] sga O [elass@)] tokens are rst initialized from the corresponding general
v U’r’dftf St L . class token embeddings and optimized following Textual
. r L Inversion. Afterward, the learned identi er embeddings are
en

frozen, and only the student U-Net denoiser parameters are
updated. The VAE and text encoder remain frozen through-
out training. We apply both feature distillation and cross-
2023], MuDI [Jang et al., 2024], Tweedie [Kwon and Ye, attention alignment to the U-Net middle block, which pro-
2025], FastComposer [Xiao et al., 2024], and MS-Diffusionvides a favorable ef ciency-performance trade-off due to its
[Wang et al., 2025]. We also include established singlefowest spatial resolution. More details on hyperparameters
concept methods, e.g., DreamBooth, Textual Inversion, DEand baseline con gurations are provided in Appendix A.
TEX [Wei et al., 2024], and DreamMatcher [Nam et al.,

2024]. 5.2 QUANTITATIVE RESULTS

Evaluation Metrics. We evaluate two core capabilities for

high-quality personalization: object and global delity. We test our hypothesis that the identity-composition trade-
ﬁff stems from the tension between identity under tting
and latent-space drift, a phenomenon that is signi cantly
ampli ed in layout-free, multi-subject compositions.

First, the object delity measures the degree of visual prese
vation of the target concept(s). We report thenormalized

cosine similarity between the generated outpatnd the

reference image: 1(%; x) = cos(f(®);f(x)) ,where we Single-concept Generation. Tab. 1 compares the person-
usef 2 fCLIP; DINOv2g . For multi-concept scenarios, alization performance when integrating only a single new
we independently assess each concept's appearance usighcept. It is noteworthy that we assess the full text-image
object-level crops, following Jang et al. [2024]. alignment and scene composition beyond “v1-only” evalua-

On the other hand, global delity measures the preseryon' bYﬁrOmprf'”g the m??'e' to co—genef‘atedthg neYv con-
vation of scene structure and relational binding. MoreCEPt With another general instance (e.g1 "and dog )

speci cally, we report the prompt delityTc ), measured through prompt delity Tcup) and composition delity

by the CLIP image-to-text similarity between the gener- Ioino)-

ated imageR and a class-level prompt Tcup(Ry) =  Asshownin Tab. 1, ne-tuning baselines (e.g., DreamBooth,
cos(fEL(y); f (':",I?P(k)) , and the composition delity, mea- DeTex) deliver competitive concept delity, while they often
sured byl cp andl pjno betweenR and the golden refer-  suffer from lower promptTcp) and compositionlpino)
encex to evaluate adherence to foundational layout anddelity. This degradation is prominently evidenced when a
structural priors. Here, we take the output from the frozerpersonalized concept co-exists with another native object
foundation model with the highe3tp for a class-level (e.g., ‘vl and dog ”); as reported in the “Composition’
prompt as the golden reference.x column in Tab. 1, baselines incur substantial performance
drops in composition delity (pno) in such scenarios. We
attribute this to the distorted latent space, which inadver-
tently arises when they struggle to reconcile the newly
Yearned concept with pre-existing native categories.

Implementation Details. We use pre-trained Stable Dif-
fusion v2.1 as the default teacher. To verify the gener-
ality of our approach, we also conduct experiments usin
SDXL [Podell et al., 2024]. The student model is initial-
ized fromF and ne-tuned for 800 epochs with a batch In contrast, our method achieves the state-of-the-art per-
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Figure 5: t-SNE visualization of token embeddings. Baseline methods produce entangled embeddingeitiear
unrelated concepts, while our method places "v1'in a well-isolated region, indicating better concept disentanglement.

formance in both object and composition delity metrics, Table 2: Multi-concept evaluation. Our method excels at
signi cantly surpassing all baselines. These results indicatdoth object-level and scene-level delity.
that our approach effectively mitigates semantic distortion

even in the single-concept regime. Object Fidelity (MuDI) Global Fidelity

) ) ) Method Prompt Composition
M_ultl-concept Generation. The interference gets severer CLIP1" DINOVZ" Tor” lour” lomo"
with a larger number of new concepts. As reported in Tab. 2, “rasicomposer 0.22 011 022 059 015
the performance of baselines degrades sharply in multi- MS-Diﬁusiff)fn 0.24 0.17 025 062 019

: : : . Custom Diffusion 0.22 0.18 0.21 0.48 0.17
subject scenarios. Cq;tom F)lfoSlon and MuDl struggleto -, 0.33 0.97 028 061 037
balance multiple identities within a shared latent space, lead- Tweedie 0.31 0.27 025 064 031
ing to severe cross-concept interference. This is evidenced ours 0.56 0.52 031 067 055

by the substantial decrease in global delity, where attribute
mixing and concept omission become prevalent.

Our approach, in contrast, consistently maintains superigfyut constraints.

performance across all metrics over all baselines, with &ve further demonstrate that the learned identities remain
larger gap compared to the single object personalizatiogisentangled for composing even when composing three
cases. These results suggest that anchoring the studentgersonalized concepts simultaneously. As shown in Fig. 7,
the teacher's semantic and spatial priors helps preserve thgr method successfully preserves the appearance of all sub-
foundation model's compositional capability for layout-free jects while maintaining plausible spatial arrangements and
generation. By preventing the latent space from collapsingrompt-consistent interactions, highlighting the scalability
or drifting excessively, our method successfully rendersf the proposed regularization beyond pairwise composition.
multiple subjects with high identity delitylicLip = 0:56),  This generalizability also extends to advanced foundation
while ensuring the generated scene remains aligned with thenodels, as evidenced by the strong out-of-the-box com-
intended global structure. patibility with SDXL in Fig. 8. Additional examples are
provided in Appendix F.

5.3 QUALITATIVE RESULTS

. o . 5.4 ABLATION STUDY
Fig. 6 presents several qualitative results to visually assess
the performance and exibility of our method. In Fig. 6(a)
demonstrates that our method reliably generates the learn
concept with another general object (e.g., “v1 and a dog”)
without suffering from concept blending or omission, com-
mon with other models. Fig. 6(b) highlights that a single

Vge verify the contributions of our proposed regularizers
ed .. 7. . : o .
in mitigating the two primary failure modes: identity un-
tler tting and latent-space drift. Beyond the regularization
strengths, we additionally analyze several design choices
learned concept (‘v1') can be exibly adapted to diverseOf our framework, mplydmg the selec.t|on_ of supervised U-

. ) .o Net layers, the sensitivity to layer weighting schemes, and
attributes and styles (e.g., “ re ghter out t” or “Van Gogh : . " . .

; . . o computational ef ciency. Detailed results are provided in
style”), behaving as naturally as a native token within theA endix G
foundation model. Most importantly, Fig. 6(c) underscores PP '
our core contribution: the ability to coherently generate mul-Semantic-prior Regularization (L 4). First, we vary the
tiple personalized concepts simultaneously across variouseights on the semantic-prior regularizeg. Tab. 3 indi-

scene context (e.g., “on beach” or “in snow”) without any cates that reconstruction-only training without feature distil-
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