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Fig. 1. CanvasComposer introduces an interactive personalization paradigm for multi-human text-to-image generation. It gives users a Photoshop-like
composition experience: reference subjects are placed on a multi-reference canvas, with each identity individually adjustable through direct canvas
manipulation. CanvasComposer then harmonizes the multiple references into a coherent, high-fidelity group image that follows the prompt.

Existing personalized image generators still struggle to preserve multiple
reference identities in natural and coherent multi-human generations. To
address these limitations, we present CanvasComposer, an interactive frame-
work for personalized group photo generation. Inspired by professional
image-editing software, CanvasComposer allows users to place reference
subjects on a shared canvas, where each subject keeps its own RGBA cutout
of the input. This multi-reference canvas preserves reference content under
overlap while providing an intuitive interface for organizing multiple iden-
tities; the subjects remain separate elements on the input canvas, and the
model outputs a single personalized and harmonized image. To keep this
representation efficient, transparent latent pruning retains only tokens from
each subject’s non-transparent region, and cross-reference training miti-
gates copy-paste artifacts by learning to harmonize references sampled from
different images. Extensive experiments demonstrate that CanvasComposer
achieves coherent generation and strong identity preservation compared to
state-of-the-art methods in multi-human personalized image generation.

CCS Concepts: • Information systems→Multimedia content creation;
• Computing methodologies→ Image processing.
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Additional KeyWords and Phrases: Personalized Text-to-Image,Multi-Human
Composition, Human Image Generation, Generative Model, Diffusion Model

1 INTRODUCTION
The advent of modern text-to-image (T2I) diffusion models [Rom-
bach et al. 2022] has marked a pivotal moment in digital content cre-
ation, enabling the synthesis of complex, high-fidelity images from
simple textual descriptions. This breakthrough has spurred awave of
research into personalization, enabling content creation with spec-
ified human identities in unseen contexts. Textual Inversion [Gal
et al. 2023], DreamBooth [Ruiz et al. 2023], and IP-Adapter [Ye et al.
2023] have made significant progress in this direction.

These successful prior works [Guo et al. 2024; Ruiz et al. 2023; Ye
et al. 2023] primarily target single-identity personalization. How-
ever, personalization is often social: users may want to generate
images that include themselves together with friends, family, or
other known people, making multi-human personalization a funda-
mental use case. A successful model must preserve each reference
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UniPortrait [He et al. 2025] OmniGen2 [Wu et al. 2025c] CanvasComposer (Ours)

Fig. 2. Motivation for the multi-reference canvas in multi-human
personalization. State-of-the-art multi-human personalization methods
such as UniPortrait [He et al. 2025] and OmniGen2 [Wu et al. 2025c] of-
ten struggle in challenging four-person scenes, where reference identities
may be swapped, duplicated, or omitted, and conditioning cost grows with
the number of subjects. In contrast, CanvasComposer introduces a multi-
reference canvas where users place and adjust each reference subject’s
relative location through direct canvas manipulation, leading to stronger
identity preservation, generation quality, and user experience.

identity, bind each reference to the correct generated person, and
render all subjects coherently in a shared scene.
Existing multi-human personalization methods [He et al. 2025;

Qian et al. 2025a; Wu et al. 2025c,a; Zhang et al. 2025b] typically
encode each reference subject into visual conditioning tokens using
CLIP- [Radford et al. 2021], face- [Deng et al. 2022; Qian et al. 2025b],
or VAE-based encoders [Kingma and Welling 2013], concatenate
the tokens from all subjects, and inject them into a pretrained dif-
fusion model through decoupled cross-attention [Ye et al. 2023]
or in-context conditioning [Wu et al. 2025c; Zhang et al. 2025b].
This token-concatenation paradigm faces two key challenges. First,
subject association becomes ambiguous as the number of people in-
creases: the model must infer which reference corresponds to which
generated person, often causing identity swaps, identity mixing, du-
plicated subjects, or omissions. Second, the conditioning sequence
grows linearly with the number of personalized subjects, increasing
computation and memory. As a result, state-of-the-art multi-person
personalization methods struggle in four-person settings, as demon-
strated in Fig. 2. These limitations motivate a new paradigm for
interactive personalization with efficient multi-identity handling.

To meet this demand, we introduce interactive personalization,
where users directly compose an input canvas for reference-based
group photo generation. Inspired by professional editing tools (e.g.,
Photoshop), our framework empowers users to act as design di-
rectors: they can intuitively compose a scene by placing multiple
reference subjects on a multi-reference canvas and adjusting their
positions and sizes, as shown in Fig. 1 (1–2). The canvas keeps
the subjects separated, allowing users to adjust their relative lo-
cations through simple layout manipulation while combining an
optional background and multiple identity references in a single
multi-reference input. The model renders these references into a
coherent, high-fidelity, personalized group photo. Throughout this
paper, each subject or background is placed on the canvas as its
own reference image with no fixed ordering among them: these
references may overlap freely and serve only to specify the person-
alized subjects for multi-human generation, and the model outputs
a single flattened image.

To render such a template, we propose CanvasComposer , a gen-
erative framework built on the pretrained FLUX Kontext [Black
Forest Labs 2025] diffusion transformer and designed specifically
for interactive multi-human T2I generation. The core of Canvas-
Composer is the multi-reference canvas, an input representation
where each subject is represented by its own RGBA cutout shown in
Fig. 1 (3). Rather than compositing references into a single flattened
input image, the multi-reference canvas keeps subjects separated
in the input while preserving the user-edited canvas layout. The
multi-reference representation offers two critical advantages. First,
it naturally handles input-side occlusion by keeping each subject as
a separate RGBA cutout, preserving subject content even when sub-
jects overlap in the input canvas. In contrast, a simple collage-based
approach inevitably introduces occlusions when multiple subjects
overlap within the input canvas. Such occlusions result in partial
identity information loss, and when adjustments are required, such
as aligning subjects to match the text prompt or enabling natural
interactions, the model inevitably hallucinates the missing regions,
leading to reduced identity fidelity (Fig. 9). Second, we introduce
a transparent latent pruning strategy demonstrated in Fig. 4,
which extracts and concatenates only valid (non-transparent) tokens
from each subject. By discarding empty transparent regions, this
design makes the conditioning length depend on non-transparent
reference content rather than the number of subjects placed on the
canvas, eliminating the linear per-subject token growth of prior
concatenation-based methods and improving efficiency for multi-
human generation.

To train CanvasComposer, the conventional training pipeline con-
structs such a canvas by cropping human segments directly from
the target image to place on the canvas (Fig. 3 right). However, this
approach often results in undesirable copy-paste artifacts due to
pixel-level correspondence between the input and target. To address
this, we introduce subject-wise cross-reference training (Fig. 3
left). We curate a multi-image-per-scene dataset in which each iden-
tity group contains multiple images. During training, an image is
randomly chosen as the target, while the corresponding humans and
background in the multi-reference canvas are sampled from other
source images within the same image set. Each sampled human
is fitted to the target bounding boxes, with additional geometric
and lighting augmentations to introduce intentional mismatches
between inputs and targets. The subject-wise cross-reference train-
ing strategy encourages the model to disentangle redundant factors
such as pose and illumination across subjects, thereby harmonizing
multiple inputs from diverse contexts into a single coherent image
during inference.

Our main contributions are as follows:
• We propose an interactive personalization paradigm that
allows users to placemulti-human references in full-body, portrait,
or cropped-head forms on a multi-reference canvas.

• We introduce themulti-reference canvas, a simple and effective
input representation that handles occlusions in multi-human per-
sonalization and improves efficiency through our transparent
latent pruning strategy.

• We present the subject-wise cross-reference training strat-
egy, which effectively disentangles redundant visual information
(e.g., poses) and mitigates copy-paste artifacts.
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• We developCanvasComposer, a practical framework for interac-
tive multi-human personalized generation. Extensive experiments
demonstrate that CanvasComposer achieves state-of-the-art iden-
tity preservation and generation quality across multi-human per-
sonalization benchmarks.

2 RELATED WORK
Personalized Generation. Personalization methods have evolved

from costly per-concept tuning [Gal et al. 2023; Kumari et al. 2023;
Nitzan et al. 2022; Ruiz et al. 2023] to recent adapter-based solu-
tions [Gal et al. 2024; Goyal et al. 2025; Guo et al. 2024; Han et al.
2024; Li et al. 2024; Patashnik et al. 2025; Qian et al. 2025b; Wang
et al. 2024a; Ye et al. 2023], which enable efficient personalization
while keeping the base diffusion model frozen. For multi-subject
personalization, optimization-based approaches require additional
concept disentanglement [Avrahami et al. 2023; Garibi et al. 2025;
Kumari et al. 2023] or training multiple LoRAs [Dalva et al. 2025;
Kong et al. 2024; Po et al. 2024]. Optimization-free approaches [Chen
et al. 2025; Kim et al. 2024; Wang et al. 2024b; Xiao et al. 2025b; Zhou
et al. 2024], including recent works such as UniPortrait [He et al.
2025], ID-Patch [Zhang et al. 2025b], ComposeMe [Qian et al. 2025a],
and MS-Diffusion [Wang et al. 2025], rely on lightweight adapters
but become increasingly expensive as the number of subject tokens
grows. Recent in-context models [Comanici et al. 2025; Mi et al.
2025; Mou et al. 2025; Wu et al. 2025b,a; Xiao et al. 2025a] support
multiple concept combinations, but they provide limited interac-
tivity and their cost still grows with the number of subjects. Our
CanvasComposer instead advances this line of work by introducing
amulti-reference canvas that supports interactive subject placement,
occlusion-aware reference preservation, and efficient multi-human
personalization.

Structural and Compositional Conditioning. A broad range of con-
ditioning mechanisms has been proposed to guide T2I models with
additional visual or structural inputs. ControlNet [Zhang et al. 2023]
and T2I-Adapter [Mou et al. 2024] are pioneering works that in-
ject structural cues through auxiliary components, allowing the
diffusion model to incorporate signals such as pose or depth. GLI-
GEN [Li et al. 2023b], LayoutDiffusion [Zheng et al. 2023], and their
follow-ups [Chen et al. 2024; Cheng et al. 2024; Song et al. 2023;
Xiong et al. 2024; Zhang et al. 2025a] fine-tune diffusion models
to interpret bounding boxes or segmentation masks for structured
generation. Training-free approaches such as NoiseCollage [Shi-
rakawa and Uchida 2024], GrounDiT [Lee et al. 2024], and Bounded
Attention [Dahary et al. 2024] manipulate noise or attention maps
at inference. In terms of layered image generation, CollageDiffu-
sion [Sarukkai et al. 2024] and LayerDiffusion [Li et al. 2023a] are
leading works, which require per-layer optimization through tex-
tual inversion [Gal et al. 2023] to keep layers separated. SceneD-
iffusion [Ren et al. 2024] extends LayerDiffusion to remove the
optimization stage but still requires per-layer generation for im-
age editing. Latent transparency [Zhang and Agrawala 2024] and
RGBA-instance generation [Fontanella et al. 2024] instead produce
transparent layers on the output side, and LaRender [Zhan and Liu
2025] controls output occlusion training-free by volume-rendering
prompt-described objects in latent space; none of these condition on

reference images for identity personalization. In contrast to these
box-, attention-, or RGBA-output-based mechanisms, CanvasCom-
poser takes a separate RGBA image per subject as multi-reference in-
put conditioning directly, preserving reference identities even when
these input images overlap; concurrent layered-generation efforts
are complementary to this input-side design. LazyDiffusion [Nitzan
et al. 2024] is also related in spirit because it reduces diffusion-
transformer computation for localized editing. However, it prunes
target denoising tokens inside a user-specified mask, whereas Can-
vasComposer prunes input conditioning tokens from transparent
regions across multiple reference images. The most relevant work
to ours is ID-Patch [Zhang et al. 2025b], a feedforward personal-
ized T2I model trained on collaged face inputs, where each patch
consists of projected face features optionally overlaid with pose.
However, ID-Patch is restricted to face-only generation and suffers
from occlusion issues as well as copy-paste artifacts. In contrast,
CanvasComposer organizes full-body, portrait, or cropped-head ref-
erences as separate input images, preserves overlapping inputs, and
effectively mitigates copy-paste artifacts via the proposed subject-
wise cross-reference training.

3 CANVASCOMPOSER

3.1 Multi-Reference Canvas
CanvasComposer is a multi-human text-to-image generation frame-
work that offers an interactive personalization experience, enabling
users to specify the appearance of multiple subjects (humans and
an optional background) through separate visual references. Con-
cretely, the framework conditions a pretrained diffusion model on
two inputs: (1) a text prompt that specifies global image content and
high-level semantics and (2) a multi-reference canvas that keeps
each subject as a separate reference element. This design supports
intuitive canvas layout manipulation while keeping identity-specific
guidance separated in a globally coherent image.
Illustrated in the second column of Fig. 3, themulti-reference

canvas is represented by a set of RGBA images 𝐿 = {𝑙1, · · · , 𝑙𝑁 },
one per subject or background element, where 𝑁 is the number
of such elements. Each RGBA image 𝑙𝑖 represents one element,
either a human segment or a background image. The RGB channels
provide visual reference for the element, while the alpha channel
defines valid regions. This mask is used to identify valid tokens,
while invalid tokens are pruned out for efficiency, as detailed in Sec.
3.2. When an optional background is provided, regions covered by
foreground subjects are removed from the background during both
training and inference, letting the diffusion model harmonize the
final image according to the text prompt.
Each subject or background is placed separately on the canvas

with no fixed ordering among them; a per-element index only keeps
overlapping references separable (Sec. 3.2) and carries no depth
semantics. The alpha channel is used to prune input tokens for
efficiency, and the output is a single flattened image, the final per-
sonalized group photo.

3.2 CanvasComposer Pipeline
CanvasComposer builds on a pretrained latent-based diffusion trans-
former (DiT) [Peebles and Xie 2023], as illustrated in Fig. 4. To
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Source Images & Asset Sets
Conventional Single-Reference Training

Conventional InputGeneration TargetMulti-Reference Canvas

Subject-wise Cross-Reference Training

Fig. 3. Subject-wise Cross-Reference Sampling Strategy. During training, CanvasComposer constructs the multi-reference canvas by sampling each
subject from a random source image within the same identity group, while the target image is a different sample from that group. This strategy intentionally
introduces mismatches both among the input images and between the inputs and the target, encouraging CanvasComposer to learn adaptive alignment
to the prompt and context during inference. In contrast, conventional single-reference training can overfit to pixel-level correspondences, often leading to
outpainting or copy-paste artifacts (see examples in Fig. 9).

preserve the pretrained model’s capacity as much as possible, Can-
vasComposer treats the multi-reference canvas as pruned in-context
visual tokens (reference tokens processed jointly with the noisy im-
age tokens) and reuses the DiT’s native self-attention and 3D Rotary
Position Embedding (RoPE) [Su et al. 2024] interface for element-
aware conditioning, without adding a decoupled attention branch
or per-subject adapter.

Per-Element Latent Extraction. For each input element 𝑙𝑖 ∈ 𝐿, we
first encode the RGB content using the pretrained VAE encoder to
obtain its latents 𝑧𝑖 = E(𝑙RGB

𝑖
) ∈ R𝐻 ′×𝑊 ′×𝐷 where E is the VAE

encoder, 𝐻 ′ and𝑊 ′ are the height and width of the latent grid, and
𝐷 is the feature dimension.

Positional Embeddings for Canvas Elements. We adopt a simple
yet effective positional embedding scheme to encode both the 2D
latent-grid coordinate and which element each latent token belongs
to, following the 3D RoPE parametrization of FLUX Kontext [Black
Forest Labs 2025]. For every element’s latent 𝑧𝑖 , we construct a 3D
positional embedding

pos𝑖 = [ 𝑗𝑖 , 𝑥,𝑦] ∈ R3, (1)

where (𝑥,𝑦) are the coordinates in the latent grid and 𝑗𝑖 ∈ {0, 1, . . . , 𝑁 }
indexes which canvas element a token belongs to. FLUX Kontext
already uses this 3D RoPE interface; we reuse its parametrization
unchanged (full formulation in Appendix). The original model sets
𝑗𝑖 = 0 for image tokens; we reserve this index for the noisy latent
tokens of the base diffusion model and assign 𝑗𝑖 ≥ 1 to each user-
placed element on the canvas. This design preserves the pretrained
positional interface of the base model while allowing attention lay-
ers to tell overlapping canvas elements apart. We emphasize that the
index 𝑗𝑖 acts purely as an input-side identity-separation signal: it
follows the segmenter’s confidence-ranked mask order and carries
no depth or z-ordering semantics. Accordingly, CanvasComposer
resolves occlusion within the input canvas by preserving each ref-
erence’s pixels when subjects overlap (Tab. 3); explicit control over
occlusion or depth ordering in the output image is left as future work,

e.g. by integrating training-free occlusion control [Zhan and Liu
2025] or by training with depth-conditioned inputs, which would
require depth estimation during data generation. Such positional
embeddings are injected into the attention blocks through RoPE [Su
et al. 2024], following the design of the base model.

Transparent Latent Pruning. To improve the efficiency of multi-
subject personalization, we introduce the transparent latent pruning
strategy that selectively retains the latent tokens from valid non-
transparent regions according to the alpha channel, while discarding
the rest. Concretely, for each element’s alpha channel 𝑙𝛼

𝑖
, we first

downsample it to the latent resolution:

𝛼 latent𝑖 = NearestResize(𝑙𝛼𝑖 ) ∈ R
𝐻 ′×𝑊 ′

. (2)

We then apply alpha-based masking to the latent tokens 𝑧𝑖 , keeping
only those in regions with non-zero alpha values:

𝑧valid𝑖 = Concat({𝑧𝑖 (𝑥,𝑦) |𝛼 latent𝑖 (𝑥,𝑦) > 0.5}), (3)

where 𝑧𝑖 (𝑥,𝑦) and 𝛼 latent
𝑖

(𝑥,𝑦) denote the latent tokens and their
alpha values at latent-grid coordinates (𝑥,𝑦).
Training and inference use the identical token-selection rule.

Transparent RGB regions are not used as explicit conditioning to-
kens: after VAE encoding, tokens whose downsampled alpha is
transparent are discarded before the DiT receives the conditioning
sequence. Although VAE tokens near boundaries may contain lo-
cal context from neighboring RGB pixels, the model is fine-tuned
with this exact masking formulation, and only retained tokens are
exposed to the DiT. Practically, we see no boundary artifacts or iden-
tity leakage from transparent regions, so explicit partial or masked
convolutions are unnecessary for our setting.

Unlike existing personalization methods [Qian et al. 2025a; Zhang
et al. 2025b] that allocate a fixed-length token block per subject on
a full-canvas crop and thus scale linearly with the subject count,
the transparent latent pruning strategy makes the length of the token
sequence proportional to the non-transparent content placed on the
shared canvas, rather than to the number of subjects placed on the
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Fig. 4. CanvasComposer Pipeline. CanvasComposer conditions a dif-
fusion model on a text prompt and a multi-reference canvas. Each RGBA
image is encoded into latent tokens with a VAE and assigned a unique
index 𝑗 , yielding 3D positional embeddings

[
𝑗, 𝑥, 𝑦

]
that tell overlapping

subjects apart. Transparent latent pruning keeps only non-transparent con-
ditioning tokens and discards transparent regions (gray boxes), reducing
the conditioning sequence for efficient personalized generation.

canvas. Because users place and resize segmented subjects on a
single fixed canvas, per-subject footprints shrink as more subjects
are added, thus yielding substantial efficiency improvements.

Combining the Conditioning Tokens. Finally, we construct the
conditional latents by aggregating the pruned latents from every el-
ement on the canvas: 𝑧cond = Concat(𝑧valid1 , 𝑧valid2 , . . . , 𝑧valid

𝑁
), which

is further concatenated with the noisy image latents 𝑧𝑡 to form the
latent input of the DiT model, as shown in Fig. 4.

3.3 CanvasComposer Training
Subject-wise Cross-Reference Data Sampling Strategy. CanvasCom-

poser training employs a subject-wise cross-reference data sampling
strategy, as illustrated in Fig. 3, to mitigate copy-paste artifacts. Our
training requires a multi-image-per-scene dataset (Sec. 4.1), where
each scene contains several images depicting the same human sub-
jects under different poses, viewpoints, and lighting conditions. For
each training sample, we randomly select an image as the ground-
truth target, denoted 𝐼 target, and use the remaining images in the
same scene as a pool of cross-reference source images. For every
subject 𝑖 in the target, we collect an asset set A𝑖 consisting of its
segments across the remaining source images within the scene.
To construct the input multi-reference canvas 𝐿, we build it one

subject at a time. For each subject 𝑖 , we randomly sample one asset
𝑎𝑖 ∈ A𝑖 and fit it to the subject’s bounding box in 𝐼 target, giving a
distinct RGBA image 𝑙𝑖 . This training canvas uses target boxes only
for supervised data construction, while sourcing appearance cues
for each subject from different images within the same scene.
This subject-wise cross-reference construction produces train-

ing inputs where different subjects originate from different source
images, rather than from a single reference frame as in the conven-
tional training paradigm (see Fig. 3 right). Our strategy encourages
CanvasComposer to mitigate copy-paste artifacts by integrating
cross-image identity cues and to generalize across diverse poses,
expressions, viewpoints, and contexts.

Canvas-Conditioned Finetuning. We adapt the pretrainedDiTwith
lightweight LoRA finetuning using a flow matching loss [Lipman
et al. 2023] with multi-reference canvas conditioning:

Lcond = E𝑡∼U(0,1),𝑧0,
𝑧1,𝑧cond,𝑃

[ 

𝑣𝜃 (𝑧𝑡 , 𝑡, 𝑧cond, 𝑃) − (𝑧1 − 𝑧0)


2 ] (4)

where 𝑣𝜃 (·) is the predicted velocity, 𝑧1 and 𝑧0 are the latents of the
target image and the sampled noise, 𝑧𝑡 is the noisy latents at timestep
𝑡 of the target image 𝐼 target, 𝑧cond is the conditional latents of our
multi-reference canvas 𝐿, and 𝑃 is the text prompt, respectively.

4 EXPERIMENTS

4.1 Experimental Setup
Training Dataset Curation. Our training set comprises 32M in-

house images across 6M scenes, with a focus on human subjects1.
The training images are paired with standard captions, which pro-
vide the text prompt used to condition global scene content during
training. We filter the data to ensure each scene contains at most
4 identities and to exclude low-resolution, low-quality faces. To
construct our multi-reference training data, we apply an in-house,
YOLO11-style [Khanam and Hussain 2024] human instance seg-
menter (a public YOLO11-seg model can serve as a substitute) to
extract each human as a separate RGBA cutout and retain the re-
maining pixels as background. When constructing the input multi-
reference canvas in each training step, we apply per-subject augmen-
tations including random geometric jitter, color jitter with bright-
ness ±0.5, contrast in [0.5, 1.0], saturation ±0.5, no hue shift, and
object-level Gaussian blur and grayscale augmentation with proba-
bility 0.1 each.

Training Details. We train a LoRA with a rank of 512 on all at-
tention layers of the frozen FLUX Kontext [Black Forest Labs 2025]
using the AdamW optimizer [Loshchilov and Hutter 2019]. The
original attention projection matrices are 3072×3072, making rank
512 a compact but expressive adaptation. The model is trained for
200K iterations with a constant learning rate of 1×10−4, a total batch
size of 32, and a 512×512 resolution. The entire training took 4 days
on 4 nodes, each with 8 A100 GPUs.

Evaluation Details. We evaluate at 1024×1024 resolution using
128 images from FFHQ-in-the-wild [Karras et al. 2019] as identity
inputs. FFHQ is a public, single-frame dataset and is not included in
training. There are 32 prompts for each benchmark. All evaluations
are conducted with 28 denoising steps for CanvasComposer, without
any post-processing. See Appendix for evaluation details.

4.2 Baseline Comparisons
Four-Person (4P) Personalization. Most existing human-centric

personalization methods [Mou et al. 2025; Qian et al. 2025a; Ye et al.
2023; Zhou et al. 2024] struggle in four-person settings because their
computation and memory grow with the number of subjects. In
contrast, CanvasComposer, enabled by our multi-reference canvas
and transparent latent pruning, supports multiple subjects with
substantially lower conditioning cost.
We compare CanvasComposer in the 4P setting against recent

multi-subject personalization methods: UniPortrait [He et al. 2025],
ID-Patch [Zhang et al. 2025b], UNO [Wu et al. 2025a], and Omni-
Gen2 [Wu et al. 2025c]. CanvasComposer demonstrates stronger

1Our internal dataset cannot be released due to internal data policies. Following [Qian
et al. 2025b], a similar dataset can be curated by sampling from public videos.
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Fig. 5. Qualitative Comparison in Four-person (4P) Personalization. State-of-the-art baselines often fail to preserve all reference identities, causing
identity swaps, distortions, omissions, or duplicated subjects. CanvasComposer consistently generates high-fidelity results that preserve all identities in
challenging multi-person scenes. The “Inputs” column shows the multi-reference-canvas visualization for CanvasComposer, whereas all baselines receive
individual images as required by their input formats throughout all benchmarks.

performance in this task. As shown in Fig. 5, CanvasComposer gen-
erates high-quality images that preserve all reference identities in
challenging multi-person scenes.
Quantitatively, as reported in Tab. 1, CanvasComposer achieves

the highest identity preservation by a large margin while main-
taining competitive text-image alignment and aesthetic quality, as
assessed by ArcFace [Deng et al. 2022], VQAScore [Lin et al. 2024],
and HPSv3 [Ma et al. 2025], respectively. Our user study reveals
a strong preference towards CanvasComposer, where participants
favored it over all state-of-the-art 4P personalization baselines in
over 96% of pairwise comparisons on average. We further compare
against recent image-editing approaches, FLUX Kontext [Black For-
est Labs 2025], Overlay Kontext [ilkerzgi and gokaygokay 2025],
Qwen-Image-Edit [Wu et al. 2025b], and Nano-Banana [Comanici
et al. 2025], on this challenging 4P task, as these methods have
recently emerged as strong baselines for multi-subject personaliza-
tion. As shown in Tab. 1, CanvasComposer outperforms all of them,
achieving the highest identity preservation and the strongest user
preference (see Appendix for qualitative comparisons and details).

We note an input asymmetry in these comparisons: CanvasCom-
poser and the editing baselines receive the composited canvas that
encodes the intended layout, whereas prior personalization base-
lines accept only individual reference images without spatial layout
control.

Two-Person (2P) Personalization. Most existing personalization
methods are designed specifically for up to 2P personalization. Here,
we evaluate CanvasComposer for the 2P personalization task against
the aforementioned 4P personalization methods and recent 2P per-
sonalization approaches including StoryMaker [Zhou et al. 2024]
and DreamO [Mou et al. 2025]. As illustrated in Fig. 6, previous
approaches again frequently struggle in two-person generation.
They may omit one subject, duplicate identities, or fail to retain
facial identity information, resulting in unnatural interactions or
low-quality outputs. In contrast, our method consistently produces
high-fidelity outputs where both identities are faithfully preserved.
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Fig. 6. Qualitative Comparison in Two-person (2P) Personalization. Competing methods can miss one identity, mix identities between subjects, or copy
the references too rigidly. CanvasComposer produces coherent two-person results that preserve both reference identities.

Method ArcFace ↑ HPSv3 ↑ VQAScore ↑ Ours Win Rate (%) ↑
4P Personalization

UniPortrait [He et al. 2025] 0.309 12.4 0.786 95.6
ID-Patch [Zhang et al. 2025b] 0.082 7.13 0.785 98.0
UNO [Wu et al. 2025a] 0.077 12.2 0.840 94.3
OmniGen2 [Wu et al. 2025c] 0.086 13.0 0.805 97.8
FLUX Kontext [Black Forest Labs 2025] 0.217 12.8 0.869 92.2
Overlay Kontext [ilkerzgi and gokaygokay 2025] 0.251 11.2 0.828 93.0
Qwen-Image-Edit [Wu et al. 2025b] 0.223 13.0 0.895 68.9
Nano-Banana [Comanici et al. 2025] 0.434 10.4 0.826 60.6
CanvasComposer (Ours) 0.533 12.5 0.840 Ref.

2P Personalization
UniPortrait [He et al. 2025] 0.460 13.2 0.812 86.9
StoryMaker [Zhou et al. 2024] 0.542 4.97 0.523 92.8
ID-Patch [Zhang et al. 2025b] 0.121 10.1 0.858 98.4
UNO [Wu et al. 2025a] 0.072 11.2 0.870 93.1
DreamO [Mou et al. 2025] 0.443 12.4 0.877 93.4
OmniGen2 [Wu et al. 2025c] 0.121 12.8 0.828 84.7
CanvasComposer (Ours) 0.547 11.6 0.865 Ref.

Table 1. Quantitative comparison. CanvasComposer consistently
achieves superior identity preservation (ArcFace [Deng et al. 2022]) in the 4P
and 2P setups while maintaining strong aesthetic quality (HPSv3 [Ma et al.
2025]) and prompt alignment (VQAScore [Lin et al. 2024]). We also conduct
a pairwise user study detailed in Appendix , where “Ours Win Rate (%)”
denotes the fraction of comparisons in which our method is preferred over a
baseline. Such user studies are important for personalization evaluation as
automatic metrics can be noisy or biased. Across the 4P and 2P benchmarks,
CanvasComposer is preferred over every baseline: winning over 84% of
comparisons against personalization methods and over 60% against recent
image-editing models (FLUX Kontext, Overlay Kontext, Qwen-Image-Edit,
and Nano-Banana).

These qualitative trends are corroborated by quantitative evalua-
tions in Tab. 1. CanvasComposer is strongly preferred by users and
achieves the best identity preservation among all baselines.

Fig. 8. Effect of Multi-Reference Canvas Layout. The multi-reference
canvas defines the relative spatial arrangement of subjects while the text
prompt controls pose, interaction, and scene context.

Single-Person (1P) Personalization. Although our primary focus
is multi-subject personalization, CanvasComposer is equally effec-
tive for single-subject scenarios. As shown in Fig. 7, competing
approaches tend to inject the reference identity with limited pose or
expression variability, whereas CanvasComposer faithfully follows
diverse prompts. See Appendix for the quantitative comparisons and
the comparisons with single-subject personalization methods.

4.3 Ablation Study and Analysis
Our contributions primarily address interactive multi-reference
placement, occlusion handling, and training robustness through
subject-wise cross-reference training and the multi-reference can-
vas. Their effectiveness is demonstrated in Fig. 9. We include FLUX
Kontext, the base model of CanvasComposer, in the ablation.

Effect of Subject-Wise Cross-Reference Training. Removing this
component leads to copy-paste artifacts and degraded image quality,
producing results that resemble naive outpainting rather than co-
herent multi-subject synthesis. In contrast, our full model preserves
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Fig. 7. Qualitative Comparison in Single-Person (1P) Personalization. State-of-the-art methods often fail to decouple identity from pose and expression,
leading to copy-paste artifacts, whereas CanvasComposer remains faithful to the reference identity while following diverse prompts (e.g. smiling and laughing).

Method #tokens ↓ Latency (seconds) ↓
Ours 2200.2 21.2
w/o Multi-Reference Canvas 5120 44.3
w/o Transparent Pruning 16384 91.8

Table 2. Efficiency Analysis on the 4P Personalization Benchmark.

identities more naturally and avoids copying facial expressions from
the inputs due to the disentanglement introduced by our training.

Effect of Multi-Reference Canvas. Without the multi-reference can-
vas, the model is trained on a single collage image (“Input” column
in Fig. 9) without transparent latent pruning. As the number of
personalized subjects increases, occlusion becomes inevitable, and
such a single-canvas representation fails to preserve fine details
or properly disentangle overlapping subjects. Occluded details in
the collage, e.g., the pom-pom on the red hat of the left woman
in the 1st row, are completely lost, and identity preservation for
the occluded person degrades substantially, as shown in the second
row. In contrast, CanvasComposer handles these scenarios robustly:
keeping each subject spatially independent preserves each refer-
ence even when subjects overlap, preventing occlusion-induced
artifacts. Fig. 8 further shows that the canvas layout controls the
spatial arrangement of generated subjects.

Efficiency Analysis. Tab. 2 shows that transparent latent prun-
ing reduces the average number of conditioning tokens by over
85% and lowers inference latency from 91.8s to 21.2s on the 4P
Personalization Benchmark.

Overlap Benchmark. To isolate the benefit of keeping each sub-
ject spatially separate, our 2P Overlap Benchmark centers two ref-
erences in the same canvas region, so the composited RGB input
occludes the background reference while CanvasComposer retains
both references. Tab. 3 shows that the variant without the multi-
reference canvas is competitive on the standard 2P benchmark but

2P Personalization 2P Overlap

Method Arc. ↑ HPS ↑ VQA ↑ Arc. ↑ HPS ↑ VQA ↑
Ours 0.547 11.6 0.865 0.416 11.4 0.764
w/o Multi-Reference Canvas 0.525 11.5 0.846 0.164 11.28 0.752
IP-Adapter (Ours) 0.485 10.2 0.856 —

Table 3. Multi-reference canvas and adapter ablations. “w/o Multi-
Reference Canvas” is the collage-input baseline: the model receives a single
composited RGB canvas instead of separate per-subject images. IP-Adapter
(Ours) is trained on the same data as CanvasComposer under the same 2P
evaluation protocol.

loses substantial identity fidelity under overlap, while CanvasCom-
poser remains much more robust; Fig. 11 visualizes such failure
modes.

Adapter Baseline. Tab. 3 also compares CanvasComposer with a
same-data, same-training IP-Adapter baseline on the 2P Personal-
ization Benchmark; the multi-reference canvas provides stronger
identity preservation and image quality than adapter-style condi-
tioning.

Beyond-Human Subjects. Although our main experiments focus
on human subjects, Fig. 10 shows anecdotal examples where a non-
human object is placed on the canvas as an additional reference,
suggesting a possible extension of the multi-reference representa-
tion beyond humans.

Personalization with Background. The multi-reference canvas can
also accept an optional background image. As shown in Fig. 12,
CanvasComposer generates images where humans interact natu-
rally with the background, e.g. leaning against a tree trunk, under
coherent lighting.
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FLUX Kontext w/o Cross-Ref Full ModelInput w/o Multi-Reference Canvas

Fig. 9. Ablation Study. Cross-reference training improves multi-subject generation by mitigating copy-paste artifacts and encouraging subjects to adapt
naturally to the scene. The multi-reference canvas addresses input occlusion (highlighted in red boxes): without keeping subjects on separate images,
overlapping subject details (e.g., the pom-pom on the red hat of the left woman in the 1st row) disappear, and identity preservation deteriorates for occluded
subjects.

Input Ours Input Ours Input Ours

Fig. 10. Results Beyond Humans. Although CanvasComposer is trained only on human-centric data, it can accept non-human objects placed on the canvas
at inference and produce coherent interactions between people and surrounding objects.

5 LIMITATIONS AND FUTURE WORK
Reasoning Limitations. The method sometimes struggles when

the generated image requires detailed reasoning about how hu-
mans should interact with the background, e.g. failing to seat the9
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Inputs Collage Baseline Ours Inputs Collage Baseline Ours

Fig. 11. Qualitative Results on the 2P Overlap Benchmark. In the Inputs column, the first row is the composited visualization of the multi-reference
canvas, and the second row shows the reference inputs side by side for demonstration purposes only. The collage baseline (w/o Multi-Reference Canvas) loses
the occluded reference while CanvasComposer preserves both identities.

Fig. 12. 4P Personalization with Background. The multi-reference can-
vas can include an optional background, resulting in five separate images:
four people and one background. The inserted humans interact naturally
with the background, e.g. leaning against a tree trunk, under coherent light-
ing. Left: composited visualizations of the multi-reference canvas.

Benchmark ArcFace ↑
4P 0.533
5P 0.206
6P 0.152

Table 4. Beyond-4P Per-
sonalization. Performance
degrades beyond 4P.

#People in Prompt #People in Generation

2P 2.25
4P 4.06
5P 7.75
6P 7.75

Table 5. Base model beyond four peo-
ple. FLUX Kontext does not reliably follow
prompts with more than four people.

foreground humans naturally on chairs (see the failure example in
Appendix). Integrating the strong reasoning capabilities of Vision
Language Models [Bai et al. 2023, 2025] into personalized generation
is a promising remedy.

Beyond 4P Generation Limitations. Although CanvasComposer
can accept a variable number of subjects, its performance degrades
beyond four people (Tab. 4) for two reasons. First, data limitations:
our >4P in-house samples often contain highly similar poses, ex-
pressions, or low-quality faces, so we cap the training data at four
people; higher-quality, more diverse >4P data would likely improve
robustness. Second, base model limitations: FLUX Kontext itself
is unreliable beyond four subjects (Tab. 5); access to its raw base
weights, prior to aesthetic fine-tuning or guidance distillation (as

explored for FLUX.1-Krea [Labs 2025]), would likely enable further
improvements.

Output Layout and Occlusion Control. The index CanvasComposer
uses to keep subjects separate on the input canvas carries no depth
or z-ordering semantics: CanvasComposer preserves reference pix-
els when subjects overlap in the input canvas (Tab. 3), while the
occlusion and depth ordering of the output follow the base model.
See Sec. 3.2 for future directions toward such controls.

Base Model Dependence. All results use a frozen FLUX Kontext
base with a lightweight LoRA; performance inherits this backbone’s
strengths and weaknesses (e.g. beyond four people, Tabs. 4 and 5)
and may vary on other base models.

Single Flattened Output. CanvasComposer targets a single harmo-
nized multi-human group photo and does not produce layered or
transparent outputs. As a natural extension, combining our input
canvas with transparent-image generation techniques [Fontanella
et al. 2024; Li et al. 2023a; Zhang and Agrawala 2024] to produce
layered RGBA outputs is compelling future work.

6 CONCLUSION
In this paper, we introduced CanvasComposer, an interactive frame-
work for multi-human personalized generation. Users can directly
place and resize multiple input references on the canvas: by repre-
senting each reference subject as its own separate image, Canvas-
Composer supports intuitive layout manipulation while preserving
reference content under occlusion. The references are kept distinct
simply by repurposing the RoPE embeddings of the pretrained base
model, assigning each reference its own index. Transparent latent
pruning further reduces unnecessary conditioning tokens, and cross-
reference trainingmitigates copy-paste artifacts. Experiments across
multi-human benchmarks show that CanvasComposer improves
identity preservation and generation quality over existing methods.
More broadly, the multi-reference canvas is an effective interface
for adapting pretrained diffusion models to multi-human person-
alization. We believe CanvasComposer opens several promising
directions for future work.
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