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Qualitative results of FACECOMPOSER on CelebAMask-HQ [1]. In each example, the source (top left) and reference
(bottom left) images are provided, and our method (right) transfers the specified components (eyebrows, eyes, nose, or

mouth) while preserving fidelity, structural coherence, and photorealism. Zoom in for details.

Abstract—Reference-based face composition enables precise
editing of individual facial components in a source portrait using
a reference image, with applications in forensic sketching, facial
surgery simulation, and digital media. Despite recent advances in
diffusion models, achieving realistic and structurally consistent
component-level editing remains challenging. To fill this gap, we
propose Context-Aware Face Fusion, a generative framework
that seamlessly integrates selected facial components into a
source portrait while preserving both structural coherence and
texture harmony. To handle mismatches in pose, scale, and cross-
ethnic appearance variations, we introduce a Component-Aware
Augmentation strategy that adaptively aligns reference features to
the source. In addition, we design a Multi-Stage Training pipeline
that mitigates the lack of paired training data by progressively
transitioning from reconstruction to composition tasks. Extensive
experiments demonstrate that our method produces high-fidelity
composites that faithfully incorporate reference components
while maintaining realism and global coherence.

Index Terms—Reference-based Composition, Human Face
Editing, Diffusion Models, Context-aware Generation

I. INTRODUCTION

Recent advances in text-to-image diffusion models [2]–[4]
have enabled high-fidelity image generation, forming the basis
for tasks such as image editing [5]–[12], style transfer [13],

[14], text-guided manipulation [15], [16], and reference-based
image transformation [17], [18]. In the facial domain, identity-
preserving generation [19], [20] and text-guided editing [21]
mostly target global or attribute-level changes. Fine-grained
component editing (e.g., nose or mouth) remains underex-
plored, despite its importance in applications such as forensic
sketching and presurgical simulation.

Face composition aims to synthesize a composite portrait by
integrating target facial components from a reference image
into a source portrait. The objective is twofold: ensuring
high-fidelity identity transfer and maintaining the source’s
global consistency in pose, illumination, and context. Unlike
general image editing, this task is uniquely constrained by
the rigid structural regularity of faces and the acute hu-
man sensitivity to facial distortions, which necessitate both
geometric precision and seamless textural blending at the
boundaries. Recent reference-based editing methods, includ-
ing Gemini3 [22], FLUX.1-Kontext [3], ACE++ [18], and
FreeEdit [23], support instruction- and reference-guided edit-
ing, providing flexible multimodal control within a unified
diffusion backbone. MimicBrush [17] and AnyDoor [24] trans-
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Fig. 1. Pipeline overview. Given a source Isrc and reference Iref, Component-Aware Augmentation (top left) generates context and component regions.
Training has two stages: Stage I reconstructs the source, and its trained model is then frozen to produce pseudo composites Ĩgen (bottom left) for pseudo
supervision in Stage II, which integrates reference components with structural and textural consistency.

fer features from reference images into a source image using
masks to specify editable regions. However, these approaches
primarily target object-level inpainting and lack mechanisms
to handle structure-sensitive tasks such as facial component
editing. Multi-conditioned composition methods, such as Uni-
Combine [25], DreamFuse [26], and OminiControl [6], enable
compositional edits guided by references, while approaches
like MADD [27], InsertAnything [28], and FLUX.1-Fill [3]
leverage masks for object insertion. These methods perform
well for natural images, where minor inconsistencies are
tolerable, but often struggle with faces. Existing methods
often suffer from boundary discontinuities, copy-paste effects
and unfaithful transfers (Fig. 2), necessitating a specialized
approach for reference-based face composition.

Addressing the challenges of faithful transfer and structural
coherence, our Context-Aware Face Fusion framework explic-
itly models the interaction between reference components and
the source context. This design effectively mitigates copy-
paste effects and boundary seams, resulting in perceptually
continuous and authentic face composition. To handle cross-
identity variations in pose, scale, and texture, we introduce
a Component-Aware Augmentation strategy that simulates
realistic facial variations, allowing the model to learn robust
feature integration across diverse appearances. Furthermore,
in the absence of paired training data, we devise a Multi-
Stage Training strategy that begins with self-reconstruction
from masked inputs and gradually progresses to full face
composition with hybrid pseudo-supervision. This progressive
scheme stabilizes training, mitigates error accumulation, and
ultimately enables the generation of high-fidelity, semantically
faithful facial composites.

Our contributions are summarized as follows: (1) a fine-
grained face composition framework for faithful attribute
transfer with global structural consistency; (2) a Context-
Aware Face Fusion framework that enables mutual adaptation
and suppresses boundary artifacts and copy–paste effects;
and (3) a Multi-Stage Training strategy with Component-
Aware Augmentation enabling cross-identity synthesis without
paired data. Extensive evaluations demonstrate superior iden-
tity preservation and photorealism.

II. METHODOLOGY

A. Overview

Given a source image Isrc ∈ RH×W×3 providing the global
portrait context, a reference image Iref ∈ RH×W×3 containing
target facial attributes, and a binary mask M ∈ {0, 1}H×W

specifying the facial components to be transferred, our goal is
to learn a conditional generative model that synthesizes a com-
posite image. Specifically, the synthesized regions defined by
M preserve the identity-related characteristics of Iref, while all
non-edited attributes, including pose, illumination, and facial
expression, remain consistent with Isrc. Additionally, the model
aims to ensure smooth and natural transitions between edited
and non-edited regions, maintaining high-quality blending at
the ROI–context boundaries.

To address these challenges, we introduce a framework
composed of three complementary components operating at
different levels of the pipeline (Fig. 1): (i) a Component-
Aware Augmentation Strategy at the data level, which in-
troduces controlled geometric and photometric variations to
improve robustness under cross-ethnic compositions in the
absence of paired supervision; (ii) a Context-Aware Face
Fusion Framework at the model level, which employs cross-
attention to integrate transferred components with surrounding
facial context; and (iii) a Multi-Stage Training Strategy at
the optimization level, which progressively transitions from
self-reconstruction to reference-guided composition to balance
component fidelity and global coherence.

B. Data Construction

1) Pairwise Data: We adopt CelebAMask-HQ [1] and
FFHQ [29] due to their high-resolution facial images, rich
attribute diversity, and broad ethnic coverage. To construct
clean composition pairs, we remove samples with extreme
poses or heavy occlusions, pair subjects across ethnicities,
and generate 10,000 source–reference pairs for fine-tuning.
For multi-reference settings, all references are filtered with the
same criteria and are collectively referred to as “reference”.

2) Component-Aware Augmentation Strategy: A fundamen-
tal challenge in reference-based face composition is seam-
lessly integrating transferred facial components under large
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Q FLUX.1-Fill-dev [3] 0.0357 0.9648 0.9527 0.0798 0.9359 0.9923 0.0361 0.0193 48.35
FLUX.1-Kontext-dev [3] 0.0392 0.9639 0.9375 0.3333 0.6691 0.9250 0.0662 0.0278 41.37
InsertAnything [28] 0.0327 0.9679 0.9597 0.0366 0.9773 0.9974 0.0024 0.0021 46.52
InsertAnythingFT [28] 0.0297 0.9701 0.9660 0.0402 0.9762 0.9972 0.0024 0.0022 45.71
MADD [27] 0.0361 0.9652 0.9393 0.2635 0.7510 0.9812 0.0543 0.0212 47.2
DreamFuse [26] 0.0396 0.9633 0.9467 0.3601 0.6705 0.8914 0.0684 0.0282 73.70
Ours 0.0207 0.9815 0.9611 0.1142 0.8997 0.9799 0.0022 0.0010 27.88
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FLUX.1-Fill-dev [3] 0.0273 0.9761 0.9475 0.0787 0.9417 0.9957 0.0338 0.0197 31.15
FLUX.1-Kontext-dev [3] 0.0268 0.9774 0.9418 0.3544 0.6408 0.9649 0.0730 0.0249 32.20
InsertAnything [28] 0.0248 0.9784 0.9555 0.0446 0.9755 0.9988 0.0014 0.0011 31.12
InsertAnythingFT [28] 0.0228 0.9793 0.9608 0.0458 0.9748 0.9988 0.0014 0.0011 30.68
MADD [27] 0.0277 0.9766 0.9350 0.2759 0.7983 0.9842 0.0577 0.0215 39.12
DreamFuse [26] 0.0283 0.9754 0.9442 0.3159 0.7455 0.9451 0.0643 0.0273 49.18
Ours 0.0220 0.9808 0.9607 0.1414 0.8971 0.9895 0.0025 0.0015 25.68

TABLE I
QUANTITATIVE EVALUATION ON CELEBAMASK-HQ AND FFHQ. METRICS ACROSS ROI, CONTEXT, AND BOUNDARY ASSESS REGIONAL FIDELITY

AND TRANSITION SMOOTHNESS. OUR METHOD ACHIEVES THE BEST GLOBAL FID AND LEADING PERFORMANCE IN ROI AND BOUNDARY ZONES.1
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Fig. 2. Visual results for reference-based face composition. Our method preserves reference facial components while seamlessly integrating them into the
source image, outperforming existing insertion and editing models that often distort component details or fail to maintain structural and textural consistency.

appearance discrepancies between subjects, particularly across
ethnicities. Such discrepancies amplify misalignment and pro-
duce visible artifacts, including boundary seams and geometric
distortions. To improve robustness and generalization under
cross-ethnic and cross-appearance variations without paired
training data, we propose a component-aware augmentation
strategy using a two-stage transformation process.

Given a reference region R = M · Iref, we apply sequential
photometric and geometric augmentations to simulate cross-
ethnic appearance and structural variations:

R̂roi = Tgeo
(
Tphot(R)

)
.

Photometric augmentation Tphot perturbs the LAB color
space where the asymmetric luminance shift ∆L ∼ U(−8, 5)
biases samples toward darker tones, while moderate chromi-
nance shifts ∆a ∼ U(−4, 4) and ∆b ∼ U(−6, 6) introduce
color diversity. The perturbed image is then converted to RGB
space to produce the photometrically augmented component.

Following photometric augmentation, Tgeo applies geometric
transformations to simulate realistic spatial variations in facial
component shape and placement. Specifically, a mild affine
transformation is applied with rotations (±5◦), translations (up

to ±5% of the image size), and isotropic scaling in [0.95, 1.05]
to account for pose variations. Together with photometric aug-
mentation, this design disentangles appearance and geometric
variations, improving generalization across ethnically diverse
and structurally heterogeneous faces.

The non-edited facial context of the source image Isrc
is augmented using the same transformation pipeline, with
Mcontext denoting its corresponding binary mask:

Îsrc
context = T

(
Mcontext · Isrc

)
, T = Tgeo ◦ Tphot.

C. Context-Aware Face Fusion Framework

Ensuring coherent structure and harmonious texture in
composed faces requires careful integration of augmented
references with the source context. After augmentation, the
fusion input is defined as

Finput = Îsrc
context ⊕ R̂ref

roi,

1Unlike baselines that use rigid ROI masks to keep context pixels un-
changed—yielding artificially high context scores—our Context-Aware Face
Fusion treats the entire face as an adaptive synthesis area. This prioritizes
global coherence over pixel-level preservation, ensuring seamless integration
and superior realism as evidenced by our leading FID scores.
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Fig. 3. Stage I vs. Stage II comparison. Each row shows the source,
reference, results from both stages, and zoomed-in patches. Bounding boxes
highlight artifacts in Stage I and corresponding improvements in Stage II.

where R̂roi is the aggregated region of interest:

R̂ref
roi =

∑
c∈C

T
(
Mc ⊙ I

(c)
ref

)
,

with C the set of facial components, Mc the spatial mask of
the selected component, and I

(c)
ref the corresponding reference.

Here, ⊕ denotes channelwise concatenation of context and
region features, and ⊙ denotes componentwise masking of
reference components, and

∑
denotes spatial aggregation of

non-overlapping component regions.
Unlike hard-masked insertions, which often introduce seams

and artifacts [28], our framework jointly processes R̂ref
roi and

Îsrc
context as complementary fusion components. Both are en-

coded by a frozen VAE into latent tokens via Z = VAE(Finput)
and passed to DiT transformer blocks. Cross-attention mod-
ulation balances component fidelity with global consistency,
enabling structure- and texture-coherent composition.

D. Multi-Stage Training Strategy

Reference-guided face composition is challenging without
paired ground truth that preserves both reference identity and
source structure. We tackle this with a two-stage curricu-
lum that transitions from identity-preserving reconstruction to
cross-identity composition under hybrid supervision.

1) Stage I: Self-Reconstruction: Given

F recon
input = Îsrc

context ⊕ R̂src
roi

constructed from pair (Isrc, Isrc) of the same source image, the
diffusion model predicts noise εθ on latent zt with the standard
denoising loss:

Lrecon = Et,ε

[
∥ε− εθ(zt, t;F recon

input )∥22
]
.

This stage guides the model to recover facial identity, structure,
and appearance under perfect alignment, providing a stable
initialization for subsequent reference-guided learning.

2) Stage II: Hybrid Pseudo-Supervision: Using the frozen
Stage I model, pseudo composites Ĩpseudo are synthesized from
source–reference pairs (Isrc, Iref) (bottom-left of Fig. 1).

To regulate the hybrid supervision, we sample α ∼ U(0, 1)
and define a binary indicator αbin to determine the activation

of pseudo-label supervision. Controlled by a threshold τ , the
indicator is formulated as:

αbin = 1(α < τ), (1)

where 1(·) denotes the indicator function. The hybrid training
objective is thus defined as:

Lhybrid = (1−αbin)Lrecon+αbin Et,ε

[
∥ε−εθ(zt, t;Finput)∥22

]
.

By stochastically switching between self-reconstruction and
pseudo-supervision, the model maintains the structural in-
tegrity of the source while learning realistic feature transfer.
As illustrated in Fig. 3, this hybrid approach effectively
rectifies the artifacts (e.g., boundary seams, color inconsistency
and unfaithful transfer) exist in Stage I, leading to superior
generation quality.

III. EXPERIMENTS

Implementation Details. Our method builds on FLUX.1
Fill [3], an inpainting model based on DiT [30]. We fine-tune it
for face composition using LoRA [31] with rank 256, enabling
efficient updates while preserving the pre-trained backbone.
Training proceeds on 10,000 source–reference image pairs
using a two-stage protocol. Stage I operates at a resolution of
256× 256 for 5,000 optimization steps, focusing on learning
coarse alignment between facial components and the global
facial context. From Stage I outputs, 9,705 source–reference
pairs with corresponding pseudo composite images Ĩpseudo are
filtered and selected as pseudo labels to provide supervision
for Stage II. Stage II increases the resolution to 1024× 1024
and continues training on the selected 9,705 pairs for 50,000
steps, enabling refinement of structural consistency and high-
frequency details. All experiments are conducted on NVIDIA
A100 and A40 GPUs, and quantitative evaluation is performed
on 2,000 held-out source–reference pairs.
Baselines. We compare with InsertAnything [28] (also fine-
tuned on our data), FLUX.1-Fill [3], DreamFuse [26],
MADD [27] for image insertion, and FLUX.1-Kontext-dev [3],
MimicBrush [17], Gemini2.5 [22] for reference-based editing.
Evaluation Metrics. We evaluate composition quality using
LPIPS [32], SSIM [33], and CLIP similarity [34], computed
over two semantic regions: the ROI, corresponding to the
edited facial components, and the Context, covering the re-
maining facial area. Metrics on the ROI quantify alignment
with the reference image, while Context metrics assess consis-
tency with the source facial appearance. In addition, we report
FID [35] to measure overall image realism at the dataset level.

To assess the smoothness of transitions at the compositing
interface, we define a Boundary region as a narrow band
surrounding the ROI. Within this boundary, we report two
operator-based metrics: SobelDiff and LapDiff, which quantify
structural discrepancies between the source and edited images:

SobelDiff =
1

|B|
∑
p∈B

| ∥∇SobelIsrc(p)∥ − ∥∇SobelIedit(p)∥ | ,

LapDiff =
1

|B|
∑
p∈B

|∆Isrc(p)−∆Iedit(p) | ,



Module LPIPS↓ SSIM↑ CLIP↑ FID↓
Photometric Geometric ContextFusion ROI CONTEXT ROI CONTEXT ROI CONTEXT

0.0215 0.0244 0.9812 0.9902 0.9611 0.9976 28.76
✓ 0.0221 0.0266 0.9810 0.9896 0.9577 0.9974 28.74
✓ ✓ 0.0219 0.0253 0.9811 0.9899 0.9582 0.9974 29.46
✓ ✓ ✓ 0.0207 0.1142 0.9815 0.8997 0.9611 0.9799 27.88

TABLE II
ABLATION STUDY ON DATA AUGMENTATION AND CONTEXT FUSION. BEST RESULTS ARE IN BOLD, SECOND-BEST UNDERLINED. COMBINING

PHOTOMETRIC AND GEOMETRIC AUGMENTATIONS WITH CONTEXT FUSION YIELDS THE BEST TRADE-OFF, IMPROVING ROI METRICS AND FID.

τ LPIPS↓ SSIM↑ FID↓
ROI CONTEXT ROI CONTEXT

0.2 0.0196 0.1120 0.9835 0.9100 29.31
0.3 0.0199 0.1249 0.9823 0.8925 28.12
0.5 0.0207 0.1142 0.9815 0.8997 27.88
0.75 0.0211 0.1209 0.9811 0.8968 28.25
0.9 0.0226 0.1328 0.9804 0.8889 30.35

TABLE III
ABLATION STUDY ON THE MIXING THRESHOLD τ BETWEEN

PSEUDO-LABELED AND REAL IMAGE PAIRS IN STAGE II TRAINING. THE
BEST AND SECOND-BEST RESULTS FOR EACH METRIC ARE HIGHLIGHTED.

where B is the boundary region, ∇Sobel(·) is the Sobel gra-
dient, and ∆(·) is the Laplacian. SobelDiff measures edge
discontinuities (first-order gradients), while LapDiff captures
curvature variations (second-order structure). Lower values
indicate smoother, more coherent transitions.

A. Quantitative results

Table I presents the quantitative results on CelebAMask-HQ
and FFHQ. Our method consistently achieves the best Global
FID (27.88 and 25.68), indicating superior overall realism
and structural coherence. In the ROI, our approach delivers
leading LPIPS and SSIM scores, demonstrating high fidelity in
facial component preservation. Furthermore, the significantly
lower Boundary discrepancy (e.g., 0.0010 LapDiff) confirms
the effectiveness of our seamless integration. While some
baselines show higher SSIM in the Context, this reflects
our strategic Context-Aware Fusion design. By allowing the
ROI and context to mutually adapt rather than enforcing rigid
pixel preservation, our model prioritizes global composition
harmony, ultimately yielding more natural results as evidenced
by the state-of-the-art FID performance.

B. Qualitative results

Figure 2 shows qualitative comparisons against state-of-the-
art insertion and editing baselines across diverse face com-
position scenarios. While existing methods largely preserve
overall facial structure, they often exhibit unfaithful compo-
nent transfer, boundary artifacts, and inadequate structural or
textural blending. In contrast, our approach achieves seamless
integration of reference components with surrounding regions,
faithfully retaining fine details from the reference. These
benefits are particularly pronounced in high-frequency regions
such as eye corners, lip contours, and the nose bridge, where
precise structure and identity cues are essential.

C. User Study

We conducted a user study with 26 participants to evaluate
perceptual quality across four aspects: (i) component simi-
larity, assessing how well the facial components match the
reference image; (ii) identity preservation, judging whether the
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Fig. 4. User preferences in comparative evaluation across four aspects. Our
method is consistently favored for components, identity, blending, and realism.

subject’s context are maintained; (iii) blending quality, eval-
uating the seamlessness of transitions between edited regions
and surrounding face; and (iv) overall realism, rating visual
plausibility and aesthetic appeal. In the comparative evalua-
tion, 30 image sets were shown, each including outputs from
our method and seven state-of-the-art baselines. Participants
selected preferred images, and our method was consistently
favored: 74.7% for component fidelity, 54.7% for blending,
and 51.8% for overall realism (Figure 4).

In the absolute evaluation, 50 samples generated by our
method were rated on a 5-point Likert scale for the same four
aspects. High satisfaction was observed: “excellent” ratings
(5) reached 53.5% for component fidelity, 59.2% for identity
preservation, 50.9% for blending, and 51.2% for overall re-
alism. Considering positive ratings (Score ≥ 4), our method
achieved over 80% satisfaction in fidelity and 87% in identity,
demonstrating robust identity preservation and high fidelity.

D. Ablation study

We perform ablation studies to isolate the roles of the
Component-Aware Augmentation strategy and the Context-
Aware Face Fusion framework, and to assess the impact of
training data composition.
Effect of Augmentation and Context-Aware Fusion. Ta-
ble II shows that photometric and geometric augmentation
improves robustness, while the Context-Aware Face Fusion
mechanism further enhances boundary blending. Each step
boosts structural coherence and visual fidelity, with the full
pipeline yielding the best ROI LPIPS/SSIM and overall FID.
Mixing Ratio of Pseudo and Real Pairs. Table III shows that
increasing the proportion of reconstructed ground truth pairs
improves LPIPS and SSIM by preserving selected components
and context, while the best FID is achieved with a balanced
50% pseudo-labeled / 50% real mix (τ = 0.5).



IV. CONCLUSION

We tackled the challenging task of reference-based face
composition, requiring precise component transfer with global
structural and photometric consistency. Our Context-Aware
Face Fusion, together with Component-Aware Augmentation
and Multi-Stage Training, enables robust learning in the ab-
sence of paired training data by explicitly modeling spatial,
appearance, and contextual relations. These designs strike a
balance between local fidelity and global harmony, allowing
FACECOMPOSER to surpass existing methods in both realism
and structural coherence. Beyond achieving state-of-the-art
results, our work offers new insights into structure-sensitive
face editing and opens avenues for broader applications in
reference-based image composition.
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