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Abstract. While text-guided image editing has made remarkable progress,
it remains limited in structural portrait retouching. Textual descriptions
struggle to convey fine-grained changes to facial features and body pro-
portions. To address this gap, we introduce Exemplar-Based Portrait
Photo Retouching, where the model is given an exemplar pair and tasked
with inferring and applying the same retouching operations to a new
query image. Existing exemplar-based editing methods primarily focus
on tasks with pronounced visual transformations. In contrast, structural
portrait retouching involves extremely delicate and localized modifica-
tions, making accurate extraction and transfer of these edits challeng-
ing. To tackle this, we propose MirrorPPR, a novel framework specifi-
cally designed to capture and transfer subtle structural retouching oper-
ations. Our method uses a Retouching Operation Extractor to capture
the subtle differences from the exemplar pair. The extracted represen-
tations are then injected into a pre-trained Diffusion Transformer (DiT)
through a connector and Low-Rank Adaptation (LoRA) modules. Fur-
thermore, constructing perfectly aligned cross-identity training pairs is
severely hindered by operation misalignment. To overcome this, we pro-
pose an advanced data self-augmentation paradigm that ensures strictly
aligned retouching operations. To alleviate data scarcity and support
this novel task, we introduce MirrorPPR47M, a large-scale dataset with
over 47 million retouched pairs. By structuring the dataset into simu-
lated and professional subsets, we enable progressive curriculum learning
to smoothly optimize the network. Extensive experiments demonstrate
that MirrorPPR significantly outperforms existing baselines in both re-
touching quality and identity preservation. The project page is available
at https://sjtu-deng-lab.github.io/MirrorPPR.

Keywords: Portrait Photo Retouching · Exemplar-based Editing · Dif-
fusion Models

1 Introduction

Text-guided image editing [5, 27, 35, 51, 55, 56] has achieved remarkable success.
However, it reveals intrinsic limitations when applied to portrait photo retouch-
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Fig. 1: Results of MirrorPPR on various samples. MirrorPPR successfully extracts
fine-grained retouching operations from the exemplar and transfers them to the query.
The operation types for each sample are: (a) top-left: “Shrink mouth”; (b) top-right:
“Enlarge eyes, Plump lips, Narrow nasal alae”; (c) bottom-left: “Slim legs”; (d) bottom-
right: “Narrow nasal alae, Square shoulders”.

ing. Portrait retouching encompasses appearance-level (e.g., color grading, skin
smoothing) and structural-level adjustments (e.g., refining jawlines, enlarging
eyes, or modifying body proportions). While appearance retouching can be ef-
ficiently handled by existing parametric filters, structural retouching remains
highly challenging and relies heavily on manual expertise. Natural language is
inherently ambiguous for automating such tasks, as it struggles to quantitatively
specify the exact spatial scale, direction, and magnitude of fine-grained structural
manipulations. Consequently, text-guided models frequently suffer from misin-
terpretations, leading to insufficient adjustments or unnatural over-editing.

To bypass the expressive limitations of text, exemplar-based image edit-
ing [11, 16, 28, 31, 36, 41, 49, 53, 58, 60, 62] has emerged as a promising alterna-
tive, allowing users to convey their intent intuitively via before-and-after image
pairs. Yet, adapting this paradigm to structural portrait retouching introduces a
unique challenge: unlike general image editing tasks characterized by substantial
visual transformations, structural retouching operations are remarkably subtle.
Consequently, existing exemplar-based models often lack the sensitivity to per-
ceive and transfer such minute differences.

Furthermore, exemplar-based structural retouching suffers from a severe scarcity
of suitable datasets. Existing datasets [3, 4, 9, 30, 42, 43, 45] primarily focus on
appearance-level adjustments or lack operation diversity. More critically, con-
structing cross-identity training pairs—where two distinct portraits undergo the
exact same combination of retouching operations—is extremely difficult. Varia-
tions in image content, such as shot scales, partial occlusions, and head poses,
mean that specific local edits are rarely universally applicable (e.g., applying leg
thinning to a facial close-up, or modifying eye spacing on a profile face). There-
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fore, curating strictly paired, operation-aligned cross-identity datasets is highly
unscalable and poses a critical data bottleneck.

To tackle these challenges, we introduce MirrorPPR, a framework that
accurately captures and transfers subtle structural retouching operations. The
framework consists of two core modules. A Retouching Operation Extractor cap-
tures the subtle differences between the source and target exemplars, producing
a retouching operation representation. This representation is then injected into a
pre-trained Diffusion Transformer (DiT) [55] backbone as a conditioning signal,
guiding the DiT to transfer the structural retouching to a new query image. To
optimize the framework, we employ a progressive two-stage training strategy: the
extractor is first pre-trained, and subsequently linked to the DiT via a connector
for joint LoRA [21] fine-tuning.

To successfully optimize our framework and overcome the aforementioned
cross-identity misalignment challenge, we propose an advanced data self-augmentation
paradigm. Instead of using a different identity for the query, we construct the
training quadruplet directly from the exemplar pair by applying a randomized
set of spatial augmentations to the source and target exemplars synchronously.
This self-augmented formulation ensures strict alignment of the retouching op-
erations between the exemplar pair and the query-ground truth pair, effectively
reducing optimization difficulty and accelerating model convergence.

Benefiting from the data self-augmentation strategy, we eliminate the need
for strictly paired cross-identity examples, requiring only a comprehensive re-
touching dataset. To this end, we construct MirrorPPR47M, comprising over
47 million retouched pairs. Because authentic structural edits are very subtle to
learn from scratch, we structure the dataset to support curriculum learning [2]:
it includes a simulated subset with pronounced deformations for pre-training,
and a professional subset for fine-tuning on highly realistic operations.

Extensive experiments validate that our approach significantly outperforms
existing baselines, achieving state-of-the-art performance in both retouching
quality and identity preservation.

In summary, our main contributions are threefold:

– We introduce the novel task of Exemplar-Based Portrait Photo Retouching
that focuses on structural reshaping, and propose MirrorPPR, an inno-
vative framework that accurately captures and transfers subtle retouching
operations.

– We design an advanced data self-augmentation paradigm that effectively
resolves the cross-identity misalignment challenge.

– We construct MirrorPPR47M, a large-scale dataset comprising over 47
million pairs for comprehensive structural portrait reshaping, establishing a
solid foundation for mastering intricate real-world retouching operations.

2 Related Work

Text-guided Image Editing. Diffusion-based models [20, 39, 47, 48] have rev-
olutionized text-guided image editing by leveraging natural language instruc-
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tions [5, 13, 35, 46, 51, 56]. Early works like P2P [19] and InstructPix2Pix [6]
handle general edits, while MasaCtrl [10] enables tuning-free non-rigid editing.
Recent state-of-the-art models further support complex tasks like image compo-
sition and style transfer via multi-reference editing [8, 23, 27, 29, 50, 55]. Despite
their versatility, these methods remain inadequate for structural portrait re-
touching, as natural language lacks the precision to specify the exact spatial
scale, direction, and magnitude required for subtle adjustments.
Exemplar-Based Image Editing. To address the semantic ambiguity of text,
a growing body of research has shifted toward exemplar-based editing [16, 17,
28, 33, 36, 49, 53, 59, 60]. Early attempts cast this as an inversion problem, map-
ping visual examples to textual embeddings or discrete instructions [41, 58, 62].
Recent works advance toward In-Context Learning (ICL), with methods like
EditTransfer [11] and VIRAL [31] addressing non-rigid transformations and het-
erogeneous tasks. However, as these frameworks largely target general-purpose
editing, extending them to extract and transfer the fine-grained edits required
for structural portrait retouching remains an underexplored challenge.
Portrait Photo Retouching. Traditional portrait retouching pipelines [9, 22,
25,26,37,40] primarily focus on global, appearance-level enhancements like color
grading and skin smoothing. While generative models such as StyleGAN [24,38,
52] enable structural facial editing, they still struggle with fine-grained, localized
adjustments. A major bottleneck for AI-driven structural retouching is the lack
of suitable training data. Existing datasets are either dominated by appearance
adjustments [7,30,45] or lack operation diversity [3,42,43]. To resolve these issues,
we carefully construct a large-scale structural portrait retouching dataset.

3 Method

3.1 Task Formulation and Method Overview

Given an exemplar pair (Xs, Xt) representing the source and its retouched coun-
terpart, alongside a new query image Xq, the objective of exemplar-based por-
trait photo retouching is to generate a target image Ŷq by applying the identical
retouching operations demonstrated in the exemplar pair. The ground-truth re-
touched image corresponding to Xq is denoted as Yq.

As shown in Figure 2, our proposed MirrorPPR framework consists of two
core components: (1) a Retouching Operation Extractor that captures sub-
tle retouching operations from the exemplar pair, and (2) a pre-trained Dif-
fusion Transformer (DiT) backbone that transfers these operations to the
query image via a dedicated connector and LoRA modules.

3.2 Retouching Operation Extractor

Portrait retouching involves extremely subtle modifications. Inspired by Moto [12],
we introduce the Retouching Operation Extractor to accurately capture subtle
retouching operations. It consists of a frozen Masked Autoencoder (MAE) [18]
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Fig. 2: Overall architecture of the proposed MirrorPPR framework. Our framework is
trained in a progressive two-stage pipeline. Left: A Retouching Operation Extractor,
comprising a frozen MAE and a trainable R-Former, extracts subtle retouching opera-
tions from the exemplar pair (Xs, Xt). It is pre-trained via an auxiliary reconstruction
task using a temporary MLP and ViT decoder. Right: The pre-trained R-Former is in-
tegrated with a frozen dual-stream DiT. The extracted operation features are processed
by a trainable connector and injected into the DiT blocks. The R-Former, connector,
and newly added LoRA modules are jointly fine-tuned to transfer the operations. The
snowflake and fire icons denote frozen and trainable modules, respectively.

and a Transformer-based network, termed R-Former, which is specifically de-
signed to extract retouching operations from the MAE features. MAE is par-
ticularly suitable for this extractor, as it preserves local spatial structures and
provides representations favorable to geometry, localization, and fine-grained
differences [57], thereby facilitating the capture of subtle retouching operations.
Retouching Operation Extraction. The patch-level features extracted by
the frozen MAE from the exemplar pair are passed into the R-Former. Within
the network, a set of internal learnable query tokens is concatenated with the
incoming image features along the sequence dimension. As they pass through the
self-attention layers, the query tokens interact with the image features, enabling
them to extract the subtle retouching operations from the image features. We
retain only the output representations corresponding to these queries, denoted
as Hedit, which serve as the raw retouching operation representation.
Extractor Pre-training. To ensure that Hedit accurately encapsulates the
precise retouching intent, we introduce an auxiliary reconstruction proxy task to
pre-train the extractor. Specifically, a Multi-Layer Perceptron (MLP) projects
Hedit into a compact edit embedding eedit. For a given query image Xq, its patch
embeddings are extracted, and eedit is added to each patch token. A lightweight
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ViT decoder then processes these fused tokens to reconstruct the retouched result
Ŷq. This pre-training stage is optimized using a combination of Mean Squared
Error (MSE) reconstruction loss and LPIPS perceptual loss [61]:

Lpre = ∥Ŷq − Yq∥22 + λLlpips(Ŷq, Yq), (1)

where λ is a balancing scalar. After pre-training, the extractor learns robust op-
eration representations, and the auxiliary MLP and ViT decoder are discarded.

3.3 Operation Transfer via Diffusion Transformer

After pre-training the extractor, we integrate it with a pre-trained image editing
diffusion model to apply the extracted retouching operations to the query image.
Backbone. We adopt Qwen-Image-Edit-2511 [55] as our backbone, which fea-
tures a dual-stream DiT. One stream leverages the Multimodal Large Language
Model (MLLM) Qwen2.5-VL [1] to extract high-level visual representations,
while the other stream performs diffusion denoising on the target latents condi-
tioned on image VAE latents. Since our exemplar-based task is fundamentally
driven by visual demonstrations rather than textual descriptions, we omit text
instructions entirely. We retain the frozen Qwen2.5-VL to extract the visual fea-
ture embeddings cimg from Xq, and preserve the frozen VAE encoder E to obtain
the image latent representation zcond = E(Xq).
Operation Injection. To inject the retouching operations into the diffusion
process, the extracted operation representations Hedit are processed by a train-
able connector. The connector maps Hedit into the instruction conditioning space
of the DiT backbone, producing the final retouching operation condition cedit.
Joint Fine-tuning. Let z0 = E(Yq) be the encoded ground-truth target latent,
and z1 ∼ N (0, I) be a standard Gaussian noise vector. For a given timestep
t ∈ [0, 1], the intermediate noisy latent zt is constructed via linear interpolation,
and the target velocity vt is defined as the trajectory from noise to data:

zt = tz0 + (1− t)z1, vt = z0 − z1. (2)

The flow matching loss is formulated as the MSE between the predicted
velocity vθ and the ground-truth velocity vt:

Lflow = Ez1,z0,t

[
∥vθ([zt, zcond], t, cimg, cedit)− vt∥22

]
. (3)

To efficiently adapt the powerful prior of the pre-trained DiT to our task,
we freeze its original parameters and add trainable LoRA [21] modules into
its attention blocks. The pre-trained R-Former, the connector, and the LoRA
modules are end-to-end jointly optimized via Lflow, enabling the network to
accurately transfer the subtle retouching operations.

3.4 Data Self-Augmentation Paradigm

As discussed in Section 1, constructing valid training quadruplets for exemplar-
based portrait retouching is non-trivial. A straightforward strategy is to build
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Fig. 3: Illustration of the proposed data self-augmentation paradigm. The Cross-
Identity setting suffers from operation misalignment between the exemplar pair and
the query pair, while Self w/o Aug causes pixel-level shortcut learning. Our Self-
Augmentation applies the same spatial augmentation A to both Xs and Xt, which
preserves operation alignment while breaking absolute coordinate correspondence.

Cross-Identity quadruplets, where the exemplar pair (Xs, Xt) and query pair
(Xq, Yq) come from different identities and are expected to share the same in-
tended retouching operations. However, as shown in Figure 3 (a), due to vari-
ations in shot scale, pose, occlusion, and portrait composition, the operation
between the two pairs may not strictly correspond. Such misalignment makes
the supervision ambiguous and hinders the model from learning a consistent
operation-transfer mapping from the exemplar pair to the query pair.

A natural workaround is to construct the training quadruplet directly from
a single exemplar pair. We denote the naive version as Self w/o Aug, where the
query image is set to the source exemplar and the ground truth is set to the target
exemplar, i.e., Xq = Xs and Yq = Xt. Although this construction avoids cross-
identity operation misalignment, it introduces severe shortcut learning. Since
the exemplar pair and the query pair are perfectly aligned at the pixel level, the
model can trivially copy coordinate-wise differences rather than infer the un-
derlying retouching semantics. Consequently, it struggles to generalize to query
images with different identities, spatial layouts, or scales.

To break this spatial coupling while retaining exact operation consistency,
we introduce Self-Augmentation. Specifically, we synthesize the query pair by
applying a shared random spatial augmentation A, such as scaling, cropping,
rotation, and horizontal flipping, to both the source and target exemplars. The
query pair is therefore constructed as Xq = A(Xs) and Yq = A(Xt). Because
the same augmentation is applied to both images, the retouching operations
in the synthesized query pair remain exactly consistent with those in the ex-
emplar pair. Meanwhile, the transformed query pair no longer shares the same
absolute pixel coordinates with the original exemplar pair (Xs, Xt), preventing
shortcut learning. By preserving operation alignment while breaking absolute
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pixel-level correspondence, this construction encourages the model to transfer
the retouching operations in the exemplar pair according to the query image’s
own spatial layout, thereby overcoming the cross-identity data bottleneck and
enabling robust generalization of the learned operations.

4 MirrorPPR47M Dataset

To overcome the scarcity of paired geometric retouching data, we construct Mir-
rorPPR47M, a large-scale portrait dataset encompassing comprehensive struc-
tural reshaping. These operations extensively cover facial features, face contours,
and body proportions across diverse shot scales. Since real-world retouching is
very subtle, training a network from scratch is highly challenging. To mitigate
this, MirrorPPR47M is designed to support an easy-to-hard curriculum learning
strategy. It comprises a Simulated Retouching Subset featuring pronounced
deformations and a Professional Retouching Subset providing authentic,
complex operations. We construct the dataset through the following pipeline.

4.1 Data Curation and Filtering

We source raw high-resolution images and apply strict filtering criteria based on
head pose, facial occlusion, and portrait area ratio. Detailed criteria are provided
in Appendix A.1. For the Simulated Retouching Subset, we retain 30, 171 high-
quality images from the FFHQ dataset [24]. For the Professional Retouching
Subset, we select 3, 789 4K-8K portraits from the PPR10K dataset [32].

4.2 Retouching Execution

Simulated Retouching Generation. To synthesize pronounced geometric de-
formations, we propose the Landmark-Guided Local Warping (LLW) algorithm.
Detailed formulations and implementations of this algorithm are provided in
Appendix A.2. We simulate 8 types of facial operations, each with two opposite
directions. By randomly combining 1 to 8 operations per identity, we synthesize
808, 439 retouched pairs.
Professional Retouching Generation. To approximate real-world authentic-
ity, we process the source images from PPR10K using a commercial retouching
API. We select 27 professional operations, comprising 18 for facial features, 4
for face shapes, and 5 for body proportions. Applying random combinations of
1 to 7 operations per image yields 46, 642, 845 finely retouched pairs.

Appendix A.4 provides more detailed operation taxonomy and statistics.

4.3 Data Processing and Self-Augmentation

Following the Self-Augmentation paradigm in Section 3.4, we implement a con-
crete data processing pipeline to generate spatially decoupled yet operation-
aligned training quadruplets (Xs, Xt, Xq, Yq).



MirrorPPR: Exemplar-Based Portrait Photo Retouching 9

We first crop and resize raw images to a total area of approximately 4 MP.
This cropping process utilizes facial bounding boxes and human body masks to
strictly ensure the completeness of the portrait subject. Detailed cropping pro-
cedures are provided in Appendix A.3. Subsequently, we synchronously apply
randomized spatial augmentations to the source and target images. These aug-
mentations include mirroring, rotation, and dynamic cropping with varied spatial
offsets. Consequently, the retouching operations in the query pair (Xq, Yq) ap-
pear at entirely different spatial coordinates and scales compared to the exemplar
pair (Xs, Xt). This strategy effectively prevents shortcut learning and expands
each original pair into approximately 13.3 spatially decoupled variations.

4.4 Progressive Curriculum Learning

We use the two subsets to design a progressive training strategy. First, the
Retouching Operation Extractor is pre-trained on the Simulated Retouching
Subset to capture fundamental structural variations, then further trained on
the Professional Retouching Subset to adapt to intricate, real-world retouching
subtleties. In the final fine-tuning stage, all trainable modules are exclusively
optimized on the professional data. This tailored data recipe ensures that the
network can stably capture highly complex structural retouching operations.

5 Experiments

5.1 Experimental Setting

Benchmarks. To rigorously evaluate cross-identity operation transfer capabil-
ities, we construct two benchmarks where the exemplar pair and query image
feature entirely different identities—a crucial distinction from our self-augmented
training phase. SimFace-100 comprises 100 retouching combinations randomly
paired from 12 distinct 1024× 1024 facial images using 8 operations supported
by LLW, testing the preliminary perception of prominent simulated retouch-
ing. ProPortrait-500 involves 500 combinations of 27 professional operations
applied to 40 high-quality portraits using the same commercial API as the Pro-
fessional Retouching Subset, with images standardized to an area equivalent to
1.5K × 1.5K pixels. This benchmark poses a severe challenge for capturing highly
subtle and fine-grained professional edits.

Evaluation Metrics. We employ PSNR, SSIM [54], and LPIPS [61] to evaluate
pixel-level fidelity, structural reconstruction accuracy, and perceptual similarity,
respectively. Following MoFRR [34], we introduce Face Similarity to evaluate
identity preservation during retouching. This metric leverages the face recogni-
tion model ArcFace [14] to extract feature embeddings from the generated result
and the ground truth, and computes their cosine similarity for assessment.
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Table 1: Quantitative comparison results with baselines on SimFace-100.

Category Model PSNR ↑ SSIM ↑ LPIPS ↓ Face Similarity ↑

Multi-reference
Image Editing

Qwen-Image-Edit-2511 9.06 0.468 0.745 0.207
FLUX.2-dev 9.28 0.481 0.698 0.110
Nano Banana 2 16.72 0.784 0.329 0.556
Seedream 4.5 13.01 0.709 0.501 0.351

Exemplar-based
Qwen-Image-Edit-2511-ICEdit-LoRA 9.21 0.533 0.640 0.300
RelationAdapter 16.57 0.698 0.543 0.204
EditTransfer 15.68 0.691 0.492 0.464

Text-guided

Qwen-Image-Edit-2511 25.80 0.862 0.260 0.463
FLUX.2-dev 22.44 0.804 0.301 0.531
Nano Banana 2 24.25 0.860 0.239 0.601
Seedream 4.5 18.01 0.788 0.368 0.600

Ours MirrorPPR-Face 32.25 0.909 0.186 0.937

Implementation Details. Corresponding to our benchmarks, we train two
model variants. MirrorPPR-Face is trained in two stages on 1024× 1024 sim-
ulated facial crops extracted using FFHQ facial bounding boxes. MirrorPPR-
Pro undergoes the progressive curriculum learning proposed in Section 4.4.
Specifically, the extractor is sequentially pre-trained on the simulated and pro-
fessional subsets, followed by joint fine-tuning of the entire framework exclusively
on the professional data. Detailed network configurations and training settings
are provided in Appendices B and C.

5.2 Comparison with Other Methods

To comprehensively evaluate the effectiveness of our proposed MirrorPPR, we
compare it against powerful baselines across three distinct categories. For multi-
reference image editing, we choose Qwen-Image-Edit-2511 [55], FLUX.2-dev [27],
Nano Banana 2 [50], and Seedream 4.5 [44]. For exemplar-based image edit-
ing, we select three recent DiT-based methods: Qwen-Image-Edit-2511-ICEdit-
LoRA [15], RelationAdapter [16], and EditTransfer [11]. Additionally, we evalu-
ate the text-guided editing capabilities of Qwen-Image-Edit-2511, FLUX.2-dev,
Nano Banana 2, and Seedream 4.5. For multi-reference and exemplar-based
methods, we uniformly use the prompt: "Infer the portrait retouching opera-
tions applied from Image 1 (original) to Image 2 (retouched), then apply the
same retouching operations to Image 3." For text-guided methods, we provide
clear text instructions. More evaluation details are provided in Appendix D.

Quantitative Analysis. Quantitative results on the SimFace-100 and ProPortrait-
500 benchmarks are summarized in Table 1 and Table 2, respectively. From the
results, we draw the following conclusions:

Multi-reference and exemplar-based methods completely fail on
this task. As shown in the tables, existing multi-reference editing models (with
the exception of Nano Banana 2) and baseline exemplar-based methods exhibit
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Table 2: Quantitative comparison results with baselines on ProPortrait-500.

Category Model PSNR ↑ SSIM ↑ LPIPS ↓ Face Similarity ↑

Multi-reference
Image Editing

Qwen-Image-Edit-2511 10.23 0.538 0.645 0.413
FLUX.2-dev 9.36 0.466 0.728 0.220
Nano Banana 2 17.72 0.835 0.250 0.811
Seedream 4.5 12.12 0.689 0.436 0.705

Exemplar-based
Qwen-Image-Edit-2511-ICEdit-LoRA 12.06 0.631 0.564 0.606
RelationAdapter 15.74 0.709 0.586 0.283
EditTransfer 18.32 0.748 0.481 0.457

Text-guided

Qwen-Image-Edit-2511 20.85 0.732 0.387 0.501
FLUX.2-dev 19.94 0.748 0.345 0.616
Nano Banana 2 27.45 0.904 0.183 0.667
Seedream 4.5 16.43 0.770 0.378 0.782

Ours MirrorPPR-Pro 32.65 0.927 0.200 0.960

extremely poor performance. All evaluation metrics fall far below the normal
ranges expected for portrait retouching tasks.

Text-guided methods perform better in reconstruction but struggle
with identity preservation. Compared to the first two categories, text-guided
models demonstrate significantly better pixel-level reconstruction and structural
fidelity, achieving much higher PSNR and SSIM scores. However, a prominent
weakness across these models is their noticeably low Face Similarity scores. For
instance, although the text-guided Nano Banana 2 achieves a highly competitive
LPIPS of 0.183 on the ProPortrait-500 benchmark, its Face Similarity drops to
merely 0.667. This sharp contrast indicates that text-guided models severely
compromise the biometric characteristics of the portrait subject.

MirrorPPR demonstrates comprehensive superiority. Both MirrorPPR-
Face and MirrorPPR-Pro consistently yield excellent scores across the evaluation
metrics on both benchmarks. On the highly challenging ProPortrait-500 dataset,
MirrorPPR-Pro achieves a PSNR of 32.65, an SSIM of 0.927, and an unprece-
dented Face Similarity of 0.960. These superior metrics robustly demonstrate
the effectiveness of our method for exemplar-based portrait retouching.

Qualitative Comparison. We manually inspected the test outputs to explain
the metric results and summarize the main causes of baseline failures. Specifi-
cally, multi-reference and exemplar-based models typically misinterpret opera-
tion transfer as image blending or face swapping. Meanwhile, text-guided models
lack precise geometric control due to language ambiguity, frequently producing
anatomically exaggerated, "over-edited" features that corrupt the original iden-
tity. In contrast, our MirrorPPR achieves precise structural reshaping while per-
fectly preserving the unedited details. Representative examples illustrating these
observations are presented in Figure 4 and Figure 5.

User Study. To complement automatic metrics and visual comparisons, we fur-
ther conduct a user study in which participants select the anonymized candidate



12 Z. Liu et al.

Fig. 4: Qualitative comparison on SimFace-100. MirrorPPR-Face accurately captures
and faithfully transfers all operations, while other models suffer from various issues.

that best transfers the demonstrated retouching operation while preserving iden-
tity and avoiding changes to unrelated regions. MirrorPPR-Pro receives 79.0%
overall preference, showing that its advantage is also clearly perceived by human
users. More details about the user study are provided in Appendix E.

5.3 Latent Space Analysis of the Extracted Operations

To gain a deeper understanding of the operation representations learned by our
framework, we conduct further analyses on the edit embeddings eedit. These
embeddings are obtained from the Retouching Operation Extractor and sub-
sequently mapped through the auxiliary MLP. We evaluate these embeddings
on the SimFace-100 benchmark, revealing several compelling properties of the
learned latent space, including robust operation transfer consistency, distinct
operation clustering, and vector additivity.
Operation Transfer Consistency. A key requirement of our framework is to
ensure that the exact retouching intent demonstrated in the exemplar pair is
faithfully transferred to the target query image. To quantitatively verify this, we
feed the exemplar pair (Xs, Xt) into the pre-trained extractor and the MLP to
obtain the edit embedding eexemplar

edit . Concurrently, we extract the edit embed-
ding equeryedit from the query image and our generated retouching result (Xq, Ŷq).

On SimFace-100, the average cosine similarity between eexemplar
edit and equeryedit

is remarkably high at 0.950. This exceptionally high similarity rigorously ensures
that the retouching operations in the output perfectly align with the exemplar.
Clustering of Retouching Operations. We further investigate whether our
pre-trained extractor learns distinct representations for different retouching op-
erations. We construct a complete single-operation subset comprising 192 image
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Fig. 5: Qualitative comparison on ProPortrait-500. MirrorPPR-Pro accurately cap-
tures and transfers all operations, while other models suffer from various issues.

Table 3: Quantitative evaluation of vector additivity on SimFace-100. Simply adding
the individual operation vectors directly in the latent space surpasses all baselines.

Method PSNR ↑ SSIM ↑ LPIPS ↓ Face Similarity ↑

MirrorPPR-Face 32.25 0.909 0.186 0.937
Latent Vector Additivity 30.85 0.892 0.196 0.869

pairs (12 distinct face images, where 16 different simulated single-operation edits
are applied to each face) and extract their corresponding edit embeddings eedit.

Raw edit embeddings from the pre-trained model inevitably retain instance-
specific image characteristics. To isolate the pure retouching directions, we apply
instance-level mean centering : for each image, we subtract the mean vector of
its 16 operations from the individual embeddings. As shown in Figure 6, these
centered directional vectors exhibit clear operation-based clustering.
Vector Additivity. Based on the well-clustered embeddings, we further exam-
ine their additivity by testing whether they support direct vector addition for
multiple operations. Using the identical 192-sample single-operation dataset, we
attempt to composite multiple operations in the latent space.

For a specific image requiring a composite edit (e.g., Operation A + Opera-
tion B), we first isolate the pure editing directions, denoted as ∆A and ∆B , by
applying the aforementioned mean centering. The composite edit embedding is
then computed as ecomposite = emean+∆A+∆B , where emean is the mean base
vector of that instance. This embedding is then directly fed into the pre-trained
ViT decoder to generate the retouched result.

We evaluate this vector addition approach on SimFace-100. As presented in
Table 3, it surpasses all compared baselines in Table 1. This compelling find-
ing suggests that our learned latent space possesses a robust additive property,
providing a reliable foundation for representing complex combined operations.
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Fig. 6: t-SNE visualization of the re-
touching embeddings. The clear clus-
tering confirms our extractor’s ability to
learn distinct, identity-agnostic representa-
tions for different retouching operations.

Fig. 7: Training loss curves of the Cross-
Identity and Self-Augmentation settings.

Table 4: Ablation results on SimFace-100 for evaluating whether training with Self-
Augmentation weakens cross-identity transfer.

Setting PSNR ↑ SSIM ↑ LPIPS ↓ Face Similarity ↑

Self w/o Aug 28.63 0.906 0.213 0.680
Cross-Identity 32.08 0.909 0.186 0.937
Self-Augmentation (Ours) 32.25 0.909 0.186 0.937

5.4 Ablation Study

We conduct two ablation studies to validate the proposed Data Self-Augmentation
paradigm. The first study tests whether training with Self-Augmentation causes
a training-inference mismatch and weakens cross-identity operation transfer.
The second study investigates whether Self-Augmentation brings clearer ben-
efits when cross-identity training data is difficult to keep operation-aligned.

Self-Augmentation does not weaken cross-identity transfer. To verify
this, we conduct an ablation on the simulated retouching subset and evaluate
the models on SimFace-100. We evaluate the three data construction strategies
defined in Section 3.4 and illustrated in Figure 3: Cross-Identity, Self w/o Aug,
and Self-Augmentation. In this ablation, the Cross-Identity setting is a relatively
ideal scenario with good operation alignment, since the data are face-centric and
the retouching operations are controlled by LLW.

As shown in Table 4, “Self w/o Aug” performs the worst, especially in Face
Similarity, confirming that directly reusing the exemplar pair causes severe spa-
tial shortcut learning. Qualitative failure cases are provided in Appendix F.1. In
contrast, Self-Augmentation achieves comparable performance to Cross-Identity.
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Table 5: Ablation results on ProPortrait-500 for evaluating the benefit of self-
augmentation when cross-identity training data is difficult to align.

Setting PSNR ↑ SSIM ↑ LPIPS ↓ Face Similarity ↑

Cross-Identity 30.52 0.914 0.212 0.916
Self-Augmentation (Ours) 32.65 0.927 0.200 0.960

This shows that using the same-identity self-augmented quadruplets during train-
ing does not harm cross-identity operation transfer.

Self-Augmentation is more advantageous when operation align-
ment is difficult. To verify this, we conduct an ablation on the professional re-
touching subset and evaluate on ProPortrait-500. Compared with the simulated
subset, the professional subset involves more diverse identities, shot scales, poses,
portrait compositions, and locally applicable operations, making cross-identity
training data much harder to keep operation-aligned. We therefore compare the
two relevant data construction strategies: Cross-Identity and Self-Augmentation.

As shown in Table 5, Self-Augmentation clearly outperforms Cross-Identity
across all metrics. These results demonstrate that self-augmentation provides a
more reliable training paradigm when cross-identity training data suffers from
imperfect operation alignment.

We also compare the training efficiency between Self-Augmentation and Cross-
Identity. As shown in Figure 7, Self-Augmentation converges faster than Cross-
Identity. This suggests that Self-Augmentation reduces the learning difficulty by
preserving exact operation consistency while avoiding unnecessary interference
from cross-identity pairing.

More ablation studies are provided in Appendix F.

6 Conclusion

In this paper, we introduce the novel task of Exemplar-Based Portrait Photo
Retouching and propose MirrorPPR, which integrates a Retouching Operation
Extractor with a Diffusion Transformer. To address operation misalignment and
data scarcity, we develop a data Self-Augmentation paradigm and construct Mir-
rorPPR47M, a large-scale dataset with over 47 million pairs for progressive cur-
riculum learning. Extensive experiments demonstrate that MirrorPPR achieves
state-of-the-art performance in retouching quality and identity preservation, es-
tablishing a solid foundation for real-world structural portrait retouching.
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