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Abstract. Tone style transfer for photo retouching aims to adapt the
stylistic tone of the reference image to a given content image. However,
the lack of high-quality large-scale triplet datasets with stylized ground
truth forces existing methods to rely on self-supervised or proxy objec-
tives, which limits model capability. To mitigate this gap, we design a
data construction pipeline to build TST100K, a large-scale dataset of
100,000 content-reference-stylized triplets. At the core of this pipeline,
we train a tone style scorer to ensure strict stylistic consistency for each
triplet. In addition, existing methods typically extract content and ref-
erence features independently and then fuse them in a decoder, which
may cause semantic loss and lead to inappropriate color transfer and de-
graded visual aesthetics. Instead, we propose ICTone, a diffusion-based
framework that performs tone transfer in an in-context manner by jointly
conditioning on both images, leveraging the semantic priors of generative
models for semantic-aware transfer. Reward feedback learning using the
tone style scorer is further incorporated to improve stylistic fidelity and
visual quality. Experiments demonstrate the effectiveness of TST100K,
and ICTone achieves state-of-the-art performance on both quantitative
metrics and human evaluations. The project page is available online.
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1 Introduction

Photo retouching and color manipulation are fundamental to computational
photography and image editing, allowing images to be adapted to diverse photo-
graphic styles. Among these techniques, tone style transfer [18}/33] aims to adapt
the photographic appearance of a content image according to a reference image.
As illustrated in Fig.[1] it transfers tone-related attributes such as color distribu-
tion, luminance, contrast, and saturation while preserving the semantic content
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Fig. 1: Showcases of our method performing tone style transfer across diverse scenarios.

and structural integrity of the content image. Compared with traditional color
transfer, which mainly matches global color statistics, and artistic style trans-
fer, which often alters textures and structures, tone style transfer operates at
the level of photographic aesthetics and requires semantically aware adaptation
across different image regions.

The absence of ground-truth stylized targets for content-reference pairs fun-
damentally limits the learning capability of existing tone style transfer meth-
ods . Consequently, these methods must rely on self-supervised training
or proxy style losses , which provide only indirect supervision for
learning reference-conditioned tone transfer. For example, Neural Preset con-
structs self-supervised training pairs by applying different presets to the same
content image, where one preset-retouched image is used as the reference and
the other serves as the pseudo target. Nevertheless, as shown in Tab. [1} training
Neural Preset with ground-truth content-reference—stylized triplets significantly
improves its performance, demonstrating that self-supervision inherently con-
strains model capability.

To address the lack of high-quality paired data, we propose a data construc-
tion pipeline to build a large-scale dataset of content-reference-stylized triplets.
The key challenge in constructing such a dataset is the absence of a reliable met-
ric for tone style similarity. Without such a metric, dataset construction faces an
inherent trade-off between quality and scalability: manual retouching produces
accurate pairs but is prohibitively expensive, while applying predefined presets
is scalable but inevitably introduces noisy and perceptually inconsistent triplets.
Specifically, the same preset may produce unreliable tonal correspondences when
applied to images with diverse content. To overcome this dilemma, we develop a
dedicated tone style scorer through a two-stage training paradigm. Specifically,
the scorer is first trained with weakly supervised contrastive learning on
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noisy preset-generated pairs to learn general tone style similarity, and subse-
quently fine-tuned on human-ranked pairs for improved perceptual alignment.
By leveraging this robust scorer, we can effectively ensure strict stylistic consis-
tency between the reference and stylized images for each preset-generated triplet.
In addition, an aesthetic model [40] is also incorporated to filter out low-quality
images and improve the overall visual quality of the dataset.

While large-scale datasets enhance model performance, existing methods still
exhibit inappropriate color transfer. This issue fundamentally arises from their
architectural design, as most models utilize independent encoders to extract
features from the content and reference images separately before fusing them
within a decoder. This process inevitably leads to semantic loss, severely re-
stricting the overall semantic perception capability of the model. For instance,
as shown in Fig. [f] the retrained CAP-VSTNet incorrectly maps object colors
onto human faces, resulting in unnatural skin coloration. To resolve such seman-
tic misalignments, we formulate tone style transfer as an in-context generation
task [24}/49/57] and introduce ICTone. As a diffusion-based framework, ICTone
treats the content and reference images as a joint contextual input, leveraging
the strong semantic priors of large-scale generative models [6}(9}(10}|39}|47] to
achieve accurate, structure-aware tone style transfer. To further improve stylis-
tic fidelity and aesthetic appeal, we incorporate reward feedback learning [52]
using the trained tone style scorer as the reward signal.

Our main contributions are as follows:

— We construct TST100K, the first large-scale dataset of content-reference-
stylized triplets, providing reliable ground truth for training robust tone
style transfer models. Furthermore, we introduce TST2K, a carefully curated
high-quality benchmark of 2,000 triplets that enables precise evaluation.

— We develop a tone style scorer to solve a long-standing challenge in the
field: how to effectively measure the stylistic tone similarity between two im-
ages. This scorer serves a dual role by ensuring strict stylistic and perceptual
consistency during data construction, while providing a reward signal during
model training to align outputs with perceptual style fidelity.

— We propose ICTone, a diffusion-based framework that performs tone transfer
as an in-context generation task and incorporates reward feedback learning
to enhance stylistic alignment and aesthetic quality. Extensive quantitative
and human evaluations demonstrate that ICTone achieves state-of-the-art
performance, successfully validating the effectiveness of both our framework
and the TST100K dataset.

2 Related Work

2.1 Datasets for Photo Retouching

Existing photo retouching datasets mainly focus on global tone and color en-
hancement. Representative datasets include the MIT-Adobe FiveK dataset [5]
and PPR10K |27], which provide large-scale input—output pairs for supervised
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enhancement. However, these datasets are designed for single-image enhance-
ment under fixed expert styles, without modeling content—style correspondences
or reference-driven transfer. Recent large-scale triplet datasets for artistic style
transfer, such as OmniStyle |44], provide over one million content—style—stylized
triplets across diverse artistic styles. However, they focus on artistic transfor-
mations that allow texture and structural changes, making them unsuitable for
photorealistic tone style transfer, which requires strict preservation of scene ge-
ometry and pixel-level details. In contrast, datasets specifically designed for pho-
torealistic style transfer remain limited. DPST [31] provides photograph pairs of
content and style images but lacks ground-truth stylized outputs. In contrast,
PST50 [13] includes ground-truth results, but contains only 50 pairs, limiting
diversity and benchmarking scale for tone style transfer models. To address these
limitations, we introduce two large-scale tone style transfer datasets: TST100K,
a high-quality dataset that enables supervised training, and TST2K, a carefully
curated benchmark for evaluation.

2.2 Style Transfer

Tone style transfer originates from the broader field of image style transfer, which
aims to apply the visual style of a reference image to a content image. Style trans-
fer is commonly divided into artistic style transfer [11,30] and photorealistic style
transfer [54]. Early artistic style transfer methods [3}/11,|17,25] represent style
using Gram matrices and perform stylization through iterative optimization, suc-
cessfully reproducing artistic textures but often introducing artifacts and struc-
tural distortions. Early approaches [35L36L[38l[50] to photorealistic style transfer
focus on matching low-level color statistics between images, aligning color his-
tograms or per-channel means and variances between the content and reference
images in carefully designed color spaces [12}[34], achieving basic color and tone
alignment. More recent methods adopt learning-based frameworks to improve
transfer quality while preserving structural fidelity [8,[18}21}/29,|48]/54]. For in-
stance, PhotoWCT |2}26,46] performs whitening—coloring transforms followed
by edge-preserving smoothing to maintain spatial consistency. More recently,
SA-LUT [13] employs spatially adaptive 4D look-up tables to achieve real-time,
high-quality photorealistic tone transfer with improved spatial fidelity. However,
these methods often exhibit limited semantic understanding, leading to subopti-
mal performance in cross-scene transfer. To address this limitation, we propose
ICTone, which leverages the rich priors of generative diffusion models to enable
more accurate and robust semantic-aware transfer.

3 Method

In this section, we first present our dataset construction, including image col-
lection, tone style scorer training, and the overall pipeline, and then introduce
ICTone, highlighting its in-context formulation and reward feedback learning.
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Fig. 2: Overview of the dataset construction pipeline. Left: data collection and prepro-
cessing, where images undergo white balance correction and filter removal, followed by
applying diverse tone presets to generate stylized candidates. Right: high-quality filter-
ing using an aesthetic scorer and a tone style scorer to select pairs with high stylistic
consistency and visual quality, forming the final content-reference-stylized triplets.

3.1 Dataset Construction

Existing tone style transfer methods often rely on self-supervised training due
to the lack of high-quality paired data, limiting their ability to learn accurate
tone styles. Paired datasets can be created either by manual retouching, which
is accurate but costly, or by applying presets, which is scalable but often incon-
sistent across diverse content. To address this, we train a tone style scorer to
evaluate tone similarity and use it to select high-quality preset-generated pairs,
which is the core of our dataset construction pipeline. As illustrated in Fig. [2]
our pipeline includes image collection, normalization, and high-quality filtering,
producing a large-scale set of content-reference—stylized triplets with consistent
tone and high visual quality.

3.1.1 Data Collection and Preprocessing

The training data for the tone style scorer is collected from multiple public
datasets, including MIT-Adobe FiveK , PPR10K , COCO , Food-
101 , and Landscape HQ . These datasets cover a diverse range of vi-
sual domains, such as portraits, landscapes, and urban scenes. For constructing
TST100K, we primarily utilize images from PPR10K and MIT-Adobe FiveK
due to their high image quality. Presets are collected from Adobe Lightroom
and professional photography communities, where they are pre-categorized into
scenarios such as portrait, landscape, night, lifestyle, and food. For each cate-
gory, redundant presets are removed using LAB histogram filtering and manual
inspection, resulting in approximately 3,000 distinct presets. Before applying pre-
sets, all images are normalized to mitigate pre-existing tonal biases. Specifically,
automated white balance correction [1]| and filter removal are performed. We
then apply curated presets to normalized images, creating a substantial pool of
different images sharing the same tone style.
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Fig. 3: Overview of the two-stage tone style scorer training pipeline. It combines weakly
supervised contrastive learning and preference learning for tone style alignment.

3.1.2 Tone Scorer Training
To ensure tone consistency during dataset construction, we train a tone style
scorer to evaluate the tonal similarity between image pairs. We adopt a CLIP
architecture [37] for the tone style scorer, leveraging its strong capability in
learning discriminative visual embeddings [[22, 55, 56]. The image encoder fol-
lows the ViT-B/16 backbone, and the projection head maps image features into
a normalized tone embedding space. These embeddings are later used to mea-
sure tone style similarity when constructing the paired dataset. As illustrated in
Fig. 3 we train the tone scorer in two stages to achieve reliable tone similarity
estimation. In the rst stage, we employ weakly-supervised contrastive learning
using preset-generated data, where image pairs produced by the same preset
are treated as positive samples, while those from di erent presets are treated as
negative samples. This stage enables the model to capture coarse tone represen-
tations from large-scale data. In the second stage, we ne-tune the model with
a small set of human-annotated ranking data to re ne its perception of tonal
similarity and obtain the nal tone style scorer for dataset construction.
Weakly-supervised contrastive learning using presets. In this stage,
images processed with the same preset are regarded as positives, while those
processed with di erent presets serve as negatives. This formulation enables the
model to learn tone similarity based on preset labels without requiring manual
annotations. The training objective is formulated as a supervised contrastive
loss [19], de ned as:

X X oq p_SXP@_2p=)

N, PO 20 OXPE 227 )

)

Lcon =
p2P (i)

where N denotes the batch size, P (i) is the set of positives sharing the same pre-
set label with sample i, z 2 RY is the normalized feature embedding of sample i,
and is a temperature parameter. This formulation guides the model to capture
discriminative tone representations that encode global color distributions and
illumination patterns. To ensure generalization across diverse tone variations,
we train the scorer on the previously collected dataset (Sectiol). Further-
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more, we apply image blurring as a data augmentation strategy to encourage
the model to capture tone-related characteristics.

Preference learning with human-ranking annotations. While con-
trastive learning on preset-generated pairs o ers discriminative supervision, it
may not fully match human perceptual assessments. In practice, a single preset
often produces perceptually divergent results across images, leading to noisy pos-
itive pairs. We therefore employ multiple discriminators with diverse backbones
(VGG, ResNet, and ViT) to identify hard samples with inconsistent predictions,
which are then re ned by human ranking, resulting in a curated set of 20K
human-ranking annotations. Each annotation contains several candidates with
similar content but di erent tone adjustments. Human evaluators rank these
candidates based on tone consistency and visual harmony. We adopt a triplet
loss to re ne the tone style scorer. The loss ki is de ned as follows:

Lrwi =maxf0; d(z a;zp) d(z a;zn)+mg; (2)
Here, d(u;v) is the cosine distance, de ned as: d(u;v) = 1 kuf‘:ﬁ Za
denotes the feature embedding of anchor image,,zdenotes feature embedding
of a positive sample ranked higher or perceptually similar, and z denotes feature
embedding of a negative sample ranked lower or perceptually dissimilar. The loss
encourages the anchor to be closer to the positive than to the negative by at

least a margin m. This stage is essential for the scorer to evaluate tone alignment
in accordance with human-perceived preferences.

3.1.3 Triplet Dataset Construction
We construct a large-scale dataset of content-reference-transferred triplets, where
the content image represents an unedited photo, the reference provides the target
tonal appearance, and the transferred image serves as the retouched result.

Reference-stylized pair veri cation. To ensure high visual quality and
reliable tone alignment, we employ a dual-constraint Itering strategy during
dataset construction. Speci cally, an aesthetic non-degradation constraint and a
tone consistency constraint are applied as complementary ltering criteria. For
aesthetic quality control, we adopt an aesthetic assessment model [40] to prevent
visual degradation introduced by preset-based stylization. Given an original im-
age and its stylized counterpart, we retain only samples whose aesthetic score is
no lower than that of the original image prior to preset application. In addition,
we introduce a tone style scorer to evaluate tone alignment between the reference
and stylized images by measuring cosine similarity in a learned tone embedding
space. Reference stylized pairs with similarity below 0.8 are discarded to enforce
tone consistency and ensure reliable training supervision. This dual veri cation
process ensures the stylized image is both visually appealing and tone-consistent
with its reference, forming reliable supervision signals for training.

Content diversity augmentation. To improve robustness and better re-
ect diverse real-world inputs, additional content variations are introduced dur-
ing training. Speci cally, transformations such as color desaturation, exposure
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Fig. 4: The distribution of TST2K benchmark. Fig.5: Overview of the in-context
model training pipeline.

reduction, and LUT-based color perturbations are randomly applied to the con-
tent image. These operations are performed online and preserve the underlying
semantic structure while modifying illumination, contrast, and color distribution.
This augmentation strategy expands the appearance diversity of the content do-
main, enabling the model to maintain stable tone transfer performance across
varied input conditions.

Finally, we construct TST100K, a large-scale dataset of 100,000 content-
reference-stylized triplets with consistent tone style alignment. Based on TST100K,
we further curate a representative benchmark subset termed TST2K. Each triplet
is manually reviewed for tone alignment and visual quality. The subset con-
tains 2,000 curated triplets, comprising samples from TST100K and manually
retouched image pairs. As illustrated in Fig. 4, TST2K spans diverse real-world
scenarios, including portrait, food, landscape, night, and lifestyle scenes, provid-
ing a comprehensive evaluation setting.

3.2 In-Context Tone Style Transfer

We formulate tone style transfer as an in-context generation task and propose
our ICTone model. As depicted in Fig. 5, it takes both the content and reference
images as input and implicitly learns the desired tonal transformation.

3.2.1 In-Context Generation

Our goal is to learn a mapping function that transfers the tone characteristics
from a reference image | to the content image I while preserving its semantic
structure. Given a triplet (I ¢;1,;1;) where |; denotes the target image with
the same tone as the reference image, the model is trained to approximate the
conditional distribution p (I¢jl¢;1v).

Unlike conventional tone transfer methods that explicitly disentangle content

and style representations, recent progress in in-context generation [23,24,49,57]
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reveals that di usion models are capable of understanding visual relationships
directly from contextual examples. This observation motivates us to formulate
tone transfer as a conditional inpainting problem. Speci cally, we construct a
joint visual context by concatenating the content image and the reference style
image (I¢; 1) along the spatial dimension. A binary mask is then applied to
the region corresponding to the stylized output, while the original content and
reference regions remain visible. The masked region is initialized as noise and
serves as the target area [45]. The diusion transformer (DiT) is trained to
predict and progressively denoise the masked region conditioned on the visible
context. The model learns to preserve the structural information from I, while
adapting the tonal characteristics observed in . In this way, tone-consistent
stylization emerges implicitly through contextual reasoning, without requiring
explicit content-style disentanglement.

3.2.2 Tone Reward Feedback Learning
To further improve tonal delity, we introduce a tone reward feedback learning
mechanism to constrain the generation process to align outputs with the ref-
erence tone distribution. Speci cally, we incorporate reward feedback learning
inspired by the ReFL framework [52], which optimizes text-to-image synthesis
toward reference-conditioned aesthetic alignment. Unlike ReFL, which optimizes
text-to-image generation toward reference-conditioned aesthetic alignment, we
extend this idea to the content reference in-context generation setting.

For a triplet s; = (I ;11;1{), the generator produces a stylized image™ =
I (I15;11). A pretrained tone style scorer M 1s_scorer then evaluates the alignment
between the generated imagd" and the reference tone image I, providing a
ne-grained supervision signal. The reward loss is de ned as:

Ltone = Es‘ S M TS-Scorer (I ri; I (I (i;; Irl)) ; (3)

where S = fs g, denotes the set of triplets, maps scorer outputs to per-
sample loss values, and I() is the diusion model parameterized by . This
design enforces explicit tone consistency during generation, thereby enhancing
both the stability and delity of tone style transfer.

3.2.3 Training Objectives

We adopt the ow-matching objective as the primary optimization target [58].
Concretely, the model is trained to predict the target velocity eld v ; from a
noised latent s;, with the objective:

Lem =Esor kv v (K% (4)

where v = &tso+ &t and (=11t ( =tare continuous-time coe cients
with t 2 [0; 1]. v denotes the predicted velocity. This formulation is consistent
with recent ow-based generative paradigms, enabling direct supervision of the
continuous transformation dynamics between data and noise distributions.
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After the model achieves stable convergence underdy, , we introduce an ad-
ditional tone reward feedback loss described in Section 3.2.2 to further encourage
tone alignment. The nal training objective integrates ow matching with tone
reward feedback loss and is de ned as:

L=L rm * toneLtone; %)

where ne = 0 before training step S and e =1 afterward.

4 Experiments

4.1 Experimental Setup

Datasets. We conduct experiments on two datasets: TST2K and PST50 [13].
TST2K is our self-constructed dataset that covers a broader range of real-world
scenes and tonal styles, providing a more rigorous benchmark for evaluating
transfer quality. PST50 is used as a generalization test, where models are directly
evaluated without additional training. It contains 50 paired triplets and is used
to assess cross-dataset transfer performance.

Comparison Methods. We compare our method with leading methods from
photorealistic style transfer, color transfer, and di usion-based style transfer, as
well as the closed-source image editing model Nano Banana?2.

Evaluation Metrics. We evaluate all methods using the following metrics:
content preservation (CP), color di erence (E), deep color di erence (CD),
and aesthetic quality (Aes). Among them, E and CD are designed to mea-
sure the delity and accuracy of tone style transfer. Content Preservation (CP)
is measured using the Structural Similarity Index Measure (SSIM) computed
on LDC-generated [43] edge maps, evaluating structural similarity between the
generated output and the stylized ground truth. Color Di erence (E) [32] is

a widely adopted international standard for measuring perceptual color di er-
ences between the stylized and output images. Deep Color Di erence (CD) is a
neural network based metric designed to better align color di erence estimation
with human perceptual judgments [7]. Aesthetic Quality (Aes) is measured by
the mean aesthetic score predicted by an image aesthetic assessment model [40],
re ecting the overall visual appeal and tonal harmony of the results.
Implementation Details. The tone style scorer is trained in two stages. For

the weakly supervised contrastive learning stage, we train the backbone and the
projection layer for 50 epochs with learning rates of 1 10* and 3 10 2 , respec-
tively, and set the temperature parameter in Eq. 1to = 0:1. For the subsequent
preference learning stage, the projection layer is ne-tuned for 2 epochs using
20K human-ranked data, with the triplet margin in Eq. 2 set to m = 0:3. To bet-
ter match real-world conditions, our training incorporates degradations such as
color desaturation, exposure reduction, blurring, and Gaussian noise. We adopt
FLUX.1 Fill as the backbone and ne-tune it on our constructed triplet dataset
using the LORA method [16]. Training is performed on four NVIDIA A100 GPUs
with the AdamW optimizer, where the learning rate is setto 1 10 # and the
weight decay to 1 10 2 . The model is optimized for a total of 50,000 iterations.
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Table 1: Quantitative comparisons with state-of-the-art methods on the TST2K and
PST50 benchmarks. ICTone achieves superior performance in color di erence (CD and
E) and aesthetic quality (Aes), while maintaining competitive content preservation
(CP). Methods marked with  denote retraining on our triplet dataset, which further
improves their performance.

Method TST2K PSTS50

cpP" E# CD# Aes' Ccp" E# CD# Aes'
WCT ? [54] 0.3952 15.13 4.991 0.7136 0.6482 16.34 5.574 0.2381
PhotoNAS [3] 0.6721 19.57 6.183 0.6347 0.6757 32.87 8.566 0.2293
MKL [35] 0.7511 12.67 4.694 0.7363 0.7618 16.12 5.241 0.2742

PhotoWCT [26] 0.5852 21.35 7.021 0.6788 0.6477 20.83 6.487 0.2279
DeepPreset [15] 0.7728 8.205 4.108 0.7567 0.6566 16.90 5.679 0.1147
ModFlows [21] 0.6908 12.43 4.945 0.7500 0.7334 1552 5.651 0.2774

IPST [29] 0.7364 9.648 4.326 0.7081 0.7275 14.08 5.484 0.2344
RLPixTuner [48] 0.6815 25.61 7.514 0.6354 0.6789 21.51 7.445 0.1946
SA-LUT [13] 0.7082 11.10 4.929 0.6507 _0.7697 11.25 4.483 0.2048

CAP-VSTNet [46] 0.7013 11.87 4.665 0.7175 0.7384 16.21 5.350 0.2705
CAP-VSTNet [46] 0.7665 7.359 _3.663 0.7801 0.7545 14.45 4.937 0.2779
Neural Preset [18] 0.7480 10.51 4.713 0.7551 0.6502 19.53 6.965 0.1454
Neural Preset [18] 0.7707 7.886 3.860 0.7808 0.6914 17.81 6.157 0.1714

CSGO [51] 0.3440 19.00 7.166 0.7209 0.3836 26.18 7.747 0.3607
Nano Banana2 [14] 0.5968 12.78 4.947 _0.78850.5901 17.19 5.988 0.2793
ICTone 0.8644 5.776 2.634 0.7904 0.7902 12.81  4.448 0.2820
GT 1.000 0.000 0.000 0.7978 1.000 0.000 0.000 0.3305

Table 2: Comparison of average rankings across di erent methods.

Method ‘CAP—VSTNet [46] Neural Preset [18] SA-LUT [13] MKL [35] ModFlows [21] IPST [29] ICTone
Average Ranking #‘ 4.35 2.70 4.05 3.60 6.00 5.20 1.00

4.2 Experimental Results

4.2.1 Quantitative Evaluation

We conduct a comprehensive quantitative comparison between our ICTone
and several SOTA approaches on the TST2K and PST50 benchmarks, where
PST50 serves as a direct generalization benchmark without dataset-speci ¢ adap-
tation. The results are presented in Tab. 1.

On TST2K, our ICTone achieves the best performance across all evaluation
metrics, demonstrating superior tone alignment with reference styles and con-
tent preservation. ICTone achieves the lowest color di erence and deep color
di erence, demonstrating high delity in reproducing the target tone style. Note
that ICTone achieves the highest aesthetic score 0.7904, closely approaching the
ground truth 0.7978, which suggests that the improvements in tone accuracy do
not compromise visual appeal. The low CP of Nano Banana2 is mainly caused
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