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Abstract. Photographic style transfer aims to render a content image
with the retouching style of a reference photo while preserving scene
structure and texture. Unlike artistic style, photographic style is dom-
inated by subtle, continuous tone/color changes and smooth spatial ef-
fects, which are difficult to represent with semantics-oriented or text-
supervised image embeddings. We propose PETAL, a Photographic
Embedding for Transfer with an Adaptive LUT. PETAL learns a dedi-
cated photographic embedding through self-supervised photographic style
augmentation and uses it to condition a lightweight adaptive 5D neu-
ral LUT. The learned embedding outperforms prior representations in
photographic style retrieval, and the full framework enables reference-
based style transfer without test-time optimization, achieving stronger
quantitative and perceptual performance than state-of-the-art baselines.
Project page: https://petal-pku.pages.dev/.
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1 Introduction

Style transfer is a long-standing challenge [25] in computer vision, as it requires
correctly understanding the “style” of reference images and faithfully rendering
it onto the content images. However, existing methods transfer either conspic-
uous artistic brushstrokes or only global lightness and tint, which is far coarser
than what photographers consider when processing photos. This poses the even
more challenging task of photographic style transfer : to understand and transfer
the nuanced photographic style, capturing photographer-introduced global ad-
justments (e.g ., lightness, color and tone), alongside smooth spatial effects like
vignetting, while preserving content and texture.
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(b) Content(a) Reference (c) Proposed (d) SALUT (e) Neural Preset (f) Modflow

Fig. 1: The task is to transfer the photographic style of (a) reference images to (b)
content images while preserving the content and texture of (b). With our photographic
embedding, (c) PETAL robustly transfers diverse photographic styles, including high-
contrast monochrome, low-key portraits, and saturated purple skies with orange sun-
light, all with proper exposure and saturation. Baselines either produce unrealistic
results, such as (d) SALUT [28] and (f) Modflow [47], or fail to capture complex styles,
as in (e) Neural Preset [44].

Differing in scope from our work, style transfer methods often operate on
much coarser features, ranging from the color [18, 53, 65, 66, 71, 102] to the deep
features [37, 40, 57] of the reference image, transferring them to the content im-
age, but they tend to distort the texture. Methods based on the lookup table
(LUT) [28, 44, 55, 99, 103–105] avoid such distortion through their spatially in-
dependent design, but tend to produce unrealistic or altered appearances, as
shown in Fig. 1(d, e, f), where none of the baselines can render the first image
in black and white, and all yield incorrect contrast levels in the other two exam-
ples. We attribute these unsatisfactory results to misaligned features, and argue
for the necessity of a fine-grained photographic style embedding to enlighten
photographic style transfer.

However, previous image embeddings focus either on semantics [50, 51, 70]
or on apparent artistic features [49, 80], leaving the subtle photographic style
less explored. Moreover, current training paradigms for image representation
are not sensitive to subtle differences among input images, since most previous
methods rely on discrete supervision, such as text prompts [70] and classification
categories [49, 80]. The continuous nature of photographic style is ill-suited to
training with such discrete modalities, as they cannot properly reflect the small
but perceptible changes in photographic style.

We therefore introduce PETAL, a Photographic Embedding for reference-
based photographic style Transfer with an Adaptive LUT. As shown in Fig. 1(c),
PETAL is able to transfer the monochrome style and high contrast in the first
example, the dark shadow and high contrast in the second example, and the
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futuristic pink tint in the third example. Since the LUT has proven effective for
style adjustment in previous works [28,55,99,103–105], the key challenge lies in
the photographic embedding.

To extract an embedding that truly reflects the photographic style, we face
the challenges of representation collapse and unstable optimization. Previous
works partially address these problems with an expectation–maximization algo-
rithm, implemented via a moving average [30] or a stop-gradient [16], without
requiring negative samples. For photographic style, arbitrary distant patches are
unreliable positives because local illumination or object-specific retouching may
differ within one image. We therefore use restricted local views as positives and
use controlled photographic augmentations to generate style-contrasting nega-
tives.

We design a vision transformer (ViT) paired with histogram encoders in
CIE-Lab color space to extract the photographic style. The network training
incorporates the stop-gradient operation [16] and hard negative examples [43,73,
92] derived from photographic style augmentation, for more stable self-supervised
learning. On the tasks of retrieval and clustering, the photographic embedding is
verified to focus on style rather than on semantics. Bridged by the photographic
embedding extracted from any reference image, we then demonstrate that the
photographic style of a given image can be transferred with a LUT conditioned on
pixel color and location. Without any test-time optimization, PETAL surpasses
previous methods in style consistency and visual quality.

In brief, the contributions of this paper are as follows:

– a photographic embedding network that extracts photographic style features
from images, enabling similar-style retrieval and the measurement of style
difference;

– a self-supervised learning scheme with photographic style augmentation that
overcomes data scarcity and learns the underlying photographic style;

– a lightweight LUT that transfers the photographic style from any given ref-
erence image to a content image without additional test-time optimization.

2 Related Works

2.1 Image Embedding

Extracting a compact representation from images is a fundamental task in com-
puter vision research. From hand-crafted features [5, 20, 56] to neural embed-
dings [46, 70, 77], methods increasingly aim to capture semantic content. Early
approaches focused on category alignment [35, 46, 77, 84], enabling broad down-
stream use. Later work aligned images with text [7, 23, 48, 59], with large-scale
cross-modal pretraining showing strong results [52, 70, 106]. Notably, CLIP [70]
has been widely used in language [1,8,85–87], text-to-image [14,68,74], and text-
to-video models [93,94,100], due to its effective cross-modal contrastive learning.
Yet prior embeddings still fail to fully capture the nuanced photographic style,
which, in addition to the content, is a vital part of visual semantics.
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2.2 Image-Only Contrastive Learning

Without text labels or other modalities, contrastive learning can also learn an
embedding space for images, by pulling positive samples together and pushing
negative samples apart during optimization. The main problems are model col-
lapse and unstable training, caused by under-constrained optimization and a
non-convex landscape, respectively. Although various loss functions have been
proposed [19, 31, 60, 76, 79], they require an enormous batch size [15, 16] or a
specially designed memory bank to provide older representations [34], both of
which are computationally expensive. Recent works attempt to remove the need
for negative samples. VICReg [10] introduces a regularizer that explicitly super-
vises the variance and covariance among samples. BYOL [30] and SimSiam [16]
adopt the expectation–maximization approach, using a moving average and a
stop-gradient operation, respectively, to avoid model collapse. For the task of
this paper, however, a vanilla network design may fail to distinguish photo-
graphic styles, such as different exposure levels. We borrow the stop-gradient
from SimSiam [16] and incorporate negative samples into the self-supervised
learning scheme.

2.3 Style Transfer

Prior methods align global lightness using physical models [26, 72, 82, 101], or
model color mapping with 3D LUTs [55,99,103–105] and parameter sets [36,44].
Although these methods can seemingly align the overall color and lightness, the
naively extracted photographic style differs from human perception. White-box
sequential edits [38, 62, 89, 95] offer finer control but struggle with the interde-
pendencies among image-editing operations. Diffusion-based approaches [22,91]
add semantic awareness, but can distort structure, drift in color, and are com-
putationally heavy. We propose a lightweight neural 5D LUT that transfers the
extracted photographic style, conditioned on pixel color in CIE-Lab color space
and spatial coordinates. Enlightened by the trained photographic embedding,
the proposed photographic style transfer achieves a finer understanding of the
actual photographic style.

3 Methods

In Sec. 3.1, we first introduce the photographic embedding network. The ViT
backbone merges the pixel values and the global distribution from the histogram
feature with a learnable [CLS] token. Through a self-supervised contrastive
learning scheme with photographic style augmentation for negative samples, as
discussed in Sec. 3.2, the extracted photographic embedding is able to reflect the
photographic style, as further validated by style retrieval and clustering. Finally,
we present the simple yet effective photographic style transfer design that builds
upon the photographic embedding, detailed in Sec. 3.3.
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(a) Photographic Style Augmentation (b) Photographic Style Embedding Network
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Fig. 2: The pipeline of the photographic embedding network and the training process.
(a) An anchor crop is jittered into K overlapping local views, and each Ik is then applied
with the photographic style augmentation controlled by {ξi} and {−ξi} to derive two
photographically contrastive batches. (b) Each batch is converted to the CIE-Lab color
space, and processed by the ViT-based network to extract photographic embeddings.
(c) The luminance and chromaticity histograms (hL, hab) are encoded and injected
via cross attention module to guide the representation learning. (d) The photographic
embeddings z+k and z−k are projected to p+k and p−k for contrastive learning.

3.1 Photographic Embedding

As a complex combination of color, lightness, and other visual cues, photographic
style is challenging to describe in words. Its continuous nature is also quite dif-
ferent from natural language: for example, a change in exposure may be far more
subtle than the change from “dim” to “slightly dim”, yet text prompts cannot
reflect this, as they are discrete by nature. Nevertheless, professional photogra-
phers can easily recognize such styles, as well as slight changes in photographic
style. Inspired by this observation, we design a ViT-based embedding network
M to extract a photographic embedding by integrating global semantics, aggre-
gated through the [CLS] token, with tonal and color statistical features guided
by luminance–chromaticity histograms in the CIE-Lab color space, as illustrated
in Fig. 2(b). The [CLS] token serves as a compact global descriptor that comple-
ments pooled patch-token statistics; as shown in Tab. 3, using the [CLS] token
alone is insufficient, motivating its concatenation with aggregated patch features.

Given an input image I, we first convert it to CIE-Lab color space (ILab) to
decouple luminance and chromaticity components [39, 42]. ILab is then divided
into patches and tokenized, along with the [CLS] token, to form the input se-
quence for the main transformer blocks. Meanwhile, to extract tonal and color
statistical features, we compute the luminance histogram hL ∈ RH from L chan-
nel (IL) and the chromaticity joint histogram hab ∈ RH×H from the ab channels
(Iab). Following previous methods [3, 4], the histogram computation is imple-
mented as a differentiable process using the inverse-quadratic kernel [4] K(·):

hL(i) =

N∑
p=1

K(IL(p), bi), and hab(i, j) =

N∑
p=1

K(Ia(p), bi) · K(Ib(p), bj), (1)



6 C. Zhu et al.

where N is the number of pixels, bi and bj are the bin centers, and p denotes
a pixel location. These two histograms are processed by their respective en-
coders (L-Hist Encoder and ab-Hist Encoder), and the resulting features are
then stacked to form the histogram feature HLab. The histogram features ex-
plicitly contain global tonal and chromatic statistics, which are difficult to infer
reliably from pixel values. These features are injected via cross-attention, allow-
ing global distribution cues to guide spatial representations without disrupting
their structural properties. As illustrated in Fig. 2(d), each cross-attention mod-
ule contains an MLP that projects the histogram feature HLab into H̃Lab.

Finally, the photographic style embedding is obtained by integrating global
and local representations as

z = h
(
[V cls;P(V p)]

)
. (2)

where V cls and V p denote the feature representations of the [CLS] token and
the patch tokens obtained from the ViT network, respectively. P(·) denotes the
learnable adaptive pooling over the patch tokens, and h(·) is a projection MLP
following the asymmetric design of SimSiam [16].

3.2 Self-Supervised Embedding Learning

With the module designs providing the network with the information necessary
to extract the photographic style, the remaining problem is the absence of high-
quality labels. Although many previous methods manage to learn a semantic
representation with text supervision [70, 88], the discrete text representation
is unfit to supervise the subtle differences in photographic style. We therefore
propose a self-supervised learning paradigm that optimizes the photographic
embedding space by relying on images alone.

To optimize the encoded latent space specifically for the photographic style,
we design a self-supervised embedding learning scheme. As illustrated in Fig. 2(a),
we first sample an anchor crop from image I and apply small spatial jitters to
obtain K overlapping local views. Each patch is augmented with two sets of pa-
rameters, which aim to perturb the input image toward contrary photographic
styles. Denoted f(I, {ξi}), the transform takes a set of parameters ξi ∈ [−1, 1],
with f(I,0) ≡ I being the identity mapping. Each parameter ξi controls the ad-
justment of one of the M predefined aspects of photographic style (e.g ., exposure,
saturation, tint, highlight, and shadow). In this way, we create two photograph-
ically augmented versions of the sample, which serve as negative examples to
each other.

Photographic Style Augmentation (PSA). For reproducibility, f(·, {ξi}) is
designed as a random composition of differentiable photo-editing operators im-
plemented in PyTorch. Each operator is parameterized by a scalar ξ ∼ U([−1, 1])
and reaches its maximum strength at |ξ| = 1; we keep the ranges intentionally
conservative to avoid introducing out-of-distribution artifacts while still produc-
ing hard negatives in photographic style. The specific choices of style augmen-
tations are detailed in the supplementary material.
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Following previous methods [12] and our objective, the overlapping local
views under the same PSA parameter in the same image are considered positives.
They share most content, local illumination context, and smooth tone/color
rendering, which mitigates false positives from distant patches or strongly lo-
calized edits. As for the negative samples, we choose the pair of images from
the same patch that undergo contrary augmentations, namely f(Ik, {ξi}) and
f(Ik, {−ξi}). For notational convenience, we denote z+k = M(f(Ik, {ξi})) and
z−k = M(f(Ik, {−ξi})). The predictor outputs are abbreviated as p+k = h(z+k )
and p−k = h(z−k ).

As shown in Fig. 2(d), owing to the symmetric design of the proposed pipeline,
we define an “intra-sample loss” L− that attracts positive samples cropped from
the same image, and an “inter-sample loss” L+ that repels negative samples from
different augmented versions of the same patch, given by

L−= −E
[
⟨ p+k ,

sg(
∑K

i=1 z
+
i )

K
⟩+⟨ p−k ,

sg(
∑K

i=1 z
−
i )

K
⟩
]
, (3)

L+= E
[
CE

(
⟨ p+k , sg(z

+
k )⟩, ⟨ p

−
k , sg(z

+
k )⟩

)
+CE

(
⟨ p+k , sg(z

−
k )⟩, ⟨ p−k , sg(z

−
k )⟩

)]
. (4)

where sg(·) is the stop-gradient operation, and ⟨·, ·⟩ and CE(·, ·) are notations for
cosine similarity and binary cross entropy respectively, defined by CE(spos, sneg) =

− log
exp(spos)

exp(spos)+exp(sneg)
. Eqs. (3) and (4) are designed to encourage matching the

prediction to its own-view embedding while suppressing the opposite augmenta-
tion. The intra-sample loss matches each prediction to the (stop-gradient) center
of its own local-view batch, encouraging invariance to crop and spatial jitter. In
contrast, the inter-sample loss separates two contrary PSA views of the same
patch. Because the content and layout are fixed while tone/color are deliber-
ately changed in opposite directions, these samples prevent content-matching
shortcuts and form hard negatives for photographic style.

In addition to the aforementioned contrastive objective, we introduce the his-
togram reconstruction loss Lrec, which operates on the patch token features V p,
inspired by recent representation learning practices that regularize intermediate
features with auxiliary reconstruction objectives (e.g ., SigLIP-2 [88] and related
self-supervised vision encoders). We design a lightweight CNN to reconstruct
both the luminance histogram (hL) and the chromaticity joint histogram (hab)
from V p, yielding the reconstructions ĥL and ĥab. The loss Lrec is defined by

Lrec = H(hL, ĥL) +H(hab, ĥab), (5)

where H(·) denotes the Hellinger distance [4]. Consequently, the final overall
optimization objective is given by L = L− + 0.5 ∗ Lrec + 0.1 ∗ L+, where these
coefficients are set to normalize the losses to comparable magnitudes.

3.3 Photographic Style Transfer

PETAL pairs the photographic style embedding from M with a lightweight
adaptive neural LUT to enable reference-based photographic style transfer, as
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illustrated in Fig. 3. The neural LUT is composed of an encoder E and a decoder
D, both of which are 1× 1 CNNs, so that the detailed texture can be preserved.

Let Ic denote the content image and Is denote the style reference image.
We first compute per-pixel features xc = E(Ic, P ), where P ∈ [0, 1]2 is the
normalized pixel coordinate map. Denote by µ(·) and σ(·) the channel-wise mean
and standard deviation of xc, and let gµ(·) and gσ(·) be two lightweight MLPs
that map a photographic embedding to an affine shift in mean/variance. We
then apply an embedding-conditioned AdaIN-like re-normalization:

Î = D
(
µ̃+Norm(xc)⊙ σ̃

)
,where Norm(xc) =

xc − µ(xc)

σ(xc) + ϵ
. (6)

In addition, µ̃ = µ(xc)+ gµ(M(Is))− gµ(M(Ic)), and σ̃ = σ(xc)+ gσ(M(Is))−
gσ(M(Ic)) are the standard deviation and mean for re-normalization. E and D
are the encoder and decoder, implemented with 1×1 CNNs. This choice ensures
computational efficiency, avoids spatial mixing to preserve local textures, and ad-
mits a natural 5D (Lab+xy) look-up-table interpretation, facilitating responsive
deployment.

⊙

Content 𝐼

Reference 𝐼!

ℳ 𝐼 𝑔"

𝑔#

–

–

ℳ(𝐼!) –

𝜇
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+
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Linear layer
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⊙ Element-wise mult.

Fig. 3: The PETAL transfer network design, with
M being the trained photographic style embed-
ding network.

This injects the style delta
between Is and Ic through the
embedding space. Since xc and
Î are determined by pixel color
(in CIE-Lab) and spatial coordi-
nates, the module is a 5D neu-
ral LUT by design. Eq. (6) re-
duces to approximate identity
mapping when Is ≈ Ic, since
M(Is) ≈ M(Ic).

To train the style-transfer
network, the learned embedding
network M is frozen. We sample a content patch Ic and synthesize a paired style
target Is = f(Ic, {ξi}) using the aforementioned PSA; Is therefore serves as both
the style reference and the supervised ground truth. The LUT is trained to map
Ic 7→ Is by conditioning on (M(Ic),M(Is)). We supervise the training of this
part with a weighted sum of: (i) pixel-wise mean squared error, (ii) perceptual
loss [107], (iii) an embedding-based style loss 1 − ⟨M(Î),M(Is)⟩, and (iv) an
identity loss ∥D(E(Ic))− Ic∥2 to stabilize the near-identity regime.

Note that we adopt two-stage training mainly for stability and efficiency.
Contrastive learning of M is memory-intensive, and joint training would require
backpropagating through M while optimizing the dense per-pixel LUT, at least
doubling the memory cost and slowing optimization. In practice, freezing M
yields a strong and stable conditioning signal for LUT training.

4 Experiments

Datasets. For training, we use high-quality images from Unsplash [17] to avoid
reliance on discrete text representations.



PETAL: Photographic Embedding for Transfer with an Adaptive LUT 9

To evaluate style retrieval, we adopt three datasets. PPR10K subset [54]
contains 1,681 portrait scenes, each captured in three distinct photographic
styles. Due to the high resolution (>20M pixels), we use the first 245 scenes for
benchmarking. FiveK-Concept [11] is constructed from FiveK [11] to assess
sensitivity to fundamental photographic concepts. Images are grouped by genre
and subject, then clustered into 623 groups (7 images per group on average) using
K-means on Qwen3-VL [9] annotations encoded by EmbeddingGemma [90]. A
professional photographer edits each group’s RAW files in Adobe Lightroom [2]
by varying exactly one concept (e.g ., contrast, temperature, or tint) to produce
a single consistent style per group. InsRank comprises 32 Instagram-based
groups curated from photographers’ works. Each group includes one query and
five candidates, which are independently ranked by two professional photogra-
phers according to style similarity; their rankings serve as pseudo ground truth.

For the style transfer evaluation, we conduct quantitative comparisons on
PST50 [28] and PPR10K subset [54]. In PPR10K, the first image of each expert-
defined style serves as the reference, and the remaining images in the same scene
are used for evaluation. Importantly, both PPR10K and PST50 provide ground-
truth retouched targets under consistent style definitions; thus, the reference-
based metrics in Tab. 2 compare Î against these ground truths, reflecting both
content preservation and style fidelity. Although PPR10K is portrait-focused,
its benchmark labels mainly reflect whole-image global and smooth regional
retouching; face-specific local retouching remains outside our primary scope and
is discussed in the limitations.

For qualitative comparison, we evaluate on the DPST test set [57], and ad-
ditionally use images from the Hasselblad Masters dataset [32] and InsRank as
style references due to their strong individual photographic characteristics.
Baselines. For a scope similar to that of this paper, we compare against the
photo-style embeddings of CSD [80], DiffSim [81], DreamSim [24], FreeStyleRet
(FSR) [49], and ALADIN [75], as well as classic Gram-matrix features from
Gatys et al. [25]. We also include the color discriminator (ColorD) from Neural
Preset [44] and the intermediate representation of Modflow [47], both of which
can serve as style-aware representations. For fairness of comparison, we also
report DINOv3∗ [78] and CLIP∗ [70] fine-tuned with the same training data and
objectives as our method. Pretrained image embeddings are also considered,
including models pretrained on text-image pairs, such as CLIP [70], BLIP [51],
and BLIP-2 [50], and those trained with self-supervision, such as DINOv2 [61],
ImageBind [27], SigLIP-2 [88] and DINOv3 [78], which are designed for general
image embedding tasks.

For photographic style transfer, we compare with methods that operate with-
out per-reference test-time optimization, aligning with our method for fair com-
parison. Representative methods in photo-realistic style transfer are compared,
including PhotoWCT2 [18], DSTN [37], StyTr2 [21], CAP-VSTNet [97], and
SALUT [28]. We also compare with image retouching methods of Deep Pre-
set [36], Neural Preset [44] (closed source, application access only), and Mod-
flow [47]. We also consider the commercial products of Pixelmator Pro [67] where
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Table 1: Quantitative photographic style retrieval performance for embeddings. All
the values are shown as percentages, and higher numbers indicate better performance.
Best values are in bold, and second best are underlined. ∗ indicates fine-tuning on our
training data with the same objectives.

Method #Para.
PPR10K [54] subset FiveK-Concept [11] InsRank

R@1 R@5 mAP F1@5 R@1 R@5 mAP F1@5 R@1 ρ [83] τ [45]

General image embeddings
CLIP [70] 428M 0.08 95.33 31.62 23.82 0.89 3.07 9.72 0.72 34.38 15.32 13.13
BLIP [51] 225M 8.81 89.60 35.78 26.76 1.52 2.40 10.21 0.72 46.88 15.62 11.87
BLIP-2 [50] 3.745B 1.54 91.07 31.46 22.90 1.28 2.55 10.11 0.69 37.50 29.06 23.75
DINOv2 [61] 304M 1.48 90.32 31.23 22.54 0.05 0.14 8.10 0.03 37.50 27.81 21.25
DINOv3 [78] 303M 1.48 97.36 30.81 22.15 0.02 0.10 8.42 0.02 43.75 25.31 21.25
ImageBind [27] 1.201B 0.62 97.09 32.02 23.84 0.09 24.53 17.71 4.89 37.50 16.87 14.37
SigLIP-2 [88] 1.137B 1.48 90.61 31.22 22.64 0.70 1.53 9.63 0.35 37.50 32.19 23.75

Image style embeddings
CSD [80] 305M 6.77 98.00 38.44 32.42 8.35 23.14 17.85 6.70 37.50 40.94 33.12
FSR [49] 940M 0.26 94.16 30.25 21.62 0.88 4.27 9.21 0.94 25.00 4.06 3.75
DiffSim [81] 1.06B 7.03 94.99 33.51 25.82 8.67 10.47 11.31 1.38 50.00 19.37 15.00
DreamSim [24] 93.2M 8.80 93.23 34.17 23.69 1.04 7.83 8.57 1.65 40.62 24.06 19.37
ALADIN [75] 86.3M 32.44 98.87 52.69 44.35 27.67 55.88 32.46 21.26 46.88 33.12 29.37
Gram [25] 0.113M 26.24 96.48 42.39 31.82 25.49 51.77 25.90 17.46 31.25 32.19 26.87
Modflow [47] 59.63M 28.18 93.04 43.47 33.33 19.49 44.27 22.59 14.50 34.38 14.69 13.12
ColorD [44] 42.56M 65.80 97.86 64.15 50.25 45.45 79.76 41.25 31.87 46.88 13.44 8.12

Fine-tuned baseline representations
DINOv3∗ [78] 303M 59.30 94.38 61.78 46.59 34.72 66.49 36.61 24.88 34.38 15.31 13.13
CLIP∗ [70] 428M 54.42 93.87 58.99 44.01 34.66 65.85 37.90 26.81 50.00 19.37 17.50

Proposed emb. 362M 74.27 98.40 71.99 56.60 52.94 78.56 51.84 39.01 62.50 52.19 46.88

we use the style matching tool, and also Nano Banana Pro [29] where we specify
style transfer prompts.
Evaluation Metrics. To evaluate the style embedding, we follow previous
works and report the recall among top-k predictions (R@k) [6,27,41,49,50,60,88],
mean Average Precision (mAP) [13,61,63,64,69], and F1 score among top-k pre-
dictions (F1@k). Higher R@k values, especially R@1, indicate a stronger ability
of the embedding to distinguish photographic style from image content. mAP
measures the proportion of false predictions, and F1@k provides a balanced view
of precision and recall. The higher these metrics are, the better the performance.
Note that R@5 is defined differently in this field than in classification tasks. For
InsRank, we evaluate the alignment of predictions with human preference us-
ing Spearman’s ρ [83] and Kendall’s τ [45]. The mathematical definitions of the
above metrics are provided in the supplementary material.

As for the photographic style transfer task, we report Peak Signal to Noise
Ratio (PSNR), structural similarity index (SSIM) [96], LPIPS [107] and his-
togram correlation (H-Corr) [28] to measure the similarity between the prediction
and the ground truth. Together, the metrics measure per-pixel color accuracy,
structural preservation, and histogram similarity. To further measure perceptual
style fidelity, we further report LIQE [108], Q-Align [98], MS-SWD [33], and
Gemini-based VLM judging [85] in the supplementary material, which supports
the same conclusion.
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Table 2: Quantitative comparisons for photographic style transfer on the PPR10K [54]
subset and PST50 [28] dataset, the user preference scores, and average inference time.
↑ (↓) denote higher (lower) is better.

Method Time (s)
PPR10K [54] subset PST50 [28] User Study

LPIPS↓ PSNR↑ SSIM↑ H-Corr↑ LPIPS↓ PSNR↑ SSIM↑ H-Corr↑ (i)↑ (ii)↑ (iii)↑

Open-source methods
SALUT [28] 0.3117 0.2464 16.47 0.6307 0.2464 0.1557 21.93 0.8733 0.4036 4.26 3.38 3.62
Modflow [47] 0.3680 0.2160 19.64 0.7914 0.3815 0.1707 20.01 0.8599 0.3373 4.15 3.68 3.85
CAP-VSTNet [97] 0.4633 0.2172 20.05 0.7858 0.4199 0.1698 20.12 0.8400 0.3669 3.65 4.03 3.21
Deep Preset [36] 0.0329 0.1717 20.88 0.8137 0.4410 0.1365 23.40 0.8895 0.4194 4.65 3.12 3.97
StyTr2 [21] 0.6565 0.2779 18.62 0.6644 0.4667 0.4424 19.54 0.7224 0.4054 2.09 3.29 3.03
PhotoWCT2 [18] 0.3408 0.1538 18.95 0.8366 0.3989 0.1762 18.43 0.8365 0.3450 2.73 3.62 3.41
DSTN [37] 0.9809 0.2982 16.84 0.5726 0.3972 0.3843 16.97 0.5525 0.3244 1.53 2.94 2.09

Closed-source applications
Neural Preset [44] N/A 0.1377 19.12 0.8048 0.4858 0.1210 22.61 0.8975 0.4392 4.32 4.15 4.35
Pixelmator Pro [67] N/A 0.1207 19.43 0.8825 0.3824 0.1526 21.60 0.8684 0.3121 4.41 3.69 3.81
Nano Banana [29] N/A 0.2817 16.91 0.6509 0.4927 0.3069 18.42 0.6287 0.3836 3.74 4.31 4.47

PETAL 0.2306 0.1027 21.80 0.8710 0.4578 0.1021 24.63 0.9272 0.5220 4.65 4.71 4.44

4.1 Quantitative Comparisons

Photographic Embedding. As discussed earlier, pretrained image encoders
can extract image semantics, which is further confirmed by the results in Tab. 1.
Note that their R@1 scores are still significantly worse than that of the pro-
posed photographic embedding, yet they all achieve a high R@5 score on the
PPR10K [54] subset, because that dataset contains only 3 kinds of photographic
style. In contrast, the FiveK [11] dataset is more challenging for retrieval, as
each scene is aggregated from images with similar content rather than the ex-
act same scene. For the two style embeddings, CSD [80] and FSR [49] perform
similarly to the other embeddings, indicating the gap between artwork style and
photographic style. On InsRank, the proposed photographic embedding also
shows the highest alignment with human preference in both the top-1 prediction
and the ranking, measured by Spearman’s ρ [83] and Kendall’s τ [45]. Crucially,
even when we fine-tune strong pretrained backbones on our training data with
the same objectives (DINOv3∗ and CLIP∗), their R@1 scores improve substan-
tially (e.g ., 59.30 and 54.42 on PPR10K) yet remain below the 74.27 achieved
by the proposed photographic embedding, suggesting that the network design
is important for capturing photographic style. These results confirm that previ-
ous methods target semantics rather than photographic style, highlighting the
efficacy of the proposed photographic embedding.

Photographic Style Transfer. In Tab. 2, we first evaluate the running time
by transferring content images with the resolution of 1080×1920, using reference
images of size 512 × 512 as guidance. PETAL processes a 1080 × 1920 input in
0.23s, including photographic-embedding extraction and the LUT forward pass,
and is the second-fastest method among the baselines.

We then report the quantitative performance of each method on the two
benchmark datasets. PETAL attains the best PSNR and LPIPS on both datasets,
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together with the best SSIM and H-Corr [28] on PST50 [28], confirming accurate,
content-preserving transfer with superior perceptual quality [107]. The second-
best Neural Preset [44] lags in PSNR, while Deep Preset [36] matches PSNR but
trails in H-Corr. We note that H-Corr, being a purely global histogram statistic,
can be inflated without faithful transfer: on the PPR10K [54] subset, StyTr2 [21]
and Nano Banana Pro [29] report higher H-Corr than PETAL yet severely alter
the content, as their much lower PSNR and SSIM and the qualitative results in
Fig. 5 reveal. Additional perceptual and VLM-based evaluations are provided in
the supplementary material.

4.2 User Study

To assess perceptual quality, we conducted a user study with 34 volunteers. For
each input, participants viewed the stylized results produced by each method
and assigned a score from 1 (worst) to 5 (best) for three aspects: (i) content
preservation, (ii) style consistency, and (iii) overall visual quality, as listed in
Tab. 2. PETAL ranks first in both content preservation (tied with Deep Pre-
set [36]) and style consistency, where it leads the runner-up by a clear margin,
and ranks second in overall quality, narrowly behind Nano Banana Pro [29]. The
competing methods’ failure modes are reflected in their ratings: Nano Banana
Pro [29] scores highest on overall quality but modifies the scene content, yield-
ing a much lower content-preservation rating; Deep Preset [36] preserves content
well but leaves the original style largely intact, giving the lowest style consis-
tency among the top methods; and Neural Preset [44] is competitive overall but
may misinterpret the style, limiting its style consistency.

Green Tint Magenta Tint Warm Temp. Cold Temp. High ExposureLow ExposureLow Contrast High Contrast Black/White

(a) Proposed (b) ImageBind (d) DINOv3* (e) CSD (f) DreamSim (h) Modflow

(i) BLIP-2 (j) SigLIP-2 (l) CLIP* (m) FSR (n) ALADIN (o) ColorD

(c) DINOv3

(k) CLIP

Fig. 4: A t-SNE [58] visualization of the proposed photographic embedding and base-
line methods, conducted on the FiveK-Concept [11] dataset. Ideally, photographic-
style-aware representations should have 9 clusters, each sharing one kind of shape,
where each shape denotes one photographic adjustment.
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Content Proposed Neural Preset SALUTModflow CAP-VSTNet PhotoWCT2 StyTr2Deep Preset

Fig. 5: Qualitative comparisons for photographic style transfer. Reference images are
shown in the bottom-right red boxes of the first column.

4.3 Qualitative Comparisons

First, we visualize the photographic embedding space in Fig. 4. An ideal photo-
graphic embedding should reflect the distance in photographic style: with images
adjusted by different photographic concepts, it should map those with similar
adjustments closer to each other and form clusters in the t-SNE [58] visual-
ization. The FiveK-Concept [11] subset contains three content-similar source
images, each retouched with the same set of 9 photographic adjustment types;
thus, a photographic-style-aware embedding should form 9 style-driven clusters,
each containing the three images sharing one adjustment. As shown in Fig. 4(a),
the proposed photographic embedding follows this behavior. In comparison, se-
mantic embeddings such as DINO [61,78] are mainly driven by content and are
unaware of photographic style, while the specially trained color discriminator
ColorD [44] still fails to distinguish some fine-grained photographic styles.

We then compare PETAL with baselines across landscape, portrait, stylized
lighting, architectural, and indoor examples in Fig. 5, where the reference for each
row is provided as a bottom-right inset in the first column. As shown, PETAL
faithfully transfers the reference exposure, color temperature, saturation, and
contrast while preserving scene geometry and fine textures. In contrast, Neural
Preset [44] and Deep Preset [36] consistently under-transfer the reference style
(e.g ., missing the cool tones in the first three rows), and SALUT [28] often yields
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incorrect contrast levels. Modflow [47] applies coarse global shifts that introduce
unnatural color casts, failing to maintain local tonal balance. Furthermore, CAP-
VSTNet [97], PhotoWCT2 [18], and StyTr2 [21] severely distort the content,
introducing spatial color bleeding, structural artifacts, and texture leakage.

Result A Result B

Content Reference BReference A

Average style

Fig. 6: Interpolating the photographic em-
bedding leads to the interpolation of pho-
tographic style between the two shown ref-
erence images, and the content is kept
throughout the process.

In Fig. 6, we interpolate the condi-
tioning photographic embedding, and
find that the output shows a linear in-
terpolation between the two reference
photographic styles, and the content
is kept throughout the interpolation.

In Fig. 7, we additionally test a se-
quence of transfer, using the previous
output as the next input. After multi-
ple rounds, the content structure and
the target style remain stable, and
reapplying the same reference in later
steps yields only minimal changes, in-
dicating that the LUT behaves near-
identity when content and reference
share similar photographic style.

An additional PPR10K embedding-space visualization, more qualitative com-
parisons, and failure-case analysis are provided in the supplementary material.

4.4 Ablation Study

We first verify the proposed photographic embedding network design and the
self-supervision scheme in Tab. 3. Changing the color space from CIE-Lab to
RGB degrades the representation, as the former disentangles luminance and
chromaticity and thus allows easier extraction of photographic style. Removing
the cross-attention module also removes the information from the histogram en-
coders; judging from the performance, the global statistical information remains
necessary and cannot be learned directly by a ViT. Removing the adaptive pool-
ing or replacing it with mean pooling degrades the performance, showing that
the adaptive pooling aggregates the important features in an image. As for the
supervision, we find the intra-sample loss to be the most important, and the
combination of all three loss terms yields the best performance.

Content Multi-round Editing Results (Reference for the current step)

Fig. 7: Sequential photographic style transfer results (from left to right), with the
reference for each round shown in the top-left red box.
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Table 3: An ablation study of photographic embeddings on retrieval performance and
quantitative results for photographic style transfer.

Setting
PPR10K [54] subset FiveK-Concept [11] PST50 [28]

R@1 R@5 mAP F1@5 R@1 R@5 mAP F1@5 LPIPS↓ PSNR↑ SSIM↑ H-Corr↑

RGB color space 70.34 96.77 69.16 53.61 51.21 78.29 49.37 36.58 0.1068 22.22 0.9120 0.4034
W/o cross attn 68.93 96.66 66.44 51.21 50.29 75.91 48.30 36.19 0.1120 22.24 0.9005 0.4436
[CLS] only 73.74 96.88 70.01 54.36 49.17 80.14 48.64 35.46 0.1131 23.11 0.9086 0.4355
[CLS]+ mean pool 68.91 97.25 66.53 51.25 50.48 79.24 47.61 34.78 0.1149 22.49 0.9001 0.4342
W/o Lrec 66.98 96.32 66.06 51.13 45.86 78.14 47.58 34.04 0.1354 21.69 0.8967 0.4048
W/o L− 36.09 89.79 45.42 33.38 18.64 51.67 21.62 14.56 0.1249 23.47 0.9063 0.4506
W/o L+ 67.53 96.75 65.03 49.79 51.79 81.51 49.36 36.69 0.1071 22.41 0.9045 0.4194

Complete 74.27 98.40 71.99 56.60 52.94 78.56 51.84 39.01 0.1021 24.63 0.9272 0.5220

For the ablation of the photographic style transfer part, please refer to the
supplementary material, where we train the LUT after substituting the photo-
graphic embedding with baseline image embeddings. This further validates the
proposed method’s awareness of photographic style, and shows that the LUT is
enlightened to transfer it.

5 Conclusion

In this paper, we present PETAL, Photographic Embedding for Transfer with
an Adaptive LUT. We propose to extract a photographic embedding to reflect
the photographic style, optimized with self-supervised contrastive learning. We
apply the stop-gradient operation [16] and hard negative examples generated
through photographic style augmentation to stabilize the optimization. This
tailored image representation makes it possible to capture continuous styles,
and conditions a simple neural LUT to transfer the photographic style without
any test-time optimization.
Limitations. Although the photographic embedding considers spatial informa-
tion, object-level style, such as color adjustment applied to faces, is not addressed
in this work, as it requires more domain-specific data (e.g ., portraits in various
styles). We empirically find that PETAL remains stable on the portrait-focused
PPR10K benchmark, but the most challenging cases typically involve skin-tone
white balance and local, face-specific retouching, which we leave for future work.
In addition, photographic style sometimes involves artistic expression beyond
the adjustment of color or lightness, such as adding noise or grain, calling for
future work to learn such unique styles.
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A More Demonstrations and Comparisons

A.1 Visualization of Photographic Embedding Space

We visualize the embedding space of the proposed photographic embedding and
other baselines on the PPR10K [18] subset dataset, as shown in Fig. 8. We de-
note the works of each expert as green triangles, blue squares, and red circles
respectively. The 2D visualization is performed by first applying principal com-
ponent analysis (PCA) to reduce the features to 15 dimensions, and then using
t-SNE [20] to reduce the dimensions to 2 for visualization. As the photographic
styles within each expert’s works are similar, while different between different
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(a) Proposed (b) ImageBind (d) DINOv3* (e) CSD (f) DreamSim (h) Modflow

(i) BLIP-2 (j) SigLIP-2 (l) CLIP* (m) FSR (n) ALADIN (o) ColorD

(c) DINOv3

(k) CLIP

Expert A Expert B Expert C

Fig. 8: A t-SNE [20] visualization of the proposed photographic embedding and base-
line methods, conducted on the PPR10K [18] subset dataset. The images are repre-
sented by the experts who retouched them, as denoted by the blue squares for Expert
A, green triangles for Expert B, and red circles for Expert C.

experts, we can see that the proposed photographic embedding is able to clus-
ter the images more effectively than the baselines. Semantic embeddings (e.g .,
CLIP [22] and DINO [24]) primarily capture content similarity, and existing style
embeddings (e.g ., CSD [25] and Modflow [16]) still struggle to separate such pho-
tographic styles. Notably, the specially trained color discriminator ColorD [13]
also fails to clearly separate the fine-grained style differences.

A.2 More Qualitative Comparisons

As shown in Fig. 9, we first perform spherical interpolation from a monochrome
style with moderate exposure and contrast (Reference A) to another three dif-
ference target styles (References B, C, and D). By utilizing these interpolated
photographic embeddings, PETAL smoothly blends the image from the source
style to the target styles, while consistently preserving the underlying content
structure and details throughout the process.

As illustrated in Fig. 10, we further present more qualitative examples of
the photographic style transfer on test images from open-source DPST [19] and
PST50 [7] datasets, as well as our collected InsRank and Hasselblad Masters
datasets [9].

Overall, PETAL can transfer a wide range of photographic styles from the
references to content images across diverse scenes (e.g ., portrait, landscape,
street, and nature), while preserving the underlying content structure. In con-
trast, several open-source baselines fail in characteristic ways. StyTr2 [6], CAP-
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Reference A

Reference B

Reference C

Reference DContent

Interpolation Results

Interpolation Results

Interpolation Results

Fig. 9: Interpolation transfer results of photographic style between the Reference A
(monochrome with moderate exposure and contrast, etc.) and three reference styles:
Reference B (high saturation, teal and orange tone, bright exposure, etc.), Reference C
(monochrome with high contrast, etc.), and Reference D (low contrast and exposure,
dim highlights, cold tint, etc.). The content is kept throughout the process.

VSTNet [31], PhotoWCT2 [5], and DSTN [12] often introduce unnatural artifacts
or textures in the stylized results. Deep Preset [11] frequently fails to faithfully
apply the reference style. SALUT [7] and Modflow [16] either produce unwanted
distortions (e.g ., the sky in the third column) or fail to capture key stylistic cues
from the reference (e.g ., the light-blue sky and the yellow-green grass in the first
column).

We further compare against three closed-source applications. Neural Pre-
set [13] tends to apply global tone and color adjustments from the reference, but
fails to produce a more dedicated, reference-faithful retouch. For example, it only
partially desaturates the portrait case where the reference is monochrome (sec-
ond column), and in the landscape example (first column) it shifts the scene to-
ward a cooler, darker rendering, missing the vivid high-saturation spring palette
of the reference. The commercial Pixelmator Pro [21] shows a similar trend.
While it captures coarse attributes, it often misses fine-grained stylistic signals,
such as highly saturated tones (first column) and local contrast distribution (fifth
column). Finally, Nano Banana Pro [8] (prompt in Fig. 17) can produce visually
strong edits but sometimes sacrifices content fidelity and fine-grained style ad-
herence, introducing distortions or hallucinated details, such as the scene change
in the fourth column and unnatural lighting in the last column.
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Fig. 10: More qualitative comparisons of PETAL and the baselines on test images
from open-sourced DPST [19] and PST50 [7], as well as our collected InsRank and
Hasselblad Masters datasets [9].
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Table 4: Additional perceptual and VLM-as-a-judge evaluation on PST50 [7].
LIQE [34] and Q-Align [32] measure reference-free perceptual quality, MS-SWD [10]
measures tonal-style distribution similarity, and Gemini-3.1-Pro [27] judges content
preservation (CP), style similarity (SS), and overall quality.

Method LIQE↑ Q-Align↑ MS-SWD↓ CP↑ SS↑ Overall↑

CAP-VSTNet [31] 2.4362 3.6574 5.6058 4.90 4.58 4.40
StyTr2 [6] 1.0429 3.3114 5.4223 3.78 4.10 3.08
Deep Preset [11] 2.3577 3.6067 4.6861 4.98 2.86 3.16
SALUT [7] 2.0362 3.0940 4.2559 4.64 3.74 3.54
DSTN [12] 1.6471 2.6037 7.8048 2.08 2.52 1.12
PhotoWCT2 [5] 2.2718 3.3488 5.9969 4.82 4.42 4.16
Modflow [16] 2.3195 3.4032 5.6159 5.00 4.52 4.52
Neural Preset [13] 2.2851 3.7617 4.4059 4.92 4.28 4.48
Nano Banana Pro [8] 1.9676 3.7097 5.2761 4.08 3.08 3.10

PETAL 2.5772 3.7813 3.8384 5.00 4.74 4.80

A.3 Additional Perceptual and VLM Evaluation

We use LIQE [34] and Q-Align [32] as reference-free perceptual quality met-
rics, and MS-SWD [10] as a perceptual color-distribution distance between the
generated result and the reference style. For the VLM-as-a-judge evaluation,
each source/content image, reference style image, and stylized output is fed to
Gemini-3.1-Pro [27] with the prompt shown in Fig. 17; Gemini returns 1–5 JSON
scores, from which we report content preservation (CP), style similarity (SS, from
tone/style fidelity), and overall quality. As shown in Tab. 4, PETAL ranks best
on LIQE, Q-Align, MS-SWD, style similarity, and overall quality, and ties for
the best content preservation score. These results support the same trend as the
reference-based metrics and the user study in the main paper.

A.4 Ablation Study

We first verify the proposed photographic embedding network design and the
self-supervision, and the complete retrieval performance on PPR10K [18] subset,
FiveK-Concept [3] and InsRank are shown in Tab. 5. Changing the color space
from CIE-Lab to RGB worsens the representation in both evaluation dataset,
as the former disentangles luminance and chromaticity and allows for an easier
extraction of photographic style. Without the cross attention module, the infor-
mation from histogram encoders is also removed, and judging from the perfor-
mance, the global statistical information is still necessary, and cannot be directly
learned with a single ViT. Without the cross-attention module, the information
from the histogram encoders is also removed. The retrevial performance drop,
especially on PPR10K subset and FiveK-concept, shows that such global sta-
tistical information remains necessary and cannot be directly learned by a ViT
alone. The adaptive pooling combines the important features in an image, while
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Table 5: An ablation study of photographic embeddings on retrieval performance.
All metrics are shown as percentages. For the proposed InsRank dataset, Spearman’s
ρ [26] and Kendall’s τ [14] measure the correlation between model rankings and photog-
raphers’ preferences. In this table, higher numbers indicate better performance. Best
values are in bold, and second best are underlined.

Setting
PPR10K [18] subset FiveK-Concept [3] InsRank

R@1 R@5 mAP F1@5 R@1 R@5 mAP F1@5 R@1 ρ [26] τ [14]

RGB color space 70.34 96.77 69.16 53.61 51.21 78.29 49.37 36.58 37.50 17.50 14.37
W/o cross attn 68.93 96.66 66.44 51.21 50.29 75.91 48.30 36.19 50.00 30.00 23.75
[CLS] only 73.74 96.88 70.01 54.36 49.17 80.14 48.64 35.46 43.75 29.69 23.47
[CLS]+ mean pool 68.91 97.25 66.53 51.25 50.48 79.24 47.61 34.78 62.50 36.87 30.62
W/o Lrec 66.98 96.32 66.06 51.13 45.86 78.14 47.58 34.04 53.12 40.00 35.62
W/o L− 36.09 89.79 45.42 33.38 18.64 51.67 21.62 14.56 43.75 13.75 13.12
W/o L+ 67.53 96.75 65.03 49.79 51.79 81.51 49.36 36.69 53.12 26.87 21.88

Complete 74.27 98.40 71.99 56.60 52.94 78.56 51.84 39.01 62.50 52.19 46.88

Proposed [CLS] + mean poolRGB color space W/o ℒ!"#[CLS] only W/o ℒ$W/o cross attention W/o ℒ%Content

Fig. 11: A qualitative comparison between the proposed photographic embeddings and
ablated settings in Tab. 5. The reference is shown in the bottom-right red box.

removing it or substituting it with mean pooling deteriorates the performance
on PPR10K, FiveK-Concept and InsRanK. As for the supervision, we found
the intra-sample loss the most important, and a combination of the three loss
terms have the best overall performance.

As illustrated in Fig. 11, we further present a qualitative comparison of the
proposed photographic embedding and the ablated settings mentioned above.
PETAL inherits the warm highlight and high contrast, and renders the desired
color and shadows on the trees consistent with the reference. The embedding in
RGB color space unable to extract the luminance and chromaticity features, pro-
ducing an unnatural purple tone on the statue and failing to transfer the warm
highlight and high contrast. Without the cross-attention module, the model can-
not reproduce the high contrast and the desired color and shadows on the trees,
indicating the necessary of the global statistical information. Removing the adap-
tive pooling, or substituting it with mean pooling, also degrades the visual qual-
ity, tending to render the content image to global high exposure. A combination
of the three loss terms yields the best qualitative results, while removing any sin-
gle term leads to noticeable degradation, especially in the shadows, tree colors,
and the yellow sunlit highlights.

We then replace the photographic embedding with each previous image em-
bedding and train the photographic style transfer network using the same loss
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Table 6: Quantitative comparisons for photographic style transfer on the PPR10K [18]
subset and PST50 [7] dataset. ↑ (↓) denote higher (lower) is better. All the methods
are trained with the same lightweight photographic style transfer network and loss
functions as PETAL. The superscript ∗ indicates that the baseline embeddings are
fine-tuned with the proposed self-supervised framework, data and objectives first.

Method
PPR10K [18] subset PST50 [7]

LPIPS↓ PSNR↑ SSIM↑ H-Corr↑ LPIPS↓ PSNR↑ SSIM↑ H-Corr↑

CSD [25] 0.1131 20.45 0.8544 0.3237 0.1353 21.36 0.8848 0.3786
CLIP [22] 0.1369 19.65 0.8396 0.3436 0.1712 20.52 0.8493 0.3172
DINOv3 [24] 0.3240 14.84 0.6662 0.1527 0.3150 17.26 0.7557 0.1893
BLIP [17] 0.3200 15.36 0.7450 0.1787 0.3390 16.81 0.7827 0.1814
SigLIP-2 [28] 0.1273 20.39 0.8537 0.3737 0.1702 20.87 0.8672 0.3239

DINOv3* [24] 0.1101 21.57 0.8743 0.3948 0.1167 22.39 0.8988 0.3757
CLIP* [22] 0.1215 20.81 0.8491 0.3793 0.1122 23.70 0.9191 0.4719

PETAL 0.1027 21.80 0.8710 0.4578 0.1021 24.63 0.9272 0.5220

Content

Reference

Proposed

CSD

CLIP

BLIP

SigLIP-2

DINOv3

CLIP*

DINOv3*

Fig. 12: A qualitative comparison of PETAL and the ablation that using the previous
embeddings, with images sampled from the unpaired test set of PST50 [7].

functions as in PETAL. As shown in Tab. 6, all metrics, especially H-Corr, drop
when using previous image embeddings, as these embeddings primarily encode
compressed semantic features rather than detailed photographic style represen-
tation. We further present qualitative comparisons using images sampled from
the unpaired test set of PST50 [7]. As illustrated in Fig. 12, using previous
image embeddings leads to clear visual degradation. CSD [25], CLIP [22], and
SigLIP-2 [28] fail to render the desired tone and contrast. The transfer network
also performs poorly with BLIP [17] and DINOv3 [24], introducing visible arti-
facts or unnatural appearances. Notably, substituting the backbone with strong
pretrained models (DINOv3* and CLIP*) and fine-tuning them with our self-
supervised framework still yields incorrect photographic stylistic rendering, es-
pecially for the skin tones. This suggests that the proposed embedding network
design is essential for effectively capturing photographic style.
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B Photographic Style Augmentation Detail

For reproducibility, we implement the photographic style augmentation function
f(I, {ξi}) as a composition of differentiable, lightweight photo-edit operators
and an optional 3D color lookup table (LUT) transform implemented by trilin-
ear interpolation (grid_sample). Given an input image I ∈ [0, 1]3×H×W , the
augmentation samples a random subset of operators and applies them sequen-
tially. Each operator is controlled by a scalar parameter ξ ∼ U([−1, 1]) (or an
equivalent factor sampled from a conservative range), reaching its maximum
strength when |ξ| = 1. We intentionally keep the ranges moderate to avoid
out-of-distribution artifacts while still producing hard negatives in photographic
style. For the contrastive views used in training, we do not treat arbitrary dis-
tant patches from one image as positives. An anchor crop is jittered by small
spatial shifts to form overlapping local views under the same PSA parameters.
These local views share most content, illumination context, and smooth tone/-
color rendering, making them reliable positives within our scope. Conversely, two
opposite PSA views of the same patch preserve content and layout but deliber-
ately differ in photographic tone/color, which discourages content-only shortcuts
and provides hard negatives for learning a style-sensitive embedding.

As shown in Tab. 7, we select these operators to align with the most com-
mon controls used by photographers in Adobe Lightroom [1]/Adobe Camera
Raw: setting the luminance anchor (Exposure/Contrast), redistributing dynamic
range (Highlights/Shadows), and shaping overall color mood (Saturation/Tem-
perature/Tint). Vignette serves as a lightweight finishing adjustment to guide
attention and alter atmosphere without changing scene semantics. Finally, an op-
tional 3D LUT compactly models preset-like, coupled color remapping, enabling
diverse yet realistic style variations while remaining differentiable. In practice, we
build a LUT bank of 100 professional LUTs; when a LUT is used, we randomly
sample one of four application strategies to increase diversity: single, pre-mix
(blend LUTs before applying), post-mix (blend LUT outputs), and cascade (ap-
ply two LUTs sequentially with reduced intermediate strength).

We further visualize random samples of the proposed photographic style aug-
mentation, where the leftmost column shows the original images from the Un-
splash [4] training dataset. As shown in Fig. 13, our augmentation generates
a wide spectrum of realistic style variants across diverse scenes (e.g ., portrait,
architecture, landscape, and nature), while preserving the underlying content.
Such rich and diverse style perturbations provide the essential training views for
our self-supervised learning framework.

C Mathematical Definition for Evaluation Metrics

As we mention in the paper that the datasets of PPR10K [18] and FiveK-
Concept [3] are divided into multiple scenes, to guarantee similar content during
evaluation, we denote the number of scenes as MU , and the dataset as U . For
each scene S = {Ij}NS

j=1 ⊂ U in the dataset which contains NS images retouched
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Table 7: Photographic style augmentation operators used to instantiate f(I, {ξi}). All
operations are applied in CIE-Lab space with values normalized to [0, 1] for L and to
a standardized range for a, b.

Operator Mapping (max strength at |ξ| = 1)

Exposure L← clip(L · 20.5ξ) (±0.5 EV )
Contrast L← clip((L− L̄)(1 + 0.30ξ) + L̄)
Saturation (a, b)← (a, b) · (1 + 0.35ξ)
Temperature a← a+ 8ξ (warm/cool shift)
Tint b← b+ 8ξ (green/magenta shift)
Highlights L← L− 0.25ξ ·max(L− 0.7, 0)2/(0.32)
Shadows L← L+ 0.25ξ ·max(0.3− L, 0)2/(0.32)
Vignette I ← I ·

(
1− 0.35ξ · r2

)
where r ∈ [0, 1] is the normalized radius

3D LUT I ← (1− ξ)I + ξ · LUT(I), ξ ∼ U([0.5, 1])

by NP photographers, we retrieve the top-k nearest neighbors of each query im-
age based on cosine similarity. We then define the metrics used in the paper
mathematically. Denote rel(I, k) as an indicator function that equals 1 if the
k-th retrieved image shares the same label as I, and 0 otherwise.

The R@k metric is given by

R@k =
1

MU

∑
S

∑
j∈S

1

NS

K∨
i=1

rel(Ij , k), (7)

where ∨ is the logical “or” function. Basically, ∨K
i=1rel(Ij , k) measures if any of

the top-k neighbor matches the ground truth label of Ij .
The metric of mAP is the average of the area under the precision-recall

curve [29], defined by

P (Ij , k) =
1

k

∑
i≤k

rel(Ij , i), (8)

AP(Ij) =
∑NS

k=1 P (k)rel(Ij , k)
M(S, Ij)

, (9)

where P (Ij , k) is the precision at k-th position in the retrieval list of Ij . M(S, Ij)
is the total number of images in S retouched by the same photographer as Ij .
The metric of mAP is the average AP(S) over all the scenes in the dataset,
namely

AP(S) = 1

NS

NS∑
j=1

AP(Ij),mAP =
1

MU

∑
S

AP(S). (10)

F1@k computes the harmonic mean of precision and recall at cutoff k, pro-
viding a balanced measure of a model’s retrieval performance.
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Original Image Random Samples of Photographic Style Augmentaion Results

Fig. 13: Random samples of the proposed photographic style augmentation results.
The original images are sourced from the Unsplash [4] training dataset.

As for the InsRank dataset, we treat the evaluation as a ranking problem.
Each query qi is associated with M = 5 candidates, having a ground-truth rank-
ing π∗

i and a predicted ranking π̂i. We report R@1 to measure the top-1 accuracy,
along with Kendall’s τ [14] and Spearman’s ρ [26] for ranking correlation.

The R@1 metric here checks if the predicted top-1 image c∗i matches the
expert-annotated best:

R@1 =
1

N

N∑
i=1

I(π̂i(c
∗
i ) = 1), (11)

where N is the total number of queries and I(·) is the indicator function. To
evaluate global ranking consistency, Kendall’s τ [14] and Spearman’s ρ [26] are
defined as

τ =
1

N

N∑
i=1

2(N i
c −N i

d)

M(M − 1)
, (12)

ρ =
1

N

N∑
i=1

(
1−

6
∑M

j=1 d
2
i,j

M(M2 − 1)

)
, (13)

where N i
c and N i

d denote the number of concordant and discordant pairs between
π∗
i and π̂i, respectively. di,j represents the rank difference for the j-th candidate.

Both metrics range from [−1, 1], with higher values indicating better alignment
with human photographers’ aesthetics.
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D Training and Inference Details

The training of the proposed method is conducted on 2 NVIDIA RTX PRO
6000 GPUs. The profiling and inference are performed on a single NVIDIA
RTX A6000. The running time of the photographic style transfer is evaluated
by processing content images with a resolution of 1080 × 1920, using reference
images of size 512× 512 as guidance.

To train the photographic style encoder, we download 43w high quality photo-
graph from the Unsplash [4] dataset. We use a batch size of 12, where each batch
contains 2 augmented versions of 4 patches per image. We use the Adam [15] op-
timizer with a learning rate of 2e-4 and cosine annealing. It takes about 20 hours
to train for 80k iterations. The Vision Transformer is composed of 24 layers of
transformer blocks with 16 attention heads, an embedding dimension of 1024,
and a patch size of 16. Following previous work [24], we utilize RMSNorm [33]
for normalization and SwiGLU [23] for the FFN layers. The total number of
parameters is 362M.

For the style transfer module, the photographic style encoder is fixed. We
train for 80k iterations (approximately 18 hours) with a batch size of 12, using
the Adam [15] optimizer with a learning rate of 4e-4 and cosine annealing. The
MLPs gµ and gσ, which map the photographic style embedding to the mean and
variance, consist of two layers connected by Group Normalization. The total
number of parameters is only 1.727M.

E Dataset Details

Fig. 14: Sample images from the
proposed InsRank dataset.

In the paper, we mentioned that the FiveK-
Concept [3] dataset is divided into scenes first,
and we describe the details here. We first cat-
egorize images from the original FiveK [3]
dataset into subsets based on the “Location”
and “Subject” metadata. Here we exclude im-
ages with missing metadata. Next, we em-
ploy Qwen3-VL-32B-Instruct [2] to annotate
each image with detailed descriptions of the
main subjects and scene content (prompt in
Fig. 17). Then, we perform K-means clus-
tering within each subset using the annota-
tions encoded by the EmbeddingGemma [30]
text embedding model, and finally we get 623
groups averaging 7 images each. A profes-
sional photographer edits each group’s RAW
files in Adobe Lightroom [1], varying exactly one concept (e.g ., contrast, ex-
posure, temperature, or tint) for a single style while maintaining within-group
consistency.

As for the InsRanK dataset, we collect photos posted by photographers on
Instagram, and curate them into 32 groups. Each group contains one query image
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SALUTProposedContent

Reference

Neural Preset

Modflow CAP-VSTNet Deep Preset

StyTr2DSTN PhotoWCT2

Fig. 15: A double-exposure failure case of photographic style transfer. PETAL trans-
fers the warm amber tone and candlelight contrast, but cannot reproduce the semi-
transparent floral/portrait overlay. Reference taken by Annie Spratt [4]

and five candidate images. Two photographers are invited to rank the candidates
independently according to style similarity to the query. Their preferences are
used as pseudo ground truth to validate the alignment with human preferences.
The 32 query images are divided into three categories: natural landscapes (50%),
cityscape/architecture (25%), and human/cultural subjects (25%). We selected
these categories as they represent common scenarios where photographers typi-
cally employ post-processing to establish distinct styles. Conversely, we excluded
genres like documentary and still-life, where the visual aesthetic is intrinsically
tied to the subject content itself rather than artistic retouching. And some sam-
ple images are shown in Fig. 14.

F Failure Cases

As mentioned in the main-paper limitations, PETAL focuses on retouching-level
tone/color transfer and smooth spatial effects, while local object- or face-specific
retouching and artistic effects beyond color or lightness adjustment remain chal-
lenging. We demonstrate these two out-of-scope cases below: the double-exposure
reference in Fig. 15 and the face-specific local retouching example in Fig. 16.

As shown in Fig. 15, the reference image is composed of highly saturated
orange color, which the proposed method manages to transfer to the input image.
More specifically, PETAL preserves the two people and candle highlights while
moving the result toward the reference’s warm amber illumination. However, it
treats the reference mainly as a tone and lighting cue, so the transparent floral
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Reference Content Proposed Neural Preset

SALUT

Modflow

CAP-VSTNetDSTN PhotoWCT2 StyTr2Deep Preset

Ground Truth

Fig. 16: A face-specific local-retouching failure case on PPR10K [18]. PETAL transfers
the bright exposure, warm tone, and saturated red track from the reference, but the
zoomed face region still shows imperfect local skin-tone retouching.

texture, ghosted face silhouette, and layered exposure boundary that define the
double-exposure effect are absent. Other methods greatly brighten the input and
cause over-exposed highlights, transfer incorrect colors, or introduce unnatural
artifacts. For example, Neural Preset [13] and CAP-VSTNet [31] tend to amplify
the candle region, SALUT [7] and Deep Preset [11] under-transfer the reference
appearance, while DSTN [12], PhotoWCT2 [5], and StyTr2 [6] introduce stronger
blur, color bleeding, or texture artifacts. However, none of the baselines, nor the
proposed method, is able to transfer the unique double exposure effect.

We further show a portrait example from PPR10K [18] in Fig. 16. PETAL
better follows the global photographic style than most baselines, especially in
the bright outdoor exposure, warm tone, and red-track saturation. However,
the face crop reveals a remaining limitation: local skin-tone retouching is not
fully matched to the ground truth, with a slight yellow cast and imperfect face-
specific adjustment. This distinction explains why PPR10K [18] remains a valid
benchmark for our scope: its labels mainly evaluate whole-image global and
smooth regional retouching, while identity-aware facial beautification and fine
local skin edits require region-specific or face-specific supervision beyond the
current PETAL design.
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G Discussion

G.1 Scope of Photographic Style

In our setting, photographic style means retouching-level tone/color rendering
and smooth spatial effects while preserving scene content, geometry, and texture.
It covers exposure, contrast, white balance, saturation, tint, highlight/shadow
redistribution, preset-like color remapping, vignetting, and spatial tone/color
falloff. It does not target object-level semantic edits, identity-specific facial re-
touching, geometric deformation, artistic textures, film grain, double exposure,
or painterly effects. This scope explains why PPR10K [18] is a valid portrait-
focused benchmark for global and smooth regional retouching, while face-specific
local skin retouching remains a limitation.

G.2 Potential Positive Societal Impacts

The proposed method can be used to enhance the visual quality of photos taken
by amateur photographers, making them look more professional. This can help
to promote the work of these users and increase their visibility. It also helps
photographers learn to master the photographic style from professional photog-
raphers’ works, by developing a before-after pair with their own images, so that
they can learn how professional photographers retouch on their photos.

If the users are the photographers of the reference images, the proposed
method can help them retouch their photos more efficiently. For the journalists
reporting live events, the critical delay in retouching can be reduced, allowing
them to publish their work more quickly. Since the proposed method can run
real-time, it may even be possible to serve as a preset in the camera, allowing
the users to create customized presets for their own unique photographic style.

G.3 Potential Negative Societal Impacts

From the perspective of the users, the proposed method may indulge them in
the use of automatic tools to retouch their photos, which may lead to a lack of
understanding of the photographic style and techniques, hindering their learning
process.

For the photographers of the reference images, the copyright may be infringed
if the generated images are used for commercial purposes without their permis-
sion. However, since there is no regulation on this issue, it is difficult to enforce
copyright laws in this case. Were we to release the model, we would notify the
user to respect the copyright of the photographer, and that the proposed method
is designed for non-commercial use only.

G.4 Relationship with Professional Softwares

It is possible to achieve a similar result in Adobe Lightroom [1] or Adobe Photo-
shop, but to retouch the images with a reference, or even by the photographers
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themselves, is a time-consuming task. Usually the process takes several minutes,
while the proposed method is real-time. If integrated as a built-in preset in cam-
eras, the proposed method can be used to render the previews for photographers,
allowing them to see the world with their own photographic style, fostering their
creativity.

G.5 Future Work

1. Raw file support. The proposed method is designed to work with JPEG
images, but it can easily be extended to support raw files which holds more
color information and allow for more flexibility in retouching.

2. Whiteness inpainting. As the input image may contain over-exposed area, to
transfer a photographic style with less contrast or less exposure, the infor-
mation in the over-exposed area is desired. Generative models can be used
to inpaint the over-exposed area, but this is out of the scope of this work,
due to the complicated nature of the task.

3. Photographic style transfer for videos. While it is easy to transfer the pho-
tographic style to a video instead of an image, to transfer from one video
to another is a more complicated task. Extending the proposed method to
work with videos is a future work.
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Prompt for Qwen3-VL

You are given an image. Generate **ONE English sentence caption** that begins with "A photo of ...".
Content rules:
- Describe the main photographic subjects that are visually prominent and compositionally important (e.g., person, flower,
mountain, animal, building).
- Describe each subject with specific, visually grounded adjectives (e.g., colors, shapes, states, or conditions).

Examples: "tall green tree", "small stone house", "bright red flower", "clear blue sky", "shiny glass building".
- Include environmental context if visually clear (e.g., indoors, outdoors, in a garden, in the city).
- Add a description of time of day (e.g., morning, afternoon, night, sunset) or lighting conditions (e.g., soft natural light,
golden sunlight, dim light, dramatic shadows) if evident.
- Focus on concise, scene-defining details that photographers would note.
Ignore:
- Small, cluttered, or repetitive objects.
- Minor accessories or textures (e.g., hats, glasses, fences, bricks).
- Actions, relations, abstract concepts, emotions, or atmosphere words not visually explicit.
Output rules:
- Must start with "A photo of ...".
- Use concise noun phrases and natural descriptive adjectives.
- Use commas or "with" to connect subjects, environment, and lighting.
- Only one sentence.
- If no clear subject is visible, output exactly: "A photo of nothing."
Example outputs:
- "A photo of white amaryllis flowers in bloom indoors with soft natural light."
- "A photo of a mountain landscape under golden sunset light."
- "A photo of a person standing in a city street at night with bright neon lights."
- "A photo of a tall green pine tree beside a calm blue lake under morning sunlight."
- "A photo of a small wooden cabin on a snowy mountain at sunset."

Prompt for Nano Banana Pro

Preserve the content and detail of the first image, and transfer the photographic concept from the second image onto it, to get
the result image with the same content as the first image, but with the photographic style of the second image.

Prompt for Gemini-3.1-Pro Evaluation

You are an expert evaluator for photographic tone and color style transfer.
You will be given three images:
Image 1: the source/content image.
Image 2: the reference tone/style image.
Image 3: the edited/stylized output.
Evaluate Image 3 by comparing it with both Image 1 and Image 2.
Criteria:
1. Content Preservation:

The main scene structure, objects, identity, geometry, and semantic content should be preserved from Image 1. Do not
penalize expected color and tone changes.
2. Tone/Style Fidelity:

The output should match the reference tone/style in Image 2, including exposure, contrast, brightness distribution,
highlights, shadows, saturation, color temperature, color palette, and overall photographic mood. Do not reward copying objects
or content from Image 2.

3. Photorealism and Naturalness:
The output should look like a natural photograph, with plausible colors, lighting, contrast, and local details.

4. Artifact Severity:
Check for unnatural color casts, over-saturation, clipping, banding, halos, texture damage, structural distortion, or other

visible artifacts.
Please give scores from 1 to 5:
1 = very poor
2 = poor
3 = acceptable
4 = good
5 = excellent
Return the result in JSON format:
{

"content_preservation": {
"score": 1-5,
"reason": "brief explanation"

},
"tone_style_fidelity": {

"score": 1-5,
"reason": "brief explanation"

},
"photorealism": {

"score": 1-5,
"reason": "brief explanation"

},
"artifact_control": {

"score": 1-5,
"reason": "brief explanation"

},
"overall": {

"score": 1-5,
"reason": "brief explanation"

}
}

Fig. 17: Prompts used for Qwen3-VL [2] annotation, Nano Banana Pro [8] photo-
graphic style transfer, and Gemini-3.1-Pro-based VLM evaluation [27].
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