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Figure 1. We propose PhotoFramer, a model designed for composition instruction during photo capturing. Given a poorly composed
image, PhotoFramer first describes how to improve the composition in natural language and then generates an example image that follows
the described suggestions. The photo-taker can follow the textual guidance and the example image to capture a better-composed photo.

Abstract

Composition matters during the photo-taking process,
yet many casual users struggle to frame well-composed im-
ages. To provide effective composition guidance, we intro-
duce PhotoFramer, a multi-modal composition instruction
framework. Given a poorly composed image, PhotoFramer
first describes how to improve the composition in natural
language and then generates a well-composed example im-
age. To train such a model, we curate a large-scale dataset.
Inspired by how humans take photos, we organize composi-
tion guidance into a hierarchy of sub-tasks: shift, zoom-in,
and view-change tasks. Shift and zoom-in data are sampled
from existing cropping datasets, while view-change data are
obtained via a two-stage pipeline. First, we sample pairs
with varying viewpoints from multi-view datasets, and train
a degradation model to transform well-composed photos
into poorly composed ones. Second, we apply this degrada-
tion model to expert-taken photos to synthesize poor images

to form training pairs. Using this dataset, we finetune a
model that jointly processes and generates both text and im-
ages, enabling actionable textual guidance with illustrative
examples. Extensive experiments demonstrate that textual
instructions effectively steer image composition, and cou-
pling them with exemplars yields consistent improvements
over exemplar-only baselines. PhotoFramer offers a prac-
tical step toward composition assistants that make expert
photographic priors accessible to everyday users.

1. Introduction

Modern mobile cameras have become increasingly power-
ful [8, 20, 39, 52]. Equipped with these cameras, the users
could capture high-resolution, noise-free, and well-exposed
photos. However, many casual users still struggle to cap-
ture visually pleasing photos. As shown in the top images of
Fig. 1, these photos appear visually unappealing due to their
poor composition. For instance, in Fig. le, the sea hori-
zon is tilted relative to the image border, and the foreground
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rocks dominate the frame excessively. Therefore, providing
amateur photographers with composition guidance during
photo capturing is of great importance [13, 31, 73].

Casual users can be guided more effectively through a
combination of textual and visual instructions. Consider a
captured farm scene in Fig. la, textual instruction “elimi-
nates the fence posts and grass” provides concrete and ac-
tionable operations, along with detailed reasons (e.g., “cre-
ating a cleaner and more balanced visual flow”). Mean-
while, in the bottom of Fig. 1a, the well-composed example
photo capturing the same farm scene is intuitive and easy to
follow, consistent with prior findings [13, 76].

To leverage the strengths of both modalities, we intro-
duce PhotoFramer, a multi-modal image composition in-
struction framework that provides detailed textual guidance
paired with corresponding visual example photos.

To build this composition instruction model, we design a
hierarchical set of tasks inspired by how humans take pho-
tos. Humans typically first determine a suitable position
and angle (i.e., vantage point), choose an appropriate fo-
cal length, and then finetune subject placement and align-
ment [14, 26]. Accordingly, PhotoFramer consists of three
sub-tasks: view-change (Fig. 1c), zoom-in (Fig. 1b), and
shift (Fig. la) tasks. In addition, when the user does not
specify a task type (as in Fig. 1de), PhotoFramer automat-
ically determines suitable operations. We show that the
model does not merely select one task type, but adaptively
fuses multiple operations to achieve better composition.

Under this task formulation, we construct a comprehen-
sive multi-modal dataset containing “poor image, good im-
age, text guidance” triplets. For the shift and zoom-in
sub-tasks, we sample image pairs from existing cropping
datasets [6, 58, 65, 66, 72]. For the view-change sub-task,
we first sample image pairs with different viewpoints from
multi-view datasets [34], and then train a degradation model
that converts well-composed photos into compositionally
degraded ones. We then apply this model to expert-taken
photos [10] to synthesize view-change examples. Finally,
we employ one vision-language model [2] to annotate text
guidance for each pair. In total, we collect 207K triplets,
serving as the foundation for model training.

Equipped with the above dataset, we finetune the uni-
fied understanding-generation model [9, 16, 51, 62, 64] to
generate both textual guidance and example image. As de-
picted in Fig. 1, our model is required to process inputs and
outputs that include both texts and images. Consequently,
vision-language models [2, 37, 78] that can only produce
textual outputs, as well as image generation or editing mod-
els [3, 4, 47] that can only produce images, are unsuitable.
We therefore employ the unified understanding-generation
model Bagel [9] as our base and fine-tune it using our pro-
posed dataset. Experiments show that textual guidance ef-
fectively guides image generation, highlighting the advan-

tages of the text-vision joint modeling framework.
Extensive comparisons and ablations further confirm the
superiority of our PhotoFramer over baselines. We hope this
work serves as a stepping stone toward composition assis-
tants that help everyday users capture expert-level photos.

2. Related Works

Composition understanding is the foundation for compo-
sition instruction. Composition classification [27, 73, 77]
defines multiple composition categories (e.g., rule-of-thirds,
symmetrical, etc.). Some works [71-73] focus on score-
based composition assessment. Recent works [5, 35] utilize
powerful vision language models [2, 41, 79] to build multi-
aspect aesthetics (i.e., including composition) assessment
models with joint scoring and descriptive outputs.

Image cropping is a common approach to enhance the
composition. Given an original image, this task aims to find
a cropped patch with better composition. Extensive crop-
ping datasets can be broadly categorized into two types.
The first type is densely annotated, where multiple crops
are labeled per image [49, 58, 66, 71, 72]. The second
type is sparsely annotated, where only the best crop is la-
beled per image [6, 11, 65]. Built upon these datasets, deep
learning models have achieved substantial progress. Many
methods [11, 22, 30, 49, 55, 57, 58, 65, 66, 71, 72, 74]
adopt a two-stage strategy: first generating crop candidates,
then selecting the optimal one. Other coordinate regres-
sion methods [7, 17, 18, 28, 29, 38] directly predict crop
boundaries. Recently, GenCrop [19] leverages Stable Diffu-
sion [47] to outpaint professional photos for dataset expan-
sion. ProCrop [75] retrieves compositionally similar refer-
ence images to guide the cropping process. However, image
cropping remains a post-processing operation applied after
photo capture. In contrast, our work aims to guide users
during the capturing process to take well-composed photos.
Composition guidance. Traditional methods rely on re-
trieval to search similar images in the database as user refer-
ence [12, 13, 76]. However, retrieval-based guidance suffers
from scene and subject mismatch, making it hard to follow.
Recent CPAM [31] could automatically provide photogra-
phers with camera pose adjustment guidance. Our work dif-
fers from CPAM in three key aspects. First, CPAM predicts
only adjusted yaw and pitch angles, while we generate both
text instruction and a good example image, offering a more
intuitive and informative guide. Second, CPAM is limited to
yaw and pitch adjustments, whereas our model additionally
supports zoom control and large-scale viewpoint changes.
Third, CPAM employs separate models for understanding
and adjustment, while we adopt a unified model that jointly
performs both tasks, enabling mutual enhancement.

Unified multi-modal model conducts image understanding
and generation in a unified model [9, 16, 50, 51, 53, 59, 62,
64]. Since our aim is to output both textual instructions
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(i.e., understanding) and example images (i.e., generation),
we take the unified multi-modal model as our base model.

3. Task Paradigm and Dataset Construction
3.1. Task Paradigm

We first construct the task paradigm for composition guid-
ance. Our goal is to develop an assistant that can guide
humans during the photo-taking process. Therefore, we be-
gin by revisiting how humans take photos and analyzing the
key abilities the model should possess. We summarize three
key steps to decompose the capturing process from [15].

— First, humans choose an appropriate shooting position and
angle, referred to as the vantage point. As shown in Fig. 2c,
given a scene, our model needs to infer alternative view-
points and select the one with the best composition.

— Second, humans adjust the focal length (or zoom level on
mobile photo cameras) to emphasize specific subjects. Ac-
cordingly, PhotoFramer should have the ability to identify
well-composed crops within a larger scene (Fig. 2b).

— Third, humans carefully adjust the camera to maintain a
level frame, avoid border distractions, and place subjects in
balanced positions. Thus, as shown in Fig. 2a, PhotoFramer
should position subjects appropriately (e.g., centered or rule
of thirds) and remove distractions to maintain clean borders.

Based on the above discussion, as illustrated in Fig. 2,
we design a hierarchical task paradigm that progressively
guides our PhotoFramer to acquire these capabilities:

— Shift task. Given a poorly composed image, PhotoFramer
adjusts the framing to properly place the subject, levels the
image, and removes border distractions.

— Zoom-in task. Given an original image, PhotoFramer gen-
erates a tighter crop with improved composition.

— View-change task. Given a captured scene, PhotoFramer
selects a new vantage point or camera pose to reframe the
scene and generates the corresponding image.

Moreover, both textual guidance and example images are
important. Example images are intuitive and easy to follow,
while the textual guidance provides detailed reasoning for
the generated image and is easier to understand. Therefore,
as depicted in Fig. 2, our PhotoFramer is designed to gener-
ate a detailed fext guidance (describing how to improve the
composition) together with an example image (demonstrat-
ing what a well-composed image should look like).

Formally, let the input poor-composition image be de-
noted as I_poor, the task type (i.e., expressed in text) as
T_task, the generated text guidance as T_guide, and the
target well-composed image as I_good. Our PhotoFramer,
denoted as f (), is trained to perform the following map-
ping: I_good, T_guide = f (I_poor, T_task).

3.2. Dataset Construction

Data is the key factor in training such a unified model. Fol-
lowing [9, 53], we need to construct <T_task, I_poor,
I_good, T_guide> pairs for supervision.

Task prompt collection. For T_task, we follow [61, 67,
68] by predefining some text templates for each task and
randomly sampling one template to form the pair. For ex-
ample, a template for the shift task is “shift the scene to en-
hance the composition”. See Appendix for all task prompts.

Image pair collection. Collecting <I_poor, I_good>
image pairs is the key process and will be detailed later.

Text guidance collection. Given <I_poor, I_good> im-
age pairs, we employ a vision-language model, Qwen2.5-
VL-32B [2], to generate text guidance T_guide. Specifi-
cally, we input the poor and good images along with the task
type, and prompt the model to describe how to transform the
poor image into the good one, with detailed justifications.

Dataset statistics are
given in Tab. 1. Since
the shift and zoom-in
pairs are sampled from
the original images in
the cropping datasets (see follows), both the original images
and pairs are included in the statistics. In total, our con-
structed dataset comprises 45K original images and 207K
pairs, providing a solid foundation for model training.

3.2.1. Shift and Zoom-in Pairs

As illustrated in Fig. 3, we construct shift and zoom-in pairs
from existing cropping datasets, which offers two advan-
tages. First, the scenes and subjects in cropping datasets
are curated by contributors, making them well-suited for
composition-related training. Second, they contain useful
annotations, which could reduce annotation workload.

Table 1. Dataset statistics.

| Shift Zoom-in View-change

# Original| 10,321 7,665
# Pairs {164,904 14,182

27,393

Shift pair collection. We collect shift pairs from existing
cropping datasets GAIC [72] and CPC [58]. GAIC pro-
vides scores for each crop, while CPC contains only se-
lected good and best crops, which cannot be directly used.
To generate missing scores in CPC, we design a mathe-
matical sampling model in Appendix. As shown in Fig. 3,
crops with scores above 4.0' are treated as good images,
while those below 2.0 are treated as poor images, form-
ing <I_poor, I_good> pairs. A small proportion of mid-
score crops are sampled as poor images to enhance robust-
ness. Finally, a random rotation is applied to the poor crop
for augmentation. Note that our work focuses on composi-
tion instructions without changing aspect ratio. Hence, we
discretize the aspect ratio range [0.45, 2.2] into 11 values,
and only images with the same aspect ratio could be paired.

Zoom-in pair collection. We pair each good crop with
its original image to form a <I_poor, I_good>’ pair, as
depicted in Fig. 3. Thus, the key step is to identify the
good crop. We adopt existing cropping datasets includ-
ing GAIC [72], CPC [58], SACD [66], FlickrCrop [6],
FLMS [11], and CUHKCrop [65]. For GAIC and CPC,

IComposition scores in this work are all normalized to a [1,5] scale.
2We use “poor” for simplicity. The original image may not be strictly poor.
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motion and direction. The result feels cleaner balance, stronger preserve symmetry and strong leading lines. The vanishing point. This maximizes depth, strengthens rhythm and
subject emphasis, and gentle leading lines that guide the eye result isolates the subject, intensifies the geometric | | leading lines, reduces distractions, and showcases the

toward the floating boats and distant peaks.

frame, and heightens intimacy and depth.

architecture’s geometric harmony.

Figure 2. Task paradigm and data example. Given a poorly composed image, our PhotoFramer is required to generate a textual guidance
(describing how to improve the composition) together with an example image (depicting what a well-composed image looks like). Moti-
vated by three key photography factors (vantage point, focal choice, and subject placement), our PhotoFramer comprises three tasks: (a)
Shift: adjust the framing to place the subject properly and remove border distractions; (b) Zoom-in: select a tighter crop (simulating a
longer focal length) that yields a stronger composition; (c) View-change: choose a new vantage point or camera pose to reframe the scene.

Original Image

Crops with Scores

Super Resolution
& Cropping

Low Score +
Random Rotation

|+ Rotate 8,39
Poor Composition

Good Composition
Figure 3. Dataset construction for the shift and zoom-in tasks. For
the shift task, given an image from the cropping dataset, we sample
its crops to form a <poor, good> image pair. A random rotation
is applied to the poor crop. For the zoom-in task, the original
image and a well-composed crop form an <original, good>
pair. To ensure sufficient resolution, we apply 4 X super resolution
to the original image using HYPIR [33].

where a score can be assigned to each crop, crops with
scores above 4.0 are regarded as good crops. Other datasets
provide a human-labeled best crop, which can be directly
used. To ensure the two paired images share the same as-
pect ratio, we crop the original image with the largest pos-
sible region that matches the good crop’s aspect ratio. The
crop center is chosen as close as possible to the image cen-
ter, subject to fully containing the good crop.

Super-resolution for sufficient resolution. Some crops
have very low resolution, i.e., below 300 pixels, which is
hard to use. Therefore, before cropping, we apply a 4x
super-resolution to the original image using HYPIR [33].

Image pair filtering. Three types of filtering are performed
to ensure data quality. (1) Pairs containing any image with
an aspect ratio outside [0.45, 2.2] are discarded. (2) For
shift pairs, we remove pairs depicting different subjects. (a)

Table 2. Results of our assessment model. Metrics for assess-
ment and classification tasks are SRCC / PLCC and accuracy.
CADB [73] and GAIC [72] datasets are for composition assess-
ment, while AVA [40] dataset is for aesthetic assessment.

Task ‘ Composition / Aesthetic Assessment ‘Classif.
Dataset | CADB GAIC AVA  |CADB
VEN [7] 0.052/0.049 0.152/0.162 0.139/0.142| -

VEN [58] 0.084/0.082 0.410/0.428 0.232/0.241 -
AutoPhoto [1] 0.065/0.079 0.407/0.427 0.604/0.613| -
Q-Align [61] 0.561/0.557 0.169/0.178 0.809/0.804| -

Qwen2.5-VL-32B [2]]0.420 / 0.426 0.195/0.205 0.527/0.492| 0.101
Our Model (7B) ‘0.763/ 0.777 0.795/0.805 0.825/0.828| 0.583

E Rate the composition of this image.

@ <think> The image features a white heron in flight over
a body of water, with its wings extended. The background
is filled with smaller ducks, scattered across the water. The
lighting appears natural and even, suggesting either an early
morning or late afternoon setting. The composition is
balanced, with the heron as the focal point, and the
reflection on the water adds a serene element to the scene.
There are no distracting elements, and the colors are vibrant,
making the image visually appealing. </think>

<answer> {rating: 4.0 } </answer> ( GT score: 4.0)

Figure 4. Qualitative results of our composition assessment model,
illustrating the thinking process and final assessment output.

Pairs with CLIP similarity [46] below 0.8 are discarded. (b)
We use U?Net [45] to extract saliency masks of the subjects,
compute DINOv?2 [44] features on the masked regions, and
discard pairs with subject-level cosine similarity below 0.6.
(c) To avoid confusion with the zoom-in task, we filter out
pairs where one image is fully contained in the other and the
area ratio is below 0.6. (d) To ensure sufficient composition
difference in each pair, we retain those pairs whose good
score exceeds the poor score by at least 0.8. (3) For zoom-
in pairs, to avoid trivial cases where the good crop nearly
overlaps with the original, we filter out pairs in which the
good crop occupies more than 60% of the original image.

3.2.2. Composition Assessment Model

To construct the remaining view-change pairs, a good com-
position assessment model is necessary. As described in
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Figure 5. Dataset construction for the view-change task. (a) Leveraging our composition assessment model in Sec. 3.2.2, we sample
<poor, good> image pairs from multi-view datasets. We then train a composition degradation model that generates poor-composition
images from good ones. (b) We apply this degradation model to expert-taken good photos to synthesize pseudo poor-composition images,
forming the final pairs. We do not rely solely on multi-view datasets, as most of their good images are not sufficiently well-composed.

Sec. 3.2.1, the shift and zoom-in pairs are built upon crop-
ping datasets with human-provided annotations. However,
most in-the-wild images lack such annotations.
Composition assessment dataset. To train such an assess-
ment model, we primarily use composition scoring datasets,
CADB [73] and GAIC [72], and additionally incorporate
composition classification datasets, CADB [73] and KU-
PCP [27], and the aesthetic assessment dataset AVA [40],
given their strong relevance to composition assessment.

Composition assessment model. Following [32, 63], we
adopt Qwen2.5-VL-7B [2] as the base model and train it us-
ing the GRPO [48] reinforcement learning algorithm. The
composition assessment and classification results are pre-
sented in Tab. 2. Our 7B model outperforms all prior assess-
ment models [1, 7, 58], Q-Align [61], and the much larger
Qwen2.5-VL-32B [2]. One qualitative example is shown in
Fig. 4, where our model provides detailed reasoning texts
alongside the final accurate composition score.

3.2.3. View-change Pairs

Pair collection from multi-view data. A natural source to
sample image pairs with varying viewpoints is 3D datasets
containing multi-view images. DL3DV-10K [34] is a large-
scale 3D dataset comprising 10K scenes and 51M frames.
As shown in Fig. 5, we evaluate images within each scene
using our assessment model, then select up to three best
images and ten worst images to form pairs. However, even
the best frames often lack expert-level composition quality,
making it insufficient to rely solely on this dataset.

Pair collection from expert-taken photos. Multi-view
data can provide image pairs, but the good images often lack
strong composition quality. In contrast, expert-taken pho-
tos exhibit good composition but lack corresponding poor
images to form pairs. Thus, as shown in Fig. 5, we use the
expert-taken photo as good image, and generate a poor view
of this image, forming the view-change pair.

— Composition degradation model. In the first stage, we use

the pairs from 3D dataset to train a degradation model (the
same to the final model introduced in Sec. 4). As depicted in
Fig. 5a, the model takes a well-composed image along with
a degradation instruction such as “Change the viewpoint to
worsen the composition”, and generates the corresponding
poor-composition image. An image reconstruction loss be-
tween the predicted poor image and the ground-truth poor
image is minimized to optimize the model.

— Degradation on excellent images. As shown in Fig. 5b,
in the second stage, we apply the trained degradation model
to human-taken photos to synthesize pseudo poor images,
forming the final pairs. We use two sources of good images:
the Unsplash Lite dataset [10] with 25K professional pho-
tographs, and another 10K images taken by ourselves. The
Unsplash Lite dataset reflects professional-level photogra-
phy, while our own dataset represents the level of amateur
photography, providing complementary data diversity.

Image pair filtering. We perform three types of filtering to
ensure data quality. (1) The first discards pairs containing
any image with an extreme aspect ratio outside [0.45, 2.2].
(2) The second aims to ensure the quality of good images.
(a) File size: we discard images smaller than 200 KB (JPG,
1024 resolution, quality 95), as such images are often overly
simplistic (e.g., plain colors or curves). (b) Image quality:
images with a DeQA-Score [69] below 3.5 are removed. (c)
Composition: only images with a composition score above
3.0 are retained. (d) Art: for the Unsplash Lite dataset [10],
we filter out images with keywords like “abstract”, “paint-
ing”, and “art”, as our focus is on real-world scenes. (3) The
third aims to enforce view consistency within each image
pair. VGGT [56] is employed to compute the Field-of-View
(FoV) overlap between pairs. Low FoV intersection means
poor spatial correspondence and thus leads to exclusion.

4. PhotoFramer Model

Model architecture. As stated in Sec. 3.1, our goal is to
predict both a textual instruction and a well-composed ex-
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Figure 6. PhotoFramer architecture. We adopt Bagel [9], a unified understanding—generation model, as the base model. Given a task
prompt and a poorly composed image, the model predicts both text guidance and a well-composed example image. The text guidance is
optimized using a cross-entropy loss L:cz: for next-token prediction, while the example image is trained using a flow matching loss Limg.

ample image. Bagel [9] is a unified multi-modal model
capable of producing both textual and visual outputs, with
strong language understanding, visual perception, and im-
age generation capabilities. Therefore, we adopt Bagel as
our base model for finetuning. As illustrated in Fig. 6, given
a task prompt and a poorly composed image, the model
predicts a textual instruction and a well-composed exam-
ple image. For visual input, Bagel uses two types of vi-
sion tokens: VAE tokens encoded by the FLUX VAE [25]
and ViT tokens extracted by the SigL.IP2-s0400m/14 [54]
ViT model. The VAE tokens, containing pixel-level in-
formation, are used for image generation, while the ViT
tokens, encoding semantic information, are leveraged for
visual understanding. The textual instruction is optimized
with a cross-entropy loss Ly, for next-token prediction,
and the example image is optimized with a flow-matching
loss L;,4. Note that the generated image attends to the tex-
tual instruction through the attention mechanism, enabling
instruction-driven example image generation. For further
architectural details of Bagel, we refer the reader to [9].

Auto prompt design. As shown in Fig. 2, PhotoFramer
supports three sub-tasks. Each task uses predefined prompt
templates. However, this requires users to explicitly spec-
ify the task type, which can be inconvenient. To alleviate
this issue, we adopt auto prompts such that the user does
not need to indicate the task. We propose two types of auto
prompts: (1) Static auto task, where users may not want to
change their viewpoint, thus only shift and zoom-in are al-
lowed. (2) Full auto task, where all three tasks could be
applied. For static auto prompts, we use, e.g., “Refine the
composition through shift or zoom-in adjustments”. For full
auto prompts, we use free-form instructions such as “Cap-
ture this scene with better composition”. More examples
are provided in Appendix. During training, task-specific
prompts are randomly replaced by auto prompts, enabling
the model to self-determine the most suitable operations.

Inference. The inference process consists of two stages.
(1) Understanding. The model takes visual tokens and a
task prompt as inputs, analyzes the current composition, and
predicts text guidance describing how to improve it. (2)

Generation. The predicted text guidance is first appended
to the inputs. Starting from pure noise tokens, the model
progressively denoises to generate latent tokens. After VAE
decoding, a well-composed example image is obtained.

5. Experiments
5.1. Metrics and Details

Evaluation of example images. Assessing composition is
non-trivial. Although we have trained a composition assess-
ment model, it was used in our dataset construction and thus
would bias the evaluation. As noted in [23, 68], humans find
it easier to compare two images than to rate a single one.
Therefore, we evaluate each generated example by compar-
ing it with both the original and ground-truth images. The
comparison is conducted by GPT-5 [43] and humans, and
the two win rates are reported as the metric. We manually
select and carefully examine 200 to 300 samples for each
task to construct a benchmark to compute the metric.

Evaluation of text guidance. We evaluate the consistency
between the text guidance and the corresponding exam-
ple images. Specifically, we input the original image, the
model-improved example image, and the model-predicted
text guidance into GPT-5 [43], and request an evaluation
score indicating how accurately the text guidance describes
the change from the original image to the example image.

Implementation details. We follow the training setup of
Bagel [9] to train our model. The VAE encoder and decoder
are kept frozen, while the ViT encoder and the main model
remain trainable. Training is performed on 8 NVIDIA A100
GPUs using the AdamW optimizer [21] with a batch size
of 8, a learning rate of 2e-5, and 50K training steps. An
exponential moving average with a decay rate of 0.9999 is
applied to stabilize training. The two loss terms, L.+ and
Limg, are assigned equal weights. All images are resized to
a 512 shorter side while preserving the aspect ratio. During
inference, the number of image generation steps is set to 30.

5.2. Comparison Results

Baselines. We compare with state-of-the-art editing mod-
els, including Kontext [3] and Qwen-Image-Edit [60]. The

10202



- —

Original Qwen-Image-Edit gpt-image-1 PtoFramer (Ours)
Figure 7. Qualitative comparison between our PhotoFramer and baseline methods. Open-source editing models fail to improve composi-
tion. The gpt-image-1 [42] could generate well-composed images but with low fidelity (i.e., it alters semantic details of the original image).

Table 3. Quantitative results of model-generated example images on our benchmark. We compare the model-generated example images
with their original images / ground-truth images, evaluated by both GPT-5 [43] and humans. The win rate (%) is reported as the metric. We
also report image quality assessment (with DeQA-Score [69]) and image aesthetic assessment (with Q-Align [61]) results for reference.

Method Shift Task Zoom-in Task' View-change Task Quality Aesthetic
GPT-5 [43] Human GPT-5 [43] Human GPT-5 [43] Human DeQA [61]  Q-Align [61]
Kontext [3] 39.88/12.27  49.69/4.94 -115.52 -/5.17 | 46.74/15.76  48.37/5.98 3.88 3.13
Qwen-Image-Edit [60] | 46.01/16.56 48.43/10.49 -139.65 -/13.79 | 70.65/36.96 61.96/20.65 4.03 3.29
Bagel [9] 27.61/14.73  38.36/8.02 -122.41 -/12.07 | 47.28/14.13 64.13/15.22 3.87 3.08
gpt-image-1 [42] 69.93/33.99  68.46/22.37 -/52.73 -/27.27 | 84.61/51.65 81.52/41.30 3.97 3.26
PhotoFramer (Ours) \ 80.37/35.58  88.05/43.83 \ -167.24 -148.28 \ 82.07/50.54  85.87/47.28 \ 4.07 3.17

1 For the zoom-in task, we exclude Zoomed vs. Original because the pair is trivially detectable (i.e., through scale/cropping cues), which induces type
preference and inflates win rates. We therefore report only Zoomed vs. Ground-Truth win rate.

original Bagel [9] is also included, along with the pow-
erfully proprietary gpt-image-1 [42]. We adopt Bagel’s
reasoning-based editing mode, which first generates textual
edit instructions and then edits the image accordingly.

Quantitative results of example images are presented in
Tab. 3. First, open-source editing models fail to improve
composition, exhibiting low win rates against both the orig-
inal and ground-truth images. Second, in the view-change
task, where the models have greater freedom in genera-
tion, their performance is substantially improved. Third,
gpt-image-1 achieves substantially better results than open-
source models, demonstrating strong generalization ability
to this new task. However, gpt-image-1 often alters seman-
tic details of the original image, as depicted in Fig. 7. Fi-
nally, our PhotoFramer outperforms open-source methods
with the highest win rates, and matches or even surpasses
gpt-image-1. Tab. 3 shows that our model not only improves
composition but also preserves high-level image quality and
aesthetics. The qualitative examples in Fig. 1 and Fig. 7
show that PhotoFramer effectively enhances composition

Table 4. Quantitative results of consistency between the model-
predicted text guidance and corresponding example images.

Task | Shift ~Zoom-in View-change | Average
Bagel [9] 77.01 84.82 87.47 83.10
PhotoFramer (Ours) | 91.96 92.59 91.52 92.02

while maintaining high fidelity to the original content.

Evaluation results of text guidance are provided in Tab. 4.
The original Bagel model has exhibited reasonable consis-
tency between text guidance and the corresponding example
images across the three composition instruction sub-tasks.
After finetuning on our constructed datasets, this consis-
tency is further and stably improved (92.02% vs. 83.10%).

5.3. Ablation Studies and Discussions

Text guidance alone is not enough. A natural question
arises for the unified framework: can we rely solely on the
text guidance and feed it into other editing models to gen-
erate example images? As shown in Fig. 8, our generated
text guidance cannot be directly utilized by Qwen-Image-
Edit, though it employs a Large Language Model (LLM) as
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... include more of the bird's body
and perch, ensuring the entire
subject is fully visible ... centers the
bird more prominently within the
frame, creating a stronger focal
point ... cropping out some of the
excess foliage on one side balances
the visual weight and directs
attention toward the bird ...

Our Text Guidance

Qwen-Image-Edit Qwen-Image-Edit + Our Text ~ gpt-image-1 gpt-image-1 + Our Text
Figure 8. Our generated text guidance cannot be directly utilized
by Qwen-Image-Edit, even though it employs an LLM as the text
encoder. In contrast, gpt-image-1 benefits from text guidance (i.e.,
including the entire body of the bird), albeit with lower fidelity.

_—

Original Shift Zom-in Shift or Zoom-in

Figure 9. Illustration of auto prompt. Given an auto prompt “re-
fine the composition using shift or zoom-in”, our model does not
merely select one task type but adaptively fuses multiple opera-

tions to produce a better composition. Text guidance is omitted.

the text encoder. Moreover, directly using our text guidance
even degrades the fidelity of example images. In contrast,
when provided with our text guidance (i.e., “include more
of the bird’s body and perch”), gpt-image-1 successfully in-
cludes the entire bird, showing strong instruction-following
ability. However, its fidelity remains unsatisfactory.

Example image alone is not enough. First, as depicted in
Fig. 10, textual guidance plays a crucial role in generating
example images. Even revising a few key words could lead
to dramatically different results. Second, we train Bagel us-
ing only image pairs without text guidance. As illustrated
in Fig. 11, without textual input, the model fails to remove
the foreground fence, although it successfully includes the
sky. In contrast, when trained with text guidance, the model
explicitly learns to “remove the fence” and successfully fol-
lows this instruction to generate a better example image.
Third, we fine-tune Kontext (which does not support tex-
tual training) using our collected image pairs. As shown in

Original Text Guidance & Result Revised Text Guidance & Result

" .. ensuring her entire  —————s
upper body is visible ... " Human Revise (including lower body) is visible ... "

... ensuring her entire body

Figure 10. Text guidance is important for image generation. If we
manually revise a few key words (i.e., remove “upper”, add “in-
cluding lower body”), the generated image will be quite different.

Text Guidance: " ... Remove the
fence to eliminate distractions ... "

Train with Text Gljidance

Original Train w/o Text Guidance
Figure 11. Training without text guidance fails to remove the fence
distractions, although it successfully includes the sky, whereas
training with text guidance predicts to “remove the fence” in tex-
tual output and generates a well-composed image without fence.

Text Guidance: " ... Include the
whole wooden structure ... "

Original Finetuned Kontext

Finetuned Bagel
Figure 12. Finetuned Bagel (i.e., on both textual and visual data)
successfully includes the whole wooden house as in the text guid-
ance, outperforming finetuned Kontext (i.e., on visual data only).

Fig. 12, Kontext can partially shift the wooden house toward
the center but fails to include it entirely. In contrast, the fine-
tuned Bagel predicts to “include the whole wooden struc-
ture” and generates a well-composed image accordingly.

Task prompt. As illustrated at the top of Fig. 9, different
task prompts lead PhotoFramer to apply different operations
to improve composition. Notably, as shown at the bottom of
Fig. 9, when specific tasks fail, the auto task can still pro-
duce strong results. The original image was randomly taken
in a city and contains a distraction (i.e., the back of a half-
visible woman). The shift task mistakenly treats this dis-
traction as the main subject and attempts to center it, while
the zoom-in task crops too tightly, cutting off the top of the
building. With the auto prompt, where the model can adap-
tively apply shift and/or zoom-in, PhotoFramer effectively
fuses multiple adjustments to achieve a better composition.

6. Conclusions

We introduce PhotoFramer, a multi-modal composition in-
struction model built upon a hierarchical task paradigm,
curated datasets, and a unified understanding—generation
framework, to guide photographic composition through ac-
tionable textual instructions and example image generation.
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