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Introduction

• The existing cropping methods usually train neural 

networks on images and real cropping, but most of these 

methods rely on specially designed networks and features, 

which are difficult to generalize effectively.

• For specialized cropping tasks, such as using subject 

masks for subject-aware cropping or using target aspect 

ratios for aspect ratio-aware cropping, it is usually 

necessary to redevelop and train specialized networks

• Recent advancements in large vision-language models 

(VLM), such as GPT-4o and Gemini, have unlocked new 

potential for various vision tasks, although users are 

often unable to fine-tune the VLM for downstream tasks.

• Although effectively adapting large blackbox models for 

downstream tasks is very difficult, in-context learning 

(ICL) ability is observed in large models.



Introduction

• We introduce a unified visual in-context-learning

framework Cropper for image cropping tasks, including

freeform, subject-aware, and aspect ratio-aware cropping.

• Our prompt retrieval strategy automates the effective

selection of ICL examples for cropping tasks.

• The proposed iterative refinement strategy enables the

model to progressively enhance the output crop.

• With a few in-context examples and no explicit training,

Cropper surpasses the existing supervised learning methods

across various benchmarks.



Cropper Overview



Visual Prompt Retrieval for Cropping

• Similar images are more likely to be cropped similarly.

Thus, we aim to retrieve the top-S images and their most

relevant ground-truth crops based on some similarity

metric.

• Given an image query 𝑧𝑞 and a dataset 𝒟 = (𝑧𝑖 , 𝐶𝑖)𝑖=1
𝑀

containing 𝑀 pairs of image 𝑧𝑖 and crop ground-truth 𝐶𝑖 ,
where 𝐶𝑖 contains multiple crops 𝑐𝑖 , . . . , 𝑐𝑠 for some

datasets.

• 𝒵 represents the set of top-S relevant images selected

from the dataset 𝒟 based on the similarity metric

𝑄(𝑧𝑞 , 𝑧𝑖).

• ℋ = (𝑧𝑗 , 𝑐𝑗)𝑗=1
𝑆 represents the selected incontext images

𝑧𝑗 along with their most relevant 𝑇 crop ground-truths

based on metric 𝐺(𝑧𝑞 , 𝑐𝑗).



Visual Prompt Retrieval for Cropping

• Free-form cropping aims to identify the best crop without additional constraints regarding aspect ratio or target subject.

𝑄 corresponds to the cosine similarity between the input image 𝑧𝑞 and each training example 𝑧𝑖 ∈ 𝒟. We use the MOS

score as 𝐺 for selecting the groundtruth crops.

• Subject-aware cropping intends to identify an aesthetic crop containing the subject of interest, which is represented by

binary masks provided by users. We first use CLIP image embedding similarity as 𝑄 for retrieving the top-S relevant

images. 𝐺 is defined as -L2 distance between the center points of the target mask 𝑚𝑞 and mask from image 𝑧 ∈ 𝑍 to

select the crop with closest masks.

• Aspect ratio-aware cropping requires the generated crop to conform to a specified aspect ratio 𝑟𝑞 given the query image

𝑧𝑞 . CLIP-based image similarity is adopted as 𝑄. 𝐺 is defined as the similarity between the crop 𝑐𝑖’s aspect ratio and the

target aspect ratio 𝑟𝑞 .



Iterative Crop Refinement

• Generate 𝑅 crop candidates.

• Crop the image according to each cropping proposal and feed the

cropped images into scorers, such as VILA covering aesthetics,

CLIP measuring content preserving, and area size, to obtain

corresponding scores.

• In the refinement phase, we iteratively provide such feedback to

the VLM by scoring the crop candidates and prompting it to

generate new candidates to improve the score.

• This iterative process is repeated 𝐿 times to generate the final output.
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Ablation Study
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