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Text-guided Image Editing 

Image Credit: InstructPix2Pix: Learning to Follow Image Editing Instructions

Given an image and a textual instruction, the model is able to make appropriate edit based on the instruction.

https://arxiv.org/pdf/2211.09800


Negation Understanding 

The failures of recent text-guided image editing methods in understanding the negative queries.



Motivation 

Statistic of captions in current image-caption pair datasets. The number of negative sentences in those datasets is very small.

We need a dataset specifically for negation understanding in vision-language tasks.



Contributions 

1. We investigate the ability of VLMs to interpret negation cues in text-guided image editing, leading to the 
creation of the first large-scale vision-language negation dataset for this task, termed NeIn.

2. We introduce a pipeline to generate NeIn, an extensive dataset comprising 366,957 quintuplets. This dataset 
focuses on the understanding of negation, a fundamental linguistic concept, for image editing VLMs.

3. We propose an evaluation method for negation understanding that can be used by future researchers. Using our 
evaluation method, we observe that VLMs in image editing task have difficulty comprehending negative 
instructions. This insight opens a new research direction for improving negation understanding for VLMs.



Negative Instruction (NeIn)

We present NeIn, the first large-scale 
vision-language negation dataset for image 
editing. 

It comprises of 366,957 samples with 
342,775 queries for training and 24,182 
queries for benchmarking.

The creation of NeIn involves two primary 
stages: generation and filtering.



Negative Instruction (NeIn)

Illustration for fine-tuning and benchmarking process.



Proposed Evaluation Metrics

We consider whether image editing methods: 

1. Can eliminate the object categories specified in the negative sentence. 
2. Can preserve the object categories not mentioned in the negative sentence.

The first is determined by the Removal Evaluation, while the second is assessed using the Retention Evaluation.

Since the purpose of both metrics is to identify objects, we consider the visual question answering (VQA) and the 
open-vocabulary object detection (OVD).



Removal Evaluation



Retention Evaluation



Quantitative Results

Quantitative results of five image editing SOTA methods on the evaluation set of NeIn. All the metrics are in (%). The 
InstructPix2Pix (2nd row) and MagicBrush (4th row) fine-tuned on NeIn’s training set are highlighted.



Qualitative Results

Qualitative results of five methods on NeIn’s evaluation samples (first two samples) and random image-prompt pairs (last two 
samples). The fine-tuned InstructPix2Pix (3rd column) and MagicBrush (5th column) on NeIn’s training set are highlighted.



Conclusion

Paper Project Page

● We introduce NeIn, the first large-scale dataset for negation understanding for image editing task. 
Additionally, we present a comprehensive evaluation protocol, including removal and retention aspects, to 
assess the performance of current image editing models on negation understanding.

● Limitations: (1) we have only performed experiments using image editing models, and (2) the negative 
predefined prompts are relatively simple.

● Future Directions: (1) fine-tuning and benchmarking NeIn for other tasks in vision-language domain; (2) 
considering complex negative sentences involving words such as “except”, “neither-nor”, etc.


