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(a) Image-Text Matching

a bus WITHOUT destination

displayed in its electronic ticker

CLIP NegationCLIP

(b) Text-to-Image Generation

(c) Referring Image Segmentation

the chair with NO one in it

CLIP NegationCLIP

a cappuccino with NO foam

CLIP NegationCLIP

the man who is NOT looking away

CLIP NegationCLIP

a park with NO benches a woman NOT holding a purse a street WITHOUT any trees a man NOT reading a book

the chair which is

NOT behind the laptop

the person that is NOT a woman a black chair with NO one sitting in it the brown and white chair with 

NO pillow on it

Figure 1. Examples of the original CLIP and NegationCLIP (ours) on negation-inclusive data in multimodal tasks. Our NegationCLIP

demonstrates a better understanding of negation concepts across various tasks.

Abstract

While CLIP has significantly advanced multimodal under-

standing by bridging vision and language, the inability to

grasp negation—such as failing to differentiate concepts

like “parking” from “no parking”—poses substantial chal-

lenges. By analyzing the data used in the public CLIP

model’s pre-training, we posit this limitation stems from a

lack of negation-inclusive data. To address this, we intro-

duce data generation pipelines that employ a large lan-

guage model (LLM) and a multimodal LLM to produce

negation-inclusive captions. Fine-tuning CLIP with data

†Corresponding Authors

generated from our pipelines, we develop NegationCLIP,

which enhances negation awareness while preserving the

generality. Moreover, to enable a comprehensive evaluation

of negation understanding, we propose NegRefCOCOg—a

benchmark tailored to test VLMs’ ability to interpret nega-

tion across diverse expressions and positions within a sen-

tence. Experiments on various CLIP architectures validate

the effectiveness of our data generation pipelines in en-

hancing CLIP’s ability to perceive negation accurately. Ad-

ditionally, NegationCLIP’s enhanced negation awareness

has practical applications across various multimodal tasks,

demonstrated by performance gains in text-to-image gener-

ation and referring image segmentation.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction

Recent advances in vision-language models (VLMs) [14,

20, 21, 48, 50] have demonstrated significant capabilities

in integrating visual and linguistic information, achieving

notable performance in multimodal tasks such as text-to-

image (T2I) generation [3, 16, 38] and referring image seg-

mentation [17, 18, 28]. Among these models, CLIP [35] has

emerged as particularly influential, serving as the founda-

tion for numerous subsequent models [25, 28, 36, 38]. The

effectiveness of these models, however, is inherently con-

strained by the capabilities of the CLIP encoder, underscor-

ing the importance of its robustness.

In response, research has sought to identify and address

the inherent limitations of CLIP [5, 8, 42], focusing on

challenges related to the text encoder’s ability to under-

stand sentence structure and relationships, which constrain

compositional image-text alignment [12, 29, 49]. Despite

these efforts, the challenge of accurately handling negation

remains largely underexplored, with only a few recent at-

tempts to address this issue [40, 46]. Negation, marked by

terms such as “no,” “not,” or “without,” plays a fundamen-

tal role in language by altering the meaning of words and

phrases and, consequently, entire sentences. Therefore, a

precise understanding of negation is crucial for CLIP to per-

form reliably.

In this study, our preliminary analysis (in Sec. 2) reveals

that CLIP frequently fails to capture the intended meaning

of prompts involving negation. Experiments underscore this

deficiency, demonstrating the need for targeted improve-

ments in this area. Further investigation into the CLIP pre-

training dataset [39] indicates that captions containing nega-

tion are underrepresented and, when present, often mis-

aligned with the visual content, revealing a critical gap that

impedes the model’s ability to understand negation.

To mitigate the limitation in data, we propose two data

generation pipelines leveraging a large language model

(LLM) and a multimodal LLM (MLLM) to create captions

that incorporate negation and align accurately with images.

The first pipeline generates negation terms based on the

absence of contextually relevant objects, while the second

pipeline expands the diversity of negation over object ex-

istence. By fine-tuning the pre-trained CLIP text encoder

with data generated from our proposed pipelines, we de-

velop NegationCLIP, a model capable of improved compre-

hension of negation while maintaining general performance

across various tasks.

Furthermore, evaluating negation comprehension in

VLMs remains challenging due to limited benchmarks and

exploration of this issue. Although prior work [29, 33, 40]

has introduced image-to-text retrieval benchmarks, they still

fall short of providing comprehensive coverage, often ex-

hibiting bias against negation by classifying all negation-

inclusive captions as incorrect or restricting negation to

object existence. In light of these limitations, we propose

NegRefCOCOg, the first text-to-image retrieval benchmark

for evaluating negation comprehension in VLMs. NegRef-

COCOg ensures that every retrieval query involves negation

and supports a broader range of negation types, applying

multiple negation terms not only to objects but also to at-

tributes such as actions, adverbs, and prepositions.

Our experiments demonstrate that NegationCLIP, fine-

tuned using data generated by our proposed framework,

achieves superior negation understanding on both existing

and newly developed NegRefCOCOg benchmarks while

maintaining strong general task performance. Additionally,

NegationCLIP proves adaptable across various multimodal

tasks. Notably, replacing the text encoder in T2I gener-

ation models with that of NegationCLIP enhances nega-

tion comprehension—a capability often lacking in original

T2I models (using the original CLIP encoder). Furthermore,

our NegationCLIP’s text encoder enables improved perfor-

mance in referring image segmentation for prompts con-

taining negation, underscoring its scalability as a more con-

textually aware and flexible text encoder. Fig. 1 illustrates

the versatility of NegationCLIP across diverse multimodal

tasks involving negation. The key contributions of our study

are summarized as follows:

Contributions 1) We identify a significant limitation in

CLIP’s ability to effectively process negation, tracing this

issue to deficiencies in the pre-training dataset, where nega-

tion terms are underrepresented and poorly aligned with vi-

sual content. 2) We develop novel data generation pipelines

that utilize a large language model (LLM) and a multi-

modal LLM (MLLM) to produce high-quality, negation-

inclusive captions aligned with visual contexts, enhancing

the training data for improved negation comprehension. 3)

We propose NegRefCOCOg, a benchmark comprising var-

ious forms of negation, specifically designed to evaluate

the negation comprehension capabilities of VLMs. 4) Our

negation-aware model named NegationCLIP demonstrates

robust negation comprehension and maintains generality,

excelling across tasks such as image-text matching, T2I

generation, and referring image segmentation.

2. Negation: A Critical Challenge for CLIP

In this section, we design a simple experiment to demon-

strate that CLIP struggles to handle negation effectively. We

then identify potential reasons behind this limitation from a

data perspective.

2.1. Case Study: Exposing the Negation Issue

To evaluate CLIP’s ability to handle negation, we conduct

a binary classification experiment using the CelebA [26]

dataset, which contains 40 binary attributes for facial im-

ages. For each of the 40 attributes, we construct positive and
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Table 1. Proportion of negation in captions and words within

LAION-400M. The table shows the ratio of captions containing

negation terms and the ratio of negation terms among all words.

Level Total Count Negation Count Negation Ratio

Caption 414M 2.91M 0.70%

Word 3.88B 3.21M 0.08%

negative prompts following the CLIP-based image classifi-

cation format: “a photo of.” For example, for the attribute

“eyeglasses,” we generate prompts like “a photo of a per-

son wearing glasses” and “a photo of a person not wearing

glasses”. Detailed prompts are provided in Appendix.

The classification task is structured as follows: given an

image, CLIP is prompted with both the positive and neg-

ative prompts constructed above, and we evaluate the ac-

curacy in matching the image with the correct prompt out

of the two. We use balanced accuracy instead of standard

accuracy to account for potential class imbalances between

positive and negative examples.

We report the average balanced accuracy of the CLIP

ViT-L/14 model across all 40 attributes. Despite this being

a binary classification task—where random guessing yields

an accuracy of 50%—we obtained an average balanced ac-

curacy of 60.8%. This performance is significantly low,

considering that 1,000-way classification with ImageNet-

1k produces 73.4% accuracy using the same prompt for-

mat. These findings highlight the need for targeted improve-

ments to enhance CLIP’s robustness in handling negation.

2.2. Root Cause: Limited Negation in Training Data

We approach this issue from the perspective of pre-training

data. To investigate the presence and quality of negation, we

analyze LAION-400M [39], the dataset popularly used for

training public CLIP models such as OpenCLIP [2].

In Tab. 1, we present the proportion of captions contain-

ing negation in LAION-400M. Our findings reveal that only

about 0.704% of captions in LAION-400M contain nega-

tion terms. Negation terms make up only 0.083% of the

total word count—an insufficient representation given the

importance of negation in language. Furthermore, as illus-

trated in Fig. 2, even when negation is present in captions,

it often lacks alignment with the visual content of the im-

age, providing no meaningful signal for the model to learn

from. This scarcity of visually aligned negation can be at-

tributed to the nature of image-text pairs typically used in

VLM training. Image-level captions naturally focus on de-

scribing the contents of an image, detailing what is visi-

ble, rather than specifying what is absent. As a result, the

model receives minimal exposure to negation-related lin-

guistic structures during training, making it difficult for

CLIP to learn and respond to the exclusionary cues intro-

duced by negation.

St Louis Style Ribs -

Perfect every time. 

You will NOT fail with 

this technique.

Nexa showrooms are 

NO longer an 

unfamiliar word to 

Indian car buyers.

Chancellor criticised

for NOT doing 

enough to help curb 

rising fuel prices

How to change a car 

battery WITHOUT

losing settings

Figure 2. Examples of misleading negation samples in LAION-

400M.

These observations underline a critical need for diverse

visually aligned negation-inclusive data, allowing the model

to develop a more robust understanding of negation.

3. Negation-Inclusive Data Generation

In this section, we introduce two data generation pipelines

using LLM and MLLM to address the limitations in CLIP’s

training data—the scarcity of negation terms and their mis-

alignment with visual content. After that, we propose Ne-

gRefCOCOg benchmark, which can provide an effective

evaluation of negation awareness based on the existing re-

ferring image segmentation datasets.

3.1. Generating Negation from Object Absence

In this pipeline, we leverage an existing, well-established

image captioning dataset, maximizing utility without the

need for extensive new annotations. The goal is to augment

existing captions by naturally incorporating negation based

on plausible objects that are likely to be present but are ac-

tually absent in the image. It has been demonstrated that the

absence of objects in an image can be accurately determined

by MLLMs [4, 22, 25, 41], making object-based negation a

practical and reliable choice for our pipeline.

While the simplest approach in this pipeline might in-

volve a negation regarding random objects, such a method

is disconnected from the image context, making it less ef-

fective for supporting model learning. Thus, we start by

identifying plausible objects using an LLM, to which we

provide the caption of the corresponding image. We then

use an MLLM to confirm the absence of these plausible ob-

jects in the image. For objects confirmed to be absent, we

augment the caption using the LLM to naturally incorpo-

rate negation terms with their absence, enriching the train-

ing data with contextually relevant negation examples. The

overall process is as follows:

1. Extracting Plausible Object from Caption: For each

image-caption pair, we first provide only the caption to

LLM to identify the plausible objects not mentioned in

the caption but could reasonably be present in the image.

2. Verifying Object Absence with MLLM: Since the pro-

cess above does not consider the input image, there is

a possibility that the plausible objects identified above
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From Image Captioning Dataset From VQA Dataset

A man holding a cat near a 

white cake

Image

Caption LLM

MLLM

Name an object that is not 

mentioned in the caption, 

but is likely to be in the 

image corresponding 

to the caption.

cream candles

Is there {object_name} 

in this image? Answer 

either in yes or no.

Object 

Candidates

Yes

No

LLM

Select the object 

only if the answer 

from MLLM is ‘No’

Add the absence of 

the {object} to the 

caption '{caption}'.

A man holding a cat near a 

white cake with no candles

Augmented Caption

Augment the caption 

with the negation of

the object

Get the object candidates 

based on the caption

Image

A man holding a cat near a 

white cake

Caption

Is the cat sleeping?

Question

No

Answer

LLM

A man holding a 

not-sleeping cat near 

a white cake

Augmented Caption

When the answer to the 

question {question} is 'no', 

reconstruct the caption 

'{caption}'.

Sample the (image, caption, question, answer) 

pair from VQA dataset only if the answer is ‘No’ 

Augment the caption 

with negation terms 

based on the question

Figure 3. Data generation pipelines in our work. The left presents the pipeline of generating negation from object absence in the image

captioning dataset, and the right presents the pipeline of generating negation from question-answer pairs in the VQA dataset.

may actually be present in the image. To confirm their

absence, we provide the image to an MLLM and query

it about the presence of the identified object. This allows

us to filter out objects that are present in the image.

3. Augmenting Caption with Negation: For an object that

the MLLM determines to be absent, we use an LLM

to augment the original caption by adding information

about the missing object with negation.

3.2. Expanding Diversity of Negation

The pipeline above is effective but is limited to negations

related to objects. To further enrich the data while maximiz-

ing the utility of existing resources, we employ a secondary

pipeline utilizing data sourced from the VQA dataset. This

pipeline introduces diversity in negation expressions by

drawing on diverse question-answer pairs, specifically se-

lecting pairs where answers are “no.” These pairs encom-

pass not only object presence but also aspects such as ac-

tions being performed and attributes possessed by objects,

allowing us to incorporate negation across a broader range

of image content. This expansion provides the model with

richer exposure to varied linguistic structures. The pipeline

operates in the following steps:

1. Selecting “No” Data: We identify image-question-

answer triplets from the VQA dataset where the answer

is “no.” These pairs provide flexibility to incorporate var-

ious forms of negation, as they stem from a wide range

of questions about different features within the image.

2. Augmenting Caption with Negation: For each selected

image and its original caption, we use LLM to augment

the caption with negation terms based on the question

and the corresponding answer.

The overall structure and process of the pipelines are

illustrated in Fig. 3, and detailed prompts used for the

pipeline are provided in Appendix.

3.3. NegRefCOCOg Benchmark Proposal

While efforts have been made to establish benchmarks for

negation evaluation in VLMs, these benchmarks exhibit no-

table limitations. CREPE Negate [29] and CC-Neg [40] as-

sume that captions containing negation are always false,

creating a shortcut where answers can be determined solely

by the presence of negation. This severe bias allows even a

blind model to outperform VLMs in these benchmarks [12].

VALSE [33], on the other hand, does not impose this bias

but remains limited in scope, as it considers only a single

negation term (“no”) and restricts negation to object exis-

tence. In this work, we address these limitations by propos-

ing NegRefCOCOg, a benchmark built upon the existing

referring image segmentation datasets: RefCOCOg [47].

Referring image segmentation datasets can be utilized as

valuable sources for negation evaluation because their text

prompts contain a relatively higher proportion of negation

to distinguish between similar objects within the same im-

age. Additionally, they include diverse negation terms such

as “no,” “not,” and “without” and extend negation to various

positions within a sentence, covering actions and attributes

in addition to object references.

In constructing NegRefCOCOg, we first sample prompts

from RefCOCOg that include negation terms. Let  T denote

a negation-inclusive prompt. For each  T , we identify a cor-

responding image patch  P^{+} 
, which aligns with  T , serving

as the positive example. Additionally, we designate hard

negative image patches  P^{-} , representing different instances
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a couch on the floor in front of a wall with no windows

Expanded PatchOriginal Patch

P+

P-

Measure similarity

P+ should be more similar

Figure 4. An example of NegRefCOCOg benchmark.

of the same object category with  P^{+} 
 in a distinct location

within the image. This approach ensures that  P^{-}  is of the

same object type as  P^{+}  but does not align with the negated

prompt. After that, we filter and augment the image patches

following the constraints that make our benchmark reliable

and challenging for evaluating negation understanding.

For evaluation, the model calculates the similarity be-

tween the text embedding of  T and the vision embeddings

of  P^{+} 
 and  P^{-} 

. If the similarity between  T and  P^{+} 
 is

greater than that between  T and  P^{-} 
, the model scores 1;

otherwise, it scores 0. Fig. 4 presents an example of the Ne-

gRefCOCOg process. Detailed contents of the constraints

and the evaluation can be found in Appendix.

4. Experiments

We evaluate the effectiveness of our negation-inclusive data

generation pipeline by fine-tuning the CLIP text encoder

and comparing its performance against the original CLIP

model and a negation baseline model. Our experiments aim

to assess improvements in negation comprehension as well

as general performance retention.

4.1. Experimental Setup

Experimental Details We generate a total of 229k image-

text pairs using our data generation pipelines, with 147k

pairs from the first pipeline (Sec. 3.1) and 82k pairs from

the second (Sec. 3.2). For the pipelines, we employ Llama-

3-8B [1] as the LLM and LLaVA-1.6 [24] as the MLLM.

For datasets, we use COCO [23] as the image captioning

dataset and VQAv2 [10] for the VQA dataset.

For fine-tuning, we freeze the vision encoder and fine-

tune only the text encoder. This approach helps preserve

the original embedding space, making our model, Nega-

tionCLIP, adaptable across various tasks without requir-

ing further adjustments. We use the standard InfoNCE

loss [31] with a learning rate of 1e−6, optimized with the

AdamW [27] optimizer. Additional prompt design details

and specific configurations are provided in Appendix.

Table 2. Comparison of model performance on negation and gen-

eral benchmarks across different architectures. We include all pub-

licly available CLIP-bnl and CoN-CLIP checkpoints in addition to

the baseline CLIP and NegationCLIP (Ours).

Model Arch.
Negation Benchmarks General Benchmarks

VALSE NegRefCOCOg ImageNet COCO

CLIP

ViT-B/32

70.97 57.73 62.02 54.78

CLIP-bnl [46] 76.78 62.05 53.33 55.47

CoN-CLIP [40] 71.72 55.45 63.08 55.66

NegationCLIP 80.15 64.09 60.97 68.00

CLIP

ViT-B/16

69.48 58.64 66.71 57.75

CoN-CLIP [40] 62.55 55.68 68.57 59.83

NegationCLIP 80.52 64.32 66.33 70.57

CLIP

ViT-L/14

66.85 57.27 73.44 59.99

CoN-CLIP [40] 65.73 55.45 75.38 63.18

NegationCLIP 79.59 62.95 73.91 72.77

CLIP ViT-L/14
@336px

64.61 57.05 74.92 60.74

NegationCLIP 78.65 62.95 75.15 73.43

Models We evaluate our model, NegationCLIP, with three

baselines:

• CLIP [35]: The original, pre-trained CLIP model without

any modifications.

• CLIP-bnl [46], CoN-CLIP [40]: Baseline models that

have been fine-tuned specifically for negation comprehen-

sion, which provides a direct comparison for assessing

our approach.

• NegationCLIP: Our proposed model, fine-tuned on

negation-inclusive data generated by our two pipelines.

Benchmarks We employ the following benchmarks to as-

sess each model’s performance comprehensively.

• NegRefCOCOg: Our primary benchmark for assessing

VLMs’ negation comprehension in an image-text match-

ing task. The model is given a negation-inclusive prompt

and two image candidates, and the correct match of

prompt and image must be selected.

• VALSE [33] Existence: This benchmark evaluates

VLMs’ ability to handle negation in an image-to-text re-

trieval task. Given an image and two prompts—one indi-

cating an object’s presence and the other its absence—the

model must select the prompt that aligns with the image.

• ImageNet [6] classification & COCO [23] retrieval: We

evaluate the model’s zero-shot classification accuracy on

ImageNet and its recall@5 on COCO text-to-image re-

trieval, confirming that fine-tuning on negation-inclusive

data does not degrade its general capability.

4.2. Main Results

Tab. 2 summarizes the performance of each model across

the three evaluation benchmarks.

For ImageNet classification and COCO retrieval, Nega-

tionCLIP maintains accuracy comparable to, or even ex-

ceeding, the original CLIP, particularly with larger architec-

tures. This demonstrates that our fine-tuning approach for
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Table 3. Ablation results on different data configurations.

Arch. Data Config. VALSE ↑ NegRefCOCOg ↑

ViT-B/32

Original 70.97 57.73

+ Rand-P1 73.78 62.05

+ P1 80.15 63.18

+ P2 76.78 64.32

+ P1 + P2 80.15 64.09

ViT-B/16

Original 69.48 58.64

+ Rand-P1 76.22 60.91

+ P1 77.53 63.41

+ P2 80.15 63.41

+ P1 + P2 80.52 64.32

ViT-L/14

Original 66.85 57.27

+ Rand-P1 76.40 60.23

+ P1 77.53 60.23

+ P2 76.03 62.27

+ P1 + P2 79.59 62.95

ViT-L/14
@336px

Original 64.61 57.05

+ Rand-P1 76.22 60.00

+ P1 79.78 60.91

+ P2 75.28 61.59

+ P1 + P2 80.34 62.95

negation comprehension does not compromise the model’s

general capabilities.

For NegRefCOCOg and VALSE Existence, Negation-

CLIP consistently outperforms the original CLIP and all

baseline models across all architectures, demonstrating its

effectiveness in interpreting negations. This strong per-

formance can be attributed to how NegationCLIP inte-

grates negation-inclusive captions during training. Unlike

CoN-CLIP, which first generates negated captions and then

retrieves semantically similar images, our approach be-

gins with an image and generates a corresponding cap-

tion that accurately captures its negation-related attributes.

By grounding negation-inclusive captions directly in image

content, our model learns to better capture the semantic re-

lationships of negated concepts, leading to superior perfor-

mance in benchmarks requiring fine-grained negation un-

derstanding.

Overall, these results confirm that the negation-inclusive

data generation pipeline not only significantly improves

negation comprehension but also preserves general perfor-

mance, making NegationCLIP a robust model for handling

both negation-specific and broader vision-language tasks.

4.3. Ablation Study on Data Configurations

In this section, we analyze the impact of different data con-

figurations used for fine-tuning to evaluate how effectively

they improve the model’s handling of negation. P1 and P2

denote our proposed pipelines described in Sec. 3.1 and

Sec. 3.2 respectively. Additionally, we include a Rand-P1

configuration, similar to P1 but using randomly selected

objects instead of plausible ones. For more ablation study,

please refer to Appendix.

As shown in Tab. 3, across all architectures, the Rand-

P1 configuration consistently underperforms compared to

P1. This result underscores the importance of plausible ob-

ject selection in P1, as random object choices lack context,

making them less effective for training.

The results indicate that combining P1 and P2 yields

the best performance across most negation benchmarks,

suggesting that both object-based and VQA-derived nega-

tion contribute complementary benefits. While P1 alone

performs competitively on the VALSE benchmark, adding

P2 further improves performance, especially on NegRef-

COCOg. This trend suggests that NegRefCOCOg, in con-

trast to VALSE, better captures the diversity of negation ex-

pressions, including those based on actions and attributes.

Consequently, the combined configuration (P1 + P2) aligns

well with NegRefCOCOg’s expanded scope, leading to su-

perior performance in negation understanding.

5. Application

To further validate our negation-inclusive fine-tuning ap-

proach, we apply the model across different multimodal

tasks. Specifically, we evaluate its performance on T2I gen-

eration and referring image segmentation, demonstrating

improvements in negation comprehension.

5.1. Text-to-Image Generation with Negation

T2I models often rely on the CLIP text encoder for inter-

preting prompts but struggle with negation, a limitation that

aligns with CLIP’s challenges in handling negation. For in-

stance, given a prompt like “a man not wearing a hat,” a T2I

model using the original CLIP text encoder may generate

an image of a man wearing a hat, ignoring the negation.

To evaluate our model’s ability to handle negation in T2I

tasks, we replace the original CLIP text encoders in Stable

Diffusion [38] models with our NegationCLIP text encoder,

without further training on the T2I model. This direct sub-

stitution is possible because we fine-tune only the text en-

coder, preserving the original image embedding space and

maintaining alignment with it.

We utilize ChatGPT [32] to generate a set of 107

negation-inclusive prompts to measure each model’s abil-

ity to represent negated concepts in generated images. We

assess the performance of negation comprehension using

an MLLM evaluator, mPLUG [19], inspired by the eval-

uation methodology employed in TIFA [13]. We provide

the MLLM with the generated image and two queries: (1)

whether the subject is present in the image, and (2) whether

the negation-related concept is correctly excluded. If both

conditions are met, we assign a score of 1; otherwise, a
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Text: a dog NOT running

Text: a street with NO lights

Text: a woman WITHOUT glasses

Stable Diffusion XL (Text Encoder from CLIP) Stable Diffusion XL (Text Encoder from NegationCLIP)

Figure 5. Examples of text-to-image generation on negation-inclusive prompts.

Table 4. Comparison of text-to-image generation performance on

negation-inclusive prompts.

Model TIFA \delimiter "3222378 Neg Score \delimiter "3222378 

SD-1.4 [37] 0.786 0.295

SD-1.4 w/ CoN-CLIP text encoder 0.783 0.243

SD-1.4 w/ NegationCLIP text encoder 0.790 0.449

SDXL-1.0 [34] 0.849 0.308

SDXL-1.0 w/ NegationCLIP text encoder 0.802 0.421

score of 0. For details on the specific prompts used for im-

age generation and MLLM evaluation, please refer to Ap-

pendix.

For each of the 107 prompts, we generate images us-

ing 5 different random seeds, and the average score across

these generations is reported as the Neg Score in Tab. 4.

Our model achieves significantly higher Neg Scores across

both SD-1.4 [37] and SDXL-1.0 [34], with over 0.15 im-

provement compared to the original text encoder, indicating

enhanced negation comprehension, while CoN-CLIP’s low

Neg Score further confirms the issues arising from the mis-

alignment between its negation-inclusive captions and re-

trieved images, as observed in retrieval benchmarks. Qual-

itatively, as shown in Fig. 5, our model successfully gener-

ates images reflecting prompts like “a dog not running” or

“a street with no lights,” whereas the original model often

fails to capture the negation.

To ensure that negation-aware fine-tuning of CLIP does

not compromise general T2I quality, we also evaluate each

model on the TIFA [13] benchmark, which assesses gen-

eral text-image alignment. Tab. 4 shows that our model re-

tains competitive TIFA scores, slightly exceeding the orig-

Table 5. Comparison of referring image segmentation performance

on PhraseCut and RefCOCOg (Neg).

Model
PhraseCut RefCOCOg (Neg)

mIoU IoUBIN mIoU IoUBIN

CLIPSeg [28] 0.562 0.736 0.267 0.492

CoN-CLIPSeg 0.539 0.724 0.123 0.379

NegationCLIPSeg 0.561 0.737 0.288 0.521

inal SD-1.4 model and trailing slightly in SDXL-1.0. The

slight decrease in SDXL’s performance may stem from its

use of dual text encoders, both of which were replaced with

our negation-aware encoder. This setup could introduce mi-

nor alignment challenges, which might be further improved

through the additional adaption of diffusion models to our

NegationCLIP text encoder.

Overall, our approach addresses a key limitation in

NegationCLIP-based T2I models, enabling more accurate

generation in negation contexts.

5.2. Referring Image Segmentation

Referring image segmentation task requires models to seg-

ment regions within an image corresponding to the given

text prompts. To assess the effectiveness of our Negation-

CLIP, we replace the text encoder in the existing referring

image segmentation model, CLIPSeg [28], with Negation-

CLIP text encoder. We simply replace the text encoder with-

out further training as we did in Sec. 5.1. We refer to this

model as NegationCLIPSeg and the same goes for CoN-

CLIPSeg.

Tab. 5 presents the mIoU and IOUBIN as done in

CLIPSeg [28]. On the PhraseCut dataset, which lacks nega-
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tion in prompts, the performance of NegationCLIPSeg is

comparable to the original model. On the negation-inclusive

subset of RefCOCOg, NegationCLIPSeg demonstrates a

performance boost, achieving higher mIoU and IoUBIN

scores compared to the original CLIPSeg. This improve-

ment highlights NegationCLIPSeg’s enhanced capability to

handle prompts with negation, while still retaining general

performance.

Fig. 6 shows qualitative examples from the RefCOCOg

negation subset. In each example, NegationCLIPSeg gen-

erates more accurate segmentations that align with the

negation-specific prompts, whereas the original CLIPSeg

model often fails to correctly interpret the negation. For in-

stance, given the prompt “a man with a beard not riding

an elephant,” NegationCLIPSeg successfully excludes the

people riding an elephant, focusing mostly on the man not

riding an elephant.

Overall, these results highlight the potential of incor-

porating a negation-aware text encoder to improve perfor-

mance in referring image segmentation tasks in scenarios

that require precise comprehension of negation within mul-

timodal contexts.

6. Related Work

Vision-Language Models and Their Limitations

VLMs [14, 35, 48] learn joint image-text embeddings from

large-scale paired data, enabling diverse multimodal tasks

such as image classification and zero-shot retrieval.

However, numerous studies have highlighted limitations

in VLMs, particularly concerning the models’ handling

of compositional language, object relationships, and fine-

grained language distinctions [12, 29, 49]. To address such

limitations, researchers have explored targeted data gener-

ation techniques and fine-tuning methods. Data augmenta-

tion approaches [43, 45] aim to improve the robustness of

VLMs by generating or augmenting data with challenging

linguistic structures. Despite these improvements, the issue

of negation remains relatively underexplored.

Understanding and Addressing Negation Negation has

been a challenging aspect in language models, as it plays a

crucial role in altering or reversing the meaning of a phrase.

While some research has addressed negation comprehen-

sion in natural language processing (NLP), such as stud-

ies highlighting significant issues in BERT’s [7] interpreta-

tion of negated statements [9, 11, 15], there has been rela-

tively little exploration of negation within multimodal mod-

els. In the vision-language domain, only a handful of stud-

ies have specifically focused on incorporating negation, and

even these efforts have limited scope.

Existing studies have integrated negation into CLIP for

out-of-distribution (OoD) detection tasks [30, 44], while

others have focused on specific applications, such as nega-

CLIPSeg

the seated part of the bench that is 

NOT covered by the little boy

a person wearing a red shirt with NO sunglasses 

in front of two women with sunglasses

a man wearing a black shirt and 

NO shoes

a man with a beard NOT riding an 

elephant

NegationCLIPSeg CLIPSeg NegationCLIPSeg

Figure 6. Examples of referring image segmentation on negation-

inclusive prompts.

tion handling in video tasks [46]. However, these models are

restricted to the specific contexts, making these approaches

less adaptable for broader downstream tasks. A more re-

cent approach [40] seeks to enhance CLIP’s ability to pro-

cess negation beyond task-specific settings through fine-

tuning, using image-caption pairs where negation-inclusive

captions are generated first and then matched with similar

images retrieved from a fixed pool.

Our work extends this line of research by developing a

negation-inclusive text encoder within CLIP, designed for

flexible, plug-and-play integration across a variety of mul-

timodal tasks, addressing the underexplored challenge of

negation comprehension in VLMs.

7. Conclusion

This study addresses a critical limitation in CLIP by intro-

ducing a negation-inclusive fine-tuning approach that sig-

nificantly enhances the models’ ability to interpret negated

prompts. Our data generation pipeline leverages large lan-

guage models to create diverse negation-inclusive captions,

enabling fine-tuning that effectively bridges the gap in nega-

tion comprehension. Experimental results on the VALSE

benchmark and our proposed NegRefCOCOg benchmark

demonstrate substantial improvements in our Negation-

CLIP over the original CLIP in handling negation, while

maintaining strong performance on general benchmarks.

Furthermore, we show that NegationCLIP enables effective

applications of negation across various multimodal tasks,

including text-to-image generation and referring image seg-

mentation.

Our work underscores the potential of targeted data gen-

eration in advancing the semantic capabilities of CLIP. By

refining their ability to process negation, we move closer to

developing a VLM that is more aligned with the subtleties

of human language, ultimately making them better suited

for complex multimodal tasks.
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