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Abstract

Vision-Language Models (VLMs) have demonstrated strong
capabilities across a wide range of multimodal tasks.
However, recent studies have shown that VLMs, such as
CLIP, perform poorly in understanding negation expres-
sions, which are common in natural language. In this work,
we propose Omni-NegCLIP, a fine-tuned CLIP model that
improves CLIP’s understanding of two types of negation,
namely presence-based negation and absence-based nega-
tion, which correspond to negated expressions of objects
that are actually present in an image and those that may
plausibly exist in an image but are in fact absent, re-
spectively, by modifying CLIP’s original InfoNCE con-
trastive loss. Specifically, we design a presence-based
contrastive objective that pulls image embeddings closer
to their original caption embeddings while pushing them
away from the corresponding presence-based negated cap-
tion embeddings, and an absence-based contrastive objec-
tive that aligns image embeddings with both original and
absence-based negated caption embeddings while main-
taining a semantic distinction between the two text embed-
dings. Based on our observation that the front transformer
layers of CLIP’s text encoder have stronger learning ability
for negated text than the later layers, we fine-tune the front
transformer layers of the CLIP text encoder at each train-
ing step using the combined contrastive objective. Exper-
imental results show that, compared with pretrained CLIP,
Omni-NegCLIP improves performance on presence-based
negation and absence-based negation tasks by up to 52.65%
and 12.50%, respectively, without sacrificing general capa-
bility in image-text retrieval and even improving it by up
to 19.62%. Compared with prior works, Omni-NegCLIP
demonstrates a more comprehensive ability to understand
multiple types of negation tasks.

1. Introduction

Recent vision-language models (VLMs) [1, 9, 16, 17, 24,
28, 31, 33, 35] have demonstrated strong capabilities across
a wide range of multimodal tasks [3, 13, 21, 34] by jointly
leveraging visual and textual information. Among them,
CLIP [24] is one of the most representative and influential
models. Through contrastive learning, CLIP learns a shared
multimodal embedding space in which semantically aligned
image-caption pairs are pulled closer together, while se-
mantically mismatched pairs are pushed farther apart. Ow-
ing to this powerful image-text alignment ability, CLIP has
achieved strong performance on tasks such as zero-shot im-
age classification, semantic retrieval [6], and image-text
matching [36]. More importantly, CLIP also serves as a
fundamental backbone for many downstream models and
systems [2, 14, 18, 20]. Therefore, its capability of accu-
rately understanding image-text semantics plays a crucial
role in the performance of a broad range of vision-language
applications.

In recent years, several studies [7, 8, 15, 23] have been
conducted to improve CLIP, especially its ability to under-
stand structured and compositionally complex sentences.
However, recent findings [22, 29, 32] suggest that CLIP
struggles with negation understanding. In particular, it ex-
hibits low sensitivity to negation cues in captions, such as
”no,” ”not,” and ”without”. Since negation is a pervasive
phenomenon in natural language [12], this weakness limits
CLIP’s commonsense reasoning ability in real-world set-
tings and reduces its robustness in downstream tasks such
as image-text retrieval and text-to-image generation. De-
spite the importance of this problem, training strategies
specifically designed to improve CLIP’s understanding of
negation remain largely underexplored. Only a few stud-
ies [22, 29] have addressed this issue, but each of them fo-
cuses only on improving CLIP for a single type of nega-
tion task. [29] introduces CC-Neg, an image-to-text re-
trieval benchmark built from image-caption-negated cap-
tion triplets to evaluate whether CLIP can recognize the
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negation of objects that are actually present in an image.
Based on this benchmark, CoN-CLIP was proposed, which
fine-tunes the transformer layers of CLIP and encourages
image embeddings to be less aligned with the corresponding
negated text embeddings. [22] proposes NegRefCOCOg, a
text-to-image retrieval benchmark constructed from negated
caption-positive image-negative image triplets to evaluate
whether CLIP can understand the negation of objects, ac-
tions, and attributes that are absent from an image. It fur-
ther presents NegationCLIP, which fine-tunes transformer
layers [30] of CLIP, but instead aims to strengthen the align-
ment between image embeddings and negated text embed-
dings.

To address the above limitation that existing methods fo-
cus only on a single type of negation task, we first formally
define two common types of negation tasks: presence-
based negation and absence-based negation. Specifically,
presence-based negation measures CLIP’s ability to un-
derstand negated expressions of objects that are actually
present in an image, whereas absence-based negation mea-
sures CLIP’s ability to understand negated expressions of
objects that may plausibly exist in an image but are in
fact absent. Based on these definitions, we propose Omni-
NegCLIP, a fine-tuned CLIP model that improves the un-
derstanding of both types of negation tasks by adapting the
front transformer layers of the CLIP text encoder with our
designed presence-based contrastive objective and absence-
based contrastive objective. Specifically, the presence-
based contrastive objective encourages the model to align
each image embedding more closely with its correspond-
ing original caption embedding while explicitly reducing
its similarity to the corresponding presence-based negated
caption embedding, thereby improving the model’s abil-
ity to distinguish an image from negated descriptions of
objects that are present. In contrast, the absence-based
contrastive objective encourages the model to align each
image embedding with both its original caption embed-
ding and its corresponding absence-based negated caption
embedding, while explicitly enforcing a semantic distinc-
tion between the original caption and the absence-based
negated caption in the text embedding space. To evaluate
the effectiveness of Omni-NegCLIP in understanding both
types of negation tasks, we conduct experiments on dif-
ferent CLIP configurations, including ViT-B/32, ViT-B/16,
and ViT-L/14. We evaluate these models on CC-Neg [29]
and NegRefCOCOg [22], which measure the model’s un-
derstanding of presence-based negation and absence-based
negation, respectively. We also assess the ability of Omni-
NegCLIP to preserve CLIP’s general capability using the
COCO retrieval benchmark [19]. Experimental results
show that Omni-NegCLIP substantially improves CLIP’s
understanding of both types of negation tasks, without sac-
rificing, and in some cases even improving, its general ca-

pability in image-text retrieval. Compared with prior meth-
ods, Omni-NegCLIP demonstrates stronger ability in un-
derstanding multiple types of negation tasks.

Our main contributions are summarized as follows: 1)
We propose Omni-NegCLIP, a fine-tuned CLIP model
that substantially improves CLIP’s ability to understand
multiple types of negation tasks, without sacrificing and
in some cases even improving its general capability. 2)
We introduce the presence-based contrastive objective and
the absence-based contrastive objective, which extend the
original InfoNCE contrastive loss of CLIP and enhance
the model’s understanding of presence-based negation and
absence-based negation, respectively. 3) Extensive experi-
ments on various CLIP configurations show that, compared
with the original pretrained CLIP, our Omni-NegCLIP im-
proves performance by an average of 51.01% on presence-
based negation tasks, 11.54% on absence-based negation
tasks, and 17.24% on the general COCO retrieval bench-
mark. Compared with prior methods, Omni-NegCLIP
achieves average improvements of 45.26% on presence-
based negation tasks and 17.07% on absence-based nega-
tion tasks, demonstrating its superior effectiveness in un-
derstanding multiple types of negation tasks.

2. Related Work

2.1. Vision-Language Models and Limitations
Recently, VLMs [1, 9, 16, 17, 24, 28, 31, 33, 35] have
demonstrated strong capabilities in leveraging both visual
and textual information to perform a wide range of tasks,
including text-to-image (T2I) generation [26], image-text
matching [17], image retrieval [5], and object classifica-
tion [24]. Among existing VLMs, CLIP [24] is one of the
pioneering and most influential models. It achieves strong
performance in zero-shot image classification and semantic
search, and has been widely adopted as a backbone for im-
age and video generation models [25, 27], as well as vision-
question answering systems [20]. However, studies [10, 11]
have shown that CLIP faces challenges in compositional
image-text matching, which limits its ability to accurately
align structured visual and textual semantics.

2.2. Understanding Negation
To improve CLIP’s compositional image-text matching ca-
pability, several methods [7, 8, 15, 23] have been proposed
to enhance its ability to understand object order, relations,
and attributes. However, negation (e.g., no, not, and with-
out), as an important linguistic phenomenon, is pervasive
in natural language yet has been largely overlooked in ex-
isting research. As a critical component of sentence struc-
ture, negation can alter the entire semantic meaning of a
sentence. For example, “this is a photo of a table” and “this
is not a photo of a table” convey fundamentally different
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Figure 1. (a) An example of presence-based negation from CC-
Neg [29]. (b) An example of absence-based negation from Ne-
gRefCOCOg [22].

meanings. Prior studies [22, 29, 32] have shown that CLIP
struggles to understand negations in text and often incor-
rectly associates negated descriptions with corresponding
images. Nevertheless, training strategies specifically de-
signed to address CLIP’s difficulty in understanding nega-
tion remain largely unexplored. Only a few works [22, 29]
attempt to tackle this issue, but they are limited to specific
contexts. [29] proposed CC-Neg, a image-to-text retrieval
benchmark consisting of image–caption–negated caption
triplets, designed to evaluate CLIP’s ability to understand
the negation of objects that are present in images. They
further introduced CoN-CLIP, which leverages contrastive
learning by fine-tuning all transformer layers of CLIP to re-
duce the alignment between image embeddings and their
corresponding negated text embeddings. [22] proposed
NegRefCOCOg, a text-to-image retrieval benchmark con-
sisting of negated caption–positive image–negative image
triplets, designed to evaluate CLIP’s ability to understand
the negation of objects, actions, and attributes that are ab-
sent from images. They further introduced NegationCLIP,
which fine-tunes all transformer layers of CLIP to enhance
the alignment between image embeddings and negated text
embeddings. However, these two approaches are restricted
to negation of concepts that are present in images and nega-
tion of concepts that are absent from images, respectively.
When evaluated on the opposite type of negation task, they
exhibit poor performance, even performing worse than the
pretrained CLIP, as shown in Table 1.

3. Preliminaries

CLIP [24] is a pretrained model designed to align image
semantics with their corresponding caption semantics in a
shared embedding space. It consists of two main compo-
nents: a vision encoder and a text encoder, both of which

are composed of multiple transformer layers. During pre-
training, a batch of images, denoted as {I(i)}Bi=1, and a
corresponding batch of captions, denoted as {C(i)}Bi=1, are
processed by the vision encoder and text encoder, respec-
tively, and mapped into a shared latent space. This results
in image embeddings {E(i)

I }Bi=1 and caption embeddings
{E(i)

C }Bi=1. The model is optimized using a contrastive
objective to align each image with its corresponding cap-
tion. Specifically, for each image embedding in a batch, the
model is trained to pull it closer to its corresponding caption
embedding while pushing it away from the other caption
embeddings in the batch, using the image-to-caption loss
Limg. Similarly, for each caption embedding in the batch,
the model is trained to pull it closer to its corresponding im-
age embedding while pushing it away from the other image
embeddings in the batch, using the caption-to-image loss
Ltxt. The overall contrastive objective L is denoted as:

Limg = − 1

B

B∑
i=1

log
exp

(
s(E

(i)
I , E

(i)
C )

)∑B
j=1 exp

(
s(E

(i)
I , E

(j)
C )

) (1)

Ltxt = −
1

B

B∑
i=1

log
exp

(
s(E

(i)
C , E

(i)
I )

)∑B
j=1 exp

(
s(E

(i)
C , E

(j)
I )

) (2)

L =
Limg + Ltxt

2
(3)

where s(x, y) = τ x⊤y denotes the temperature-scaled co-
sine similarity with learnable temperature parameter τ . Af-
ter being pretrained to align image semantics with their cor-
responding caption semantics, CLIP can be directly applied
to downstream tasks such as zero-shot image-text matching,
image retrieval, and object classification.

4. Proposed Method
In this section, we first formally define the two types of
negation tasks. Then, to enhance CLIP’s understanding of
both types of negation, we design appropriate contrastive
objectives for fine-tuning based on their respective charac-
teristics. Next, we analyze the differences in learning ca-
pacity for negation tasks across transformer layers in the
text encoder of CLIP. Finally, we introduce the overall fine-
tuning framework of Omni-NegCLIP. Illustrations of the
contrastive objectives for both negation types, as well as
the fine-tuning framework of Omni-NegCLIP, are shown in
Figure 2.

4.1. Two Types of Negation Tasks
Presence-based Negation. The presence-based negation
task measures CLIP’s ability to understand negated expres-
sions of objects that are present in an image. An example
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Figure 2. (a) Illustration of our designed presence-based contrastive objective. (b) Illustration of our designed absence-based contrastive
objective. (c) Illustration of the fine-tuning pipeline of Omni-NegCLIP.

from CC-Neg [29] is shown in Figure 1. We define the con-
struction process of a presence-based negation caption as
follows. Let the original image–caption pair be denoted as
(Ip, Cp), where Ip is the image and Cp is its corresponding
caption. We decompose the caption Cp into two compo-
nents:

Cp = (r, {O1, . . . , ON}), (4)

where {O1, . . . , ON} denotes the set of object words ap-
pearing in Cp, and r represents the remaining part of the
caption excluding the object words. We randomly sample
an object word Oj ∈ {O1, . . . , ON} with j ∈ {1, . . . , N},
and sample a negation word ν ∈ {No,Not,Without}. We
define a negation operator Tν(·) that applies the negation
word ν to the selected object word Oj , producing a negated
object expression:

O′
j = Tν(Oj), (5)

The presence-based negated caption corresponding to Ip is
constructed by replacing Oj with O′

j in Cp, yielding:

C ′
p = (r, {O1, . . . , O

′
j , . . . , ON}). (6)

Absence-based Negation. The absence-based negation
task measures CLIP’s ability to understand negated expres-
sions of objects that may plausibly exist in an image but
are in fact absent. An example from NegRefCOCOg [22] is
shown in Figure 1. Specifically, we define the construction
process of an absence-based negation caption as follows.
Let the original image–caption pair be denoted as (Ia, Ca),
where Ia is the image and Ca is its corresponding caption.
We decompose the caption Ca into two components:

Ca = (r, {O1, . . . , ON}), (7)

where {O1, . . . , ON} denotes the set of object words ap-
pearing in Ca, and r represents the remaining part of the
caption excluding the object words. We define Oa as an ob-
ject that may plausibly exist in Ia but is in fact absent. We
sample a negation word ν ∈ {No,Not,Without} and apply
the negation operator Tν(·) to Oa, producing the negated
object expression:

O′
a = Tν(Oa), (8)

The absence-based negated caption corresponding to Ia is



then constructed by adding O′
a to Ca, yielding:

C ′
a = (r, {O1, . . . , ON}, O′

a). (9)

As shown in Table 1, pretrained CLIP models, including
CLIP with ViT-B/32, ViT-B/16, and ViT-L/14 backbones,
exhibit poor performance on both the presence-based nega-
tion benchmark CC-Neg [29] and the absence-based nega-
tion benchmark NegRefCOCOg [22].

4.2. Contrastive Objectives
To enhance the CLIP model’s understanding of the two
types of negation tasks, we design separate contrastive ob-
jectives for each task. We denote the image encoder as
Eimg(·), and the text encoder as Etext(·).
Presence-based Contrastive Objective. In the presence-
based negation task, the semantics of the image Ip and its
corresponding presence-based negated caption C ′

p are not
aligned. Therefore, the presence-based contrastive objec-
tive is designed to push apart the representations of the im-
age and the presence-based negated caption. Specifically,
we construct a batch consisting of B triplets, denoted as
Bp = {(I(i)p , C

(i)
p , C

′(i)
p )}Bi=1. The images {I(i)p }Bi=1 are en-

coded by Eimg(·) to obtain image embeddings {E(i)
pI }Bi=1.

The captions {C(i)
p }Bi=1 are encoded by Etext(·) to ob-

tain caption embeddings {E(i)
pC}Bi=1. The presence-based

negated captions {C ′(i)
p }Bi=1 are encoded by Etext(·) to ob-

tain negated caption embeddings {E(i)
pC′}Bi=1. The presence-

based contrastive objective consists of the following three
loss terms.
1. Images-to-All-Captions Contrastive Loss: This loss
term pulls each image embedding closer to its correspond-
ing caption embedding while implicitly pushing it away
from the corresponding presence-based negated caption
embedding. Specifically, we concatenate {E(i)

pC}Bi=1 and

{E(i)
pC′}Bi=1 to form the complete caption embedding set:

Tp =
{
E

(i)
pC

}B

i=1
∪
{
E

(i)
pC′

}B

i=1
. (10)

The image-to-all-captions contrastive loss Lp1 is computed
as

Lp1 = − 1

B

B∑
i=1

log
exp(s(E

(i)
pI , E

(i)
pC))∑

t∈Tp
exp(s(E

(i)
pI , t))

. (11)

2. Captions-to-Images Contrastive Loss: In this loss
term, we align captions with their corresponding images.
The text-to-image contrastive loss Lp2 is computed as

Lp2 = − 1

B

B∑
i=1

log
exp(s(E

(i)
pC , E

(i)
pI ))∑B

j=1 exp(s(E
(i)
pC , E

(j)
pI ))

. (12)

3. Explicit Negation Discrimination Loss: In this loss
term, we explicitly encourage the model to distinguish be-
tween the caption and the corresponding presence-based
negation caption. Specifically, we pull each image embed-
ding closer to its corresponding caption embedding while
pushing it away from the corresponding presence-based
negation caption embedding. The explicit negation discrim-
ination loss Lp3 is computed as

Lp3 = − 1

B

B∑
i=1

log
exp(s(E

(i)
pI , E

(i)
pC))

exp(s(E
(i)
pI , E

(i)
pC)) + exp(s(E

(i)
pI , E

(i)
pC′))

.

(13)
The total presence-based contrastive objective is com-

puted as Lp = (Lp1+Lp2+Lp3)/3. We denote the overall
objective construction process as Lp = fp(Bp), where fp(·)
represents the mapping from Bp to the corresponding objec-
tive value.
Absence-based Contrastive Objective. In the absence-
based negation task, the CLIP model is expected to align
the image semantics with both the corresponding caption
semantics and the absence-based negation caption seman-
tics, while being able to distinguish the subtle semantic dif-
ferences between the caption and the absence-based nega-
tion caption. Specifically, we construct a batch consisting of
B triplets, denoted as Ba = {(I(i)a , C

(i)
a , C

′(i)
a )}Bi=1. Using

Eimg(·) and Etext(·), we obtain the image embeddings, cap-
tion embeddings, and absence-based negation caption em-
beddings as {E(i)

aI }Bi=1, {E(i)
aC}Bi=1, and {E(i)

aC′}Bi=1, respec-
tively.
1. Image-to-Negation Contrastive Loss: The first loss
aligns images with their corresponding absence-based nega-
tion captions. The loss La1 is defined as

La1 = − 1

2B

B∑
i=1

[
log

exp(s(E
(i)
aI , E

(i)
aC′))∑B

j=1 exp(s(E
(i)
aI , E

(j)
aC′))

+ log
exp(s(E

(i)
aC′ , E

(i)
aI ))∑B

j=1 exp(s(E
(i)
aC′ , E

(j)
aI ))

]
.

(14)
2. Image-to-Caption Contrastive Loss: To preserve the
model’s ability to align image semantics with caption se-
mantics, we define

La2 = − 1

2B

B∑
i=1

[
log

exp(s(E
(i)
aI , E

(i)
aC))∑B

j=1 exp(s(E
(i)
aI , E

(j)
aC))

+ log
exp(s(E

(i)
aC , E

(i)
aI ))∑B

j=1 exp(s(E
(i)
aC , E

(j)
aI ))

]
.

(15)
3. Caption Contrastive Loss: To explicitly distinguish
the subtle semantic differences between the original cap-
tion and its corresponding absence-based negation caption
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Figure 3. (a) presence-based negation learning capability across
transformer layers in the CLIP text encoder on CC-Neg [29]. (b)
absence-based negation learning capability across transformer lay-
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tion learning capability.

in the text embedding space, we introduce a penalty term
whenever their similarity exceeds a margin of −m. Specif-
ically, we define

La3 =
1

B

B∑
i=1

max
(
0, s(E

(i)
aC , E

(i)
aC′) +m

)
, (16)

The total absence-based contrastive objective is com-
puted as La = (La1 + La2 + La3)/3. We denote the over-
all objective construction process as La = fa(Ba), where
fa(·) represents the mapping from Ba to the corresponding
objective value.

4.3. Layer-wise Negation Learning Analysis
Using the proposed presence-based contrastive objectiveLp

and absence-based contrastive objective La, we explore the
differences in negation learning capability across the trans-
former layers of the CLIP text encoder. Specifically, we de-
note the transformer layers in the text encoder as {ℓk}12k=1.
For each layer ℓk, we fine-tune only ℓk and the projec-
tion layer P(·) of a pretrained CLIP ViT-B/32 model, while
keeping all other parameters frozen. For each ℓk, we con-
duct two independent experiments: one fine-tuned using Lp

and evaluated on the presence-based benchmark, and the
other fine-tuned using La and evaluated on the absence-
based benchmark. All experiments follow the same setup as

Algorithm 1: Omni-NegCLIP Fine-tuning
Input: Pretrained text encoder Etext(·); Front

transformer layers F = {ℓk}Kk=1; Projection
layer P(·); Presence-based batch
Bp = {(I(i)p , C

(i)
p , C

′(i)
p )}Bi=1;

Absence-based batch
Ba = {(I(i)a , C

(i)
a , C

′(i)
a )}Bi=1

Output: Updated Etext(·)
1 /* Compute losses in one fine-tuning step */
2 Lp ← fp(Bp);
3 La ← fa(Ba);
4 Ltotal ← Lp + La;
5 /* Update parameters */
6 Etext(·)← update(Etext(·),Ltotal,F ,P(·));
7 return Etext(·)

described in Section 5, and the results are shown in Figure 3.
As can be observed, for both types of negation tasks, fine-
tuning the front transformer layers achieves significantly
higher accuracy than fine-tuning the later transformer lay-
ers. This indicates that the front transformer layers possess
stronger negation learning capability. We hypothesize that
this is because understanding negation in text requires the
CLIP text encoder to capture fine-grained syntactic infor-
mation in the sentence, specifically identifying the scope or
target of the negation. According to [4], the front layers of
the CLIP text encoder exhibit stronger capabilities in mod-
eling such fine-grained syntactic structures compared to the
later layers.

4.4. Omni-NegCLIP Fine-tuning Pipeline

To enable the final Omni-NegCLIP model to simultane-
ously understand both types of negation tasks, we optimize
the model using a combined objective in each fine-tuning
step, where the total loss is defined as the sum of Lp and
La. Furthermore, as revealed in Section 4.3, the front trans-
former layers exhibit stronger negation learning capability
than the later layers. Therefore, we fine-tune only the front
transformer layers F = {ℓk}Kk=1 and the projection layer
P(·), while keeping all other parameters frozen. The de-
tailed procedure of one fine-tuning step is described in Al-
gorithm 1.

5. Experimental Results

In this section, we systematically evaluate the capability
of Omni-NegCLIP in understanding both presence-based
negation and absence-based negation tasks, as well as its
ability to retain general capability. We conduct experiments
based on three CLIP configurations: ViT-B/32, ViT-B/16,
and ViT-L/14.



Model Arch. CC-Neg [29] NegRefCOCOg [22] Avg. COCO [19]

CLIP

ViT-B/32

65.70 57.73 61.72 40.88
CoN-CLIP [29] 99.70 55.23 77.47 41.72
NegationCLIP [22] 66.20 63.86 65.03 52.12
Omni-NegCLIP 99.60 64.55 82.08 48.90

CLIP

ViT-B/16

65.22 58.18 61.70 42.90
CoN-CLIP [29] 99.70 55.45 77.58 45.38
NegationCLIP [22] 69.11 65.00 67.06 53.86
Omni-NegCLIP 99.56 65.45 82.51 51.06

CLIP

ViT-L/14

66.89 57.27 62.08 47.61
CoN-CLIP [29] 99.69 55.68 77.69 47.90
NegationCLIP [22] 70.30 62.50 66.40 56.78
Omni-NegCLIP 99.52 63.18 81.35 53.84

Table 1. Comparison of the performance of different models on
negation tasks and the general task across different CLIP archi-
tectures. Avg. denotes the average accuracy on CC-Neg [29] and
NegRefCOCOg [22]. Bold numbers indicate the best performance
within each architecture group.

5.1. Experimental Setup
During fine-tuning of Omni-NegCLIP, we use object-
absence negation (OAN) data [29] as absence-based sam-
ples and 188,246 triplets from CC-Neg [29] as presence-
based samples. The batch size is set to B = 128, and the
model is trained for 30 epochs. The maximum index of the
front transformer layers is set to K = 6. We set the mar-
gin parameter to m = 0.9 in the caption contrastive loss.
The learning rate is set to 1e-6, and the model is optimized
using the AdamW optimizer. Under each CLIP configura-
tion, we compare Omni-NegCLIP with the pretrained CLIP
and two prior fine-tuned negation comprehension models,
CoN-CLIP [29] and NegationCLIP [22], on two negation
comprehension benchmarks: NegRefCOCOg [22] and CC-
Neg [29]. NegRefCOCOg is used to evaluate absence-based
negation understanding, while CC-Neg is used to evaluate
presence-based negation understanding. Please note that for
CC-Neg evaluation, we use the portion of the dataset ex-
cluding the 188,246 samples used for fine-tuning. Further-
more, we evaluate text-to-image retrieval performance on
the COCO retrieval benchmar [19] to assess whether gen-
eral capability is preserved after fine-tuning. For the origi-
nal CLIP and the two prior methods, we use their publicly
released checkpoints. All experiments are conducted on
NVIDIA V100 GPUs.

5.2. Main Results
In Table 1, we present the accuracy results of these mod-
els on CC-Neg, NegRefCOCOg, and the COCO retrieval
benchmark across CLIP ViT-B/32, CLIP ViT-B/16, and
CLIP ViT-L/14 configurations. As can be observed, com-
pared with the pretrained CLIP, Omni-NegCLIP achieves
significant improvements on all three configurations. On
CC-Neg, the accuracy improvements are 51.60%, 52.65%,
and 48.78% for ViT-B/32, ViT-B/16, and ViT-L/14, respec-

Choice CC-Neg [29] NegRefCOCOg [22]

Influence of Loss Terms
({ℓk}6

k=1, m = 0.9)

Omni-NegCLIP(w/o Lp3) 99.44 63.41
Omni-NegCLIP(w/o La1) 99.63 54.77
Omni-NegCLIP(w/o La3) 99.66 61.82
Omni-NegCLIP(all loss terms) 99.60 64.55

Influence of Layers
(m = 0.9)

Omni-NegCLIP({ℓk}4
k=1) 99.56 62.95

Omni-NegCLIP({ℓk}5
k=1) 99.58 62.73

Omni-NegCLIP({ℓk}6
k=1) 99.60 64.55

Omni-NegCLIP({ℓk}12
k=1) 99.47 63.18

Influence of Margin Value m

({ℓk}6
k=1)

Omni-NegCLIP((m = 0)) 99.70 59.77
Omni-NegCLIP((m = 0.1)) 99.69 60.68
Omni-NegCLIP((m = 0.2)) 99.69 59.55
Omni-NegCLIP((m = 0.3)) 99.68 60.23
Omni-NegCLIP((m = 0.4)) 99.68 60.45
Omni-NegCLIP((m = 0.5)) 99.69 61.82
Omni-NegCLIP((m = 0.6)) 99.61 62.27
Omni-NegCLIP((m = 0.7)) 99.60 62.73
Omni-NegCLIP((m = 0.8)) 99.53 63.18
Omni-NegCLIP((m = 0.9)) 99.60 64.55

Table 2. Ablation study on loss terms, the selection of transformer
layers in the text encoder during fine-tuning, and the margin value
m in the caption contrastive loss La3.

tively. On NegRefCOCOg, the improvements are 11.81%,
12.50%, and 10.32%, respectively. On the COCO retrieval
benchmark, Omni-NegCLIP improves accuracy by 19.62%,
19.02%, and 13.09%, respectively. Compared with CoN-
CLIP, on CC-Neg, Omni-NegCLIP achieves slightly lower
accuracy by an average of 0.13% across the three CLIP
configurations. However, we emphasize that the accuracy
of Omni-NegCLIP consistently exceeds 99%, which is al-
ready sufficient to demonstrate strong presence-based nega-
tion understanding capability. On NegRefCOCOg, Omni-
NegCLIP outperforms CoN-CLIP by 16.87%, 18.03%, and
13.47% across ViT-B/32, ViT-B/16, and ViT-L/14, re-
spectively. On COCO retrieval, Omni-NegCLIP achieves
improvements of 17.21%, 12.52%, and 12.40%, respec-
tively. Compared with NegationCLIP, Omni-NegCLIP
achieves higher accuracy on both CC-Neg and NegRef-
COCOg across all three CLIP configurations. Specifically,
on CC-Neg, our method improves accuracy by an average
of 45.36%, and on NegRefCOCOg, the average improve-
ment is 0.96%. Although on the COCO retrieval benchmark
Omni-NegCLIP performs 5.51% lower on average than
NegationCLIP, we emphasize that it still achieves higher ac-
curacy than the pretrained CLIP. This demonstrates that our
method is able to maintain, and even improve, the general
capability of the model after fine-tuning.
Discussion. Overall, compared with the pretrained CLIP,
Omni-NegCLIP achieves significantly higher accuracy on



both negation tasks. Moreover, rather than suffering perfor-
mance degradation on the general task of COCO retrieval,
it even improves performance to a certain extent. Com-
pared with CoN-CLIP and NegationCLIP, which each per-
form well on only a single type of negation task, our method
demonstrates a more comprehensive understanding of nega-
tion.

6. Ablation
In this study, we evaluate the effectiveness of key compo-
nents in our Omni-NegCLIP, including the loss terms in
the contrastive objectives, the selection of front transformer
layers, and the margin value m used in the caption con-
trastive loss. The results are shown in Table 2. For fairness,
all experiments are conducted on CLIP ViT-B/32 using the
CC-Neg and NegRefCOCOg benchmarks.
Influence of Loss Terms. We evaluate the impact of dif-
ferent loss terms in the presence-based and absence-based
contrastive objectives on model performance. As shown
in Table 2, Omni-NegCLIP (w/o Lp3) refers to the vari-
ant without the explicit negation discrimination loss Lp3 in
the presence-based contrastive objective. It performs worse
than the full Omni-NegCLIP on the CC-Neg benchmark.
This may be because, without explicitly encouraging the
model to push the image embedding away from the corre-
sponding presence-based negation caption embedding, the
model’s understanding of presence-based negation is weak-
ened. Furthermore, Omni-NegCLIP (w/o La1) denotes the
variant without the image-to-negation contrastive loss La1

in the absence-based contrastive objective. Its accuracy on
the NegRefCOCOg benchmark is 13.63% lower than that
of the full Omni-NegCLIP. This may be because, with-
out aligning the image representation with the correspond-
ing absence-based negation caption, the model struggles to
properly learn the absence-based negation task. However,
merely aligning the image with the absence-based negation
caption is insufficient. Omni-NegCLIP (w/o La3) removes
the caption-level contrastive loss La3 and achieves 2.51%
lower accuracy on NegRefCOCOg compared to the full
model. This may be because, under La1 and La2, the model
aligns the image representation with both the absence-based
negation caption and the original caption, which may cause
semantic confusion between the two. The loss La3 explic-
itly enforces separation between the original caption and
the absence-based negation caption in the text embedding
space.
Influence of Layers. We evaluate the impact of select-
ing different numbers of front transformer layers in Omni-
NegCLIP on model performance. As shown in Table 2,
using the first four transformer layers, denoted as Omni-
NegCLIP({ℓk}4k=1), yields lower accuracy on both CC-Neg
and NegRefCOCOg compared to using the first six lay-
ers, denoted as Omni-NegCLIP({ℓk}6k=1). We hypothesize

that although fine-tuning only the first four transformer lay-
ers achieves better performance than fine-tuning later lay-
ers when the model is trained to understand each negation
task independently, as shown in Figure 3, jointly learning
both presence-based and absence-based negation tasks re-
quires sufficient model capacity to capture knowledge from
both tasks. Therefore, relying solely on the parameters of
the first four layers may be insufficient. However, using all
transformer layers, i.e., Omni-NegCLIP({ℓk}12k=1), results
in lower accuracy on both CC-Neg and NegRefCOCOg
compared to Omni-NegCLIP({ℓk}6k=1). This suggests that
once sufficient capacity is provided to learn both negation
types, further increasing the number of trainable layers does
not enhance negation understanding. Instead, the relatively
weaker capability of the later transformer layers in model-
ing fine-grained syntactic structures in captions may hinder
the model’s ability to effectively learn negation.

Influence of Margin Value. We evaluate the impact of
the margin value m in the caption contrastive loss La3 of
the absence-based contrastive objective on model perfor-
mance. As shown in Table 2, Omni-NegCLIP with m =
0.9 achieves significantly higher accuracy on the NegRef-
COCOg benchmark compared to other margin settings. We
hypothesize that this is because a smaller margin value is in-
sufficient to enforce adequate separation between the orig-
inal caption and the absence-based negation caption in the
embedding space, resulting in semantic ambiguity.

7. Conclusion

In this work, we propose Omni-NegCLIP, a fine-tuned
CLIP model that improves the understanding of two com-
mon types of negation tasks, namely presence-based nega-
tion and absence-based negation, by fine-tuning the front
transformer layers of CLIP’s text encoder with our designed
contrastive objectives. This design is motivated by our ob-
servation that these front transformer layers exhibit stronger
learning ability for negated text than the later layers. Specif-
ically, we design a presence-based contrastive objective that
pulls image embeddings closer to their original caption em-
beddings while pushing them away from the correspond-
ing presence-based negated caption embeddings, and an
absence-based contrastive objective that aligns image em-
beddings with both original and absence-based negated cap-
tion embeddings while maintaining a semantic distinction
between the two text embeddings. Extensive evaluations
on different CLIP configurations demonstrate that Omni-
NegCLIP consistently improves the understanding of both
types of negation tasks, while preserving and even improv-
ing the model’s general capability on image-text retrieval.



References
[1] Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine

Miech, Iain Barr, Yana Hasson, Karel Lenc, Arthur Men-
sch, Katherine Millican, Malcolm Reynolds, et al. Flamingo:
a visual language model for few-shot learning. Advances
in neural information processing systems, 35:23716–23736,
2022. 1, 2

[2] Anas Awadalla, Irena Gao, Josh Gardner, Jack Hessel, Yusuf
Hanafy, Wanrong Zhu, Kalyani Marathe, Yonatan Bitton,
Samir Gadre, Shiori Sagawa, et al. Openflamingo: An open-
source framework for training large autoregressive vision-
language models. arXiv preprint arXiv:2308.01390, 2023.
1

[3] Jooyoung Choi, Jungbeom Lee, Chaehun Shin, Sungwon
Kim, Hyunwoo Kim, and Sungroh Yoon. Perception pri-
oritized training of diffusion models. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 11472–11481, 2022. 1

[4] Sri Harsha Dumpala, David Arps, Sageev Oore, Laura
Kallmeyer, and Hassan Sajjad. Seeing syntax: Uncover-
ing syntactic learning limitations in vision-language models.
arXiv preprint arXiv:2412.08111, 2024. 6

[5] Mariya Hendriksen, Maurits Bleeker, Svitlana Vakulenko,
Nanne Van Noord, Ernst Kuiper, and Maarten De Rijke. Ex-
tending clip for category-to-image retrieval in e-commerce.
In European conference on information retrieval, pages 289–
303. Springer, 2022. 2

[6] Mariya Hendriksen, Shuo Zhang, Ridho Reinanda, Mo-
hamed Yahya, Edgar Meij, and Maarten de Rijke. As-
sessing brittleness of image-text retrieval benchmarks
from vision-language models perspective. arXiv preprint
arXiv:2407.15239, 2024. 1

[7] Xiaoxing Hu, Kaicheng Yang, Jun Wang, Haoran Xu, Ziy-
ong Feng, and Yupei Wang. Decoupled global-local align-
ment for improving compositional understanding. In Pro-
ceedings of the 33rd ACM International Conference on Mul-
timedia, pages 3251–3260, 2025. 1, 2

[8] Weiquan Huang, Aoqi Wu, Yifan Yang, Xufang Luo, Yuqing
Yang, Liang Hu, Qi Dai, Chunyu Wang, Xiyang Dai,
Dongdong Chen, et al. Llm2clip: Powerful language
model unlocks richer visual representation. arXiv preprint
arXiv:2411.04997, 2024. 1, 2

[9] Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh,
Hieu Pham, Quoc Le, Yun-Hsuan Sung, Zhen Li, and Tom
Duerig. Scaling up visual and vision-language representa-
tion learning with noisy text supervision. In International
conference on machine learning, pages 4904–4916. PMLR,
2021. 1, 2

[10] Kenan Jiang, Xuehai He, Ruize Xu, and Xin Wang. Com-
clip: Training-free compositional image and text matching.
In Proceedings of the 2024 Conference of the North Ameri-
can Chapter of the Association for Computational Linguis-
tics: Human Language Technologies (Volume 1: Long Pa-
pers), pages 6639–6659, 2024. 2

[11] Amita Kamath, Cheng-Yu Hsieh, Kai-Wei Chang, and Ran-
jay Krishna. The hard positive truth about vision-language

compositionality. In European Conference on Computer Vi-
sion, pages 37–54. Springer, 2024. 2

[12] Sangeet Khemlani, Isabel Orenes, and Philip N Johnson-
Laird. The negations of conjunctions, conditionals, and dis-
junctions. Acta Psychologica, 151:1–7, 2014. 1

[13] Black Forest Labs. Flux. https://github.com/
black-forest-labs/flux, 2024. 1

[14] Feng Li, Renrui Zhang, Hao Zhang, Yuanhan Zhang, Bo Li,
Wei Li, Zejun Ma, and Chunyuan Li. Llava-next-interleave:
Tackling multi-image, video, and 3d in large multimodal
models. arXiv preprint arXiv:2407.07895, 2024. 1

[15] Haoxin Li and Boyang Li. Enhancing vision-language com-
positional understanding with multimodal synthetic data. In
Proceedings of the Computer Vision and Pattern Recognition
Conference, pages 24849–24861, 2025. 1, 2

[16] Junnan Li, Ramprasaath Selvaraju, Akhilesh Gotmare,
Shafiq Joty, Caiming Xiong, and Steven Chu Hong Hoi.
Align before fuse: Vision and language representation learn-
ing with momentum distillation. Advances in neural infor-
mation processing systems, 34:9694–9705, 2021. 1, 2

[17] Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi.
Blip: Bootstrapping language-image pre-training for unified
vision-language understanding and generation. In Interna-
tional conference on machine learning, pages 12888–12900.
PMLR, 2022. 1, 2

[18] Liunian Harold Li, Pengchuan Zhang, Haotian Zhang, Jian-
wei Yang, Chunyuan Li, Yiwu Zhong, Lijuan Wang, Lu
Yuan, Lei Zhang, Jenq-Neng Hwang, et al. Grounded
language-image pre-training. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pages 10965–10975, 2022. 1

[19] Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays,
Pietro Perona, Deva Ramanan, Piotr Dollár, and C Lawrence
Zitnick. Microsoft coco: Common objects in context. In
European conference on computer vision, pages 740–755.
Springer, 2014. 2, 7

[20] Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee.
Visual instruction tuning. Advances in neural information
processing systems, 36:34892–34916, 2023. 1, 2

[21] Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang
Zhang, Wangbo Zhao, Yike Yuan, Jiaqi Wang, Conghui He,
Ziwei Liu, et al. Mmbench: Is your multi-modal model an
all-around player? In European conference on computer vi-
sion, pages 216–233. Springer, 2024. 1

[22] Junsung Park, Jungbeom Lee, Jongyoon Song, Sangwon Yu,
Dahuin Jung, and Sungroh Yoon. Know” no” better: A data-
driven approach for enhancing negation awareness in clip.
In Proceedings of the IEEE/CVF International Conference
on Computer Vision, pages 2825–2835, 2025. 1, 2, 3, 4, 5, 6,
7

[23] Maitreya Patel, Abhiram Kusumba, Sheng Cheng,
Changhoon Kim, Tejas Gokhale, Chitta Baral, and Yezhou
Yang. Tripletclip: Improving compositional reasoning of
clip via synthetic vision-language negatives. Advances in
neural information processing systems, 37:32731–32760,
2024. 1, 2

[24] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,

https://github.com/black-forest-labs/flux
https://github.com/black-forest-labs/flux


Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning
transferable visual models from natural language supervi-
sion. In International conference on machine learning, pages
8748–8763. PmLR, 2021. 1, 2, 3

[25] Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu,
and Mark Chen. Hierarchical text-conditional image gener-
ation with clip latents. arXiv preprint arXiv:2204.06125, 1
(2):3, 2022. 2

[26] Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Björn Ommer. High-resolution image
synthesis with latent diffusion models. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 10684–10695, 2022. 2

[27] Uriel Singer, Adam Polyak, Thomas Hayes, Xi Yin, Jie An,
Songyang Zhang, Qiyuan Hu, Harry Yang, Oron Ashual,
Oran Gafni, et al. Make-a-video: Text-to-video generation
without text-video data. arXiv preprint arXiv:2209.14792,
2022. 2

[28] Amanpreet Singh, Ronghang Hu, Vedanuj Goswami, Guil-
laume Couairon, Wojciech Galuba, Marcus Rohrbach, and
Douwe Kiela. Flava: A foundational language and vision
alignment model. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pages
15638–15650, 2022. 1, 2

[29] Jaisidh Singh, Ishaan Shrivastava, Mayank Vatsa, Richa
Singh, and Aparna Bharati. Learn” no” to say” yes” bet-
ter: Improving vision-language models via negations. arXiv
preprint arXiv:2403.20312, 2024. 1, 2, 3, 4, 5, 6, 7

[30] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszko-
reit, Llion Jones, Aidan N Gomez, Łukasz Kaiser, and Illia
Polosukhin. Attention is all you need. Advances in neural
information processing systems, 30, 2017. 2

[31] Junke Wang, Dongdong Chen, Zuxuan Wu, Chong Luo, Lu-
owei Zhou, Yucheng Zhao, Yujia Xie, Ce Liu, Yu-Gang
Jiang, and Lu Yuan. Omnivl: One foundation model for
image-language and video-language tasks. Advances in neu-
ral information processing systems, 35:5696–5710, 2022. 1,
2

[32] Ziyue Wang, Aozhu Chen, Fan Hu, and Xirong Li. Learn to
understand negation in video retrieval. In Proceedings of the
30th ACM International Conference on Multimedia, pages
434–443, 2022. 1, 3

[33] Lu Yuan, Dongdong Chen, Yi-Ling Chen, Noel Codella,
Xiyang Dai, Jianfeng Gao, Houdong Hu, Xuedong Huang,
Boxin Li, Chunyuan Li, et al. Florence: A new
foundation model for computer vision. arXiv preprint
arXiv:2111.11432, 2021. 1, 2

[34] Xiang Yue, Yuansheng Ni, Kai Zhang, Tianyu Zheng, Ruoqi
Liu, Ge Zhang, Samuel Stevens, Dongfu Jiang, Weiming
Ren, Yuxuan Sun, et al. Mmmu: A massive multi-discipline
multimodal understanding and reasoning benchmark for ex-
pert agi. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 9556–9567,
2024. 1

[35] Xiaohua Zhai, Xiao Wang, Basil Mustafa, Andreas Steiner,
Daniel Keysers, Alexander Kolesnikov, and Lucas Beyer.
Lit: Zero-shot transfer with locked-image text tuning. In

Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 18123–18133, 2022. 1,
2

[36] Fan Zhang, Xian-Sheng Hua, Chong Chen, and Xiao Luo. A
statistical perspective for efficient image-text matching. In
Proceedings of the 2024 Conference of the North American
Chapter of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long Papers),
pages 355–369, 2024. 1


	Introduction
	Related Work
	Vision-Language Models and Limitations
	Understanding Negation

	Preliminaries
	Proposed Method
	Two Types of Negation Tasks
	Contrastive Objectives
	Layer-wise Negation Learning Analysis
	Omni-NegCLIP Fine-tuning Pipeline

	Experimental Results
	Experimental Setup
	Main Results

	Ablation
	Conclusion

