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Abstract

Vision-Language Models (VLMs) like CLIP struggle to un-
derstand negation, often embedding affirmatives and nega-
tives similarly (e.g., matching “no dog” with dog images). Ex-
isting methods refine negation understanding via fine-tuning
CLIP’s text encoder, risking overfitting. In this work, we pro-
pose CLIPGLASSES, a plug-and-play framework that en-
hances CLIP’s ability to comprehend negated visual descrip-
tions. CLIPGLASSES adapts a dual-stage design: a Lens
module disentangles negated semantics from text embed-
dings, and a Frame module predicts context-aware repul-
sion strength, which is integrated into the modified similar-
ity computation to penalize alignment with negated seman-
tics, thereby reducing false positive matches. Experiments
show that CLIP equipped with CLIPGLASSES achieves com-
petitive in-domain performance and outperforms state-of-the-
art methods in cross-domain generalization. Its superiority is
especially evident under low-resource conditions, indicating
stronger robustness across domains.

Code — https://github.com/Codecode- X/CLIPGlasses.git

Introduction

Recent advances in large-scale pretraining have advanced
Vision-Language Models (VLMs), with CLIP (Radford
et al. 2021) emerging as a foundational model. CLIP enables
cross-modal alignment by projecting images and texts into a
shared embedding space, underpinning core tasks such as
retrieval, captioning, and text-conditioned generation.

However, CLIP exhibits notable limitations in modeling
negation semantics. As shown in Figure 1, CLIP fails to
properly handle negation cues like “no” or “without” in text
inputs, incorrectly matching negated concepts with corre-
sponding visual content rather than recognizing their ab-
sence. This failure stems from the sparsity of negation ex-
pressions in pretraining corpora (i.e., only 0.7% (Park et al.
2025)), which prevents contrastive learning from effectively
capturing semantic polarity reversals.

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
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Figure 1: CLIPGLASSES enhances CLIP’s capacity for
negation understanding by introducing a dynamic repulsion
mechanism that suppresses image-text similarity for negated
concepts, thus enabling inverse matching while preserving
alignment with affirmed content.

Several existing approaches have attempted to adapt
CLIP models to negation-sensitive tasks through parame-
ter fine-tuning (Yuksekgonul et al. 2022; Alhamoud et al.
2025; Park et al. 2025; Singh et al. 2025), but these ap-
proaches poses two critical drawbacks. First, constructing
large-scale negation-annotated datasets is time-consuming
and resource-intensive. Second, fine-tuning introduces the
risk of catastrophic forgetting, whereby enhanced negation
understanding comes at the expense of deteriorating general-
purpose performance. This represents a fundamental trade-
off between specialized capability and broad applicability.

To address these limitations, we draw inspiration from
two key observations. First, although affirmative and neg-
ative semantics lie close in CLIP’s feature space, visual-
ization analysis (Figure 2) reveals structured separability
enabled by layer-specific encoding (Quantmeyer, Mosteiro,
and Gatt 2024), indicating the feasibility of disentangling
negation-related information from CLIP-encoded text em-
beddings. Second, cognitive studies show that humans pro-
cess negation in two stages, first identifying the negated con-



cept, then inverting its meaning (Kaup, Zwaan, and Liidtke
2007; Orenes, Beltran, and Santamaria 2014; Zuanazzi et al.
2024). Guided by these insights, we design a plug-and-
play framework CLIPGLASSES that leverages CLIP’s latent
negation representations and emulates this two-stage pro-
cess.

Specifically, CLIPGLASSES extends CLIP through two
lightweight modules. The Lens module disentangles negated
semantics from text embeddings, while the Frame module
predicts context-dependent repulsion strength. These com-
ponents jointly enable a modified similarity computation:
negated content identified by Lens is explicitly penalized
through repulsion vectors whose magnitude is dynamically
scaled by Frame’s strength predictions. This integrated pro-
cess is visually summarized in Figure 3. To coordinate these
components, we employ a progressive three-stage regimen
with frozen CLIP parameters: first training Lens to dis-
entangle negated text representations, then training Frame
to model dynamic repulsion using ground-truth negation
features, and finally joint optimization of both modules
with Lens outputs to enhance synergy. In this way, instead
of modifying the model’s “eyes”, we simply let it wear
“glasses” to better perceive the negation.

Experimental results establish CLIPGLASSES’s balanced
advantages through systematic comparisons. While fine-
tuning baselines overfit negation datasets for marginal in-
domain gains (CoN-CLIP: 99.70% vs. our 96.56% on
CC-Neg-val), this incurs unwilling costs: degraded cross-
domain generalization (25.70% vs. our 34.51% on Neg-
COCO-MCQ). Under low-resource constraints (SK images),
these limitations intensify—our approach surpasses CoN-
CLIP by 27.45 points on CC-Neg-val and 5.29 points on
Neg-COCO-MCQ. Moreover, unlike fine-tuning approaches
that impair CLIP’s native zero-shot performance on standard
non-negation benchmarks, our non-invasive architecture ef-
fectively preserves these intrinsic capabilities. These results
substantiate the efficacy of CLIPGLASSES in achieving
transferable, semantically grounded negation understanding
without sacrificing model robustness or generalization. We
summarize our key contributions as follows:

* We present CLIPGLASSES, a non-intrusive framework
enhancing CLIP’s negation modeling via human-inspired
two-stage processing without parameter modification.

* We design a novel architecture, including a syntax-
semantic Lens for disentangling negation semantics, and
a Frame for modeling context-aware repulsion, and a
modified similarity computation that explicitly reverses
alignment with negated content.

Our method attains state-of-the-art trade-offs between in-
domain accuracy and cross-domain generalization, with-
out compromising CLIP’s native zero-shot abilities.

Related Work

Vision-Language Models and Their Limitations. Vision-
language models like CLIP (Radford et al. 2021) demon-
strate strong performance on broad cross-modal tasks, in-
cluding retrieval (Qin et al. 2025; Caffagni et al. 2025; Fang
et al. 2024; Zhang et al. 2025a; Li et al. 2025b; Zhang et al.
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2025b; Li et al. 2025a), captioning (Kim et al. 2025; Nam
et al. 2025; Li et al. 2025¢) and VQA (Xing et al. 2024;
Sun et al. 2024; Jiang et al. 2025) and generation (Zhang
et al. 2025d; Feng et al. 2025; Rombach et al. 2022; Zhang
et al. 2025¢; Fang et al. 2025; Zhang et al. 2025¢), lever-
aging representations learned from large-scale noisy image-
text pairs. However, they exhibit critical deficiencies in fine-
grained semantic understanding, manifesting in four key ar-
eas: over-reliance on shallow statistical cues (Zhang et al.
2023; Geirhos et al. 2020), failures in compositional rea-
soning (Yuksekgonul et al. 2022; Thrush et al. 2022), weak
attribute grounding, and bag-of-words-like text processing
that ignores syntactic structure (Koishigarina, Uselis, and
Oh 2025). Negation understanding poses a particularly chal-
lenging case, with VLMs frequently failing to distinguish
negated and affirmative inputs (Morante and Blanco 2021;
Ma et al. 2023) due to affirmation bias and scarcity of
negation in pretraining data (occurring in <0.7% of cap-
tions (Park et al. 2025)), significantly impairing negation-
sensitive applications, such as medical or clinical scenar-
ios (Ko and Park 2025; Su et al. 2025).

Prior Work on Negation Understanding. Existing meth-
ods universally fine-tune CLIP’s text encoder and fall into
two categories based on data strategy: (1) Compositional
Perturbation, typified by NegCLIP (Yuksekgonul et al.
2022), which uses word-order shuffling to simulate syntac-
tic variation in negation; and (2) Paraphrastic Augmenta-
tion, including CoN-CLIP (Singh et al. 2025), Negation-
CLIP (Park et al. 2025), and NegBench (Alhamoud et al.
2025), which leverage LLM-generated negatives to enrich
contrastive training. While effective in-domain, these meth-
ods overwrite CLIP’s pretrained representations, risking
overfitting, catastrophic forgetting (Zhai et al. 2024; Jha,
Gong, and Yao 2024; Li et al. 2024), and poor cross-domain
generalization due to the lack of explicit negation modeling.
In contrast, CLIPGLASSES introduces dedicated negation
reasoning via architectural extensions, preserving CLIP’s
zero-shot capabilities without modifying its parameters.

Preliminary: Two-Stage Modeling for
Negation Understanding

Although affirmative and negative semantics are often em-
bedded in close proximity within CLIP’s feature space, vi-
sualization analysis (See Figure 2) reveals a promising po-
tential for semantic disentanglement. This separability arises
from layer-specific negation encoding mechanisms (Quant-
meyer, Mosteiro, and Gatt 2024) and forms a solid basis for
targeted extraction of negation-related information.
Additionally, findings from cognitive neuroscience indi-
cate that humans typically process negation in two distinct
stages (Kaup, Zwaan, and Liidtke 2007; Orenes, Beltran, and
Santamaria 2014; Zuanazzi et al. 2024): First, by identifying
the target object or concept being negated; Second, by in-
verting its semantic implication to derive the negated mean-
ing. Inspired by this two-stage cognitive mechanism, we
propose a corresponding computational modeling strategy to
better handle negation in vision-language alignment. In the
first stage, the model explicitly identifies and extracts nega-
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Figure 2: t-SNE (Cai and Ma 2022) visualization of CLIP
text features for multiple positive-negative sentence pairs
(e.g., “there is a woman” vs. “there is not a woman”). Cir-
cles and squares denote positive and negative forms, colors
distinguish different pairs. Feature clusters across pairs are
well-separated, showing CLIP’s strong instance-level dis-
crimination. However, positive and negative features within
individual pair remain closely positioned, indicating that
while CLIP has limited negation modeling capabilities, there
exists clear potential for semantic disentanglement.

tion semantics from textual features. In the second stage, it
modulates the image-text similarity by explicitly suppress-
ing alignment with negated concepts.

Methodology

To instantiate the two-stage modeling paradigm outlined
above, we propose CLIPGLASSES, a modular extension to
CLIP for negation-aware vision-language alignment. It com-
prises two components: Lens, which disentangles negated
semantics from text embeddings, and Frame, which pre-
dicts context-dependent repulsion strength. These compo-
nents are integrated into a modified similarity computation
that penalizes alignment with negated content. An overview
of the architecture is shown in Figure 3. We describe the ar-
chitecture and functionality of each module in the following
and then present the final matching strategy.

Lens: Syntax—Semantic Dual-Stream Architecture

While CLIP’s text encoder effectively models affirmative se-
mantics, it lacks explicit mechanisms for capturing the struc-
tural and contextual characteristics of negation. As a result,
its output features often fail to distinguish the semantic dif-
ferences inherent in negated expressions. To address this
limitation, we propose the Lens module, a syntax-semantic
dual-stream architecture that explicitly models negation-
aware text representations via hierarchical attention.

Syntactic Stream. Natural language negation frequently
manifests through syntactic patterns (e.g., auxiliary con-
structions like “do not”, adverbials like “never’”) that ex-
hibit local structural dependencies. To capture these cues, we
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extract features 77,75, T3 from the first three layers of the
CLIP text encoder, which encode low-level syntactic infor-
mation (Quantmeyer, Mosteiro, and Gatt 2024). Each layer’s
features are projected into a shared latent space via the trans-
formation:

P(X) = LN(GELU(W X)) (1)

where W denotes a learnable weight matrix unique to each
projection instance, GELU is the Gaussian Error Linear
Unit (Hendrycks and Gimpel 2016), and LN represents
Layer Normalization (Ba, Kiros, and Hinton 2016). The re-
sulting query vectors are:

Qi = Pq,i(iri)a Z S {17273} (2)

Semantic Stream. While syntactic structures signal nega-
tion expression, precise interpretation requires global se-
mantic comprehension. For instance, in the sentence “He
claimed he finished the work, but actually hadn’t”, the nega-
tion scope of “hadn’t” depends critically on the antecedent
context (“finished the work”) and the contrastive conjunction
(“but’). To capture such context-dependent negation, we uti-
lize the final-layer output 7¢j;;, of the CLIP text encoder (Lin
et al. 2024; Jing et al. 2024), which provides globally con-
textualized representations for generating:

K= Pk(Tclip)a V; = Pv,i(Tclip)a 1€ {17 27 3} (3)

Hierarchical Attention Fusion. Syntactic representations
from different layers encode linguistic features at vary-
ing granularities: (7 captures local token interactions (e.g.,
negation particles and adjacent verbs), while the deeper Q3
encodes phrasal-level dependencies. To dynamically inte-
grate these hierarchical patterns with global semantics, we
compute attention weights between each ; and the seman-
tic key K, modulated by learnable scalars «; that adaptively
calibrate each syntactic level’s contribution:

%

Residual Gating. While hierarchical attention enriches
the representation with negation-relevant structure, over-
reliance on it may cause semantic drift or loss of core con-
tent. To address this,we apply a residual gate that adaptively
blends the attended representation with the original CLIP
features:

3
Tottn = Z softmax

i=1

+ log ai) Vi @)

g = J(WgTattn + bg) (5)

Tneg =FFN (g © Tattn + (1 - g) © Tclip) (6)

where o is the sigmoid and ® denotes Hadamard multipli-

cation. The gate g acts as a soft selector, allowing the model

to amplify structural adjustments only when necessary. The

bias by is initialized to a negative value to favor original

features during early training. Finally, a feed-forward neu-
ral network (FFN) refines the output representation.

Frame: Cross-Modal Dynamic Repulsion Weight
Generator

Negation in language varies in intensity and contextual nu-
ance (e.g., “not” vs. “may not”), directly affecting the degree
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Figure 3: CLIPGLASSES enhances CLIP’s capability to model negative semantics by introducing two modules: Lens and
Frame. Lens disentangles negated concepts (e.g., “dog” in “no dog”) from the text embedding T;p. Frame dynamically predicts
a repulsion strength A based on cross-modal context. The final similarity score is computed as S = Spr — A - Spt, aligning
images with affirmed content while repelling from negated concepts when negation is present in the text.

to which negated concepts influence vision-language align-
ment. To address this, the Frame module dynamically esti-
mates a repulsion weight A based on joint image-text repre-
sentations, which governs the strength of semantic inversion.
Cross-Modal Context. Negation is inherently linguistic, yet
its interpretation is often grounded in visual context (Sun
et al. 2021; Janssens et al. 2024). To estimate )\ in a context-
aware manner, we first encode cross-modal interactions by
allowing each modality to attend to the other.

Before fusing the textual and visual features, we apply
L2 normalization to eliminate scale discrepancies that could
hinder effective attention. For numerical stability, a small
constant € is added in the denominator when normalizing
the negated text feature:

Iclip =

Ly = Tclip
o ||Tclip||2’

neg

Iclip Tneg

||Iclip||2 ’

To capture bidirectional cross-modal dependencies, we
employ a joint self-attention mechanism (Vaswani et al.
2017) over concatenated text and image features. Compared
to directional cross-attention, this symmetric early fusion
enables both modalities to attend to each other jointly, avoid-
ing representational bias. Formally:

Fro = SeltAttn ([Tui: L] ) € R2*P ®)

Since X modulates textual semantics, its estimation should
be grounded in a representation that is text-centric yet con-
textually enriched by visual cues. We thus retain only the

1 Tegllz +
™
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text-side output F&ZI from the joint self-attention. To pre-
serve original semantics while enabling adaptive fusion, we
apply a residual connection:

Fts ©)
where « € [0, 1] is a learnable scalar (initialized to 0.1) that
controls the balance between the original and the context-
enhanced text features.

Dynamic Repulsion Weight. Estimating the repulsion
strength A hinges on highlighting negated semantics relevant
to the fused text-visual context. Since negation inherently in-
volves contrasting the original semantics with negated con-
cepts, a mechanism that attends to the negated features con-
ditioned on the enriched textual context is essential.

To this end, we first compute a cross-attention output C,
where the fused representation Ti,s acts as the query, and
the negated semantics Tneg serve as keys and values. This al-
lows the model to dynamically align and weight the negated
information relevant to the current context:

Tfuse =« Tclip +

C = CrossAttn(Ttuse; Tnegs Tneg) (10)
e S 4
Q K \%

Next, the repulsion weight \ is estimated by projecting
the concatenation of the fused feature 7Tt,s and the cross-
attention output C' through a learnable linear layer followed
by a sigmoid activation:

)\:U(WA[Tfuse;C]+b>\) (11)



Image-Text Matching

With the negated text representation 7},, generated by the
Lens module and the context-sensitive repulsion weight A
estimated by the Frame module, we now describe how these
components jointly contribute to the final image-text match-
ing objective. The core idea is to preserve the original align-
ment ability of CLIP while penalizing false positives caused
by visual-textual agreement with negated semantics.

The final similarity score thus combines a standard match-
ing term with a negation-aware repulsion component. For
generality across both text-to-image and image-to-text re-
trieval, we adopt a unified notation where ¢ denotes the
query modality (either text or image) and k denotes the key
modality (the corresponding paired instance).

Basic Similarity Calculation. We begin with the original
CLIP similarity as the base score. This term reflects the se-
mantic alignment between the image and the text:

q"k

llall2l %l

where 6 is the temperature parameter of the pretrained
CLIP model.

Negation-aware Similarity Adjustment. While the base
similarity captures standard semantic alignment, it is insuf-
ficient for handling negation. If the text explicitly negates
certain visual content, the model must reduce the match-
ing score accordingly. To this end, we introduce a negation-
aware repulsion term that reflects how well the image aligns
with the negated semantics. The repulsion term is computed

q" Fneg

by:
PRI AT (13)
llall2llFneg 2 >

where the max(-,0) operation ensures that the repulsion
term only penalizes positive alignment with negated con-
cepts, preventing undesirable score inflation.

Final Similarity Score. To avoid unnecessary interference
in affirmative cases and better preserve CLIP’s performance
on general (non-negated) tasks, we further introduce a con-
ditional mask that selectively activates the repulsion term
based on the presence of negation.

Concretely, we define a binary decision variable M ¢
{0,1} that determines whether the similarity score should
be corrected. The decision is made by a lightweight negation
classifier G : R — [0, 1], which predicts the probability of
negation from the original text representation:

Sbase(qa k) (12)

= exp(fr) -

Rneg = A - max (eXp(QT) .

M= ]I[g( clzp) > Tneg} (14)

where Tyeg is a threshold (default 0.5). The classifier G is
implemented as a two-layer MLP.

The repulsion term R ;g is applied only when M = 1,
ensuring that the correction is restricted to negated inputs
while maintaining standard CLIP behavior elsewhere.

The final similarity score integrates the base CLIP similar-
ity with the negation-aware repulsion term under the control
of the conditional mask:

S = Sbase -M- 7—\>'neg (15)
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To ensure stable optimization, the mask is fixed to M = 1
during training, allowing gradients to propagate consistently.
It is only activated at inference time to selectively suppress
negated alignments.

Training Strategy

We adopt a staged training strategy to progressively model
cross-modal negation semantics. The process consists of
three phases: (1) training the Lens module to capture fine-
grained representations of negated text; (2) training the
Frame module to establish dynamic interactions between
negation and image features; and (3) joint optimization to
enhance collaboration between the two modules.

Stage 1: Independent Training of the Lens Model. In
this stage, we extract the negated object from the input text
and generate a short prompt (e.g., “This image shows a
{negobj}”). This prompt is then passed to the CLIP text en-
coder to extract the ground truth negation feature T,% €

RP as the supervision signal.

We design a training objective that combines the seman-
tic similarity loss Lgiy, and the cross-modal alignment loss
Latign to ensure the learned negation features are both accu-

rate and aligned with image features:

L= »Csim + 5£align (16)

The semantic similarity loss Lg,, ensures semantic con-
sistency between the predicted negation feature 7., and the
: neg,
ground truth negation feature 77 -*:

B (4) . gmeg, ()
Lo — 1 Tneg'jjobJ (17)
stm B T( Tneg ,(9)

=1 1 Toegll2 )| Ton;" M2

The cross-modal alignment loss Laiien constrains the
alignment between the negation feature 7T},, and the image
feature I, preventing semantic drift:

ZB: T 1O TV L 10)

'111gn: = .

B || T 1192 ||Tosjg(”|| 1162
(18)

Additionally, we implement a dynamic loss balancing

strategy, starting with a higher emphasis on semantic sim-
ilarity (0 = 0.5) and gradually shifting weight toward the
cross-modal constraint (§ = 1.0) to stabilize negation repre-
sentation learning before enforcing image alignment.
Stage 2: Independent Training of the Frame. In this stage,
the ground-truth negation feature 77,7 € RP is directly
used as input to the Frame module, serving as the predicted
negation feature from the Lens. Training is based on a gen-
eralized InfoNCE loss:

eS(a.kh)

eS(a,k™) -+ Zk*e./\f eS(a:k™)
19)
where ¢ denotes the query feature, k™ the corresponding
positive key, and N the set of negative keys k. The simi-
larity function S(-, -) is defined as in Eq. (15).

—log

»Cgen(Qa k+,./\/) =



Training Size

Testing

Method Training Set (Images/Captions)  Testing Set Accuracy Testing Set Accuracy
NegCLIP COCO-caption 82K/31K CC-Neg-val 62.63% Neg-COCO-MCQ 10.20%
CoN-CLIP CC-Neg 188K/376K CC-Neg-val 99.70% Neg-COCO-MCQ 25.70%
CLIPGlasses CC-Neg 188K/376K CC-Neg-val  96.56%314% Neg-COCO-MCQ 34.51%*881%
CoN-CLIP  Neg-COCO-R 5K/22K CC-Neg-val 65.91% Neg-COCO-MCQ 30.61%
CLIPGlasses Neg-COCO-R 5K/22K CC-Neg-val  93.36%*%"4% Neg-COCO-MCQ 35.90%*>*%

Table 1: Performance comparison highlighting the trade-off between in-domain fitting and cross-domain generalization.

Depending on the availability of hard negatives, the loss is

applied in two ways. When explicit hard negatives are avail-
able (e.g., from the CCNeg dataset), training is performed
using constructed triplets (g, k™, k™). Otherwise, in-batch
contrastive learning is adopted, treating all other batch sam-
ples as implicit negatives.
Stage 3: Joint Training of Lens and Frame. After train-
ing the Lens and Frame separately, we further design a
joint training process to optimize their collaborative effect.
Specifically, based on the training strategy of Stage 2, the
ground-truth negated object feature 77,7 € RP in the input
of the Frame is replaced with the output 75,4 of the Lens
module, while the rest of the settings remain the same as in
Stage 2.

Comparative Experiments

To validate our method, we conduct systematic compar-
isons with state-of-the-art baselines, evaluate the retention
of CLIP’s zero-shot capabilities, and perform ablations to
assess the contributions of individual components.

Comparative Analysis

Existing work typically fine-tunes CLIP’s text encoder with-
out architectural changes. Given their structural homogene-
ity—differing primarily in training data—we focus on two
fully open-source, paradigm-representative baselines: Neg-
CLIP (Yuksekgonul et al. 2022) and CoN-CLIP (Singh et al.
2025). Comparative results are shown in Table 1.

Trained on the CC-Neg dataset (Singh et al. 2025) (188K
images, 376K captions), CLIPGlasses achieves 96.56% ac-
curacy on the in-domain CC-Neg-val set. While slightly be-
low CoN-CLIP’s 99.70%, this reflects a deliberate design
choice to prioritize generalization over overfitting. The ben-
efit becomes evident on the cross-domain Neg-COCO-MCQ
benchmark (Alhamoud et al. 2025), where CLIPGlasses sur-
passes CoN-CLIP by 8.81 percentage points (34.51% vs.
25.70%).

Under low-resource conditions using the Neg-COCO-R
subset (5K images, 22K captions; Alhamoud et al. 2025),
this advantage becomes more pronounced: CLIPGlasses
outperforms CoN-CLIP by 27.45 points on CC-Neg-val
(93.36% vs. 65.91%) and by 5.29 points on Neg-COCO-
MCQ (35.90% vs. 30.61%).

These results highlight two core limitations of fine-
tuning-based approaches: reliance on large-scale data, as
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Method Training Set  ImageNet caltech101
Vanilla CLIP - 53.87 90.96
CoN-CLIP CC-Neg 50.98 88.91
CLIPGLASSES Neg-COCO-R 53.51 90.54
CLIPGLASSES CC-Neg 53.28 90.97

Table 2: Zero-shot performance on standard non-negation
benchmarks for models trained on negation datasets.

seen in CoN-CLIP’s drop under constraints, and the absence
of explicit negation modeling, as reflected in NegCLIP’s per-
sistently low performance. In contrast, our non-invasive ar-
chitecture maintains consistent performance across settings,
validating its strength in capturing transferable, semantically
grounded negation.

Inherent Ability Retention Analysis

A critical concern in enhancing negation understanding is
whether such improvements come at the cost of a model’s
inherent strengths. To assess this, we compare zero-shot
performance on standard non-negation benchmarks (Ima-
geNet (Deng et al. 2009) and Caltech101 (Li et al. 2022))
after training on negation datasets.

As shown in Table 2, CLIPGLASSES retains near-original
performance, matching or even surpassing the vanilla CLIP
on both datasets. In contrast, the CoN-CLIP shows notable
degradation, particularly on ImageNet. These results con-
firm that our non-invasive design preserves CLIP’s general
visual-language alignment ability while enhancing negation
understanding.

Ablation Analysis

To assess the individual contributions of key components,
we conduct hierarchical ablation experiments on the CC-
Neg dataset. Using the full model as our reference standard,
we evaluate two key metrics: classification accuracy (Ac-
curacy) and the average confidence margin between positive
and negative pairs, termed false alignment rate (FAR), which
is defined as:

1 N
FAR:N;\sj—sﬂ

where s; and s; denote the similarity scores between the
image and the positive and negative captions in the i-th sam-

(20)



Ablation Setting Acc AAcc FAR AFAR
Lens Module

w/o Syntax Stream 94.09% -247% 44927 -3.3326

w/o Semantic Stream  94.93% -1.63% 6.0925 -1.7328

w/o Residual Gating ~ 68.93% -27.63% 0.7875 -7.0378
Frame Module

w/o Cross-modal 93.79% -2.77% 7.3051 -0.5202

w/o Repulsion weight  63.74% -32.82% 0.5684  -7.2569

Full Model 96.56 % - 7.8253 -

Table 3: Ablation on CC-Neg evaluating the Lens and Frame
modules. “Acc” and “FAR” refer to Accuracy and false
alignment rate respectively, A denotes the performance drop
relative to the full model.

ple, and N is the total number of samples. Higher FAR in-
dicates stronger discriminative ability between affirmations
and negations. The results of the ablation experiments are
shown in Table 3.

Effect of Syntactic Stream. Removing the syntactic stream
results in a 2.47% decrease in accuracy and a more substan-
tial 3.33-point decline in FAR, demonstrating its critical role
in enhancing the model’s structural sensitivity to negation.
In particular, the reduction in FAR indicates diminished con-
fidence in negation detection, underscoring the essential role
of syntactic grounding in achieving reliable alignment.
Effect of Semantic Stream. Excluding the semantic stream
results in a 1.63% accuracy drop and a 1.73-point reduc-
tion in FAR. These results indicate that while syntactic pat-
terns effectively locate negation cues, accurate interpretation
requires access to global semantic context. The semantic
stream, derived from the final CLIP layer, enables the model
to identify the target of negation by capturing sentence-level
meaning. Without this semantic grounding, the model ex-
hibits reduced performance in disambiguating negation, par-
ticularly when polarity lacks explicit syntactic markers.
Effect of Residual Gating. Disabling the residual gating
leads to a substantial 27.63% drop in accuracy and a 7.04-
point reduction in FAR, demonstrating severe degradation
in both classification and discriminative confidence. This
validates the critical importance of balancing syntactic at-
tention with the original semantic representation. Without
residual gating, the model becomes susceptible to overfitting
on structurally salient yet semantically irrelevant patterns,
particularly in linguistically ambiguous contexts. The gat-
ing mechanism enables the model to preserve core sentence
meaning when structural alignment is uncertain, thereby en-
hancing the robustness and stability of negation reasoning.
Effect of Cross-modal Context. Disabling cross-modal in-
teraction results in a 2.77% accuracy decline and a 0.52-
point reduction in FAR. Under this configuration, the re-
pulsion weight X is estimated solely from textual features,
thereby limiting the model’s ability to adjust repulsion
strength based on visual content—a critical component for
context-aware negation understanding.

Effect of Dynamic Repulsion Weight. We observe substan-
tial performance degradation upon removing this module
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Figure 4: Distribution of predicted repulsion weight A under
varying negation strengths. Stronger negations (e.g., “no”
yield higher A, confirming the model’s ability to adaptively
modulate semantic repulsion.

(32.82% accuracy decrease) underscores its critical impor-
tance. This ablation result motivates a deeper investigation
into the underlying mechanisms driving its contribution. We
hypothesize that the module’s primary function is to dynam-
ically calibrate repulsion strength according to the linguistic
intensity of negation. To test this hypothesis, we evaluate the
predicted X values across a controlled spectrum of negation
intensities. Using Qwen2.5-72B (Yang et al. 2024), we gen-
erate four recaptioned variants for 500 randomly sampled
CC-Neg examples, each corresponding to four distinct lev-
els of negation strength: strong (“no”), moderate (‘“not any”),
weak (“appears to be absent”), and weakest (“may not be”).

As shown in Figure 4, the predicted A distributions exhibit
a consistent decreasing trend aligned with the reduction in
negation strength. These results demonstrate that the mod-
ule adaptively modulates repulsion intensity in response to
linguistic cues.

Conclusion

In this paper, we present CLIPGLASSES, a novel frame-
work that addresses CLIP’s limitations in negation under-
standing. Our non-intrusive design introduces cognitively
inspired modules: a Lens for disentangling negated seman-
tics and a Frame for modeling context-aware repulsion, to-
gether enabling negation-sensitive similarity computation
without modifying CLIP’s pretrained parameters. Experi-
ments show that our method achieves competitive in-domain
accuracy, state-of-the-art cross-domain generalization and
low-resource robustness, all while preserving CLIP’s na-
tive zero-shot capabilities. Nevertheless, a shared limitation
across current methods remains in handling non-visual nega-
tions (e.g., “not authentic”). Future work will explore inte-
grating commonsense knowledge to address such cases.
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