JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021
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Abstract—In this paper, we study a practical but less-touched
problem in Vision-Language Models (VLMs), i.e., negation un-
derstanding. Specifically, many real-world applications require
models to explicitly identify what is false or non-existent, e.g., ra-
diologists may search for images that exclude specific conditions.
Despite the impressive transferability of VLMs through large-
scale training, they suffer from a critical limitation that fails
to handle negation. To address this challenge, existing methods
attribute its root cause to the scarcity of negation training data
and propose to fine-tune VLMs on massive data containing ex-
plicit negation. Undoubtedly, such data-centric solutions demand
substantial data and computational resources, limiting their
sustainable widespread adoption. To tackle negation in a low-
carbon manner, we empirically observe that the key obstacle lies
in the dual-concept shifts between the affirmation and negation
distributions. Therefore, we propose a Negation-Aware Test-Time
Adaptation (NEAT) method to efficiently adjust distribution-
related parameters during inference. In brief, NEAT can reduce
distribution shift in consistent semantics while eliminating false
distributional consistency in unrelated semantics. Extensive ex-
periments on the various negation understanding tasks verify the
effectiveness of the proposed method. Remarkably, with less than
0.01% of trainable parameters, NEAT achieves comparable or su-
perior performance to state-of-the-art post-training approaches.
Our code is available at https://github.com/hhc1997/NEAT.

Index Terms—Negation Understanding, multi-modal Learning,
Vision-language Models, Test-time Adaptation.

I. INTRODUCTION

Negation, a fundamental logical concept, benefits human
perception and decision-making by encoding information
about non-existent entities. Recent studies in cognitive science
[8], [16], [40] show that humans first understand negation
before developing broader world knowledge: even 18-month-
olds can use negative sentences to constrain novel object
meanings [8].

However, such cognitive processes in humans do not
emerge in advanced multi-modal artificial intelligence, espe-
cially Vision-Language Models (VLMs). Conversely, despite
learning rich open-world concepts from millions of image-text
pairs, VLMs fail to comprehend negation [2], [34], severely
hindering their applications in many real-world scenarios. For
example, drones might query “a road without ice” during
extreme weather rescue missions, or a radiologist may search
for images showing “pulmonary nodules without malignant
features”. Therefore, understanding what is false or non-
existent is crucial for VLMs to perform precisely.
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Fig. 1. A toy example to illustrate the dual-concept shifts problem in Vision-
Language Models when understanding negation. Negation-conditioned (NC)
texts negate absent elements and share consistent semantics with affirmative
ones. Reversed negation-conditioned (RNC) texts wrongly affirm absent
elements and negate present ones, which are semantically opposite to NC texts.
Although CLIP learns diverse open-world knowledge, it exhibits a similarity
gap between affirmative and NC texts, and high similarity between NC and
RNC texts. We show how distributional adaptation can tackle this issue.

To achieve reliability against negation, existing methods [2],
[34], [39] propose that the root cause lies in the scarcity
of negation terms in VLMs’ pre-training data, and resort to
generating negation-inclusive data for post-training. Specifi-
cally, NegBench [2] introduces the large-scale synthetic dataset
NegFull, which generates more than 70 million image-text
pairs containing explicit negation based on CC12M [5]. The
concurrent work NegationCLIP [34] proposes two data genera-
tion pipelines using Large Language Model (LLM) and Multi-
modal Large Language Model (MLLM) to augment captions
with negation. Despite the success, these data-centric ap-
proaches require substantial data and computational resources,
limiting their sustainable widespread adoption. Thus, it is
essential to endow VLMs with negation-aware capabilities in
a cost-effective manner.

In this paper, we think outside the box of complex post-
training and argue that—the key obstacle to negation under-
standing is the dual-concept shifts between the affirmation and
negation distributions. Taking the prevailing CLIP [36] for
example, as illustrated in Fig. 1, CLIP exhibits a significant
similarity gap between the affirmative caption and its negation-
conditioned caption, e.g., specifying ‘no pedestrian’ for a more
precise description, despite them sharing consistent semantics.
On the other hand, CLIP shows incorrect similarity between
the negation-conditioned caption and its semantically reversed
counterpart, e.g., negating existent entities (bus) and wrongly
affirming absent ones (pedestrian). As a result, VLMs only
interpret negation statements as bags of words and may even
produce entirely incorrect judgments.

Based on the above discussions and observations, instead of
the full-parameter fitting on negation data, we propose only
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adjusting distribution-related parameters (e.g., normalization
layers) to tackle the dual-concept shifts during inference. To
be specific, we propose a novel Negation-Aware Test-time
Adaptation (dubbed NEAT) framework, which can rapidly
learn from unlabeled multi-modal negation data and then
make reliable predictions. Our NEAT encapsulates three key
components. First, the negation-separated refinement module
is adopted to obtain refined entropy between negated captions
and visual content, where descriptions are decomposed into
two affirmative parts for VLMs to handle adeptly. Second,
to address the false distributional consistency in unrelated se-
mantics, we propose to view the reversed negation-conditioned
caption as the hardest negative information that shares opposite
semantics to its corresponding visual sample. Theoretically,
we show that this reversed contrastive objective only requires
comparing against limited visual samples and is equivalent to
a simple metric loss. Third, to achieve efficient adaptation, we
suggest directly reducing the textual-distribution gap arising
from dual-concept shifts. Empirically, NEAT establishes state-
of-the-art performance on multiple negation benchmarks that
span images, videos, and medical scenarios, outperforming the
expensive post-trained baselines by a significant margin and
observing strong generalization ability in adapted VLMs.
Our main contributions are summarized as follows:

o To the best of our knowledge, this work could be the first
study to enhance negation understanding of VLMs via
test-time adaptation. We reveal that the key to negation
understanding is the dual-concept shifts problem between
affirmation and negation distributions, which could be
addressed by adapting lightweight normalization layers
of models.

« We propose a novel test-time adaptation method named
NEAT, which comprises three key components: the
negation-separated entropy refinement to reduce distribu-
tion shift in consistent semantics, the reversed contrastive
learning to eliminate the false distributional consistency
in unrelated semantics, and the debiased textual learning
to further achieve efficient adaptation.

« Extensive experiments verify the effectiveness of the
proposed method. Remarkably, our NEAT achieves com-
parable or even superior performance to the best CLIP-
based post-training baseline with significantly reduced
resources—using less than 0.36%o of the data (unlabeled)
and 0.014%o of the trainable parameters. Moreover, the
adapted layers show strong transferability that can be
directly generalized to unseen datasets and tasks.

II. RELATED WORKS
A. Negation Understanding in Vision-Language Models

Vision-language foundation models learned diverse knowl-
edge from large-scale multi-modal data, which have attracted
significant attention due to their powerful transfer capabilities
[3], [51]. By supervising visual representations with natu-
ral language descriptions, pioneering works CLIP [36] and
ALIGN [20] show great success in various downstream tasks.
However, the web-crawled training data are mainly affirmative,
which makes it difficult to comprehend the negation of the

foundation VLMs. To comprehensively evaluate model per-
formance in negation scenarios, recent works CREPE [30]
and CC-Neg [39] proposed vision-language benchmarks that
target compositional understanding with negation, but the
reliance on linguistic templates limits the diversity of real
negation queries. In comparison, NegBench [2] utilizes LLMs
to generate more natural negated captions that span images,
videos, and medical datasets. Despite being trained on billion-
scale data, the unsatisfactory performance on these bench-
marks reveals that VLMs struggle to understand negation.
Recent work [53] shows that such problems persist even in
powerful MLLMs like GPT-40 and Claude 3.5, which suffer
from hallucinations when processing user-provided negation
arguments.

To address this limitation, a series of data-centric ap-
proaches attempted to introduce negated captions as distractors
in an additional post-training phase. For instance, NegCLIP
[49] creates targeted negative captions to enhance composi-
tional reasoning. However, these negative descriptions only fo-
cus on swapped relations and ignore negation attributes. To this
end, CoNCLIP [39] modifies the contrastive loss to incorporate
template-based examples that include negation words, e.g.,
‘no’, ‘not’, and ‘without’. The recent advance NegBench [2]
further fine-tunes VLMSs on 70 million synthesized image-text
pairs containing diverse negated statements. Concurrent work
NegationCLIP [34] proposes two data generation pipelines
that leverage LLMs and MLLMs to generate 229k negation-
augmented image-text pairs for post-training.

Although these methods have achieved great success, almost
all of them assume that the bottleneck of negation under-
standing lies in the scarcity of training examples with explicit
negation. In contrast, this study pioneers an efficient solution
from the perspective of the distribution shift. Considering the
computational burden of large VLMs, our method can directly
adapt VLMs to handle various negation understanding tasks
with only a few parameter updates at test time.

B. Test-Time Adaptation

The distribution shift between training and test data poses
a key challenge when transferring the zero-shot capabilities
of foundation VLMs [14], [29], [41]. In practice, such shifts
are inevitable due to environmental variations [22] or the
encounter of unseen concepts [45]. To address the problem,
considerable efforts have been devoted to developing training-
time solutions: domain adaptation methods [15] that narrow
gaps between source and target samples during training. Do-
main generalization methods [1] that directly learn domain-
invariant representations through robust training strategies.
However, these methods may require access to source domain
data and cannot achieve adaptation in an online manner,
limiting their practicality in real-time applications such as
autonomous driving.

To this end, test-time adaptation methods have emerged to
adapt pre-trained VLMs to test samples on the fly. The most
prevalent application is to tackle out-of-distribution images
[13], [21], [25], [38], [48], [50], [52] caused by corruptions
or environments. For example, TDA [21] designs a training-
free dynamic adapter to gradually refine pseudo labels of
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Fig. 2. Dual-concept shifts problem observed in pre-trained VLMs when understanding negation. Distributions of normal text, negation-conditioned text,
and reversed negation-conditioned text of the test set of CIFAR10 are shown on the left, middle, and right, respectively. All embeddings are produced by
the OpenAl CLIP and visualized with UMAP [31] for dimension reduction. The Maximum Mean Discrepancy (MMD) metrics are also provided above
for quantitative analysis. The distributions of normal and negation-conditioned text show a strong shift (MMD=1.57) despite sharing the same semantics.
Meanwhile, the distributions of negation-conditioned and its reversed text show high consistency (MMD=0.08) despite being semantically opposite.

test samples. TPT [38] learns adaptive prompts by enforcing
entropy consistency across augmented views with confidence-
based selection. DiffTPT [13] leverages pre-trained diffusion
models to generate diverse and informative data augmentations
to improve TPT. C-TPT [48] reduces the prediction uncertainty
of TPT by establishing calibration error with text feature
dispersion. RLCF [52] introduces a CLIP model to provide
feedback that avoids the pitfall of the entropy minimiza-
tion. RA-TTA [25] uses external knowledge obtained from a
web-scale image database to prevent over-reliance on model
predictions. DPE [50] evolves prototypes from both textual
and visual modalities to capture more accurate multi-modal
representations. Beyond these zero-shot image classification
tasks, recent works have also shown the promise of TTA in
more challenging vision-language retrieval tasks. For instance,
to alleviate the potential bias from gender or race, PBM [23]
generates fair retrieval subsets from the self-prediction of
VLMs. TCR [26] manipulates both the modality uniformity
and modality gap to achieve robust retrieval under query shift.

Different from these prior arts that mainly focus on covariate
shifts like corruptions (e.g., noise, blur, and weather) or style
variations (e.g., cartoon and sketch), this paper presents the
first attempt to tackle concept shift problems arising from
negation understanding. As negation can enable more precise
queries in many real-world scenarios, it is reasonable to believe
that this study could provide some novel and practical insights
to the multi-modal community.

III. PRELIMINARIES
A. VLMs Do Not Understand Negation

Let fp represent a VLM pre-trained on image-text pairs
Dirain = {V, T}, where v; € V is the raw image and ¢; € T is
the corresponding textual caption. One fundamental capability
of VLMs is to make multiple data modalities comparable in
the same embedding space, where visual embedding v; € RP
and textual embedding ¢; € R” are derived by passing v; and
t; through its visual encoder fy, and textual encoder fy,.,
respectively.

Despite the promising performance through large-scale
training, the textual supervision 7 in data is mainly expressed

affirmatively, which poses a natural limitation: vision-language
foundation models fail to understand negation.

B. Test-Time Adaptation for Negation Understanding

For the pre-trained VLM, the key obstacle to negation
understanding is the incongruence between the train and test
distributions. Specifically, the text with negation conditions
can be viewed as a concept shift [45] compared to the affirma-
tive expressions, i.e., P(Tiest) # P(T), where P(-) denotes
the distribution of the given textual data. As a result, VLMs
suffer performance degradation [2] when facing real-world
applications requiring comprehension of negation. To address
such a generalization problem, TTA has emerged to boost the
foundation model under data distribution shifts, which online
updates only a minimal set of 6, e.g., normalization layers [43]
or prompt vectors [38], at test time before making a prediction.

IV. METHODOLOGY
A. Analysis of Concept Shifts in Negation Understanding

In this section, we present the analysis of where the shift
in negation understanding comes from. Let #; denote a text
constrained by some negation conditions that maintains se-
mantic consistency with its affirmative counterpart ¢;. For
instance, t; typically describes the object in v; or its associated
attributes, e.g., “a photo of a dog”. By introducing some
negative concepts, ; can exclude specific elements for a more
fine-grained description, e.g., “a photo of a dog not on grass”
or ”a photo of a dog not running”. To explore how such
negation affects the understanding of VLMs, we experiment
with the representative CLIP model on CIFARIO and have
several nontrivial findings.

Distribution shift within semantic consistency. For each
image, we first form the normal caption “a photo of the
[CLASS]” by inserting its class name into a fixed prompt
template. Then, we synthesize a corresponding negation-
conditioned caption “a photo of the [CLASS] but not of
the [CLASS’]” by randomly incorporating a different class
name. As each image in CIFARI1O0 is single-categorized, both
descriptions are correct and ideally share consistent semantics.
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Fig. 3. Overview of the proposed NEAT. Given the test data with negation contexts, a LLM is first employed to separate the negation forms and generate
semantically reversed counterparts. Then the refinement module is used to coarsely select candidate visual samples that are similar to positive entities while
distant from negative entities. After that, three training objectives are adopted to reduce distribution shift in consistent visual-textual semantics (Lent), eliminate
the false distributional consistency in unrelated visual-textual semantics (L), and directly debias the dual-concept shifts in the textual modality (L¢p;).

However, as shown in Fig. 2, the distributions of normal text
(Fig. 2 left) and negation-conditioned text (Fig. 2 middle) show
a significant shift in the embedding space.

Distribution consistency within semantic shift. For each
negation-conditioned caption, we synthesize a semantically-
reversed counterpart “a photo of the [CLASS’] but not of the
[CLASS]” by simply swapping two class names. Obviously,
such two descriptions convey entirely opposite semantics.
However, we observed that the distributions of negation-
conditioned text and their semantically reversed text (Fig. 2
right) show a substantial similarity in the embedding space.

Despite containing rich and diverse knowledge, these ob-
servations indicate that pre-trained VLMs only interpret text
as bags of words [49]. Consequently, VLMs behave with the
above dual-concept shifts when understanding negation.

B. Negation-Aware Test-Time Adaptation

Next we describe our Negation-Aware Test-time Adaptation
(NEAT) framework in detail. As shown in Fig. 3, NEAT
comprises three key components to bridge the above dual-
concept shifts, i.e., the refined entropy minimizing loss L,
the semantics reversion loss Lg,., and the textual debiasing loss
Ly;. For the given online batch with size 3, we update the
pre-trained VLM in time by the following training objective:

min L(B) = Lent + Lo + Liris (1

Or

where éT C 07 denotes the parameters of normalization layers
to only adjust the data distribution. In the following, we will
elaborate on each loss individually.

1) Entropy Refinement via Negation Separation: In online
TTA, we have an unlabeled vision-language dataset Dy oy =
{WViest = {vi}fi"l, Tiest = {t}}ffl , where v; depicts the natu-
ral visual concepts like in Dy,.q;,, but t; may contain additional
negative conditions that differ from Dy,.q;,,. Our goal is to
adapt the pre-trained model immediately to establish semantic
correspondence between Vi and Ties:. To achieve this, one

simple yet powerful solution is to fine-tune fp, by mini-
mizing the entropy of its predictions [43]. Formally, denote
TB,, = [t1,...,t5]" € RB*D the batched textual features
generated by fy.., and Viegy = [v1,...,vn,]T € RVTXD the
fixed visual features generated by fy, , the adaptation object
of the online batch is

2

1 &
r%l;n Lent Ny ; P;log P;,
where P; = Softmax (v; (Ttlzst)T /7'1) € R? is the model’s
output probability smoothed by a temperature 7;. However, the
large computational size would make entropy a sub-optimal
confidence metric, leading to either model underfitting or
overfitting [26].

To alleviate this, we follow the candidate selection strategy
suggested in [26] to refine the prediction of the model.
Specifically, let N(-) denote a selection manner, and the
corresponding visual candidate in the batch is obtained by

Vi, =[61,...,08] " € R®*P 6, = N(t;),Vi € [1,B].

3)
The most straightforward selection method is the nearest
neighborhood based on similarity [26]. However, as mentioned
in Section IV-A, the strong shift within the training and test
patterns makes the spatial relation of embeddings unreliable.

, V5]

As a remedy, we propose to separate the negation part from
t; to avoid model understanding of negative semantics. To
this end, we utilize the in-context learning ability of LLMs
to decompose #; into positive component ff and negative one
tAﬁv . For example, “a photo of a dog not on grass” would be
split into “a photo of a dog” and “a photo of grass”, where
the negative element is also recaptioned affirmatively. Such
simple parse tasks could be handled by lightweight LLMs, and
we empirically find that Llama-3-8B [10] performs well for
our goal. As the pre-trained VLM can readily match visual
samples to affirmative captions, we can use the similarity
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between v; and ¥ to penalize the correspondence from v;
to tF:

St v;) = (& 0] )(1 - aftfv]]4), “)

where « is a trade-off parameter to control the penalty and
[z]4 = max(z,0) is the hinge function. Intuitively, higher
S (tl,vj) requires v; depicts ¥ well and remains unrelated
to concepts in tN Then we select the most similar sample
by Eq.(4) to obtaln the corresponding visual candidates V,,,.
Consequently, the entropy minimizing objective for the online
batch is

B
min Leny = PR log PR
o B 5)

where P® = Softmax (131 (TE.,) /7'1) € R5.

By excluding irrelevant samples, the refined entropy could pre-
vent model underfitting and enhance negation understanding
through narrowing undesired concept bias.

2) Semantics Reversion Learning: Section IV-B1 presents
a solution to reduce distribution shift in consistent semantics,
yet the incorrect distribution consistency still exists in unre-
lated semantics. To overcome this challenge, we propose to
discriminate these entangled distributions using the hardest
negation. Specifically, for each #;, we first employ the LLM
to construct a semantically reversed caption ¢; by swapping
its positive and negative components. For example, “a photo
of a dog not on grass” would be reversed as “a photo of grass
but not of a dog”. Ideally, on the one hand, #; is completely
irrelevant to its visual candidate ©¥; since it describes absent
objects while negating present ones. On the other hand, #;
maintains certain similarity to the batched-unpaired sample 9;,
since it correctly excludes those absent objects. Such learning
objectives naturally are equivalent to minimizing the mutual
information between representations of paired ¢ and 9, which
could be approximated as the negative InfoNCE [33]:

rgm Epz,5) [t'UT/Tg —log E,,(5r) exp(to T/7'2))] (6)
T

where the pair (¢,9) is sampled from the joint distribution
p(t,?) and the pair (¢,9’) is built by samples independently
sampled from the marginal p(¢'), and 75 is a temperature
parameter.

As illustrated in Fig. 4, although minimizing Eq.(6) can
force the paired samples to be distant, bringing the reversed
text closer to all unpaired visual samples would corrupt
the learned semantic structure. To prevent the clustering of
unrelated visual samples, we propose to sample only the
hardest visual sample ©, that shares minimal similarity with
the reversed text ¢ As t; provides partial supervision by
specifying non—ex1stent concepts, it is reasonable to align %;

with the most irrelevant visual content. Then the semantics

I : visual sample
[ : negation text
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'7/-9 /o .
S
c/‘/s;
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Fig. 4. A toy example to show the challenge of semantic-reversed contrastive
learning. Although the negative InfoNCE pushes the reversed negation-
conditioned text away from the target image, it relatively brings unrelated
images closer together, thus corrupting the learned semantic structure.

reversion objective for the online batch is:

min L, = lo
or Z & l

exp(t; AT/TQ)

exp( l’UT/TQ) xp(t;0;  /T2)

1
= — lo —
B; & 1—|—exp[(ti'&; —t;9)/72]

18 .
= 5> —log[L+exp [(f0; | —t:6])/m]]

=1

18 [
=52 |Eo] -

Bi:l

—log [1+exp [(£:0] —t:0;

7 )/

/]l

vanishing term

B
Z Ef);r—flf);T)/Tg]

m \

(N
For the reversed text t;, our objective aims to decrease its
similarity with the paired visual sample v;, while increasing
that with the hardest negative ©; . This gradually drives
the vanishing term toward zero, allowing the objective to
be approximated as a simple metric loss. Eq.(7) forces the
reversed text to provide stronger negative supervision to its
corresponding visual sample, which can eliminate the unde-
sired distribution consistency.

3) Textual Dual-Concept Debiasing: The above training
objectives mitigate the dual-concept shifts in cross-modal
alignment. We further strengthen this debiasing in textual
modality by directly regulating the triplet semantic gap:

B

1 PO O
72 DIt = &1l + 2= [ —Eill2)] . ®)

i=1

min Lyp; =
Or

where )\ is the balance hyperparameter. In Eq.(8), the first
term brings the negation-conditioned caption closer to its affir-
mative, while the second term encourages maximum distance
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between the negation-conditioned caption and its reversed
counterpart.

V. EXPERIMENTS

In this section, we evaluate the effectiveness of our pro-
posed method through extensive experiments, comparing it
with both state-of-the-art post-training and test-time adaptation
methods. For a comprehensive comparison, our experiments
are conducted across diverse visual domains, including images,
videos, and medical imaging.

TABLE I
SUMMARY OF DATASETS AND TASKS FOR NEGATION UNDERSTANDING.

Dataset Task Size Negation Type
Retrieval-Neg 5,000 LLM-Rephrased
CoCo MCQ-Neg 5914  LLM-Rephrased
VOC2007 MCQ-Neg 5,032  LLM-Rephrased
Retrieval-Neg 1000  LLM-Rephrased
MSR-VIT  MCQ-Neg 1,000 LLM-Rephrased
CheXpert B?nary C]ass?ﬁcat?on-Aff 2,352 Templated
Binary Classification-Neg 616 Templated

A. Experiment Setting

1) Datasets: Following the recent NegBench [2] evalua-
tions, we test NEAT on four datasets: COCO, VOC2007,
MSR-VTT, and CheXpert, each containing one or more well-
designed negation understanding tasks. Specifically,

+ Retrieval-Neg task evaluates whether VLMs can tackle
real-world queries that mix affirmative and negative state-
ments, such as ‘a street without cars’ or ’flowers that
are not red’. This task challenges the model to not only
identify the present elements but also exclude specific
content, which could simulate more fine-grained retrieval
in search engines and recommendation systems.

e MCQ-Neg task requires VLMs to select the correct
description of the given image from multiple closely
related choices. Based on the linguistic template, alter-
native descriptions could be categorized as Affirmation,
Negation, and Hybrid. This task challenges the model to
parse subtle yet critical differences among hard negatives.

« Binary Classification-Neg task tests whether VLMs can
correctly interpret negation words by requiring models to
distinguish the presence or absence of specific elements.
This task is essential in medical diagnostics. For instance,
‘The X-ray shows no evidence of pneumonia’ is typical
for ruling out lung pathologies.

For clarity, we summarize datasets and tasks for negation
understanding in Table I, and we also show some cases in
Fig. 7. In brief, the original validation set of MS-COCO
[28] contains 5,000 images, where each is described by
five captions. We adopt the LLM-rephrased variants from
NegBench [2], comprising 5,000 Retrieval-Neg samples and
5,914 MCQ-Neg samples. VOC2007 [11] is an image dataset
with 20 visual objects. We use the LLM-generated dataset
from NegBench that contains 5,032 MCQ-Neg samples. The

original test set of MSR-VTT [46] contains 2,990 video-
caption pairs, where each video is captioned with 20 differ-
ent descriptions. We adopt the LLM-rephrased variants from
NegBench, comprising 1,000 Retrieval-Neg samples and 1,000
MCQ-Neg samples. Note that each video in Retrieval-Neg
only has one corresponding caption. CheXpert [19] is a large
dataset of chest X-rays, where the validation set has 234
images with expert radiologist annotations. Since each image
contains multiple disease labels, we select 4 representative
diseases, i.e., Atelectasis, Cardiomegaly, Consolidation, and
Lung Opacity, to create 616 negation classification pairs and
2,352 affirmative classification pairs as the base comparison.
Moreover, we evaluate the zero-shot transfer ability for nega-
tion understanding on 9 widely used image datasets, including
CIFARI10 [24], CIFAR100 [24], Caltch101 [12], OxfordPets
[35], RESISC45 [6], EuroSAT [17], STL10 [7], SUN397 [44],
and ImageNet1K [9].

2) Implementation Details: NEAT is a general TTA frame-
work that could enhance most off-the-shelf pre-trained VLMs
with negation understanding capabilities. Therefore, we select
OpenAl CLIP [36], CoNCLIP [39], and NegCLIP [49] as
the source models, where CoNCLIP and NegCLIP are two
strong baselines designed to handle negation queries. To
demonstrate the effectiveness of our method, we compare our
NEAT with both post-training methods and state-of-the-art
test-time adaptation methods. Following [26], NEAT updates
the parameters within the Layer Normalization (LN) layers
in the textual encoder fy, using the AdamW optimizer. All
TTA baselines are conducted with a batch size of 256. The
temperatures are set as 7, = 0.03/0.07 and 75 = 0.07/1.0 for
image/video tasks, respectively. The balanced parameter A is
set to 5 for all experiments. The trade-off parameter « is set to
1 for all experiments. To highlight practical adaptation during
inference, we benchmark with offline and online updates to
handle different scenarios.

B. Comparisons with State of the Arts

1) Compared to Post-training Methods: In this section, we
compare our NEAT with post-training methods that fine-tune
VLMs on labeled negation-enhanced datasets. Specifically,
CC-Neg [39] is a synthetic dataset of 0.23 million image-
caption pairs along with high-quality negated captions as dis-
tractors. NegFull [2] is a large-scale dataset of 70 million pairs
generated from CCI12M [5], where each image is captioned
with multiple incorporated negated objects and hard negatives
based annotations. For fair comparison with offline baselines,
our NEAT applies offline adaptation where the model is first
updated on all available data before proceeding to inference.
In Table II, we present the cross-modal retrieval performance
on MS-COCO and MSR-VTT datasets with negation queries.
Note that our offline adaptation is conducted only on unlabeled
retrieval-Neg data, and we also report the performance on
normal retrieval tasks after TTA or post-training. From the
results, we could observe the following conclusions:

o Despite being trained on massive data, CLIP suffers a
33.07% drop in terms of the sum in retrieval (i.e., rSum)
on MS-COCO and a 37.50% drop on MSR-VTT, showing
that VLMs have difficulty in handling negation queries.
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TABLE I

COMPARISONS WITH STATE-OF-THE-ART POST-TRAINING METHODS ON MS-COCO AND MSR-VTT DATASETS UNDER NEGATED QUERIES. ALL
METHODS ARE BASED ON THE VIT-B/32 ARCHITECTURE FOR THE IMAGE ENCODER. THE BEST RESULTS ARE MARKED IN BOLD.

Retrieval-Neg Task Retrieval Task
Method Fine-tune Data Image-to-Text Text-to-Image [ Image-to-Text [ Text-to-Image [
R@I R@5 R@I0 | R@I R@5 R@I0| 'Sum R@I R@5 R@I0 | R@I R@5 R@I0 | Sum
Evaluation Dataset: MS-COCO
None 4530 6978 79.10 2496 47.93 5940 | 32647 4908 7502 8330 3037 5476 66.11 | 359.54
CLIP CCI2M~ 12M | 47.66 7260 8128 29.00 53.71 64.72 | 348.97 5214 7538 8394 3387 5890 69.45 | 373.68
NegFull~ 70M | 4448 6932 7840 28.17 5191 6298 | 335.26 48.60 7286 81.08 30.07 5419 6532 | 352.12
None 4898 74.60 8214 3000 5463 65.66 | 356.011205 | 5074 7602 8374 3111 5589 6695 | 364.45
+NEAT | cojom~ 12 | 49.04 7370 8170 3191 5670 67.72 | 360.77111s | 50.96 7454 8288 3325 5822 69.08 | 368.93
" ConCLIP | CC-Neg~ 0.23M | 43.04 ~ 66.64 ~76.12° 2430 4822 59.83 | 318.15 | 4572 6844 7616 2720 5193 63.50 | 33295
77777777 None  |51.64 7792 86.06 37.02° 6439 7477 | 391.80 [ 56.82° 80.70 88.16 41.60 68.73 7891 | 41492
NegCLIP | CCI2M~ 12M | 5444 7972 8694 3835 6538 75.66 | 400.49 58.68 8256 8938 4214 69.13 78.99 | 420.88
NegFull~ 70M | 5626 80.46 88.46 4029 67.01 7690 | 409.38 59.68 8336 90.06 42.66 69.05 79.06 | 423.87
None 5426 7920 8720 3921 66.19 7649 | 402.55110.s | 5626 8026 88.04 4059 67.81 78.08 | 411.04
+NEAT | coiom~ 120 | 5626 80.94 8838 4021 67.36  77.53 | 410.68T10.0 | 58.60 8232 8942 42.15 69.01 78.86 | 42036
Evaluation Dataset: MSR-VTT
None 2030 3980 4990 2390 4580 56.70 | 236.40 2550 4840 6090 2800 50.60 60.50 | 273.90
CLIP CCI2M~ 12M | 2170 4370 5560 23.80 48.00 5870 | 251.50 2520 4680 5740 29.10 5230 63.80 | 274.60
NegFull~ 70M | 2520 50.10  59.50 20.60 43.90 54.60 | 253.90 29.00 5200 6390 2370 4690 57.30 | 272.80
None 2410 44.10 5420 24.80 47.60 58.10 | 252.90116.5 | 2610 48.10 59.50 28.80 50.00 58.80 | 271.30
+NEAT | ccioM~ 12M | 2270 4530 5690 2450 4890 60.20 | 25850770 | 2540 47.90 5890 28.60 51.10 62.80 | 274.70
" ConCLIP | CC-Neg~ 0.23M | 2210 ~ 43.80 ~ 5470 ~18.60 40.00 48.60 | 227.80 | 2340 44.00 5470 2560 4820 59.40 | 25530
77777777 None " 7171980  41.00 ~ 5290 ~25.10° 51.00 61.70 | 251.50 ~ [ 24.00° 4820 5930  29.80 53.70 64.80 | 279.80
NegCLIP | CCI2M~ 12M | 2330 4650 5850 27.00 53.60 64.10 | 273.00 2780 51.80 63.80 30.00 5550 6550 | 294.40
NegFull~ 70M | 28.60 5070 6120 27.40 51.60 63.00 | 282.50 3120 5390 6520 3100 5430 6470 | 300.30
None 23.10 4620 5570 2660 50.80 61.10 | 263.50112.0 | 2550 49.50 60.30 2870 5170 63.10 | 278.80
NEAT | ccioM~ 120 | 25.10 4830 5890  27.30 5410  63.50 | 277.20t4o | 28.40 53.10  63.90 29.20 5400 65.20 | 293.80
TABLE III

COMPARISONS WITH STATE-OF-THE-ART ONLINE TTA METHODS ON MS-COCO AND MSR-VTT DATASETS UNDER NEGATED QUERIES. ALL METHODS

ARE BASED ON THE VIT-B/32 CLIP. THE BEST RESULTS ARE MARKED IN BOLD.

Retrieval-Neg Task Zero-shot MCQ-Neg Task
Method Image-to-Text Text-to-Image MCQ Type
R@l R@5 R®@I0 | R@l R@5 R®@I0 Sum Affirmed  Negated  Hybrid | 1otal Acc
Evaluation Dataset: MS-COCO
CLIP 4530  69.78  79.10 2496 4793 5940 | 326.47 69.09 6.84 39.21 39.25
*TENT 4474  70.44 79.94 2524  49.24 60.88 330.48%4.01 45.23 15.72 17.40 26.43)12.82
*SAR 45.00 7028 79.86 25.19 4893  60.63 | 329.89713.42 45.96 16.36 17.79 27.02)12.23
*READ | 43.44 68.04 77.54 2493 47.61 59.23 | 320.79!5.68 68.85 7.54 38.87 39.2610.01
*COME | 4480 6942 79.28 2547 48.56 6040 | 327.9311.46 64.42 7.11 37.97 37.30)1.95
*TCR 4488 70.14 7940 27.50 51.89  63.18 | 336.99710.52 45.37 15.56 21.17 27.71111.54
*NEAT 46.58 7220 80.80 28.12 52.08 63.69 | 343.47117.00 64.94 29.30 49.45 48.4179.16
Evaluation Dataset: MSR-VIT
CLIP 2030 3980 4990 2390 4580 56.70 | 236.40 62.39 13.31 20.83 32.10
*TENT 1990 4250 5260 2500 4620 5730 | 243.5017.1 53.43 11.33 17.95 27.50)4.6
*SAR 19.00 4130 5230 2540 4590 5720 | 241.10Ta.7 50.45 11.33 17.63 26.40] 5.7
*READ | 2040 4020 51.80 2340 4570 5630 | 237.80T1.4 63.28 13.31 19.87 32.1010.0
*COME | 20.20 40.70 5090 2490 4640 5730 | 240.40T4.0 56.72 13.03 18.59 29.40]2.7
*TCR 1970 4190 51.10 25.70 46.80 58.30 | 243.5017.1 55.82 13.60 19.55 29.60)2.5
*NEAT 22.50 4310 53.60 2490 47.50 57.30 | 248.907112.5 73.43 15.86 31.41 40.0077 9

e Our NEAT could significantly improve the negation com-
prehension ability of pre-trained VLMs, e.g., it improves
the rSum of CLIP by 11.80%~29.54% on MS-COCO.
Our NEAT could generalize to different VLMs and
modalities. For instance, it improves the rSum of Neg-
CLIP and its CCI12M fine-tuned model by 10.8% and
10.2% on MS-COCO, respectively. In addition, although
only adapted on 1,000 video-text pairs, NEAT still im-
proves the rSum of CLIP by 7.0%~16.5% on MSR-VTT.
The normalization layers modified by NEAT do not
impair VLMs’ ability for normal vision-language com-
prehension on affirmative statements, with rSum perfor-
mance remaining within stable and acceptable ranges, i.e.
—4.75% ~ +4.91%.

o Remarkably, our NEAT achieves comparable or even su-
perior performance to post-trained methods while avoid-
ing the demand for massive negation data. Compared to
the SOTA method that fine-tunes on 70 million well-
designed negation-enriched pairs, i.e. NegFull, our NEAT
surpasses its CLIP variant by a clear margin on MS-
COCO, achieving much to 25.51% absolute improvement
in rSum performance.

2) Compared to Test-time Adaptation Methods: In this
section, we compare our NEAT with five SOTA TTA methods,
i.e., TENT [42], SAR [32], READ [47], COME, and TCR [26],
under negated queries. Among the baseline methods, Tent,
SAR, and COME are unimodal TTA approaches based on the
entropy-minimizing objective or its variants, while READ and
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TABLE IV
COMPARISONS WITH STATE-OF-THE-ART ONLINE TTA METHODS ON MS-COCO AND MSR-VTT DATASETS UNDER NEGATED QUERIES. ALL METHODS
ARE BASED ON THE VIT-B/32 NEGCLIP. THE BEST RESULTS ARE MARKED IN BOLD.

Retrieval-Neg Task Zero-shot MCQ-Neg Task

Method Image-to-Text Text-to-Image MCQ Type

R@l R@5 R@I0 | R@l R@5 R@I0 Sum Affirmed  Negated Hybrid | 1otal Acc

Evaluation Dataset: MS-COCO
NegCLIP | 51.64 7792 86.06 37.02 6439 7477 | 391.80 51.67 16.15 17.15 28.69
*TENT 5374 7970  88.24  38.65 66.55 7720 | 404.08%12.28 41.78 17.86 8.80 23.00{5.69
*SAR 5336 7938 87.86 39.18 6695 7727 | 404.00112.20 41.34 19.30 8.75 23.2805.41
*READ 5230 78.66  87.00 3732 65.10 76.06 | 396.44T4.64 51.82 16.15 17.25 28.78%0.09
*COME 5138 77.42 86.08 3725 65.10 76.11 393.34711.54 44.34 15.40 12.28 24.284.41
*TCR 54.02 7998 8832 3901 67.00 77.54 | 405.87114.07 41.04 18.50 8.75 22.93]5.76
*NEAT 53.68 7940 88.02 39.09 6699 77.78 | 404.967113.16 52.12 28.45 34.79 38.74110.05
Evaluation Dataset: MSR-VIT
NegCLIP | 19.80 41.00 52.90 25.10 51.00 61.70 251.50 51.94 12.46 17.63 27.30
*TENT 1990 4150  52.00 26.10 51.10 61.50 | 252.10T0.6 41.19 10.20 11.54 21.0046.3
*SAR 20.40 43.00 5370 2590 5130 6190 | 256.20T4.7 43.58 11.33 12.50 22.50)4.8
*READ 2140 4290 54.00 25.00 51.20 61.40 255.9014.4 54.03 12.46 18.91 28.401T1.1
*COME 21.30 4250 5440 2510 5130  62.10 | 256.70715.2 49.85 11.61 17.31 26.2041.1
*TCR 2120 4280 5420 2540 5140 6230 | 257.301s.8 48.66 12.75 17.31 26.201.1
*NEAT 23.80 4530 56.80 27.20 52.50 62.80 | 268.40116.9 69.85 15.86 27.88 37.70110.4
TABLE V

COMPARISONS WITH STATE-OF-THE-ART OFFLINE TTA METHODS ON MS-COCO DATASETS UNDER NEGATED QUERIES. ALL METHODS ARE BASED ON
THE VIT-B/16 BLIP. THE BEST RESULTS ARE MARKED IN BOLD.

Retrieval Neg Task Zero-shot MCQ-Neg Task

Method Image-to-Text Text-to-Image MCQ Type

R@l R@5 R@I0 | R@l R@5 R@I0 | Sum Affirmed  Negated Hybrid | 1otal

Base model: ViT-B/16 BLIP
BLIP 52.60 7790 8576 3358 5896 69.68 | 378.48 33.81 16.68 5.12 18.63
*TENT 3796 6698  79.50 40.54 67.16 7833 | 370.47!8.01 19.14 20.70 2.68 14.03}4.60
*SAR 3724 6774 7894 4035 68.06 78.04 | 370.37!s.11 11.71 23.53 1.09 11.846.79
*READ | 55.24 79.56 8736  36.32 6290 73.27 | 394.65T16.17 35.73 16.52 5.62 19.4170.7s
*COME | 44.84 70.80 79.64 37.11 63.78 74.17 | 370.34]8.14 31.74 17.59 3.68 17.72)0.91
*TCR 4838 76.10 8534  46.10 7326 82.39 | 411.57133.09 20.62 31.76 5.47 18.9970.36
*NEAT | 59.22 83.00 89.98 41.12 6840 7847 | 420.19141.71 77.21 28.34 49.95 | 52.49733 86
Base model: ViT-B/16 BLIP Fine-tuned on MS-COCO Training Data

BLIP 69.98 9098 95.00 54.69 79.86 87.34 | 477.85 50.69 12.94 16.65 27.17
*TENT | 68.14 89.46 94.10 5744 82.02 88.85 | 480.0112.16 47.79 19.36 28.28 | 32.167T4.99
*SAR 66.40 88.10 93,50 57.51 82.13  88.90 | 476.54)1.31 47.29 19.36 2997 | 32.5715.40
*READ | 7040 91.28 9522 53.01 78.62 86.34 | 474.87|2.93 53.00 11.76 17.20 | 27.78%0.61
*COME | 69.38 90.62 9496 57.63 81.81 88.75 | 483.1515.30 55.81 11.12 16.90 | 28.4411.27
*TCR 68.58 89.66 94.12 5878 83.10 89.66 | 483.9076.05 47.98 19.52 30.07 | 32.891s5.72
*NEAT | 7418 9240 9598 5640 81.11 88.47 | 488.54110.69 58.27 18.29 46.22 | 41.53714.36

TCR are multi-modal TTA approaches that further mitigate the
modality bias. As entropy-based TTA methods are sensitive
to the temperature parameter, we maintain the same 71 value
as NEAT for a fair comparison. All methods are evaluated
through online adaptation, where LN layers are updated on
the current batch and then make a prediction. In detail, all
methods are adapted on two unlabeled Retrieval-Neg datasets,
i.e., MS-COCO and MSR-VTT, and report the retrieval per-
formance. To further investigate the generalization ability, we
evaluate the classification accuracy of the adapted VLM on
the corresponding MCQ-Neg task. As shown in Table III and
Table IV, one could conclude that NEAT remarkably boosts
the negation understanding of the baselines. More specifically,
o Most existing TTA methods only achieve marginal im-
provements over the base model, indicating that negated
concepts pose challenging distribution shift problems.
o Although some multi-modal methods show considerable
performance gains on Retrieval-Neg Task, i.e., TCR, the
accuracy on the corresponding MCQ-Neg task drops

unexpectedly by 1.10% to 11.54%. This indicates that
the observed improvements may be attributed to reducing
modality gaps rather than addressing the concept shift
problem arising from negation understanding.

o The extensions with NEAT achieve remarkably superior
overall performance compared to all baselines under all
settings. For example, on the MS-COCO dataset with
the CLIP-based model, our NEAT surpasses the SOTA
baseline by 6.48% on the Retrieval-Neg task and 20.7%
on the more challenging zero-shot MCQ-Neg task. It also
outperforms the SOTA baseline by 11.1% on Retrieval-
Neg and 11.5% on MCQ-Neg for the MSR-VTT dataset
with the NegCLIP-based model, indicating that our NEAT
can generalize effectively across different scenarios.

In addition to the evaluation for CLIP-based VLMs, we
also conduct experiments for BLIP-based VLMs [27], i.e.,
a base model pretrained on 129 million data and its fine-
tuned model on the MS-COCO dataset. From Table V, one
could see that some TTA baselines show large performance
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TABLE VI
ZERO-SHOT TRANSFER EVALUATION ON TWO TEMPLATE-BASED NEGATION CLASSIFICATION TASKS. THE BEST RESULTS ARE MARKED IN BOLD.

Method [CIFAR10 CIFAR100 Calich101 OxfordPets RESISC45 EuroSAT STL10 SUN397 ImageNegl K] AVERAGE
Negation-conditioned Zero-shot Classification: Top-1 Accuracy?!
CLIP 64.44 49.30 75.00 61.59 4475 2513 7741 47.56 45.97 54.57
NegCLIP 66.13 44.51 61.89 59.80 30.59 26.39  79.60 3399 35.30 48.69
ConCLIP 74.95 19.84 22.00 26.79 15.05 15.04 89.79 2642 18.06 34.22
NegCLIP+NegFull FT| 88.40 56.68 79.29 67.70 52.73 3894 95.16 53.09 49.74 64.64
CLIP+TCR 66.74 49.22 75.49 60.75 36.92 37.87 78.03 4335 39.51 54.21
CLIP+NEAT 87.22 57.96 74.34 71.90 49.62 33.24 95.59 50.87 47.90 63.18
Reversed Negation-conditioned Zero-shot Classification: Top-1 Error Ratel
CLIP 22.83 8.29 16.07 5.70 12.13 9.80 19.13  3.81 5.01 11.42
NegCLIP 23.25 10.95 23.38 10.66 15.38 1237 1770 9.29 7.55 14.50
ConCLIP 9.97 1.72 2.86 442 1.62 1.54 0.53 0.40 0.28 2.59
NegCLIP+NegFull FT| 2.47 1.31 1.53 0.74 4.22 8.94 0.34 0.19 0.17 2.21
CLIP+TCR 14.44 7.81 12.46 10.58 13.27 19.19 1276  6.65 7.54 11.63
CLIP+NEAT 2.24 0.44 1.60 0.22 0.43 6.85 0.33 0.07 0.04 1.36
TABLE VII TABLE VIII

COMPARISONS WITH MLLMS OF DIFFERENT SCALES ON MCQ-NEG.

Zero-shot MCQ-Neg Task
Method Affirmation Negation Hyb%id|Total Acc
Multimodal Large Language Model
Qwen3VL-2B 83.56 16.15 43.84 | 48.73
Qwen3VL-4B 89.22 78.72  78.83 | 82.36
Qwen3VL-8B 91.44 81.71 86.03 | 86.52
Qwen3VL-32B 87.16 75.08 74.20 | 78.93
Multimodal Embedding Model
CLIP+NEAT-0.15B 64.94 2930 4945 | 48.41
BLIP+NEAT-0.25B 77.21 28.34 4995 | 5249

variations between image-to-text and text-to-image retrieval
after adaptation. This may be because BLIP uses multiple
pretraining objectives while adaptation only focuses on the
image-text contrastive one. The phenomenon is significantly
alleviated when the model is fine-tuned on corresponding
image-text retrieval tasks. Moreover, like the observations
on CLIP-based models, our NEAT remarkably boosts the
effectiveness of the baselines. Specifically, NEAT improves
BLIP by 41.71% (rSum) for cross-modal retrieval and 33.86%
(accuracy) for multiple choice questions.

3) Compared to Multimodal Large Language Models: To
further understand the limit of advanced multimodal systems
in negation understanding, we compare our method with
strong MLLMs on the zero-shot MCQ-Neg task. As shown
in Table VII, MLLMs consistently achieve lower accuracy
on the negation type than the affirmation type across all
scales, with drops ranging from 9.3% (Qwen3VL-8b [4])
to 67.4% (Qwen3VL-2b). Notably, after applying NEAT on
the Retrieval-Neg data, lightweight embedding VLMs can
achieve comparable or superior performance to 2B-parameter
MLLM. For example, CLIP with NEAT achieves a 13.15%
improvement on the negation type despite being 10x smaller
in model size. This highlights the practical value of our method
in computation-intensive scenarios, such as drone-based rescue
missions, where efficiently matching negation queries against
thousands of images is necessary.

ZERO-SHOT TRANSFER EVALUATION OF TTA METHODS ON THE
VOC2007 MCQ-NEG TASK AFTER ADAPTATION ON UNLABELED
MS-COCO RETRIEVAL-NEG DATA.

MCQ-Neg Type

Method  “Affirmed Negated Hybrid | 1otal Acc
CLIP 82.70 3.30 5893 | 38.70
*TENT 60.12 5.14 3851 | 27.37)11.33
*SAR 61.14 5.09 39.59 | 27.97010.73
*READ 80.79 3.87 58.08 | 38.30)0.40
*COME 79.33 2.92 59.07 | 38.14)0.56
*TCR 61.00 5.37 4574 | 30.7907.01
“NEAT 81.09 2386  77.87 | 55.54716.84
NegCLIP | 7537 579 4031 | 3047
*TENT 68.48 6.03 31.10 | 25.60)4.87
*SAR 68.62 6.08 31.96 | 26.02]4.45
*READ 76.25 5.70 4107 | 30.9310.46
*COME 73.02 552 36.36 | 28.32]2.15
*TCR 68.62 6.13 32.05 | 26.08]4.39
“NEAT 77.13 1834 7123 | 49.73119.06

C. Generalizability Analysis

In this section, we investigate whether NEAT can learn
generalizable negation patterns rather than simply fitting to
the negation data. To this end, we conduct a series of studies
of increasing difficulty to verify the performance of NEAT-
adapted VLMs on unseen negation data and tasks. Unless
otherwise stated, all TTA methods are adapted on the MS-
COCO Retrieval-Neg dataset using the CLIP ViT-B/32 model.

1) Easy: Cross-Dataset Generalization: We first evaluate
VLMs that were adapted by different TTA methods on the
unseen VOC2007 MCQ-Neg task. As demonstrated in Ta-
ble VIII, although some TTA baselines can adapt to negation
data and enhance performance on such data, the adapted
models fail to generalize to novel negation data, leading to
substantial performance drops. In contrast, our NEAT remark-
ably improves CLIP from 38.70% to 55.54% and NegCLIP
from 30.47% to 49.73% on the unseen voc2007 dataset.

2) Normal: Cross-Task Generalization: We further test
NEAT-adapted VLMs across 9 widely used image classifica-
tion datasets using two template-based negation understanding
tasks. As elaborated in IV-A, we randomly introduce distrac-



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

20 [ Ours JCLIP 28 50
I KNN NegCLIP
26
— — 40
X 30 27.8 286 X 24 X
> —~ —
€0 ©* ©%
g g 20 g
2 K CLIP 12T g 20
10 18 CLIP T2I
16 NegCLIP 12T 10
NegCLIP T2I T112T 1 T2l T2 12T w2 T2
0 14
MSCOCO MSRVTT 0 1 2 5 10 20 100 1 2 3 4 5 6 7 8 9 10
Dataset A temperature(x10-2)

(a) Negation-separated Prediction

(b) Parameter Ablation

(c) Temperature Sensitivity

Fig. 5. Finer-grained ablation studies. (a) The top-1 prediction accuracy on the vanilla KNN-based prediction and our negation-separated prediction. (b) The
parameter analysis of A on MSR-VTT. (c) The parameter analysis of 7; and 72 on MS-COCO.

TABLE IX
ZERO-SHOT TRANSFER EVALUATION ON CHEXPERT BY REPLACING LN
LAYERS FROM DIFFERENT NEGATION-AWARE MODELS.

Atelectasis | Cardiomegaly | Consolidation | Lung Opacity
Method Aff Neg | Aff Neg Aff  Neg Aff  Neg
PLIP 67.49 84.38 | 21.43 27.94 | 41.90 90.91 | 84.38 34.13
CONCLIP 66.67 83.75]20.85 27.21 |41.43 90.91 | 89.00 41.67
PLIP NegFull | 66.34 83.75|20.85 27.21 |41.43 90.91 | 84.97 34.13
PLIP TCR 75.08 58.75 | 44.40 44.12 | 36.67 77.27 | 84.58 42.46
PLIP NEAT | 80.53 84.38 | 33.20 31.62 | 61.43 89.39 | 98.92 70.24

tor labels to construct the negation-conditioned caption, and
swap its two class names to construct the reversed negation-
conditioned caption. The comparison results are shown in
Table VI. From the table, one could see that most negation-
aware methods cannot generalize to downstream image clas-
sification tasks, performing even worse than the base model.
Additionally, post-training on millions of well-designed nega-
tion data can endow VLMs with strong negation generalization
capabilities, but the performance remains sub-optimal for the
more difficult reversed negation-conditioned task. Remarkably,
although only updating LN layers with minimal unlabeled
data, our approach not only improves the accuracy of CLIP
from 54.57% to 63.18% (average) for the negation-conditioned
task, but also reduces the error rate of CLIP from 11.42% to
1.36% (average) for the reversed negation-conditioned task.

3) Hard: Cross-Normalization Layers Generalization: Be-
yond validating on complete models, we further investigate
whether the adapted LN layers can be directly applied to
domain-specific models. To this end, we use the medical
foundation VLM, i.e., PLIP [18], as the base model, replacing
its textual LN layers with those from negation-aware VLMs
to observe the performance impact. Following [2], we conduct
evaluations on two classification settings. Specifically, the
Binary Classification-Aff task requires the model to correctly
associate each image with the two affirmative statements, such
as ‘This image shows Atelectasis’ and ‘This image shows
Consolidation’. The Binary Classification-Neg task requires
the model to distinguish each image with the presence or
absence of a medical condition, such as “This image shows
Atelectasis’ and ‘This image does not show Atelectasis’. As
shown in Table IX, one can observe that PLIP exhibits robust
negation understanding abilities in most disease recognition

TABLE X
ABLATION STUDY OF THE PROPOSED TRAINING OBJECTS.

Lent Lsr Ly | RTR@I  T2IR@1 MCQ
45.30 24.96 39.25

v 48.06 29.20 28.69
v v 7.12 4.67 42.78

v v 49.74 28.95 27.26
v v 44.96 30.05 45091
v v v 48.98 30.00 48.41

tasks, e.g., Atelectasis and Consolidation, suggesting that
its training medical reports likely contain explicit negation
expressions. Second, using the LN layers from post-training
methods does not lead to significant performance changes,
indicating that their negation understanding capabilities are
more attributable to the encoder or decoder layers. Third, using
the LN layers adapted by TCR brings performance gains in
certain scenarios, but exhibits instability in others. Notably,
our NEAT provides stable performance improvements overall,
especially for the most frequent [2] condition Lung Opacity,
i.e., achieving 14.54% and 36.11% improvements for Binary
Classification-Aff and Classification-Neg tasks, respectively.

D. Ablation Study

1) Impact of Each Component: To study the influence
of specific components in our method, we first carry out
ablation studies on the MS-COCO Retrieval-Neg data with
different training objects. Table X reports the performance
of the Retrieval-neg and the MCQ-Neg tasks. From the re-
sults, we observe the following conclusions: 1) L.,; boosts
performance through the negation-separated prediction, i.e.,
improving the R@1 of the base CLIP by 2.76% and 4.24% on
text and image retrieval, respectively. However, naive entropy
minimization fails to generalize the model to more difficult
negation understanding scenarios, e.g., performance drops
significantly on the MCQ task. 2) L, is crucial for learning
generalizable negation understanding capabilities, increasing
the MCQ accuracy of the L,,; variant from 28.69% to 45.91%.
3) NEAT achieves overall optimal performance when all the
loss terms are employed, showing that all three components
make contributions. In addition, we ablate the Candidate
Selection (CS) in NEAT to show its impact. Table XI reports
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TABLE XI
ABLATION STUDY OF THE CANDIDATE SELECTION STRATEGY.

Retrieval-Neg Zero-shot MCQ-Neg
Method 2T R@1 T21 R@1| Aff Neg Hyb|Total
CLIP 453 250 |69.1 68 392|393
NEAT w/o CS| 50.1 30.0 |57.2 24.0 38.4|40.3
NEAT 49.0 30.0  |64.9 29.3 49.5| 48.4
BLIP 526 336 |338 167 5.1 |18.6
NEAT w/o CS| 49.8 364 252 187 39159
NEAT 59.2 411 |77.2 28.3 50.0| 525

the offline performance based on CLIP and BLIP models.
From the results, one could observe that entropy minimization
on all samples leads to severe underfitting or overfitting. For
instance, NEAT without candidate selection achieves compa-
rable performance to NEAT on Retrieval-Neg, but drops by
8.1% on zero-shot MCQ (total) for CLIP and 36.6% for BLIP.
We further compare different candidate selection strategies
to verify the effectiveness of our negation-separated design.
We further compare different candidate selection strategies
to verify the effectiveness of our negation-separated method.
Specifically, we compared with the KNN-based prediction [26]
and report the zero-shot top-1 prediction accuracy. As shown
in Fig. 5a, our refinement strategy substantially outperforms
the KNN variant, which signifies that the simple feature-driven
prediction is insufficient for handling negation.

2) Parameter Analysis: We next investigate the effect of
the parameter A by plotting the online Recall@1 scores with
incremental values on MSR-VTT. As shown in Fig. 5b, we
observe that: 1) when using smaller A\ values, e.g., 1 and 2,
the second term in Eq.(8) would dominate the optimization
objective, leading to sub-optimal model performance. 2) Our
method can achieve stable performance in a relatively larger
range, i.e. 5 ~ 20, and shows no substantial performance
variation even when using extremely large A values.

3) Temperature Sensitivity: As TTA approaches are usually
sensitive to temperature parameters, we further carry out
experiments to investigate the influence of 7y and 75. The
comparison results are shown in Fig. 5c. The figure shows
that the adaptation process exhibits different sensitivities to
71 and 9. Specifically, the adapted model achieves optimal
performance with smaller 7; values but with larger 75 values.
Recall that our NEAT enhances negation understanding by
reducing the dual-concept shifts, where 7, and 75 control
the distribution shift in consistent and irrelevant semantics,
respectively. In Eq.(5), sufficient contrastive targets enable
us to utilize sharper distributions (smaller temperature) to
enhance the discrimination of the model. However, in Eq.(7),
we only sample one hardest contrastive candidate to avoid
undesirable clustering. Thus, we need smoother distributions
(larger temperature) to prevent overfitting to negative samples.

4) Analysis of Hardest Sampling: To further verify the
effectiveness of the hardest sampling strategy in Lg,, we vary
the number of hardest negative samples from 1 to 256 and
report the offline results on MS-COCO Retrieval-Neg and
MCQ-Neg tasks. Specifically, we extend L, by selecting the
top- K visual samples with the lowest similarity to the reversed

TABLE XII
EFFECT OF THE NUMBER OF HARDEST CONTRASTIVE SAMPLES IN THE
SEMANTICS REVERSION LOSS.

Hardest T2I Retrieval-Neg Zero-shot MCQ-Neg
Samples|R@1 R@5 R@10| Avg | Aff Neg Hyb |Total
1 30.0 54.6 65.7 (50.1{64.9 29.3 49.5|48.4
2 30.0 54.5 65.6 |50.0(64.0 30.1 48.2|47.9
4 299 544 655 |49.9|63.1 309 46.6|47.3
8 29.8 54.2 655 |49.8(62.4 31.1 44.7|46.5
16 29.7 54.1 653 [49.7(61.3 31.3 43.1|45.6
32 29.5 53.8 65.0 [49.4(60.7 31.1 40.9|44.6
64 29.2 53.6 649 |49.2|60.1 30.8 38.5|43.5
128 289 532 64.5 |48.9(58.8 31.0 36.1|42.3
256 28.5 52.8 64.1 |48.5/56.6 29.6 32.5|39.8

text, and compute the loss by averaging over these K hardest
negatives. As shown in Table XII, sampling only the hardest
visual data achieves the best overall performance. Scaling K
from one to all batch samples leads to a 1.5% drop in T2I
Retrieval-Neg average and an 8.6% drop in MCQ-Neg total
accuracy. Interestingly, the fine-grained results on MCQ reveal
that the performance degradation is mainly attributed to the
affirmation type, which drops from 64.9% to 56.6%. This
observation aligns well with our analysis in Section IV-B2:
contrasting against more visual samples would corrupt the
learned semantic structure. In contrast, our proposed semantics
reversion learning (K = 1) can avoid this issue while reducing
computational overhead.

E. Visualization and Analysis

1) Embedding Similarity Analysis: To visually investigate
the performance of our NEAT against negation, we illus-
trate pairwise similarity distributions of image-text embed-
dings from different VLMs. Specifically, we compared our
NEAT (adapted on unlabeled MS-COCO Retrieval-Neg) with
CLIP, ConCLIP, NegFull-finetuned CLIP, and TCR (adapted
on unlabeled MS-COCO Retrieval-Neg) in Fig. 6. For each
image in the test set of CIFAR10, we contrast it with the
normal text, i.e., “a photo of the [CLASS]”, the negation-
conditioned text, i.e., “a photo of the [CLASS] but not of the
[CLASS']”, and the reversed negation-conditioned text, ie.,
“a photo of the [CLASS’] but not of the [CLASS]”, where
[CLASS] is the true label and [CLASS’] is a false one. As
shown in Figs. 6a-6e, all VLMs could separate the positive
and negative pairs apart enough. Although some methods
are designed for negation understanding, e.g., ConCLIP and
NEAT, their ability to handle affirmative statements remains
intact. When tasked with negation-conditioned understanding,
Figs. 6f-6j demonstrate that some VLMs exhibit significant
overlap between positive and negative distributions, eg, CLIP
and ConCLIP. In contrast, our NEAT could discriminate the
true and false negative pairs successfully. While for the more
challenging reversed negation-conditioned text, Figs. 6k-60
show that CLIP and TCR wrongly provide higher similar-
ity scores for positive (the most irrelevant) pairs. Although
some negation-enhanced models, e.g., ConCLIP and NegFull-
finetuned CLIP, reduce similarity scores for positive pairs, they
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V There are no women in this video. NEAT
xThe woman appears, but she is not
interviewed. CLIP TCR

x A woman is featured in this content.

x No man is featured in this video.
ConCLIP NegCLIP

Men and women sing in a choir
on stage accompanied by a piano,
with no orchestra in the video.

Fig. 7. Case studies of our NEAT in understanding negation. (a) Multiple
choice questions with negated captions for a given video. (b) Top-3 retrieved
videos for a given negated query. The negation parts are highlighted.

still maintain distributions comparable to those of negative
pairs. Differently, our NEAT is the only approach that properly
produces lower similarity scores for positives than negatives,
which is consistent with the findings in Table VI.

2) Negation Understanding Examples: To visually illustrate
the negation comprehension ability of our NEAT, we show
some retrieved videos using negated queries and multiple
choice questions with negated captions from MSR-VTT in
Fig. 7, where TTA methods (TCR and NEAT) are adapted
on unlabeled MSR-VTT Retrieval-Neg data. As shown in the
MCAQ results in Fig. 7a, most methods frequently misinterpret
negation in either objects (e.g., ConCLIP and NegCLIP) or
actions (e.g., CLIP and TCR). From the retrieved results in
Fig. 7b, one could see that our NEAT is not misled by negation
statements and successfully retrieves relevant samples. Over-
all, the above cases show that our NEAT can rapidly improve
performance during test time.

A dog not
on grass.

A woman
without a
scarf.

A road
with no
Snow.

Fig. 8. Examples of text-to-image generation with negation prompt.

3) Text-to-Image Generation with Negation: We further
investigate whether NEAT can enhance negation understanding
in generative multimodal models. Specifically, we replace the
LN layers of the text encoder in Stable Diffusion v1.4 (SD1.4)
[37] with those adapted by NEAT on the MS-COCO Retrieval-
Neg data using CLIP ViT-L/14. As shown in Fig. §, SD1.4
fails to exclude the negated content, while the NEAT-adapted
variant generates correct images. This demonstrates that our
NEAT adapted LN layers can generalize from discriminative
to generative tasks, showing its potential to benefit broader
multimodal systems built upon embedding VLMs.

VI. CONCLUSION

In this paper, we study enhancing the negation understand-
ing ability of VLMs through test-time adaptation. The key
idea is to address the dual-concept shifts problem between



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

affirmation and negation distributions. Specifically, we pro-
pose NEAT, a novel method that reduces distribution shift
in consistent semantics while eliminating false distributional
consistency in unrelated semantics. By adjusting only the
lightweight normalization layers, our method could efficiently
adapt VLMs to negation contexts during inference. Extensive
experiments across multiple benchmarks spanning images,
videos, and medical scenarios verify the effectiveness and
generalization of our method. In future work, we plan to
explore more negation understanding scenarios, e.g., remote
sensing image retrieval with negation-conditioned queries, and
tasks, e.g., visual question answering, broadening NEAT to
handle these corresponding challenges.
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