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Abstract
Vision-Language Models (VLMs), exemplified by CLIP,
have emerged as foundational for multimodal intelligence.
However, their capacity for logical understanding remains
significantly underexplored, resulting in critical “logical
blindspots” that limit their reliability in practical applications.
To systematically diagnose this, we introduce LogicBench, a
comprehensive benchmark with over 50,000 vision-language
pairs across 9 logical categories and 4 diverse scenarios:
images, videos, anomaly detection, and medical diagnos-
tics. Our evaluation reveals that existing VLMs, even the
state-of-the-art ones, fall at over 40 accuracy points below
human performance, particularly in challenging tasks like
Causality and Conditionality, highlighting their reliance on
surface semantics over critical logical structures. To bridge
this gap, we propose LogicCLIP, a novel training frame-
work designed to boost VLMs’ logical sensitivity through
advancements in both data generation and optimization ob-
jectives. LogicCLIP utilizes logic-aware data generation and
a contrastive learning strategy that combines coarse-grained
alignment, a fine-grained multiple-choice objective, and a
novel logical structure-aware objective. Extensive experi-
ments demonstrate LogicCLIP’s substantial improvements
in logical comprehension across all LogicBench domains,
significantly outperforming baselines. Moreover, LogicCLIP
retains, and often surpasses, competitive performance on
general vision-language benchmarks, demonstrating that
the enhanced logical understanding does not come at the
expense of general alignment. We believe LogicBench and
LogicCLIP will be important resources for advancing VLM
logical capabilities.

Github — https://github.com/yuchen2199/Logic-Unseen

Introduction
“Logic is the anatomy of thought.” — John Locke
Logic, as the intrinsic structure of human reasoning, perme-
ates every facet of how we perceive the world, communicate
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effectively, and solve complex problems (Kowalski 2011).
In natural language, logical constructs such as conjunction,
disjunction, negation, and causality play a crucial role in
shaping meaning beyond superficial semantics. For exam-
ple, consider the medical instructions “Do not mix drug A
and drug B” versus “Do not mix drug A or drug B”. A
subtle change in the logical connective system radically al-
ters the meaning, potentially affecting realistic vital deci-
sions. As multimodal AI systems are increasingly deployed
in critical applications (Liu et al. 2025f; Lu et al. 2024;
Zhou et al. 2024; Luo et al. 2025b; Liu et al. 2025d; Zhou
et al. 2025b), such logical understanding becomes essential.
Vision-Language Models (VLMs) must not only perceive
images and interpret texts but also understand the complex
logical structures that connect them, thereby preventing po-
tentially catastrophic real-world errors.

Although VLMs, exemplified by CLIP (Radford et al.
2021; Cherti et al. 2023), excel in image-text alignment
and have served as foundational encoders for various appli-
cations, such as open-world perception (Wang, Chan, and
Loy 2023; Sun et al. 2024; Zhou, Tan, and Gou 2024;
Yan et al. 2025) and Multimodal Large Language Models
(MLLMs) (Li et al. 2023; Zhang et al. 2025b; Luo et al.
2025c), their ability to comprehend and reason over logi-
cal structures remains significantly underexplored. Figure 1
presents a preliminary analysis revealing these concerning
logical blindspots in CLIP. As demonstrated, we perturb
correctly matched image-text pairs by modifying object cat-
egories, attributes, and logical structures within the captions
to construct erroneous descriptions. Our findings indicate
that CLIP is highly sensitive to changes in objects or at-
tributes, resulting in a significant drop in CLIP scores. How-
ever, it struggles to distinguish subtle logical shifts that fun-
damentally alter the entire sentence’s meaning, sometimes
even assigning higher matching scores to these logically in-
correct descriptions. From left to right in Figure 1, CLIP
fails to capture subtle variations in logical structures such
as causality, inclusion, comparison, and conjunction. These
deficiencies suggest that CLIP relies heavily on superficial
semantic alignment, often missing deeper logical structures
within natural language, which leads to logical blindspots.

To bridge this gap, in this paper, we first introduce Log-
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Because it is raining heavily, the 
wall is slippery.
CLIP Score: 18.67 (-3.97, Category)

Because it is raining heavily, the 
road is slippery.
CLIP Score: 22.64 

Because it is snowing heavily, 
the road is slippery.
CLIP Score: 20.64 (-2.00, Attribute)

Because the road is slippery, it 
is raining heavily.
CLIP Score: 22.33 (-0.31, Logic)

All the robots are happily running, 
including the girl on the left. 
CLIP Score: 15.43 (-6.41, Category)

All the kids are happily running, 
including the boy on the left. 
CLIP Score: 21.84 

All the kids are sadly running, 
including the boy on the left. 
CLIP Score: 18.22 (-3.62, Attribute)

All the kids are happily running, 
except the boy on the left. 
CLIP Score: 22.69 (+0.85, Logic)

A man wearing a blue cap is holding 
a book and a pan.
CLIP Score: 24.94 (-4.04, Category)

A man wearing a blue cap is holding 
a spatula and a pan.
CLIP Score: 28.98 

A man wearing a red cap is holding 
a pan and a spatula.
CLIP Score: 26.69 (-2.29, Attribute)

A man wearing a blue cap is holding 
a spatula or a pan.
CLIP Score: 29.44 (+0.46, Logic)

The elegant duck on the left is as 
large as the one on the right.
CLIP Score: 19.17 (-5.99, Category)

The elegant swan on the left is as 
large as the one on the right.
CLIP Score: 25.16 

The clumsy swan on the left is as 
large as the one on the right.
CLIP Score: 23.78 (-1.38, Attribute)

The elegant swan on the left is 
larger than the one on the right.
CLIP Score: 25.00 (-0.16, Logic)

Figure 1: Preliminary analysis of OpenAI CLIP-L/14 reveals logical blindspots. While CLIP is highly sensitive to changes in
objects or attributes, resulting in a significant drop in CLIP scores, it demonstrably struggles to distinguish subtle logical shifts
that fundamentally alter the sentence’s meaning, sometimes even assigning higher matching scores to descriptions containing
logical errors. These examples include perturbations in causal, inclusion, comparison, and conjunctive logical relations.

icBench, a novel and comprehensive benchmark specifically
designed to systematically diagnose the logical understand-
ing capabilities of VLMs. Specifically, LogicBench spans
a wide range of domains, including everyday images, web
videos, anomaly detection, and medical scenarios. It covers
nine common logical categories, namely conjunction, dis-
junction, negation, contrast, comparison, condition, causal-
ity, temporality, and inclusion. This broad coverage per-
mits an in-depth evaluation of VLMs’ ability to compre-
hend logic across various contexts. Moreover, we propose
two diagnostic tasks to probe these capabilities: (1) Logic-
Aware Retrieval, which requires models to understand the
logical structure of sentences and retrieve images from di-
verse data that match specific logical relations, simulating
real-world tasks such as search engines, content modera-
tion, and recommendation systems; and (2) Logic Multiple-
Choice Questions (MCQ), which challenges models to per-
form fine-grained reasoning on subtitles with adversarial
logical perturbations, selecting the most accurate description
of an image from closely related options.

Furthermore, we propose LogicCLIP, a novel training
framework that elevates the logical sensitivity of VLMs
through logic-aware contrastive learning. Technically, we
introduce a large-scale hard negative sample generation
pipeline, where Large Language Models (LLMs) are em-
ployed to craft logically perturbed negative captions from
original human-written descriptions meticulously. These
captions serve as crucial supervisory signals during con-
trastive fine-tuning, enabling the model to better align vi-
sual content with logically coherent language. Moreover,
our proposed logic-aware learning approach encourages the
model not only to focus on surface-level semantics but also
to explicitly attend to critical logical structures. Extensive
experimental results demonstrate that while existing VLMs
exhibit significant limitations in logical reasoning, our Log-
icCLIP not only achieves state-of-the-art performance on

LogicBench but also maintains, and in some cases surpasses,
the performance of native CLIP on general vision-language
benchmarks. Before delving into details, we summarize our
contributions as follows:

• (Benchmark) We introduce LogicBench, a comprehen-
sive benchmark specifically designed to systematically
evaluate the logical understanding capabilities of current
VLMs. LogicBench features over 50,000 logical vision-
language pairs across 9 categories of logical relation-
ships, encompassing 4 diverse application scenarios and
2 distinct evaluation tasks.

• (Diagnosis) We conduct the first systematic evaluation of
VLMs’ logical reasoning abilities, revealing significant
“logical blindspots” and inherent limitations in compre-
hending complex logical structures.

• (Solution) We present LogicCLIP, a novel and effective
training framework engineered to boost VLMs’ logical
sensitivity. Extensive experiments validate that Logic-
CLIP achieves substantial improvements in logical com-
prehension across various domains while simultaneously
preserving, and often surpassing, competitive perfor-
mance on standard vision-language benchmarks.

Related Work
Contrastive Language-Image Learning. CLIP (Radford
et al. 2021; Liu et al. 2025b,c) has demonstrated impres-
sive zero-shot generalization capabilities by learning cross-
modal alignment from massive web data, which has led
to its widespread use in various downstream tasks such as
recognition (Yu et al. 2025; Zhou, Liu, and Gou 2024), de-
tection (Esmaeilpour et al. 2022), segmentation (Liu et al.
2025e), and diagnosis (Lu et al. 2024). CLIP has also be-
come the most commonly used vision encoder for recent
MLLMs (Li et al. 2023; Chen et al. 2024; Liu et al. 2024b;

29063



Conjunction

Disjunction

Negation

Contrast

Comparison

Condition

Causality

Temporality

Inclusion

e.g. A man and a dog are walking in the park.

e.g. A cat is sleeping, or it's just napping.

e.g. A dog is not wearing a collar.

e.g. The dog is friendly, but the cat is shy.

e.g. A car is faster than the bike.

e.g. If the light is red, the car will stop.

e.g. The road is wet because it rained.

e.g. She finished her homework before dinner.

e.g. The kids, including the boy, are playing.

LogicBench-Video

LogicBench-Image LogicBench-Medicine

LogicBench-Anomaly

Logic-Aware 
Retrieval

Logical MCQ

(a) (b)

(c)

LogicBench

Figure 2: The overview of our LogicBench. A comprehensive benchmark for evaluating logical reasoning across various do-
mains, including 9 common logical categories, 4 key application scenarios, and 2 challenging tasks.

Tang et al. 2025b,a; Zeng et al. 2025b), enabling LLMs to
understand images. However, significant challenges persist.
Recent works have highlighted CLIP’s limitations in spe-
cific areas such as negation (Ko and Park 2025; Park et al.
2025), compositionality (Hsieh et al. 2023), and spatial rea-
soning (Wang et al. 2025), which hinder the reliability and
performance of multimodal AI systems (Tong et al. 2024;
Zeng et al. 2025a; Luo et al. 2025a; Liu et al. 2025a; Zhou
et al. 2023; Liu, Zhou, and Gou 2023; Huang et al. 2024;
Guo, Zhou, and Gou 2024; Li et al. 2025b,a; Zhang et al.
2025a). Benchmarks such as CREPE (Ma et al. 2023) and
CC-Neg (Singh et al. 2025) have focused on the compo-
sitional understanding, relying on linguistic templates, but
they lack diversity in real-world query phrasing. More re-
cently, NegBench (Alhamoud et al. 2025) utilized LLaMA
3.1 (Grattafiori et al. 2024) to generate fluent negations, but
the reliance on a single LLM introduces potential bias and
hallucinations.
Synthetic Data for Model Training. With the growing
prominence of LLMs, the use of synthetic data for train-
ing models has become a key area of exploration (Zhou
et al. 2025a; Li and Li 2025). The generation of large-scale
high-quality synthetic data has shown promise in enhancing
model performance, especially when used to augment real
data. Several works (Tian et al. 2024; Liu et al. 2024a) have
shown that models trained entirely on synthetic images and
descriptions can achieve performance comparable to those
trained on real-world data.

LogicBench
Definition & Statistics
LogicBench is structured around three key dimensions: a de-
fined set of logical categories, diverse application scenarios,
and specifically designed logical-aware tasks for evaluation.
Logical Categories. LogicBench includes 9 fundamen-
tal logical categories, collectively forming 51,360 logical
image-text pairs. Among these, the most frequent categories
are conjunction (20.15%), negation (15.63%), and disjunc-

tion (13.36%), while the less common categories include
comparison (6.29%) and condition (6.01%), although they
still provide a sufficient sample size. These categories enable
a detailed analysis of VLMs in their ability to interpret com-
plex logical relations beyond superficial matching. The spe-
cific categories and examples are illustrated in Figure 2(a).
See Supp. Mat. A for more details and statistics.
Application Scenarios. To comprehensively evaluate
VLMs’ logical understanding in real-world contexts, Log-
icBench incorporates data from four distinct scenarios: nat-
ural scene images, videos, anomaly detection, and medical
diagnostics, as shown in Figure 2(b). Specifically, (1) Im-
age: Sourced from the CC12M (Changpinyo et al. 2021) and
MSCOCO (Lin et al. 2014) validation sets, these datasets
feature highly diverse images from everyday environments.
(2) Video: From the MSRVTT dataset (Xu et al. 2016), con-
taining popular video clips from a commercial video search
engine, it is used to test the VLMs’ ability to handle dynamic
logical understanding. (3) Anomaly: Using the DADA-2000
dataset (Fang et al. 2019), this scenario involves identify-
ing traffic anomalies and accidents, requiring precise logi-
cal reasoning to identify unusual or hazardous events. (4)
Medicine: Leveraging the Open-i dataset (Demner-Fushman
et al. 2015), which includes radiology reports alongside
medical images, this scenario demands nuanced logical in-
terpretation for clinical relevance, such as understanding
negation and causality in medical findings.
Logical-aware Tasks. We design two diagnostic tasks with
varying levels of granularity: Logic-Aware Retrieval and
Logical Multiple Choice Questions (MCQ), as shown in Fig-
ure 2(c). Specifically, (1) Logic-Aware Retrieval requires
the models to understand the logical structure of sentences
and retrieve images from a diverse database that match spe-
cific logical relations. This simulates real-world applications
such as search engines, content moderation, and recommen-
dation systems. (2) Logical MCQ challenges models to per-
form discriminative reasoning over subtitles containing ad-
versarial logical perturbations. Models must select the most
accurate description of a given image from a set of closely
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related options, requiring a precise understanding of subtle
logical distinctions. See Supp. Mat. A for visualizations.

Data Construction Pipeline
Creating a large-scale, high-quality benchmark to diagnose
VLMs’ capabilities to understand logical structures presents
two inherent challenges. The first challenge is how to ac-
quire a large-scale and logic-aware positive sample set. Di-
rectly using MLLMs to generate logical captions may in-
troduce hallucinations and bias. These generated sentences
are often crafted to fulfill the structural needs of logic,
which can result in semantic misalignments with the cor-
responding visual content. While using human experts to
annotate from scratch may serve as an alternative, the high
cost associated with this approach severely limits the bench-
mark’s scale. For example, the successful SpatialBench
(Wang et al. 2025), despite considerable efforts, includes
fewer than 300 MCQs. To address this, we leverage exist-
ing human-annotated vision-language datasets and filter out
captions containing logical structures to serve as our positive
samples by utilizing spaCy and regular expression scripts
for syntactic analysis. This approach enables us to process
large datasets automatically, identifying samples with em-
bedded logical relationships. Moreover, the selected samples
are naturally annotated without the introduction of artificial
complex logical structures, ensuring both the authenticity
and practical relevance of the data.

The second challenge lies in generating a large-scale set
of logic-aware negative samples based on the positive sam-
ples. Previous works (Ma et al. 2023; Singh et al. 2025) of-
ten rely on template-based perturbations of captions, which
could result in grammatically awkward sentences with low
diversity and poor-quality negative samples. Other meth-
ods use a single LLM to generate negative samples (Al-
hamoud et al. 2025), which addresses some of the issues
but still introduces significant bias due to the lack of di-
versity. Our solution involves using multiple widely val-
idated LLMs (Qwen 2.5-max, DeepSeek-V3, Gemini-2.5-
pro, GPT-4.1, and LLaMA 3.3 70B) to generate diverse and
high-quality negative samples. This approach mitigates the
bias introduced by relying on a single LLM. After generat-
ing both positive and negative samples, we engage human
experts to review and select the most accurate and reliable
samples, ensuring logical consistency and high quality. The
dataset is then finalized, leading to LogicBench, which is
a large-scale, high-quality benchmark that not only meets
the scale requirements but also incorporates sufficient logi-
cal complexity, naturalness, and diversity to effectively diag-
nose current VLMs. Figure 3 illustrates the LogicBench con-
struction pipeline, which is further detailed in Supp.Mat.A.

LogicCLIP
As noted, CLIP relies on superficial semantic alignment,
matching image features with text based on simple co-
occurrence patterns. However, it struggles to capture deeper
logical structures, missing subtle semantic shifts in com-
plex logical relationships. This leads to the phenomenon of
“logical blindspots”. The root cause of these blindspots lies

Images&Videos
Anomaly&Medicine…

Filtering 
& Parsing 

Positive
Logical Caption

Proposals 

Hard Negative
Logical Caption

Proposals 

Human Experts

LLMs

LogicBench

Logic-Aware 
Retrieval

Logical 
MCQ

Figure 3: LogicBench Construction Pipeline. We select
vision-language pairs from human-annotated datasets, then
parse and filter them for logical relations to form positive
caption proposals. Multiple LLMs generate hard negative
captions by perturbing the positive ones. Human experts re-
view all proposals to create LogicBench.

in both the training data and optimization objectives. First,
the training data lacks sufficient explicit examples of com-
plex logical relationships. Second, the optimization objec-
tive does not explicitly account for logical structures. The
combination of factors prevents CLIP from learning these
intricate logical relationships. To address this, we propose
LogicCLIP, which tackles “logical blindspots” challenges
through both data augmentation and optimization.

Logic-Aware Training Data Generation
We expand the MSCOCO training set (Lin et al. 2014),
which includes high-quality human-annotated captions from
daily image scenes, to generate our logic-aware training
data. We aim to enhance the model’s ability to adapt to di-
verse logical structures and comprehend logical relations in
various scenarios. This is accomplished by utilizing natu-
rally occurring logical sentence patterns from general daily
contexts. The process involves two key steps:
Positive Logical Sample Parsing. We begin by leverag-
ing human-annotated captions from MSCOCO and apply-
ing spaCy and regular expression scripts for syntactic anal-
ysis. Let I be the set of images, C the set of captions, and
L = {L1, . . . , Lk} the set of predefined logical categories.
For each image I ∈ I with associated captions CI ⊂ C, we
filter and identify captions cpos ∈ CI that contain specific
logical structures. Each such caption cpos is then associated
with a non-empty subset of logical categories L ⊆ L. These
(I, cpos, L) pairs form the positive samples, which the model
is trained to recognize. See Supp. Mat. B for more details.
Negative Logical Sample Generation. To create chal-
lenging negative samples, we generate a diverse set using
multiple well-validated LLMs (Qwen 2.5-max, DeepSeek-
V3, Gemini-2.5-pro, GPT-4.1, and LLaMA 3.3 70B). For
each positive sample (I, cpos, L), LLMs perturb c to gen-
erate a set of three negative captions, denoted as Cneg =
{cneg,1, cneg,2, cneg,3}. Each caption cneg,m ∈ Cneg is seman-
tically plausible but logically incorrect or misleading for im-
age I given the logical categories in L. This strategy ensures
significant diversity in the negative sample set and pushes
the model’s capacity to differentiate subtle logical nuances.

The complete Logic-aware Training Data D consists of
samples structured as D = (I, L, cpos, Cneg), where each
sample includes an image, its logical categories, a positive
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caption, and a set of three negative captions. Notably, D
is derived from general daily images and is not specifically
curated for the four LogicBench scenarios. Nevertheless, as
shown in Sec. V, LogicCLIP demonstrates remarkable gen-
eralization, performing robustly across logically critical do-
mains such as video, anomaly detection, and medical diag-
nostics, even when fine-tuned solely on these daily images.

Logic-Aware Contrastive Learning
To equip VLMs with robust logical understanding capa-
bilities, our optimization strategy integrates three distinct
and complementary objectives: a coarse-grained standard
CLIP contrastive objective, a fine-grained hard multiple-
choice objective, and a novel logical structure-aware objec-
tive, which collectively enhance VLMs’ understanding of
logical relations within both visual and linguistic modalities.
Standard CLIP Contrastive Objective. The primary ob-
jective of this component is to improve the model’s overall
logic-aware visual-language alignment at a coarse-grained
level. By ensuring that the model learns to align image
content with logical text descriptions, this foundational ob-
jective sets the stage for more fine-grained logical under-
standing. For a given batch B = {(Ii, Ci)}Ni=1, where N
is the number of image-caption pairs, we first extract their
respective representations. An image encoder EI produces
image features vi = EI(Ii), and a text encoder ET gener-
ates text features ti = ET(Ci). The cosine similarity ma-
trix S ∈ RN×N is computed, where Sij = cos(vi, tj). We
apply a symmetric cross-entropy loss to this matrix, encour-
aging high similarity for correct image-caption pairs (vi, ti)
and low similarity for incorrect pairs:

LCLIP = LCE(S, labels),

where labels indicate an identity matrix with ones on the
diagonal indicating correct matches.
Fine-Grained Multiple-Choice Objective. This objective
aims to improve the model’s ability to distinguish subtle
logical differences, particularly when confronted with chal-
lenging negative samples. It directly leverages the image-
positive sample-negative sample sets generated during data
creation. Given a batch BMC = {(Ii, cpos,i, Cneg,i)}Ni=1,
where Ii is an image, cpos,i is its corresponding positive
logical caption, and Cneg,i = {cneg,i,1, cneg,i,2, cneg,i,3} are
the three hard negative captions generated by logical per-
turbations, we construct a set of four description options
Coptions,i = {cpos,i}∪Cneg,i. The model is tasked with identi-
fying the correct caption cpos,i among these four options for
each image Ii. We compute the cosine similarity between
the image feature vi = EI(Ii). This leads to a set of logits
li = {cos(vi, toption,m)}4m=1, representing the similarity be-
tween the image and each option. The multiple-choice loss
LMC is then computed by applying a cross-entropy loss over
the logits, with the index of cpos,i as the ground-truth target:

LMC = − log
exp(li,pos)∑4
m=1 exp(li,m)

,

where li,pos denotes the logit corresponding to the positive
caption cpos,i. This encourages the model to assign higher

scores to logically correct captions and lower scores to in-
correct ones, fostering fine-grained logical discrimination.
Logical Structure-Aware Objective. The aim of this ob-
jective is to explicitly guide VLMs to identify specific log-
ical structures within a given text description, further en-
hancing the model’s attention to logical relations rather than
merely focusing on surface-level semantic matching. For
each caption Ci in a batch, we obtain its text encoder fea-
ture ti = ET(Ci). We then feed ti into a logical classifier
FLogic, which outputs a vector of predicted scores for each
logical category in L. The classifier assigns a score for each
category, indicating the likelihood that caption Ci belongs to
that category. Since a caption Ci can contain multiple logi-
cal categories, its ground-truth label is a multi-hot encoded
vector yi ∈ {0, 1}k, where yi,j = 1 if Ci contains logical
category Lj and 0 otherwise. We train this logical classifier
using binary cross-entropy loss LLogic. This loss explicitly
encourages the model to accurately predict all logical cate-
gories present in the text description, thereby enhancing its
direct comprehension of logical structures.
Total Optimization Objective. The total optimization ob-
jective is a weighted sum of these three components:

LTotal = αLCLIP + βLMC + γLLogic,

where α, β, and γ are hyperparameters that control the con-
tribution of each loss term. This composite objective ensures
that LogicCLIP maintains general vision-language align-
ment, accurately distinguishes subtle logical differences,
and explicitly understands various logical relations through
direct classification.

Experiments
Experimental Settings
Evaluated Models. We conduct a comprehensive evalua-
tion of state-of-the-art VLMs on LogicBench and general
benchmarks, including OpenAI’s native CLIP (base-32 and
large-14 versions) (Radford et al. 2021), LaCLIP (Fan et al.
2023), LaionCLIP (Schuhmann et al. 2022), DatacompCLIP
(Gadre et al. 2023), NegCLIP (Yuksekgonul et al. 2023),
TripletCLIP (Patel et al. 2024), MetaCLIP (Xu et al. 2024),
ILCLIP (Zheng et al. 2024), ConCLIP (Singh et al. 2025),
and NegFull (Alhamoud et al. 2025). Additionally, we in-
clude a set of human evaluation experiments by randomly
selecting 10% of the samples from LogicBench. Indepen-
dent human evaluators answered each question and provided
assessments, serving as a reference for human performance.
Benchmarks & Metrics. In addition to LogicBench, we
also evaluate the performance of VLMs on general bench-
marks to comprehensively assess model capabilities. Fol-
lowing (Wang et al. 2025), we use COCO (Lin et al. 2014)
and Flickr30k (Plummer et al. 2015) for text-image retrieval.
For MCQ tasks, we report accuracy. For retrieval tasks, we
report Recall@1 and Recall@5.
Training Settings. To evaluate the efficacy of our Logic-
CLIP framework, we fine-tune four representative pretrained
VLMs: OpenAI CLIP-B, OpenAI CLIP-L, NegCLIP, and
NegFull. We then compare the fine-tuned models with their
respective base versions on both LogicBench and general
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Model
LogicBench General Benchmark

Image Video Anomoly Medicine COCO Flickr30K
MCQ R@1 R@5 MCQ R@1 R@5 MCQ MCQ R@1 R@5 R@1 R@5

Human 96.32 - - 93.97 - - 94.23 87.00 - - - -

LaCLIP 42.28 28.80 52.47 42.55 44.40 69.73 35.14 13.50 31.67 56.12 57.58 82.14
LaionCLIP 50.81 36.41 61.73 46.32 56.40 78.53 30.92 15.40 39.37 65.42 66.76 88.38
DatacompCLIP 36.60 8.94 23.34 35.47 22.53 44.80 32.93 7.40 10.98 27.02 18.10 40.36
TripletCLIP-CC3M 44.37 3.50 10.39 39.81 7.33 20.67 16.62 26.20 3.59 11.29 8.72 22.08
TripletCLIP-CC12M 56.32 10.18 26.15 48.49 21.33 44.93 15.66 17.50 11.25 28.20 25.36 51.76
MetaCLIP 54.05 33.06 58.26 44.34 52.80 76.80 25.85 17.00 36.62 62.48 63.84 86.14
ILCLIP 54.55 9.88 25.21 30.94 14.80 33.33 24.00 17.30 12.35 30.27 20.52 43.36
ConCLIP 38.58 23.00 45.09 42.08 44.53 68.67 30.22 8.30 27.67 52.26 56.74 82.68
NegFull 60.04 27.00 50.98 55.85 45.60 71.60 31.22 17.90 30.60 55.49 57.68 82.54
NegCLIP 55.27 39.38 67.06 53.96 59.07 82.00 32.03 21.30 41.52 68.43 67.44 89.50
OpenAI CLIP-B 38.56 27.88 50.85 35.57 49.60 72.40 28.36 16.50 30.44 55.97 58.78 83.54
OpenAI CLIP-L 36.90 34.24 58.38 35.66 53.73 76.40 24.75 12.80 36.52 61.06 65.00 87.26

LogicCLIP-NegFull (Ours) 79.34 39.85 67.64 70.85 57.60 82.93 57.83 37.60 42.77 69.18 67.20 89.44
LogicCLIP-Neg (Ours) 85.69 42.30 69.50 82.55 59.33 82.67 56.38 46.60 44.38 71.28 69.84 90.58
LogicCLIP-B (Ours) 81.91 39.82 67.00 77.92 57.60 83.33 45.33 33.80 42.54 69.74 68.78 89.66
LogicCLIP-L (Ours) 83.93 44.28 71.46 79.53 58.53 83.07 62.30 35.90 45.27 71.54 71.98 91.76

Table 1: Performance comparison of different models on LogicBench and general benchmark datasets.

benchmarks. All models are fine-tuned for 16 epochs with
a 1,000-step linear warmup. We employ the AdamW op-
timizer with a weight decay of 0.2. Batch sizes are set to
256 for OpenAI CLIP-B and NegCLIP. Due to memory con-
straints, OpenAI CLIP-L is fine-tuned with a reduced batch
size of 64. Experiments are implemented using PyTorch and
conducted on a single NVIDIA A100-80G GPU. The hyper-
parameters α, β, and γ are set to 4, 2, and 1, respectively.

Results & Insights
Logic: A major challenge faced by current VLMs. To be-
gin, we evaluate the performance of various VLMs on Log-
icBench, as shown in Table 1. These results reveal signifi-
cant shortcomings of current VLMs in logical understand-
ing. Even for relatively simple image scenes, models like
LaionCLIP and MetaCLIP, which perform well on general
benchmarks, achieve only 50.81% and 54.05% on the MCQ
task, respectively. The strongest baseline, NegFull, scores
60.04% on MCQ but only 27.00% on R@1. Furthermore,
models show even weaker performance in more complex
scenarios such as video, anomaly detection, and medical di-
agnostics, with MCQ scores dropping significantly. Other
competitive pre-trained models, such as LaCLIP (42.28% on
image MCQ), LaionCLIP (50.81% on image MCQ), and the
original OpenAI CLIP-B (38.56% on image MCQ), achieve
more moderate scores. In contrast, human evaluators per-
form exceptionally well across all four LogicBench sce-
narios, with scores surpassing 90% in image, video, and
anomaly tasks. These results collectively underscore that the
current VLMs are inadequate for handling logical relations.
LogicCLIP achieves remarkable improvements on logi-
cal tasks. In contrast, our LogicCLIP consistently demon-
strates superior performance across all LogicBench sce-
narios, significantly outperforming its original versions.
LogicCLIP-B and LogicCLIP-L show a significant boost
in performance on LogicBench, particularly in MCQ tasks

and R@1 across all application scenarios. For example,
LogicCLIP-B achieves an MCQ score of 81.91%, far sur-
passing the OpenAI CLIP-B score of 38.56%. Similarly,
LogicCLIP-L elevates Image MCQ from 36.90% to 83.93%,
and LogicCLIP-Neg achieves the highest Image MCQ score
at 85.69% compared to NegCLIP’s 55.27%. These sub-
stantial improvements extend across other logical tasks
within LogicBench: LogicCLIP-B improves Video MCQ
from 35.57% to 77.92%, Anomaly MCQ from 28.36% to
45.33%, and Medicine MCQ from 16.50% to 33.80%.
Logic-aware training also improves performance on gen-
eral benchmarks. On general benchmarks, our model
not only maintains the performance of its base model
but often achieves significant improvements. For instance,
LogicCLIP-B improves the R@1 accuracy on COCO from
30.44% (OpenAI CLIP-B) to 42.54%, and on Flickr30K,
the R@1 accuracy increases from 58.78% to 68.78%. These
results indicate that LogicCLIP enhances the model’s abil-
ity to capture deeper logical relationships, prompting it to
build richer, more nuanced image and text representations.
As a result, the overall quality of image-text alignment is
improved. This enhanced understanding likely contributes
to better generalization on general retrieval tasks. Our find-
ings suggest that LogicCLIP has the potential to guide the
development of more robust and powerful VLMs.
Broad generalization across unseen logical domains. It
is important to emphasize the remarkable generalization
capabilities of LogicCLIP. While our training data is de-
rived solely from daily images, the logic-aware abilities ac-
quired by LogicCLIP effectively transfer to unseen, special-
ized domains within LogicBench. For instance, LogicCLIP-
B boosts Video MCQ from 35.57% to an impressive
77.92%. LogicCLIP-L boosts Anomaly MCQ from 24.75%
to 62.30%, and LogicCLIP-Neg improves Medicine MCQ
from 21.30% to 46.60%. This demonstrates that LogicCLIP
learns a fundamental understanding of logical structures that
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Figure 4: Performance comparison across different logical structures. See Supp. Mat. C for more detailed results.

is transferable across diverse visual contexts.
Varying difficulty across logical categories. Beyond over-
all performance, analyzing results across specific logical
structures offers deeper insights into model capabilities and
limitations. Figure 4 details the MCQ, R@1, and R@5
scores for 9 distinct logical categories. Our analysis reveals
a clear spectrum of difficulty for current baseline VLMs in
discerning different logical relationships. (1) Temporality,
Causality, Conditionality, and Negation prove to be the most
challenging, with average baseline MCQ scores of 31.18%,
35.15%, 41.23%, and 41.47%, respectively. For example,
OpenAI CLIP-B/L consistently scores below 20% MCQ on
Temporality and Causality, highlighting its weakness in han-
dling nuanced temporal and causal relationships. (2) Dis-
junction, Contrast, and Comparison present moderate chal-
lenges, with average MCQ scores of 46.28%, 46.97%, and
47.71%. Baselines score in the 40-60% range, suggesting
partial understanding but substantial room for improvement.
(3) Conjunction and Inclusion are comparatively less chal-
lenging for some strong baselines, with average MCQ scores
of 49.26% and 51.18%, respectively. LogicCLIP-NegFull
achieves 70.30% on Conjunction and 68.60% on Inclusion,
though standard CLIP variants show only moderate perfor-
mance in these areas. Our LogicCLIP consistently demon-
strates superior performance across all nine logical cate-
gories, dramatically overcoming the limitations of baseline
models. In challenging categories like Temporality, Causal-
ity, and Conditionality, LogicCLIP’s MCQ scores frequently
leap from baseline 20-40% to over 80-90%. It also excels
in other logical structures, including Comparison, Conjunc-
tion, and Inclusion, regularly achieving over 90% MCQ ac-
curacy. More analyses are in Supp. Mat. C.

Conclusion
In this paper, we tackle the critical challenge of logical un-
derstanding in VLMs, a crucial yet underexplored capabil-
ity for their reliable deployment. We introduce LogicBench,
a comprehensive benchmark designed to assess the logical
reasoning capabilities of VLMs. Our evaluation reveals sig-

nificant logical blindspots in current VLMs, particularly in
tasks involving Temporality, Causality, Conditionality, and
Negation. We further analyze that these blindspots stem
from a lack of explicit consideration of logic during both
data collection and optimization objectives. To address these
limitations, we propose LogicCLIP, a novel training frame-
work that enhances VLMs’ logical sensitivity by integrat-
ing a large-scale hard negative sample generation pipeline
and a logic-aware contrastive learning strategy, both focused
on improving logical understanding. Extensive experiments
demonstrate that LogicCLIP not only outperforms state-of-
the-art models on LogicBench but also retains competitive
performance on general vision-language benchmarks. Ad-
ditionally, LogicCLIP generalizes effectively across diverse
domains such as video, anomaly detection, and medical di-
agnostics. Our work highlights the critical role of explicit
logical training in VLMs and sets the stage for building more
robust and reliable models for real-world applications.
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