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Abstract

Vision–Language Models (VLMs) such as CLIP achieve
strong performance in zero-shot recognition, but often suf-
fer from hallucination, assigning high confidence to visual
attributes absent from the image. This issue arises because
conventional contrastive learning optimizes only relative
similarity between positive and negative pairs and does not
explicitly penalize alignment with absent concepts. In this
work, we propose a fine-tuning framework to mitigate hal-
lucination in VLMs. Based on concept visibility scores pre-
dicted by a large vision–language model (LVLM), we in-
troduce a contrastive learning objective with soft concept
visibility that aligns image embeddings with visually sup-
ported concepts while suppressing responses to likely in-
visible ones. Experiments on CUB and Oxford Pets show
that the proposed method effectively reduces hallucinated
attributes while improving classification performance.

1. Introduction
Vision–Language Models (VLMs) such as CLIP [8] and
ALIGN [4] achieve strong zero-shot and downstream per-
formance by contrastively aligning images and text in a
shared space, and now serve as general-purpose foundations
for vision–language understanding.

However, despite their strong performance, their predic-
tions are often not sufficiently grounded: CLIP can assign
high confidence to concepts weakly supported—or entirely
absent—in the image [5, 12, 14]. A key cause is over-
reliance on global features and language co-occurrence,
conflating visually observed evidence with language pri-
ors [5, 12, 14]. To improve downstream performance, CLIP
is often adapted through fine-tuning, with methods such
as FLYP [3] showing the benefit of continuing contrastive
learning. More recently, several approaches incorporate
external concept knowledge—e.g., LLM/LVLM-generated

Code is available at https://github.com/shijo-hikaru/
visible-concept-learning.
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Figure 1. Concept-level hallucination in VLMs. Models assign
high confidence to non-visible concepts and ignore visibility. Our
method suppresses such errors via visibility-aware learning.

prompts or explicitly defined part-level concepts [9, 11]—to
provide finer-grained semantic guidance during adaptation.
However, introducing such concepts without verifying their
visual evidence can itself lead to concept-level hallucina-
tion, where the model confidently predicts concepts that
are not actually visible. Prior work mainly focuses on
object-level hallucination, while part-level concepts (e.g.,
ears, legs, tails) remain underexplored. However, such parts
are often occluded or absent in real images, making them
particularly prone to hallucination. We hypothesize that
part-level hallucination is partly caused by a structural is-
sue in contrastive learning: class-associated concepts are
treated as positive for all images of the class, regardless of
visibility, reinforcing non-visible parts. To overcome this
limitation, we propose visibility-aware contrastive learning,
which incorporates per-image concept visibility to modu-
late supervision. Our method promotes alignment with vi-
sually supported concepts while suppressing responses to
non-visible ones. As there are no suitable benchmarks
for evaluating concept visibility, we additionally construct
new evaluation datasets for this task. Experimental results
demonstrate that our method significantly improves concept
separation (AUROC and FPR95) while improving classifi-
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Figure 2. Overview of our visibility-aware concept learning
framework. Conventional approaches either rely on class-level
alignment or treat all concepts equally, leading to incorrect em-
phasis on non-visible attributes. In contrast, our method estimates
per-image concept visibility, and incorporates it into contrastive
learning to promote alignment with visible concepts while sup-
pressing non-visible ones.

cation accuracy. Our contributions are summarized as fol-
lows: (1) We propose visibility-aware contrastive learning
that weights concept supervision using per-image visibility
probabilities. (2) We construct new evaluation datasets for
concept visibility prediction, enabling reliable evaluation of
visible and non-visible concepts. (3) Experiments demon-
strate that our method significantly improves AUROC and
FPR95 while improving classification accuracy.

2. Method

2.1. Concept Generation
For each class y, we generate a set of semantic concepts
Cy = {cy,k}Kk=1, where each concept describes an at-
tribute or part-level property of the class. Following prior
work [11], these concepts are automatically generated us-
ing a large language model (LLM) given the class name.
The generated concepts are shared across all images of the
class and are encoded using the CLIP text encoder.

2.2. Concept Visibility Labeling
While the generated concepts provide rich semantic de-
scriptions for each class, not all concepts are visually sup-
ported in every image. To model this discrepancy, we intro-
duce concept visibility scores, which estimate how likely a
concept is visible in a given image. Given an image xi and a
class-specific concept cyi,c, we obtain a visibility probabil-
ity pi,c ∈ [0, 1], indicating the likelihood that the concept
is visually present. These scores are obtained by query-
ing a large vision–language model (LVLM), which evalu-
ates whether visual evidence corresponding to each concept
exists in the image. The resulting probabilities are treated
as fixed pseudo-labels and are used only during training.

Details of the prompting strategy and label generation pro-
cedure are provided in the Appendix 8.1.

2.3. Contrastive Loss with Soft Concept Visibility
We consider a mini-batch of size B. Let vi ∈ RD denote
the image embedding of the i-th sample, and tj,c ∈ RD

denote the text embedding of the c-th concept of class j.
The ground-truth class index of image i is denoted by yi.
The similarity between an image and a concept is defined
as si,j,c =

v⊤
i tj,c
τ , where τ is a temperature parameter.

Concept Visibility. Each image i is associated with a vis-
ibility probability pi,c ∈ [0, 1], which represents the likeli-
hood that the c-th concept of the target class yi is visually
present in the image.
Negative Concepts. For each image i, inter-class negatives
are defined using only the concepts associated with other
samples in the mini-batch whose class labels differ from yi:

N inter
i = {(b, c) | b ∈ {1, . . . , B}, yb ̸= yi, c ∈ {1, . . . , C}}.

(1)
Our objective explicitly promotes alignment with visible

target concepts weighted by pi,c, while suppressing invis-
ible ones through an intra-class penalty. Specifically, we
define the per-sample loss as

L(i)
ctr = − 1

Zi

C∑
c=1

pi,c log
exp(si,yi,c)

Di,c
, (2)

where the denominator Di,c incorporates both inter-class
negatives and intra-class suppression:

Di,c =exp(si,yi,c) +
∑

(j,c′)∈N inter
i

exp(si,j,c′)

+ λinv

C∑
c′=1

(1− pi,c′) exp(si,yi,c′).

(3)

Here, λinv controls the strength of penalizing similari-
ties to concepts that are likely invisible. The normaliza-
tion term is defined as Zi =

∑C
c=1 pi,c. If Zi becomes

too small (e.g., when all concepts are predicted invisible),
we skip such samples during training by discarding cases
where Zi < ϵ, with a small constant ϵ > 0. In practice,
such samples are filtered out prior to training and therefore
do not affect the training process. Finally, the overall con-
trastive objective is computed by averaging the per-sample
loss over the mini-batch:

Lctr =
1

B

B∑
i=1

L(i)
ctr. (4)

Discussion. Eq. (2) introduces two key design choices.
First, concept contributions are weighted by the visibility



score pi,c, allowing the model to learn from uncertain vis-
ibility supervision. Second, the formulation includes an
intra-class suppression term weighted by (1 − pi,c), which
discourages high similarity to concepts predicted to be in-
visible. Together, these mechanisms reduce concept hal-
lucination while preserving standard inter-class discrimina-
tion.

2.4. Part-Aware Augmentation
In many fine-grained datasets, discriminative object parts
are often clearly visible, and cases where class-related con-
cepts are absent are relatively rare. To increase such cases
during training, we introduce a strong augmentation strat-
egy based on Open-Vocabulary Object Detector (OVOD)
[2]. OVOD detects semantically meaningful object parts,
which are used to guide region-aware augmentations such
as masking and cropping. These transformations intention-
ally create samples where certain concepts become partially
or completely invisible. Concept visibility scores are as-
signed after augmentation using a large vision–language
model (LVLM), allowing newly invisible concepts to be
treated as negative signals during training. Further details
are provided in the Appendix 8.2.

2.5. Inference Score
At inference time, we compute class scores using the sim-
ilarities between the image and concept embeddings. Let
{Sk

m}lkm=1 denote the similarity logits between the input im-
age and the lk concept prompts of class k. The predicted
class is obtained by averaging the top-5 logits within each
class, which reduces sensitivity to noisy concepts:

k̂ = argmax
k

1

5

∑
m∈Top5({Sk

m}lk
m=1)

Sk
m. (5)

3. Experiments
We evaluate the proposed method from two perspectives:
(i) concept visibility prediction, and (ii) generalization to
unseen classes.
Concept Visibility Evaluation on CUB. To evaluate
suppression of visually non-visible concepts, we conduct
experiments on the CUB-200-2011 dataset [13]. Using
part-level keypoint annotations, we construct semantic con-
cepts corresponding to bird parts and evaluate concept-level
predictions. In addition to the original test set (CUB-Vis),
we construct a new evaluation dataset, CUB-Vis50, where
object parts are intentionally occluded via cropping and
masking, followed by human annotation. We report AU-
ROC and FPR95 computed from concept prediction scores,
together with classification accuracy. This setting allows
us to measure whether the model suppresses concepts that
are not visually supported. Details of the dataset construc-

CUB / CUB-Vis CUB-Vis50

Method Acc ↑ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓

Zero-shot 57.52 58.16 85.01 69.45 60.05
FLYP 74.95 56.01 86.39 68.16 62.55
DEAL 57.44 58.11 85.00 65.46 68.57
Ours(p = 1.0) 79.17 49.97 92.19 57.79 74.82
Ours 80.74 68.18 74.24 83.28 41.84

Table 1. Concept visibility prediction performance on the CUB
datasets. Higher AUROC and lower FPR95 indicate better separa-
tion between visible and non-visible concepts.

tion and evaluation protocol are provided in the Appendix 6.

Concept Visibility Evaluation on Oxford-IIIT Pet. We
additionally construct a concept visibility evaluation dataset
on the Oxford-IIIT Pet dataset [7]. Specifically, we select
two representative images from each of the 37 classes
and manually annotate concept visibility for each image,
resulting in a total of 74 annotated images. To increase the
number of non-visible concepts, we apply region-based
masking and cropping operations, similar to the CUB
setting, to intentionally remove visual evidence for specific
attributes. This dataset enables evaluation of whether
models can correctly suppress non-visible concepts in a
different domain. Further details of the dataset construction
are provided in the Appendix 7.

Zero-Shot Evaluation on Unseen Classes. We evaluate
generalization by testing on unseen classes. For each
dataset, classes are split into seen and unseen subsets,
and models are evaluated on unseen categories. We
report classification accuracy together with AUROC and
FPR95 on the corresponding visibility benchmarks. This
setting verifies whether visibility-aware learning improves
concept-level reasoning beyond the training categories.

Implementation Details We use a large language model
(GPT-5 API) to generate class-specific textual concepts for
each dataset. For concept visibility estimation, we employ a
large VLM (Qwen3-VL-4B [1]), which predicts the proba-
bility that each concept is visually present in a given image.
We adopt CLIP ViT-B/16 as the backbone model and fine-
tune it on downstream datasets using the proposed method.
All models are trained for 10 epochs. Unless otherwise
specified, we set λinv = 6.0 for all experiments. To analyze
the effect of visibility modeling, we compare our method
with a variant that treats all concepts as fully visible (de-
noted as Ours (p = 1)). Detailed implementation is provided
in Appendix 9.

3.1. Accuracy and Concept Grounding
We evaluate our method’s performance on downstream
recognition tasks, focusing on both overall classification ac-



Pet / Pet-Vis

Method ACC ↑ AUROC ↑ FPR95 ↓

Zero-shot 89.51 60.86 71.27
FLYP 91.31 60.88 69.91
DEAL 89.81 60.20 71.76
Ours (p=1) 94.11 58.42 75.21
Ours 94.66 83.24 44.56

Table 2. Results on Pet dataset.

CUB / CUB-Vis50 Pet / Pet-Vis

Method ACC ↑ AUROC ↑ FPR95 ↓ ACC ↑ AUROC ↑ FPR95 ↓

Zero-shot 67.28 69.45 60.05 92.34 60.86 71.27
FLYP 67.60 69.13 59.36 93.70 58.68 70.67
DEAL 50.07 62.51 68.69 90.11 54.83 75.03
Ours (p = 1) 67.55 61.14 68.93 94.92 55.13 78.70
Ours 67.67 77.53 47.71 95.19 78.53 47.57

Table 3. Zero-shot evaluation on unseen classes. For each dataset,
classes are evenly split, where the first half is treated as unseen
and the remaining half as seen. ACC is measured on the standard
test splits of CUB and Pet (unseen classes). AUROC and FPR95
are evaluated on dedicated visibility benchmarks (CUB-Vis50 and
Pet-Visible (Unseen)), where concept visibility is annotated.

curacy and the model’s ability to ground predictions in vis-
ible evidence. Tables 1 and 2 summarize the results on the
CUB and Pet datasets.
Classification Performance. Our visibility-aware fine-
tuning achieves the best classification accuracy among all
compared methods. FLYP improves classification accu-
racy over zero-shot CLIP by leveraging class-name super-
vision, but shows limited performance gains. Incorporating
concept-level supervision leads to further improvements.
Explicitly modeling concept visibility yields the best clas-
sification performance.
Mitigation of Concept-Level Hallucination. The zero-
shot CLIP baseline shows limited ability to distinguish
visible and non-visible concepts. FLYP improves clas-
sification accuracy, but because it does not perform
conceptual-level learning, AUROC and FPR95 do not
change compared to the zero-shot baseline. Methods that
incorporate concept-level supervision without visibility
modeling (e.g, DEAL and our variant with p = 1.0)
actually degrade visibility separation performance. This
confirms that forcing a model to align image embeddings
with non-visible parts reinforces hallucination and weakens
semantic consistency. Our proposed method significantly
outperforms all benchmarks in AUROC and FPR95. On
the CUB-Vis50, our method improves AUROC by +13.83
over zero-shot CLIP (69.45 → 83.28). On the Pet-Vis
benchmark, it also achieves a consistent improvement of
+22.38 in AUROC (60.86 → 83.24).

These results demonstrate that incorporating concept

Pretrain CLILP Ours
Input Image

Figure 3. Comparison of concept scores between pretrained CLIP
and our method. CLIP assigns high scores to non-visible con-
cepts, while our method suppresses them and focuses on visible
concepts.

visibility enables interpretable concept-level predictions
grounded in visible evidence, while improving both concept
grounding and classification accuracy.

3.2. Zero-Shot Performance on Unseen Classes
To assess the robustness of our visibility-aware represen-
tations, we conduct zero-shot evaluation on unseen cat-
egories. As shown in Table 3, our method achieves
higher AUROC and lower FPR95 than prior approaches.
This demonstrates that modeling concept visibility enables
more reliable semantic grounding even for novel cate-
gories. Furthermore, our method achieves higher classifica-
tion accuracy on unseen classes, indicating that visibility-
aware learning leads to more robust and transferable visual-
language representations.

3.3. Qualitative evaluation
Figure 3 shows that the pretrained CLIP assigns high scores
to concepts that are not visually present. In the top exam-
ple, where only the wing is visible, CLIP produces high
responses for unrelated concepts such as eyes. Similarly,
in the bottom example, although only the body and legs
are visible, CLIP incorrectly assigns the highest scores to
concepts such as neck and head. In contrast, our method
assigns higher scores to concepts that are actually visible in
the image. This demonstrates that our visibility-aware train-
ing successfully aligns concept scores with visual evidence,
reducing concept-level hallucination.

4. Conclusion
In this paper, we proposed a visibility-aware concept learn-
ing framework for VLM. We additionally construct two vis-
ibility annotation benchmarks. Experiments demonstrate
consistent improvements in AUROC and FPR95, highlight-
ing the importance of visibility-aware learning for reliable
interpretation at the concept-level.
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5. Related Work

5.1. Concept-Aware Adaptation of Vision–
Language Models

To improve the downstream performance of vision–
language models (VLMs), a number of works have explored
concept-aware adaptation strategies that leverage additional
textual descriptions beyond class names. Early studies
showed that continuing contrastive learning on downstream
datasets can be more effective than fine-tuning image en-
coders with standard cross-entropy loss, as exemplified by
FLYP [3].

More recent approaches incorporate large language mod-
els (LLMs) to enrich textual supervision. Methods such
as CLIP-A and CLIP-A-self [9] generate attribute-level
descriptions or expanded prompts to better capture fine-
grained semantic information, leading to improved zero-
shot and few-shot classification performance. Other works
introduce pseudo-captions or auxiliary textual descriptions
to enhance the alignment between visual features and se-
mantic concepts.

DEAL [11] explicitly decomposes class representations
into multiple semantic concepts and encourages alignment
between image regions and concept-level text embeddings.
By modeling concept-level interactions, DEAL improves
fine-grained recognition and interpretability of VLM pre-
dictions. However, it implicitly assumes that the introduced
concepts are visually grounded, and does not explicitly ad-
dress whether a concept is actually observable in a given
image.

Despite their effectiveness, most existing concept-aware
adaptation methods treat all introduced concepts as pos-
itive supervision, regardless of their visual presence. In
contrast, our approach explicitly models concept visibility
during training, enabling the model to suppress non-visible
concepts and produce more reliable concept-level predic-
tions.

5.2. Hallucination in Vision–Language Models
Hallucination in vision–language models (VLMs) refers to
the phenomenon where models assign high confidence to
objects, attributes, or concepts that are not visually present
in an image. Recent studies have shown that this issue arises
not merely from missing visual evidence, but from struc-
tural biases induced by contrastive learning and statistical
co-occurrence between concepts.

Tang et al. [12] demonstrated that VLMs are suscepti-

GPT output:

cub keymap

{
"black footed albatross": {
"head": "dark brown head",
"eye": "dark eyes with no patch",
"beak": "gray stout beak",
"neck": "dark brown neck",
"breast": "dark brown breast",
"belly": "dark brown belly",
"back": "dark chocolate brown back",
"wing": "long narrow dark wings",
"leg": "black webbed legs",
"tail": "short dark tail"
}
}

cub keymap (simple)

Concept mapping

{
"head": 1,
"eye": 1,
"beak": 1,
"neck": 1,
"breast": 1,
"belly": 1,
"back": 1,
"wing": 1,
"leg": 1,
"tail": 1,
}

Visible annotation

Figure 4. Creation of CUB-Vis with concept-level visibility anno-
tations.

ble to concept association bias, leading to visually incon-
sistent attribute predictions. Liu et al. [5] analyzed object-
level hallucinations in CLIP and reported that frequently co-
occurring objects tend to receive high confidence even when
absent from the image.

Yuksekgonul et al. [14] showed that VLMs often be-
have in a bag-of-words manner, being insensitive to word
order and compositional structure, and proposed NegCLIP
by extending contrastive learning. While these approaches
improve compositionality or mitigate specific hallucination
patterns, they do not explicitly consider whether a concept
is visually observable in the image.

Overall, prior work has established the presence and
causes of hallucination in VLMs, but has largely focused
on object- or attribute-level errors. In contrast, part-level
concepts are often partially or fully unobservable due to oc-
clusion, viewpoint, or resolution, yet remain strongly asso-
ciated with object categories. Our work addresses this gap
by explicitly modeling concept visibility and suppressing
non-visible concepts during training.

6. Dataset Analysis and Construction

6.1. Concept Visibility Evaluation on CUB

The CUB dataset [13] provides detailed part annotations
based on keypoints. We used these annotations to construct
concept-level visibility labels.

Figure 4 illustrates the process of linking keypoint anno-
tations with concept descriptions.



Step 1: Part Unification The original CUB dataset con-
tains multiple redundant keypoints (e.g., left wing and right
wing). To simplify the concept space, we merge symmetric
or redundant parts into unified categories.

After merging, we define the following ten semantic
parts:

[head, eye, beak, neck, breast, belly
(underparts), back, wing, leg, tail]

This unified representation allows us to map fine-grained
keypoints into a consistent set of concept-level parts.

Step 2: Concept Generation using GPT-5 For each bird
class in CUB, we generate semantic descriptions for the
unified parts using GPT-5 (text-only). Given a class name,
GPT-5 produces one short visual concept for each semantic
part. This procedure enables scalable concept-level anno-
tation without requiring manual concept design for every
class. The prompt used for concept generation is shown be-
low.

Prompt

You are an expert ornithologist and fine-grained vision researcher.

Task. Given a bird class name, generate visual concepts for that bird,
conditioned on the following 10 body parts:

[”head”, ”eyes”, ”beak”, ”neck/throat”, ”breast”, ”belly”,
”back”, ”wings”, ”legs”, ”tail”]

Rules.
1. For each body part, always output a value.
2. Each value must be a short natural phrase including the body part

name.
3. Each description should be at most 7 words.
4. Avoid redundancy and emphasize the most distinctive parts.
5. Output strictly in JSON format with all 10 keys present.
6. Output only a single JSON object and nothing else. No explana-

tions and no backticks.
Example (class: "Black footed albatross"):

{
"head": "dark brown head",
"eyes": "dark eyes with no patch",
"beak": "grayish stout beak",
"neck/throat": "dark brown neck",
"breast": "dark brown breast",
"belly": "dark brown belly",
"back": "dark chocolate brown back",
"wings": "long narrow dark wings",
"legs": "black webbed legs",
"tail": "short dark tail"

}

Now generate the output for: {cls}

For example, for the class Black-footed Albatross, GPT-5
generates concepts such as dark brown head, grayish stout
beak, and long narrow dark wings.

Step 3: Mapping Keypoints to Concepts Finally, we
map the original CUB keypoint annotations to the gener-
ated concepts.

Each generated concept corresponds to one unified se-
mantic part. If the corresponding part annotation exists and
is visible in an image, the concept is labeled as visible; oth-
erwise, it is labeled as non-visible.

Through this mapping, we obtain concept-level visibility
labels from the original part annotations, enabling evalua-
tion of whether a model can correctly determine the visibil-
ity of class-specific concepts.

6.2. Bias in the Original CUB Test Set (CUB-Vis)
We first analyze the visibility distribution of part annota-
tions in the original CUB test set (5,794 images). The num-
ber of images in which each part is visible is summarized in
Table 4.

Part Visible Ratio
Head 5774 / 5794
Eye 5623 / 5794
Beak 5776 / 5794
Neck 5777 / 5794
Breast 5394 / 5794
Belly 5091 / 5794
Back 4410 / 5794
Wing 5633 / 5794
Leg 4824 / 5794
Tail 5397 / 5794

Table 4. Visibility statistics of part annotations in the original CUB
test set.

These statistics show that most parts are visible in the
majority of images. For example, head, beak, and neck are
visible in almost all images, while parts such as legs are
more frequently occluded. This leads to a strong imbalance
across parts, where several parts are almost always visible.

As a result, evaluating concept visibility prediction us-
ing the original dataset becomes difficult, since a model can
achieve high performance simply by predicting most parts
as visible.

6.3. Constructed Evaluation Dataset (CUB-Vis50)
To mitigate this bias, we construct a new evaluation dataset.

From the first 50 classes of CUB, we randomly select
two images per class, resulting in a total of 100 images.
Each image is manually annotated for concept visibility.

To increase the number of occluded parts, we generate
modified images by cropping or masking regions based on
ground-truth keypoints from the original CUB annotations.

Each part is annotated using the following labels:
• 1 : clearly visible
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Figure 5. Examples of the constructed evaluation dataset. Images
are generated by cropping or masking regions based on ground-
truth keypoints to control part visibility.

• 0 : completely invisible
• 0.5 : ambiguous or partially visible

Ambiguous labels (0.5) are excluded from evaluation.

6.4. Dataset Statistics
The visibility statistics of the constructed dataset are shown
in Table 5.

Part Visible Ratio
Head 50 / 100
Eye 44 / 100
Beak 53 / 100
Neck 59 / 100
Breast 51 / 100
Belly 49 / 100
Back 39 / 100
Wing 69 / 100
Leg 40 / 100
Tail 47 / 100

Table 5. Visibility statistics of the constructed evaluation dataset.

A total of 27 ambiguous annotations (0.5) appear among
1,000 part labels.

Compared to the original CUB test set, the new dataset
contains significantly more occluded parts and exhibits a
more balanced visibility distribution across parts.

This makes the dataset more suitable for evaluating con-
cept visibility prediction. Figure 5 shows samples of new
dataset. The constructed dataset will be publicly released
on GitHub.

6.5. Training and Evaluation Protocol
Using the class-specific concepts constructed as described
above, we train the model to align each image with its cor-

responding semantic concepts. Each class is associated with
10 concepts, corresponding to the unified parts: head, eye,
beak, neck, breast, belly, back, wing, leg, and tail.

At test time, given an input image, we compute confi-
dence scores for the 10 concepts belonging to its ground-
truth class. We then examine whether the model assigns:

• high confidence to concepts whose corresponding parts
are visible, and

• low confidence to concepts whose corresponding parts are
non-visible.

More formally, for each test image, the concepts corre-
sponding to visible parts are treated as positive samples,
while the concepts corresponding to non-visible parts are
treated as negative samples. Ambiguous labels (0.5) are
excluded from evaluation.

We evaluate concept visibility prediction using AUROC
and FPR95. A good model should produce higher confi-
dence scores for visible concepts than for non-visible con-
cepts, resulting in high AUROC and low FPR95.

This evaluation protocol directly measures whether the
model can distinguish between visually grounded concepts
and concepts that are not supported by visible evidence.

7. Concept Visibility Evaluation on Pet

To verify the generality of our concept visibility evaluation
framework, we extend it to the Oxford-IIIT Pet dataset [7].

Unlike CUB, the Pet dataset does not provide part-level
keypoint annotations. Therefore, we construct concept vis-
ibility labels manually.

Semantic Attributes To capture visually distinguishable
characteristics in pet images, we define the following ten
semantic attributes:

[ear shape, muzzle length, face shape,
eye shape, fur length, coat pattern,
coat color, tail shape, leg length,

body proportion]

These attributes reflect fine-grained appearance differ-
ences across dog and cat breeds and are directly observable
from images.

Concept Generation For each class, we generate visual
concepts for each attribute using GPT-4. Given a class
name, the model outputs a short, human-interpretable de-
scription per attribute.

Examples include small upright ears, short smooth coat,
and curled tail. This results in 10 concepts per class.



Visibility Bias and Its Mitigation In the original Pet
dataset, face-related attributes (e.g., ears, eyes, and muzzle)
are visible in most images.

Under this setting, a model can achieve high perfor-
mance by simply predicting these attributes as always visi-
ble. Thus, it is not suitable for evaluating concept visibility.

To address this issue, we control the visibility distribu-
tion.

Specifically, we apply cropping and masking operations
based on object regions predicted by LLMDet. These op-
erations remove visual evidence for selected attributes, in-
creasing the number of non-visible concepts.

As a result, the distribution of visible and non-visible
attributes becomes more balanced, allowing us to evaluate
whether a model can recognize concept visibility based on
visual evidence rather than dataset bias.

Manual Annotation We construct the evaluation dataset
by selecting two images per class from all 37 classes, re-
sulting in 74 images.

These include both original and modified
(cropped/masked) images.

For each image, we manually annotate visibility for all
10 attributes. Labels are defined as:
• 1: visible
• 0: not visible
• 0.5: ambiguous

Ambiguous labels are excluded from evaluation.
Compared to CUB, Pet includes more appearance-based

attributes (e.g., color and texture), making visibility judg-
ment more subjective. However, this also enables evalua-
tion of concept understanding without relying on explicit
spatial annotations.

Concept Visible Count
Ear Shape 41 /74
Muzzle Length 35 / 74
Face Shape 34 / 74
Eye Shape 28 / 74
Fur Length 71 / 74
Coat Pattern 53 / 74
Coat Color 60 / 74
Tail Shape 21 / 74
Leg Length 36 / 74
Body Proportion 33 / 74

Table 6. Visibility statistics of the constructed evaluation dataset

Dataset Characteristics Table 6 summarizes the visibil-
ity statistics of the constructed dataset. A total of 58 am-
biguous annotations (0.5) appear among 740 part labels.
Compared to the original Pet dataset, our dataset contains
more occluded attributes, resulting in a less biased visibility

mask

mask crop

crop

Figure 6. Examples of the constructed Pet-Vis. Images are gener-
ated by cropping or masking to control part visibility.

distribution. In contrast to CUB, where visibility is defined
based on the presence of parts, our definition is attribute-
aware. That is, an attribute is considered non-visible not
only when it is occluded, but also when the observed at-
tribute does not match the class-specific concept (e.g., a dif-
ferent coat color). This makes the task more challenging, as
it requires models to capture fine-grained visual attributes
rather than merely detecting the existence of parts.

Evaluation Protocol We follow the same evaluation pro-
tocol as in CUB. For each image, concepts corresponding
to visible attributes are treated as positive, while those cor-
responding to non-visible attributes are treated as negative.
We evaluate performance using AUROC and FPR95. This
evaluation measures whether a model can correctly distin-
guish between visually grounded concepts and those not
supported by visual evidence.

8. Detail of Methods

8.1. Create visible label.

LVLM for Visibility Estimation We obtain concept visi-
bility scores using a large vision–language model (LVLM).
In our implementation, we use Qwen3-VL-4B, which pro-
vides a good trade-off between accuracy and inference
speed. Given an input image and a set of class-specific con-
cepts, the LVLM estimates the probability that each concept
is visually present.

Prompt Design We design a prompt that explicitly in-
structs the model to rely only on visual evidence and to out-
put a probability for each concept. The prompt used in our
experiments is shown below.



Prompt

You are given an image and a list of possible visual attributes:
{concept list}

Your task is to estimate the probability that each attribute is visibly
present in the image.
Base your decision strictly on visible pixels. Do not guess based on
prior knowledge about the object class.

Task
For each attribute, output the probability that it is visible in the image.

Visibility rules
• Clearly visible → probability close to 1.0
• Clearly not visible → probability close to 0.0
• Uncertain → intermediate probability

Output format (STRICT)
Return a table with two columns:

|Attribute|P(visible)|

• P(visible) must be a decimal between 0.0 and 1.0
• Output only the table

8.2. Concept-Aware Data Augmentation Details
To generate diverse concept visibility conditions, we intro-
duce a region-based data augmentation strategy using an
Open-Vocabulary Object Detector (OVOD). This procedure
is applied offline to the training data prior to model training.
First, OVOD (LLMDet) detects semantically meaningful
regions in an image. Next, we apply cropping and masking
operations to the detected regions. We further apply mild
appearance transformations to the entire image. Finally, we
recompute concept visibility scores for the augmented im-
ages using an LVLM.

OVOD-based Region Detection To obtain semantically
meaningful regions, we employ LLMDet. Under the open-
vocabulary setting, LLMDet outputs bounding boxes corre-
sponding to objects or their parts. For each image, we input
multiple class-specific concepts as queries, and use the re-
sulting bounding boxes as candidate regions for augmenta-
tion. We use only the region information and do not utilize
detection labels.

Region-aware Data Augmentation We apply the follow-
ing augmentations to the detected regions in a stochastic
manner. The overall procedure is summarized in Algo-
rithm 1.

(1) Masking Selected regions are filled with a constant
color to remove the corresponding visual evidence.

(2) Cropping We crop the image such that selected re-
gions are partially or fully removed, eliminating visual evi-
dence associated with specific concepts.

(3) Appearance Transformation We apply color jitter
to the entire image with a certain probability. This improves

Algorithm 1: Concept-Aware Region Augmenta-
tion

Input: Image x, detected boxes B with labels L, number
of augmentations N

Output: Augmented images {x̃i}Ni=1

Initialize X ← ∅
for i = 1 to N do

Initialize x̃i ← x
Sample operation a ∈ {mask, crop}
if a = mask then

Select a concept c and its boxes Bc

Fill Bc in x̃i with a constant color
else

Sample a crop region r
Crop x̃i using r such that at least one concept

remains visible and at least one is removed
Sample u ∼ U(0, 1)
if u < p then

Apply global color jitter to x̃i

Add x̃i to X
return X

robustness to variations in illumination and color. We do
not apply local appearance transformations, as they may de-
grade image realism.

Each augmentation is applied independently, and multi-
ple operations may be combined for a single image.

Visibility Re-labeling After augmentation, we recom-
pute concept visibility scores using an LVLM. This allows
concepts that become invisible due to augmentation to be
treated as negative samples during training.

Effect Our approach enables the generation of training
samples where concepts are intentionally non-visible, a sce-
nario that is rare in the original dataset. As a result, the dis-
tribution of visible and non-visible concepts becomes more
diverse, forcing the model to rely on visual evidence rather
than dataset bias. Moreover, since our method selectively
manipulates regions corresponding to concepts, it can gen-
erate samples in which specific concepts are intentionally
occluded. This leads to semantically meaningful changes
in concept visibility, rather than arbitrary corruption of vi-
sual information. Table 7 compares our augmentation with
a fully random crop-and-mask strategy. Our concept-aware
augmentation leads to substantial improvements in classi-
fication accuracy, AUROC, and FPR95, demonstrating the
effectiveness of selectively manipulating concept-relevant
regions.

9. Implementation Details
Concept-Aware Data Augmentation. For each input im-
age, we generate N = 3 augmented samples by randomly



CUB / CUB-Vis50

Method Seen ↑ AUROC ↑ FPR95 ↓

Random 77.46 77.38 46.41
LLMdet-based 80.74 83.28 41.84

Table 7. Comparison between random augmentation and our
LLMDet-based concept-aware augmentation. Our method signifi-
cantly improves classification accuracy, AUROC, and FPR95.

applying region-based operations (masking or cropping)
guided by concept-level detections. We additionally apply
global color jitter with probability p = 0.3. The augmented
samples are combined with the original training images for
optimization. This augmentation explicitly increases the di-
versity of visible and non-visible concepts, which is critical
for learning visibility-aware representations.
Training Setup We adopt CLIP ViT-B/16 as the backbone
model. All models are trained using the AdamW [6]. Un-
less otherwise specified, all experiments are conducted us-
ing a mixture of original training images and augmented
samples. We generate concept visibility labels using
Qwen3-VL-4B [1] for both the original training images and
the augmented images. For training, the dataset is split into
training and validation sets with a ratio of 8:2. The best
model is selected based on validation accuracy. We train the
model for 10 epochs and evaluate the selected checkpoint
on the test set. We use a cosine learning rate schedule with
a linear warm-up over the first 10% of total steps. During
both training and evaluation, textual concepts are format-
ted as “{classname} with {concept}.”. This prompt for-
mulation encourages the model to associate class-specific
attributes with visual evidence. The temperature parameter
is initialized to 0.1 and optimized during training. We use
different hyperparameters for each dataset, as summarized
below.

CUB PET

lr main 2 × 10−6 1 × 10−6

lr proj 5 × 10−6 2 × 10−6

weight decay (main) 1 × 10−3 1 × 10−3

weight decay (proj) 1 × 10−2 1 × 10−2

weight decay (temperature) 1 × 10−6

temperature init 0.1

epochs 10
warm-up ratio 10% of total steps
β1, β2 (0.9, 0.98)

ϵ 1 × 10−6

optimizer AdamW [6]

Table 8. Training hyperparameters for each dataset

Ablation Setting. To analyze the effect of visibility mod-
eling, we compare our method with a variant that treats all
concepts as fully visible, denoted as Ours (p = 1).

10. Additional Results

10.1. Analysis of LVLM Visible-Label Quality

CUB-Vis50 Pet-Vis

Model AUROC(%) ACC(%) AUROC(%) ACC(%)

Qwen3-VL-2B 70.91 2.00 83.96 18.91
Qwen3-VL-4B 79.53 17.00 86.08 29.73
Qwen3-VL-8B 76.89 15.00 87.82 24.32

Table 9. LVLM performance on concept visibility benchmarks.
Accuracy (ACC) is computed per image as a strict separation met-
ric: a prediction is considered correct only if the minimum score of
visible concepts exceeds the maximum score of non-visible con-
cepts.

Table 9 reports the performance of the large vi-
sion–language models (LVLMs) used to generate pseudo-
labels for concept visibility. To ensure a fair compari-
son, we generate visibility scores for the benchmark im-
ages using the same prompt as in the main experiments
(sec 8.1). We evaluate the LVLM predictions using AU-
ROC and ACC. Here, ACC is defined as the proportion of
images for which the minimum score among visible con-
cepts is greater than the maximum score among non-visible
concepts, indicating a strict separation between visible and
non-visible concepts for the entire image. The results show
that the prediction quality varies with model size, and no-
tably, the 4B model outperforms the 8B model in terms of
both AUROC and ACC. While the LVLMs achieve rela-
tively high AUROC scores (around 80%), the ACC remains
low (approximately 10–30%). This large gap suggests that,
although the LVLMs provide a coarse ranking between vis-
ible and non-visible concepts, the generated pseudo-labels
still contain substantial noise and are far from perfectly re-
liable.

Table 10 shows that the performance of our method de-
pends on the quality of the generated visibility labels. Al-
though the influence is not strictly proportional, better label
quality generally leads to improved performance.

Interestingly, the trained model can outperform the qual-
ity of the pseudo-labels used for supervision. For example,
while the LVLM (Qwen3-VL-4B) achieves an AUROC of
79.53 on the CUB-Vis50, the model trained with these la-
bels reaches a higher AUROC of 83.28. This indicates that
the proposed learning framework is robust to noise in the
pseudo-labels and can extract more reliable signals during
training.

Overall, these results suggest that, despite the limited ac-
curacy of current LVLMs, visibility-aware learning remains
effective and can achieve strong performance. As LVLMs
continue to improve, further gains in both concept ground-
ing and classification performance can be expected.



Visible Label CUB / CUB-Vis50 Pet / Pet-Vis

ACC ↑ AUROC ↑ FPR95 ↓ ACC ↑ AUROC ↑ FPR95 ↓

Qwen3-VL-2B 78.18 77.36 48.25 94.45 78.99 50.28
Qwen3-VL-4B 80.74 83.28 41.84 94.66 83.24 44.56
Qwen3-VL-8B 79.75 82.88 42.62 94.62 81.85 43.39

Table 10. Effect of visible label quality generated by different
LVLMs on classification and concept visibility prediction perfor-
mance using CLIP (ViT-B/16).

Figure 7. Effect of λinv on classification accuracy (CUB) and
concept visibility separation (CUB-VIS).

10.2. Effect of λinv.
Figure 7 shows the effect of the hyperparameter λinv , varied
from 0.1 to 20, on both classification accuracy (ACC) and
concept-level discrimination (AUROC) on the CUB dataset
(CUB-test and CUB50-Vis50). The left panel presents
ACC, while the right panel shows AUROC.

We observe that AUROC consistently improves as λinv

increases. This trend is expected, as Eq. 2 explicitly in-
creases the penalty on non-visible concepts, thereby en-
hancing the separation between visible and non-visible con-
cepts.

In contrast, ACC exhibits different behaviors depending
on the quality of visibility labels. When using high-quality
labels (4B), increasing λinv leads to improved classifica-
tion performance. However, with lower-quality labels (2B),
ACC degrades as λinv increases. This is because noisy vis-
ibility labels introduce incorrect supervision, causing the
model to suppress features corresponding to actually visi-
ble concepts.

These results highlight that the effectiveness of the pro-
posed visibility-aware suppression critically depends on
the quality of visibility estimation. When accurate visi-
bility labels are available, a larger λinv is beneficial for
both concept-level discrimination and classification perfor-
mance.

10.3. Effect of Concept-Aware Data Augmentation
We evaluate the impact of our LLMDet-based data augmen-
tation by comparing performance with and without aug-
mentation. Tables 11 and 12 present the results on CUB
and Oxford-IIIT Pet without data augmentation.

CUB / CUB-Vis CUB-Vis50

Method Seen ↑ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓

Zero-shot 57.52 58.16 85.01 69.45 60.05
FLYP 70.24 56.68 85.53 69.02 59.74
Ours (p = 1) 74.36 53.90 89.31 62.78 67.90
Ours 75.10 65.59 77.71 68.23 58.03

Table 11. Comparison on CUB without data augmentation.

Pet / Pet-Vis

Method Seen ↑ AUROC ↑ FPR95 ↓

Zero-shot 89.51 60.86 71.27
FLYP 92.16 61.25 70.25
Ours (p = 1) 94.30 59.59 70.31
Ours 94.66 66.71 57.12

Table 12. Comparison on Oxford-IIIT Pet and Pet-Vis benchmarks
without data augmentation.

CUB / CUB-Vis50 Pet / Pet-Vis

Method Acc ↑ AUROC ↑ FPR95 ↓ Acc ↑ AUROC ↑ FPR95 ↓

Zero-Shot 54.09 55.61 88.29 86.56 61.90 73.84
FLYP 66.64 64.21 66.24 89.38 65.11 63.41
Ours (p=1) 72.28 55.57 74.43 91.97 59.84 75.30
Ours 73.41 80.40 45.86 92.33 84.63 47.26

Table 13. CLIP(Vit-B/32)

Even without augmentation, our method consistently
achieves the best performance across all metrics, including
classification accuracy (ACC), AUROC, and FPR95, out-
performing all baselines. This indicates that the proposed
visibility-aware learning framework is effective on its own
and does not rely on augmentation to yield improvements.

However, when comparing these results with those ob-
tained using data augmentation (Tables 1 and 2), we observe
that the overall performance is consistently lower in the ab-
sence of augmentation. This suggests that concept-aware
data augmentation further enhances the model by exposing
it to diverse visibility conditions, leading to improved gen-
eralization and more robust concept grounding.

These results demonstrate that while our method is inher-
ently effective, incorporating concept-aware data augmen-
tation provides additional gains and is crucial for achieving
optimal performance.

10.4. Other VLMs
We further evaluate our method on different VLM archi-
tectures, including CLIP (ViT-B/32) and SigLIP [15]. As
shown in Tables 13 and 14, our method consistently exhibits
the same trend as observed with CLIP (ViT-B/16).

In all cases, our method achieves the highest classifica-
tion accuracy while also outperforming baseline methods in
AUROC and FPR95. This demonstrates that the effective-
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Figure 8. Grad-CAM visualizations of CLIP (ViT-B/32) on the test sets of CUB and Oxford-IIIT Pet. Although our model is trained with
10 semantic concepts, we visualize 5 representative concepts for clarity.

CUB / CUB-Vis50 Pet / Pet-Vis

Method Acc ↑ AUROC ↑ FPR95 ↓ Acc ↑ AUROC ↑ FPR95 ↓

Zero-Shot 71.19 67.15 63.44 94.19 66.75 65.13
FLYP 81.39 64.98 66.13 95.39 67.61 66.72
Ours (p=1) 82.53 54.00 78.85 95.23 49.65 86.73
Ours 83.28 83.57 42.05 95.56 89.17 30.79

Table 14. SigLIP

ness of visibility-aware learning is not limited to a specific
backbone architecture.

Notably, on the Pet-Vis benchmark, SigLIP achieves a
particularly high AUROC of 89, further highlighting the
strong generalization capability of our approach across dif-
ferent model architectures

10.5. Visualization of GradCAM

Figure 8 presents Grad-CAM [10] visualizations for pre-
trained CLIP, Ours (p = 1), and the proposed method.
When trained with Ours (p = 1), the model tends to align
with non-visible concepts, leading to degraded localization
compared to the pretrained model. In contrast, our method
encourages alignment with visually supported concepts, re-
sulting in localization that is preserved or even improved

relative to the pretrained CLIP.
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