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Abstract

Concept Bottleneck Models (CBMs) offer inherent in-
terpretability by initially translating images into human-
comprehensible concepts, followed by a linear combination
of these concepts for classification. However, the annotation
of concepts for visual recognition tasks requires extensive ex-
pert knowledge and labor, constraining the broad adoption of
CBMs. Recent approaches have leveraged the knowledge of
large language models to construct concept bottlenecks, with
multimodal models like CLIP subsequently mapping image
features into the concept feature space for classification. De-
spite this, the concepts produced by language models can be
verbose and may introduce non-visual attributes, which hurts
accuracy and interpretability. In this study, we investigate to
avoid these issues by constructing CBMs directly from mul-
timodal models. To this end, we adopt common words as
base concept vocabulary and leverage auxiliary unlabeled im-
ages to construct a Vision-to-Concept (V2C) tokenizer that
can explicitly quantize images into their most relevant vi-
sual concepts, thus creating a vision-oriented concept bottle-
neck tightly coupled with the multimodal model. This leads
to our V2C-CBM which is training efficient and interpretable
with high accuracy. Our V2C-CBM has matched or outper-
formed LLM-supervised CBMs on various visual classifica-
tion benchmarks, validating the efficacy of our approach.

Code — https://github.com/riverback/V2C-CBM

Introduction

With the increasing adoption of deep learning-based meth-
ods in high-risk and sensitive fields such as medical diag-
nosis and legal matters, the explainability of models is cru-
cial for ensuring fairness and trustworthiness. Research is
centered around two types of interpretability (Arrieta et al.
2020): post-hoc and inherent. One benefit of post-hoc meth-
ods is that they do not hurt the performance of the origi-
nal black-box models (Nielsen et al. 2022). However, the
fidelity of post-hoc methods cannot be guaranteed, and the
explanations can be misleading (Geirhos et al. 2024) or un-
reliable without context (Tomaszewska and Biecek 2024). In
contrast, inherently interpretable models offer explainability
through mechanism design, but their performance usually
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Figure 1: Problems in previous LLM-generated concept bot-
tlenecks: non-visual and verbose concepts. Our solution:
vision-oriented concept bottlenecks generated by Vision-to-
Concept tokenizer directly from images.

lags behind that of black-box deep learning models. The
trade-off between accuracy and interpretability has been a
focal point in the field of explainable artificial intelligence
research (Gunning and Aha 2019; Ali et al. 2023).

Recently, concept bottleneck models (CBMs) have gained
prominence for offering inherent interpretability with com-
petitive performance (Koh et al. 2020). CBMs first map the
image features extracted by deep learning models into a
set of human-interpretable concepts (such as red head or
white chest for bird classification), and then employ a lin-
ear layer to aggregate these concepts for the final prediction.
The two-step design of CBMs also allows for intervention
by manually altering the concept predictions. When suitable
and accurate concept labels are provided, CBM can achieve
comparable accuracy with better interpretability. Koh et al.
and Zarlenga et al. have demonstrated the effectiveness of
CBMs in fine-grained bird classification (Wah et al. 2011)
and celebrity recognition (Liu et al. 2015) tasks.

Although CBMs hold promise, the annotation of con-
cepts for visual recognition tasks requires considerable ex-
pert knowledge and labor, which impedes their widespread
adoption and scalability. Recent research has addressed this
challenge by using large language models (LLMs) to gener-
ate class-specific descriptions as concepts, and by harness-



ing pre-trained vision-language models (VLMs) to construct
CBMs (Panousis, Ienco, and Marcos 2023; Menon and Von-
drick 2023). These methods have successfully scaled CBMs
to datasets of the ImageNet scale, even attaining perfor-
mance on par with the original VLMs. However, as illus-
trated in Figure 1, the concepts generated by LLMs (such
as GPT-3, Brown et al.) are obtained by directly querying
the LLM with class names, which presents two issues: 1)
many of the generated concepts are non-visual, which are
hard to be captured by the vision encoder, thereby reducing
accuracy and faithfulness, 2) the concepts can be verbose
which may contain multiple attributes in one concept, and it
is hard to identify the exact concepts used by the model for
prediction, diminishing the interpretability of CBMs.

In this work, we propose to tackle these issues by directly
generating class-specific concepts from images without the
help of LLMs. To avoid verbose concepts, we use com-
mon words as our concept vocabulary and propose a con-
cept filtering method to filter out non-visual attributes. Then
a Vision-to-Concept (V2C) tokenizer is constructed using
the vocabulary to quantize images into visual concepts. A
contemporaneous work (Rao et al. 2024) also explores the
idea of building concepts from common words, but their
method requires an additional sparse autoencoder (Huben
et al. 2024) trained on the large-scale CC3M dataset with la-
bels (Ng et al. 2021) to name internal neurons as concepts.
In contrast, our method can generate class-specific concepts
without training, which is more efficient for resource-limited
tasks like few-shot learning. We find that even without the
knowledge of LLMs, our V2C tokenizer can still discover
interpretable visual concepts. Our contributions can be sum-
marized as follows.

1. We propose the V2C tokenizer to discover visual con-
cepts directly from images, avoiding the use of LLMs.

. We adopt common words as our concept vocabulary and
develop a concept filtering method to remove non-visual
and irrelevant concepts using auxiliary unlabeled images.

3. The V2C-CBM that is built on the vision-oriented con-
cepts generated by our V2C tokenizer can achieve high
classification accuracy across various datasets with visu-
ally interpretable concepts.

Related Work
VLM-based Concept Bottleneck Models

Traditional CBMs require annotated concepts for each class
and training the concept predictor using these labels, which
impedes the scalability of CBMs (Koh et al. 2020; Kim et al.
2023; Xu et al. 2024). Recent research has leveraged VLMs
to project image features and concept texts into a shared
feature space and use the cosine similarity as the concept
predictor, making it more scalable for using numerous de-
scriptions as concepts. LF-CBM is the first CBM that uses
GPT-3 concepts and scales to ImageNet (Oikarinen et al.
2023), and it removes concepts that are too long or simi-
lar and then uses CLIP-Dissect (Oikarinen and Weng 2023)
to filter out concepts that don’t activate CLIP highly. Yang
et al. propose LaBo which harnesses GPT-3 to form class-
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specific bottlenecks and can be used for few-shot classifica-
tion, and they also employ submodular optimization (Bach
2010) for concept selection. LM4CV proposes a learning-
to-search method to discover a concise set of concepts gen-
erated by LLMs (Yan et al. 2023). Res-CBM translates
black-box residual vectors with unclear meanings in PCBM-
h (Yiiksekgoniil, Wang, and Zou 2023) into potential con-
cepts to improve performance and preserve interpretability
(Shang et al. 2024). Besides CBMs, some works also adopt
a similar idea of leveraging language descriptions in im-
proving the classification accuracy of VLMs, such as CDM
(Panousis, Ienco, and Marcos 2023) and DCLIP (Menon and
Vondrick 2023). However, all of the above methods require
a set of concepts predefined by human experts or generated
by LLMs. The former may reduce the scalability of CBMs
since they need human effort and expert knowledge, while
the latter has issues in that the concepts generated by LLMs
may be overly verbose and non-visual.

Image Quantization and Concept Discovery

Image quantization methods aim to translate images into a
set of discrete tokens from a codebook, or in the context of
this paper, a set of concepts. A significant amount of work
in this area is based on Auto-Encoder approaches, utiliz-
ing an encoder-decoder architecture to achieve image quan-
tization through image reconstruction task (van den Oord,
Vinyals, and Kavukcuoglu 2017; Esser, Rombach, and Om-
mer 2021; Lee et al. 2022; Zarlenga et al. 2022; Huang et al.
2023; Zhang et al. 2023; Liu, Yan, and Abbeel 2023; Zhu,
Wei, and Lu 2024; Zhu et al. 2024). The idea of using dis-
crete codes to represent images features can also be used
for extracting meaningful concepts from black-box models,
which has shown to be successful in explaining LLMs (El-
hage et al. 2022; Huben et al. 2024). DN-CBM (Rao et al.
2024) adopts a similar idea of quantizing image features into
the most similar concepts saved in the dictionary, then build-
ing a CBM using the discovered concepts. Yet their work re-
quires additional training of a sparse autoencoder on a large
dataset to discover these concepts. In contrast, we find that
with the help of a large number of unlabeled web images,
we can construct a V2C tokenizer and V2C-CBM directly
using the VLMs, without the need for training or LLMs.

Method
Problem Definition and Method Overview

Consider an image dataset D = {(z,y)} where z is the im-
age and y € ) is a label from N classes, and we have the
class name or few-shot images x’;s for each class k, we need
a set of concepts of the dataset to build a CBM.

In this work, instead of querying LLMs using class names
to obtain the concept sets, we leverage an unlabeled image
set U = {x,} to construct a vision-to-concept (V2C) tok-
enizer 7, which can generate vision-oriented concepts di-
rectly from images. Figure 2 presents an overview of our
method. First, we use class-specific features ]—"fase extracted
from the class name or s, of class k to select unlabeled
images, which forms the quantization unlabeled image set
U1 (Figure 2 (a)). Then, we use the most common words as
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Figure 2: Method overview: (a) construct quantization unlabeled image set /¢ using class-related base features 75, of class
k, (b) adopt the most common words as the base concept vocabulary and use bigrams and trigrams to extend the vocabulary,
(c) filter out non-visual and irrelevant concepts using /9 to form the codebook for V2C tokenizer, (d) build V2C-CBM with
vision-oriented concept bottlenecks generated by V2C tokenizer from images. Our method is computation-efficient since we
only need to train a class-concept weight matrix W, and don’t require LLMs to discover class-specific concepts.

our base concept vocabulary (Figure 2 (b)) and propose a
concept filtering method to use a VLM with vision encoder
&, and text encoder &, and U7 to construct the codebook
for V2C tokenizer (Figure 2 (c)). And finally, we can build
V2C-CBM using the concept bottlenecks generated by the
V2C tokenizer from images (Figure 2 (d)).

Quantization Unlabeled Image Set

We first build an unlabeled image set & = {x,,} to extract
useful information for generating vision-oriented concepts,
U can be obtained easily from large-scale web images. Then,
we extract class-related features F . for class k from the
class name N, using text encoder &; or few-shot images x’}s
using vision encoder &,:

{]:I?ase} = {gt(P(Nk)} or (D
{ffase} = {gv(x’;s)} (2)

where P is a set of predefined text prompts like “a photo of
{class name}” to query the VLM to get more robust class
features. Subsequently, we use the base features to quantize
the unlabeled web images U/ into task-related U? = {z%}.
Specifically, we select the images with highest similarity
scores from U for each class k to form U7 = U U --- U
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Ul U - UUS,, where the subscript k denotes the quantiza-
tion dataset for the k-th class. The similarity is measured by
the cosine similarity between the base class feature and the
image feature:

]:Iicase ) gv(.%‘u)
||]:lf:ase|| : Hg’U(xu)H

Sim(fl?asw g’U ({Eu)) (3)

Concept Vocabulary

Without the knowledge of LLMs, we simply adopt common
words as the base concept vocabulary. Specifically, we first
collect the most common words used to describe and indi-
cate objects in daily life as the atomic vocabulary. To further
enhance the representation ability of the vocabulary set, we
include some relational vocabulary (such as part of, made of,
is a, and has a), and use bigrams and trigrams to expand the
vocabulary set. Because directly combining all the atomic
words may lead to a large vocabulary and many unreason-
able concepts, we construct the bigrams by combining ad-
jectives {a} and nouns {n}, and construct the trigrams by
combining relational words {r}, adjectives and nouns. As
exampled in Figure 2 (b), the base concept vocabulary can
be represented as:

C={a,"- ,ni, - }U{ani,aing, -~} U{riaing, -}



We also remove concepts that contain class names in the
dataset to prevent information leakage.

Concept Filtering

To filter out the non-visual and irrelevant vocabulary, we use
the quantization unlabeled image set /¢ with VLM to fil-
ter the concepts. Specifically, we use the text encoder &; to
extract the concept features Feoncept = {E:(c)} for ¢ € C.
Then, we calculate the similarity between the concept fea-
ture and the image feature to filter out the non-visual (with
low similarity) and irrelevant concepts (with low frequency).
In order to better align the image features of unlabeled im-
ages with fine-grained concepts, for each image z, we also
generate a set of augmented images A(z%) to extend the im-
age set. The augmented images are generated by applying
random cropping, rotation, and then resizing to the original
image. The similarity between the concept feature and the
augmented image is calculated as:

_ cconcept &y (A(CL’Z))
||]:cconceptH ' ||5U(A(x%)>||

Sim(F§o7zcept ) x’lql,)

“

then we save M most frequent concepts for each ¢} as the
final concept vocabulary C = C; UCa U - - - UCy, the size of
the final concept vocabulary will be No = M x N, which
will be used as the codebook of V2C tokenizer. Finally, we
extract and save the concept features Feoncept = {E¢(c)} for
each concept c in the vocabulary as the embedding matrix.

Vision-to-Concept Tokenizer

With the concept vocabulary C and the saved features, we
can construct the V2C tokenizer T to generate concepts by
image quantization. Given an image x, the V2C tokenizer
firstly extracts the image feature F,, using &,, then converts
the image feature into top- K nearest concepts depending on
the Euclidean distance between the image feature and the
saved concept features:

T(Fy) ={c1,e9, ekt = argrgin | Fs = E)|2 (5)
ce

Given class-specific few-shot images, we can use the V2C

tokenizer to generate the concepts for each class and select

the most frequent concepts (depending on the size of the bot-

tleneck) as the class-specific concept bottleneck.

V2C-CBM

Similar to other VLM-based CBMs, we use the vision en-
coder &, and text encoder &, to project the image x and the
set of concepts c into a shared feature space and use cosine
similarity scores A as the concept prediction, then the final
prediction is made by a linear layer optimized by images and
image-level labels y:

§ = sim(&,(x), &(C)) - c(W)T = A-a(W)T (6)
min £(§,y) = L(A-o(W)",y) @)

where W € RN x R¥¢ is the weight matrix of the linear
layer, o is the softmax function applied along the concept
axis, and L is the cross-entropy loss. Following Yang et al.,
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we initialize the weight matrix W with the concept priors
of the V2C tokenizer to improve the few-shot classification
performance when there is very little annotated data (e.g., 1-
or 2-shots learning). Specifically, if a concept c is generated
by T using images of the k-th class, we set the correspond-
ing elements of W as 1, otherwise 0. For cases with more
labeled images, we randomly initialize the weight matrix W
(more details in the ablation study section).

Experimental Setup
Datasets

We choose the following datasets for evaluation: CIFARI0,
CIFAR100 (Krizhevsky and Hinton 2009), ImageNet (Rus-
sakovsky et al. 2015) as the standard benchmarks for image
classification; Aircraft (Maji et al. 2013), CUB (Wah et al.
2011), Flower (Nilsback and Zisserman 2008), and Food-
101 (Bossard, Guillaumin, and Gool 2014) for fine-grained
image classification; DTD (Cimpoi et al. 2014) for tex-
ture classification; RESISC45 (Cheng, Han, and Lu 2017)
for remote sensing scene classification; and HAM10000
(Tschandl, Rosendahl, and Kittler 2018) for skin tumor clas-
sification. We also use the same few-shot images and set-
tings as LaBo and CLIP for a fair comparison. The classifi-
cation accuracy on the test set is reported.

Implementation Details

We use CLIP ViT-L/14 to build our V2C tokenizer and V2C-
CBM. For concept vocabulary, we use the English word fre-
quency described in (Norvig 2009), and use NLTK library
(Xue 2011) to determine adjectives and nouns to build the
concept vocabulary. For the unlabeled image set U/, we ran-
domly sample images from the ImageNet training set, and
the default number of the unlabeled images is 200k. We use
class names to extract the base features . for each class.
N is set to 50 for all datasets. For each image, we select
the top K (set to 5) concepts to update frequency. We then
rank the word frequencies and select the top M (set to 500)
words. Adam (Kingma and Ba 2015) is used for optimiza-
tion, and the detailed hyperparameters are provided in the
supplementary material. All experiments are conducted on
an NVIDIA A100 80G PCIE graphics card using PyTorch.
Since our method only requires training the class-concept
weight matrix W, it is computationally efficient.

Evaluation
Baselines

We compare the classification performance of our V2C-
CBM with other concept label-free methods including LaBo
(Yang et al. 2023), CDM (Panousis, lenco, and Marcos
2023), DCLIP (Menon and Vondrick 2023) and DN-CBM
(Rao et al. 2024), and compare the few-shot classification
performance with LaBo. The concept sets are kept the same
as their original settings for a fair comparison. We report the
results using the same backbone for all methods, and the lin-
ear probe (LP) performance of the black-box model is also
provided for reference.



CLIP ViT-L/14

Model Concept
Aircraft CIFAR10 CIFAR100 CUB DTD Flower Food HAM  RESISC45 ImageNet

LP - 64.0 98.0 87.5 84.5 81.5 99.5 93.2 82.9 93.9 83.9
+0.28 +0.02 +0.08 +0.10 +0.39 +0.01 +0.09 +0.36 +0.82 +0.09

LaBo GPT-3 61.3 97.8 86.0 81.9 76.9 99.3 924 80.8 91.1 84.0
+0.22 +0.11 +0.02 +0.03 +0.10 +0.01 +0.05 +0.55 +0.78 +0.06

CDM GPT-3 - 98.0 86.4 - - - - - - 83.4

DCLIP GPT-3 - - - 63.5 54.4 - 924 - - 75.0

DN-CBM SAE - 98.1 86.0 - - - - - - 83.6

Ours - 60.7 98.0 86.4 83.0 78.2 98.8 92.8 81.0 92.6 84.1
+0.01 +0.03 +0.01 +0.12 +0.29 +0.14 +0.04 +0.12 +0.26 +0.05

Table 1: Classification accuracy (%). LP stands for linear probing. The results of DCLIP and DN-CBM are from their respective
works, and CDM is from the DN-CBM paper. The standard deviation is derived from three random experiments.
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number of shots

Method
1 2 4 8 16 all
LP 51.8 65.3 72.3 77.1 81.6 86.9
LaBo 63.0 67.7 715 75.1 79.3 85.2
Ours 57.8 64.0 71.1 75.8  79.7 85.6

Table 2: Average classification accuracy (%) on all datasets.

Classification Accuracy

In Table 1, we present the classification accuracy of our
V2C-CBM on ten datasets. Our method achieves classifi-
cation accuracy that is better than or comparable to the
baseline methods across all datasets, without leveraging the
prior knowledge of LLMs like LaBo and CDM, or addi-
tional training of a SAE for concept discovery like DN-
CBM. V2C-CBM also surpasses the black-box linear prob-
ing performance of CLIP on the ImageNet dataset, show-
ing the great scalability of our method on large datasets. Al-
though lacking the extensive knowledge provided by LLMs
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Few-shot classification accuracy (x-axis denotes the number of shots and y-axis denotes test accuracy).

or Internet encyclopedias (such as Wikipedia and WordNet),
we show that making full use of the unlabeled images can
also lead to competitive or even better performance, and can
discover class-specific interpretable visual concepts with our
method (more details in Table 3).

Few-shot Classification Performance

Figure 3 illustrates the few-shot performance of our V2C-
CBM on 9 datasets. Due to the lack of extensive prior knowl-
edge possessed by LLMs, our V2C-CBM usually performs
less effectively than the GPT-3 concepts guided method
LaBo when the number of labeled images is very small
(1-shot and 2-shot), especially in fine-grained classification
tasks like aircraft and food classification, but it can achieve
comparable or slightly superior performance to the black-
box linear probing method with few labeled images on al-
most all datasets with better interpretability.

However, the classification accuracy of V2C-CBM can in-
crease quickly as the number of labeled images grows. As
shown in Table 2, V2C-CBM achieves accuracy close to
LaBo in 4-shots learning and exceeds it after 4-shots. We
think this makes sense because the more labeled images, the



Class Name V2C Tokenizer LaBo CDM DCLIP
-‘gamb“?g 1. small, sparrow-like bird with a
gk 1. black head streaked brown back 1. barrow 1. a small, sparrow-like bird
2' brown back 2. found in woods and forests | 2. a long, thin, or- | 2.brown and white plumage
: across Europe and Asia ange root 3. a black head with a white

3. common bird

3. found in woods and forests in
Europe and Asia

3. large wings

stripe above the eye

1. hot bowl

1. circular metal object with a
handle on the side
2. round metal container with a

1. droopy lips and
ears

1. a pot or other container
with a heating element

2. hot dishes

3. red soup handle on the side

center

3. conical lid with a knob in the

2. a power cord
3. a bowl or other vessel for
holding food

2. a game room
3. a small, pointed
tail

1. white bear

2. white enclo-
sure

3. white animal

the Arctic

1. large, white bear that lives in

2. perfect for keeping the bear
warm in its icy habitat
3. very important bear

1. white wingtips
2. referees
3. anote from Santa

1. large, white bear
2. long neck
3. small ears

Table 3: Top-3 concept Visualization of different methods.

more robust and accurate the concepts generated by the V2C
tokenizer from images will be. For example, the black head
concepts might not be generated by our V2C tokenizer when
this part of the objects happens to be obscured in the limited
few-shot images. In contrast, the advantage of LaBo lies in
its ability to generate robust concept descriptions for similar
categories with the help of the prior knowledge of LLMs,
thus enhancing the generalization of the model.

Concept Visualization

To see whether the V2C tokenizer can discover valid visual
concepts without the help of LLMs, we iterate through all
the images of a particular class in the datasets and select the
most frequent concepts used by our V2C tokenizer. The vi-
sualization of the top-3 concepts for some classes in the Im-
ageNet dataset is illustrated in Table 3. Compared to other
methods, our V2C tokenizer can generate concise and visu-
ally informative concepts, capturing the salient features of
the target classes. For example, the white for ice bear and
the black head for brambling birds. We provide more con-
cept visualization in the supplementary material.

Ablation Study
Size of the Unlabeled Image Set

In Table 4, we investigate the impact of the size of the unla-
beled image set on the final performance of V2C-CBM. As
the size of U increases from 1k to 200k, the model’s perfor-
mance shows an overall increasing trend. Since a U/ of size
200k has proven to be sufficiently effective and consider-
ing the runtime efficiency, we don’t continue to increase the
dataset size and use 200k as our default setting.
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number of unlabeled images

Dataset
40k 80k 120k 160k 200k
CIFAR10 97.6 97.7 97.8 97.9 97.5 98.0
CUB 80.3 81.4 81.6 81.9 82.2 83.0
DTD 73.1 763 76.8 77.4 77.6 78.0
RESISC45 90.2 91.8 91.9 92.0 92.0 92.6

Table 4: Classification accuracy (%) using unlabeled image
sets with different number of images.

Bigram and Trigram Concepts

We also investigate the impact of different combinations
of conceptual vocabulary on model performance. Specifi-
cally, we explore the scenarios of using only atomic con-
cepts (A), using both atomic and bigram concepts (AB), and
employing atomic, bigram, and trigram concepts simultane-
ously (ABT). The experimental results are presented in Ta-
ble 5. We find that the model achieves better performance in
the ABT scenario. Looking back at the discovered concepts
shown in Table 3, we think the combination is beneficial for
describing similar objects with more accurate and distinct
attributes (e.g., white fur v.s. fur). This may also explain
why LaBo can exhibit stronger few-shot capabilities in fine-
grained classification tasks besides the knowledge provided
by LLMs — while concepts generated by LLMs are more
complex, assigning diverse concepts to distinguish similar
categories becomes easier. However, when the number of
labeled images is sufficiently large, the advantage of using
complex concepts is no longer pronounced, particularly in
the context of our vision-oriented concept bottleneck.



number of shots Vocabulary number of shots
Dataset  Type
1 2 4 8 16 all Set 1 2 4 8 16 all
A 523 732 817 857 88.0 920 base 586 745 825 863 889 928
Food AB 577 739 820 858 88.0 92.1 without 297 583 745 80.3 832 863
ABT 586 745 825 863 889 928 food (289D (1629 BO0L) (60H G7H (651
food 8.4 2.6 1.4 1.0 1.2 0.4
RESISC45 AB 619 698 781 843 884 0915 G4) @6h d4h 10D (20 ©O4D
ABT 62.0 69.8 80.7 86.6 89.7 92.6

Table 5: Classification accuracy (%) using different concept
combination method: A denotes atomic words, B denotes
bigrams and T denotes trigrams.

Base Feature number of shots

Type 1 2 4 8 16
class name 88.4 93.0 96.5 97.2 98.2
few-shot 77.2 86.6 93.8 96.4 97.7
images (11.2)) (6.4 27D (0.8])) (0.5

Table 6: Classification accuracy (%) on the Flower dataset
using different class-related base features.

Different Types of Class-related Features

We also examine the discrepancy in extracting class-related
features F .. by employing class names versus using few-
shot images. For class names, we utilize a collection of 85
prompt templates, leveraging the text encoder to extract fea-
tures and computing the mean of these features to serve as
the base feature Fp4s.. The specifics of the text prompts are
detailed in the supplementary material; for few-shot images,
we compute the mean of the extracted image features as the
base feature. The performance on the Flower-102 dataset is
illustrated in Table 6. We observe that the use of class names
and text prompts demonstrates better robustness, particu-
larly when the number of labeled images is limited. The gap
between the text features derived from class names and the
image features diminishes as the number of labeled images
increases. This is consistent with our previous understanding
of the few-shot performance, which is the more images, the
more robust the concepts generated by the V2C tokenizer.

Different Vocabulary Set

We also test the impact of different sources of concept vo-
cabulary on model performance. In Table 7, we try, respec-
tively: 1) using the top 10k most common English words
(base); 2) removing words that can be used to describe food
in the base vocabulary, then using the rest of the words as
another vocabulary, which produces a vocabulary unrelated
to the classification task (without food); and 3) using the
filtered out words as the vocabulary (only food). It can be
observed that when using vocabulary unrelated to the task
(without food), the model’s performance significantly drops,
with an accuracy reduction of up to 28.9% in 1-shot tasks
and 16.2% in 2-shot tasks. The base vocabulary achieves
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Table 7: Classification accuracy (%) on the Food dataset us-
ing different vocabulary sets.

number of shots

Method
1 2 4 8 16 all
LP 51.8 653 723 771 816 87.0
LaBo 63.0 67.7 715 751 793 853
Ours,, 578 64.0 703 747 787 852
Ours,. 504 616 711 758 79.7 85.7

Table 8: Average classification accuracy (%) on all datasets
using different initialization methods. Ours,, means initializ-
ing with concept priors and Ours,. means random.

similar but higher accuracy than the only food vocabulary,
which indicates that our method can effectively discover rel-
evant concepts to the target task from the large vocabulary.

Initialization with Priors

Following Yang et al. (2023), we also test whether using
concept priors in the V2C tokenizer (the language priors
in LaBo) can improve the classification performance. As
shown in Table 8, initializing with concept priors is more
effective for very limited labeled images (1- and 2-shots),
yet random initialization is more powerful as the number of
labeled images grows. The conclusion is similar to LaBo’s,
which states that prior is more important for low shot set-
tings since there is less signal to guide concept importance.
So we use concept priors to initialize W for 1- and 2-shot
learning while using random initialization for the others.

Conclusion

In this work, we construct a vision-oriented concept bottle-
neck without the reliance on LLMs by developing a V2C
tokenizer that maps images to a discrete set of concepts. The
creation of the V2C tokenizer necessitates only a set of un-
labeled images, which can be readily acquired from the In-
ternet. We show that the V2C tokenizer can discover inter-
pretable visual concepts and lead to V2C-CBM, which has
surpassed LLM-guided CBMs across various datasets and
even outperformed black-box linear probing methods on the
ImageNet dataset, showcasing the efficacy of our method.
Follow-up work may be devoted to developing methods for
evaluating the trustworthiness of VLM-based CBMs with
open-vocabulary concepts.
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