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Cross-Modality Image Interpretation via Concept
Decomposition Vector of Visual-Language Models

Zhengqing Fang , Zhouhang Yuan, Ziyu Li, Jingyuan Chen , Kun Kuang ,
Yu-Feng Yao, and Fei Wu , Senior Member, IEEE

Abstract— Interpretable image classification is crucial for mak-
ing decisions in high-stakes scenarios. Recent advancements have
demonstrated that interpretable models can achieve performance
comparable to black-box models by integrating Visual Language
Models (VLMs) with Concept Bottleneck Models (CBMs). These
models explain their predictions by calculating the weighted sum
of similarities between the image representation and predefined
text embeddings. However, selecting textual descriptors is subjec-
tive, and relying solely on textual information may not capture
the complexities of visual data, impacting both interpretability
and performance. To address these limitations, this work explores
the cross-modality interpretation of class-related concepts in
image classification. Specifically, we propose decomposed concept
bottleneck model (DCBM), which utilizes a set of decomposed
visual concepts that are extracted directly from images instead
of predefined text concepts. The decomposition of concepts is
achieved through vector projection onto concept decomposition
vectors (CDVs), which can be interpreted across both textual
and visual modalities. We introduce a quintuple notion of con-
cepts and a concept-sample distribution theorem, which enables
the localization of decomposed concepts in images using the
Segment Anything Model (SAM) with automatically generated
prompts. Experimental results demonstrate that DCBM achieves
competitive performance compared to non-interpretable models,
with a 3.42% improvement in classification accuracy and a
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66.27% improvement in image-text groundability compared to
other VLM-based CBMs. Furthermore, we evaluate the benefits
of employing automatically generated prompts in SAM for
interpreting visual concepts, in contrast to prompts created by
human operators.

Index Terms— Explainable artificial intelligence, concept bot-
tleneck models, segment anything, visual-language models.

I. INTRODUCTION

INTERPRETABLE models are characterized by their ability
to present a decision-making process that is intelligible to

humans. They are particularly useful in high-stakes decision-
making situations, owing to their transparency and capacity
for explanation [1], [2], [3]. One specific type of interpretable
model is Concept Bottleneck Models (CBMs) [4], which
employ a two-step prediction process as shown in Figure 1.
First, they predict an intermediate set of concepts (c) that are
specified by humans, along with their corresponding concept
scores (s). Then, these scores are used to predict the final clas-
sification output (y) via a weighted sum. However, a significant
limitation of CBMs is the necessity for extensive annotated
concepts during the training phase. To reduce the labeling
effort, recent works combine CBMs with visual language
models (VLMs) [5], as the VLMs shows remarkable zero-shot
classification performance solely relying on natural language
text. They calculate concept scores as the similarities between
image representations and embeddings of encoded pre-defined
texts, facilitating easy expansion in concept numbers and
enhancing classification performance [6].

However, current VLM based CBMs might present two
issues. Firstly, the selection of an appropriate set of textual
concepts is subjective, and manual construction may not cover
all relevant visual features for a certain class. To address this,
one possible solution is to utilize Large Language Models
(LLMs) to generate textual concepts [7], [8], [9]. Nevertheless,
it is important to note that this approach may introduce
unreliable concepts that are difficult to validate, potentially
compromising the reliability of the model’s interpretation.
An example of failure is shown in Figure 2, where the concept
set of “Blue Grosebeak” does not include important clues such
as the “blue wing”, while unreliable concepts such as non-
factual, non-visual and task irrelevant descriptions are present.
Secondly, a phenomenon called modality gap [10] has consis-
tently been observed across various VLMs, which potentially
undermine the model’s downstream zero-shot classification

1051-8215 © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Zhejiang University. Downloaded on December 26,2025 at 04:47:21 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0003-3270-0952
https://orcid.org/0000-0003-0415-6937
https://orcid.org/0000-0001-7024-9790
https://orcid.org/0000-0003-2139-8807


FANG et al.: CROSS-MODALITY IMAGE INTERPRETATION VIA CDV OF VLMs 3025

Fig. 1. The basic workflow of concept bottleneck models for inherent
interpretable classification.

performance. Specifically, as shown in Figure 2, a noticeable
gap can be observed between the visual embedding space
(highlighted in green) and the textual embedding space (high-
lighted in orange). This gap has a negative impact on the
accuracy of the predicted concept scores in CBMs and results
in a potential inconsistency between input image and output
texts that used to interpret the classification result, which may
hurt the users’ trust of their interpretation.

To address the aforementioned limitations, we propose a
novel approach called Decomposed Concept Bottleneck Model
(DCBM). Unlike existing methods that rely on predefined tex-
tual concepts, DCBM introduces decomposed visual concepts
instead. This helps avoid the incorporation of unreliable textual
concepts and also addresses the modality gap issue. As shown
in Figure 2, the input image of a blue bird is classified by
comparing it with decomposed visual concepts such as “blue
and black head” (s3) and “blue wings” (s4), rather than relying
on textual concepts generated by LLMs that are associated
with the category label “Blue Grosbeak” (s1 and s2). Specif-
ically, the decomposed visual concepts are represented by
Concept Decomposition Vectors (CDVs) which has the same
size as image representations. The classification process of
DCBM is similar to existing CBM methods, while the key
difference is that concept scores are the similarity between
pretrained image representation and CDVs instead of text
embeddings.

Building DCBM poses a key challenge in training and
interpreting the CDVs. In the training process of CDVs,
we constrain their distribution to be similar to the distribution
of training image representations in an adversarial manner, and
optimize CDVs to minimize classification error. This ensures
that the visual semantics of CDVs are maintained, as they
closely resemble the visual representations of real training
samples. For the interpretation of CDVs, we innovatively
perform their interpretations in a cross-modality manner. In the
textual modality, we rely on vector similarity to identify the
most similar text to explain the semantics of CDVs. This
is made possible by the adversarial training that constrains
the distribution of CDVs in the origin latent space of VLM.
In the visual modality, our objective is to visually represent
the semantics present in the training samples. However, the
visual representation derived from the final layer of the
image encoder, such as the Vision Transformer of CLIP, is a

compressed vector that includes positional information but
cannot be readily interpreted as a spatial arrangement of
the image. To overcome this limitation and capture location
information, we utilize the representation obtained from an
intermediate layer of the encoder. In this layer, the features
are represented as a sequence of tokens that correspond to the
original image patches. We employ a neural network, namely
reverse modality converter (θ−1), to predict the represen-
tation of the semantics of CDVs in the token feature space.
Consequently, we can easily generate a similarity heatmap,
where regions with higher similarity are likely to contain
closer semantics of the given CDVs. Moreover, the heatmap
can be converted into a bounding box and points as automatic
prompt (auto-prompt) to obtain more precise image segments
using Segment Anything Model (SAM) [11]. This allows for
the visualization of concepts in images and their expression
in natural language simultaneously.

Given that concepts are abstract mental objects, indi-
viduals often recall them through concrete instances [12].
To enhance the comprehensiveness of a concept, it is beneficial
to provide multiple samples that illustrate it. To describe
the relationship between concepts and samples, we intro-
duce the concept-sample distribution (CSD), which can be
viewed as a categorical distribution. The CSD is obtained
by measuring the similarity between the concept vector and
sample embeddings, allowing us to identify the most similar
samples that can effectively interpret the semantic of a concept.
Therefore, each concept can then be formalized using five
key elements (i.e., quintuple notion): a concept decomposition
vector (CDV), a class name, a scalar weight, a set of image
fragments, and a set of text. In this study, we discover
that the contrastive visual-language pretraining loss of CLIP
aims to minimize the discrepancy between the CSDs in the
textual and visual modalities. We generalize this property
to the latent space of intermediate layers of vision encoder,
as the training objective of the reverse modality converter
is to transfer the CDV semantic into the intermediate latent
space [13].

Experiments on various datasets demonstrate that DCBM
performs competitively in terms of classification when com-
pared to black-box classifiers. Furthermore, it surpasses exist-
ing state-of-the-art VLM-based CBMs by an average accuracy
improvement of 3.42%. The quality of cross-modality inter-
pretations is showcased through case studies at the concept,
sample and class levels, which aid in comprehending the
model’s decision-making process. To assess the textual inter-
pretation quality of DCBM in comparison to other VLM-based
CBMs, a human evaluation is conducted [14]. Participants
are asked to sort the interpreted texts given by different
CBMs according to their assessment in terms of four metrics
including Groundability (consistency between the interpreted
image contents and text descriptions), Meaningfulness (seman-
tic coherence of interpreted texts), Factuality (consistency
between the interpreted texts and predicted labels), and Fidelity
(degree of support from the concept scores for the model’s
predictions). The result of human study indicates that the
cross-modality interpretation by DCBM outperforms current
VLM-based CBMs by 66.27% in terms of Groundability,
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Fig. 2. Schematic of concepts from different modalities in VLM latent space. Visual concepts are expected to be used for building concept bottleneck models
rather than text concepts given by LLM in this work.

40.57% in Factuality, 34.94% in Meaningfulness and 34.41%
in Fidelity. Furthermore, the quality of visual interpreta-
tion is evaluated by comparing the segmentation results
with ground-truth masks. This evaluation demonstrates the
enhanced quality achieved through the utilization of SAM
and provides insights into the instances where automatic
prompts outperform human-constructed prompts within SAM.
The contributions of this paper can be summarized as follows:

• Propose Concept Decomposition Vectors (CDVs) to
decompose class-related visual concepts. By using CDVs,
the proposed DCBM achieves competitive performance
with black-box models and surpasses existing VLM-
based CBMs.

• Propose the concept-sample distribution and quintuple
notions for a novel form of cross-modality interpretation
to explain decomposed concepts. This interpretation pro-
vides more informative explanations of classification for
given datasets compared to single modality explanations
and helps reveal classification challenges.

• Explore the utilization of Segment Anything Model in
visual concept interpretation, where the prompt is gen-
erated automatically according to the interpreted visual
concept. Experiments demonstrate the superior perfor-
mance of auto-prompt over human-constructed prompt.

II. RELATED WORKS

A. Explanation Methods in Deep Learning

The explanation of deep learning models can be categorized
into post-hoc methods and inherent interpretable (i.e., ad-
hoc) methods. The former assumes the reasoning process
is a black-box and requires the creation of a model to
reveal it, including utilizing saliency maps [15], generat-
ing heatmaps [16], testing with Concept Activation Vector
(CAVs) [17], providing counterfactual examples [18] or ana-
lyzing the network’s response to image perturbations [19].

Post-hoc methods do not interfere with the architecture, but
may produce biased and unreliable explanations [1]. Con-
sequently, there is increasing focus on designing ad-hoc
models that make the decision process directly visible. For
example, ProtoPNet [20] employs a prototype hidden layer
that represents activation patterns. Concept Bottleneck Models
(CBMs [4]) force the intermediate layers to be semantic via
multi-label supervised learning. As the inherent interpretable
models are more reliable, they are applied in various tasks
like 3D points could [21], medical image [22], [23] and
marketing [24].

Recent development of ad-hoc methods includes deep
nearest centroid (DNC) [25], which utilizes sub-centroids to
describe class distributions and explains classifications based
on the proximity of test data to these sub-centroids in the
feature space. ProtoConcepts [26] enhances prototype-based
networks by using multiple visualizations to represent pro-
totypical concepts. Deformable ProtoPNet [27] uses spatially
flexible prototypes to capture pose variations and context,
improving accuracy and explanation richness. Despite the
innovations, they predominantly focus on the single visual
modality and may not fully capture the semantic meaning-
fulness that is significant to human understanding compared
to our DCBM. Note that the Concept Decomposed Vectors
(CDVs) used in DCBM is similar to the sub-centroids of DNC
but with a key distinction: CDVs are trained to encapsulate
decomposed visual concepts, whereas sub-centroids represent
the visual representation of an entire image. As a result, we use
additional techniques to explain CDV in both textual and
visual modalities.

B. Concept Bottleneck Models

Concept Bottleneck Models (CBM) [4], [28] is a class of
inherent interpretable models. A concept bottleneck model
learns a mapping from samples to labels in two steps: (i) a
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concept encoder function which maps samples from the input
space to an intermediate concept space, and (ii) a label predic-
tor function which maps samples from the concept space to a
downstream task space. A CBM requires a dataset composed
of tuples in samples × concepts × labels, where each sample
consists of an input image with label and multiple ground
truth concept annotations. The original CBM [4] represent
concepts as boolean and fuzzy univariates that aligned with
a single ground truth concept or represent a probability of
that concept being active. However, such representation suffers
from a trade-off between interpretability and classification
accuracy [29]. Therefore, Concept Embedding [28] are pro-
posed to alleviate this trade-off, who learn two embeddings
per concept, one for when it is active, and another when it is
inactive.

Building above CBMs requires exhausted concept annota-
tion effort, which makes CBM less applicable in real-world
application [6]. With the development of VLM, researchers of
Post-hoc CBM [6], Label-free CBM [7], and LaBo [8] inte-
grated images and texts and used the similarity between them
as concept scores for classification, named as VLM-based
CBMs in this paper. However, these VLM-based models
directly use text embedding rather than concept embedding
to represent a concept, suffering the modality gap and unre-
liable concept (see Section I). Our DCBM also integrate
VLMs to enhance CBMs but distinguishes itself from pre-
vious VLM-based CBMs by avoiding pre-defined concept
texts. Instead, we learn concept representations from the
training images and interpret them after training. By doing
so, DCBM avoids the information loss caused by modality
gap and achieves improvements in both classification and
interpretation.

C. Visual-Language Models and Prompt Engineering

Visual Language Models (VLMs) are pre-trained using vast
image-text pairs readily available on the internet, enabling
direct application to visual recognition tasks without fine-
tuning [30], as demonstrated by CLIP [5], which leverages the
contrastive loss to align paired images and texts in embedding
space. CLIP’s notable zero-shot transferability allows it to
perform diverse tasks without supervision, such as image
retrieval [31], zero-shot classification [5], and image gener-
ation [32]. Subsequent models like BLIP2 [33] and GLIP [34]
have expanded on CLIP’s cross-modal capabilities. The zero-
shot ability of CLIP relys on the visual encoder’s image
representations and the language encoder’s text embeddings,
where the input texts are sentences containing target class
name. However, the similarities is reported to be influenced
by the modality gap [10]. Specifically, the latent spaces of
visual and textual embeddings are limited in narrow cones,
leading to a gap between the latent spaces of two modalities.
This gap are affected by the hyperparameter in the contrastive
loss during training process. To date, how to close the gap
remains to be unsolved [10] and its impact on finer-grained
correspondence between vision and language has space to
explore [35]. Thus, direct utilizing image-text similarities to
explain model decision might be unsatisfying.

Another concern is that the image-text similarities are highly
sensitive to the texts, e.g. the choice of prompts. A prompt
is a template text; for instance, “a photo of a dog” yields
a very different similarity score from “a dog” [5]. This
sensitivity to texts might be a crucial factor that existing
VLM-based CBMs fails to output consistent zero-shot clas-
sification [36]. To enhance classification performance, a line
of researches have tried to construct the most suitable prompt
for specific tasks (prompt engineering) or automatically learn
prompts embedding [37], [38] (prompt tuning). This can
be achieved by adding learnable tokens [39], introducing
learnable layers between models [40], incorporating low-rank
additional parameters [41], or adding learnable tokens around
samples [42]. While our DCBM also includes learnable param-
eters, it differs from prompt tuning because our objective is to
identify and interpret the visual information inherently present
in the samples, whereas the prompt tuning method is solely
focused on performance enhancement for a specific task.

D. Segment Anything Model

Segment Anything Model (SAM) [11] is a new paradigm
for semantic segmentation that is trained with more than
one billion ground-truth segmentation masks in 11 million
natural images. It can produce high-quality segmentation
results based on different types of prompts, including posi-
tive/negative (foreground/background) points, a rough box or
mask, or freeform text. However, an empirical study conducted
across different scenarios [43] has revealed that SAM exhibits
a limited understanding of specialized data. It often requires
strong prior knowledge to craft effective prompts. In response
to this challenge, a body of research has emerged, focusing
on tailoring SAM for specific application scenarios [44]. This
includes its application in fields such as remote sensing [45]
and medical image analysis [46].

In this work, we harness SAM to segment concept regions
within images based on automatically generated prompts
derived from concept activation heat-maps. By doing so,
we can obtain a more refined segmentation of the region in
question, which in turn allows us to validate the effectiveness
of the concept decomposition vector. This approach not only
leverages the power of SAM but also integrates the strengths
of our interpretive mechanisms, leading to a more nuanced
and precise understanding of the visual concepts present.

III. PRELIMINARIES

A. Contrastive Image-Text Matching Pretraining of VLMs

Visual Language Models (VLMs) are a series of models
that can understand and generate both images and text, e.g.,
CLIP [5]. Image text matching (ITM) is the common training
objective that maps image representation into a language
concept embedding space. We formalize the ITM training
objective in the next paragraph.

Let x ∈ X denote an image x in an image set X , and
t ∈ T represent a text t in a text set T . {(xi , ti )|i =

1, . . . , N } denotes N image-text pairs, the match relation-
ship can be represented with an identical matrix Y, where
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Fig. 3. The workflow of decomposed concept bottleneck model (DCBM) with well-trained CDVs. The classification process is shown in the upper part,
where an image embedding is projected to CDVs and the classification result is the weighted sum of vector similarities (concept scores). The lower part
exhibit the cross-modality interpretation by taking one CDV for example. For visual interpretation, the CDV is fed into reverse modality converter θ−1 to
predict its representation in the intermediate latent space. This allows the CDV to be visualized through a similarity heatmap with position-preserved image
tokens. Additionally, the heatmap can be fed into Segment Anything Model as an automatic prompt for finer visualization. For textual interpretation, the CDV
computes the concept-sample distribution (CSD) with multiple candidate text sets Tc to identify the closest texts. These closest texts can then be alternatively
composed into a sentence.

Yi j =

{
1, if i = j
0, otherwise

. In general, a VLM consists of

an image encoder I (·), which maps the input image x into
a d-dimensional embedding space Rd , and a text encoder
T (·) which maps the input text t into Rd . We can get
an image embedding matrix I = [I (x1), . . . , I (xN )] and
a text embedding matrix T = [T (t1), . . . , T (tN )], where
I,T ∈ RN×d . The model is trained to maximize the similarity
between the embeddings of matching image and text pairs
as:

min
I,T

[
H(σ ( I·T⊤

τ
),Y)+ H(σ (T·I⊤

τ
),Y)

]
, (1)

where σ is the softmax operation applied in each row, H(·, ·)
is the cross-entropy function H(p, q) = −

∑
i p(i) log q(i),

and τ is a learnable temperature coefficient. After training,
VLMs become zero-shot classifiers by computing dot product
between embeddings of input image x0 and candidate text
ti ∈ T0, where T0 = {ti |i = 1, . . . , K } is the set of K
text combining the i-th category names with prompt texts.
The zero-shot classification probability of class k given x0 is
p(k|x0) = σ(

I (x0)·T⊤

0
τ

)k , where T0 = [T (t1), . . . , T (tK )] is the
embedding matrix of T0.

B. VLMs in Concept Bottleneck Models

Given an input image x0, a CBM predicts a concept score sc
for each human-readable concept c via a shared neural network
f (·), and get bottleneck concept scores s = [s0, s1, . . . , sC ]. C
is the number of predefined concepts. The final model decision
is obtained by multiplication with sparse weight matrix W ∈

RC×K for a K -classification problem as:

p(k|x0) = σ(W⊤
· s)k , where s = f (x0). (2)

This prediction score of class k, denoted as vk , can be inter-
preted as vk =

∑
si × Wik , where i is the index of concepts.

Recently, LaBo [8] and Lable-Free CBM [7] combine VLMs
with CBM to reduce the exhausting labeling effort of f (·).
They directly use image encoder I to replace f and get a set
of concept text Tc from LLMs. In this case, the bottleneck
concept scores s are obtained as:

s =
I (x0) · T⊤

c

τ
, (3)

where Tc = [T (t1), . . . , T (tC )] is the embedding matrix of
Tc. By this means, the label effort issue is addressed to some
extent, and the model performance seems to be improved with
respect to the increased number of concepts.

In this paper, we claim that the choice of Tc is subjective
and the bottleneck concept scores s is not accurate because
of modality gap. For better interpretability and performance,
we intend to directly obtain a visual concept embedding matrix
E to compute bottleneck scores s =

I (x0)·E⊤

τ
and explain the

visual concept embedding in both vision and language. Each
embedding ei is a d-dimensional vector named as concept
decomposition vector (CDV), where d is the dimension of
image embedding I (x0). The CBM with CDV is named as
decomposed concept bottleneck models (DCBM).

In this paper, we argue that the selection of Tc is subjective,
and the bottleneck concept scores s are inaccurate due to the
modality gap. To enhance interpretability and performance,
we propose directly obtaining a visual concept embedding
matrix E. This matrix allows us to calculate bottleneck scores
s as s =

I (x0)·E⊤

τ
to avoid the modality gap, and subsequently

explained in both visual and textual modalities. Each embed-
ding ei in E is a d-dimensional vector, termed a Concept
Decomposition Vector (CDV), with d corresponding to the
dimension of the image embedding I (x0). We refer to the
CBM utilizing CDVs as the Decomposed Concept Bottleneck
Model (DCBM).
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C. Overall Procedure of DCBM

DCBM contains three main modules as shown in Figure 3.
The classification module involves training CDV with frozen
image encoders and a discriminator in an adversarial manner,
while simultaneously minimizing classification loss using a
weighted classifier. Leveraging CDVs allows our method to
achieve a dual interpretation of both visual and text modalities.
For visual interpretation, we employ the SAM model as an
external dependency to determine the regions of concepts
within the image. This is accomplished by calculating the
correlation between the CDVs corresponding to the sample
and the latent space representation of the sample, prompting
SAM to perform concept positioning and segmentation. In text
interpretation, we utilize LLM and VLM as external depen-
dencies. We build a text set through LLM and then match
concepts and CDVs through VLM. Finally, we complete the
semantic matching of CDV. Our method not only establishes
a conceptual basis for classification but also provides explana-
tions by indicating the activation positions of concepts in the
image and their corresponding semantics.

IV. CONCEPT DECOMPOSITION VECTOR

A concept decomposition vector (CDV), denoted as e, is a
vector in the VLM latent space Rd , which captures some
key visual concepts that distinguish a class from others.
We can combine multiple concepts into a concept matrix
E = [e1, e2, . . . , en]. With well-trained E, we can perform
Decomposed Concept Bottleneck Model (DCBM) by taking
place Tc in Eq. 3 for inherent interpretable classification. The
workflow is shown in the upper part of Figure 3, where both
encoders I and T are frozen. Section IV-B outlines how to
learn CDVs from a given training dataset, and Section IV-A
introduces the quintuple notion of concept and concept-sample
distribution. To make each e as well as its representing
concept human-understandable, cross-modality interpretation
is performed as described in Section IV-C.

A. Quintuple Notion and Concept-Sample Distribution

Definition 1 (Quintuple notion of concept): Each e is
assigned to one category a with a scalar weight w ∈ R,
representing the concept is decomposed from the category.
As concepts are mental objects, to let someone realize the
concept, a set of image patches I and a set of text phrases
T needs to be exhibited at the same time. Therefore, the
concept represented by CDV e is denoted as a quintuple so
the concept matrix E contains a set of decomposed visual
concepts:

E = {(ei , ai , wi ,Ti , Ii )}
N
i=1. (4)

The CDV e, assignment a, and weight w are determined in
Section IV-B. The image set I and text set T of Eq. 4 are
determined given CDV e in Section IV-C. To determine the
image set I and text set T given CDV e, we need another
definition of the concept and sample relationship.

Definition 2 (Concept-sample distribution): Given a sam-
ple set Z = {z1, z2, . . . , zn} and a concept embedding
e ∈ Rd , the concept-sample distribution (CSD) is defined as a

Fig. 4. Adversarial training of CDVs.

categorical distribution over the sample set Z with following
probability density function:

δ(k; e,Z) =
exp(e·zk )∑
z∈Z exp(e·z) , (5)

where Z can either be a text set or an image set. For
convenience, we denoted CSD as δ(e,Z).

Proposition 1: The pretraining task of VLMs [5],
contrastive image-text matching, is to minimize two
concept-sample distributions with a shared concept ei
between different modalities sample set I and T given
image-text pair (xi , ti ). Formally, Eq. 1 is equivalent to the
following objective:

min
I,T

∑N
i [KL(Yi∥δ(ei , T ))+ KL(Yi∥δ(ei ,X ))]. (6)

The proof is trivial by setting the concept embedding e
as the text embedding tl and the sample set Z as the
image embedding xl in Eq. 5. This motivates us to use the
concept-sample distribution as a learning objective to train a
concept embedding in arbitrary latent space.

B. Learning Process of Concept Decomposed Vector

1) Initialization: Given training image dataset with labels
D = (xi , yi ). We calculate mean µX and variance σX of
image features. Let C be the number of CDVs, C be a categor-
ical distribution with equal probability p̄, and U be a uniform
distribution. The first three terms of quintuple are initialized as
E = {(ei , ai , wi )|ei∼N (µX , σX ), ai ∼ C( p̄), wi ∼ U(0, 1)}.
Then we get concept matrix E, and sparse weight matrix
W with wi as elements on the one-hot embedding of ai .
As we hope that the CDV itself represents a visual concept,
we constrain the distribution of CDVs to be consistent with the
visual concepts that appeared in the training set. To achieve
this, we apply adversarial training to learn CDVs as shown in
Figure 4. There are two steps in each iteration:

2) Step one (train discriminator): A random initialized
3-layer neural network with non-linear activation ψ(·) acts as
a discriminator to tell CDV e from real image feature I (xi ).
In each iteration, we first sample a batch of CDVs {ei } and
a batch of image features {zi |zi = I (xi )}. Then we calculate
the loss of discriminator Lψ as follows:

LD = −
1
m

∑m
i=1

[
logψ(ei + ϵ)+ log(1 − ψ(zi + ϵ))

]
. (7)

where ϵ ∼ N (0, 1) is sampled from standard Gaussian noise
in each iterations for robust training.
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Fig. 5. Learning concepts representation in vision space.

3) Step Two (Train CDVs): We use the discriminator to train
CDVs to be indistinguishable from real image features. At the
same time, we perform interpretable classification by taking E
into Eq. 3. Jointly train E and W with negative log-likelihood
loss. The final loss of step two LC DV is defined as follows:

LC DV = −
1
m

m∑
i=1

logψ(ei + ϵ)︸ ︷︷ ︸
discriminator loss

+
1

|X |

∑
yi log(σ (

I (xi ) · E⊤

√
η

· w∗))︸ ︷︷ ︸
classification loss

+ R (E)︸ ︷︷ ︸
regularizer

.

(8)

The regularization loss R(E) =
∑

i
∑

j
ei∗ej

∥ei∥∥ej∥
constrains

the CDVs in E to be as orthogonal as possible with each other.

C. Cross-Modality Interpretation of CDV

1) Language Comprehension via Text Composition: Given
a CDV e, the set of text T is sampled from the CSD δ(e, Tc).
Tc is constructed with two strategies with the aid of GPT3.5
[47]: (1) category-related sentences: for general class names
that LLMs are familiar with, we use a prompt combined
with the category name to get description of visual contents
following previous work [7]. Then T = {ti |ti ∼ δ(e, Tc)}.
(2) category-independent words: for fine-grained class names
that LLMs are easily confused, use human defined corpus to
get category-independent words Tp for the primitive visual
concepts, e.g. colors, shapes. Then T =

⋃
p{ti |ti ∼ δ(e, Tp)},

and a text composition is optional to organize the words into
a sentence by predefined templates.

2) Vision Comprehension via Auto-Prompt Segmentation:
In VLMs, positional information of images is lost after being
embedded by I (·), which makes it difficult to locate the
decomposed concept in the image. To address this, we view I
as two parts: a ViT that outputs position-preserved embedding
I(v) and a modality converter [48] θ that map I(v) to I. Each
sample in I(v) includes 1 + L × L tokens, where I(v)0 denotes
the class token. Then we train a neural network θ−1 to act as
a reverse modality converter to predict the concept representa-
tion of e in ViT output space. Motivated by Eq. 5, the concept
representation in another embedding space can be learned
by minimizing the KL divergence between the CSDs of the
same concept across different modalities. Figure 5 illustrate
the learning objective to predict pre-layer representation. Let
δ1 = δ (e, I) and δ2 = δ

(
θ−1(e), I(v)0

)
, the training objective

is shown as follows:

θ−1
0 = arg min

θ−1
[KL(δ1∥δ2)+ KL(δ2∥δ1)]. (9)

After training, the pre-layer representation of CDVs E(v)
are predicted via E(v) = {θ−1

0 (e1), θ
−1
0 (e2), . . . , θ

−1
0 (eC )}.

Then similarity heatmaps can be calculated between the image
embeddings I (v)L×L and each pre-layer representation of CDV.
The heatmap is scaled to the same size as the input image
during visualization, and then fused with the input image to
obtain the final visualized regions of interest.

Automatic prompt: In order to get finer visualized regions
of interest, we use SAM [11] to further process the heatmap.
Specifically, we draw a bounding box as positive prompt
around the region of top 50% of the similarity in the heatmap,
and take the lowest similarity position as the negative prompt.
Then we use SAM to segment the input image with the
automatic prompts, and finally take the mask with the high-
est confidence score as the fine-grained segmentation of the
interpreted concept.

V. EXAMPLE INTERPRETATIONS OF DCBM

A. Three Levels of Interpretation

DCBM can perform 3-level interpretation, including con-
cept, sample, and class level.1

1) Concept-Level Interpretation: Concept-level interpreta-
tion is the basis of DCBM. By checking whether the concept
is interpreted consistently in different modalities, the DCBM
users can judge whether the visual language model has
learned the category-related semantics well. For each CDV,
we visualize three image patches crop by the bounding box
and the texts that is closest in candidate corpus to represent
its semantic. Figure 6a illustrates the cross-modality under-
standing of the selected CDVs from UCF101 and Aircraft
datasets with the category-related text descriptors. In the first
example of UCF101, a concept related to the ‘punch” has a
weight of 0.382. The most closest texts is “a fast, overhead
motion of the arm” with 14.27% probability. If there exists
inconsistency between different modalities, it indicates that the
vision and language are not well aligned in the chosen VLM.
The misalignment is difficult to be detected by the sole-modal
interpretation of previous VLM-CBMs.

2) Class-Level Interpretation: CBMs can be explained as
a linear combination of interpretable features, where the
weights can be regarded as their importance for classification.
We created a Sankey diagram to visualize the final layer
weights. Figure 6b shows that DCBM cannot distinguish
“basal cell carcinoma” from “dermatofibroma” well because
they share common visual concepts that interpreted as “polka-
dotted and medium size”. The width of the lines connecting
a concept to an output class represents their weight, with
only weights greater than 0.05 included. As fine-grained
datasets demand specific domain knowledge for accurate
classification, class-level explanations can help understand
these classification challenges and provide guidance for model
improvement.

3) Sample-Level Interpretation: In Figure 6c, the horizontal
bar charts depict the values obtained by multiplying concept
scores with their weights, where each concept is explained
cross-modally. The concept can be found in the input image

1All interpretations use ViT-L/14 as the image encoder of CLIP.
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Fig. 6. Showcases of cross-modal interpretation from (a) concept-level, (b) class-level, (c) sample-level and (d) failure prediction.

with bounding boxes and segmentation masks from SAM [11].
In this case, the concept “the person’s body moving in rhythm
with the hoop” has a contribution of 13.86 and “a person
spinning a large hoop around their waist” has 13.82, which
is consistent with the image content. The remaining concepts
work as the same. The predicted score to label “hula loop” is
55.26 and exactly the same as the sum of the concept scores.
This indicates that DCBM interprets its decision with fidelity.
As other VLM-based CBMs can also provide sample-level
interpretation (with only scores and texts), we compare the
quality of the interpretation in the Section VI-B.

B. Interpretations of Failure Cases
Examples of failures and their interpretations are essen-

tial for researchers to gain a deeper understanding of the
decision-making process and enhance model performance.
In Figure 6, a failure case is presented where an input image
labeled as “blow dry hair” is classified as “haircut”. The
DCBM effectively explains that this failure is a result of the
incomplete key concept “the blow dryer”. Through interpre-
tation, we identify three main types of failure predictions:
(i) Out-of-distribution samples, where concepts in the samples
are challenging to identify and only a few concepts are
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TABLE I
CLASSIFICATION ACCURACY OF FOUR VLM-BASED CBMS ON DIFFERENT test SETS

activated significantly. (ii) Suspiciously correlated concepts,
such as the visual concepts “grass” and “soccer”, leading
to misclassifications of images of “baseball” as “soccer”.
(iii) Boundary cases, where classes share too many common
visual concepts, like ‘haircut” and “blow dry hair” sharing
visual concepts like ‘haircut” and “shoulders”, making it
challenging to assign high concept scores to discriminative
concepts. It is believed that cross-model explanations can assist
model users in attributing failure cases accurately and imple-
menting suitable strategies to enhance model performance.

VI. EXPERIMENT

The experiments are conducted for the following goals:
(1) to compare the classification performance of using CDV
rather than the text concepts from LLM across multiple
image domains. (2) to compare the interpretation with existing
CBM methods in terms of text and concept scores with both
automatic evaluation and human evaluation. (3) to evaluate the
effectiveness of SAM in visual concept segmentation. (4) to
evaluate the impact of each component via an ablation study
of DCBM. 2

A. Classification Performance Analysis

1) Datasets: (1) Natural images to evaluate general clas-
sification performance, using the well-known image dataset
CIFAR-100 [49]; (2) Semantic images with clear concepts
in their class names, including DTD [50], a texture dataset
containing 47 human-recognizable textures, and UCF101 [51],
a human actions dataset with 101 human actions; (3) Fine-
grained images that require some additional knowledge.
CUB-200-2011 [52] without cropping, a bird dataset contain-
ing 200 different classes of birds, and FGVC-Aircraft [53],
an aircraft dataset containing 100 different classes; (4) Spe-
cialized images from real-world applications with special
camera. EuroSAT [54], a satellite remote sensing image dataset
containing 10 kinds of land use types, HAM10000 [55],
a medical image dataset containing 7 kinds of skin diseases,
Diabetic Retinopathy [56], a dataset containing 5 types of
diabetic retinopathy, and Keratitis [57], a slit-lamp image
dataset containing 4 kinds of infectious keratitis diseases.

2In all tables, bold indicates that the value is the best for the column.

2) Baseline: Four methods are chosen, including black-box
linear probe [58], sparse linear probe [59] for sparse layers
have been demonstrated to be more interpretable [7], Label-
free CBM [7], and LaBo [8]. None of these methods alter
the image encoder parameters. The performance of linear
probe serves as the benchmark for interpretable methods.
For the choice of VLM, all methods employ the same pre-
trained CLIP model with ViT-B/16 and ViT-L/14 as image
backbones. The same train/dev/test split with [8] is setted
and select the best validation performance on dev, reporting
the average classification accuracy of five runs with random
seeds 41-45. The classification results on testsets are shown in
Table I.

3) Compared to Linear Probe: Table I indicates that DCBM
shows comparable performance to the linear probe on most
datasets, including natural images, semantic images, and spe-
cialized images. This suggests CDV has sufficiently utilized
the embedded feature. Moreover, our approach offers the
added benefit of interpretability compared to linear-probe by
the CBM-like classifier.

4) Compared to VLM-Based CBM: DCBM outperforms
two VLM-based CBM methods, LaBo and Label-free CBM,
on most datasets, particularly for natural images. On semantic
images, DCBM improves significantly over both methods on
DTD and on UCF101 compared to Label-free CBM, with only
a marginal difference of 0.31% in average classification accu-
racy compared to LaBo. For specialized images, DCBM shows
a significant improvement over both methods on EuroSAT
and Kera datasets, but performs marginally lower than LaBo
by 0.1% on average in HAM10k dataset. However, on the
DR dataset, DCBM and LaBo perform worse than Label-free
CBM by 1.14%, indicating a potential benefit of utilizing
an external CNN feature extractor. On fine-grained images,
DCBM significantly outperforms LLM-CBMs on CUB, while
trailing LaBo on aircraft, potentially due to non-visual text
from LLMs that could compromise interpretability.

B. Interpretability Comparison With Other CBM Models

1) Quality Comparison: Figure 7 compares the interpreta-
tion of Label-free CBM, LaBo and DCBM. In the explanation
of DCBM, the corresponding text and image explanation
are given for each concept, and the user can check their
consistency to justify if the DCBM really understands the
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Fig. 7. Interpreting the same image (left), different VLM-CBMs gave the correct prediction but output different explanations. Label-free CBM outputs a
non-visual description “the sound of blow dryer”, and the third-ranked text, “leather material”, is not shown in the image. The users may be confused by
the relationship between “haircut” and “leather material” because the model’s understanding of “leather material” may be inconsistent with humans, which
cannot be justified using text only. In LaBo’s explanation, 1005 concepts are used, and the poor sparsity makes it not available in practical applications.

TABLE II
DEFINITION OF EVALUATION METRICS FOR INTERPRETABILITY EVALUATION

text. Then the interpreted score can be validated by checking
whether the concept appears in the given image.

2) Quantitative Comparison: To verify which method’s
interpretation results are more in line with human perception,
an evaluation is conducted via an online questionnaire, where
8 cases are randomly sampled from UCF101 and DTD. The
testers are asked to rank the interpretation from DCBM,
LaBo and Label-free CBM in terms of four metrics for each
case. Participants (n=27) are invited for the diverse geo-
graphic distribution to make our research as representative as
possible.

3) Metrics: (1) Groundability [8] assesses the alignment
between interpreted texts and image content. (2) Factuality [8]
measures the consistency between the interpreted text and
the actual label. (3) Meaningfulness [60] evaluates whether
the concept is comprehensible to humans. (4) Fidelity [61]
determines if the interpretation scores align with the predic-
tions. Participants rank the methods based on each metric,
and we tally the frequency of top rankings for each method,
with N1 representing the number of times a method is ranked
first, and Nn/a indicating instances where a method was not
included in the ranking. The metric calculations are detailed
in Table II, which also includes the average Accuracy on
DTD and UCF101 datasets to assess the balance between
performance and interpretability. We also calculate Sparsity
to automatically evaluate the ratio of the top 5 concept scores
to all concepts, as users may prefer not to review an extensive
list of concepts for each prediction.

4) Result: As shown in Figure 8, our method (CDV)
exhibits significant improvements across six metrics when
compared to LaBo and Label-free CBM. These results indi-
cate that our interpretations are more readily accepted by

Fig. 8. Radar chart of interpretability evaluation with 6 metrics.

humans, with a notable 0.203 increase in Meaningfulness over
the next best method. Additionally, our explanations align
more closely with human understanding, as evidenced by a
Factuality score that is 0.275 higher than that of Label-free
CBM.

In terms of the Sparsity metric, LaBo registers signif-
icantly lower values than the other methods, despite its
Accuracy being on par with our approach. This is attributed
to LaBo’s tendency to assign high weights to an excessive
number of concepts for a single sample, a practice that is
not advisable for real-world applications. Our CDV-DCBM
effectively balances this issue, as CDV captures visual infor-
mation that holds equivalent or greater value than textual
information. This is further supported by the strong evi-
dence provided by our scores of 0.853 in Groundability and
0.783 in Fidelity, indicating that our interpretations are more
readily recognizable and understandable than those of other
methods.
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Fig. 9. Segmentation results of different prompts in visual concept segmentation for SAM [11] in birds classification.

C. Evaluation of SAM for Visual Concept Segmentation

In DCBM, the visual concepts could be visualized with
similarity heat maps. Subsequently, we process the heat
maps to obtain bounding boxes, which are then fed into
the Segmentation Anything Model (SAM) to achieve more
precise segmentation results. In this section, we present
experiments aimed at evaluating the quality enhancement of
the SAM technique and comparing the quality of automati-
cally generated prompts (auto-prompt) with human annotated
prompts.

1) Setup: The experiments are conducted with CUB200
[52]. The dataset provides human annotations of key visual
concepts. For each image, five annotators record key visual
concept locations by clicking on the head, feet, wings, and
other relevant parts, if they are visible in the image. These
human annotated points can serve as prompt for SAM. To eval-
uate the segmentation results, we employ the Intersection over
Union (IoU) as the segmentation metric, which measures the
consistency between segmentation results and ground truth.
Higher IoU values indicate better segmentation alignment with
actual annotations. The mean IoU value of all test sets are
denoted as mIoU.

m I oU =
∑

i
T Pi

T Pi +F Pi +T Ni
, (10)

where T Pi is the number of true positive pixels of the i-th
test sample, F Pi is the number of false positive pixels, and
T Ni is the number of true negative pixels.

2) Baseline: We employ the bounding box and the lowest
value as negative point as auto-prompt for SAM and name it
as “CDV prompt”. To assess the quality enhancement from
SAM in explaining visual concepts, we incorporate the raw
heat maps with a threshold at 0.5, referred to as “thresh-
old@0.5” for coarse semantic localization without using SAM.
To compare the effectiveness of “CDV prompt” and human-
constructed prompts, we use annotators’ points on bird parts
as positive prompt points of SAM. For all methods, images

TABLE III
COMPARING DIFFERENT SEGMENTATION OF VISUAL CONCEPT USING

mIoU ON CUB TESTSETS. WE INVESTIGATE THE DIFFERENCE
ON THE SUBSET OF CORRECT AND INCORRECT PREDICTIONS.

SAM(HUMAN) IS HUMAN ANNOTATED POINTS
OF VISUAL CONCEPTS

are scaled to 224 × 224 resolution. As SAM produce multiple
masks, only the mask with the highest confidence score is
chosen for the evaluation.

3) Results: For quality comparison, Figure 9a shows ran-
domly selected cases to visualize result of different methods,
together with some hard cases shown in Figure 9b. For
quantitative evaluation, Table III presents a comparison of IoU
values across the three methods. According to above results,
we have following observations and discussions:

• CDV’s heat maps can roughly localize the bird’s
position but result in small holes after simply apply-
ing a 50% threshold. Thus, direct utilization of the
thresholded heat map area for visual interpretation is
insufficient.

• As shown in the fourth column of Figure 9a, the back-
ground is erroneously segmented as foreground in these
cases for annotator-provided human prompt. Thus, direct
utilization of positive prompts for SAM’s cannot success-
fully interpret critical visual concept in image.

• The fifth column of Figure 9a presents the mask obtained
by SAM following CDV auto-prompt. This mask exhibits
a high consistency with the ground truth segmentation,
indicating that SAM significantly improves visual seman-
tic segmentation. This discrepancy can be attributed to
CDV’s inclusion of negative prompt points that make
SAM pay less attention on background.
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TABLE IV
ACCURACY ON VALIDATION SET WITH DIFFERENT CONCEPT NUMBERS

TABLE V
ABLATION STUDY OF INITIALIZATION AND ADVERSARIAL TRAINING ON VIT-L-14

4) Failure Cases Analysis: Figure 9b illustrates some
instances of failure in visual localization. These failures
can be attributed to various reasons, such as unclear
foreground-background boundaries (1st row), complex visual
content (3rd row), bias of SAM (2nd and 4th rows), or
misplaced CDV prompts (5th row).

Table III presents a quantitative comparison of segmentation
results across the three methods with mIoU values. On all
test data, the mean IoU obtained using CDV prompts exceeds
that of human prompts by 0.1025, suggesting the superiority
of CDV-generated prompts. Using SAM with “CDV prompt”
surpasses “Threshold@0.5” by 0.1457 in mIoU, highlighting
SAM’s substantial enhancement in the quality of explanations.
As the quality of segmentation is closely related to the quality
of the CDV prompt, we further report the mIoU on the subsets
where DCBM predicts correctly and incorrectly respectively.
Though “CDV prompt” significantly outperform others in cor-
rect predictions (n=4560), it is lower than “Threshold@0.5”
by 0.1151 and than “human prompt” by 0.2349 when
predicting erroneous ones (n=934). This discrepancy under-
scores the correlation between DCBM’s image interpretation
accuracy and classification accuracy. Inaccurate segmentation
often indicates incorrect recognition of visual information
by DCBM. Therefore, inaccurate segmentation results can
help users identify instances where DCBM’s classification is
incorrect.

D. Ablation Study

1) Number of CDVs: To evaluate the performance
of VLM-based CBMs with varying concept numbers,
we assigned [3, 5, 7, 10, 20] concepts to each category.
Table IV presents the accuracy of each model with an equal
concept count. The model’s performance generally improves

Fig. 10. t-SNE visualization of visual embedding, where blue points are
embeddings of birds and green points are bird-related texts. The red points
are the learned CDVs.

with an increased number of concepts. Notably, our method
maintains high performance even with a limited number of
concepts and excels as the count grows, demonstrating its
ability to achieve accurate classification without relying on
an extensive concept inventory.

2) Discriminator and CDV Initialization: The discriminator
ψ in Eq. 7 ensures the visual semantics of the learned concept
vector. Adversarial training effectively minimizes the distance
between distributions, guaranteeing that CDVs capture the true
semantics of the training set. The initialization of CDV (ei )
impacts the model’s performance and interpretability.

Our ablation study in Table V examines the impact of
omitting initialization (DCBM random) and the discriminator
(DCBM w.o ψ) on ViT-L-14 across various datasets. Interest-
ingly, the performance of DCBM w.o ψ and DCBM random
tends to surpass that of the full model, even matching the
uninterpretable linear probe, suggesting a potential benefit
from additional parameters.

Nonetheless, a slight performance reduction of 0.63% is an
acceptable trade-off for enhanced interpretability. As shown
in Figure 10, the full model’s CDVs align with the features
of bird images, whereas the CDVs from DCBM w.o ψ and
DCBM(random) fail to correspond with vision and language,
indicating a lack of the intended visual semantics.
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VII. CONCLUSION

Existing VLM-based CBMs rely on pre-defined text con-
cepts, which are subjective and ignored the influence modality
gap. We address this through training CDVs to replace
pre-defined text embeddings. Our proposed DCBM is able to
achieve better performance than previous VLM-based CBM
in both interpretability and accuracy, which is consistent with
our hypothesis. As the previous methods are single-modal, for
a fair comparison, we evaluate text interpretation and image
interpretation separately. To the best of our knowledge, the
quantitative evaluation of text interpretation does not have
a universally established benchmark at present [62], [63],
we conduct human study with multiple metrics, where more
participants (n=27) were included compared to previous liter-
ature [8] (n=4). Although the current results are significant,
more participants could certainly make the results more robust.
Quantitative evaluation of text concept would be an essential
future work, where a large-scale dataset is required to measure
explainable artificial intelligence [63]. Another limitation is
that our method relies on a multi-modal model that has been
pre-trained with contrastive loss. Though we have addressed
the performance decrease caused by modality gap, it still
posed challenges in accurately mapping visual concepts to
textual interpretation, especially in ambiguous or context-
dependent scenarios. One of the possible reason is the concept
associate bias in the pre-trained model [35]. Future research
can consider the impact of other loss terms, such as additional
image caption task in BLIP2 [33] and explore strategies to
eliminate concept associate bias.

Another contribution of this research is the exploration
of cross-modal interpretation using the proposed notions of
concept, and the utilization of concept-sample distribution
(CSD) to describe the relationship between concepts and
samples. Through our investigations, we have discovered that
CSD can be used to learn the same concept in multiple
modalities by leveraging the contrastive loss. Exploiting this
finding, we have successfully employed a modality inverter to
predict the representation of concepts in the middle layer of the
CLIP visual encoder. Furthermore, we obtain the location of
interpreted visual concepts by constructing automatic prompts
for Segment Anything Model (SAM) [11]. Experimental
results show that the segmentation with automatic prompts is
consistent with the ground-truth, surpassing the performance
of human prompts. This improvement can be attributed to
the ability of the auto-prompts to acquire both positive and
negative annotations easily, while human prompts only have
positive annotations. However, it should be noted that the
parameters of SAM are not modified in this study, leaving
the exploration of scenario-specific SAM variants as future
work. In summary, this paper applies the concept quintuple
notion and CSD theory to explore cross-modal interpretation
by training CDV to mitigate the influence of modality gap
in existing CBM. The proposed DCBM not only enhances
classification performance but also provides rich interpretation
information for various applications. Additionally, we present
a preliminary application of SAM in the field of interpretable
classification, indicating the potential of SAM in improving
the interpretability of models.
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