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Abstract

Deep learning has achieved remarkable success in image
recognition, yet their inherent opacity poses challenges for
deployment in critical domains. Concept-based interpreta-
tions aim to address this by explaining model reasoning
through human-understandable concepts. However, existing
post-hoc methods and ante-hoc concept bottleneck models
(CBMs), suffer from limitations such as unreliable concept
relevance, non-visual or labor-intensive concept definitions,
and model/data-agnostic assumptions. This paper introduces
Post-hoc Concept Bottleneck Model via Representation
Decomposition (PCBM-ReD), a novel pipeline that retrofits
interpretability onto pretrained opaque models. PCBM-ReD
automatically extracts visual concepts from a pre-trained en-
coder, employs multimodal large language models (MLLMs)
to label and filter concepts based on visual identifiabil-
ity and task relevance, and selects an independent subset
via reconstruction-guided optimization. Leveraging CLIP’s
visual-text alignment, it decomposes image representations
into linear combination of concept embeddings to fit into the
CBMs abstraction. Extensive experiments across 11 image
classification tasks show PCBM-ReD achieves state-of-the-
art accuracy, narrows the performance gap with end-to-end
models, and exhibits better interpretability.

Code — https://github.com/peterant330/PCBM_ReD

1 Introduction

Deep learning has made significant strides in various image
recognition tasks. However, the complexity of these mod-
els, which is often necessary to achieve high accuracy, leads
to an opaque behavior. This limits the broader application
in critical fields such as medical imaging analysis (Gong
et al. 2025b) and autonomous driving (Omeiza et al. 2021).
Concept-based interpretation is a subfield of explainable ar-
tificial intelligence that aims to use human understandable
concepts to explain the model behaviors. Concept-based
methods usually represent the semantic features learned by
the network with concept labels, so that human can under-
stand which features are responsible for the final predictions.

Concept-based methods can be divided into post-hoc
methods and ante-hoc approaches (Fig. 1). Post-hoc meth-
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Figure 1: PCBM-ReD extracts concepts from the pre-trained
image encoder and reconstruct the visual representation with
the concepts, which gives faithful interpretation and can take
the best advantage of the encoder’s representation power.

ods associate latent space representations to human-
understandable concepts, either supervised with user-
defined concepts (Bau et al. 2017; Fong and Vedaldi 2018)
or by unsupervised pattern recognition (Ge et al. 2021;
Vielhaben, Bluecher, and Strodthoff 2023). However, these
methods face some major limitations. Firstly, there is no
guarantee that the extracted concepts faithfully reflect the
reasoning process of the network. Additionally, there may be
no intuitive and human-understandable causal relationship
between the extracted concepts and targets, making it diffi-
cult for users to understand the mechanism of the network.
Moreover, automated concepts mining process can generate
a great number of concepts with low semantic value, which
are difficult to be labeled by humans (Kim et al. 2018).

Concept Bottleneck Models (CBMs) (Koh et al. 2020) are
ante-hoc approaches that integrate concept associations into
neural networks through modifications in model design or
training. They predict a set of interpretable concepts and
use a linear function to generate final predictions based on
these concepts. This structure allows users to trace the links
between concepts and class labels, facilitating error correc-
tion. CBMs rely on user-defined concepts, which can be ei-
ther manually crafted by experts (Koh et al. 2020; Yun et al.



2022) or generated by large language models (LLMs) (Yang
et al. 2023; Oikarinen et al. 2023). However, the current
CBMs exhibit several weaknesses: human-crafted concepts
can be labor-intensive and may lack comprehensive cover-
age (Koh et al. 2020), while LLMs-generated concepts of-
ten include non-visual features (e.g., the taste of food or
bird behavior, which are not visually inferred) (Yang et al.
2023). Additionally, these pre-defined concepts are data-
independent and model-agnostic, which can hinder their ef-
fectiveness, especially if a dataset is biased towards certain
subpopulation or if the image encoder cannot capture certain
features (e.g., color or spatial relationships (Kamath, Hes-
sel, and Chang 2023)). Furthermore, current methods do not
guarantee the independence of generated concepts, which is
essential for effective interventions in CBMs. These limita-
tions hinder CBMs from achieving complete feature space
interpretability (Kim et al. 2018).

In this work, we introduce a novel pipeline that
retrofits interpretability onto pretrained opaque foundation
models, called Post-hoc Concept Bottleneck Model via
Representation Decomposition (PCBM-ReD). Given a pre-
trained image encoder, we first apply automatic concept
extraction (Fel et al. 2023) to mine the generalizable fea-
tures encoded within the foundation models. To further en-
sure they are visually-identifiable, human-understandable,
and task-related, we use multimodal large language mod-
els (MLLMs) to label concepts by summarizing descriptions
of top-activated images for each concept and scoring them
based on prior knowledge of the task. We then propose a
reconstruction-guided concept selection algorithm that se-
lects a subset of concepts, whose embedding spans are in-
dependent and completely define the visual representation
space. For image-concept association, we utilize the visual-
text alignment property of CLIP (Radford et al. 2021), which
allows us to decompose the visual representation into a
weighted sum of the concepts’ text embeddings. By elim-
inating residual terms and fitting a linear function to the re-
constructed representation, we can develop a model that ad-
heres to the abstractions of CBMs while preserving the rep-
resentational power of the original opaque visual encoder.

We conduct comprehensive experiments to demonstrate
the efficacy of our proposed method. We evaluate the model
performance on 11 image classification tasks, including
common object recognition, fine-grained types, texture, and
action classification, as well as domain-specific tasks such
as medical diagnosis and satellite image object recognition.
Our main finding is that the model achieves state-of-the-art
classification accuracy, with a reduced gap compared to end-
to-end models, compared to existing CBMs. Furthermore, as
we aim to mimic the behavior of the end-to-end model using
CBM, our approach exhibits similar properties, including
zero-shot and few-shot capabilities. Additionally, we con-
duct human evaluation to demonstrate the improved inter-
pretability of PCBM-ReD. Our main contributions include:

* We propose a data-driven scheme for creating and select-
ing concepts that align with the data distribution and the
image encoder’s representation capabilities.

* We propose constructing CBMs by leveraging CLIP’s
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visual-text alignment to sparsely decompose the visual
representation into concept embeddings.

* We demonstrate that PCBM-ReD achieves SOTA classi-
fication accuracy across various tasks, along with better
interpretability and robust zero/few-shot capabilities.

2 Related Work

Explanations in Computer Vision. Explainable computer
vision primarily falls into two categories: post-hoc explana-
tions and interpretable models by design. Post-hoc explana-
tion methods generate saliency maps to identify which in-
put features influence the decisions of neural networks (Si-
monyan, Vedaldi, and Zisserman 2013; Selvaraju et al. 2017,
Gong, Dou, and Farnia 2024; Gong et al. 2025a). However,
these methods do not guarantee that the explanations faith-
fully reflect the model’s reasoning process (Rudin 2019). In
contrast, interpretable models by design ensure that expla-
nations align with the models’ reasoning (Chen et al. 2019;
Nauta, Van Bree, and Seifert 2021; Ma et al. 2024; Tan,
Zhou, and Chen 2024b). Our work builds upon CBMs (Koh
et al. 2020), a type of interpretable models.

Concept Bottleneck Models. CBMs (Koh et al. 2020;
Zarlenga et al. 2022; Kim et al. 2023; Gong et al. 2025b) pre-
dict outcomes by linearly combining an intermediate layer
of human-understandable attributes. The original CBM re-
lies on handcrafted and manually annotated attributes. Com-
pDL (Yun et al. 2022) replaces manual annotations with
CLIP scores, but still depends on concepts designed by hu-
man. LaBo (Yang et al. 2023) and label-free CBM (Oikari-
nen et al. 2023) further automate concept generation using
LLMs. Early CBMs often underperformed compared to end-
to-end models. To improve it, Post-hoc CBM (Yuksekgonul,
Wang, and Zou 2022) introduces a residual connection from
image features to predictions, while Res-CBM (Shang et al.
2024) approximates this connection by incrementally adding
new concepts. OpenCBM (Tan, Zhou, and Chen 2024a) de-
tects missing concepts from an open vocabulary. Our method
reduces residuals from the beginning by mining concepts
that can well reconstruct the image representations.

CLIP Interpretation. CLIP (Radford et al. 2021) utilizes
contrastive learning on a large dataset of paired text and
images to link images with their textual descriptions. This
approach effectively groups similar concepts together and
shows strong performance in downstream tasks, such as
zero-shot classifications (Saha, Van Horn, and Maji 2024).
Several studies focusing on the interpretation of CLIP have
shown that its homogeneous feature space allows the vi-
sual embeddings to be decomposed into multiple concepts
represented by concepts’ text embeddings (Moayeri et al.
2023; Chen et al. 2023; Gandelsman, Efros, and Steinhardt
2023,2024). This provides the theoretical foundation for our
method, which constructs CBMs by directly decomposing
visual representations into concepts representation, thus bet-
ter preserving predictive power.

3 Method

Consider a training set of image-label pairs D = {(x,y) €
R x YV}, and a bottleneck C' made of N¢ concepts,
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Figure 2: We present an overview of Post-hoc Concept Bottleneck Model via Representation Decomposition (PCBM-ReD).
First, we extract concepts from the learned representation, and use MLLMs to summarize and score the concepts. Second, we
apply a concept selection algorithm to choose concepts and construct the bottleneck. Third, we perform sparse decomposition
and reconstruct the image embedding by concepts. A linear layer is trained to predict the targets with the fitted embedding.

C = {c1,c2,- -+ ,en. }. CBM make prediction by com-
posing two functions, § = f(g(x)), where g : R% — RN¢
maps x to a score for each element of the bottleneck, and
f : RNe — ) makes the final prediction on the label space
given the concept scores. Fig. 2 presents an overview.

3.1 Data-driven Concept Discovery

Most existing methods for constructing bottlenecks rely on
either handcrafted concepts (Koh et al. 2020) or concepts
generated by LLMs (Yang et al. 2023). However, these
concept creation processes are typically independent of the
training data or the image encoder, which can result in sub-
optimal concepts that fail to capture variations in specific
data distributions or are challenging for the visual encoder
to distinguish. To overcome these limitations, we propose
an approach that automatically extracts concepts from a pre-
trained image encoder. We leverage the pre-trained multi-
modal alignment model, CLIP (Radford et al. 2021), which
consists of an image encoder Z and a text encoder 7. The
image encoder transforms an image x; into a representation
I, = Z(x;) € R% If the encoder effectively captures struc-
tured patterns, its latent space should be disentangled into
subspaces representing distinct concepts (Bau et al. 2017;
Oikarinen and Weng 2022). To do so, we apply sparse au-
toencoder (SAE) (Bricken et al. 2023), which enables us
to represent the visual embedding I; with the concept bank
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atoms u; € RF, such that I, ~ Vu,. The SAE represents
u; by a neural network ¢ (i.e., u; = ¥(I;)) and enforces
sparsity on u; (Fel et al. 2023), known to effectively address
the challenge of polysemanticity (Bricken et al. 2023). Other
dictionary learning paradigms are also applicable.

Ideally, each column of V represents a concept and
the corresponding value of u; reflects the significance of
the concept in I;. To transform the concepts into human-
understandable form, we propose a MLLM-based pipeline
for labeling and scoring the concepts. We sample a reason-
able number of images from the training data as probing im-
ages, and obtain their corresponding u;. Then for each con-
cept, we select the top K images with largest concept scores.
We then prompt the MLLMs with chain-of-thought to sum-
marize the concept. As shown in Fig. 2, for each image, we
prompt MLLMs to describe the visual features that can help
identify the category of the image. After collecting image
descriptions for the top K images, we ask LLMs to sum-
marize these descriptions and generate candidate concepts
that is useful for a specific classification problem. This pro-
cess results in a large number of candidate concepts, which
may or may not be good concepts for the classification tasks.
We then ask LLMs to score these concepts. We prompt the
LLMs to only assign high scores to concepts that are visu-
ally identifiable, discriminatory, and free of shortcuts (e.g.,
concepts describing the background). We filtered out candi-



Q
o %6\ Q_\Q \Q Q ‘b%' & Q> <Q Q @ %C/
Method & o S 3 P & § N C S ™ S Average
S R A M
Fully-supervised Setting

Linear Probe X 8390 98.10 87.48 93.17 64.03 99.45 84.54 90.67 81.68 83.18 9498  87.38
LaBo v 8397 9775 86.04 9245 6142 99.35 81.90 90.11 77.30 81.39 91.22 85.72
Res-CBM v 8298 97.77 83.01 90.17 54.67 97.85 79.27 88.37 75.77 75.72 91.67 83.39

V2C-CBM v 84.15  98.03 86.41 92.84 60.71 9894 83.12 - 78.49 81.12 92.86 -
PCBM-ReD (ours) v 84.48  98.05 87.27 93.16 62.95 99.39 84.80 90.38 81.44 81.39 93.31 86.97

Zero-shot Classification Setting

CLIP X 7290 9557 7828 9091 31.77 79.46 62.19 7531 57.09 5821 64.87 69.69
PCBM-ReD (ours) v 72.89 9556 7824 9091 32.01 79.58 62.03 75.36 57.09 58.51 64.87 69.73
CuPL X 7345  95.82 78.59 9123 3543 80.80 64.43 76.00 62.65 5791 71.88 71.65
PCBM-ReD + CuPL (ours) v 7343 9580 7859 91.22 3552 80.67 64.62 7591 62.77 58.11 71.88 71.68

Table 1: Test accuracy (%) of PCBM-ReD on 11 image classification benchmarks. We report performance of both fully-
supervised setting and zero-shot setting. For fully-supervised setting, we compare PCBM-ReD with linear probe, LaBo and
Res-CBM. For zero-shot setting, we utilize two strategies, i.e., vanilla CLIP and CuPL. CLIP ViT-L/14 is used as the backbone.

dates with low scores, leaving only high-quality concepts.

3.2 Reconstruction-guided Concept Selection

The LLM-based scoring ensures that the resulting con-
cepts are both human-understandable and relevant to spe-
cific tasks. However, the use of a limited sample size for
summarizing these concepts can result in noisy outputs with
low coverage of the overall dataset. Moreover, the candidate
pool may include overlapping or repetitive concepts. To ad-
dress these issues, it is crucial to select a subset of impor-
tant and independent concepts that can still comprehensively
cover the entire representation space.

We take a set of NV probing images sampled from the
training data, with Iy, --- , I denoting their image embed-
dings in the joint text-image space. Given a collection of
concepts C, we can reconstruct the image representations
by linear combination of the text representations of the con-
cepts within the concept set (denoted as R(C) € RMcxd),
We further define the reconstruction error to be the Frobe-
nius norm of the difference between the original and the re-
constructed image embedding. Our goal is to identify the
optimal subset that minimize the reconstruction error:

N
min »  min |[I; - R(C)"B:(C)|| %, (1
¢ =B
where (3;(C) is the coefficients of linear combination for re-
constructing I;. While the subset selection is a discrete op-
timization problem without close-form solution, we propose
a greedy algorithm that select concepts step-wisely. Addi-
tionally, although the inner optimization of coefficients j3;
has analytical solution, we need to solve the optimization
problem for each concept within the set C, which can be
computational-intensive when the size of C is large. We pro-
pose an algorithm for efficient computation, as illustrated in
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Alg. 1. Detailed explanation of the algorithm can be found in
Appendix. The algorithm can incrementally select new con-
cepts, minimizing reconstruction error to the greatest extent,
while ensuring that the newly added concepts are linearly in-
dependent from the existing ones. The algorithm stops when
the selected concepts reach a pre-defined value, or when all
new concepts are linearly dependent on the existing con-
cepts. It is important to note that, unlike the selection algo-
rithms presented in previous work (Chen et al. 2019; Yang
et al. 2023), this selection scheme is entirely unsupervised,
making it suitable for zero/few-shot applications.

3.3 Post-hoc Class-concept Association

Concept Scores Assignment. Multimodal learning enables
the alignment of representations from different modalities
into a joint space. Several studies (Gandelsman, Efros, and
Steinhardt 2023, 2024) have demonstrated that the image
embeddings of CLIP can be represented as a weighted sum
of text representations. Therefore, rather than relying on
manual annotations or text-image similarity scores to gen-
erate concept score supervision, we propose to directly de-
compose the image representation into concept-related di-
rections within the joint representation space. To ensure high
interpretability, we aim for this decomposition to be sparse,
utilizing only a few key concepts to explain the image rep-
resentation. Mathematically, we express this as:

L=1+¢= Zw}cj + €, )
j=1

where c; is the embedding of concept c; and ¢; is residue.

We apply a sparse coding algorithm (e.g., orthogonal match-

ing pursuit (Pati, Rezaiifar, and Krishnaprasad 1993)) to ap-

proximate I; as the sum above, where only n of the w; are

non-zero, for some n < m.



Algorithm 1: Concepts Selection Algorithm

Input: Image embedding for N images stacked as rows in a ma-
trix X € RY*4, a pool of M concepts {c;}},, their cor-
responding text representations {7 (c;)}£,, selected con-
cepts size m, identity matrix E

Output: A set of selected candidates C

Initialization: C < ¢, Co + {c;}}L,

_ T(c)T(c)T) H2
T@TT ) ||

c* < arg maxcec, HX (E
C«+CuU {C*},Co +— Co \ {C*}
foriin[2,...,m] do
P « R(C)(R(C)"R(C))'R(C)"
for ¢ in Cy do
2+ T()T(E-P)T(c)
if z = 0 then
| Co+ Co—{c}
else
L Q«—T()T ()" /2
Lic)+PQP-QP-PQ+P+Q

if Co = ¢ then
L break

¢® + argmincec, || X (E — L(c)) H%
| C+CU{c"},Co < Co\{c"}

Label Predictor. After decompose each image embedding
I, into the sum of concept embedding, we discard the residue
and retain only the fitted representation I,. We then fit a lin-
ear layer to predict the class label from the fitted representa-
tion, expressed as j; = arg max (WTT; + b). This function
can be reformulated as §j; = arg max (Z;”:l wiWTe; +
b). As a result, it satisfies the CBM abstraction, with the
coefficients [w?, -+ ,w! ]| representing the concept scores,
and W7 cy, -+, c,,] serving as the class-concept weight
matrix. Unlike traditional CBMs that train a sparse class-
concept weight matrix to improve the model interpretability,
our method enforces sparsity on the concept score side by
applying sparse decomposition to the visual representation.
Weight Matrix Initialization. Since I; is an approximation
of I, it shares similar properties with I;. One advantage of
I, is its zero-shot capability, stemming from the alignment
of image and text representations. Ideally, I, would exhibit
similar zero-shot ability. To better leverage this zero-shot
prior, we propose to initialize W with the text embeddings
of the prompt “This is a photo of [cls]”.

4 Experiments
4.1 Dataset and Baselines

Following the benchmark proposed by (Yang et al. 2023),
we use 11 image classification datasets spanning a di-
verse set of domains, including (1) Common objects:
ImageNet (Deng et al. 2009), CIFAR-10 and CIFAR-
100 (Krizhevsky, Hinton et al. 2009); (2) Fine-grained ob-
jects: Food-101 (Bossard, Guillaumin, and Van Gool 2014),
FGVC-Aircraft (Maji et al. 2013), Flower-102 (Nilsback
and Zisserman 2008), CUB-200-2011 (Wah et al. 2011); (3)
Actions: UCF-101 (Soomro 2012); (4) Textures: DTD (Cim-
poi et al. 2014); (5) Skin tumors: HAM10000 (Tschandl,
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s S & o
Method Q@ ng' Y% 03 Average
& & &
Linear Probe X 8880 70.10 72.14 77.01
Original CBM v - - 6513 -
CompDL v - - 5419 -
PCBM v 8450 5600 63.63 68.04
Label-frre CBM v/ 8640 65.13 6240 71.31
CDM vV 8650 67.60 7226 75.45
DN-CBM vV 8760 6750 6838 74.49
VLG-CBM v 8863 6648 6603 73.71
PCBM-ReD (ours) v/ 88.61 70.03 72.01 7688

Table 2: Test accuracy (%) comparison between PCBM-
ReD and baselines for fully-supervised setting. We use CLIP
RNS50 as the backbone for all methods.
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Figure 3: Few-shot test accuracy (%) comparison. Average
test accuracy on 11 datasets is reported. Shot means the
number of labeled images for each class.

Rosendahl, and Kittler 2018), and (6) Satellite images: RE-
SISC45 (Cheng, Han, and Lu 2017). We use the same
train/dev/test splits as (Yang et al. 2023) for all datasets.
For all experiments, we train on the training set and re-
port the test accuracy. We compare our model, PCBM-
ReD, with end-to-end linear probing, as implemented from
CLIP (Radford et al. 2021), as well as several CBMs, includ-
ing original CBM (Koh et al. 2020), PCBM (Yuksekgonul,
Wang, and Zou 2022), CompDL (Yun et al. 2022), label-free
CBM (Oikarinen et al. 2023), LaBo (Yang et al. 2023), Res-
CBM (Shang et al. 2024), CDM (Panousis, Ienco, and Mar-
cos 2023), DN-CBM (Rao et al. 2024), V2C-CBM (He et al.
2025), and VLG-CBM (Srivastava, Yan, and Weng 2024).

4.2 Implementation Details

We use Llama-3.2-11B-Vision-Instruct to generate image
descriptions and use DeepSeek-V3 to summarize and score
the concepts. We use CLIP models from OpenCLIP (Cherti
et al. 2023) with ViT-L/14 as the default backbone. To train
the linear head, we use Adam optimizer with the batch size
of 64 and the learning rate of 5x 10~°. All experiments were
conducted on NVIDIA GeForce RTX 4090 GPUs. More de-
tails are provided in the Appendix.
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Figure 4: Several example explanations generated by PCBM-ReD. The examples are sampled from the test set of 41 datasets,
which have correct predictions. We also show their corresponding top concepts that contribute the most to the logits.
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Figure 5: Human evaluation. Volunteers rate the explanation
on a scale of 1 to 5 (5 = very agree). S1: The explanations
are visually identifiable features. S2: The explanations faith-
fully describe the image. S3: There is a causal relationship
between the explanation and the prediction.

4.3 Main Results

Comparison with End-to-end Model. Table 1 presents the
test accuracy of both PCBM-ReD and the linear probe. Our
findings indicate that the performance difference between
PCBM-ReD and the linear probe is minimal, with an aver-
age test accuracy that is just 0.41% lower, despite improved
interpretability. Notably, for several datasets, PCBM-ReD
even outperforms the end-to-end model. In general, the per-
formance of PCBM-ReD is affected by the concepts, which
in turn depend on the quality of the description. For datasets
like HAM, general MLLMs may struggle to accurately de-
scribe the skin tumors using specific terminology. Domain-
specific MLLMs may further improve the performance.
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Comparison with other CBMs. We also compare PCBM-
ReD’s performance with other CBMs in Table 1 and 2.
PCBM-ReD outperforms other language-guided CBMs
such as LaBo and label-free CBM. It shows an average test
accuracy that is 1.25% higher than LaBo and 5.57% higher
than label-free CBM. It also achieves greater accuracy than
CompDL and the original CBM, even though it does not de-
pend on manually constructed concepts and annotations.

4.4 Performance on Low-data Regime

Zero-shot Ability. Since the weighted sum of concept em-
beddings approximates the original image embeddings, it
retains zero-shot capabilities similar to the original em-
beddings, something existing CBMs typically lack. In Ta-
ble 1, we present zero-shot accuracy using two strategies:
the vanilla approach from CLIP and CuPL (Pratt et al. 2023).
For comparison, we include the performance of the origi-
nal CLIP representation. The results show that our method
achieves strong zero-shot performance, with average accu-
racy comparable to CLIP, while being interpretable.
Few-shot Performance. We also evaluate the few-shot per-
formance of PCBM-ReD across various datasets. We follow
the few-shot evaluation protocol proposed by CLIP with 1,
2, 4, 8, and 16 images randomly sampled from the train-
ing set for each class. In Fig. 3, we present the average
test accuracy, alongside the accuracy of LaBo for compar-
ison. The full results can be found in Appendix. The results
show PCBM-ReD consistently outperform LaBo. On aver-
age, PCBM-ReD surpasses LaBo by 5.01%. This shows the
potential application of our methods in few-shot learning.
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Figure 6: Ablation studies. (a) Test accuracy with different creation schemes of the concepts and the size of the bottleneck.
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4.5 Interpretation Evaluation

Qualitative Analysis. To evaluate PCBM-ReD’s inter-
pretability, we present examples illustrating its reasoning
process. In Fig. 4, we visualize test set images alongside
the top three concepts that most significantly contribute to
the correct class’s logit. The results show that PCBM-ReD
effectively identifies key concepts in the images, which reli-
ably predict corresponding labels. Furthermore, the concepts
adapt to different data distributions. For general tasks like
ImageNet classification, broad concepts (e.g., color, class)
suffice to differentiate categories. In contrast, fine-grained
classification requires more specific details (e.g., object
parts). Additionally, the concepts are derived directly from
visual features, which further enhances the interpretability.
Human Evaluation. We conduct a user study to evalu-
ate the quality of the extracted concepts and generated ex-
planations. Images from five datasets (Imagenet, Food-101,
UCF-101, CUB-200-2011, and Flower-102) are randomly
selected, and users are shown the image, prediction, and top
concepts as explanations. Users rate the explanations on a
scale of 1 to 5 based on: 1) whether the concepts are visually
identifiable, 2) whether the concepts faithfully describe the
image, and 3) whether the explanations have a clear causal
link to class labels. Details of the study design are in the
Appendix. For comparison, we evaluate explanations using
concepts generated by prompting LL.Ms to describe the class
based solely on prior knowledge without training image ac-
cess (Yang et al. 2023), and PCBM-ReD without LLM-
based concept rating. Results from 39 volunteers (Fig. 5)
show that PCBM-ReD, which extracts concepts from image
descriptions, produces mostly visually identifiable concepts.
The concept rating step removes non-causal concepts, en-
abling the full PCBM-ReD to outperform all baselines.

4.6 Analytical Studies

We perform several ablation studies and report the average
accuracy across CIFAR10, CIFAR100, and CUB.

Bottleneck Size. We investigate how the model’s perfor-
mance changes with bottleneck size. As shown in Fig. 6 (a),
test accuracy improves with more concepts in the bottleneck,
nearly saturating at 300. Notably, even a small bottleneck of
50 achieves reasonable accuracy. Additionally, the required
bottleneck size is independent of the number of label classes.
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Fewer concepts also enhance interpretability.

Concept Creation Schemes. We compare our concept cre-
ation scheme with: (1) LLM-generated concepts (Yang et al.
2023) and (2) "Core” WordNet concepts (Boyd-Graber et al.
2006), using the same preprocessing and selection algo-
rithms as PCBM-ReD. Results in Fig. 6 (a) show that our
data-driven scheme outperforms both alternatives. Addition-
ally, it avoids non-visual concepts, as confirmed by human
evaluation, while also providing a performance boost.
Concept Selection Methods. We evaluate the effectiveness
of the reconstruction-guided concept selection algorithm by
comparing it with two baselines: random sampling and k-
means clustering. As shown in Fig. 6 (b), our method consis-
tently outperforms both baselines, with a noticeable perfor-
mance gap at smaller bottlenecks. By selecting concepts that
minimize reconstruction error, the reconstruction-guided ap-
proach ensures higher final accuracy.

Concept Score Association. We compare the sparsity
decomposition-based concept score association and to base-
line that uses CLIP similarity scores as concept scores. As
shown in Fig. 6 (c), representation decomposition achieves
significantly higher accuracy. By reconstructing visual rep-
resentations with concepts, it ensures performance compa-
rable to the original model, achieving higher accuracy.
Sources of the Concepts. Finally, we examine the impact
of concept sources by using concepts extracted from differ-
ent image encoders to construct CBMs. Results in Fig. 6 (d)
show a performance decline when the backbones are mis-
matched, highlighting the importance of aligning concepts
with the representational capabilities of the image encoder.

5 Limitations and Conclusion

In this paper, we propose PCBM-ReD, a novel CBM
that generates concepts through post-hoc decomposition
of visual representations. It achieves high accuracy, zero-
shot/few-shot capabilities, and built-in interpretability. How-
ever, the approach has some limitations. First, the concept
generation relies on MLLMs and LLMs, which can be sub-
optimal for domain-specific images that general MLLMs
cannot describe precisely. Second, as a post-hoc method,
the model’s performance depends on the original image en-
coder. We will further improve the model by designing better
prompts or leveraging more advanced MLLMs.
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