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Abstract

Continual learning (CL) aims to enable learning systems to
acquire new knowledge constantly without forgetting pre-
viously learned information. CL faces the challenge of
mitigating catastrophic forgetting while maintaining inter-
pretability across tasks. Most existing CL methods fo-
cus primarily on preserving learned knowledge to improve
model performance. However, as new information is in-
troduced, the interpretability of the learning process be-
comes crucial for understanding the evolving decision-
making process, yet it is rarely explored. In this paper,
we introduce a novel framework that integrates language-
guided Concept Bottleneck Models (CBMs) to address both
challenges. Our approach leverages the Concept Bottle-
neck Layer, aligning semantic consistency with CLIP mod-
els to learn human-understandable concepts that can gen-
eralize across tasks. By focusing on interpretable con-
cepts, our method not only enhances the model’s ability to
retain knowledge over time but also provides transparent
decision-making insights. We demonstrate the effectiveness
of our approach by achieving superior performance on sev-
eral datasets, outperforming state-of-the-art methods with
an improvement of up to 3.06% in final average accuracy
on ImageNet-subset. Additionally, we offer concept visual-
izations for model predictions, further advancing the under-
standing of interpretable continual learning. Code is avail-
able at https://github.com/FisherCats/CLG-
CBM .

1. Introduction
In dynamic and ever-changing environments, models

trained on fixed datasets often struggle to adapt to new

tasks or data without losing previously acquired knowl-

edge, facing the challenge known as catastrophic forget-

ting [32]. Continual learning [8, 31, 71] addresses this

limitation by allowing systems to retain and incrementally

build upon past knowledge, resulting in greater flexibility.

This capability is especially critical in real-world applica-

tions like robotics, autonomous systems, and personalized

healthcare, where models must continuously learn from on-

going experiences and data streams to stay effective. Addi-

tionally, continual learning improves the transfer of knowl-

edge across tasks, minimizing the need for frequent retrain-

ing and enhancing computational efficiency. These benefits

make continual learning a promising approach for advanc-

ing intelligent and adaptive AI systems in real-world.

Existing continual learning methods [26, 39, 42, 56, 64]

focus on mitigating the issue of catastrophic forgetting yet

the underlying mechanisms behind this phenomenon re-

main largely unexplained. As these models continuously

update their knowledge, it becomes crucial to understand

what they learn and how they retain previous information

to prevent unintended behavior and enhance human inter-

pretability. Furthermore, understanding the internal mech-

anisms of continual learning models can guide improve-

ments in their design, leading to more robust and effective

systems. Despite the importance of this challenge, few pa-

pers have explored the interpretability of continual learning

models. ICICLE [44] is one such work, which interprets

concept drift in continual learning through a prototypical-

part network and introduces interpretability regularization

to minimize changes in prototype similarities.

Concept Bottleneck Models (CBMs) [22, 54] are a form

of interpretable machine learning model that enhance trans-

parency by organizing the learning process around human-

understandable concepts. Rather than directly mapping
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inputs to predictions, CBMs incorporate an intermediate

‘bottleneck’ layer composed of high-level, explicitly de-

fined concepts that are meaningful to humans. Some recent

research [36, 47, 58, 61] integrates language-guided ap-

proaches with CBMs to further align the model’s decision-

making process with human cognition, particularly for tasks

involving abstract or semantic knowledge. Leveraging the

inherent interpretability and structured knowledge represen-

tation of CBMs, this paper investigates their potential appli-

cation to continual learning, with the goal of enhancing both

interpretability and adaptability while ensuring the retention

of previously acquired knowledge.

With the rapid advancements in large-scale multimodal

models, we can harness their robust zero-shot encoding

capabilities to establish a strong foundation for extract-

ing high-quality features. In this paper, we integrate the

pre-trained CLIP [38] model to obtain bottleneck concepts

within a continual learning framework. Specifically, we

utilize pre-trained language models (e.g., ChatGPT [5]) to

generate human-understandable concepts for each category.

These concepts are subsequently encoded into concept em-

beddings through the CLIP text encoder, after which the

most informative and expressive concepts are selected to

form a task-specific bottleneck. We construct the Con-

cept Bottleneck Layer (CBL) by aligning the concept score

matrix with CLIP concept activiation matrix, enhancing

model’s interpretability. Furthermore, we leverage seman-

tic knowledge to augment prototypes, effectively mitigate

catastrophic forgetting. Finally, our approach achieves su-

perior performance on seven benchmark datasets, consis-

tently maintaining interpretability throughout the process.

Our main contributions can be summarized as follows:

• We introduce a novel framework that leverages language-

guided Concept Bottleneck Models to enhance both inter-

pretability and the ability to mitigate catastrophic forget-

ting in continual learning.

• We construct the Concept Bottleneck Layer by aligning

semantic consistency with CLIP models, enabling the

learning of human-understandable concepts across tasks.

• Our method outperforms state-of-the-art methods on the

several datasets. Additionally, we provide concept visual-

izations for model predictions to enhance the understand-

ing of interpretable continual learning.

2. Related Work

2.1. Continual Learning

There are three main types of existing continual learning

methods. Regularization-based methods [2, 10, 14, 17, 21,

26, 29, 51, 66–68, 72] typically alleviate catastrophic for-

getting either by constraining the model’s outputs through

knowledge distillation or by penalizing changes to critical

parameters based on their assessed importance. Rehearsal-

based methods [6, 16, 28, 41, 42, 60] involve replaying data

from previous tasks by storing a subset of past data or by

generating synthetic data, to prevent forgetting. The re-

played data can be used at training stage with the current

task data, maintaining the model’s performance on previ-

ous tasks. Architecture-based methods [30, 59, 63] adapt

the model’s structure dynamically as new tasks are intro-

duced, such as activating different part of model parameters

for different tasks, using modular designs to compartmen-

talize learning and minimize interference between tasks.

Methods based on pre-trained models (PTMs) have made

significant progress recently by leveraging robust features

extracted from large-scale PTMs. Among these meth-

ods, approaches [13, 27, 49, 55, 56] based on Parameter-
Efficient Tuning typically construct and train a set of PEF

modules, improving performance while reducing computa-

tional costs. Representation-based methods [52, 69, 70], on

the other hand, usually utilize the robust features of PTMs

to construct classifiers.

The methods discussed above effectively alleviate the

problem of catastrophic forgetting, a central challenge in

continual learning. However, the decision-making process

of those methods is still a black box and not transpar-

ent, and the rationality for model predictions shifts over

time due to catastrophic forgetting, making it difficult to

improve interpretability in continual learning. To address

this issue, ICICLE [44] has explored interpretable continual

learning methods by introducing a prototypical parts-based

approach, they further proposed interpretability regulariza-

tion and proximity-based prototype initialization, regular-

izing model to activate similar prototypical parts learned

previously to mitigate Interpretability Concept Drift (ICD).

Although ICICLE provides interpretability, it substantially

limits the plasticity of the model, highlighting the need for

methods that are both interpretable and effective.

2.2. Interpretable Deep Learning

There are two types of interpretable models that have been

well-developed in the domain of deep learning explana-

tions: post-hoc models and self-explainable models. Post-

hoc models aim to elucidate the reasoning process of black-

box methods, using techniques such as saliency maps [45,

46], concept activation vectors [18, 22, 62], counterfactual

examples [1, 15, 33] and prototype similarity [7, 11, 43],

etc. While self-explainable models [3, 19, 34] aim to make

the model intrinsically interpretable by faithfully represent-

ing the entire classification behavior, they are often more

complex than post-hoc models.

Among these interpretable models, Concept Bottleneck

Models [22, 48, 58, 61, 65] provide explanations of the

model’s decision-making process in a straightforward man-

ner. CBMs are designed to be interpretable, incorporating

an intermediate Concept Bottleneck Layer (CBL), where
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each neuron represents a high-level, expressive concepts.

Image features are projected into Concept Space to acquire

concept score vectors, which are utilized to make final clas-

sification. Recent research [36, 58, 61] has integrated tex-

tual knowledge with CBMs, addressing the challenges of

obtaining class concepts and annotations by querying LLMs

(e.g. chatGPT) and utilizing VLM (e.g. CLIP) to encode

images and concepts. The similarity between the image and

the concepts is calculated to determine the probability of

each concept’s presence in the image, producing a similar-

ity vector that serves for interpretation and classification,

making the decision making process more transparent.

3. Preliminary

3.1. Class-Incremental Learning
We focus on class incremental learning (CIL) in this paper,

where the learning process unfolds across multiple tasks.

For CIL scenario with n tasks, let Xt denote the input space,

and Yt represent the set of labels or classes observed by

the model at task t. The data associated with task t can

be denoted as Dt = {(xi, yi)}Nt
i=1, where xi ∈ Xt and

yi ∈ Yt. At each task t, the model is introduced to a new

set of classes Yt, which it learns to recognize these new

classes while retaining knowledge of previously encoun-

tered classes.

The sequence of tasks is denoted as T = {1, 2, . . . , n}.

In CIL, classes included in separate tasks are non-

overlapping, where Yi ∩ Yj = ∅ (∀ i �= j). The entire

class space after task t is represented as: Y1:t = Y1 ∪ Y2 ∪
· · · ∪ Yt. During training for task t, the model has access

only to the current task’s dataset Dt, but it needs to predict

labels from the cumulative set of classes Y1:t.

3.2. Concept Bottleneck Models
Compared to conventional deep learning architectures,

Concept Bottleneck Models (CBMs) [22, 54] introduce a

Concept Bottleneck Layer (CBL) positioned between fea-

ture extractor and classifier. Concept Bottleneck Layer

comprises neurons that represent human-understandable

concepts. These neurons convert image features into con-

cept scores, which quantify the degree of alignment be-

tween the image and predefined concepts. The classi-

fier then leverages these concept scores to make predic-

tions, thereby enhancing the interpretability of the decision-

making process. Language-Guided CBMs [36, 47, 58, 61]

extend this framework by integrating natural language pro-

cessing (NLP) with concept-based modeling to further en-

hance interpretability and performance. A notable exam-

ple is the CLIP-based CBMs [58, 61], which employs the

pre-trained CLIP model as its backbone. For instance,

CLIP-based CBM method [58] initially gathers relevant

concepts by querying ChatGPT, followed by a concept se-

lection module which is developed to identify the most in-

formative and discriminative concepts. Specifically, a sim-

ple Multi-Layer Perceptron is trained in [58] to capture the

semantic knowledge embedded in images, guided by both

Cross-Entropy loss and Mahalanobis loss. The acquired se-

mantic knowledge is subsequently utilized for concept se-

lection, constructing a concept pool C to facilitate model

interpretability. The text features of C serves as the CBL in

CLIP-based CBMs, and the size of CBL is determined by

the quantity of selected concepts for all seen tasks.

The CLIP concept activation matrix is computed as the

dot product between the image features fI(X ) and text fea-

tures fT (C) as follows, enabling the model to align visual

inputs with their corresponding semantic concepts:

Eclip = fI(X ) · fT (C)� (1)

The final predication ŷ can be calculated as follows:

ŷ = argmax σ(Eclip ·W�
l ), (2)

where Wl refers to the weight of classifier, σ refers to sig-

moid function.

4. Method
4.1. Overview Framework
We introduce Language-Guided Concept Bottleneck Mod-

els as an efficient framework for achieving interpretable

continual learning. CBMs are designed to learn human-

understandable intermediate representations, known as con-

cepts, which serve as the basis for predictions and enhance

transparency. However, while CBMs improve interpretabil-

ity, applying them directly in a continual learning setting

can still lead to catastrophic forgetting. To mitigate this, we

propose a semantic-guided prototype augmentation module
to generate pseudo-features for old classes by leveraging

semantic similarity with new data. Additionally, we in-

troduce a concept alignment module during the learning of

the Concept Bottleneck Layer (CBL) to enhance neuron in-

terpretability. This alignment enforces neurons to activate

in response to target concepts, resulting in clearer concept

representation while simultaneously improving predictive

accuracy. Together, these modules aim to preserve past

knowledge and improve both interpretability and perfor-

mance in continual learning scenarios.

As shown in Figure 1, we use the frozen CLIP image en-

coder fI and text encoder fT to extract image and concept

features. When a new task arrives, we generate key con-

cepts for each class using ChatGPT, selecting the most ex-

pressive and informative concepts Ct to form a task-specific

“concept bottleneck” using a learning-to-search algorithm,

as proposed in [58]. We save the bottlenecks that learned at

each task for continual interpretability. We then construct
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Figure 1. The framework of our method for task t. The concept alignment module aligns the concept score matrix with the CLIP concept

activation matrix. The semantic-guided prototype augmentation module leverages semantic knowledge to identify the most semantically

similar class within Yt, generating pseudo-features for previously learned classes to mitigate catastrophic forgetting.

the Concept Bottleneck Layer (CBL) to represent the rela-

tionships between learned classes and concepts, using both

the current features and generated pseudo features of old

classes. Inspired by [36], the concept score matrix output by

the CBL is aligned with the CLIP concept activation matrix

via a similarity loss Lsim. Finally, the classifier maps these

concept scores to predicted classes using cross-entropy loss

Lce and a sparsity loss Lsparse, inspired by [57], to encourage

learning of key features and interpretable classifier.

4.2. Model Training

Concept Bottleneck Layer Construction. We construct

the Concept Bottleneck Layer (CBL) using the bottlenecks

collected across tasks to explain our model’s behavior while

enhancing its performance. The bottlenecks from tasks

T1:t are represented as Bt = [z1, z2, . . . , zk] ∈ R
|C1:t|×D,

k = |C1:t|, where D refers to the dimension of feature

embedding. We save all previously learned bottlenecks,

creating a cumulative concept space that preserves essen-

tial semantic knowledge to mitigate catastrophic forgetting.

These bottlenecks also improve generalization to new tasks

by leveraging a broader set of interpretable features accu-

mulated across tasks. We use the frozen CLIP image en-

coder fI to extract image features fI(Xt) and project these

into the CBL to produce concept scores E, capturing the

model’s understanding of relationships between images and

concepts, as formulated below:

E = fI(Xt) ·W�
C , E ∈ R

Nt×|C1:t| (3)

where WC represents the weight matrix of CBL, which con-

sists of a single linear layer. Finally, the classifier g maps

E to the class space, yielding the predicted labels ŷ for the

images.

Since the concepts are acquired incrementally under CIL

scenario, both the CBL and the classifier need to expand to

accommodate the learning of new concepts and categories,

ensuring that they accurately map the embeddings while re-

taining the learned knowledge from the previous task.

Concept Alignment. To guide the CBL toward human-

understandable bottlenecks and enhance interpretability, we

align the learned concept scores with CLIP concept activa-

tion scores. This alignment maintains semantic consistency

across tasks and improves robustness by anchoring learn-

ing to stable, meaningful concepts. By using CLIP, we can

easily acquire the CLIP concept activation matrix Eclip by

equation (1). We train CBL to align with the CLIP concept

score matrix Eclip, transferring the general knowledge to

the output E of CBL by a similarity loss Lsim, defined as:

Lsim =− 1

|C1:t|

|C1:t|∑

i=1

cos(Êi, Êi
clip)

=− 1

|C1:t|

|C1:t|∑

i=1

Êi · Êi
clip

||Êi||2 · ||Êi
clip||2

(4)

Here, Ê = E3 and Êclip = E3
clip to further sharp the con-

cept scores distribution following [36].

The classifier in CBM connects the concept space and
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the class space, can be understood as the contribution of

concepts to distinguish categories. To encourage more in-

terpretable classifier and transparent decision-making pro-

cess, we regularize the final layer of our model using elastic-

net penalty proposed by [57] as shown below:

Lsparse = φ||Wl||1 +
1

2
(1− φ)||Wl||F (5)

where Wl is the weight of final layer, φ is a trade-off param-

eter, we set φ to 0.99 for our method.

Semantic-guided Prototype Augmentation. Prototype

augmentation or compensation is commonly employed in

class-incremental learning (CIL) to retain previously ac-

quired knowledge, as prototypes from earlier tasks may be-

come inaccurate over time due to feature drift. Research

in [37, 64, 72] demonstrates that feature drift within fea-

ture extractor can be estimated using data from the current

task, resulting in significant performance gains. Building

on this insight, we propose leveraging semantic knowledge

to augment prototypes, thereby mitigating catastrophic for-

getting and align concepts across all categories. Specif-

ically, we propose a semantic-guided prototype augmen-

tation strategy to generate pseudo-features for previously

learned classes. We assume that classes with similar se-

mantic information exhibit similar embedding distributions.

Therefore, we first identify the category most similar to a

previous class j ∈ Y1:t−1 by calculating similarity scores

between the embedding of the old class name and the pro-

totypes of newly learned classes as follows:

h = argmax
i∈Yt

(cos(fT (y
j), pi)) (6)

where yj refers to the class name of class j, pi refers to the

prototype of class i.
Then we compute the discrepancy between the image

features V h of class h in the current task t and the proto-

type of class h. We add this discrepancy to the prototype of

class j to obtain the generated pseudo features Ṽ j , where j
is the class most semantically similar to h. The generated

pseudo features Ṽ j of previous class j can formulates as

follows:

Ṽ j = pj+V h − ph (7)

After augmenting prototypes, we train our model on the

current task data Dt along with the generated pseudo fea-

tures guiding the learning process with cross-entropy loss

as follows:

ŷ = Vt ·W�
C ·W�

l (8)

where Vt represents the feature set which involves the im-

age features of classes in Yt and augmented prototypes of

classes in Y1:t−1. Overall, the final loss function can be

described as:

L =Lce(ŷ, y) + λLsim + σLsparse (9)

where y ∈ Y1:t, λ and σ are trade-off weights for Lsim and

Lsparse respectively.

5. Experiments
5.1. Experiments Setup
Evaluation Benchmarks. We evaluated our method on

three coarse-grained datasets: CIFAR-100 [24], Tiny-

ImageNet [25], ImageNet-subset [9]. The first two datasets

contain 100 classes each, while the latter contains 200

classes. In addition, we performed comprehensive eval-

uations on four fine-grained datasets: CUB-200 [53],

Flower [35], Food-101 [4], Stanford-cars [23]. There are

200 classes in CUB-200, 101 classes in Food-101, 102

classes in Flower, 196 classes in Stanford-cars.

We adopt the exemplar-free class incremental learning

setting, where no exemplars are retained for previously

learned classes. The dataset is split according to the for-

mat “B-m Inc-n”, where m denotes the number of classes

included in the initial task, and n represents the number of

classes included in each incremental task. For each dataset,

we perform experiments using two different splitting strate-

gies: (1) large m with small n, and (2) m = n. All experi-

ments we conducted are based on same random seed 1993

for fair comparison.

Implementation Details. We developed our method and

reproduced other method with Pilot [50]. All experiments

were conducted on an NVIDIA RTX 3090. Unless other-

wise specified, we ran all experiments using CLIP ViT-B/16

as the backbone for all methods. CLIP RN-50 was used as

backbone when comparing to ICICLE, which is designed

for CNN-based model. We train our model using the Adam

optimizer [20] with a batch size of 64, a learning rate of

0.001, and a total of 60 training epochs. We set the trade-off

weight of similarity loss λ to 1 and that of sparsity loss σ to

0.001. The prompts we used to query ChatGPT and exam-

ples of generated concepts are provided in Supp. Mat. 8.1.

More implementation details can be found in Supp. Mat.

8.2, including the implementation of the concept selection

module and the pseudo code of the algorithm.

Evaluation Metric. Following the evaluation protocol of

previous works [56, 69, 70], we report the average incre-

mental accuracy, denoted as Ā = 1
n

∑n
1 At, where At rep-

resents the mean accuracy on all learned categories after

learning task t, n denotes the number of tasks. Addition-

ally, we also use Alast to represent the average accuracy of

all categories after learning the last task n.

5.2. Comparison with State-of-the-Art Methods
Evaluation on Coarse-grained Datasets. In Table 1, we

report the average incremental accuracy Ā and the final av-

erage accuracy Alast of our method compared with state-

of-the-art methods on three datasets: CIFAR-100, Tiny-
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Table 1. Performance comparison on three coarse-grained datasets, the best performance is shown in bold, the second-best performance is

underlined. All methods are implemented without using exemplars. We replace the backbones of all methods to CLIP ViT-B/16.

Methods
CIFAR-100 Tiny-ImageNet ImageNet-subset

B-10 Inc-10 B-50 Inc-5 B-10 Inc-10 B-100 Inc-10 B-10 Inc-10 B-50 Inc-5

Ā Alast Ā Alast Ā Alast Ā Alast Ā Alast Ā Alast

L2P[56] 76.56 65.75 61.85 44.19 69.66 60.36 62.29 55.13 71.28 52.24 65.89 49.08

DualPrompt[55] 81.41 70.34 64.05 43.86 74.06 66.08 65.35 56.15 72.86 54.20 64.64 49.48

CODA-Prompt[49] 82.13 72.34 65.49 49.72 75.18 66.65 61.47 48.31 71.17 52.98 64.64 41.40

CPP[27] 75.73 67.50 69.57 66.26 68.70 61.23 66.61 63.48 83.45 75.80 79.74 73.78

LAE[13] 82.65 72.60 67.35 50.96 76.81 68.98 63.38 49.52 78.29 62.94 64.25 47.90

Continual-CLIP[52] 75.15 66.68 70.79 66.68 63.63 55.91 58.68 55.91 84.98 75.40 81.35 75.40

SLCA[69] 83.13 72.01 80.07 71.24 68.99 54.50 60.34 48.53 83.19 69.44 80.81 73.78

EASE[70] 85.07 77.31 76.72 70.50 79.88 72.99 70.42 64.12 84.80 70.82 63.74 56.48

Ours 84.49 ± 0.26 76.82 ± 0.50 79.07 ± 0.34 75.91 ± 0.50 79.28 ± 0.86 71.98 ± 0.25 75.64 ± 0.17 71.97 ± 0.09 86.83 ± 1.32 78.97 ± 0.39 81.85 ± 0.76 78.21 ± 0.29

Table 2. Average incremental accuracy comparison on four fine-grained datasets, the best performance is shown in bold, the second-best is

underlined. All methods are implemented without using exemplars. We replace the backbones of all methods to CLIP ViT-B/16.

Methods CUB-200 Flower Stanford-cars Food-101
B-10 Inc-10 B-100 Inc-10 B-10 Inc-10 B-50 Inc-5 B-14 Inc-14 B-100 Inc-10 B-10 Inc-10 B-50 Inc-5

L2P[56] 62.08 59.38 84.37 76.70 64.42 61.82 79.48 69.72

DualPrompt[55] 64.95 61.85 89.64 79.16 76.94 68.46 86.27 69.66

CODA-Prompt[49] 67.22 59.82 88.57 77.70 76.44 60.80 87.76 67.22

CPP[27] 83.60 75.03 94.95 93.30 84.75 77.49 90.21 86.60

LAE[13] 66.45 59.98 86.79 77.55 77.25 80.28 88.41 66.26

Continual-CLIP[52] 69.41 60.35 78.72 74.06 86.43 69.79 92.04 89.96

SLCA[69] 80.53 76.85 92.77 82.14 84.74 70.59 74.49 76.28

EASE[70] 83.87 66.14 94.86 77.05 86.22 64.32 91.74 81.72

Ours 85.40 ± 0.61 82.20 ± 0.65 95.58 ± 0.20 94.53 ± 0.20 88.60 ± 0.55 85.07 ± 0.82 92.25 ± 0.32 90.97 ± 0.42

ImageNet, ImageNet-subset. As shown, our approach

demonstrates either the best or second-best performance

across all settings and datasets. On ImageNet-subset, we

achieve at least a 1.79% improvement on Ā and 3.06% on

Alast compared to existing methods. Our results on CIFAR-

100 and Tiny-ImageNet are comparable to those methods

that prioritize performance improvement without consid-

ering interpretability. In contrast, our method achieves a

balanced approach, enhancing both performance and inter-

pretability.

Evaluation on Fine-grained Datasets. We also con-

duct experiments on four fine-grained datasets: CUB-200,

Flowers, Stanford Cars, and Food-101. As shown in Ta-

ble 2, it is clear that our method achieves superior re-

sults across various data splits and datasets, particularly on

CUB-200 and Stanford Cars, where the gains reach 4.43%

and 4.69%, respectively. This suggests that our language-

guided CBM-based approach provides significant benefits

for fine-grained dataset classification in a continual learn-

ing setting.

Comparison with Interpretable Methods. We further

compared our proposed method with ICICLE[44], a re-

cently proposed interpretability-driven continual learning

method. The original ICICLE utilizes a ResNet pre-trained

on ImageNet as its backbone. To ensure a fair comparison,

we replace the backbone in both ICICLE and our method

with the pre-trained CLIP RN50. As shown in Table 3, we

Table 3. Average incremental accuracy comparison with ICICLE,

the best performance is shown in bold. We replace the backbone

of our method and ICICLE to pre-trained CLIP RN50.

Methods CUB-200 Stanford-cars
B-50 Inc-50 B-20 Inc-20 B-49 Inc-49 B-14 Inc-14

ICICLE [44] 39.31 20.85 49.58 24.22

Ours 66.21 69.72 73.91 75.26

can observe that our method significantly outperforms ICI-

CLE on both benchmark datasets and demonstrates greater

stability to various data split.

Moreover, our method requires fewer trainable param-

eters than ICICLE, which necessitates training the en-

tire model. Additionally, our method offers greater flex-

ibility, as it is architecture-agnostic. Unlike ICICLE, a

prototypical-part-based approach constrained to CNN ar-

chitectures, our method can utilize either a Vision Trans-

former [12] or ResNet as the backbone.

Additional experimental results are provided in Supp.

Mat.8.3, including dynamic performance curves under dif-

ferent settings, results obtained using various versions

of description generation models, comparisons with joint

training, and ablation studies on different modules.

5.3. Further Analysis

Performance-Parameter Comparison. Figure 2 demon-

strates the Performance-Parameter comparison between our
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Figure 2. Performance-Parameter comparison of our method and

benchmark methods on ImageNet-subset B-10 Inc-10.

method and other state-of-the-art methods after training on

ImageNet-subset B-10 Inc-10. Methods with fewer train-

able parameters and higher accuracy are considered supe-

rior. From Figure 2 we can observe that all the compared

methods, our method achieves best performance with rel-

atively less trainable parameters. Since our model is de-

signed to select concepts from a concept pool, approxi-

mately half of its trainable parameters are allocated to learn-

ing to identify expressive and informative concepts. The

parameter requirement could be further reduced by using

pre-defined concepts instead of training concept selection

for each task. We also provide the computational overhead

of the concept selection module in Supp. Mat. 8.4.

Effect of Concept Quantity. Table 4 manifests the effect of

different concept quantities to the performance. We report

Ā of our method with 10,20,50 and 100 concepts per task

on CUB-200 B-10 Inc-10 and ImageNet-subset B-10 Inc-

10. We observe that performance improves as the number

of concepts learned increases. On CUB-200 dataset, perfor-

mance shows a dramatic improvement with more concepts

per task, eventually plateauing. For ImageNet-subset, the

results remain relatively stable as the number of concepts

increases. Based on these observations, we choose to adapt

100 concepts per task across all datasets, striking a balance

between concept diversity and computational efficiency.

5.4. Understanding Model Interpretability
Interpretable Model Prediction. Inspired by [36, 40, 58],

We analyze the decision-making process of our method by

highlighting the contribution of each concept to the final

classification result. Given an input image x of class k, we

Table 4. The effect of the number of concepts on the performance

of the method.

Concepts per task CUB-200 ImageNet-subset
B-10 Inc-10 B-10 Inc-10

10 79.32 86.25

20 83.70 86.80

50 85.70 87.24

100 86.07 87.40

denote the contribution of concept ci to class k as Coni,k,

which is computed as follows:

Coni,k = fI(x) · (W i
C)

� ·W k,i
l (10)

Here, W i
C denotes the i-th row of the weight matrix of the

CBL, and W k,i
l represents the connection weight between

class k and concept i in the final layer. The value of Coni,k

can be either positive or negative, indicating positive or neg-

ative relevance to class k, respectively. A higher absolute

value of Coni,k signifies greater importance of the concept

for that class.

As illustrated in Figure 3, we present the top-7 most rel-

evant concepts for an axolotl image from ImageNet-subset

and a sayornis image from CUB-200 after the entire training

process. Concepts are listed in descending order of absolute

contribution, with concepts labeled as “NOT” indicating a

negative association to the image. We can see that the con-

cept “speckled with brown and white” contributes most to

the class axolotl as shown in Figure 3a, and “perches qui-

etly on a thin, gnarled branch” is highly activated to class

sayornis in Figure 3b, the decision-making process is il-

lustrated through human-interpretable concepts, providing

insights into the model’s reasoning. Furthermore, lower rel-

evant concepts have minimal impact, as demonstrated by

the cumulative negative contribution of 993 other features

in Figure 3a, indicating a weak association with axolotl. Al-

though the cumulative contribution of 1993 additional fea-

tures in Figure 3b exceeds that of the top-7 concepts, the

contribution of each individual feature within the 1993 con-

cepts is marginal. Notably, negative concepts also play a

role in enhancing model performance and confidence, re-

flecting their significance in the interpretability framework.

More examples of interpretable model predictions are pro-

vided in Supp. Mat. 8.5.

Concepts Change Across Tasks. As illustrated in Fig-

ure 4, we present the variation in concept relevance for the

class gazania on the Flower B-25 Inc-25, category gazania
is learned at first task. Concepts are ordered from highest

to lowest based on their contribution values. Our method

demonstrates robust interpretability, as concepts with high

contribution scores in the initial task maintain relatively

high contributions even after the completion of the final

task. Additionally, the negative concepts also show in-
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(a) Contribution visualization on ImageNet-subset

(b) Contribution visualization on CUB-200

Figure 3. (a) Contribution visualization of axolotl after training on ImageNet-subset B-10 Inc-10. (b) Contribution visualization of sayornis
after training on CUB-200 B-10 B-10.

vibrant petals, typically in shades of red, orange, or yellow
simple, symmetrical arrangement with a bright golden-
orange center

Against the green backdrop of its leaves, it stands out with a
striking contrast

fits comfortably within the palm of an adult hand

vibrant yellow at the heart stands out against the otherwise
subtle, pastel tones of the remainder

NOT vibrant, deep-red petals

NOT color ranges from a pale pink to a vibrant red

vibrant petals, typically in shades of red, orange, or yellow

simple, symmetrical arrangement with a bright golden-
orange center

NOT palette that can include shades of pink, purple, red, or
white

fits comfortably within the palm of an adult hand

NOT displaying a gradient of pink to deep red hues

NOT vibrant, deep-red petals

NOT branching stems create a wispy, airy texture that
contributes

First Task Last Task

· · ·

gazania
(Task 1)

Figure 4. Top-7 concepts change of gazania after training the first and all the tasks on Flower B-25 Inc-25.

creased contribution compared to the initial task, thereby

alleviating forgetting of previous knowledge. It indicates

that our framework help alleviate catastrophic forgetting by

focusing on stable concepts that are shared across tasks, de-

coupling task-specific information, and promoting the re-

tention of useful knowledge over time.

6. Conclusion

In this paper, we introduce a novel framework based on

Language-Guided Concept Bottleneck Models for inter-

pretable continual learning. Our approach enhances in-

terpretability by aligning the concept score matrix gener-

ated by the concept bottleneck layer to the CLIP activa-

tion score matrix, while also learning a sparse linear classi-

fier. Additionally, we propose a semantic-guided prototype

augmentation to generate pseudo features for the previous

tasks. Extensive experiments validate the effectiveness of

our method, which maintains interpretability throughout the

continual learning process.

Limitation and Future Work. Our approach builds upon

Concept Bottleneck Models, making the model’s inter-

pretability inherently dependent on the quality of the se-

lected concepts. We have observed that the concepts gener-

ated by LLMs sometimes include non-visual descriptions,

despite the use of appearance-related prompts. Future work

will focus on improving concept selection quality and en-

hancing training efficiency.
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Parisot, Xu Jia, Aleš Leonardis, Gregory Slabaugh, and

Tinne Tuytelaars. A continual learning survey: Defying for-

getting in classification tasks. IEEE transactions on pattern
analysis and machine intelligence, 44(7):3366–3385, 2021.

1

[9] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li,

and Li Fei-Fei. Imagenet: A large-scale hierarchical image

database. In 2009 IEEE conference on computer vision and
pattern recognition, pages 248–255. Ieee, 2009. 5

[10] Prithviraj Dhar, Rajat Vikram Singh, Kuan-Chuan Peng,

Ziyan Wu, and Rama Chellappa. Learning without mem-

orizing. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 5138–5146,

2019. 2

[11] Jon Donnelly, Alina Jade Barnett, and Chaofan Chen. De-

formable protopnet: An interpretable image classifier using

deformable prototypes. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,

pages 10265–10275, 2022. 2

[12] Alexey Dosovitskiy. An image is worth 16x16 words:

Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020. 6

[13] Qiankun Gao, Chen Zhao, Yifan Sun, Teng Xi, Gang Zhang,

Bernard Ghanem, and Jian Zhang. A unified continual learn-

ing framework with general parameter-efficient tuning. In

Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 11483–11493, 2023. 2, 6

[14] Alex Gomez-Villa, Bartlomiej Twardowski, Lu Yu, An-

drew D. Bagdanov, and Joost van de Weijer. Continually

learning self-supervised representations with projected func-

tional regularization. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR)
Workshops, pages 3867–3877, 2022. 2

[15] Yash Goyal, Ziyan Wu, Jan Ernst, Dhruv Batra, Devi Parikh,

and Stefan Lee. Counterfactual visual explanations. In In-
ternational Conference on Machine Learning, pages 2376–

2384. PMLR, 2019. 2

[16] Saihui Hou, Xinyu Pan, Chen Change Loy, Zilei Wang, and

Dahua Lin. Learning a unified classifier incrementally via

rebalancing. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 831–839,

2019. 2

[17] Linlan Huang, Xusheng Cao, Haori Lu, and Xialei Liu.

Class-incremental learning with clip: Adaptive representa-

tion adjustment and parameter fusion. In European Confer-
ence on Computer Vision, pages 214–231. Springer, 2024.

2

[18] Been Kim, Martin Wattenberg, Justin Gilmer, Carrie Cai,

James Wexler, Fernanda Viegas, et al. Interpretability be-

yond feature attribution: Quantitative testing with concept

activation vectors (tcav). In International conference on ma-
chine learning, pages 2668–2677. PMLR, 2018. 2

[19] Sangwon Kim, Jaeyeal Nam, and Byoung Chul Ko. Vit-net:

Interpretable vision transformers with neural tree decoder. In

International conference on machine learning, pages 11162–

11172. PMLR, 2022. 2

[20] Diederik P Kingma. Adam: A method for stochastic opti-

mization. arXiv preprint arXiv:1412.6980, 2014. 5

[21] James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel

Veness, Guillaume Desjardins, Andrei A Rusu, Kieran

Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-

Barwinska, et al. Overcoming catastrophic forgetting in neu-

ral networks. Proceedings of the national academy of sci-
ences, 114(13):3521–3526, 2017. 2

[22] Pang Wei Koh, Thao Nguyen, Yew Siang Tang, Stephen

Mussmann, Emma Pierson, Been Kim, and Percy Liang.

Concept bottleneck models. In International conference on
machine learning, pages 5338–5348. PMLR, 2020. 1, 2, 3

[23] Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei.

3d object representations for fine-grained categorization. In

Proceedings of the IEEE international conference on com-
puter vision workshops, pages 554–561, 2013. 5

[24] Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple

layers of features from tiny images. 2009. 5

14984



[25] Ya Le and Xuan Yang. Tiny imagenet visual recognition

challenge. CS 231N, 7(7):3, 2015. 5

[26] Zhizhong Li and Derek Hoiem. Learning without forgetting.

IEEE transactions on pattern analysis and machine intelli-
gence, 40(12):2935–2947, 2017. 1, 2

[27] Zhuowei Li, Long Zhao, Zizhao Zhang, Han Zhang, Di Liu,

Ting Liu, and Dimitris N Metaxas. Steering prototypes with

prompt-tuning for rehearsal-free continual learning. In Pro-
ceedings of the IEEE/CVF Winter Conference on Applica-
tions of Computer Vision, pages 2523–2533, 2024. 2, 6

[28] RuiQi Liu, Boyu Diao, Libo Huang, Zijia An, Zhulin An,

and Yongjun Xu. Continual learning in the frequency do-

main. In Advances in Neural Information Processing Sys-
tems, pages 85389–85411, 2024. 2

[29] Xialei Liu, Jiang-Tian Zhai, Andrew D. Bagdanov, Ke Li,

and Ming-Ming Cheng. Task-adaptive saliency guidance for

exemplar-free class incremental learning. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 23954–23963, 2024. 2

[30] Arun Mallya and Svetlana Lazebnik. Packnet: Adding mul-

tiple tasks to a single network by iterative pruning. In Pro-
ceedings of the IEEE conference on Computer Vision and
Pattern Recognition, pages 7765–7773, 2018. 2

[31] Marc Masana, Xialei Liu, Bartłomiej Twardowski, Mikel

Menta, Andrew D Bagdanov, and Joost Van De Weijer.

Class-incremental learning: survey and performance evalu-

ation on image classification. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 45(5):5513–5533, 2022.

1

[32] Michael McCloskey and Neal J Cohen. Catastrophic inter-

ference in connectionist networks: The sequential learning

problem. In Psychology of learning and motivation, pages

109–165. Elsevier, 1989. 1

[33] Ramaravind K Mothilal, Amit Sharma, and Chenhao Tan.

Explaining machine learning classifiers through diverse

counterfactual explanations. In Proceedings of the 2020 con-
ference on fairness, accountability, and transparency, pages

607–617, 2020. 2

[34] Meike Nauta, Ron Van Bree, and Christin Seifert. Neural

prototype trees for interpretable fine-grained image recogni-

tion. In Proceedings of the IEEE/CVF conference on com-
puter vision and pattern recognition, pages 14933–14943,

2021. 2

[35] Maria-Elena Nilsback and Andrew Zisserman. Automated

flower classification over a large number of classes. In 2008
Sixth Indian conference on computer vision, graphics & im-
age processing, pages 722–729. IEEE, 2008. 5

[36] Tuomas Oikarinen, Subhro Das, Lam Nguyen, and Lily

Weng. Label-free concept bottleneck models. In Interna-
tional Conference on Learning Representations, 2023. 2, 3,

4, 7, 1
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