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 A B S T R A C T

Context: Software programs evolve constantly in practice, leading to domain shifts that cannot be fitted in 
the traditional offline manner. Recently, a few Continual Learning (CL) studies on code intelligence emerged, 
which learn a sequence of datasets one by one. We criticize existing rehearsal-based CL methods heavily rely 
on retraining historical samples, bringing about an extra training burden and the risk of data disclosure.
Objective: To overcome the above limitations, in this paper, we leverage the superiority of prompts in eliciting 
pre-trained knowledge to realize a rehearsal-free method.
Methods: We first explore the performance of vanilla prompt tuning in the CL scenario, finding that inheriting 
the previous Pre-trained Language Model (PLM) parameters is appropriate and prompt stability should be 
emphasized. Therefore, we propose an effective method named Prompt Tuning with Domain-wise Distillation 
(PTDD), which can distill prompts and optimize PLMs with a two-sided learning objective, thus improving 
PLMs’ performance in diverse domains.
Results: We conduct experiments on three widely-studied code intelligence tasks, including Code Summariza-
tion, Code Vulnerability Detection, and Code Clone Detection. We evaluate PTDD in comparison with a series 
of baselines. Experimental results indicate the effectiveness of PTDD. For instance, PTDD surpasses fine-tuning 
by 2.55%, 11.12%, and 2.25% in the three tasks, respectively. Moreover, we interpret the effectiveness of PTDD 
by prompt visualization, and discuss its performance in the low-resource scenario, where the improvement of 
PTDD becomes stark with fewer training samples and can reach up to 69.09%.
Conclusion: To the best of our knowledge, our work conducts the first experimental study to explore the 
performance of prompt tuning within the CL setting in the code intelligence field. The research findings indicate 
the effectiveness of PTDD and contribute to a deeper understanding of the capability of prompts.
. Introduction

Recent years have seen a tendency to leverage Pre-trained Language 
odels (PLMs), such as CodeBERT [1] and CodeT5 [2], for various 
ownstream code intelligence tasks, including code summarization [3,
], code vulnerability detection [5,6], and code clone detection [7,8]. 
ypically, these works mostly follow a prevalent paradigm named 
re-training and fine-tuning, which first optimizes language models 
n large-scale code corpora to obtain general knowledge, and then 
dapts models to acquire task-specific knowledge. Benefiting from the 
owerful representation capability of PLMs, they can obtain superior 
erformance.
However, previous works primarily focus on an offline setting, 

uning a PLM on a pre-collected dataset. The PLM is an expert in 
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the domain of the pre-collected dataset, but performs worse if domain 
shifting. The domain shift [9], also known as the distributional shift, 
occurs regularly in the practical application of deep learning models 
and describes the variation between different datasets. In the field 
of code intelligence, domain shifts are more common as programs 
evolve constantly. New repositories and new APIs are created over 
time [10,11]. If ignoring the dynamic nature of software codebases, the 
practicability of code intelligence models can be affected. Therefore, 
it is significant to explore the performance of PLMs in a Continual 
Learning (CL) setting, where models are trained on a sequence of 
datasets one by one and are expected to perform well on all introduced 
domains. As shown in Fig.  1, in the training process, PLMs are adapted 
to a new domain once inputting a new dataset. The model finally 
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Fig. 1. An illustration of the continual learning scenario. X marks indicate the domain 
ID that test samples derive from is unknown when testing.

tuned will be evaluated with data samples from all previously learned 
domains, but which domain a data sample belongs to is not known 
at test time. This setting is also called domain-incremental continual 
learning [12]. As far as we know, only a few works are dedicated to 
the CL scenario in the field of code intelligence.

Continual learning was first proposed in the field of machine learn-
ing, and some representative methods have emerged. They can mainly 
fall into three categories, namely regularization-based [13,14], rehearsa
based [15,16], and representation-based methods [17,18]. The major 
challenge in the CL scenario is the catastrophic forgetting problem [19], 
which indicates models’ performance on previous domains can be af-
fected when feeding datasets of new domains. To mitigate the problem, 
in the code intelligence field, Gao et al. [20] resort to storing and 
retraining some carefully selected previous data, as well as adding 
an adaptive parameter regularization module. Their method can be 
seen as a combination of the regularization-based and rehearsal-based 
approaches. Similarly, Weyssow et al. [21] evaluate the two approaches 
on API-related tasks. Although it is intuitive to retrain models with 
previous data and new data to alleviate forgetting, we criticize that 
previous data samples are not always available because of storage or 
privacy constraints [22]. Consider a scenario in which several research 
and development teams share one continual-learned PLM to assist 
programming, and this PLM needs to evolve based on different teams’ 
development requests. However, in modern software companies, it 
is prevalent that historical coding samples from different teams are 
not allowed to be shared. In this case, the above rehearsal-based ap-
proach is impracticable. Besides, additional computational and storage 
resources are needed in the approach. Therefore, to avoid the risk of 
data disclosure and pursue practicality, we focus on a rehearsal-free 
method.

In this paper, we resort to the superiority of prompts in eliciting 
pre-trained knowledge to mitigate the catastrophic forgetting prob-
lem. By adding several tunable tokens, prompt tuning can reduce the 
disparity in the training form between pre-training and downstream 
tasks, thus providing instructions when tuning PLMs [23]. In the CL 
scenario, Yadav et al. [24] propose prompt pools, containing diverse 
prompts for learning domain-specific knowledge. Besides, they also 
introduce an additional prompt selection and combination module to 
construct domain-sharing knowledge. We criticize that prompt pools 
lack the inheritance of previous knowledge and may lead to bias in 
prompt selection given an example of an unknown domain. There-
fore, we expect a method with certain prompts that can instruct both 
domain-specific and domain-sharing knowledge. We first conduct an 
experimental study to explore the performance of vanilla Prompt Tun-
ing (PT) and Parameter-Efficient Prompt Tuning (PEPT) in the CL 
scenario when compared with Fine-Tuning (FT). Experimental results 
show that PT can surpass FT while PEPT performs worse, enlighten-
ing us that it is necessary to tune PLMs when applying PT. Besides, 
although PT outperforms FT, they still cannot balance plasticity and 
stability during continuous domain adaptation.

Based on the above findings, we propose an effective method called 
Prompt Tuning with Domain-wise Distillation (PTDD), which only in-
volves two prompts during training, one for previous domains and one 
2 
for the current domain, and only the current prompt is utilized when 
evaluating. Specifically, considering there are correlations between 
different domains in code intelligence, PTDD first initializes the prompt 
as its previous one and adds a Multi-Layer Perceptron (MLP) to improve 
models’ representation ability [25]. To distill prompts and optimize 
the backbone model, PTDD introduces an additional stability learning 
objective to maintain the learned knowledge in previous domains. 
PTDD can be tuned with all parameters or just the prompt parameters. 
We denote the former as PTDD and the latter as parameter-efficient 
PTDD (PE-PTDD). It is worth noting that the prompt distillation here 
describes a process that limits the variation of previous prompts in 
cross-domain adaptations, getting the current prompt that can furthest 
keep the previous instruction ability and adapt it to the current domain. 
It is a different term from the knowledge distillation that is often used 
in the machine learning field.

We conduct experiments on three widely-used code intelligence 
tasks where domain shifts occur regularly, including code summariza-
tion (CS), code vulnerability detection (CVD), and code clone detection 
(CCD). We evaluate PTDD in comparison with various baselines, and 
PTDD can obtain consistent improvements among all rehearsal-free 
methods. For instance, in the CS task, PTDD averagely outperforms 
FT by 2.55% in terms of the BLEU metric on six datasets. In the 
CVD and CCD tasks, PTDD outperforms FT by 11.12% and 2.25% 
in terms of the F1 score. Even when comparing PE-PTDD with other 
parameter-efficient baselines, our method still shows effectiveness. We 
also conduct an ablation study and parameter analysis to investigate 
the performance of PTDD from different perspectives. Furthermore, we 
visualize the prompts learned by PTDD and PT to give an explanation 
and discuss the capability of PTDD in the low-resource scenario. In the 
CS task, when decreasing the number of training samples to 10 in each 
dataset, the improvement of PTDD can reach up to 69.09% in terms of 
BLEU. The extensive experiments indicate the superiority of our method 
in the CL scenario.

The major contributions of this paper can be summarized as follows:

1. To the best of our knowledge, in the code intelligence field, 
this paper conducts the first experimental study to explore the 
performance of PT in the CL scenario. The results enlighten us 
that it is necessary to tune PLMs when applying PT and prompt 
stability should be emphasized.

2. We propose a rehearsal-free method named PTDD, which can 
distill and preserve previous knowledge by introducing a stability 
learning objective, therefore mitigating catastrophic forgetting of 
previously learned domains.

3. We conduct extensive experiments on three widely-studied code 
intelligence tasks. Experimental results show the effectiveness of 
PTDD. We also interpret our method by prompt visualization and 
discuss its performance in the low-resource scenario.

2. Background

2.1. Continual learning protocols

Generally, in the CL scenario, the language model is presented 
with a sequence of non-overlapping datasets corresponding to vari-
ous distinctive domain knowledge, and the goal is to incrementally 
learn new domain knowledge while not severely forgetting previously 
learned ones [26,27]. Considering in the code intelligence field, we 
denote the sequence of datasets as 𝐷 =

{

𝐷1, 𝐷2,… , 𝐷𝑚
}

, where 𝑚
is the total number of datasets. For the 𝑡th dataset 𝐷𝑡, it contains 
data samples (𝑥𝑡𝑖, 𝑦𝑡𝑖

)𝑁𝑡
𝑖=1, where 𝑥𝑡𝑖 is an input code snippet or natural 

language description, and 𝑦𝑡𝑖 is a corresponding label in classification 
tasks or an output text in generation tasks. 𝑁𝑡 represents the dataset 
size of 𝐷𝑡. We assume that data samples in the same dataset are inde-
pendent and identically distributed, but they have varied distributions 
in different datasets. The learning objective is to learn a probabilistic 
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Fig. 2. Overview of the proposed Prompt Tuning with Domain-wise Distillation (PTDD).
model 𝑝 (𝐷|𝛩) =
∏𝑚

𝑡=1 𝑝
(

𝐷𝑡|𝛩
) and maximize its performance on 𝐷. 

𝛩 is the model’s parameters. Across all datasets, the learning objective 
can be defined as: 

𝛩 = argmax
𝛩

𝑚
∑

𝑡=1

∑

𝑥,𝑦∈𝐷𝑡

log 𝑝𝛩 (𝑦|𝑥) (1)

In this paper, we deal with the domain-incremental continual learn-
ing setting, which learns to solve the same task in different datasets 
but does not know which dataset a data sample belongs to at test 
time [12,28]. Specifically, 𝐷𝑡 can be divided into a training set, a 
validation set, and a test set, denoted as 𝐷𝑡 =

{

𝑇𝑡, 𝑉𝑡, 𝑆𝑡
}

. When it 
is the turn of 𝐷𝑡, the model will be trained and validated on 𝑇𝑡 and 
𝑉𝑡. Consequently, model 𝛩𝑡 is obtained. It is worth noting that some 
existing works [20,27,29] allow the model to access training samples 
from previous datasets, but in this paper, in order not to violate data 
privacy, only 𝑇𝑡 is accessible. At test time, 𝛩𝑡 will be evaluated on all 
learned datasets, namely {𝑆1, 𝑆2,… , 𝑆𝑡

}

.

2.2. Fine-tuning and prompt tuning

Fine-tuning has become the predominant technique for adapting 
PLMs to specific downstream tasks [30,31]. It initializes models with 
the parameters from PLMs, and all parameters 𝛩 are updated to learn 
task-specific knowledge. In many code intelligence tasks, it has shown 
promising results [32–34]. Formally, given a downstream dataset 𝐷′

with input text 𝑥𝑖 and corresponding output 𝑦𝑖, FT updates all param-
eters 𝛩 in a supervised manner as: 
𝛩 = argmax

𝛩

∑

𝑥𝑖 ,𝑦𝑖∈𝐷′
log 𝑝𝛩

(

𝑦𝑖|𝑥𝑖
)

(2)

Prompt tuning [35] is an emerging technique and can be regarded 
as an alternative to fine-tuning. In contrast to FT, it introduces a 
series of virtual tokens, or soft prompts, to modify the input text. 
This makes PLMs obtain additional task-specific instructions, so that 
more pre-trained knowledge can be elicited [36]. In addition, PT can 
mitigate the gap in learning objectives between the pre-training and 
the fine-tuning process [23]. It achieves a similar form of the Masked 
Language Modeling, which is a common pre-training objective. The 
above-mentioned advantages make PT popular in both NLP [37,38] 
and code intelligence [39,40]. Consider a dataset 𝐷′ =

{(

𝑥𝑖, 𝑦𝑖
)}𝑁 ′

𝑖=1, 
and denote the soft prompt as 𝑃 . In prompt tuning, its parameters not 
only include the PLM parameters 𝛩, but also contain the extra prompt 
parameters 𝛩𝑃 . The learning objective is to maximize the log-likelihood 
of 𝑦𝑖 given the input 𝑥𝑖 concatenated with the soft prompt 𝑃 , which can 
be formulated as: 
[𝛩,𝛩𝑃 ] = argmax

𝛩,𝛩𝑃

∑

𝑥𝑖 ,𝑦𝑖∈𝐷′
log 𝑝𝛩,𝛩𝑃

(

𝑦𝑖|[𝑃 ; 𝑥𝑖]
)

(3)

Moreover, to pursue low computational overhead and high effi-
ciency, there is also an approach called parameter-efficient prompt 
tuning (PEPT) [25,41]. It tunes only the extra prompt parameters 
𝛩𝑃  on downstream tasks, but keeps the PLM parameters 𝛩 frozen to 
reduce the computational cost and memory requirements. Although the 
3 
final performance may be impacted due to the small number of tuned 
parameters, PEPT is practical in real-world scenarios, especially when 
training data is scarce [23].

3. Methodology

Fig.  2 shows the overview of the proposed PTDD, which is well-
designed to balance the plasticity and the stability learning objective. 
Receiving a sequence of datasets one by one, PTDD constantly updates 
the model and the prompt to distill previous knowledge, which can 
perform well on the current dataset while not forgetting much previ-
ously learned knowledge. As there is no overlapping between datasets, 
here one dataset represents one domain. For each dataset, PTDD first 
initializes the prompt and embeds it into the prompt space. Then PTDD 
optimizes the model and the prompt to distill learned knowledge and 
integrate new knowledge.

3.1. Prompt embedding

In the training process, consider that PTDD is dealing with the 𝑡th 
dataset 𝐷𝑡, whose prompt is denoted as 𝑃𝑡. Different from previous 
works [17,24] that randomly initialize a prompt pool and calculate the 
relationship between prompts and datasets, PTDD adopts a straight-
forward strategy that assigns one prompt for the current dataset and 
another prompt for all previous datasets. The two prompts alternate 
when fitting on new domains. Considering that the development experi-
ence gained previously significantly contributes to future development 
in practice, knowledge sharing across domains is vitally important [42]. 
To accomplish this, the prompt 𝑃𝑡 is initialized as its previous prompt 
𝑃𝑡−1 to explicitly inherit previously learned knowledge, but 𝑃0 is ran-
domly initialized from the vocabulary. Formally, 𝑃𝑡 ∈ R𝐿𝑃 ×𝐷, where 
𝐿𝑃  is the prompt’s token length and 𝐷 is the embedding dimension.

In addition, as some existing works [43,44] find that directly pass-
ing the prompt embedding to language models may cause training 
instability and hinder model performance, PTDD inputs the embedding 
𝑃𝑡 into a Multi-Layer Perceptron (MLP) and utilizes a residual con-
nection combining 𝑃𝑡 and the MLP’s output. The residual connection 
improves language models’ representation ability and is beneficial to 
optimization. As a result, a new prompt embedding 𝑃 ′

𝑡  is obtained, 
which has the same size as 𝑃𝑡 and can be formulated as: 

𝑃 ′
𝑡 = 𝑀𝐿𝑃

(

𝑃𝑡
)

+ 𝑃𝑡 (4)

3.2. Distilled prompt learning

To distill prompts containing previous knowledge, it is important 
to balance plasticity and stability. Plasticity refers to the adaptability 
to new domains, while stability prevents knowledge of past domains 
from forgetting. When training on dataset 𝐷𝑡, plasticity can be simply 
accommodated by optimizing the model and prompt on the current 
dataset. Specifically, denote the input code snippet as 𝑥 , its target 
𝑡
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Algorithm 1 Prompt Tuning with Domain-wise Distillation
Input: Dataset 𝐷1∶𝑚, pre-trained language model 𝛩0, prompt length 

𝐿𝑃 , factor 𝜆.
Output: Generated text or predicted label. 
1: Initialize 𝛩 ← 𝛩0. 
2: Randomly select 𝐿𝑃  tokens from the vocabulary to initialize 𝑃1. 
3: 𝑃 ′

1 ← 𝑀𝐿𝑃
(

𝑃1
)

+ 𝑃1. 
4: Minimize (5) to update 𝑃 ′

1 and 𝛩. 
5: for 𝑡 = 2,⋯, m do 
6: Embed 𝑃𝑡 ← 𝑃 ′

𝑡−1. 
7: 𝑃 ′

𝑡 ← 𝑀𝐿𝑃
(

𝑃𝑡
)

+ 𝑃𝑡. 
8: Calculate cosine similarity between 𝑃 ′

𝑡  and 𝑃 ′
𝑡−1. 

9: Minimize (7) to update 𝑃 ′
𝑡  and 𝛩.

10: end for
11: Concatenate 𝑃 ′

𝑚 with test data to calculate outputs. 
12: return  Generated text or predicted label.

output as 𝑦𝑡, and 𝑋 = [𝑃𝑡; 𝑥𝑡] is the language model’s input embedding. 
As shown in Fig.  2(c), input embedding 𝑋 is first transformed to 𝑄, 
𝐾, 𝑉  by multiplying learnable projection matrices 𝑊𝑄, 𝑊𝐾 , 𝑊𝑉 , and 
then calculated in different parts including multi-head attention, feed-
forward layer, and layer normalization. The encoder output is further 
sent to a decoder or a classifier according to the task category to 
generate the final output. The optimizing objective can be defined to 
minimize the following loss function: 

1 = 
(

𝑓𝑃𝐿𝑀
([

𝑃 ′
𝑡 ; 𝑥𝑡

])

, 𝑦𝑡
)

(5)

Where  is a loss function, which is the language modeling loss for 
generation tasks and the cross-entropy loss for classification tasks. 
Besides, 𝑓𝑃𝐿𝑀 ∶  →  mainly represents the transformation caused 
by the PLM.

As the findings in Section 5.1, besides plasticity, PTDD also intro-
duces stability into the learning objective. It employs cosine similarity 
to measure the proximity between the currently updated prompt 𝑃 ′

𝑡  and 
the last prompt 𝑃𝑡−1, and expects these two to be similar. In this way, 
𝑃 ′
𝑡  can retain alike semantics to previous knowledge, thus stabilizing 
the prompt’s representation. To achieve the learning objective, an 
additional loss function is defined as: 

2
(

𝑃 ′
𝑡 , 𝑃𝑡−1

)

= 1 −
𝑃 ′
𝑡 ⋅ 𝑃𝑡−1

‖𝑃 ′
𝑡 ‖‖𝑃𝑡−1‖

(6)

Finally, to combine the two objectives together, PTDD uses a fac-
tor 𝜆 as the regularization coefficient to balance their relationship. 
Therefore, the overall loss function is: 

 = 1 + 𝜆 ⋅ 2
(

𝑃 ′
𝑡 , 𝑃𝑡−1

)

(7)

Through backpropagation, PTDD updates the model and the prompt 
while preserving previous knowledge. Without accessing any past data, 
PTDD is fully rehearsal-free. It is worth noting that we realize stability 
from the perspective of prompt, but not like some previous works from 
the perspective of PLM [13]. As the two perspectives are orthogonal, 
they can be integrated to further investigate but beyond the scope 
of this paper. During training, if freezing the PLM parameters 𝛩 and 
keeping only the prompt parameters 𝛩𝑃  trainable, the training stage 
becomes efficient, and we name it as parameter-efficient PTDD (PE-
PTDD). Moreover, in the inference stage, as the dataset from which test 
data comes is unknowable, we directly concatenate the finally learned 
prompt with input code snippets, and discard the MLP module so as 
not to interfere with the prompt representation. The overall approach 
of PTDD is manifested in the Algorithm 1.
4 
4. Experimental setup

4.1. Tasks and datasets

To evaluate the effectiveness of our proposed PTDD, we adopt 
three downstream code intelligence tasks, namely code summariza-
tion, code vulnerability detection, and code clone detection. We uti-
lize the project-level continual learning datasets open-sourced by Gao 
et al. [20]. In this section, we will describe the three downstream tasks 
and their continual learning datasets in detail.

4.1.1. Code summarization (CS)
A high-quality summarization is essential to program comprehen-

sion and maintenance [45]. When given a code snippet, code summa-
rization aims to automatically generate a natural language description 
containing the code’s functionality and purpose. Recent state-of-the-
art approaches commonly resort to sequence-to-sequence deep learning 
models to achieve promising performance [3,4]. CodeSearchNet [46] is 
a widely-used dataset for code summarization, which includes open-
source code spanning six programming languages. To simulate the 
continual learning scenario, on each programming language, Gao et al. 
randomly split the original dataset into five parts according to the 
project name that code snippets derive from. Their division makes 
code snippets in different parts belonging to different projects, ensuring 
project-level continual learning. Datasets for each part are divided into 
training set, validation set, and test set by the ratio of 8:1:1.

4.1.2. Code vulnerability detection (CVD)
Vulnerability detection aims to identify defective codes timely and is 

crucial to software security [47]. Recent deep learning-based methods 
mostly represent it as a binary classification task, to predict whether 
the input code snippet contains vulnerabilities [6]. Fan et al. [48] 
curate a large C/C++ code vulnerability dataset, namely Big-Vul. In 
the same procedure as aforementioned, Gao et al. divide it into five 
parts and split the training set, validation set, and test set, constructing 
its project-level continual learning version, called Big-Vul-PC.

4.1.3. Code clone detection (CCD)
Code clone indicates two code snippets have the same functional 

semantics but with syntactic variations. It makes code error-prone 
and introduces risks on software maintenance and evolution [49]. The 
objective of code clone detection is to determine whether a pair of 
code snippets is functional equivalent, which can also be seen as a 
classification task. POJ [50] is a large-scale dataset for code clone 
detection containing 104 different algorithms, and for each algorithm, 
there are 500 programs written in the C language. Due to the enormous 
data when pairing code snippets, following the previously used strat-
egy [51], after dividing the 104 algorithms into five parts, Gao et al. 
randomly sample 40,000/5000/5000 pairs in each part to construct the 
training set, validation set, and test set. The continual learning dataset 
is represented as POJ-PC.

4.2. Baselines

To show the effectiveness of our proposed PTDD, we compare our 
methods with the following representative baselines. Their detailed 
information is described below. Specifically, in the comparison, we 
choose CodeT5 [2] as the backbone model for code summarization 
and CodeBERT [1] for code vulnerability detection and code clone 
detection. The reason for choosing the two models is based on their 
popularity and representativeness in the three tasks. As pre-trained 
on large-scale code corpora, CodeT5 and CodeBERT learn universal 
representations for programs and have achieved outstanding results. 
They are widely-used baselines in the research on the three tasks, 
and become fundamental models to achieve SOTA results [6,8,52]. 
In the meanwhile, CodeBERT is an encoder-only model and good at 
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Table 1
Evaluation results of code summarization. M and R are short for Meteor and Rouge-L, respectively.
 Methods Ruby Javascript Java Go PHP Python

 BLEU M R BLEU M R BLEU M R BLEU M R BLEU M R BLEU M R  
 EMR 18.92 14.02 31.88 17.03 12.54 28.46 23.39 17.13 40.27 35.19 22.97 51.76 26.56 18.90 41.09 21.59 16.06 37.37 
 PEPT 15.89 12.05 28.53 15.14 11.62 26.95 20.85 15.48 38.16 31.67 20.97 49.11 24.62 17.79 39.88 20.49 15.04 36.55 
 PP-TF 17.06 12.49 29.71 15.65 11.58 27.41 20.14 14.76 37.02 28.65 19.38 46.33 24.28 17.19 39.13 20.22 14.75 35.95 
 FT 18.67 13.44 31.53 16.87 11.75 27.75 22.72 16.34 39.72 32.84 21.19 49.67 26.25 18.57 40.99 21.24 15.32 37.11 
 PT 18.75 13.56 31.69 16.61 12.34 28.66 23.28 16.96 40.33 34.48 22.75 51.22 26.49 18.79 41.39 21.63 15.90 37.63 
 EWC 18.76 13.71 31.77 16.93 12.35 28.91 23.05 16.79 40.08 34.35 22.47 51.20 26.44 18.65 41.16 21.52 15.92 37.54 
 PTDD 18.97 13.81 31.98 16.93 12.31 28.71 23.35 17.03 40.37 34.61 22.84 51.34 26.55 18.80 41.41 21.72 16.04 37.71 
 PE-PTDD 17.63 12.65 30.60 16.18 11.77 28.02 21.16 15.47 38.40 31.91 21.16 49.31 24.70 17.81 39.93 20.70 15.18 36.71 
 Ablation 18.93 13.72 31.88 16.89 12.35 28.79 23.26 16.94 40.31 34.48 22.75 51.27 26.53 18.82 41.40 21.67 16.02 37.64 
classification tasks like code vulnerability detection and code clone 
detection, and CodeT5 builds on an encoder–decoder framework so that 
it excels at generation tasks like code summarization.

• Fine-Tuning [30]: FT directly updates all parameters of language 
models to downstream tasks. In the continual learning scenario, 
the tuned model in the previous dataset is used as the model’s 
initialization in the next dataset.

• Prompt Tuning [35]: For continual learning, PT and PEPT both 
add extra prompts, but the former tunes all parameters and the 
latter only updates prompts. Following previous works [17,24], 
the initialization of prompts is randomly generated.

• EWC [13]: As the abbreviation of elastic weight consolidation, 
EWC slows down learning on certain weights to mitigate catas-
trophic forgetting. The selected parameters are important for 
previous tasks and are constrained to stay close to their old 
values.

• EMR [15]: EMR is short for episodic memory replay, a represen-
tative rehearsal-based method. It randomly retrains data samples 
from the previous datasets to ensure the learned knowledge will 
not be forgotten.

• PP-TF [24]: PP-TF, namely prompt pooling with teacher forcing, 
is a parameter-efficient continual learning approach for genera-
tion tasks. It enforces constraints on the prompt selection to make 
training stable.

It is worth noting that we choose EMR as the representative of 
rehearsal-based methods but not REPEAT [20]. This is because, con-
sidering the advantages that rehearsal-based methods have, namely 
reutilizing previous data samples, there is no need to compare PTDD 
with the SOTA rehearsal-based method, i.e., REPEAT. As REPEAT is 
based on EMR and adds two extra components, including representative 
exemplars replay and adaptive parameter regularization, we choose the 
more fundamental baseline EMR in this paper to demonstrate the effect 
of the rehearsal-based methods.

4.3. Evaluation metrics

For code summarization, we use three metrics for evaluation, i.e. 
BLEU [53], Meteor [54], and Rouge-L [55]. BLEU compares n-grams of 
the generated text with n-grams of the ground truth text, counting the 
number of matches. We set n as 4 in this paper (i.e. BLEU-4). Meteor 
focuses on the unigrams, and takes into account the precision, recall, 
and fluency of the generated text. Rouge-L calculates the F-score based 
on the Longest Common Subsequence (LCS) of the generated text and 
the ground truth text. For code vulnerability detection and code clone 
detection, we adopt F1, Precision (P), and Recall (R), which are widely 
used in previous works [33,34].

Specifically, in the CL scenario, a sequence of models needs to 
be evaluated on all previously learned datasets. To better assess the 
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method’s performance, we calculate the average performance following 
the same strategy that former works used [20,56]: 

𝛺 = 1
𝑚

𝑚
∑

𝑖=1
𝛺𝑖, 𝛺𝑖 =

1
𝑖

𝑖
∑

𝑗=1
𝛺𝑖,𝑗 (8)

where 𝛺𝑖,𝑗 represents the performance on the 𝑗th test set after learning 
the 𝑖th dataset. 𝛺𝑖 is the average performance of 𝛺𝑖,𝑗 on all test set from 
𝑗 = 1 to 𝑗 = 𝑖, and 𝛺 is the overall performance on all 𝑚 datasets. Here, 
𝛺 can be any metric introduced above.

4.4. Implementation details

The experiments are conducted on an Ubuntu GPU server with 
four RTX 3090 24 GB GPUs. Our code is implemented by the deep 
learning framework PyTorch.1 The PLMs we used, namely CodeBERT 
and CodeT5, are from Huggingface,2 and we keep their default hyper-
parameter settings. We reproduce the performance of EWC, EMR, and 
PP-TF referring to previous works [20,24]. For all three tasks, we set 
the training epoch to 10 and the batch size to 16. But considering the 
different complexity of the three tasks and their used PLMs, we set 
the learning rate to 5e−5 for CS but 2e−5 for CVD and CCD. For the 
parameter-efficient methods in the CS task, we set the learning rate to 
1e−3 as the parameters that can be tuned decrease dramatically. The 
prompt length is adjusted in the range of {10, 20, 30, 40, 50}, and the 
factor 𝜆 is adjusted in {0.1, 0.5, 1, 5, 10, 50}. An elaborate analysis of 
the two parameters will be discussed in Section 5.4.

5. Experimental results

In this section, we conduct extensive experiments to answer the 
following research questions:

RQ1: What is the performance of vanilla prompt tuning in the 
continual learning scenario?

RQ2: How effective is PTDD when compared to baselines?
RQ3: What are the contributions of different components in PTDD 

to the performance?
RQ4: How do varied parameter settings influence the performance 

of PTDD?
RQ5: How does PTDD perform in the low-resource scenario?

5.1. RQ1: Vanilla prompt tuning performance

Prompt tuning has become a popular approach in applying PLMs to 
specific downstream tasks, and researches on it emerge constantly in 
the field of software engineering [23,40]. In the CL scenario, prompt-
based methods also show advantages [24]. However, we criticize that 
the existing method lacks inheritance of previous knowledge, and the 
additional prompt selection module may lead to bias and error. We 

1 https://pytorch.org/
2 https://huggingface.co/models

https://pytorch.org/
https://huggingface.co/models
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Table 2
Evaluation results of code vulnerability detection and code clone detection.
 Methods CVD CCD

 F1 P R F1 P R  
 EMR 32.55 42.90 27.50 85.01 89.11 81.45 
 FT 27.62 45.67 21.79 83.07 84.50 82.33 
 PT 28.54 43.64 23.44 84.88 84.92 85.45 
 EWC 28.61 46.71 24.07 83.34 83.97 83.43 
 PTDD 30.69 44.89 25.11 84.94 84.65 85.94 
 Ablation 29.20 42.94 24.08 84.76 83.82 86.28 

prefer to explore the effectiveness of using limited prompts. In this 
section, we first conduct an experimental study to investigate the 
performance of PT and PEPT, and expect some inspiring findings. We 
evaluate PT on all three code intelligence tasks, but evaluate PEFT only 
on the CS task, as they cannot converge on other tasks with tuning a 
tiny fraction of parameters based on our experiments. Table  1 and Table 
2 illustrate their performance.

From the tables, we can observe that PT obtains consistent im-
provement when compared with the predominant tuning paradigm, 
i.e., fine-tuning. This finding is in accordance with previous works [23,
40]. For the CS task, Table  1 shows that PT’s average performance 
increases by 1.91%, 3.82%, and 1.83% in terms of BLEU, Meteor, and 
Rouge-L. The highest improvement is in the Go dataset, where the 
BLEU metric raises 4.99%. Besides, although the BLEU metric slightly 
declines in the Javascript dataset, the other two metrics here are 
obviously improved. Thus, we argue that PT is still beneficial for those 
codes in Javascript. For the CVD and the CCD task, as shown in Table  2, 
the enhancement brought by PT can reach 3.33% and 2.18% in terms 
of the F1 score. The experimental results indicate that PT can achieve 
better performance in the CL scenario.

Due to the possible capability degradation issue, there are few works 
exploring the effectiveness of PEPT with PLMs in code intelligence 
tasks. In the experiment, we evaluate PEPT on the CS task. From 
Table  1, we can observe that the performance of PEPT is weaker than 
fine-tuning. The average decline is 1.66, 0.61, and 1.27 in terms of 
BLEU, Meteor, and Rouge-L, respectively. The observation shows that 
only depending on adjusting prompt parameters are difficult to adapt 
across domains, and it is necessary to tune PLMs when applying PT. 
Besides, although PT outperforms FT, they still lack a learning objective 
for stability. As shown in Fig.  3, which illustrates the performance 
variation, their performance decreases when feeding new datasets. It 
inspires us to balance the plasticity and the stability objective when 
tuning.

Answer to RQ1: In the CL scenario, PT can consistently outper-
form FT on the studied three code intelligence tasks. However, the 
performance of PEPT is slightly weaker. The study inspires us that 
it is necessary to tune PLMs when applying PT, and we should 
balance the plasticity and the stability learning objective.

5.2. RQ2: Comparison with baselines

In this section, we conduct comprehensive experiments to evaluate 
PTDD by comparing it with a series of baselines. We keep the backbone 
model used in all baselines the same as our method, namely CodeT5 
for CS and CodeBERT for CVD and CCD. Table  1 and Table  2 show the 
detailed evaluation results, and we highlight the highest values among 
all rehearsal-free methods in bold. The values presented are the average 
performance calculated by Eq.  (8).

For the CS task, it can be observed from Table  1 that the average 
performance of PTDD on all six datasets can surpass FT by 2.55%, 
4.37%, and 2.10% in terms of BLEU, Meteor, and Rouge-L. PTDD also 
obtains consistent improvements on all three metrics when compared 
with PT. For the regularization-based baseline EWC, PTDD outperforms 
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it by 0.77% on average regarding the BLEU metric. Considering the 
additional computation required by EWC to select important param-
eters, PTDD omits this process, updates models and prompts in a 
backpropagation step, and can obtain a better performance, indicat-
ing its advantage in alleviating the catastrophic forgetting problem. 
Even in comparison with the rehearsal-based baseline EMR, PTDD can 
achieve comparable performance. It surpasses EMR in the Ruby and 
Python datasets regarding the BLEU metric. Due to the need to store 
previous data, EMR becomes not applicable to data privacy sensitive 
scenarios. Our proposed PTDD gets rid of the shortcomings and realizes 
a rehearsal-free approach.

For the CVD task, as shown in Table  2, PTDD dramatically outper-
forms FT by 11.12% and 15.24% in terms of F1 and Recall, but mildly 
decreases in terms of Precision. When compared with PT, PTDD can 
obtain consistent superiority of 7.53%, 2.86%, and 7.13% regarding the 
F1 score, Precision, and Recall, respectively. Besides, PTDD performs 
better than EWC but weaker than EMR. This result shows that replaying 
a fraction of data samples is still effective in such a classification 
task. Whereas when considering the constraint of data privacy, PTDD 
performs best among all baselines. For the CCD task, PTDD can surpass 
FT by 2.25%, 0.18%, and 4.39% in terms of F1, Precision, and Recall. 
A similar advantage of PTDD can be observed in comparison with PT 
and EWC. Although it is slightly inferior to EMR, PTDD avoids the risk 
of data breaches and is practical in real-world scenarios.

Furthermore, we illustrate the performance variation when in-
putting a sequence of datasets in Fig.  3. We select the Ruby dataset of 
the CS task and datasets used in the other two tasks as representatives. 
The performance trend of the first dataset and the average performance 
trend on previously learned datasets are presented separately. The 
horizontal axis is the input order of datasets, and the vertical axis is the 
value of the BLEU or F1 metric. From Fig.  3, it can be observed that the 
catastrophic forgetting problem widely exists in the continual learning 
scenario. Our proposed PTDD can generally improve performance and 
slow decline trends, indicating it can alleviate forgetting of learned 
knowledge.

Answer to RQ2: The performance of PTDD can surpass FT, PT, 
and EWC generally in all three code intelligence tasks, indicating 
its superiority in the continual learning scenario. However, it is 
slightly inferior to the rehearsal-based baseline EMR as EMR stores 
and retrains a fraction of data samples, avoiding our rehearsal-free 
setting.

5.3. RQ3: Ablation study

In this section, we conduct an ablation study from two aspects. The 
first is to investigate the contribution of the distilled prompt learning 
module to the performance of PTDD. In addition, considering the 
prosperity of exploring parameter-efficient fine-tuning methods in code 
intelligence, we also detect how effective the PE-PTDD is, expecting 
advantages of our method in the parameter-efficient scenario. The 
ablation results are presented at the bottom of Table  1 and Table  2.

To validate the contribution of the distilled prompt learning module, 
we remove the stability learning objective and train models with the 
loss function in Eq.  (5). In the experiment, following the same exper-
imental setting of RQ2, we use all datasets of the three tasks. For the 
CS task, as shown in Table  1, there is a consistent decline if discarding 
the module in terms of BLEU. Except for Javascript and PHP datasets, 
the same downward tendency occurs in terms of Meteor and Rouge-L. 
Although the drop is not dramatic, considering the reported values are 
the average on all five datasets and our prompt embedding strategy is 
still used, the consistent decline demonstrates the contribution of the 
module in improving the performance. For the CVD task, from Table  2, 
there is an obvious degradation of 1.49, 1.95, and 1.03 in terms of F1, 
Precision, and Recall. For the CCD task, performance drops in terms 
of F1 and Precision, but an inverse variation takes place in terms of 
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Fig. 3. Performance recorded by the dataset order.
 

 

 
 
 
 
 
 

Recall. As Precision and Recall sometimes conflict, the consistent drop 
in the F1 score also shows that the module can improve our method.

For the effectiveness of PE-PTDD, we experiment by freezing the 
backbone PLM and keeping the prompt parameters trainable. There-
fore, we only update prompts through input datasets. We evaluate all 
six datasets of the code summarization task following the same setting 
of RQ1. As shown in Table  1, when compared with PTDD, PE-PTDD’s 
average performance decreases by 1.64, 1.13, and 1.43 in terms of 
BLEU, Meteor, and Rouge-L, respectively. Although PE-PTDD leads to 
degradations, we can observe that it still surpasses parameter-efficient 
baselines, namely PEPT and PP-TF. PE-PTDD outperforms them by 
2.81% and 4.98% on average in terms of BLEU among all datasets 
(i.e. domains). The results indicate that our method is still effective if 
only tuning a fraction of the parameters.

Answer to RQ3: The distilled prompt learning module is essential 
for PTDD. In addition, in the parameter-efficient scenario, our 
method still shows effectiveness.

5.4. RQ4: Parameter analysis

In this section, we investigate the impact of the prompt length 𝐿𝑃
and the factor 𝜆 on the performance of PTDD. Intuitively, a longer
prompt means more trainable parameters and more powerful repre-
sentation capability. However, excessively lengthy prompts may also
tend to overfit the training data and be detrimental to models. There-
fore, it is crucial to set an appropriate prompt length to uncover the
attainable performance. Besides, the factor 𝜆 is used to balance the
learning objectives of plasticity and stability. Exploring a proper value
is beneficial when applying PTDD in practice. To do so, we consider the
Ruby dataset of code summarization and datasets from the other two
tasks for investigation, where we only vary the analyzed parameter and
keep the others unchanged. The prompt length is set to 10, 20, 30, 40,
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and 50, and the factor 𝜆 is varied in the range of {0.1, 0.5, 1, 5, 10, 
50}. The experimental results are illustrated in Fig.  4.

As shown in the figure, we can observe that the optimal prompt 
length for different datasets is distinguishing. For the Ruby dataset of 
CS, the best performance is achieved when 𝐿𝑃  is set to 20. Larger 
or lower values do not give better results. For the CVD task, PTDD 
performs well when 𝐿𝑃  equals 20 or 50, but the performance is slightly 
higher at 50. For the CCD task, setting 𝐿𝑃  to 10 can obtain the best 
result. A performance drop occurs if the prompt length is continuously 
increased. We suspect that this phenomenon may be related to the com-
plexity of the tasks and the PLMs used, and we recommend adjusting 
an appropriate prompt length first if generalizing PTDD to other code 
intelligence tasks. As for the value of the factor 𝜆, we can observe that 
there is a tendency that larger 𝜆 can obtain better results, and PTDD 
always achieves the best performance on the three datasets when 𝜆 is 
set to 5 or 10. Due to the more complex calculation requirements of the 
cross-entropy loss, 𝜆 needs to increase to emphasize the significance of 
keeping stability. The two losses become similar when 𝜆 is 5 or 10, 
thus improving PTDD’s performance. Through the parameter analysis, 
we reveal the influence of 𝐿𝑃  and 𝜆, as well as select an appropriate 
setting for our method.

Answer to RQ4: The prompt length 𝐿𝑃  relates to the added 
trainable parameters and the factor 𝜆 concerns the significance of 
keeping stability. Based on the experimental results, we suggest 
adjusting an appropriate 𝐿𝑃  first on new tasks, and adapting 𝜆
around 5 and 10.

5.5. RQ5: Performance in the low-resource scenario

Low resource is a common scenario for code intelligence tasks [57]. 
Especially for the continual learning scenario, consistently construct-
ing large-scale datasets is difficult. In this section, we investigate the 
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Fig. 4. Parameter analysis of the prompt length and 𝜆 value.
Table 3
Evaluation results in the low-resource scenario. M and R are short for Meteor and Rouge-L, respectively.
 Samples Methods Ruby Javascript Java Go PHP Python

 BLEU M R BLEU M R BLEU M R BLEU M R BLEU M R BLEU M R  
 

10 × 5

FT 5.92 5.31 4.61 3.51 2.47 3.99 3.32 1.96 3.25 4.24 2.78 5.53 2.24 1.98 1.63 7.93 6.19 6.93  
 PT 9.47 8.32 14.33 4.51 4.60 8.12 4.12 4.28 7.13 6.34 8.98 12.96 3.03 2.64 3.24 6.94 6.30 11.00 
 EWC 9.36 7.16 13.00 4.56 4.54 7.84 1.97 1.90 2.17 5.82 5.36 9.98 2.43 2.82 2.21 2.99 4.93 4.97  
 EMR 9.19 7.20 13.85 4.41 4.30 7.27 2.03 1.81 2.23 3.73 3.48 6.15 1.97 2.31 1.79 4.34 5.42 5.86  
 PTDD 9.57 8.69 14.70 4.79 5.24 9.09 5.38 5.23 9.55 6.83 8.43 12.72 3.19 2.71 3.42 8.32 7.47 14.27 
 

50 × 5

FT 6.29 5.01 7.01 6.16 4.35 8.77 5.24 3.60 7.61 11.76 7.72 19.08 7.42 5.69 10.66 10.46 7.95 13.99 
 PT 9.89 8.55 17.20 7.23 6.29 12.65 9.46 7.86 17.51 15.28 12.05 27.71 12.69 10.01 19.21 10.34 8.61 17.92 
 EWC 9.93 7.84 14.43 8.49 6.58 14.34 3.99 3.65 5.90 10.94 6.84 16.97 6.60 5.29 8.47 10.66 8.12 14.70 
 EMR 9.98 7.86 14.37 7.55 5.86 12.55 4.02 3.54 5.97 12.80 8.07 20.07 7.34 5.51 9.07 10.37 7.84 13.97 
 PTDD 10.53 8.64 17.72 9.65 7.80 17.12 9.46 7.98 17.79 16.24 12.28 28.58 12.88 10.28 19.64 10.70 8.96 18.68 
 

100 × 5

FT 12.14 9.03 18.96 11.75 8.72 20.17 13.92 10.80 26.19 18.15 12.10 29.84 14.78 11.01 23.52 15.90 11.73 27.39 
 PT 14.36 11.23 25.16 12.47 9.81 22.33 15.22 12.01 29.00 22.85 16.22 38.84 18.52 14.01 30.40 15.73 12.07 28.53 
 EWC 12.99 10.05 22.76 11.99 9.51 21.52 13.76 11.26 26.44 23.52 15.33 38.24 17.36 12.64 26.98 14.75 10.74 24.17 
 EMR 13.38 10.14 23.33 12.12 9.59 21.75 13.64 11.05 26.11 23.57 15.40 38.18 17.97 13.16 28.55 15.21 11.43 25.73 
 PTDD 14.59 11.25 25.27 12.51 9.67 21.77 15.35 12.05 29.08 23.59 16.28 39.37 18.60 14.05 30.56 16.07 12.80 29.36 
performance of PTDD when given only a small number of training 
samples, and we use the code summarization task as an example. For 
each dataset, we randomly select 10, 50, and 100 training samples, but 
keep the validation set and the test set unchanged. The training set 
size is about 0.02%–2.3% for their original size. Table  3 presents the 
evaluation results.

From Table  3, it can be observed that PTDD can generally exceed 
FT, PT, and EWC, even surpassing EMR in the low-resource scenario. 
For instance, when compared with FT and the number of training 
samples is 10, 50, and 100, the BLEU score of PTDD can obtain 
average promotions of 44.76%, 53.10%, and 15.63%, respectively. 
Accordingly, the average promotions are 67.88%, 50.13%, and 7.43% 
when compared with EWC, and reach 69.09%, 45.70%, and 5.67% 
when compared with EMR. In comparison with PT, the improvements 
become not drastic and are 11.79%, 8.53%, and 1.43%, respectively. 
In addition, there is a tendency for the improvement of PTDD to be 
stark in fewer training samples. The result is explicable because PTDD 
adds extra prompts that are beneficial to elicit pre-trained knowledge. 
Thus, even with scarce training data, PTDD can achieve acceptable 
performance while FT and EWC suffer from not having enough samples 
to learn task-specific knowledge. PT is affected because it does not 
mitigate the catastrophic forgetting problem. As for the EMR method, 
when reducing the training samples, the size of stored samples is also 
reduced, and consequently, its performance deteriorates. The observa-
tions demonstrate that PTDD is more advantageous in the low-resource 
scenario and enlighten us on the practical value of PTDD.
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Answer to RQ5: In the low-resource scenario, the performance 
of PTDD can generally surpass FT, PT, EWC, and even EMR. 
The average promotion can reach up to 69.09%. In addition, the 
improvement of PTDD is more stark when training samples are 
fewer.

6. Discussion

6.1. Visualization for PTDD

To directly show the influence of PTDD in distilling prompts, we vi-
sualize the learned prompts in a two-dimensional representation space. 
Focusing on PT and our proposed PTDD, we carry out experiments 
on all three code intelligence tasks. In particular, regarding the CS 
task, Ruby and Java are selected for experiments. Subsequently, we 
use t-distributed Stochastic Neighbor Embedding (t-SNE) [58] on the 
learned prompts to obtain their two-dimensional representations. The 
t-SNE algorithm is a non-linear dimensionality reduction technique for 
data exploration, giving an intuition on how data is arranged in higher 
dimensions. Fig.  5 shows the visualization result. As there are five parts 
in each dataset, We mark out their order in the upper right corner.

As shown in Fig.  5, we can observe that the prompt distribution of 
PTDD is compact while scattered for PT. The discrete distribution of 
PT indicates that different datasets belong to different domains, and 
there are significant diversities that can lead to catastrophic forgetting. 
However, because PTDD calculates the cosine similarity between cur-
rent prompts and corresponding previous prompts during training and 
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Fig. 5. Prompt visualization in a representation space. We mark out the order of each prompt in their upper right corner.
aims to minimize their differences, PTDD can restrict newly learned 
prompts not far from previous embeddings. Therefore, new prompts 
contain similar semantics to alleviate forgetting of learned knowledge. 
In addition, it can also be observed that the prompt distribution of 
PTDD is close to the first prompt embedding of PT. It demonstrates that 
when training on the first dataset, PTDD and PT can learn prompts with 
alike semantics. But when a sequence of datasets is inputted continu-
ally, PTDD can stabilize prompts’ representations while PT cannot. The 
visualization results directly explain the superiority of PTDD in the CL 
scenario.

6.2. Case study

The advantage of PTDD comes from its utilization of prompts to 
instruct the representation of PLMs and thus mitigate the catastrophic 
forgetting of previously learned knowledge. In this section, as shown 
in Fig.  6, we present two instances to intuitively show the strength. 
Evaluating on the Java dataset of the code summarization task, we 
inspect predictions of the first Java dataset. We compare the initial pre-
diction with the final prediction, which are obtained after training on 
the first subdataset and all five subdatasets. For the first instance, it can 
be observed that the initial summarizations of fine-tuning and PTDD 
are similar and are aligned with the ground truth. But after training 
on the other four subdatasets, the output of PTDD does not change but 
fine-tuning varies, outputting ‘‘checks’’ instead of the original ‘‘returns 
true’’. For the second instance, after training on all five subdatasets, 
PTDD can still accurately output keywords ‘‘TypeConverter’’, but fine-
tuning outputs some extra unnecessary words like ‘‘the list of registered 
converters’’. We find that many cases that do not work well on fine-
tuning but do well on PTDD follow a similar pattern of the second 
case, i.e., the final fine-tuning summarization outputs some extra words 
that do not appear initially. These cases indicate that simple fine-tuning 
tends to forget previously learned knowledge, thus producing low-
quality summarization, while PTDD can catch the correct main idea 
of the source code because the learned knowledge is kept.

6.3. Training cost analysis

In this section, we evaluate the training cost of PTDD and compare 
it with other representative continual learning methods. Specifically, 
using the code summarization task as an example, we investigate the 
training time per epoch and the memory consumption of the fifth part 
of the Java dataset. The evaluation results are illustrated in Table  4. 
From Table  4 and the conclusion about the performance in Section 5.2, 
it can be observed that the training cost of PTDD is comparable to 
that of FT and PT, while it performs better. When compared with 
EWC, PTDD consumes fewer training resources and obtains better 
results. Because of the introduction of additional calculations to select 
important parameters, EWC needs more training time and memory 
consumption. In comparison with EMR, although the performance of 
PTDD is slightly inferior, it shows greater efficiency. Without retraining 
stored data samples, PTDD utilizes prompts to instruct the presentation 
of PLMs, which is lightweight and shows effectiveness and practicality.
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Fig. 6. Examples of summarizations outputted by PTDD and Fine-Tuning.

Table 4
Training cost analysis of PTDD and other representative continual learning methods.
 Methods Training time Memory consumption 
 FT 11 min22 s 16,994M  
 PT 11 min33 s 17,784M  
 EWC 14 min46 s 20,392M  
 EMR 12 min03 s 18,084M  
 PTDD 11 min35 s 17,788M  

6.4. Implications

This paper presents the first experimental study to investigate the 
performance of prompt tuning set in the CL scenario in the code 
intelligence field, and proposes a rehearsal-free CL method named 
PTDD. In this section, we discuss some implications of this work from 
the perspectives of developers and researchers.
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Implications for developers. This work focuses on the continual 
learning scenario, where datasets are inputted sequentially to update 
PLMs so that they can be applied to wider domains. Considering the 
dynamic nature of software codebases, it is practical for developers 
in real-world scenarios. In addition, due to the potential restriction 
of data privacy in practice, this work discards the data selection and 
data storage module that previous works contain, and leverages the 
capability of prompt tuning in eliciting pre-trained knowledge to realize 
a rehearsal-free approach, enlightening developers about how to apply 
prompt tuning in the CL scenario. Experimental results in the low-
resource scenario show the superiority of our approach when meeting 
the data scarcity problem.

Implications for researchers. This work also obtains several in-
teresting findings that might be instructive for researchers. In the 
experimental study of prompt tuning set in the CL scenario, we find 
that freezing the PLM parameters prominently damages models’ per-
formance, especially for classification tasks such as code vulnerability 
detection and code clone detection. The results differ from findings in 
the NLP field [35], but are in accordance with previous studies in code 
intelligence [23]. We argue that this phenomenon is related to the size 
and quality of PLMs, as well as the complexity of downstream tasks. 
It deserves to be investigated in future works to better utilize prompt 
tuning. Besides, we also call for more attention to the CL scenario in 
the code intelligence field when applying PLMs.

7. Threats to validity

In this section, we identify threats to the validity of this work from 
two aspects.

External Validity mainly concerns the generalizability of our find-
ings to other settings and datasets. One threat to the external validity 
comes from the limited used PLMs. Considering the computational 
resource constraints, our experiments are conducted on two widely-
used PLMs, namely CodeBERT and CodeT5. However, more PLMs 
should be considered due to their promising performance, such as 
DeepSeek-Coder [59] and CodeLlama [60]. As illustrated in the pre-
vious work [35], PT becomes more competitive with larger PLMs’ 
scale. It is deserved to explore our proposed PTDD on other PLMs 
in the future work. Besides, the limited choice of evaluation datasets 
is another threat. In this work, we adopt the project-level continual 
learning datasets open-sourced by Gao et al. [20], which are large-scale 
and their original datasets are well-known. However, as the research 
about continual learning in code intelligence is just beginning, there is 
a lack of alternative datasets to enrich our experiments. For example, 
we follow the same setting to input five datasets sequentially, but it 
also deserves to be investigated if the total number of datasets becomes 
more. In the future, we will construct a more comprehensive dataset to 
expand the experiments.

Internal Validity mainly concerns the aspects that could impact 
the experimental results. The first threat to the internal validity lies 
in the hyperparameter settings. Finding the optimal hyperparameters 
is always a difficult task. In this work, besides some conventional 
hyperparameters like batch size and learning rate that follow the usual, 
we conduct specific parameter analysis to adjust the prompt length 
and the factor 𝜆. Although our analysis does not include all possible 
parameter values, this aspect is not crucial to the study as we have al-
ready shown the performance of PTDD with reasonable hyperparameter 
values. In addition, the internal validity is also related to the replication 
of baseline models and evaluation metrics. To mitigate these threats, 
we strictly follow their designs to reproduce or directly utilize their 
source code for model construction. Therefore, we conclude that it is a 
lightweight threat to validity.
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8. Related work

8.1. Code intelligence

Code intelligence aims to leverage machine learning or deep learn-
ing techniques to facilitate software developers making programming 
more efficient, thriving in various tasks like code summarization [4,61], 
vulnerability detection [5,62], code clone detection [7,8], etc. Re-
cently, benefiting from its effectiveness and versatility, the pre-training 
and fine-tuning paradigm is commonly adopted by state-of-the-art ap-
proaches. It first pre-trains language models on large-scale code corpora 
using elaborate pre-training objectives, like Masked Language Modeling 
(MLM) and Replaced Token Detection (RTD) [1]. During this process, 
language models acquire coarse-grained code knowledge and subse-
quently are fine-tuned on specific downstream tasks to improve their 
performance. For instance, CodeBERT [1] uses BERT [30], a multi-layer 
bidirectional Transformer [63], as the language model architecture, 
pre-trains it with both natural and programming languages, and obtains 
outstanding performance on two code intelligence tasks. Moreover, 
CodeT5 [2] builds on the T5 architecture [64], aiming to pre-train a 
unified Encoder–Decoder model, and shows its superiority in both code 
understanding and generation tasks.

Based on the pre-training and fine-tuning paradigm, recent studies 
find that adding prompts in the fine-tuning stage can elicit more 
pre-trained knowledge and modulate language models’ behavior [65,
66]. The initial added prompts are hard prompts [65], which use 
meaningful and task-specific natural language as prompts, but how to 
design suitable text prompts remains a challenge. To address the issue, 
Lester et al. [35] proposed prompt tuning, simplifying hard prompts 
to soft prompts, which are not meaningful words but continuous vec-
tors and can be learned through backpropagation. Their sufficient 
experiments demonstrate the effectiveness of PT. In code intelligence, 
Huang et al. [67] first adopted the prompt tuning paradigm in program 
analysis. They achieved promising performance on the type inference 
task. Wang et al. [23] broadly evaluated PT on four popular code 
intelligence tasks, analyzing the different influences of hard prompts 
and soft prompts. Additionally, they investigated the performance of 
parameter-efficient prompt tuning. In this paper, based on current 
research, we further explore the performance of prompt tuning in the 
CL scenario.

8.2. Continual learning

Continual learning is set to learn a sequence of datasets one by 
one and behave on them simultaneously [22]. The major challenge 
is known as catastrophic forgetting [19], where models’ performance 
on previous datasets is prone to decline when adapting the model to 
new datasets. Existing methods for CL mainly fall into three categories: 
regularization-based, rehearsal-based, and representation-based meth-
ods. Regularization-based methods [13,14] selectively constrain the 
variation of models’ parameters, thus alleviating forgetting of learned 
knowledge. They usually add penalty terms to the loss function, and 
through the backpropagation process, those important parameters will 
be preserved. Rehearsal-based methods [15,16] store a fraction of data 
samples and retrain them when new datasets come, to ensure models 
still have the previous knowledge. Representation-based methods [17,
18] primarily utilize prompts to instruct the representation of pre-
trained models. By accommodating prompts in different datasets, they 
can elicit task-sharing and task-specific knowledge to relieve forgetting.

Due to the prosperity of prompt-based methods in recent years, 
representation-based methods have become popular with simplicity, 
practicality, and good performance. A representative strategy, L2P [17],
introduces a prompt pool to store task-independent prompts and dy-
namically select the most relevant prompts for different inputs in 
inference. On the basis of L2P, DualPrompt [18] designs a general 
prompt and an expert prompt to learn the common features among all 
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tasks and the unique features of each task. Another typical method, Pro-
gressive Prompts [44], assigns each incoming task a separate prompt, 
and sequentially concatenates it with previously learned prompts to 
instruct the representation.

In code intelligence, as software development constantly evolves, to 
enhance models with new knowledge, it is essential and practical to in-
vestigate models’ performance in the CL scenario. However, only a few 
works are dedicated to it. Gao et al. [20] first studied the problem. They 
proposed to retrain some carefully selected representative data, also 
designing adaptive parameter regularization, to prevent catastrophic 
forgetting. Weyssow et al. [21] evaluated five regularization-based and 
rehearsal-based approaches on the API call and API usage prediction 
task. Yadav et al. [24] constructed a CL benchmark, presented a method 
called prompt pooling with teacher forcing, and assessed its CL abilities 
on generation tasks. In this paper, focusing on the CL setting in the 
code intelligence field, we first explore the performance of vanilla 
prompt tuning, and then on the basis of representation-based meth-
ods, we pursue utilizing domain-wise distilled prompts to instruct the 
representation of PLMs and achieve promising results.

9. Conclusion

Concentrating on the CL scenario, this paper investigates the per-
formance of vanilla prompt tuning and proposes a rehearsal-free CL 
method named PTDD, which can distill prompts and optimize backbone 
models sequentially by introducing an extra stability learning objective. 
From our first experimental study, we find that inheriting previous PLM 
parameters is beneficial in the CL scenario. For the effectiveness of 
our proposed method, extensive experiments in three code intelligence 
tasks indicate that PTDD can surpass a series of rehearsal-free base-
lines, even in the parameter-efficient setting. We also explain PTDD 
by prompt visualization and explore its performance when data is 
scarce. Finally, we summarize our findings and provide implications 
to enlighten future works. Our source code is publicly available at 
https://github.com/ishuoliu/IST-25-PTDD.
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