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Table 1. Motivation examples of APl recommendation

Query: How to acess list of files and folders in a zip file in java?

Accepted Answer BIKER results DeepAPI results

java.util.zip.ZipFile.entries java.util.zip.ZipFile.entries ® Sequence 1:

java.util. Enumeration.hasMoreElements | java.util jar.JarFile.entries o (java.io.File listFiles

java.util Enumeration.nextElement java.nio.file.Files.copy java.nio.file.Paths.get)

java.util.zip.ZipEntry.getName java.io.File listFiles o Sequence 2:
java.nio.file.Files.walk o (java.io.File listFiles
java.io.File listRoots ¢ java.io.File.isDirectory
java.util.zip.ZipFile.getInputStream java.io.FilelistFiles)
java.nio.file.Files.walkFileTree o Sequence 3:
java.nio.file.Files.newDirectoryStream | (java.io.File.listFiles
java.nio.file Files.createDirectories

1 INTRODUCTION

Over the past decades, open-source software development has received extensive attention from the software
engineering community. This attention leads to a tremendous demand for already devised libraries or APIs
(Application Programming Interfaces) which facilitate software development and maintenance. While there are
many publicly available open-source resources, searching the right APIs for specific tasks is not easy, especially
for the plenty of green hands [45]. This can be partially demonstrated by the dozens of new emerging questions
per day in the Question&Answer website as Stack Overflow(SO).

To help with API search, many automated API recommendation approaches have been proposed [9, 14, 40, 42],
which recommend a set/sequence of APIs for a natural language query. There are two orthogonal lines of
approaches for this task, i.e., information retrieval (IR) based approaches [14, 40, 42] and sequence to sequence
(seq2seq) model based approach[9]. Typical IR-based approach, for example BIKER [14], mainly utilizes word
embedding related techniques to calculate the similarity between the query and existing SO posts and recommend
a set of APIs from the answers of the most similar SO posts. The representative seq2seq approach is DeepAPI [9],
and it utilizes the Recurrent Neural Network (RNN) network to translate from the natural language query to API
sequences. Although these approaches achieved remarkable performance on their own datasets, we find two
major problems that can affect their effectiveness.

The first problem is that the IR-based approaches do not consider the relevance between multiple APIs and
query, resulting in recommending similar APIs and subsequently missing other needed APIs. As shown in Table
1, for the query “How to acess list of files and folders in a zip file in java?”, the recommended APIs by BIKER
contain several similar APIs (i.e., marked ones), e.g., java.util.zip.ZipFile.entries and java.util.zip. JarFile.entries.
This is mainly because the IR-based approaches try to find the correct APIs by matching the query and the API
documentation, and the APIs similar to the ground-truth APIs would exert higher similarity with the query, and
therefore tend to be recommended. However, the higher ranking of these similar APIs would subsequently lower
the ranking of (or miss) other needed APIs, e.g., java.util. Enumeration.hasMoreElements in Table 1. Although
some IR based approaches [40, 42] can recommend SO posts or API sequences, its essence is to model query
and programming questions. Most importantly, its recommendation scope is limited by the database and cannot
cover all possible situations, especially for rare API or its combination, as these APIs are likely not to appear in
historical programming questions.

On the contrary, the seq2seq-based approaches can consider multiple APIs as a whole to generate API sequences.
Nevertheless, the problem with these approaches is that they only utilize a query’s context information for
generating the API sequences, yet do not consider the semantic meaning of the recommended APIs, resulting
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in incorrect API sequence. As shown in Table 1, the APIs generated by DeepAPI include incorrect APIs like
Jjava.io.File.listFiles and java.nio.file.Paths.get, while both of them are widely used for IO read processing, rather
than zip file operation as queried in the example. This is mainly because it does not fully understand the semantic
meaning of the APIs and the query.

Please generate an APl sequence of given query. Here are some examples:
...<Irrelevant Examples>...
Query: How to split string by regular expression

Expected Output:
[java.util.regex.Pattern.compile,
java.util.regex.Pattern.matcher, ['java.lang.String.split']

java.util.regex.Matcher.find,
java.util.regex.Matcher.group]

Please generate 10 API sequences for the above given query.

Sequence 1: [java.lang.String.split] v
Sequence 2: [java.lang.String.split, java.lang.String.length, ..(] ( \ N
Sequence 3: [java.lang.String.split, java.util.Arrays.asList, ...] >

Fig. 1. Fail example of APl sequences generated by LLM

In addition to the previously mentioned approaches, LLM can also be used for API recommendation tasks.
However, relying solely on LLM may face two challenges. As shown in Figure 1, the first challenge is how
to find suitable examples. For LLM, using examples as prompts can often improve the performance, but
inappropriate examples may mislead the model: Therefore, finding suitable examples is a challenge that needs to
be addressed. The second challenge is how to recommend more reasonable results, which mainly suffer
from the generation strategy of LLM. For a recommendation task, due to the inability to guarantee the correctness
of the model, multiple resultsare often recommended for users to choose from. In order to make LLM generate
multiple results, we usually use the parameter n or actively mention the requirements in the prompt. However,
LLM commonly use greedy strategies for generation, although it is possible to increase the randomness of a
LLM by adjusting parameters such as temperature, the generated tokens are also sampled based on the greedy
strategy, which can easily result in encountering local optima. In addition, the LLM may have unstable output,
which may lead to the LLM selecting recommendation results from the vicinity of local optima which makes
the output results very similar, and when the initial result is incorrect, subsequent results are difficult to rectify,
resulting in incorrect outputs. Therefore, using LLM alone is not sound, which is why we need to design APIGens
to complete this task.

To alleviate the above problems, we propose APIGens, which is a retrieval-enhanced LLM-based API recom-
mendation approach to recommend API sequences for a natural language query. In this paper, we define the
problem as generating multiple API sequences for a given natural language query. We mainly consider generative
solutions because this task is different from single API recommendations, as the number of API sequences far
exceeds the number of APIs. This approach is motivated by a common development phenomenon, that is, when
the developers encounters a programming question, they will search whether there is a matching solution through
the Q&A website like Stack Overflow, and when they can not find a suitable solution, they will use the existing
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similar solutions as a reference. For the unfamiliar API in the solutions, they will query the specific usage through
the API document. Finally, based on the obtained information, write a solution that meets their requirements.

In our proposed approach, we combine the advantage of both IR-based approach and generative approach. In
detail, in order to fully utilize historical data and API documents, we used IR-based approach to retrieve similar
solutions. Meanwhile, to address the APIs recommendation drawback of IR-based approach, we introduced LLM
for API sequence generation. This IR&LLM based approach can also address the challenge of LLM in finding
suitable examples. For the second challenge of LLM, we designed API seeds extraction, which is to extract the
most relevant APIs from the examples and ask LLM to generate an API sequence for each API seed. This can
appropriately increase the generation scope of LLM without introducing noise as much as possible, thereby
reducing the risk of LLM encountering local optima.

The evaluation is conducted on the commonly-used dataset for API set recommendation and a newly collected
dataset for API sequence recommendation. Results demonstrate that, for API sequence recommendation, APIGens
can achieve ROUGE@10 of 48.41%, outperforming the state-of-the-art approaches by 57.68% to 125.30% on method
level. For API set recommendation, APIGens can achieve Recall@10 of 96.33% and MAP of 82.61%, outperforming
the state-of-the-art approaches by 5.50% to 53.36%.

The main contributions of this paper are as follows.

o A retrieval-enhanced LLM-based API recommendation approach, i.e., APIGens, which utilizes the relevant
solution samples and API seeds to enhance the LLM model for API sequence generation.

o The effectiveness evaluation for APIGens, which conduct on 265 samples and promising performance was
achieved.

e New dataset for API sequence recommendation with queries involving multiple APIs, which provides
a new benchmark for this task, and also reminds researchersto pay attention to the multiple APIs
recommendation problem.!

2 BACKGROUND
2.1 Motivation Study

Previous API recommendation efforts have focused on recommending the best API that can meet queries, but in
reality, a query may require multiple APIs to deal with.

50000 100% 70000 100%
45000 90% 60000 90%
40000 80% 80%

35000 70% < 50000 70% <
[ [
« 30000 60% 2 = 40000 60% 2
3 25000 50% 8 3 50% S
o > o >
© 20000 ay E  © 30000 -
15000 30% © 20000 30% ©

10000 20% 10000 20%

5000 . 10% N 10%

0 --—.—_ 0% 0 - 0%

1 2 3 4 5 6 7 8 9 210 1 2 3 4 5 6 7 8 9 210
APl num APl num
(a) Method level (b) Class level

Fig. 2. Queries being answered with different #API in Stack Overflow
The dataset and source code are publicly available on https://bitbucket.org/mooncakeee/apigens/downloads/
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We collect posts from Stack Overflow by using Stack Exchange Data Explorer (detail in Section 4.2) and
organize the collected Stack Overflow posts related to API by their API count as demonstrated in Figure 2. We
can see that there are more than half of the queries are answered with multiple APIs (short for M-queries) in
method level and more then one-third in class level. This also indicates that previous studies evaluated in the
dataset with far less M-queries might not be applicable in real-world Q&A scenario. Note that, the reason why
the the ratio of M-queries exerts the difference is might because the previous work simplifies the dataset to cope
with their approach.

2.2 In-Context Learning

When using LLM to complete tasks, due to the extensive knowledge gained during training. In most cases, we
can just use one-shot learning or few shot-learning to let LLM understand the specific task and complete it. In
this process, in-context learning (ICL) technology provides an effective prompt scheme.

Sentence 1 Label 1 Input: Sentence 1 Output: Label 1
Sentence 2 Label 2 3—’ Input: Sentence 2 Output: Label 2

2 . Target
Input: Sentence n  Output: Label n > LM

Query {Input: query Output:

Sentence n Label n

Fig. 3. In-context learning framework

For a task, there is usually an input corresponding to an output. Although we can explain the task requirements
to LLM through natural language descriptions, if no corresponding examples are provided, LLM may lack
reference. Figure 3 shows the framework of ICL. It can be seen that, ICL will use some samples as part of the
prompt template and feed them into LLM, which makes LLM easier to gain the additional knowledge and enables
LLM to obtain satisfactory output through analogy. Moreover, this method does not require heavy training of
LLM, which is relatively lightweight. [6]

At present, ICL has been proven to be effective and has been used in various tasks [1, 41, 44]. In this paper, in
order to obtain better API recommendation sequences, we will also use ICL technology to optimize the generation
performance of LLM.

2.3 Retrieve & Re-Rank

In this paper, we will use Retrieve & Re-Rank framework to retrieve the SO posts similar to the given query.

As shown in Figure 4, in this framework, there are two models and the focus of the two models are different.
Specifically, the first model needs to be able to get preliminary results quickly, while the second model needs to be
able to accurately predict the results. The reason why the second model is not used directly is that the prediction
efficiency of the high-performance model is low in general, and when the prediction scope is expanded, the noise
received by the model will increase accordingly, which will affect the model performance.

We will use SBERT[31] to implement this framework. In detail, because the search scope of this process is
large, an efficient BERT retrieval model (called Bi-Encoder) will be used as the first model to fast retrieval. And
then, since the number of candidates after filtered is small, a high accuracy BERT model (called Cross-Encoder)
will be used as the second model for re-ranking to refine the candidates.

3 APPROACH

We propose a retrieval-enhanced LLM-based API recommendation approach, i.e., APIGens, which generates API
sequences for a natural language query. Its primary idea is to generate the API sequences via the LLM for a given

ACM Trans. Softw. Eng. Methodol.
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Fig. 4. Retrieve & Re-Rank framework in SBERT

query, and use the the relevant solution samples and API seeds to enhance the generation process to optimize the
generated results.

It includes two enhancement modules (Module 1&2) and a basic skeleton module (Module 3), as shown in
Figure 5. The basic skeleton module generates API sequence based on a natural language query by utilizing the
LLM. Before the basic skeleton begin to generate, there are two enhancement module that will preprocess the
input query and boost the prompt feed to LLM.

The first enhancement module will use the historical data to train a retrieval & re-ranking model and when
receiving a natural language query, this module will use it to retrieve the similar programming questions from
the historical SO database as the candidates for the subsequent process: The second enhancement module will
use both the historical data and API document to train a API scorer, and when retrieve the results output by
the previous module, this module will calculate the scores between the query and document to re-ranking the
retrieved results. After processing through these two modules, multiple reference solutions related to query will
be obtained. And then APIGens will use these reference solutions as input samples, and the relevant API of each
reference solution will be used as a seed to assist the LLM in generating the API sequence.

3.1 Candidate Solutions Retrieval

This module models the semantic similarity between the query and the historical SO posts, and produces the
candidate solutions as input for subsequent modules. The utilization of this module facilitate our approach to pay
more attention to some possibly related posts and filter the irrelevant posts from the whole search space.

Since retrieving similar questions from the large SO database is time-consuming, we adopt a retrieve & re-rank
framework, which is proven tobe efficient for information retrieval from large scale dataset [10, 14, 42].

Specifically, to achieve this goal, APIGens will filter the dissimilar posts from historical data, which is done by
utilizing a BERT-based information retrieval model (named M1) to retrieve candidate questions that have high
similarity with search query at the vector level. The search scope is the SO database D = [d}, ds, ..., d;, ...], and we
set the elements d in D as the tuple of question and answered APIs of the SO post and we will use d.question and
d.answer to represent them respectively in the rest paper. In order to facilitate subsequent calculations, we will
first encode the questions in D to obtain the corresponding vectors.

E = [M1.encode(d;.question), M1.encode(d,.question), ..., M1.encode(d;.question), ...] (1)

For a given natural language query g, APIGens will use the same way to encode it into a vector.
7 = Ml.encode(q) (2)

ACM Trans. Softw. Eng. Methodol.



Deep API Sequence Generation via Golden Solution Samples and APl Seeds « 7

\\\ Historical i L
=] SO Posts Candidates Similarities

(
|
i Filter posts dissimilar to Re-rank the
| input query similar posts
|
|
|
I
I
\

f I ’

—r. Compute API sumllarlt]es APl seed extraction & rarﬂ.(mg refine | Reférences
— between query and candidates based on similarities
* |
API
() document

Query

""""""""""""""""""" ‘e Module2: Ranking refinement and APl seed extraction (§ 3.2) 77~~~ TTT T TT

(77T odule ] process QD woue Output

Fig. 5. APIGens overview

And then the similarities U can be calculated by the following formula.
= [ o s ) 3)
[o]lex]” lollez|” [olleil

Where ¢€; is the i-th element in E. Based on U, we can filter the dissimilar element in D by remain the top
(suppose n) posts and get anew set of filtered posts D’

D' =[d;,dj,...d;,]

4
where [ j1, jo, .es jns -] = argsort(=U) @)

In the above formula; the function argsort return the indices that would sort an array, and we add a negative
sign before U to sort the results in descending order.

After obtaining the filtered posts, another BERT-based model M2 will be used to capture the semantic similarity
between the query and the questions corresponding to the filtered posts, and determine the ranking based on the
relevance scores U  as follow.

U = [M2.predict(q, d;.question),M2.predict(q, d;.question), ..y M2.predict(gq, d;l.question)] (5)
Where the d; is the i-th element in D', and different from M1 model, the M2 model does not encode query and

question separately, but requires both of them as inputs. The D" will be re-ranked based on the U’ = [u1 u2 T
to obtain the retrieval results O which contain the similar historical SO posts programming questions and the

ACM Trans. Softw. Eng. Methodol.
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corresponding API solutions. After that, the retrieved results and the corresponding scores P will be pass to the
next module for further process.

’ ’ ’

o=[d,d, ...d,|,P=[u,u, ..u,]
]1 ]2 Jn ]1 ]2 Jn (6)
where [j;,jé, . j;l] = argsort(—U/)

In this module, the final output form is several posts retrieved from the Stack Overflow historical data and
these posts will be treated as candidates solutions. Each candidate solution includes a question and an answer (an
API sequence). The question is the main field used to calculate the similarity with input query, and the answer
will be used to calculate API scores later. In addition, this module also outputs the similarities corresponding to
each candidate solutions for subsequent ranking refinement.

For implementation, we employ SBERT[31], which is introduced in Section 2.3. In SBERT, a Bi-Encoder with
greater efficiency is used to roughly filter the irrelevant programming questions, and a Cross-Encoder with higher
accuracy is used to re-rank the filtered programming questions. Both encoders are based on BERT [5].

3.2 Ranking Refinement and API Seed Extraction

Through the previous module, APIGens makes full use of historical data, but using only historical data is
insufficient. Our goal is to recommend API solutions rather than similar questions, so we should also consider
the degree of relevance between API and query.

To achieve this goal, we design another BERT-based Cross-Encoder M3 for modeling the semantic similarity
between the query and the API documentation to facilitate the capability of predict the correct APIs in the
recommendation result.

For the input query and API description, we first connect them through the [SEP] separator, which is a common
processing method in the BERT model[5], and feed it into the BERT model to train a similarity prediction model.
This input allows the BERT model to carry out the attention mechanism between the two texts, which enables
the model to know not only the semantics of each text; but also the semantics of text pair.

In this module, APIGens receives the query g with the corresponding O and P from previous module. The
output of this module will be the refined re-ranked candidate solutions and the API seed extracted from them.

Suppose there is a document C = [cy, ¢a, ..., Cj, ... ], and we set the elements c in C as the tuple of API name and
API comment of the document. We will use c.name and c.comment to represent them respectively in the rest
paper. For the given q, APIGens will use M3 to calculate the relevance scores R based on top m element in O and
P as below.

1
R= 5 [p1 + Score(q, CMT (01.answer)), p, + Score(q, CMT (0z.answer)),
ees Pm + Score(q, CMT (o,,.answer))]

CMT (answer) = {c.comment | ¢ € C,c.name € answer} (7)

Score(g,cmt) = Z

a in cmt

M3.score(q, a)
length(cmt)

Specifically, this step will first obtains the corresponding API comments through the API document, predicts
the scores between the query and the API comments using the M3 model, calculates the mean value as the API
scores, and then calculates the average of API scores and the similarities passed by module 1 as the final relevance
scores and refine the ranking based on final relevance scores. The refined re-ranked results 0" will be as follow
and the argsort is the same function as mentioned in Section 3.1:

ACM Trans. Softw. Eng. Methodol.



Deep API Sequence Generation via Golden Solution Samples and APl Seeds « 9

O/ = [Otl,Otz,..., Otm] (8)
where [t1, ta, ..., ty] = argsort(—R)

At this point, the approach obtain the refined re-ranked results O" based on API document. The API seeds are
the most relevant API in each solution of results. If the API has already been used as a seed before, the sub-relevant
API will be extracted, and so on. Finally, this module will output a group of solutions (including question and
answer) for subsequent LLM references, as well as a group of API seeds corresponding to the solutions to enhance
the API sequence generation of LLM.

3.3 Enhanced LLM Generation

For the reference solutions and API seeds obtained from the previous two modules, they will be used in this
module to generate prompts and input them into the LLM to obtain API sequences. It should be noted that
API seeds should not be used independently as they are extracted from reference solutions, and therefore API
seeds will accompany the use of reference solutions. While the difference is that reference solutions can be used
separately, as their retrieval is independent of API seeds.

This task is to complete an API sequence for a given query.
You should read the instructions from the ###instruction: " ### section
and take the input from ###input: ™" ### section

and complete the ###output: ### section.

Task description

Here are some example:
#i#t#instruction: Please generate an API sequence for the following input###
###input: Here is an example of a natural language query##

##t#output: Here is the corresponding APl sequence of input###

#i#t#instruction: Please generate an API sequence for the following input ###

#it#hinput: Here is the natural language query input###

Fig. 6. Prompt use the candidates as samples

Figure 6 shows an reference of a prompt using reference solutions as examples, and it can be seen that the
prompt is mainly divided into the following parts:
o Task description: Used to inform LLM of the specific task it needs to complete and explain what inputs
and outputs it will receive.
e Examples: Specific task examples for in-context learning, including instructions, inputs, and outputs.
e Query: The sample that need to be answered by LLM, which requires LLM to determine the task form
through instructions and make response for the received inputs.

The API seed is used through the example shown in Figure 7. That is, in the prompt examples, additional
samples will be added for each reference solutions, which adds an API name to the instruction section and asks

ACM Trans. Softw. Eng. Methodol.
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This task is to complete an API sequence for a give query.
You should read the instructions from the ###instruction: " ### section

and take the input from ###input: " ### section

and complete the ###foutput: " ### section.
Task description

Here are some examples:
##t#tinstruction: Please generate an APl sequence for the following input###
##t#input: Here is an example of a natural language query##
#itttoutput: Here is the corresponding APl sequence of input###
##t#instruction: Please generate an APl sequence containing the api
“API A" for the following input###
###input: Here is an example of a natural language query###
#i#t#output: Here is the corresponding APl sequence containing

the api APl A" of input###...

##t#tinstruction: Please generate an API sequence containing the api
““API seed" for the following input

#itttinput: Here is the natural language query input###

Fig. 7. Prompt use candidates and API seeds

the LLM to generate a target sequence containing that API. When predicting, the API seed can be used to prompt
based on the template. It is important to note that in addition to using API seeds, APIGens also retain a seedless
result to mitigate the effects of completely incorrect API seeds.

3.4 Model Training

For the first module, we first train the candidate solutions retrieval model, which is for predicting the similarity
of a query and SO questions. To build the training data, we pick a question in the training dataset as the query,
and calculate the similarity with other SO questions. We measure the jaccard similarity [16] between two API
sequences in the answers of these two questions. For each query, we employ contrastive learning [39], which is a
strategy of learning through the differences between samples. In detail, for two samples with different relevance
with query, the model predicts the relevance scores of query and these two samples respectively, and then we
train the model to increase the difference between high relevance samples and low relevance samples and we
treat the similarity as the dependent variable(relevance) for model training.

We also need to train the API semantic similarity model, which is for predicting the similarity between a query
and an API document. To build the training data, given a question g and its API sequence S, for each APl a in S,
we treat <q, a> as a positive sample and we randomly choose different APIs not in S as negative samples. Since
the positive samples are far less than the negative samples in real scenarios, we follow the setting of previous
study [42] to keep the positive samples as 10% when generating the training data.

ACM Trans. Softw. Eng. Methodol.
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4 EXPERIMENT DESIGN
4.1 Research Questions

To evaluate our approach, we aim at answering the following research questions.

e RQ1. How effective is APIGens for API sequence recommendation?
e RQ2. How effective is APIGens for API set recommendation?
e RQ3. How do the different modules in APIGens affect the performance?

Note that, APIGens is designed for API sequence generation, while some existing approaches are proposed
(or can only) for recommending a set of APIs [14, 42]. To demonstrate the feasibility of APIGens in API set
recommendation and its advantages compared with existing approaches, we also treat our generated API sequence
as a set of APIs and compare with these approaches. Therefore, we compare APIGens with state-of-the art baselines
in both API sequence recommendation and API set recommendation task in RQ1 and RQ2 respectively. For
RQ3, we evaluate the performance of APIGens without the module 2 or module 1&2 as mentioned in Section 3.3,
to reveal the benefits of them.

4.2 Dataset

We utilize two datasets for evaluation, i.e., the commonly-used dataset in existing approaches (short for CLEAR’s
dataset) and newly collected dataset (short for APIGens’s dataset).

CLEAR’s Dataset: 1t is the most commonly-used dataset (also used by the state-of-the-art approach [42]). It
is first collected by by Huang et al. [14], and some noise is filtered (e:g., SO posts with no API in the answers)
following Wei et al. [42]. So we utilize the filtered version provided by [42], which contains 21,479 samples in the
training dataset, and 259 samples in the testing dataset.

Furthermore, we notice that more than 90% queries in this dataset are answered with a single API, which
cannot fully demonstrate the capability of our proposed approach in recommending API sequence. Therefore, we
start out to build a new dataset with queries involving multiple APIs, which can be utilized to demonstrate the
performance of API sequence recommendation.

APIGens’s Dataset: We obtain all queries and related answers submitted from 2008-08 to 2022-05 from SO
website[35, 36] via Stack Exchange Data Explorer?, then select these queries tagged with “java” and having
accepted answers following existing studies[42]. This results in 836,122 queries and related answers. After that,
we extract the text in <code> tags to obtain the code in the accepted answer, then we perform regular matching
refer to BIKER’s [14] heuristic rules on the extracted text to obtain the API and there are 99,612 samples related
to APL Specifically, we identify the API through identifying parentheses and also restore the class of variables
through finding the‘declarations in the code. We further follow BIKER’s [14] method which constructs an API
name dictionary to recognize the package name of the APIs, and retained posts that involve multiple API in class
level. Eventually collect 37,282 samples with API sequence. For this part of the dataset, we use LLM to clean it
up, removing questions that LLM believe are not programming tasks or needed clarification, and obtain 15,606
samples. Specifically, in the LLM cleanup process, for each sample, we ask the LLM whether it is a programming
task (asking it to answer yes or no) and give it 10 examples as references. We keep the samples that LLM considers
to be programming task. We also applied the same procedure for whether the samples needed clarification, and
keep the samples that the LLM do not think needed clarification.

For the testing set, we refer the BIKER’s criterion to generate, i.e., filter out the samples that do not ask a
coding question or have an unclear description of the purpose, etc., and finally result in 265 samples.

2https://data.stackexchange.com/
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Note that, we utilize CLEAR’s dataset for evaluating the performance of API set recommendation since the
recommended APIs in this dataset are unordered, and we utilize APIGens’s dataset for evaluating the performance
of API sequence recommendation.

4.3 Baselines

DeepAPI[9]: the commonly-used approach for API sequence generation with seq2seq model. It models the API
recommendation as the machine translation task, and utilizes the RNN model to translate the natural language
query to an API sequence[12, 33].

DGAS[40]: the state-of-the-art API sequence search approach with attention network. It uses inner attention
mechanism and cross attention mechanism to calculate similarity based on three input, i.e., API, document, and
query. Firstly, DGAS will calculate the attention encoding for the three separately, and then the combination of
these encoding will be used to further calculate the final representation of query, API and document. Finally, the
cosine similarity will be calculated to search the similar API sequences.

BIKER[14]: the commonly-used approach for API set recommendation, which can only recommend a set
of APIs, rather than the API sequence. It first recommends related queries toretrieve the candidate APIs, and
then re-ranks the candidates based on the similarity between the query and API'documentation with TF-IDF and
word2vec[23] techniques.

CLEAR[42]: the state-of-the-art approach for API set recommendation. It retrieves the relevant questions
from the dataset with BERT-based embedding model and contrastive learning technique[39], and recommends
the corresponding APIs from the retrieved questions.

To summarize, we utilize DeepAPI and DGAS as baselines for API sequence recommendation on APIGens’s
dataset, and utilize BIKER and CLEAR as baselines for API set recommendation on CLEAR’s dataset.

4.4 Evaluation Metrics

To evaluate the performance of our approach on API sequence generation and API set recommendation, we
utilize different metrics following existing studies [9, 14, 42]. Specifically, we employ ROUGE, which is usually
used in sequence generation task, for API sequence recommendation, and utilize Recall@K, MAP, and MRR for
API set recommendation. Since APIGens can obtain top-K sequences, we will calculate the maximum ROUGE of
recommended top-K sequences, and record them as ROUGE@K.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [18] compares an automatically generated se-
quence with a set of reference sequences, and calculates the corresponding score to measure the similarity
between the automatically generated sequence and the reference sequences. In this study, we adopt ROUGE-L as
a metric.

Recall@K [48] measures the proportion of the correct API recommended in the top-K recommendations among
all ground truth APIs. It evaluates the model’s ability in finding all correct APIs.

MAP (Mean Average Precision) [34] is defined as the mean of the Average Precision (AP) values obtained for
all the evaluation queries. The AP is the sum of the product of recall change and corresponding precision at every
position in the recommended result.

MRR (Mean Reciprocal Rank) [28] is a general metric of information retrieval algorithm evaluation, which can
examine the quality of recommendation results in ranking order.

4.5 Experimental Settings
For RQ1, we run our approach and baselines on the APIGens’s dataset, and obtain their performance in terms of

the method-level sequences recommendation and class-level sequences recommendation.
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For RQ2, similar to RQ1, we will use the CLEAR’s dataset for experiments, running our approach and baselines
on the dataset to obtain their performance on both level, and preserve the experimental settings of CLEAR if
possible. For the recommendation results of APIGens, we rank the APIs in order of their appearance in the ranked
sequences and only consider the first appearance.

For RQ3, we remove the module 2 or module 1&2, and obtain the recommendation performance to demonstrate
the benefits of them. In addition, when the second module is removed, the candidate solutions will be directly
used as the prompt examples and we will set the parameters of LLM to enable it to return multiple responses
because there will be no API seeds. Since the second module needs to be based on the output of the first module,
the first module will not be removed independently and when the both modules are removed, we will use random
samples as the prompt examples.

For the retrieval information source used by APIGens, we adopt the training set used in the corresponding
RQ to ensure consistency with the usage scenario and we use the API documents collected in BIKER in our
experiments. For the LLM, we adopt GPT-3.5-turbo-1106 [27] to complete subsequent experiments.

5 RESULTS

5.1 Answering RQ1 APl Sequence Recommendation

Table 2. Performance comparison of different approaches on APl sequence dataset (RQ1)

API Level H Method-Level H Class-Level
Approach || OUR || DeepAPI ||  DGAS . |[/OUR |/ DeepAPI ||  DGAS
V(%) & I* H Val. H Val. ‘ Imp. H Val. ‘ Imp. H Val. H Val. ‘ Imp. H Val. ‘ Imp.

ROUGE@1 24.03 || 15.24 | 57.68% 12.39 | 93.95% 40.43 || 29.71 | 36.08% || 24.55 | 64.68%
ROUGE@3 38.03 || 18.82 | 102.07% || 16.88 | 125.30% || 53.47 || 37.42 | 42.89% || 28.85 | 85.34%
ROUGE@5 42.13 || 20.56 | 10491% || 19.28 | 118.52% || 58.13 || 41.51 | 40.04% || 31.03 | 87.33%
ROUGE@10 || 48.41 || 23.43 | 106.62% || 23.55 | 105.56% || 64.78 || 43.81 | 47.87% || 34.02 | 90.42%

*Value and Improvement, underline: p < 0.05

Table 2 presents the ROUGE values of APIGens and two baselines, both at the method-level and the class-level.
Since method-level and class-level demonstrate similar trend, the following analysis focuses on the method-level
performance, which is more-widely used. In addition, we also presents the Wilcoxon signed-rank test [43] results.
The underlined parts in the experimental results indicate that the performance is significantly lower than the
corresponding performance of our approach.

APIGens can.outperform the baselines in all metrics. It can achieve 24.03% ROUGE@1, 38.03% ROUGE@3, and
42.13% ROUGE @5, and 48.41% ROUGE@10 respectively. The relatively high ROUGE indicates that our approach
can generate the correct API sequences. For the general generative models, latest researches [4, 17, 32] achieved
around 40% ROUGE-L, and relevant Al company documents [26] also mention that a ROUGE-L exceeding 45%
can be considered a high level. Considering the task is different, our task target sequence is shorter, which lead to
worse fault tolerance, so it can be considered that the results of our approach are satisfying. Taken in this sense,
APIGens achieves promising performance.

Compared with DeepAPI, APIGens improves it by 57.68% in ROUGE@1, and 106.62% in ROUGE@10. When
compared with DGAS, the performance improvement is respectively 93.95% in ROUGE@1, and 105.56% in
ROUGE@10. This is because we adopt the state-of-the-art generation model, i.e., large language model, and
incorporate both the relevance samples and extracted API seeds. DeepAPI only considers the direct translation of
the input query into API sequence, and does not utilize any other information. While for DGAS, it only use the
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API document data, and without the process for filtering irrelevant historical data. Thus their performance are
relatively poorer.

APIGens can achieve the ROUGE@10 of 48.41% on API sequence recommendation, which outperforms the
state-of-the-art baselines in a large margin.

5.2 Answering RQ2 API Set Recommendation

Table 3. Performance comparison of different approaches on API set dataset (RQ2)

API Level H Method-Level H Class-Level
Approach || OUR ||  BIKER || CLEAR || OUR || BIKER (|| _CLEAR
V(%) & I* H Val. ‘ Val. ‘ Imp. H Val. ‘ Imp. H Val. H Val. ] Imp. H Val. ' Imp.
Recall@1 70.46 || 45.95 | 53.36% || 59.46 | 18.51% || 81.66 || 61.97 | 31.78% ||.77.41 | 5.49%
Recall@3 90.35 || 69.31 | 30.36% || 80.69 | 11.96% || 94.59 || 84.17 | 12.39% || 93.05 | 1.66%
Recall@5 93.82 || 79.34 | 18.25% || 86.10 | 8.97% 96.33 || 91.89 | 4.83% 95.56 | 0.81%
Recall@10 || 96.33 || 89.19 | 8.01% || 91.31 | 5.50% || 97.49 || 95.75 | 1.81% || 96.33 | 1.20%
MAP 82.61 || 61.23 | 34.92% || 72.56 | 13.86% || 88.95 || 74.67 | 19.13% || 85.81 | 3.66%
MRR 82.97 || 62.38 | 33.02% || 72.96 | 13.72% || 90.85 || 75.29 | 20.67% || 87.64 | 3.66%

*Value and Improvement, underline: p < 0.05

Table 3 presents the Recall@K, MAP and MRR values of each approach, both at method-level and class-level.
As previous section, we focus on the method-level performance.

We can see that, among the approaches, APIGens can outperform others in all metrics. Our approach can
achieve 96.33%, 82.61%, 82.97% on Recall@10, MAP and MRR respectively, which indicates that our approach can
find at least one correct API in the top 10 recommendation in 96.33% cases.

Compared with BIKER, our.approach improves by 8.01%, 34.92% and 34.02% in the three metrics of Recall@10,
MAP and MRR respectively; and by 5:50%, 13.86% and 13.72% compared with CLEAR. The higher Recall@K
means that compared with other approaches, our approach can find more correct APIs when the number of
retrieves is fixed, and the higher MAP and MRR indicate that our approach can rank the correct API higher than
other approaches. This might because the BIKER utilizes the simple similarity metrics, i.e., word2vec and TFIDF,
for retrieving the related posts and recommending APIs, which is less accurate. Besides, CLEAR utilizes the
BERT-based retrieve and re-rank framework for API recommendation, which is superior than BIKER. Nevertheless,
we design our approach to incorporate the BERT and LLM for better understanding the query and the APIs,
which achieves the highest performance.

In addition, we also observe that with the number of candidate recommendations increases, the performance
between our approach and the baselines becomes closer. Yet in the API recommendation scenario, one would pay
more attention to the recommendation ranked in the top, and might not have the patient to glance the tenth
recommendations, which further indicates the superior of our approach.

For class level, we can see that the performance difference between our approach and CLEAR is small, which
may be due to the less variations of API set recommendations at the class level, making it easy to retrieve answers,
so the improvement between the two is not significant.
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APIGens can achieve the MAP value of 82.61% on API set recommendation, which outperforms the state-of-

the-art baselines in a large margin.

5.3 Answering RQ3 Module Contribution

Table 4. Performance comparison at different modules (RQ3)

Level | Models | ROUGE@1 | ROUGE@3 | ROUGE@5 | ROUGE@10

APIGens Complete 24.0378.93% | 38.03117.12% | 42.13117.48% | 48.41728.07%

Method | APIGens w/o API module 22.06728.03% | 32.47117.14% | 35.86117.77% | 37.80116.52%
APIGens w/o both modules 17.23 27.72 30.45 32.44

APIGens complete 40.4370.20% 53.47713.70% 58.13718.41% | 64.78716.97%

Class APIGens w/o API module 40.35716.05% | 51.56713.00% | 53.62711.31% | 55.38]11.90%
APIGens w/o both modules 34.77 45.63 30.45 49.49

underline: p < 0.05. The improvement of the target model is based on the model in the next row, i.e,
APIGens complete VS APIGens w/o API module and
APIGens w/o API module VS APIGens w/o both modules

We incorporate both the relevance samples and extracted API seeds in the basic LLM to boost the performance.
Table 4 shows the performance of removing the module 2 and both modules as mentioned in Section 4.5. We can
find that using all modules, i.e., the proposed approach, has the highest performance and can achieve 48.41% on
ROUGE@10 at method level and 67.78% at class level, which improves ROUGE@10 by 28.07% at method level
and 16.97% at class level compared to the approach without API module.

In addition, it can be seen that the improvement at the class level is less than the improvement at the method
level. This may be because the class level recommendation greatly reduces the scope of API retrieval, making
retrieval easier.

From the results, it can be seen that the contribution of module 1 is mainly in recommending more relevant
results. However, due to the lack of API seeds, its diversity is limited and it is prone to encountering local optima.
Therefore, as k increases, the improvement rate will not increase. Module 2 receives the output of module 1 and
extracts relevant APIs as API'seeds. As these APIs are related to the query, it greatly increases the reasonable
generation scope, thereby increasing the diversity of results and reducing the possibility of local optima. Therefore,
it can be seen that as k increases, the improvement rate also continues to increase, because it includes more
related APIs.

The both module contributes to the API sequence recommendation. Module 1 mainly focus on the relevance
of results and module 2 mainly focus on diversity of results.

6 DISCUSSION
6.1

From our approach design in Figure 5, it can be seen that we use the retrieval re-ranking model and LLM, which
involve two different features of our approach, namely the retrieval feature of the first module and the generation
feature of the third module. These two features are suitable for different scenarios, and retrieval feature can
achieve higher effectiveness of solutions because the recommend solutions have been confirmed by developers
in the past. Therefore, this is more suitable for recommending solutions to common programming questions,

Complementary of Retrieval and Generation
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Fig. 8. Performance differences between retrieval solutions and generative solutions

which highly beneficial for junior developers because they are more likely to raise questions about some basic
programming knowledge. On the other hand, for the generation feature of LLM, it is more creative, that is, its
solution is written by LLM based on programming questions combined with its own knowledge, so this is more
suitable for some rare programming questions, and therefore more beneficial for senior developers.

From Table 4, it can be seen that the generation performance of the LLM is not promising without relevant
references and API seeds. However, as mentioned earlier, this does not mean that it can be completely dependent
on retrieval feature to complete the API recommendation task. Figure 8 shows the difference in ROUGE@10
between the API sequence results generated using only LLM and API sequence in the candidate solutions obtained
from module 1 (as mentioned in Section 3.1). The horizontal'axis represents the test samples, and the vertical axis
represents the difference between the two recommended results on that sample. The upper half of the horizontal
axis indicates that the candidate solution is superior to the generated solution, while the lower half indicates
that the generated solution is superior to the candidate solution. The length of the bar represents the difference
between the two results. It can be seen that not all candidate solutions have higher ROUGE@10 on all samples,
and for some samples, the generation solutions is superior to the candidate solutions, which represents the
complementarity between retrieval feature and generation feature.

6.2 Impact of Pre-trained Knowledge

Artificial intelligence technology has made significant progress. In recent years, the emergence of large language
models bring this field into a new era, expanding artificial intelligence from artificial narrow intelligence (ANI)
to artificial general intelligence (AGI), unifying specific problem paradigms into unified paradigms. Although
the structure and volume of artificial intelligence models have become increasingly sophisticated, what remains
unchanged is that researchers are trying to incorporate knowledge into the weights of the models to obtain
pre-trained models. Afterwards, we complete our task by fine-tuning or directly using these pre-trained models.

In this paper, we used ChatGPT as the LLM for sequence generation in our approach, and in addition to
ChatGPT, there are many open-source LLMs that can be used as part of our approach. For example, the Llama
model published by Facebook[38] and the Gemma model published by Google[22]. Therefore, in this section, we
will use these models for API sequence generation to evaluate performance differences.

Table 5 shows the performance of using Llama3-8B and Gemma-7B model, and we can see that the performance
of both models is not as good as ChatGPT, which is easy to understand because ChatGPT has a much larger number
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Table 5. Performance comparison of different open source LLM

API Level ‘ ‘ Method-Level ‘ ‘ Class-Level

Approach H OUR H Llama3-8B H Gemma-7B H OUR H Llama3-8B H Gemma-7B
V(%) & I* H Val. H Val. ‘ Imp. H Val. ‘ Imp. H Val. H Val. ‘ Imp. H Val. ‘ Imp.

ROUGE@1 24.03 || 21.20 | 13.35% || 19.25 | 24.83% || 40.43 || 33.93 | 19.16% || 31.80 | 27.14%
ROUGE@3 38.03 || 33.58 | 13.25% || 31.33 | 21.39% || 53.47 || 47.58 | 12.38% || 47.13 | 13.45%
ROUGE@5 42.13 || 37.18 | 13.31% || 35.49 | 18.71% || 58.13 || 51.77 | 12.29% || 53.36 | 8.94%
ROUGE@10 || 48.41 || 43.27 | 11.88% || 39.97 | 21.12% || 64.78 || 58.28 | 11.15% || 61.12 |.5.99%

*Value and Improvement, underline: p < 0.05

of parameters than these two models. However, these two models have also shown promising performance, so
they can also be used for some low-cost solutions. Due to limitations in computing resources, we did not conduct
experiments on larger LLM and we will consider it as a future work.

Both of the above models belong to AGI models. In fact, before AGI models became popular, researchers mainly
relied on some ANI models for fine-tuning to form solutions. These ANI models are often trained based on domain
specific knowledge. Although they do not have the ability to solve general problems, they often have impressive
performance in domain task. For example, CodeBert[8] based on BERT and CodeTrans[7] based on T5[29] are
widely used in code related tasks, such as code document generation. In addition; Elnaggar et al. and Martin et al.
also used these models to generate API sequence[7, 20]. We also fine-tune these two models to evaluate their
performance and explore the impact of pre-training knowledge.

Table 6. Performance comparison of different pre-trained models

API Level ‘ ‘ Method-Level ‘ ‘ Class-Level

Approach H OUR H CodeBert H CodeTrans H OUR H CodeBert H CodeTrans
V(%) &I* || Val

‘ Val. ‘ Imp. H Val. ‘ Imp. H Val. H Val. ‘ Imp. H Val. ‘ Imp.
ROUGE@1 || 24.03 II 1732 | 38.74% || 16.74 | 43.55% || 40.43 || 33.48 | 20.76% || 29.87 | 35.35%

ROUGE@3 38.03 || 23.93 | 58.92% || 21.89 | 73.73% || 53.47 || 46.49 | 15.01% || 41.55 | 28.69%
ROUGE@5 42.13 || 27.40 | 53.76% || 24.56 | 71.54% || 58.13 || 51.28 | 13.36% || 46.39 | 25.31%
ROUGE@10 || 48.41{| 32.36 | 49.60% || 30.85 | 56.92% || 64.78 || 58.06 | 11.57% || 54.08 | 19.79%

*Value and Improvement, underline: p < 0.05

As shown in Table 6, we can see that the performance of both models is lower than our approach, but compared
to DeepAPI and DGAS, they have large improvements, indicating that pre training knowledge can play an
important role in the task of this paper.

Overall, from the above experimental results, it can be seen that compared to traditional methods, pre-training
knowledge has a significant impact, which is also in line with the current development trend of artificial
intelligence, which constructs intelligence with massive knowledge.

6.3 Threats to validity

The first threat comes from our implementation of the baseline approach and collection of the dataset. To mitigate
this threat, we reuse the replication packages provided by the original paper to ensure its correctness. For DGAS,
which did not provide the code, we implemented it as described in the original paper, since it did not provide the
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static Word2vec encoding, we used the pre-trained model provided by Google®, so the encoding dimensions also
set according to that pre-trained model. For our collected API sequence dataset, we follow existing studies and
refer to the heuristic rules to filter the datasets. The second threat comes from our selection of evaluation metrics.
Inappropriate evaluation metrics will lead to misleading experimental results. In order to reduce this threat, the
evaluation metrics we selected are commonly-used in the research of sequence generation or recommendation
task.

7 RELATED WORK

Recommending APIs from the natural language query is widely studies in previous[9, 14, 42]. There are also
some researches that provide auxiliary tools to optimize the API retrieval process. McMillan etal.[21] proposed
the Portfolio code search system, which can provide visual API related function search results for programmers.
Thung et al.[37] applied the API recommendation approach to the feature request (FR) scenario and automatically
recommended API by querying historical FR database and API documentation. Rahman et al.[30] proposed the
RACK tool, which constructs a top-K API association set based on a large amount of data from Stack Overflow.
However, this approach can only recommend classes and therefore does not serve as our baseline. Yuan et al.[49]
studied API recommendation for event-driven programming frameworks such as the Android framework, built
the LibraryGuru recommendation library, which is a database containing Android-related APIs. Xie et al.[47]
conducted a large-scale empirical research, and extracted 87 classes of 356 functional verbs and 523 phrase
patterns. Based on these verbs, programmers can build an appropriate query. These studies are mainly used in
the specific scenarios or need specific configuration, so they are not considered in this paper. Huang et al.[13]
designed a knowledge graph based multi-round human-machine interaction to facilitate the query clarification
and recommend an API based on the user’s answers. Apart from the natural language based API recommendation
approach, some studies focused on the context aware API recommendation [2, 3, 11, 15, 19, 24, 25, 46], which
recommends the suitable APIs according to the programming context. The input of theirs are different from this
work, therefore we do not utilize them as the baselines.

8 CONCLUSION

In this paper, we propose APIGens, a retrieval-enhanced large language model based API recommendation
approach to recommend API sequences for users by incorporating the historical data and API documents. Our
experimental results confirm the effectiveness of APIGens for API recommendation. Furthermore, we also discuss
the complementary of retrieval and generation for recommending the API sequence and prove that both of them
are useful for the API sequence recommendation task. In the future, we will continue to develop tools, optimize
the user experience, and provide more convenient API sequence recommendation services.
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