Transactions on Services Computing

LMSR: LLM-enhanced Multi-perspective Service Feature
Learning for Web API Recommendation

Journal:

Transactions on Services Computing

Manuscript ID

TSC-2025-04-0497

Manuscript Type: | Regular Paper
M Services Computing, M.3 Web Services < M Services Computing,
Keywords: | M.11.3.b Service Mash-up < M.11.3 Software as Services < M.11

Services Delivery Platform and Methodology < M Services Computing

SCHOLARONE™
Manuscripts




Page 1 of 14

oNOYTULT D WN =

IEEE TRANSACTIONS ON SERVICES COMPUTING, 2025

Transactions on Services Computing

LMSR: LLM-enhanced Multi-perspective Service
Feature Learning for Web API Recommendation

Song Yang, Guobing Zou*, Shengxiang Hu, Shengye Pang*, Yanglan Gan, Bofeng Zhang, and Yixin Chen,
Fellow, IEEE

Abstract—Web APIs have become a fundamental paradigm
in the Web 4.0 era, with mashup services emerging as a
transformative technology that combines multiple APIs to create
comprehensive services. However, existing Web API recommen-
dation approaches exhibit two significant limitations: overlooking
the quality and completeness of recommendation contexts of
new mashup requirements, and failing to effectively extract
high-quality collaborative features from multi-perspective service
relationships between mashup requirements and APIs. To address
these limitations, this paper proposes LMSR, a novel LLM-
enhanced Multi-perspective Service Feature Learning framework
for Web API Recommendation. LMSR first leverages pre-trained
LLM:s to refine and encode the original requirement descriptions,
and extracts context enhancement features across similar service
context prediction tasks, enabling accurate prediction of mashup
requirement categories and relevant APIs, thus enhancing the
recommendation context of mashup requirements. Furthermore,
by integrating the refined mashup descriptions, predicted cat-
egories, and relevant APIs into the LLM through fine-tuning,
LMSR effectively extracts collaborative features from multi-
perspective service relationships between mashup requirements
and APIs, ultimately achieving precise Web API recommenda-
tion. Comprehensive experiments on real-world datasets demon-
strate that LMSR significantly outperforms 11 baseline ap-
proaches across precision, recall, F1-score, and NDCG, validating
its effectiveness in Web API recommendation.

Index Terms—Web API recommendation, mashup creation,
mashup requirement context, collaborative service feature learn-
ing.

I. INTRODUCTION

S a fundamental paradigm of the Web 4.0 era, Web

APIs have witnessed unprecedented proliferation in both
diversity and scale over recent years, establishing themselves
as an integral component of the contemporary service-oriented
society [1] [2]. However, the increasing sophistication of user
requirements has made individual Web API insufficient to
address the multifaceted service demands of modern Web
users. Moreover, with the continuous advancement of Al
multi-agent applications, the integration of diverse Web tools
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for comprehensive functional execution has attracted signifi-
cant research attention. Consequently, mashup services, which
combine existing Web APIs in specific ways to create new
comprehensive services, have emerged as a highly transforma-
tive network service technology, and have been widely applied
in various sectors of the service industry [3].

Nevertheless, the identification and selection of appro-
priate Web APIs from an extensive repository for mashup
service creation remains a labor-intensive and resource-
demanding challenge for service developers. For instance,
ProgrammableWeb (PW), the largest online service registry
platform, has registered 22,611 Web APIs and 6,419 mashup
services by March 2022 [4]. Given the vast scale of available
Web APIs, it is impractical for developers to comprehensively
understand the functionalities of each service. Consequently,
automatically and precisely recommending appropriate Web
APIs based on the developers’ requirement descriptions,
thereby facilitating efficient and effective mashup service
construction, has emerged as a critical research direction in
service computing [5].

In recent years, Web API recommendation has drawn signif-
icant attention from researchers [6]—[17]. Current research in
Web API recommendation can be primarily classified into four
categories: collaborative filtering (CF)-based approaches [11],
[15]], content-based approaches [8], [[13]], deep learning-based
approaches [2], [4]], [9], and Large language Model (LLM)-
based approaches [16], [17]. Both CF-based and content-
based approaches often show limited performance in Web API
recommendation, as they focus solely on either the mashup
requirement description or the historical invocation records.
In comparison, deep learning-based approaches can effectively
utilize large-scale service data to achieve better recommenda-
tion results. However, the limited feature extraction capabili-
ties of deep neural networks constrain the further enhancement
of recommendation performance in deep learning-based ap-
proaches. Consequently, researchers [16], [[17]] have leveraged
the powerful semantic understanding and feature extraction
capabilities of LLMs for Web API recommendation, achieving
state-of-the-art (SOTA) recommendation performance.

While substantial advancements have been achieved, exist-
ing Web API recommendation approaches face two signif-
icant limitations. First, existing approaches primarily focus
on historical mashups while overlooking the quality of new
mashup requirements and the completeness of their recom-
mendation context. Specifically, due to the cold-start nature
of API recommendation, new mashup requirements typically
contain only requirement descriptions without categories or
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invoked APIs, making it challenging for existing approaches
to leverage categorical relationships and historical invocation
relationships for API recommendation. Furthermore, the lack
of standardization in service descriptions results in substantial
recommendation-irrelevant redundant information contained in
requirement description, severely affecting the extraction of
high-quality semantic features. Second, existing approaches
fail to effectively extract collaborative features from multi-
perspective service relationships between mashup require-
ments and Web APIs. On one hand, due to the inability
to accurately predict mashup categories and relevant APIs,
existing approaches struggle to simultaneously consider multi-
perspective service relationships, including semantic, categor-
ical, and invocation relationships during recommendation. On
the other hand, constrained by the scale and generalization
capabilities of feature extraction models, existing approaches
fail to extract high-quality collaborative features from these
multi-perspective service relationships, thereby significantly
compromising the performance of Web API recommendation.

To address the limitations in existing Web API recom-
mendation approaches, we propose LMSR, a novel LLM-
enhanced Multi-perspective Service Feature Learning frame-
work for Web API Recommendation. LMSR consists of two
primary modules: LLM-based mashup requirement recom-
mendation context enhancement, and multi-perspective collab-
orative service feature extraction and recommendation by fine-
tuning LLM. First, we leverage a pre-trained LLM combined
with prompt engineering to refine the original requirement
descriptions. Subsequently, we encode the refined descriptions
using the LLM and propose a neural network based on differ-
ential attention [18]] and mixture of service experts (MoSE) to
extract generic context enhancement features across various
similar recommendation contexts. Finally, through external
category prediction and relevant API identification layers, we
accurately predict the associated categories and relevant APIs
for mashup requirements, thereby enhancing and completing
multiple contexts necessary for mashup requirement recom-
mendation. Furthermore, we design a specialized prompt that
integrates the obtained mashup categories and relevant APIs
along with refined descriptions into the LLM, enabling si-
multaneous consideration of multi-perspective service relation-
ships between mashup and Web APIs for collaborative feature
extraction. Additionally, we employ Q-LoRA [19] technique
to fine-tune the pre-trained LLM and replace its generative
output layer with a Web API recommendation layer, enabling
the LLM to effectively and accurately extract collaborative
service features from multi-perspective service relationships
and achieve precise Web API recommendation.

To validate LMSR’s effectiveness, we conduct compre-
hensive experiments on real-world datasets comprising 8,420
mashups and 21,614 Web APIs. Through extensive compar-
isons with eleven baseline approaches, including current SOTA
approaches, across four standard metrics (precision, recall,
MAP, and NDCG), we demonstrate that LMSR consistently
achieves superior performance in Web API recommendation,
significantly outperforming all existing approaches. In sum-
mary, the main contributions of this paper can be outlined as
follows:

2

e We propose LMSR, a novel LLM-enhanced multi-
perspective service feature learning framework for Web
API recommendation. Initially, LMSR employs the pre-
trained LLM and MoSE context enhancement feature
extraction network to address the low-quality and miss-
ing recommendation contexts of new mashup require-
ments. Specifically, through requirement description re-
finement, category prediction, and relevant API identifi-
cation, LMSR provides comprehensive recommendation
contexts for mashup requirements to facilitate subsequent
recommendation.

« We integrate refined descriptions, categories and relevant
APIs into the LLM through a specially designed prompt.
Furthermore, we fine-tune the LLM and replace its output
layer with a Web API recommendation layer, enabling
effective extraction of collaborative service features from
multi-perspective service relationship between mashup
requirements and Web APIs, ultimately achieving precise
Web API recommendation.

¢ We conduct comprehensive experiments on real-world
large-scale datasets to validate LMSR’s effectiveness.
Through extensive comparisons with eleven baseline ap-
proaches across four standard metrics, we demonstrate
that LMSR consistently achieves superior performance
in Web API recommendation, significantly outperforming
all existing approaches.

The remainder of this paper is organized as follows. Section
is the formulation of the Web API recommendation problem
for mashup requirement. Section illustrates the overall
framework of LMSR. Section [[V]| depicts the LMSR approach
in detail. Section presents the experimental results and
detailed experiment analysis. Section is related work.
Finally, Section concludes this paper and discusses the
future work.

II. PROBLEM FORMULATION

In this section, we introduce the relevant definitions of the
Web API recommendation problem addressed in this paper.
First, the definition of Web API used in this paper is as follows.
Definition 1 (Web API). The Web API s can be represented
as a triple-tuple s = (Dg, Ng,Cs), where Dy, Ny, Cy is
the function description, name and category of Web API s,
respectively. Furthermore, the Web API repository S can be
represented as a set S = {s1,52,...,5,}, where s, €S isa
Web API and p is the scale of the API repository.

Given the Web API repository S, a mashup service can be
created by the Web API within S and defined as follow.
Definition 2 (Mashup Service). A mashup service m can
be depicted as a quadruple m = (D, Ny, Cry, Syy), where
Dy, Ny, C, is the function description, name and category
of mashup service m, respectively, S,, is the set of Web API
invoked by m. Additionally, the mashup repository is defined
as M = {my,ma, ..., my}, each m; € M is a mashup service.

Based on the definition of API and mashup, the invocation
relation I between mashups and APIs can be acquired.
Definition 3 (Invocation Relationship between Mashups
and APIs). The invocation relationship between mashups and

Page 2 of 14
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Fig. 1. The overall architecture of LMSR consists of two modules: LLM-based mashup requirement recommendation context enhancement, and multi-
perspective collaborative service feature extraction and recommendation by fine-tuning LLM.

APIs can be described as a matrix 1" = {1V I}, ... IP},
where I f € I"*P is a row vector with scale of p, representing
the invocation relationship of mashup m; across all p APIs. In
this paper, T f is defined as a one-hot vector. Specifically, if a
certain Web API s; is contained in Smj, then the i-th position
in If is 1, otherwise it is 0.

Unlike existing mashups, a mashup requirement refers to a
user-submitted mashup with incomplete information.
Definition 4 (Mashup Requirement). A mashup requirement
m" can be defined as a binary tuple m" = (D,,,r, Ny, ), where
Dy,» and Ny~ denote the mashup requirement description and
name provided by the user, respectively.

To enhance recommendation accuracy, a complete mashup
requirement recommendation context should be constructed.
Definition 5 (Mashup Requirement Recommendation Con-
text). Mashup requirement recommendation context comprises
various service context essential for API recommendation,
such as requirement description D,,r, associated categories
Chmr, and a list of potentially invoked relevant APIs S¢,. C S.

It should be noted that the relevant APIs S, only partially
capture the mashup’s invocation relationship and will not be
considered as the final recommended API list. Synthesizing
the aforementioned definitions, the Web API recommendation
problem for mashup requirement can be defined as follows.
Definition 6 (Web API Recommendation Problem
for Mashup Requirement). The Web API recommenda-
tion problem $) can be defined as a six-tuple, Q@ =

(S, M, I,m",S¢ ., Cp,r), where m” is the newly added mashup
requirement needed to be recommended Web APIs. S, . is the
predicted relevant API set of m”, and C,,~ is the predicted
mashup category of m”. The objective of the Web API recom-
mendation problem is to find a set of Web APIs S,,» C S
from Web API repository for m”, such that the functional

requirements of m” can be satisfied by the Web APIs in S,,r.

III. THE FRAMEWORK OF LMSR

As shown in Fig. [T} LMSR consists of two modules: LLM-
based mashup requirement recommendation context enhance-
ment, and multi-perspective collaborative service feature ex-
traction and recommendation by fine-tuning LLM. The process
of each modules in LMSR is described as below.

o In the module of LLM-based mashup requirement rec-
ommendation context enhancement, we first propose a
specially designed prompt, which guides the LLM to
perform step-by-step inferring. First, the LLM analyzes
the correlation of each sentence in the mashup require-
ment description to the API recommendation task. Then,
it removes statements from the original requirement de-
scription not highly related to the recommendation task,
ultimately outputting a more concise refined mashup
requirement description. Furthermore, we transform the
refinement descriptions into initial semantic features
through a LLM-based encoder model. After this, we
employ a MoSE network with multi-head differential
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attention to learn generic context enhancement features
across multiple similar service contexts. Finally, we feed
the context enhancement features into task-specific layers
to obtain mashup categories and relevant APIs for further
recommendation.

« In the module of multi-perspective collaborative service
feature extraction and recommendation by fine-tuning
LLM, we first integrate the previously predicted mashup
categories, relevant APIs and refined requirement descrip-
tion through a specially designed prompt as input for
the LLM. Subsequently, we utilize the LLM’s pre-trained
tokenizer and embedding layer to transform the multi-
perspective service collaborative context into embed-
dings. Furthermore, by fine-tuning LLM with Q-LoRA
techniques, we efficiently integrate multi-perspective ser-
vice collaborative features extraction parameters into
LLM’s pre-trained parameters, enabling the LLM to
extract high-quality collaborative service features. Finally,
we replace the LLM’s original generative output layer to
achieve precise Web API recommendation.

IV. APPROACH

A. LLM-based Mashup Requirement Recommendation Con-
text Enhancement

1) Service Description Refinement and Initial Semantic
Representation: Service description is the most fundamental
semantic information for Web API recommendation. How-
ever, it often contains substantial statements irrelevant to
functionality or requirements. These supplementary contents
make service descriptions verbose and introduces additional
noise, making it challenging to extract high-quality semantic
features. Therefore, we employ pre-trained LLMs combined
with prompt engineering [20] to refine the service descriptions.

Specifically, given the service description with n words D =
{wi,wa,...,w,} and the prompt 7, the input of LLM can
be represented as follow:

X = Splice(7T,D) (D

where Splice(-) is operation of text concatenation. Given an
LLM M, after incorporating the input X with a task prompt,
M generates a word sequence Y = {y1,y2, ..., ym} of length
m. Each y; € Y is generated as follow:

Y= M(X) = {ylay27"'aym}
Yi :argrrllﬁxP(wi|X7y1,y2,...7yi,1),wi ew 2
where W is the vocabulary of M.

Therefore, to refine service descriptions, we design a Chain-
of-Thought (CoT)-based Semantic Refinement Prompt (CSRP)
for service descriptions, which guides the LLM through step-
by-step reasoning and ultimately generates concise and well-
structured service descriptions

In detail, Fig. ] presents a case of using CSRP to refine
a mashup description. In the system prompt of CSRP, we
first designate the LLM’s role as a service description re-
construction system. Subsequently, we employ a CoT-based
prompt chaining technique to decompose the complex service
description refinement problem into three sequential subtasks.

4

System
Prompt

You are . Given a mashup description, you
need to first analyze the function of each sentence in the description; next, you need to
combine the downstream tasks (

), determine the
relevance of each sentence in the description to the downstream tasks; finally, you need to
retain the sentences with high relevance and remove the sentences with low relevance
based on the relevance of each sentence in the description with the downstream tasks.
Attention: You only need to output the final refactored mashup description

mashup description: Imagine the following situations: You sit in the cafe with your
laptop and you are printing a Billomat invoice on the printer at your home. Or you print

out the latest estimate on your customer's printer. Just with a fingertip on your iPad. ms“’rﬁ'ﬁm
The applications of the new Billomat function are limitless. Thanks to Google Cloud

Print you print from anywhere. Even on printers that are located miles away.eveloper
Challenge 2012, you can vote for it in the Gallery:
https://developers.google.com/places/challenge/gallery

mashup description after reconstruction:

This mashup uses Google Cloud Print to enable remote printing capabilities with
Billomat. You can print invoices or estimates from anywhere, even on printers located
o"u';"p"m miles away.

Fig. 2. A case study of mashup description refinement with CSRP.

First, CSRP guides the LLM to analyze the function of each
sentence in the description. Then, based on the sentence
function analysis results, CSRP directs the LLM to evaluate
the relevance of each sentence to the downstream Web API
recommendation task. Finally, based on this relevance analysis,
CSRP instructs the LLM to retain highly relevant sentences,
remove irrelevant or low-relevance sentences, and reconstruct
the service description, ultimately producing the semantically
refined service description.

Observing the output of LLM in Fig. 2] it can be noted that,
with the instruction of CSRP, the LLM is able to reconstruct
and remove redundant information irrelevant to Web API
recommendation, thereby generating high-quality and more
concise service descriptions. Generally, the mashup description
D! semantically refined by the LLM in conjunction with
CSRP is obtained as follows:

D!, = M(Splice(Tcsrp, D)) 3)

where Tosrp denotes the specific content of the CSRP, and
D,, is the original mashup description. Similarly, given a Web
API description Dy, the semantically refined description D’
can be obtained as follows:

D! = M(Splice(Tesrp, Ds)) 4)

Following the acquisition of service refined descriptions,
we leverage pre-trained LLM [21] M to obtain high-quality
service initial semantic features. Taking mashup descriptions
as an instance, for a refined description D;, of mashup m;
in mashup repository M, each token in D, are converted
into corresponding token embeddings through tokenizer and
embedding components of M, as shown in equation (3).

Vmi = [V[PAD]7 v 7V{PAD]7VI7 Vo,... 7V’n] (5)

Then, the initial embedding matrix V,y,, is input into M.
Ultimately, the output of the final hidden layer in M, will
be used as the initial semantic representation for the service

description, as illustrated in Equation ().
Hy (V) = Wy v

Similarly, we obtain the service initial semantic feature Fy,
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Fig. 3. Illustration of MoSE, including multi-head service differential atten-
tion and MoSE-based service context enhancement feature extraction.

of each existing APIs s; in API repository S.

2) Service Context Enhancement Feature Extraction: To
leverage the category and historical invocation relationships
between mashups and APIs for recommendation, and to further
enhance the recommendation context for the mashup require-
ment, we predict its categories and potentially invoked relevant
APIs. Furthermore, we observe that commonalities and simi-
larities exist among certain different context prediction tasks.
For instance, both the mashup and API category prediction
tasks are multi-class classification problems within the same
category space. Similarly, predicting relevant APIs for a target
mashup and the task of identifying existing mashups with
shared API invocations can both be framed as regression tasks
following a similar paradigm. Consequently, we can extract
common features from these related context prediction tasks.
To this end, we propose MoSE to extract context enhancement
features between similar service context prediction tasks, the
architecture of MoSE is illustrated in Fig. [3]

Specifically, service initial semantic features F are input
into a multi-head service differential attention-based residual
network. And the computation of service query features and
service key features in service differential attention is per-
formed through two parallel sets of linear transformations.
Specifically, the first set of linear layers Wy and Wik
projects F'y*"™ into the primary query-key feature space,
while the second set W/ and W g/ projects it into a com-
plementary feature space. This dual-space projection enables

Transactions on Services Computing

more comprehensive feature extraction and bias calibration
in the subsequent attention computation process, as shown in
Equation (7).

[foeQ for € Q]=[Wgq -Fa, W -F]

, @)
[fx €K, fr € K'] = [Wg -Fa, Wk - F]

where [fq, forl, [fk. fx] are the service query feature pairs
and key feature pairs obtained from the service initial semantic
representation F', respectively. For the service value feature set
V, we map it using a linear layer Wy, as shown in Equation
@)

freV=Wy.F )]

Next, we use the service query feature pairs [fg, for], service
key feature pairs [fx, fx’], service value feature fi- to com-
pute service differential attention score and attain the single-
head service attentional feature fp,, as shown in Equation

©.
Ipa=a-fv

fo - Ik fQ'fK))_fV ©)
Vk Vk

where a is the service differential attention score, k is the
embedding dimension of fp4 and A is a learning parameter.
Finally, we concatenate fpa obtained from each attention
head with residual connection to derive the multi-head service
attentional feature F7, ;, ,, as shown in Equation (T0).

.. fpa,) + F (10)

The service differential attention residual network adaptively
adjusts attention allocation based on the distinctions between
different service context prediction tasks. Subsequently, we
design a MoSE network that learns generic context enhance-
ment features across similar service context prediction tasks
through multiple parallel linear layers and a gating network.
The architecture of MoSE network comprises three primary
components: service expert selector, service experts pool, and
expert feature aggregation. In particular, F 4 is initially fed
into the service expert selector to derive the service expert
relevance distribution Pgg, as shown in Equation (]E[)

= (Softmax( ) — A - Softmax(

F, p4 = Concat(fpa,,fpA,,- -

Psk = Softmax(Wggs - Fr p4 + bses) (11)

Furthermore, we input F; ., into individual service expert
networks, each comprising a single-layer linear network with
dropout. Additionally, to learn enhancement features across
similar service context prediction tasks, we combine and
train similar tasks simultaneously. Moreover, we introduce
a task-shared service expert alongside task-specific experts,
resulting in ng = npyk + 1, where ng and nypg denote the
number of service experts and service tasks, respectively.
Consequently, we obtain a service expert feature set Fgp =
{Fsg,,Fsg,,...,Fsp,_} of length n,. Finally, we aggregate
the service expert feature set based on Pgp to obtain the
service generic feature F'., as shown in Equation (]'12[)

F.=Y Psgli]-Fsg, (12)
=1
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3) Mashup Associated Categories Prediction and Relevant
APIs Identification: The service context enhancement feature
F. account for both the distinctions and interconnections
between similar service context prediction tasks. Furthermore,
to enable the utilization of F. for both the mashup category
prediction and relevant API identification tasks, we feed F.
into distinct task-specific layers. Specifically, for the mashup
category prediction task, since it shares the same category
space as the similar API category prediction task, the task-
specific layer is a fully connected layer mapping from R"™ to
RICI, where n represents the feature dimension of F, and |C]|
denotes the total number of categories, as shown in Equation
@).

p = Softmax(W™*ICl . F, + b) (13)

where W™*ICl b are the weight and bias of categories pre-
diction layer.

However, for the relevant API identification task, its output
space differs from that of the common invocation mashup
identification task. To address this, we first conduct training
for the similar mashup identification task and preserve the
MOoSE network parameters. Subsequently, we replace the task-
specific layer and proceed with training for the relevant API
identification task, the task-specific layer for relevant API and
mashup identification is as follows:

Pa = SOftmaX(thth : Fc + bt)v dt € {‘SL |M|} (14)

where Wt”Xd“ , b, are the task-specific weights and bias, d; is
task-dependent, taking values equal to either the total number
of APIs or the count of existing mashups.

B. Multi-perspective Collaborative Service Feature Extraction
and Recommendation by Fine-tuning LLM

Existing approaches that independently extract and sub-
sequently fuse different service relationship features tend to

6

result in the loss of cross-perspective collaborative features. To
address this limitation, we integrate multiple service enhanced
context, including refined requirement descriptions, categories
and relevant APIs of mashup requirement, through a specially
designed prompt as input of the LLM, thereby facilitating
comprehensive collaborative feature extraction across multi-
perspective service relationship between mashup and API, as
shown in Fig. @]

1) Multi-perspective Mashup Requirement Context Collab-
oration: Taking Web API recommendation for mashup m;
as an instance, we incorporate the refined mashup description
Dim , the predicted service categories C,, and the descriptions
of relevant Web APIs S, that have high potential invocation
relevance with m;, the process is as follows:

D' = Splice(D},,S) = [{D,, Cpn, }, {DY', Cs, },
{D?,C, ), ... (DY, Co\ )]

Next, we concatenate a concise system prompt with D; to
generate the final LLM input prompt P;. The system prompt
designates the LLM’s role as a Web API recommendation sys-
tem, specifies the mashup input format combining categories
and descriptions, and acknowledges the presence of relevant
Web APIs in the input. Furthermore, it explicitly instructs the
LLM that recommendations need not be strictly confined to the
relevant Web APIs and consider the multi-perspective service
relationship collaboration between mashup and API. Then,
we tokenize P using the pre-trained tokenizer and map the
resulting token set into embedding space using the pre-trained
embedding model M.. The process is as follows:

E’ = M,(tokenizer(D%)) = [ey, e, ..., e (16)

(15)

where e, € E is the embedding of p-th token. Consequently,
multi-perspective service context is effectively input into the
LLM for further collaborative service feature extraction.

2) Collaborative Service Feature Learning by Fine-tuning
LLM: Although the LLM is provided with the necessary
data conditions to extract collaborative features by inputting
the complete mashup requirement recommendation context,
it cannot be directly utilized for collaborative service feature
extraction due to the differences in pre-training objectives. To
address this limitation, we employ the Q-LoRA technique, rep-
resenting the parameter changes introduced by collaborative
service features extraction through the multiplication of two
low-rank matrices. The modified parameters are then added to
the pre-trained parameters, the process is as follows:

Wi = Wy + AWirra = Wy + Brora - Arora (17)

where Wy, € R%*? is the parameters of LLM which contains
the ability of collaborative service features extraction, Wy, €
R¥*? is the pre-trained parameters, Wi,ra € R?*? is the
newly added parameters, Byora € R?*! and Apra € RVX¢
are the low-rank parameters matrix, where [ significantly
smaller than d.

In each hidden layer of a pre-trained LLM, the decoder
component includes four trainable parameters, denoted as W,
Wy, W, and W,. Consequently, for a given input E’, the
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output of each LLM hidden layer becomes:
1
Vd
where W, W), W/ is the parameters of LLM after fine-
tuning, as shown in Equation
W;:Wq+AWq:Wq+Bq~Aq
= Wir+ AW, =W, + B - Ay (19)
W, =W, +AW, =W, +B,-A,

H; = W,-((softmax(—=W, - W}) - W,) - E') + by (18)

where W,, Wy, W, are the pre-trained parameters, AW,
AW, and AW,, are the fine-tuning parameters by incorpo-
rating deep collaborative features extraction.

3) Web API Recommendation and Model Training: To
enable the LLM to make recommendations across all available
Web APIs rather than being confined to candidate APIs,
LMSR replaces the original generative output layer of the
LLM with a trainable multi-class classification layer whose
output dimension equals the size of the Web API repository.
Specifically, we task the last token feature of the final hidden
layer state H (- 11 of the fine-tuned LLM as collaborative
service feature into the Web API recommendation layer, as
shown below:

Vm, = sigmoid(A(W (- -

2
AW HT +b)-) +b,)) 2

where W,,,b,, is the weight and bias parameter of the n-
th hidden state of the classification layer, respectively, and
A represents the activation function, g,,, is the prediction
probability that each Web API belongs to the mashup m;.
Then, we utilize the Binary Cross-Entropy Loss (BCELoss)
function Lpcg(-) to calculate loss, as shown in Equation (21)):

1 R
“E g(ymi [s] log(§m, [s]) o

+ (1= ym,[s]) 1og(1 = g, [s]))

where y,,, [s] indicates whether Web API s truly contained by
mashup m; (ym,[s] = 1 if m; contains s; otherwise, y,,[s] =
0), and ¥, [s] is the prediction of model. Finally, we use the
predicted probability ¥,,, € {0,1}5! to rank all Web APIs,
thereby generating a recommended Web APIs list for mashup
m;.

Besides, we apply a regularization term into BCE loss
function to prevent model overfitting, the BCE loss function
in this paper is further defined as:

ACBCE (yml ) Ymi) =

1
™ > Loce(Fmir ym:) + 110113
m; EM
(22)
where 6 = {W[, W} W, W; by,..., W, ,b,} is the set
of all trainable parameters, and ||0||3 is the L2 regularization
term.

»CBCE(Q) = min (

V. EXPERIMENTS
A. Experimental Setup and Dataset

Experiments in this paper were conducted on a workstation
equipped with dual NVIDIA RTX 4090 GPUs, dual Intel (R)

Transactions on Services Computing

TABLE I
STATISTICS OF THE EXPERIMENTAL DATASET

Statistics Value
Mashups 7739
Web APIs 1342
Categories 443

Web APIs per mashup 1.944
Categories per mashup 2.997
Categories per Web API 2.887
Words in description per mashup 31.092
Words in description per Web API 68.972

Xeon (R) Silver 4210R @2.40 GHz CPUs, and 1TB RAM.
The experimental environment consists of Python 3.12.5,
CUDA 12.4, torch 2.5.0, and transformers 4.44.1.

To evaluate the performance of LMSR, we use a widely-
used real-world dataset crawled from ProgrammableWeb,
which contains 8,420 mashup services and 21,614 Web APIs.
Without loss of generality, only the Web APIs that had been in-
voked at least once could be recommended in the experiment.
After excluding mashup and Web APIs without description,
final experimental dataset contains 7,739 mashups and 1,342
Web APIs. Detailed statistics of the dataset is presented in
Table [} Besides, the experimental dataset was randomly divid-
ing into training dataset contained 6,193 mashups, validation
dataset contained 773 mashups and test dataset contained 773
mashups in the ratio of 8:1:1.

In LMSR, we utilize open-source LLMs from the LLaM
family as base models for service initial semantic represen-
tation and fine-tuning optimization, specifically incorporating
three LLMs: LLaMA3-8B, LLaMA3-3B, and LLaMA2-7B.
To reduce memory usage during fine-tuning, we apply 4-bit
quantization with the quantization type set to “nf4” and com-
putation type set to “bfloat16”. Regarding LoRA parameter
settings, the rank of the parameter change matrix is set to 16,
the LoRA scaling factor is set to 32, and the LoRA dropout
is set to 0.1, the target parameter modules for LoRA fine-
tuning are the W,, Wy, W, W, within the attention module
of the baseline LLM. The batch size was set to 1 for reducing
memory usage, and we used AdamW optimizer with initial
learning rate 2e-5 and weight decay of 0.01. Without loss
of generality, similar to most approaches in the domain of
Web API recommendation, the objective of the Web API
recommendation task is to recommend the Top-N relevant
Web APIs for a mashup service, where N is set to 5, 10,
15, and 20 in LMSR and all comparative approaches.

B. Evaluation Metrics

In this paper, we apply four widely-used evaluation metrics
to evaluate the performance of approaches: Precision@N, Re-
call@N, Mean Average Precision (MAP@N), and Normalized
Discounted Cumulative Gain (NDCG@N).

Uhttps://www.llama.com
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Precision@N is used to measure the proportion of correctly
recommended Web APIs within the top-/N recommended Web
APIs list.
|real APIs NtopN APIs|

Precision@N =
recision [topNAPTs|

(23)

where |real APIs| represents the number of correctly recom-
mended Web APIs, and |topN APIs| is the number of Web
APIs in the top-/N recommended list.

Recall@N is the proportion of the correctly recommended
Web APIs to all actual used Web APIs in mashup service, as
shown in below:
|real APIs NtopN APIs|

|real APIs|

NDCG@N takes into account the order of Web APIs in
the recommendation list; the higher the position of a correctly
recommended Web API in the list, the higher the value of this
metric, as shown follows:

Recall@N = (24)

DCG@N
NDCG@N = DCG@N (25)

where DCG@N measures the position of correctly recom-
mended Web APIs within the list, as shown below:

real;

N
D N = - 2
cGe ; logy (i + 1) (26)

IDCG@N is the theoretical maximum value of DCG@N, used
to normalize DCG@N.

MAP@N is used to measure the number of correctly
recommended Web APIs in the top-N recommended service
list with the positional information, the higher position the
correctly recommended Web APIs are in the list, the higher
the value of this metric:

1

MAP@N =
M

> AP, GN 27)
meM

where AP,,QN is the average precision of all correctly rec-
ommended positions in the TOP-N Web API list for mashup
service m:

N L
> i, real; x Precision@i

AP@N = .
> oimq real;

(28)

C. Competing Approaches

To evaluate the effectiveness of LMSR, we compare it with
timely representative Web API recommendation approaches,
including three CF and content-based approaches [22], [23]],
[24], three deep learning-based approaches [25], [26]], [10],
three LLM-based approach [16], GPT—4 LLaMA3-8B and
two self-developed variants of LMSR, as described below.

o NCF [22]: It integrates neural networks into matrix
factorization to obtain the service feature matrix.

o SPR [23]]: It applies a user topic model to analyze service
descriptions and recommends Web APIs by calculating
the relevance between mashups and Web APIs.

Zhttps://openai.com/
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« RWR [24]: It models the mashup context as a graph, then
employs random walk and restart to extract mashup and
Web API features.

e MTFM |[25|: It utilizes the combination of invocation
relationship and semantic descriptions for recommend-
ing Web APIs. To leverage the categorical relationships
between APIs and mashups for recommendation, it per-
forms category prediction for new mashup requirements.

« FSFM [26]: It integrates service functionality and struc-
tural information by enhancing the service semantic fea-
tures with a heterogeneous network.

« SEHCN [10]: It proposes a multi-semantic aggregator
to capture semantic associations between features and
introduces a semantic service embedding component to
learn global and local semantic information.

« LLaMA3-8B: It extracts semantic features from service
descriptions using the pre-trained LLaMA3-8B LLM and
performs recommendations by combining these semantic
features with a Web API recommendation layer.

o GPT-4o: It utilizes the LLM-generated APIs as recom-
mendation results by inputting service descriptions to the
pre-trained GPT-40 model.

« LLMAR [16]: It proposes a multi-task instruction fine-
tuning framework to acquire domain-specific knowledge
for precise Web API recommendation.

o LMSR (LLaMA3-3B): It another of the variants of our
proposed approach LMSR, which takes LLaMA3-3B as
the base LLM.

o LMSR (LLaMA3-8B): It one of the variants of our
proposed approach LMSR, which takes LLaMA3-8B as
the base LLM.

« LMSR (LLaMA2-7B): It is our main approach, contain-
ing mashup categories and candidate APIs acquisition,
and deep collaborative feature extraction by fine-tuning
LLM for Web API recommendation. It utilizes LLaMA2-
7B as the base LLM.

D. Experiment Results and Analyses

Table [II| presents the experimental results of LMSR com-
pared to 11 approaches under different settings for the number
of recommended Web APIs, and we separate the experimental
results of traditional, deep learning-based, and LLM-based
Web API recommendation approaches from LMSR using hor-
izontal lines in the table. Specifically, the approach performs
the best on one metric is highlighted with a gray background
and bold text, while the second-best approach is indicated with
a light gray background. Additionally, the “Gains” column
shows the performance improvement of LMSR over the cur-
rent SOTA Web API recommendation approach, LLMAR.

By observing Table [II} we observe that traditional Web API
recommendation approaches such as NCF, SPR, and RWR
fail to achieve satisfactory recommendation performance. This
indicates that approaches based on collaborative filtering or
insufficient semantic feature extraction are inadequate for
complex Web API recommendation tasks. Taking N=5 as an
example, LMSR outperforms the best traditional approach
RWR by 51.51%, 41.35%, 62.39%, and 52.47% in terms of
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1
2 TABLE I
3 WEB API RECOMMENDATION PERFORMANCE COMPARISON OF DIFFERENT APPROACHES WHEN N IS 5, 10, 15 AND 20.
g Approaches N=5 N=10
6 PP Precision Recall MAP NDCG Precision Recall MAP NDCG
7 NCF 0.1350 03871 0.3783  0.4191 0.0860  0.4859 0.3859  0.4500
8 SPR 0.1648  0.5314 0.4357 0.5017 0.1043  0.6476  0.4459  0.5286
9 RWR 0.1802  0.5719 04677 0.5266 0.1078  0.6829 0.4862 0.5718
10 MTFM 0.2069  0.6429 0.5571  0.6099 0.1164  0.7014 0.5698  0.6310
11 FSFM 0.2209  0.6729 0.6199  0.6630 0.1225  0.7203 0.6332  0.6794
12 SEHCN 0.2303  0.7464 0.6345 0.6924 0.1299  0.7996 0.6424  0.7095
1 LLaMA3-8B 0.0677 0.2454 0.2641 0.2441 0.0339 0.2457 0.2632  0.2443
3 GPT-40 0.2539  0.7650 0.7179  0.7636 0.1398  0.8049 0.7303  0.7560
14 LLMAR 0.2436  0.7370  0.6708  0.7233 0.1365  0.7888 0.6853  0.7404
15 LMSR (LLaMA3-3B) 0.2687  0.8006 0.7488  0.7955 0.1479  0.8412 0.7628  0.8082
16 LMSR (LLaMA3-8B)  0.2700  0.8033 0.7570  0.8014 0.1480  0.8423 0.7707 0.8135
17 LMSR (LLaMA2-7B)  0.2730  0.8084 0.7595 0.8029 0.1493  0.8468 0.7727  0.8147
18 Gains on LLMAR 12.08%  9.69% 13.22% 11.01%  9.39% 7.35% 12.75% 10.03%
;g Approaches N=15 N=20
51 PP Precision Recal MAP NDCG Precision Recall MAP NDCG
22 NCF 0.0624  0.5346 0.3867 0.4606  0.0496  0.5638 0.3824 0.4642
23 SPR 0.0825  0.7393 0.4417 0.5519  0.0672  0.8034 0.4463 0.5475
24 RWR 0.0810  0.7466 04705 0.5870  0.0628  0.8092 0.4727 0.5822
25 MTFM 0.0831  0.7380 0.5747 0.6426  0.0648  0.7555 0.5767 0.6480
2% FSFM 0.0857  0.7481 0.6360  0.6881 0.0665  0.7677 0.6378  0.6938
27 SEHCN 0.0909  0.8203 0.6467 0.7157  0.0705  0.8313 0.6476  0.7189
28 LLaMA3-8B 0.0229  0.2471 0.2636  0.2443  0.0174  0.2494 02642 0.2445
29 GPT-40 0.0970  0.8228 0.7338 0.7819  0.0745  0.8363 0.7353  0.7859
LLMAR 0.0967  0.8218 0.6906 0.7510  0.0749  0.8371 0.6926  0.7557
30 LMSR (LLaMA3-3B) 0.1024  0.8591 0.7663 0.8140  0.0788  0.8740 0.7682 0.8184
31 LMSR (LLaMA3-8B) 0.1024  0.8591 0.7741 0.8191 0.0783  0.8692 0.7753  0.8221
32 LMSR (LLaMA2-7B)  0.1032 0.8611 0.7759 0.8197 0.0790 0.8710 @ 0.7773  0.8228
33 Gains on LLMAR 6.73% 479% 12.35%  9.15% 5.50% 4.04% 12.23%  8.88%
34
35
36 Precision, Recall, MAP, and NDCG, respectively. Therefore, it However, although LLMAR can learn service category and
37 is essential to consider multi-perspective service relationship invocation relationships through multi-task instruction fine-
38 and employ deep feature extraction models to obtain high- tuning, it fails to explicitly utilize these learned relationships
39 quality deep service features, which is crucial for achieving in the mashup recommendation task due to the absence
40 superior Web API recommendation results. of mashup categories and potential API invocations in the
41 Moreover, Observing deep learning-based Web API recom- prompt. This limitation prevents the LLM from effectively
42 . ’ . extracting collaborative features from the semantic, category,
43 mendation approaches, we find that their performance depends . . . .
. . and invocation relationships between mashups and APIs,
44 on both the quality of deep service features extracted by the . . )
. thereby constraining further improvements in Web API recom-
45 employed deep neural networks and the number of service mendation performance. In contrast, LMSR first employs the
46 relationships considered between mashups and APIs. Conse- P ) ’ . proys
. LLM-based MoSE network to refine requirement descriptions
47 quently, SEHCN achieves the best performance among deep d tel dict h X . d rel API
48 learning-based approaches by utilizing lightGCN networks to anc accurately predict mashup categories and re evanF e
. . . . . . . Subsequently, it integrates the refined requirement description,
49 combine service category relationships, semantic relationships, . .. .
and structural relationships. However. SEHCN assumes that ~ C2t€gories, relevant API descriptions, and categories through
50 ) ps- ’ . prompts as integration input to the LLM. It enables the LLM
1 mashup requirements possess predefined categories and par- . . .
5 . . . sy . . . to directly extract collaborative features from the semantic,
tially known API invocations, which is incompatible with real- . . . .
52 . . . . category, and invocation relationships between mashups and
53 world application scenarios where such prior knowledge is .
54 typically unavailable. Moreover, the performance of SEHCN APIls. These improvements enable LMSR to Surpasses LL_
is constrained by the scale and limited feature extraction MAR, by 12.08%, 9.69%, 13.22%,.and 11.01% in Precmop,
55 i . Recall, MAP, and NDCG, respectively when N = 5, this
56 capability of lightGCN. Therefore, LLM-based approaches " q . in Web API dati of
LLMAR, leveraging the powerful semantic understanding and significant improvement in ¢ recommendation perfor-
57 . ) X o . mance demonstrates the effectiveness of the LMSR.
58 relationship feature extraction capabilities of LLMs, achieve
59 the current SOTA performance in Web API recommendation. Furthermore, compared to the current representative general



oNOYTULT D WN =

Transactions on Services Computing

IEEE TRANSACTIONS ON SERVICES COMPUTING, 2025

10

TABLE III
PERFORMANCE COMPARISON OF ABLATION APPROACHES.

Approaches ‘ Precision@5 Recall@5 MAP@5 NDCG@5 ‘ Precision@10 Recall@10 MAP@10 NDCG@10
LMSR w/o FT 0.2051 0.6006 0.5127 0.5672 0.1191 0.6770 0.5295 0.5923
LMSR w/o CF 0.2390 0.6729 0.6080 0.6510 0.1349 0.7339 0.6244 0.6700
LMSR w/o MC 0.2312 0.6488 0.5834 0.6260 0.1313 0.7123 0.5999 0.6461

LMSR | 0.2730 0.8084 0.7595 0.8029 | 0.1493 0.8468 0.7727 0.8147

Approaches | Precision@15 Recall@15 MAP@15 NDCG@15 | Precision@20 Recall@20 MAP@20 NDCG@20
LMSR w/o FT 0.0844 0.7094 0.5341 0.6020 0.0663 0.7300 0.5367 0.6083
LMSR w/o CF 0.0943 0.7603 0.6283 0.6780 0.0727 0.7754 0.6301 0.6825
LMSR w/o MC 0.0918 0.7375 0.6037 0.6538 0.0711 0.7542 0.6056 0.6586

LMSR | 0.1032 0.8611 0.7759 0.8197 | 0.0790 0.8710 0.7773 0.8228
TABLE IV

PERFORMANCE COMPARISON ON DIFFERENT SERVICE CONTEXT PREDICTION TASKS FOR MASHUP REQUIREMENTS.

‘ associated categories prediction

| relevant APIs identification

Approaches g call@5 NDCG@5 Recall@ld NDCG@I0 | Recall5 NDCG@5 Recall@l0 NDCG@10
MTFM 0.6267  0.7757 0.7064 0.7691 - - - -

LMSR-Linear | 0.7109 07197 0.7946 0.7536 0.6488 06260 07123 0.6461

LMSR-MoSE | 07340  0.7362 0.8240 0.7763 0.6729  0.6510 07339 0.6700

pre-trained LLM, GPT-40, LMSR significantly outperforms it
across all evaluation metrics, even with substantially fewer
model parameters. This superiority primarily stems from
LMSR’s ability to fully leverage collaborative features from
multiple service relationships between mashups and APIs,
while reducing hallucinations through fine-tuning and output
layer replacement, thereby making the LLM more suitable for
Web API recommendation tasks. Additionally, compared to the
baseline LLM LLaMA3-8B used in LMSR, LMSR achieves
substantial performance improvements after fine-tuning. Tak-
ing N=5 as an example, LMSR outperforms the pre-trained
LLaMA3-8B by 303.2%, 229.4%, 187.6%, and 228.9% in
terms of Precision, Recall, MAP, and NDCG, respectively,
further demonstrating the necessity and effectiveness of the
LMSR approach.

To investigate the impact of different parameter sizes of
LLMs on LMSR’s performance, we conducted experiments
using LLMs with varying parameter sizes: LLaMA3-3B,
LLaMA2-7B, and LLaMA3-8B as base models for service
initial embedding representation and collaborative service
feature extraction. As observed in Table with the scale
of model parameters increases, the quality of collaborative
service features improves accordingly, the model achieves
optimal performance when the parameter size reaches 7B.
However, further increasing the parameter size not only fails
to improve the performance of Web API recommendation, but
also leads to a significant increase in the computational cost.
Based on these findings, LMSR adopts LLaMA2-7B as the
primary base LLM for Web API recommendation.

E. Ablation Study

1) Analysis contributions of component in LMSR: To inves-
tigate the impact of each module within the LMSR framework
on Web API recommendation performance, we proposed three
self-developed variants based on the LMSR framework: LMSR
w/o FT, LMSR w/o CF and LMSR w/o MC. Among these,

LMSR w/o FT is a variant of LMSR that does not involve
fine-tuning of LLM, LMSR w/o CF is a variant of LMSR
that directly utilizes the relevant APIs output by the MoSE
network as recommendation results without inputting to the
LLM, and LMSR w/o MC is a variant of LMSR that does not
incorporate mashup categories and relevant APIs predicted by
the MoSE network, instead directly combining original service
descriptions and raw invocation records to fine-tune the LLM.

Tables [[II| presents a comparison of the experimental results
between LMSR and its three variant approaches. Examining
the experimental results of LMSR w/o FT, we observe a signif-
icant performance degradation when feeding mashup require-
ment enhanced recommendation context into the non-fine-
tuned LLM. This deterioration can be attributed to the LLM’s
lack of ability for collaborative service feature extraction from
multi-perspective service relationship. In this scenario, LLM
merely performs semantic matching between relevant APIs
and the mashup requirement, with recommendation accuracy
being constrained by the precision of relevant APIs. This
observation is further corroborated by the fact that LMSR w/o
FT exhibits inferior recommendation performance compared
to LMSR w/o CF. The experimental results of LMSR w/o
FT demonstrate that fine-tuning LLM for collaborative service
feature extraction from multi-perspective service relationship
is crucial for enhancing the LLM’s feature extraction capabil-
ities and consequently improving Web API recommendation
performance.

Furthermore, examining the experimental results of LMSR
w/o CF, we observe that while the LLM-based MoSE network
successfully learns context enhancement features across sim-
ilar service context prediction task, the absence of fine-tuned
LLM for further extraction of collaborative service features
from multi-perspective service relationship prevents the model
from achieving higher recommendation accuracy. Moreover,
the experimental results of LMSR w/o MC demonstrate that
while fine-tuning LLM is crucial for extracting collaborative
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Fig. 5. Performance impact of the different number of relevant Web APIs contained in the input of the LLM.

0.25

Precision@N
Recall@N

0.05 0.60

8 12 16 20 2 8 12 16 20 20
Rank of LoRA Rank of LoRA

(a) Precision@N (b) Recall@N

Fig. 6. Performance impact of the different rank » of the LoRA matrix

service features and improving Web API recommendation per-
formance, without the preliminary enhancement of recommen-
dation context by MoSE, merely mining invocation relation-
ships from raw service invocation records prevents the LLM
from capturing categorical relationships between mashups and
APIs. Furthermore, since mashup requirements lack invocation
relationships, this limitation prevents the model from utilizing
invocation relationships during the recommendation phase,
thereby degrading recommendation performance. Additionally,
the refined service descriptions enable the LLM to extract
high-quality semantic features, further enhancing recommen-
dation accuracy. These experimental results comprehensively
validate both the accuracy and necessity of LLM-based MoSE.

2) Analysis of the contribution of MoSE in Mashup Cat-
egories and Relevant APIs Prediction: Table presents a
performance comparison between LMSR, its variants, and the
baseline approach MTFM |[25] across mashup category predic-
tion and relevant API identification. LMSR-Linear represents
a variant that bypasses the MoSE network and directly extracts
task-specific features through multiple multilayer perceptrons.
LMSR-MoSE represents our primary approach, which em-
ploys the MoSE network to extract context enhancement
features across multiple similar service context prediction
tasks.

The experimental results demonstrate that LMSR achieves
substantial improvements over the category-aware Web API
recommendation approach MTFM in mashup category predic-
tion, primarily due to its ability to extract high-quality seman-
tic features based on LLM from refined service descriptions.
Furthermore, the experimental results between LMSR-Linear
and LMSR-MoSE reveals that, in contrast to linear layers,
MoSE’s shared service experts across multiple context predic-
tion tasks enable the extraction of generic context enhancement

8 12 16 20 24 8 12 16 20 24
Rank of LoRA Rank of LoRA

(c) MAP@N (d) NDCG@N

features among similar tasks, thereby further enhancing the
accuracy of service context prediction. These findings validate
both the necessity and effectiveness of the MoSE network
architecture.

F. Performance Impact of Parameters

1) Impact of Number of Relevant Web APIs: The number
of relevant Web APIs |Sg| included in the input of the LLM
affects the performance of Web API recommendation. Fig. [3]
(a)-(d) illustrate the variations in different evaluation metrics
with different values of |[Sg|. In each subplot, a bar represents
the performance of the corresponding evaluation metric for
different Top-IV values.

Observing Fig. E] (a)-(d), it can be noted that as the number
of relevant Web APIs increases, all four performance metrics
for evaluating Web API recommendation initially rise and then
fall, reaching their peak at |Sg| = 3 (3 is close to the average
number of APIs invoked in the mashup dataset we used). Upon
thoroughly analysis of the experimental results, we believe
this phenomenon is caused by the limited number of Web
APIs truly invoked by a mashup service. As the number of
relevant Web APIs increases, while the LLM acquires richer
contextual information, it may also be subject to more noise.
The experiments show that when [Sg| < 3, the model gains
more relevant contextual information than noise, positively
impacting performance. Conversely, beyond this point, the
LLM receives more noise, leading to a decline in Web API
recommendation performance. Therefore, in the experiments,
proper number of relevant Web APIs are input to the LLM
which not only ensures an improvement in the performance of
Web API recommendation, but also avoids the computational
overhead associated with excessive contextual information
during training and inference.
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2) Impact of Rank of LoRA Matrix: LMSR employs the
Q-LoRA technique for fine-tuning, which transforms the fine-
tuning parameters into the product of two low-rank matrices.
Consequently, the rank r of the LoRA matrices significantly
impacts the performance of Web API recommendation. Fig.
6 illustrates the variations in different evaluation metrics
for Web API recommendation performance across various
r values. Specifically, each subplot in Fig. [f] represents an
evaluation metric, and each line within a subplot depicts the
performance changes for a specific Top-N recommendation,
where N € {5, 10,15, 20}.

Analyzing subplots (a)-(d) in Fig. [f] it can be observed that
for each recommendation performance evaluation metric, the
performance initially increases and then decreases as the value
of r rises. Specifically, taking Fig. [6] (b) as an instance, when
r < 16, the value of the evaluation metric Recall@N exhibits
a fluctuating upward trend. However, when r > 16, the value
of Recall@N declines significantly. Similar conclusions can
be drawn from the other subplots in Fig. [f] We attribute
this experimental phenomenon to the following reason: as
the value of r increases, the fitting capacity of the fine-
tuning parameters improves. Consequently, the performance
of Web API recommendations initially rises with increasing
r. However, after reaching a peak, the limited size of the
fine-tuning dataset combined with the growing number of
fine-tuning parameters leads to increasingly severe overfitting,
resulting in a significant decline in Web API recommendation
performance. To mitigate the risk of exacerbating overfitting,
we chose to set r to 16 in the experiments, thereby maxi-
mizing the performance of the fine-tuned model in Web API
recommendation.

VI. RELATED WORK
A. CF and Content-based Web API Recommendation

CF-based approaches identify services similar to the target
mashup and recommend relevant Web APIs based on the
historical invocation records of similar services. Alinia et al.
[11]] considered location features of the services to find similar
services, and proposed a Web API recommendation framework
combining self-attention and collaborative filtering, which
ultimately recommended Web APIs based on the predicted
service quality. Kang et al. [15] introduced the concept of
domain intersection to reduce computational complexity and
employed an implicit attention mechanism to differentiate the
importance of various intersecting features. The intersecting
features are ultimately applied for Web API recommendations
through deep neural decomposition. Yao et al. [27] proposed a
probabilistic matrix factorization-based approach for Web API
recommendation, incorporating implicit correlation regulariza-
tion to enhance recommendation diversity. Meng et al. [28]]
proposed a time-aware scalable collaborative filtering model
with trust-clustering for real-time edge services recommenda-
tion.

Content-based Web APl recommendation approaches
achieve Web API recommendations by designing various
feature extraction models to uncover hidden semantic features
within multidimensional service content information, such as
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service descriptions, service names, and service tags. Cao et al.
[29] used a two-level topic model to generate implicit cluster
features and then predicted service invocation records based
on co-invocation relationship between Web APIs. Pan et al.
[30] proposed a Web API recommendation approach with
keyword semantic enhancement and label co-occurrence to
extract important words and categories in service descriptions.
Ren et al. [31]] applied distribution-aware SVM for services
recommendation by identifying similar users, refining dataset
and decreasing unfaithful rating.

Nevertheless, constrained by the limited service relation-
ships and the limitations of feature extraction models, CF and
content-based approaches struggle to achieve satisfactory Web
API recommendation performance.

B. Deep Learning-based Web API Recommendation

In recent years, with the rapid development of deep learning
technologies, an increasing number of researchers have been
utilizing deep neural networks to address Web API recommen-
dation problems. Wang et al. [32] proposed a weight adaptive
multi-task deep neural network for Web API recommendation
by fully applying the correlation information between multiple
subtasks. Boulakbech et al. [33]] introduce an attentional deep
learning model for service recommendation, they use two
attention-based neural network to discover services from both
functional and structural perspectives.

Additionally, many works are currently applying graph
neural networks to explore the structural relationships between
mashup services and Web APIs. Xiao et al. [34] capture
structural relation and attribute information of Web APIs by a
structural reinforcing and attribute weakening network. Yan et
al. [35]] utilize collaborative attention graph convolutional net-
work to acquire structural features from service co-invocation
graph. Wang et al. [36] propose a Motif-based Graph Attention
Network for Web API recommendation by capturing high-
order information of different motifs.

However, existing deep learning-based approaches demon-
strate limitations in effectively utilizing categories and invo-
cation relationship of new mashup requirements. And they
also struggle to extract deep collaborative features from multi-
perspective service relationships.

C. LLM-based Web API Recommendation

Given LLM’s [37] [38] powerful semantic understanding
and feature extraction capabilities, researchers have begun
exploring the application of LLM to Web API recommenda-
tion. Zheng et al. [[17] proposed a LLM-driven and motif-
informed linearizing graph transformer for Web API recom-
mendation. Qin et al. [16] proposed a LLM-based Web API
recommendation approach by leveraging the LLM’s semantic
understanding and feature extraction capabilities to enhance
the recommendation performance. Although LLM-based ap-
proaches have achieved excellent Web API recommendation
performance, these approaches overlook the difficulty in ob-
taining categories and relevant APIs for mashup requirements
in real-world scenarios, and ignore the collaborative features
among multi-perspective service relationships, resulting in
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both limited improvement in Web API recommendation per-
formance and reduced approach practicality.

To address these limitations, we propose LMSR, a LLM-
enhanced multi-perspective service feature learning for Web
API recommendation. LMSR employs specially designed
prompts with LLM for semantic refinement of service de-
scriptions, while leveraging an LLM-based MoSE network
to extract context refinement features across similar service
context prediction tasks for precise mashup categories and
relevant APIs extraction. Through fine-tuning the LLM, LMSR
enhances the LLM’s capability to extract collaborative fea-
tures from multi-perspective service relationships, ultimately
achieving superior Web API recommendation performance.

VII. CONCLUSION AND FUTURE WORK

This paper presents LMSR, a novel LLM-enhanced multi-
perspective service feature learning framework for Web API
recommendation. To address the challenges of Web API
recommendation, LMSR first employs a pre-trained LLM to
refine and encode the original requirement descriptions, while
leveraging the MoSE network to extract context enhancement
features for accurate predictions of categories and relevant
APIs, which ultimately enhances the recommendation context
of mashup requirements. Furthermore, LMSR inputs the re-
fined requirement descriptions, categories, and relevant APIs
into the LLM. By fine-tuning the LLM, LMSR extracts col-
laborative features from multi-perspective service relationships
between mashup requirements and APIs, ultimately achieving
precise Web API recommendations. Extensive experiments
conducted on large-scale real-world datasets demonstrate that
LMSR significantly outperforms existing approaches.

For future work, we plan to explore more advanced prompt
engineering techniques, leverage more advanced LLMs as
the foundation model, and develop more efficient fine-tuning
strategies to further improve the framework’s performance and
adaptability in Web API recommendation.
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