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API recommendation is an important task in mashup development, where developers must identify suitable
Web APIs from a large and evolving ecosystem. Existing methods mainly rely on invocation history, col-
laborative signals, or structural relations, but often underuse the semantic information available in mashup
descriptions, API descriptions, and tag metadata. Moreover, many pipelines are tied to a single semantic
encoder, which limits extensibility and obscures the effect of semantic backbone choice on recommendation
quality. To address these limitations, this paper proposes an encoder-flexible semantic hypergraph framework
for mashup—API recommendation. The framework encodes mashup descriptions, API descriptions, mashup
tags, and API tags into dense semantic vectors, uses them to initialize trainable node representations, and
refines them through multi-channel hypergraph propagation and adaptive layer aggregation. A joint objec-
tive further combines recommendation ranking with tag-level semantic alignment. Experiments with seven
pretrained sentence encoders under the same downstream architecture show that the proposed framework is
consistently effective and that encoder choice materially influences recommendation behavior. In particu-
lar, BGE and GTE yield the strongest ranking performance, whereas MPNet-based variants provide broader
recommendation coverage. These findings highlight encoder-flexible semantic initialization as a meaningful

design dimension in mashup API recommendation.

1 INTRODUCTION

Mashup development has become an important soft-
ware construction paradigm in which developers
build applications by integrating reusable Web APIs
that provide complementary functionalities, such as
social media access, mapping, payment support,
weather information, and multimedia services (Alho-
saini et al., 2024; Gao et al., 2015). In such set-
tings, developers must identify suitable APIs from a
large and evolving ecosystem where many services
expose overlapping functionalities but differ in com-
patibility, quality, and contextual suitability (Xu et al.,
2023; Gong et al., 2022). As a result, API selection
during mashup construction is a non-trivial and time-
consuming task, which has motivated substantial re-
search on intelligent API recommendation techniques
(Xia et al., 2014; Lian and Tang, 2022).
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Existing API recommendation approaches have
primarily relied on historical invocation patterns,
collaborative filtering signals, co-occurrence statis-
tics, or graph-based structural dependencies between
mashups and APIs (Qi et al., 2021; Xiao et al., 2023;
Kang et al., 2024). Although these methods capture
useful evidence about functional compatibility and
reuse behavior, they may not fully model the seman-
tic relationship between mashup requirements and the
capabilities of candidate APIs, especially when invo-
cation histories are sparse, incomplete, or noisy (Al-
hosaini et al., 2024; Xu et al., 2023). This limita-
tion is particularly important in practical mashup de-
velopment, where developers often express intended
functionality through short textual descriptions, while
APIs are also characterized by concise descriptions
and tags that reflect their functional scope (Qi et al.,
2021; Wu et al., 2021).

To address this limitation, semantic information
should be treated as a first-class source of evidence
in API recommendation. Mashup descriptions can
reflect developer intent, API descriptions can char-
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acterize functional capability, and tag metadata can
provide compact cues about usage context and ser-
vice semantics (Wang et al., 2023). When these
heterogeneous textual artifacts are transformed into
dense semantic representations, they can complement
structural interaction patterns and improve recom-
mendation quality, particularly when invocation his-
tory alone is insufficient (Zhang et al., 2024; Xiao
et al., 2023). However, simply appending text em-
beddings as auxiliary features is often not enough.
A more effective design is to integrate semantic rep-
resentations directly into the representation learning
process so that they can be refined jointly with rela-
tional information during training (Wang et al., 2024).

Recent progress in pretrained sentence encoders
has created new opportunities for modeling short and
heterogeneous software-related textual artifacts more
effectively (Reimers and Gurevych, 2019; Song et al.,
2020; Wang et al., 2020; Wang et al., 2022; Chen
et al., 2024; Li et al., 2023). However, many recom-
mendation pipelines remain tied to a single seman-
tic backbone or treat semantic features as fixed in-
puts, which limits extensibility and makes it difficult
to study how semantic initialization influences down-
stream recommendation quality. For mashup API rec-
ommendation, this is an important gap because the
available textual artifacts are short, heterogeneous,
and semantically compact, making encoder selection
a practically meaningful design factor rather than a
minor preprocessing choice.

In this paper, we propose an encoder-flexible se-
mantic hypergraph framework for API recommenda-
tion in mashup development. The proposed frame-
work first transforms mashup descriptions, API de-
scriptions, mashup tags, and API tags into dense se-
mantic vectors using a pretrained sentence encoder.
These vectors are then used to initialize trainable
node representations for mashups, APIs, mashup
tags, and API tags. To capture higher-order struc-
tural dependencies, the framework constructs mul-
tiple similarity-induced hypergraph channels over
mashup, API, mashup-tag, and API-tag relations, and
refines the initialized representations through multi-
layer hypergraph propagation and adaptive layer ag-
gregation. The final model is jointly optimized to pre-
serve recommendation-oriented compatibility while
reinforcing tag-level semantic alignment.

A key characteristic of the proposed framework is
its encoder-flexible design. Rather than coupling the
recommendation architecture to a single semantic en-
coder, the framework separates semantic initialization
from downstream hypergraph propagation and opti-
mization, allowing alternative pretrained sentence en-
coders to be incorporated without modifying the over-

all recommendation pipeline. This design improves
extensibility and reproducibility while also provid-
ing a principled foundation for studying how different
semantic backbones shape recommendation behavior
within a common architecture. Thus, encoder flex-
ibility is not merely an implementation convenience,
but an integral design property of the proposed frame-
work.

The main contributions of this work are as fol-
lows:

* We propose an encoder-flexible semantic hyper-
graph framework for APl recommendation in
mashup development that unifies multi-source
textual semantics and higher-order relational
learning within a single recommendation architec-
ture.

* We design a multi-source semantic initialization
mechanism that encodes mashup descriptions,
API descriptions, mashup tags, and API tags into
trainable representations for downstream recom-
mendation.

* We integrate semantic initialization with multi-
channel hypergraph propagation, adaptive layer
aggregation, and joint optimization to capture
both structural compatibility and semantic align-
ment.

¢ We demonstrate that the proposed framework can
be instantiated with alternative pretrained sen-
tence encoders under a shared recommendation
architecture, thereby enabling a systematic study
of semantic backbone choice in mashup API rec-
ommendation.

The remainder of this paper is organized as fol-
lows. Section 2 describes the related work .Section 3
presents the proposed framework in detail. Section 4
describes the experimental setup and results. Sec-
tion 5 discusses threats to validity. Section 6 provides
further discussion of the findings. Finally, Section 7
concludes the paper.

2 RELATED WORK

This section reviews prior studies most relevant to the
proposed framework from three perspectives. First,
we discuss API recommendation in mashup devel-
opment, which forms the core application setting
of this work. Second, we review semantic and
graph-based recommendation models that combine
textual and structural information for representation
learning. Third, we summarize recent advances in
pretrained sentence encoders, which motivate the
encoder-flexible design of the proposed framework.
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2.1 API Recommendation in Mashup
Development

API recommendation has been widely studied as a
way to assist developers during mashup construction,
where the goal is to identify suitable Web APIs that
satisfy functional requirements while fitting the ex-
isting development context. Early studies explored
category-based and service-oriented recommendation
strategies, showing that historical mashup—API asso-
ciations can provide useful signals for API discov-
ery and selection (Xia et al., 2014; Gao et al., 2015).
Later work further emphasized the practical difficulty
of API recommendation in large and dynamic ecosys-
tems, where many services provide overlapping func-
tionality and manual selection becomes inefficient
and error-prone (Alhosaini et al., 2024; Xu et al.,
2023; Gong et al., 2022).

A major line of work has focused on recom-
mendation methods based on invocation history,
collaborative filtering, co-occurrence statistics, and
compatibility-aware ranking. These methods learn
recommendation patterns from observed mashup—
API usage records and have shown promising perfor-
mance in practice (Qi et al., 2021; Lian and Tang,
2022). However, their effectiveness may degrade
when invocation data is sparse or when mashups and
APIs have limited historical overlap (Alhosaini et al.,
2024; Xu et al., 2023). This limitation motivates the
need to incorporate richer semantic and contextual ev-
idence into mashup API recommendation.

2.2 Semantic and Graph-Based
Recommendation Models

To improve recommendation beyond simple interac-
tion statistics, recent studies have incorporated tex-
tual semantics, graph structure, and higher-order re-
lations into the representation learning process. Text-
aware approaches exploit mashup descriptions, API
descriptions, or tag metadata to better capture seman-
tic compatibility between developer requirements and
API functionality (Qi et al., 2021; Wu et al., 2021;
Wang et al., 2023). These studies show that seman-
tic information can complement historical invocation
patterns, especially when structural evidence is in-
complete or sparse.

In parallel, graph-based and hypergraph-based
models have emerged as effective tools for capturing
complex dependency patterns among mashups, APIs,
and related entities. Graph neural approaches model
structural relations through message passing over
mashup—API interaction graphs, whereas hypergraph-
based methods extend this idea to higher-order asso-
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ciations among multiple entities (Xiao et al., 2023;
Kang et al., 2024; Zhang et al., 2024). More recent
studies have attempted to combine semantic features
with graph-based representation learning so that tex-
tual and structural signals can be optimized jointly
rather than treated independently (Wang et al., 2024).
However, many existing methods still use textual se-
mantics as fixed auxiliary inputs or remain tied to a
single semantic backbone, leaving limited room for
modular semantic initialization and systematic com-
parison of encoder choices.

2.3 Pretrained Text Encoders for
Semantic Representation

The growing success of pretrained sentence encoders
has significantly improved the ability to represent
short and heterogeneous textual artifacts in dense se-
mantic spaces. Sentence-BERT established an effi-
cient framework for learning semantically meaning-
ful sentence embeddings suitable for similarity-based
downstream tasks (Reimers and Gurevych, 2019).
Subsequent encoder families, such as MPNet and
MiniLM, improved contextual modeling and repre-
sentation efficiency, making them attractive for se-
mantic matching tasks under different computational
budgets (Song et al., 2020; Wang et al., 2020). More
recent embedding models, including E5, BGE, and
GTE, have demonstrated strong semantic retrieval
performance across a range of text representation set-
tings (Wang et al., 2022; Chen et al., 2024; Li et al.,
2023).

Despite these advances, encoder selection has not
been sufficiently studied in mashup API recommen-
dation.  Existing recommendation pipelines often
adopt a single pretrained encoder as a fixed design
choice, making it difficult to compare semantic back-
bones under a shared downstream learning frame-
work. In contrast, the proposed work treats encoder
choice as an explicit architectural design dimension
and adopts an encoder-flexible semantic hypergraph
framework. This allows the same recommendation
pipeline to be instantiated with alternative pretrained
encoders while preserving the downstream propaga-
tion and optimization process.

Overall, prior studies have demonstrated the
usefulness of interaction-driven recommendation,
text-aware semantic modeling, and graph-based or
hypergraph-based representation learning for API
recommendation. However, semantic information is
often incorporated in a limited or encoder-specific
manner, and relatively few studies combine trainable
semantic initialization, higher-order hypergraph prop-
agation, and encoder flexibility within a unified API
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Algorithm 1: Encoder-Flexible Semantic Hypergraph Framework for Mashup—API Recommendation.

Input: Mashups M; APIs 4; mashup descriptions {D,, }; API descriptions {D, }; mashup tags {T;¥' }; API tags {7 }; training interactions Ryin;
sentence encoder ¢(-); propagation depth L; thresholds a1, 0, 03, 0l4; epochs E; Top-N.

Output: Top-N API recommendation list () for each mashup m.

(0)

1 Encode mashup descriptions, API descriptions, mashup tags, and API tags using ¢(-), and initialize trainable embeddings E,(,(,)), EE,U), E;, , and ES,J)

//Semantic initialization

2 Construct mashup-side, API-side, mashup-tag, and API-tag incidence matrices from Ryyin, {T;¥' }, and {T}. Compute Jaccard similarities, threshold

them using o1, 02, 003, 044, and build normalized hypergraph propagation operators P, P,, P;,,, and P;,.

3 fore=1toE do

Set layer-0 embeddings from semantic initialization.
for(=0toL—1do
L Propagate embeddings over the four hypergraph channels.

N S e

®°

9 Compute mashup—API scores and optimize the joint objective

Update model parameters by backpropagation.

Aggregate layer-wise embeddings using learnable softmax weights.

//Four hypergraph channels

Sample mashup—API triplets (m,a*,a™) and auxiliary positive/negative tag pairs.

//Adaptive layer aggregation

L= Lyee + L + Lo +1]| O] 3.

10 Compute final mashup and API representations. For each target mashup m, rank all candidate APIs by inner-product score and return the Top-N list

n(m).

//Inference

recommendation architecture. Motivated by these
limitations, this work proposes an encoder-flexible se-
mantic hypergraph framework that integrates multi-
source semantic initialization, multi-channel hyper-
graph propagation, and joint optimization for recom-
mendation and semantic alignment.

3 PROPOSED METHOD

This section presents the proposed encoder-flexible
semantic hypergraph framework for API recommen-
dation in mashup development. Algorithm 1 sum-
marizes the overall procedure of semantic initializa-
tion, hypergraph construction, multi-layer propaga-
tion, joint optimization, and inference, while Figure 1
illustrates the corresponding architecture of the pro-
posed framework.

At a high level, the proposed framework con-
sists of five stages. First, mashup descriptions, API
descriptions, mashup tags, and API tags are trans-
formed into dense semantic representations using a
pretrained sentence encoder. Second, these seman-
tic vectors are used to initialize trainable node em-
beddings for mashups, APIs, mashup tags, and API
tags. Third, similarity-induced hypergraph structures
are constructed to model higher-order relations on the
mashup side, API side, mashup-tag side, and API-
tag side. Fourth, the initialized embeddings are re-
fined through multi-layer hypergraph propagation and
adaptive layer aggregation. Finally, the model is
trained using a joint objective that combines recom-
mendation ranking with tag-level semantic alignment.

3.1 Problem Definition and Notation

Let M = {mi,my,...,mgq} denote the set of
mashups and let 4 = {a;,a,...,a 4/} denote the set
of Web APIs. The observed invocation relationships
between mashups and APIs are represented by a bi-
nary interaction matrix

Re {0,1}|M\X|ﬂ\’

where R;; = 1 indicates that mashup m; invokes API
aj, and R;; = 0 otherwise.

Each mashup is further associated with a textual
description and a set of category tags, while each API
is associated with a textual description and a set of
functional tags. Let ‘7, and ‘Z, denote the mashup-
tag and API-tag vocabularies, respectively. The goal
of API recommendation is, for a target mashup m;, to
rank candidate APIs in A4 according to their predicted
functional relevance and compatibility with m,;.

The proposed framework models four types of en-
tities:

V=MUAUTL,UT,
and learns dense representations for these entities
by combining semantic initialization and hypergraph-
based propagation.

3.2 Multi-Source Semantic
Initialization

A central idea of the proposed framework is to treat

textual semantics as a primary source of evidence for
API recommendation. To this end, we exploit four
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Figure 1: Architecture of the proposed encoder-flexible semantic hypergraph framework. Mashup descriptions, API descrip-
tions, mashup tags, and API tags are encoded into trainable semantic initializations, refined through four similarity-induced
hypergraph channels and multi-layer propagation, and aggregated adaptively to optimize recommendation and tag-alignment

objectives for Top-N API recommendation.

textual channels, namely mashup descriptions, API
descriptions, mashup tags, and API tags.

Let ¢(-) denote a pretrained sentence encoder.
Given a textual input x, the encoder produces a dense
semantic vector

z=0(x) €RY,

where d is the embedding dimension determined by
the selected encoder backbone.

Using this encoder, we generate semantic vectors
for each mashup description, each API description,
each mashup tag, and each API tag. These vectors
are then used to initialize four trainable embedding
matrices:

E}s(l)) € ]R\f7l/[|><d7 Eé()) c Rlﬂ‘xd’

E\) e RITIxd g ¢ RITlxd,

Here, E,(,? ) and EE,O) are initialized from mashup

and API descriptions, respectively, whereas E,(,(,? and

E,(g) are initialized from the textual content of mashup
tags and API tags. Unlike static side features, these
embeddings remain trainable during optimization, al-
lowing the framework to refine semantic priors in a
recommendation-aware manner. In this way, seman-
tic information is embedded directly into the repre-
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sentation learning process rather than appended as ex-
ternal auxiliary input.

3.3 Similarity-Induced Hypergraph
Construction

To model higher-order structural dependencies,
the proposed framework constructs four similarity-
induced hypergraph channels. These channels are de-
rived from mashup—API interactions, mashup—tag as-
sociations, and API-tag associations.

3.3.1 Interaction and Incidence Matrices

From the observed interaction matrix R, we derive

* a mashup-side interaction matrix X, €

{0, 1}MIxIAl "and
« an API-side interaction matrix X, € {0, 1 }AxI#],
Similarly, from mashup-tag and API-tag associa-
tions, we derive

* a mashup-tag incidence matrix X;, €

{0, 1}1%IXIM] "and

* an API-tag incidence matrix X,, € {0,1}%/*4l,
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These four matrices define the structural basis for
the mashup, API, mashup-tag, and API-tag channels,
respectively.

3.3.2 Jaccard-Based Similarity Computation

For each channel, pairwise similarity is computed us-
ing the Jaccard coefficient. Given two binary inci-
dence vectors x; and X, their similarity is defined as

Tx.
X Xj

Jaccard(x;,x;) = .
%) = T Il =%,

Using this formulation, we compute
* mashup-mashup similarity from X,,,,
* API-API similarity from X,
* mashup-tag—-mashup-tag similarity from X;,,, and
» API-tag—API-tag similarity from X,.

Each similarity matrix is then thresholded using
the channel-specific thresholds o, ¢y, 03, and 04 in
order to retain only meaningful higher-order relations.
The resulting thresholded similarities are used to form
weighted incidence structures for the four hypergraph
channels.

3.3.3 Normalized Hypergraph Operators

For a given channel, let H denote the correspond-
ing weighted incidence matrix. The node-degree and
hyperedge-degree matrices are defined as

D,(i,i) :ZH(Z'7€), De(e,e):Z’H(v,e)7

where D,, and D, are diagonal degree matrices. The
normalized propagation operator is then given by

P=D,'HD,'H".

In the proposed framework, separate operators are
constructed for the four channels:

Pm7 Pav lea Plaa

corresponding to mashups, APIs, mashup tags, and
API tags, respectively. Modeling these channels sep-
arately allows the framework to preserve distinct se-
mantic and structural roles for each entity type.

3.4 Multi-Channel Hypergraph
Propagation

After semantic initialization and hypergraph con-
struction, the framework refines each entity represen-
tation through multi-layer propagation over its corre-
sponding channel.

Let E© denote the initial embedding matrix for a
given entity type. At propagation layer /, the repre-
sentation update is defined as

E(+D = pE(),
where P is the normalized propagation operator for

the corresponding channel.
Accordingly, for the four channels we compute

B, =p,E)),  E[Y=PED,
E, ) =PuEL, BT =PUEY.

This propagation process allows each representa-
tion to aggregate information from structurally related
entities under its corresponding higher-order context.
In contrast to pairwise graph propagation, the hy-

pergraph formulation better captures co-occurrence
structures among mashups, APIs, and tag entities.

3.5 Adaptive Layer Aggregation

Different propagation depths may contribute differ-
ently to representation quality. Shallow layers tend to
preserve semantic priors, whereas deeper layers may
capture richer structural context. Instead of using only
the final layer or averaging all layers uniformly, the
proposed framework learns channel-specific aggrega-
tion weights.

For a given channel, let the layer-wise embeddings
be

EQ ED . ED.

These embeddings are aggregated as

. L
E=Y BE",
=0

where
B — exp(w;)
" XE gexp(w)

Here, {w;} are trainable scalar parameters and
{B:} are softmax-normalized importance coeffi-
cients. Separate aggregation weights are learned for
mashups, APIs, mashup tags, and API tags. The re-
sulting final representations are denoted as

Em7 Elh Etm7 IA‘jl‘(l'

3.6 Recommendation Scoring

Given the final mashup representation €,, and API
representation Ea_ i the recommendation score is com-
puted through inner-product matching:

$ij = € €a;-

A larger score indicates a stronger predicted com-
patibility between mashup m; and API a;. During in-
ference, candidate APIs are ranked in descending or-
der according to ;.
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3.7 Joint Optimization with Tag-Level
Semantic Alignment

The proposed framework is trained using a joint ob-
jective that combines recommendation ranking with
two auxiliary semantic alignment losses. These aux-
iliary objectives help preserve semantically mean-
ingful alignment during training, rather than allow-
ing semantic initialization to be dominated solely by
interaction-based ranking optimization.

3.7.1 Mashup-API Ranking Loss

For recommendation learning, we adopt a pair-
wise Bayesian Personalized Ranking (BPR) objec-
tive. Given a mashup m;, a positive API a ,and a

negative APl a; , the ranking loss is defined as

Lie=— Y logo (E;lﬁﬁ €, € € )
(6j*"07)
where 6(-) denotes the sigmoid function. This ob-

jective encourages observed mashup—API pairs to re-
ceive higher scores than unobserved pairs.

3.7.2 Mashup-Tag Alignment Loss

To preserve semantic consistency between mashups
and their associated tags, we introduce a mashup-tag
pairwise loss. For a mashup m;, a positive mashup tag
tr; > and a negative mashup tag ¢, o the loss is defined
as

Lw=— Y logo (em € —E;,Elmk) .

(it k)

This objective encourages mashup representations
to remain close to semantically relevant mashup-tag
representations.

3.7.3 API-Tag Alignment Loss

Similarly, for API representations, we define

Lo =— Z logc(ﬁ;rjgﬁ —ele- )

dj t X
(et k) “

where ¢ ak and ¢, are positive and negative API tags
for API aj. ThlS loss helps API representations pre-
serve functional semantic coherence with their asso-
ciated API-tag representations.

3.7.4 Regularized Objective

The overall training objective is defined as

L= Lrec+ Lon+ Lo+ M|O3,

264

where O denotes the set of trainable parameters and A
is the regularization coefficient. By jointly optimizing
these three losses, the framework learns representa-
tions that are simultaneously recommendation-aware
and semantically aligned.

3.8 Encoder-Flexible Design

A key characteristic of the proposed framework is that
the semantic encoding module is decoupled from the
downstream hypergraph propagation and recommen-
dation optimization stages. Specifically, the encoder
is used only to generate the initial dense representa-
tions
Ey, B E B,

while all subsequent structural learning and scoring
operations remain unchanged.

As a result, the framework can naturally support
alternative sentence encoders without modifying the
recommendation architecture itself. This encoder-
flexible design enables the same recommendation
pipeline to be instantiated with different semantic
backbones under a shared training and inference pro-
cedure. The empirical comparison of encoder choices
is presented later in the experimental section.

3.9 Computational Perspective

The proposed framework separates semantic repre-
sentation generation from downstream recommenda-
tion training. Semantic embeddings for mashups,
APIs, and tags are computed once during preprocess-
ing and reused during model training. The main train-
ing cost, therefore, arises from hypergraph propaga-
tion and pairwise optimization. Since propagation is
performed independently on four sparse channels, the
framework remains computationally manageable for
moderately sized mashup recommendation datasets
while still capturing higher-order relations and multi-
source semantics.

In general, the proposed method combines seman-
tic representation learning, higher-order hypergraph
propagation, adaptive layer aggregation, and joint se-
mantic alignment within a unified encoder-flexible
recommendation architecture.

4 EXPERIMENTAL SETUP AND
RESULTS

This section evaluates the proposed encoder-flexible
semantic hypergraph framework for API recommen-
dation in mashup development. The experimental
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study is designed to examine how different pretrained
sentence encoders affect recommendation behavior
when integrated into the same semantic hypergraph
architecture. To ensure that the observed differ-
ences are attributable to semantic initialization rather
than architectural variation, all experiments use the
same hypergraph construction procedure, propagation
depth, joint optimization strategy, and evaluation pro-
tocol, while varying only the sentence encoder used
to generate the initial semantic representations.

The evaluation is conducted in a controlled and
systematic manner. We first describe the dataset, eval-
uation metrics, and implementation details, and then
present a detailed analysis of the results across differ-
ent encoder backbones.

4.1 Dataset

We conduct experiments on the mashup API recom-
mendation dataset used in R2ZAPI (Wang et al., 2025),
which is derived from real-world Web API usage
records; detailed dataset statistics are reported in that
study. The dataset contains mashups, APIs, observed
mashup-API invocation relationships, and associated
textual metadata, including mashup descriptions, API
descriptions, mashup tags, and API tags. These tex-
tual and tag-based artifacts are used for semantic ini-
tialization in the proposed framework.

We adopt a 10-fold cross-validation protocol. In
each fold, mashups are partitioned into disjoint train-
ing and test subsets. The training subset is used
to construct mashup—API, mashup-tag, and API-tag
structures, while the test subset is used for recom-
mendation evaluation on held-out mashups. For each
held-out mashup, recommendations are generated us-
ing its available textual and tag information under
the learned framework. The same fold partitioning
is used for all encoder variants to ensure a fair com-
parison.

4.2 Evaluation Metrics

Following common practice in recommendation eval-
uation, we assess performance using Precision, Re-
call, Mean Average Precision (MAP), Normalized
Discounted Cumulative Gain (NDCG), and Cov-
erage at different recommendation cutoffs N €
{3,5,10,20}.

Precision@N measures the proportion of relevant
APIs among the top-N recommendations, while Re-
call@N measures the proportion of relevant APIs suc-
cessfully retrieved within the top-N list. MAP@N
evaluates ranking quality by rewarding methods that
place relevant APIs earlier in the recommendation

list. NDCG@N further emphasizes the quality of
ranked results by accounting for the positions of rele-
vant APIs in the returned list. Coverage @N measures
the proportion of distinct APIs that appear in the rec-
ommendation outputs, thereby reflecting the breadth
of the recommendation space explored by the model.

Together, these metrics provide a balanced view of
recommendation effectiveness, ranking quality, and
recommendation diversity.

4.3 Implementation Details

The proposed framework is instantiated with seven
pretrained sentence encoders drawn from the BGE
(Chen et al., 2024), ES (Wang et al., 2022), GTE
(Li et al., 2023), MiniLM (Wang et al., 2020),
and MPNet/Sentence-BERT (Song et al., 2020;
Reimers and Gurevych, 2019) families. Specifically,
we use BAAI/bge-base-en-v1.5, intfloat/e5-base-
v2, thenlper/gte-base, sentence-transformers/all-
MiniLM-L6-v2, sentence-transformers/all-MinilLM-
L12-v2, sentence-transformers/all-mpnet-base-v2,
and sentence-transformers/paraphrase-mpnet-base-
v2.

For each encoder, semantic vectors are generated
for mashup descriptions, API descriptions, mashup
tags, and API tags. These vectors are then used to
initialize the corresponding trainable embedding ta-
bles in the proposed framework. To ensure a con-
trolled comparison, all non-encoder components are
kept fixed across experiments, including hypergraph
construction, propagation depth, joint optimization,
and fold partitioning. The propagation depth is set
to 3, the learning rate is set to 0.002, the batch size
is set to 512, and the regularization coefficient is set
to 107*. The similarity thresholds for the four hy-
pergraph channels are fixed at o; = 0.6, o = 0.6,
o3 = 0.8, and oy = 0.8. The model is trained for 400
epochs in each fold.

The dimensionality of the trainable initialization
matches the output dimension of the selected encoder.
In particular, the MiniLM-based encoders use 384-
dimensional semantic initialization, whereas the re-
maining encoders use 768-dimensional initialization.
Final results are reported as averages over all 10 folds.

4.4 Result Analysis

Table 1 reports the average recommendation perfor-
mance of the proposed encoder-flexible semantic hy-
pergraph framework across all 10 folds using differ-
ent pretrained sentence encoders. Since the down-
stream architecture remains unchanged in all cases,
the reported differences provide a direct view of how
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Table 1: Average recommendation performance of the
proposed encoder-flexible semantic hypergraph framework
across 10 folds using different pretrained sentence en-
coders. The best result in each metric column within a Top-
N block is shown in bold and the second-best result is un-
derlined.

Top-N Methods P R MAP NDCG Cov
BGE-base  0.3111 0.6736 0.7389 0.6755 0.4372
ES-base 0.3069 0.6626 0.7224 0.6610 0.3660
GTE-base  0.3097 0.6705 0.7382 0.6746 0.4160

3 MiniLM-L6 0.3033 0.6599 0.7227 0.6598 0.4298
MiniLM-L12 0.3035 0.6591 0.7193 0.6585 0.4032
MPNet-base 0.3025 0.6605 0.7227 0.6601 0.4766

Para-MPNet 0.3028 0.6584 0.7174 0.6568 0.4830

BGE-base  0.2038 0.7157 0.7385 0.6893 0.5660
E5-base 0.2023 0.7070 0.7216 0.6760 0.4926
GTE-base  0.2040 0.7185 0.7382 0.6906 0.5904

5 MiniLM-L6 0.1984 0.7011 0.7232 0.6734 0.5691
MiniLM-L12 0.1990 0.7007 0.7198 0.6723 0.5777
MPNet-base 0.1995 0.7046 0.7227 0.6755 0.6457

Para-MPNet 0.2010 0.7076 0.7172 0.6742 0.6298

BGE-base  0.1125 0.7667 0.7290 0.7080 0.7830
E5-base 0.1123 0.7609 0.7121 0.6959 0.7117
GTE-base  0.1132 0.7697 0.7289 0.7098 0.7862

10 MiniLM-L6 0.1104 0.7543 0.7141 0.6932 0.7777
MiniLM-L12 0.1103 0.7510 0.7106 0.6910 0.7787
MPNet-base 0.1108 0.7547 0.7137 0.6943 0.8298

Para-MPNet 0.1114 0.7582 0.7083 0.6932 0.8394

BGE-base  0.0614 0.8119 0.7127 0.7223 0.9255
E5-base 0.0609 0.8050 0.6983 0.7095 0.8894
GTE-base  0.0614 0.8138 0.7151 0.7236 0.9245
20 MiniLM-L6 0.0606 0.8002 0.6985 0.7079 0.9128
MiniLM-L12 0.0603 0.7993 0.6970 0.7058 0.9170
MPNet-base 0.0604 0.8028 0.7007 0.7090 0.9500

Para-MPNet 0.0609 0.8062 0.6955 0.7081 0.9340

semantic initialization influences the behavior of the
proposed framework. In other words, the purpose of
this comparison is to evaluate how alternative seman-
tic backbones affect the same recommendation archi-
tecture under a controlled setting.

Here, P, R, MAP, NDCG, and Cov denote Pre-
cision, Recall, Mean Average Precision, Normalized
Discounted Cumulative Gain, and Coverage, respec-
tively.

266

4.4.1 Encoder-Wise Performance Analysis

The results show that encoder selection has a
consistent and measurable effect on recommen-
dation quality. Among all evaluated backbones,
BAAI/bge-base-en-v1.5 and thenlper/gte-base
achieve the strongest ranking-oriented performance
across nearly all recommendation cutoffs. At
the smallest and most practically important cut-
off, BAAI/bge-base-en-v1.5 yields the best Pre-
cision@3 (0.3111), Recall@3 (0.6736), MAP@3
(0.7389), and NDCG@3 (0.6755). This indicates that
BGE produces the most accurate top-ranked API sug-
gestions when only a very limited number of recom-
mendations are shown to the developer.

At larger recommendation cutoffs,
thenlper/gte-base becomes the strongest or
nearly strongest encoder on several metrics. In partic-
ular, it achieves Precision@5 of 0.2040, Recall@5 of
0.7185, Recall@10 of 0.7697, Recall@20 of 0.8138,
MAP@20 of 0.7151, and NDCG@20 of 0.7236.
This suggests that GTE is especially effective at
maintaining ranking quality as the recommendation
list expands. Taken together, these observations
indicate that BGE is particularly strong at optimizing
the very top of the ranked list, whereas GTE provides
the most balanced ranking behavior across short and
long recommendation lists.

The results for intfloat/e5-base-v2 also con-
firm that retrieval-oriented sentence encoders are well
suited to the proposed framework. E5 performs
competitively across all metrics, although it remains
consistently below BGE and GTE. For example,
it achieves Precision@3 of 0.3069, Recall@10 of
0.7609, and NDCG @20 of 0.7095. This shows that
ES5 is a robust semantic backbone within the frame-
work, but its initialization appears to align slightly
less effectively with downstream hypergraph propa-
gation and joint ranking optimization than BGE and
GTE.

4.4.2 Precision-recall-coverage Trade-Offs

A second important finding concerns the trade-
off between ranking quality and recommenda-
tion coverage. The MPNet family, particularly
sentence-transformers/all-mpnet-base-v2,

does not achieve the best Precision, Recall, MAP,
or NDCG values, but it consistently provides the
strongest recommendation coverage at larger cutoffs.
For instance, all-mpnet-base-v2 attains Cov@5 of
0.6457, Cov@10 of 0.8298, and Cov@20 of 0.9500,
which are the highest coverage values among all
evaluated encoders. The same trend is also visible
for paraphrase-mpnet-base-v2, which yields
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Cov@10 of 0.8394 and Cov@20 of 0.9340.

This behavior is methodologically important be-
cause it reveals that semantic encoder selection affects
not only the relevance of top-ranked items but also the
breadth of the recommendation space explored by the
model. In other words, some semantic backbones en-
courage the framework to focus more strongly on top-
ranked accuracy, whereas others promote broader API
exploration across the candidate space. From a prac-
tical perspective, this means that the proposed frame-
work can support different recommendation goals de-
pending on the selected encoder. If the primary objec-
tive is highly accurate top-ranked suggestions, BGE
and GTE are preferable. If broader exploratory rec-
ommendation behavior is desired, MPNet-based en-
coders become more attractive.

4.4.3 Robustness across Encoder Families

Another important observation is the robustness
of the proposed framework across diverse encoder
families. Even the lighter MiniLM variants re-
main competitive despite their smaller representation
size. For example, all-MiniLM-L6-v2 achieves Re-
call@20 of 0.8002 and NDCG@20 of 0.7079, while
all-MiniIM-L12-v2 achieves Recall@20 of 0.7993
and NDCG@20 of 0.7058. Although these values do
not exceed those of the strongest encoders, the per-
formance gap remains moderate. This indicates that
the proposed framework is not dependent on a sin-
gle large semantic backbone and can preserve useful
recommendation quality even with more compact en-
coders.

This robustness is a key methodological advantage
of the proposed design. Because the framework sep-
arates semantic initialization from downstream struc-
tural learning, it remains stable across multiple en-
coder families while still preserving the ability to ex-
ploit semantic differences between them. This val-
idates the central premise of the paper: encoder se-
lection should be treated as an explicit design dimen-
sion in semantic API recommendation rather than as
a fixed implementation detail.

S THREATS TO VALIDITY

The findings of this study should be interpreted in
light of several threats to validity. First, with respect
to internal validity, recommendation performance
may be influenced by implementation choices and hy-
perparameter settings, such as similarity thresholds,
propagation depth, learning rate, and regularization.
To reduce this threat, all encoder variants are evalu-

ated under the same architecture, optimization strat-
egy, and fold partitioning, so that the observed differ-
ences can be attributed primarily to semantic initial-
ization.

Second, regarding construct validity, the study
evaluates performance using Precision, Recall, MAP,
NDCQG, and Coverage. These metrics provide a bal-
anced view of ranking quality and recommendation
breadth, but they do not capture all practical as-
pects of API usefulness, such as compatibility con-
straints, documentation quality, or developer prefer-
ences. Therefore, the conclusions should be under-
stood in terms of recommendation effectiveness under
standard retrieval-oriented metrics.

Third, in terms of external validity, the experi-
ments are conducted on a single mashup API recom-
mendation dataset derived from real-world Web API
usage records. Although the dataset is appropriate for
evaluating the proposed framework, the results may
not generalize identically to other API ecosystems,
domains, or recommendation settings with different
sparsity patterns or richer contextual information.

Finally, with respect to conclusion validity, the
empirical study focuses on encoder-wise behavior
within the proposed framework under a controlled
setting. Thus, the conclusions are strongest for under-
standing how the choice of semantic backbone affects
the same recommendation architecture, rather than for
making universal claims about all API recommenda-
tion models or all sentence encoders.

6 DISCUSSION

The results provide three main insights into the pro-
posed encoder-flexible semantic hypergraph frame-
work. First, semantic initialization has a clear ef-
fect on recommendation performance even when the
downstream hypergraph construction, propagation,
and optimization settings remain unchanged. This
shows that the semantic encoder is an important part
of the overall recommendation architecture rather
than merely a preprocessing component.

Second, different encoder families lead to dif-
ferent recommendation behaviors. BGE and GTE
provide the strongest ranking-oriented performance,
whereas MPNet-based variants consistently achieve
higher coverage, and MiniLM variants remain com-
petitive despite their lighter representation size.

Third, the results highlight the methodological
value of the proposed framework. Because the archi-
tecture remains fixed while only the semantic back-
bone changes, the framework provides a clean set-
ting for studying how semantic representations in-
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teract with higher-order hypergraph learning. Over-
all, these findings show that the proposed approach is
both effective and flexible, and that encoder-flexible
semantic initialization is a meaningful design dimen-
sion in mashup API recommendation.

7 CONCLUSION AND FUTURE
WORK

This paper presented an encoder-flexible semantic
hypergraph framework for API recommendation in
mashup development. The proposed framework in-
tegrates multi-source textual semantics with higher-
order relational learning through semantic initializa-
tion, multi-channel hypergraph propagation, adaptive
layer aggregation, and joint optimization. The results
show that the framework is effective across differ-
ent semantic backbones and that encoder choice has
a clear impact on recommendation behavior. In par-
ticular, BGE and GTE achieve the strongest ranking-
oriented performance, whereas MPNet-based variants
provide broader recommendation coverage.

Future work will focus on extending the frame-
work with additional semantic backbones and richer
contextual signals, such as API evolution, temporal
interaction patterns, and compatibility information. It
would also be valuable to investigate the applicabil-
ity of the proposed framework to other software engi-
neering recommendation tasks.
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