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Abstract
Current service replacement methods predominantly focus on matching replace-
ment services with failed services at the functional and quality levels, while
lacking consideration of their collaborative relationships. To address this is-
sue, this paper proposes a service replacement method that integrates service
clustering and collaborative relationships. First, a service collaboration graph
is constructed using the compositional relationships between services, sequence
sampling is performed based on Node2Vec to generate collaboration vectors,
and collaboration similarity between services is subsequently calculated. Then,
by introducing service clusters to reduce the service search space during replace-
ment, a candidate replacement service set is rapidly constructed from functional
and quality perspectives. Finally, within the candidate replacement service set,
optimal recommendation of replaceable services is achieved by comprehensively
integrating service quality scores and collaboration similarity. Experimental
results demonstrate that the proposed method can effectively improve the effi-
ciency and rationality of service replacement.
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Abstract: Current service substitution methods primarily focus on functional
and quality matching between substitutive and invalid services, yet lack con-
sideration of their collaborative relationships. To address this limitation, this
paper proposes a service substitution method that integrates service cluster-
ing and collaboration relationships. First, we construct a service collaboration
graph based on service composition relationships, perform sequence sampling us-
ing Node2Vec to generate collaboration vectors, and subsequently compute col-
laboration similarity between services. Then, by introducing service clusters to
reduce the search space during substitution, we rapidly construct candidate sub-
stitutive service sets from functional and quality perspectives. Finally, within
the candidate set, we achieve optimal substitutive service recommendation by
comprehensively evaluating service quality scores and collaboration similarity.
Experiments demonstrate that the proposed method effectively improves both
the efficiency and rationality of service substitution.

Keywords: service clustering; collaboration similarity; service substitution;
process co-occurrence

0 Introduction
With the maturation of next-generation communication technologies such as
cloud computing, IoT, and 5G, the number of services on networks has increased
rapidly, leading to widespread adoption of Service-Oriented Architecture (SOA)
in software development and deployment. Different types of services are in-
tegrated into various business systems. To facilitate invocation, services are
typically designed as network applications with fine-grained functionality. For
complex service requests, service composition is employed to construct service
processes from groups of functionally related services that collaborate to com-
plete responses.

Services across the internet, IoT, and various ad-hoc networks operate in dy-
namic and volatile network environments that may interrupt their working
states. To provide higher quality and more competitive services, platforms em-
ploy numerous incentive mechanisms to drive continuous functional evolution
and version updates. Consequently, both the complex objective network en-
vironment and subjective functional evolution needs can cause service failures,
creating demands for service substitution and migration in existing business sys-
tems. How to efficiently and accurately achieve service substitution represents a
critical challenge in SOA-based business system development and deployment.

Existing research on service substitution primarily considers service matching
from functional and quality perspectives, with contributions concentrated
on computing functional similarity and QoS-based optimization. Due to the
vast number of services on networks, current methods face enormous search
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spaces when finding functionally similar services, resulting in complex and
time-consuming substitution processes. Moreover, existing service discovery
methods neglect collaborative factors. After obtaining candidate services that
can functionally replace invalid services, they typically select the service with
optimal QoS as the substitute. Such approaches focus on local optimization of
service quality at the replacement position while ignoring collaborative relation-
ships between the substitute service and other services in the business process
context, lacking global evaluation of collaborative compatibility between the
substitute and the business environment.

Given that current service substitution methods generally suffer from large
search spaces, low efficiency, and insufficient consideration of collaborative adap-
tation between substitute services and business process contexts, this paper
proposes a service substitution method integrating service clustering and collab-
oration similarity. The main contributions are:

1) We construct a service collaboration graph and propose a Node2Vec-based
service collaboration similarity computation method, which enhances sub-
stitution rationality by incorporating collaboration similarity between sub-
stitute and invalid services.

2) We establish a service cluster-oriented request response pattern that re-
duces search space through service clusters, improving the efficiency of
candidate service set discovery during substitution.

3) We conduct simulation experiments to validate the proposed method’s
effectiveness from two perspectives: substitution discovery time and co-
occurrence rate between substitute services and other services in the busi-
ness process containing the invalid service.

1 Related Work
Service substitution is an important research problem in service computing.
Researchers first consider functional compatibility between substitute and in-
valid services, then incorporate factors such as quality evaluation, discovery
efficiency, interface data consistency, and composition preferences to propose
various substitution methods.

For instance, Liang et al. used term co-occurrence in service description markup
to classify services and established service operation interface compatibility
and substitution methods, achieving 85% substitution accuracy. However, this
method still faces significant challenges in identifying semantic heterogeneity of
alternative services. Zhang mined Web service execution context characteristic
rules to qualitatively represent different Web service performance under vary-
ing execution contexts, employing knowledge discovery-based methods to select
optimal candidate substitute services according to current conditions. Gao pro-
posed a data consistency checking method for dynamic service substitution that
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uses data replacement patterns to regulate different substitution behaviors, val-
idating its effectiveness through case analysis and experiments.

Santhanam used preference networks to represent and reason about non-
functional attribute preferences in service requirements for substitute selection.
Sara treated Web services as sets of operations, transforming service substitu-
tion into operation-level substitution. By constructing a network of existing
service operations and defining four types of operation interface matching
degrees, this approach significantly improved substitution efficiency compared
to direct Web service substitution. Du et al. proposed a service substitution
method based on service cluster nets that improved discovery efficiency
through service clusters, though the requirement for consistent parameter
interfaces limited search space reduction and substitution flexibility. Hu et
al. proposed a process collaboration-aware service substitution method that
enhanced substitution rationality through process collaboration, but suffered
from incomplete collection of process collaboration dependencies, limiting the
accuracy of computed collaboration strength.

Service substitution essentially represents service rediscovery based on the in-
valid service’s functionality. Therefore, service discovery achievements provide
valuable references. Service discovery efficiency and accuracy are two key met-
rics for evaluation and improvement. Researchers typically employ clustering,
bipartite graphs, and indexing methods to enhance retrieval mechanisms and
discovery speed, with clustering being most widely used for effectively reduc-
ing search space. Service discovery accuracy primarily depends on similarity
determination between requirements and services. Early research extracted key-
words representing service features from description documents (e.g., WSDL)
and computed similarity through term frequency or semantic similarity.

Recently, as natural language text becomes increasingly common for service de-
scriptions, topic models and deep learning methods have become mainstream for
extracting service topic features from description text and determining similar-
ity based on topic feature vectors. For example, Nabli et al. combined TF-IDF
with LDA models to propose a topic vector generation model for cloud service
similarity computation, improving discovery accuracy during service crawling.
Hu et al. used the GSDMM model to generate service representation vectors
with probability correction factors, enhancing similarity computation precision
in service discovery and clustering, and experimentally demonstrated GSDMM’s
superior topic expression capability compared to LDA, BTM, and other models.
Lizarralde used variational autoencoders to learn features from service descrip-
tions, constraining encoding representations to model latent variables. This
method outperformed traditional topic models like LDA and LSA but had sig-
nificantly higher complexity for feature learning and model training.

To further improve service substitution efficiency and rationality, this paper
introduces service clustering, the GSDMM topic model, and collaboration sim-
ilarity into service substitution. Service clustering reduces search space during
substitution, while GSDMM generates topic vectors from service descriptions to
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improve similarity computation accuracy and substitution matching precision.
By modeling process transition dependencies between services, we construct a
Node2Vec-based service collaboration similarity computation method that com-
prehensively considers service quality and collaboration similarity to enhance
substitution recommendation rationality.

2 Service Collaboration Similarity
Social network theory research shows that when multiple participants collabo-
rate on a task, they prefer to work with familiar partners or those with previ-
ous collaboration experience. In service composition scenarios, users similarly
prefer services with historical composition relationships to build new business
processes, as these services demonstrate higher reliability in interface compati-
bility and business deployment. Therefore, among candidate substitute services,
selecting services with similar collaboration partners to the invalid service in-
creases substitution rationality.

To measure whether services share similar collaboration relationships, we pro-
pose the concept of service collaboration similarity, which uses similarity magni-
tude to measure the probability of two services appearing in similar composition
service process contexts. Collaboration similarity depends on two factors: ser-
vice co-occurrence rate and process distance. The more frequently two services
appear in similar service processes, the greater their collaboration similarity; the
closer their process distance to the same service, the greater their collaboration
similarity.

To compute collaboration similarity between two services, we construct a service
collaboration graph as an undirected graph where nodes represent services and
edges represent collaboration relationships. Numerous service process models
are accumulated on cloud platforms. By traversing these models, services are
abstracted as nodes in the collaboration graph, and service transition dependen-
cies are mapped as edges to complete graph construction.

Definition 1 (Collaboration Dependency): In a service composition pro-
cess model 𝑠𝑝, if service 𝑠𝑖 and service 𝑠𝑗 have business logic transitions, they
are called collaboration dependencies, denoted as 𝑠𝑖 → 𝑠𝑗.

Definition 2 (Service Collaboration Graph): The service collaboration
graph is defined as an undirected weighted graph 𝑆𝐶𝐺 = (𝑉 , 𝐸) where: -
𝑉 = {𝑣1, 𝑣2, 𝑣3, … , 𝑣𝑛} is the set of service nodes, with each node 𝑣𝑖 representing
a service; - 𝐸 = {𝑒 = (𝑣𝑖, 𝑣𝑗) ∣ 1 ≤ 𝑖, 𝑗 ≤ 𝑛} is the set of collaboration edges,
where 𝑒 = (𝑣𝑖, 𝑣𝑗) indicates that services 𝑠𝑖 and 𝑠𝑗 corresponding to nodes 𝑣𝑖
and 𝑣𝑗 satisfy 𝑠𝑖 → 𝑠𝑗.

[Figure 1: see original paper] shows a sample fragment of a service collabora-
tion graph constructed using Mashup services registered on ProgrammableWeb.
Mashup services are composite services typically containing 2-6 Web services
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that collaboratively complete complex business functions. After constructing
the service collaboration graph, Node2Vec is employed to sample node sequences
and generate vectors for each node-represented service, called service collabora-
tion vectors.

Algorithm 1 generates the service collaboration similarity matrix, from which
collaboration similarity between any two services can be obtained. Lines 1-6
construct the collaboration graph by initializing an empty SCG, then traversing
service processes in the process library 𝑆𝑃 , adding nodes 𝑣(𝑠) and 𝑣(𝑠′) and
edge ⟨𝑣(𝑠), 𝑣(𝑠′)⟩ for services 𝑠 and 𝑠′ with collaboration dependencies.

Lines 7-20 use Node2Vec to generate service collaboration vectors. Line 7 initial-
izes an empty set 𝑤𝑎𝑙𝑘𝑠 for storing node sequences from random walks. Line 8
loops to generate 𝑟 random walks. For each service node 𝑢 in the collaboration
graph, lines 9-10 initialize a sequence array 𝑤𝑎𝑙𝑘[𝑢]. Lines 11-17 generate node
sequences of length 𝑙 through random neighbor selection and negative sampling,
appending 𝑤𝑎𝑙𝑘 to 𝑤𝑎𝑙𝑘𝑠. Line 19 uses SGD to train on 𝑤𝑎𝑙𝑘𝑠 and generate
collaboration vectors 𝑠𝑐𝑣[𝑖] for each node. Lines 21-23 compute collaboration
similarity between any two services using cosine similarity of vectors and con-
struct matrix 𝐶𝑆𝑀 , which is returned in line 24.

3.1 Service Cluster-Oriented Request Response Pattern
In traditional SOA architecture, service requests are fulfilled by individual ser-
vices or service composition processes published on the network, facing massive
service comparisons and low discovery efficiency. Service substitution requires
finding alternative services for existing responses, incurring enormous search
costs.

To improve discovery efficiency during substitution, we introduce service clusters
into SOA architecture, establishing the response pattern shown in [Figure 2: see
original paper]. A virtual resource layer is added to traditional SOA, containing
service clusters. Unlike conventional patterns, service requests from the business
model layer are no longer responded to by atomic services directly but first by
service clusters in the virtual resource layer, which then bind optimal response
services that subsequently bind to atomic services or composition processes in
the physical resource layer.

Introducing the virtual resource layer and service clusters increases response
granularity, enabling a “service cluster-service” two-level discovery pattern.
Since similar services are grouped into clusters, the search space is substantially
reduced, improving discovery efficiency.
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3.2 Service Substitution Algorithm
The service substitution process comprises two phases: candidate service set
generation, which obtains services that can replace the invalid service function-
ally; and comprehensive optimization based on service quality and collaboration
similarity.

Definition 3 (Service): A service is defined as a 6-tuple 𝑠 = (𝐼𝑑, 𝐷, 𝐼, 𝑂, 𝑄, 𝐿),
where 𝐼𝑑 is the service identifier, 𝐷 is the functional description text, 𝐼 and 𝑂
are input and output parameter sets, 𝑄 is the quality set, and 𝐿 is the service
address identifier.

For example, the GeocodingApi service from Google Maps registered on Pro-
grammableWeb has description 𝐷: “Geocoding is the process of converting
addresses (like ‘1600 Amphitheatre Parkway, Mountain View, CA’) into geo-
graphic coordinates (like latitude 37.423021 and longitude -122.083739), which
you can use to place markers or position the map. Reverse geocoding is the
process of converting geographic coordinates into a human-readable address.”
Its input parameter set is 𝐼 = {(string address)} and output parameter set is
𝑂 = {(float latitude), (float longitude)}.

The quality set 𝑄 = {𝑞𝑖}, where 𝑞𝑖 = {𝑁, 𝐶, 𝑉 , 𝑈} with 𝑁 as the quality
parameter name, 𝐶 as the comparison operator, 𝑉 as the parameter value, and
𝑈 as the unit. For instance, 𝑞 = (ResponseTime, <, 0.5, ms) indicates response
time less than 0.5 milliseconds.

Definition 4 (Service Cluster): A service cluster is defined as a 7-tuple 𝑠𝑐 =
(𝐶𝐼𝑑, 𝑉 , 𝐼, 𝑂, 𝑆𝑤, 𝑄𝑐), where 𝐶𝐼𝑑 is the cluster identifier, 𝑉 is the functional
vector, 𝐼 and 𝑂 are input and output parameter sets, 𝑆𝑤 is the set of services
contained in the cluster, and 𝑄𝑐 is the quality parameter set.

Service clusters are obtained by clustering services and do not have func-
tional description text, using functional vector 𝑉 to represent cluster
functionality, computed as the mean of all service vectors in the cluster.
Input and output parameter sets are the unions of all services’ parame-
ters. Quality parameter values should cover all services’ quality ranges,
represented using interval notation 𝑞𝑖 = {𝑁, 𝐶, [𝑉𝑚𝑖𝑛, 𝑉𝑚𝑎𝑥], 𝑈}. For exam-
ple, 𝑄𝑐 = {(ResponseTime, <, [0.1, 0.5], ms), (ResponseRate, >, [98, 100], %)}
indicates response times between 0.1-0.5ms and response rates between
98-100%.

We employ the GSDMM model, suitable for short text topic extraction, to gen-
erate functional vectors from service descriptions. Previous work validated that
GSDMM generates significantly higher-quality vectors for Web service descrip-
tions than other topic models. GSDMM is based on the Dirichlet Multinomial
Mixture (DMM) model with Gibbs Sampling for approximate solution. The
DMM model is shown in [Figure 3: see original paper]. The Gibbs sampling
process repeatedly samples a word across all topics to obtain the word-topic dis-
tribution matrix, yielding document-topic and word-topic matrices. The proba-
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bility formula for a description belonging to a topic during sampling is:

𝑝(𝑧𝑖 = 𝑧 ∣ w𝑖, z¬𝑖) ∝ 𝑚𝑧 + 𝛼
𝐾 ⋅ 𝛼 + 𝐷 − 1 ⋅

𝑛𝑧,𝑤𝑖
+ 𝛽

𝑛𝑧 + 𝑉 ⋅ 𝛽

where 𝐾 is the initial topic count, 𝐷 is the total number of descriptions, 𝑚𝑧 is
the document count under topic 𝑧, 𝑛𝑧 is the word count under topic 𝑧, 𝑛𝑧,𝑤𝑖

is
the occurrence count of word 𝑤𝑖 under topic 𝑧, and z¬𝑖 represents the current
document.

Definition 5 (Subset Parameters): Parameter sets 𝑃𝑎 and 𝑃𝑏 are defined
such that 𝑃𝑎 is a subset parameter of 𝑃𝑏 if and only if: - Num(𝑃𝑎) ≤ Num(𝑃𝑏),
where Num(𝑝) denotes the number of parameters; - ∀𝑚𝑖 ∈ 𝑃𝑎, ∃𝑛𝑗 ∈ 𝑃𝑏 satis-
fying 𝑚𝑖 ∝ 𝑛𝑗 and Type(𝑚𝑖) ≅ Type(𝑛𝑗), where Type(𝑚) denotes parameter
type, ∝ denotes semantic equivalence, and ≅ denotes parameter type compati-
bility. This relationship is denoted as 𝑃𝑎 ⇐ 𝑃𝑏.

During service substitution, we first find candidate services matching the invalid
service functionally and at the interface level, then compute optimal substitutes
based on quality and collaboration similarity. We use functional similarity of
service descriptions as the functional similarity between services. For services
𝑠1 and 𝑠2, let 𝑣(𝑠𝑖) denote the functional vector generated from description text
𝑠𝑖.𝐷 using GSDMM. Functional similarity is computed as the cosine similarity:

FucSim(𝑠1, 𝑠2) = 𝑣(𝑠1) ⋅ 𝑣(𝑠2)
‖𝑣(𝑠1)‖ ⋅ ‖𝑣(𝑠2)‖

For quality quantification, given candidate service set 𝑆 = {𝑠1, 𝑠2, … , 𝑠𝑚} with
𝑛 quality parameters each, where [𝑞𝑖1, 𝑞𝑖2, … , 𝑞𝑖𝑛] are service 𝑠𝑖’s quality values,
we compute weighted quality scores using:

Qscore(𝑠𝑖) =
𝑛

∑
𝑗=1

𝑤𝑗 ⋅ 𝑞′
𝑖𝑗

where 𝑤𝑗 represents quality parameter weights. Equation (4) handles nega-
tive quality parameters (e.g., response time, cost) where smaller values indicate
better quality, while equation (5) handles positive parameters (e.g., stability,
throughput) where larger values are better.

Algorithm 2 presents the service substitution algorithm under the service clus-
ter model incorporating collaboration similarity. Line 1 initializes empty sets
𝐶𝑆𝑅 for candidate service clusters and 𝑐𝑠𝑟 for candidate substitute services.
Lines 2-4 use functional similarity FucSim to filter clusters that can substitute
invalid service 𝑠𝑒, adding functionally equivalent clusters to 𝐶𝑆𝑅. Lines 5-9
traverse services in 𝐶𝑆𝑅, using subset parameter matching to add services with
compatible interfaces to 𝑐𝑠𝑟.
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Lines 10-12 compute recommendation scores for each service in 𝑐𝑠𝑟. The recom-
mendation score combines quality score and collaboration similarity with the
invalid service using weights 𝛼 and 𝛽 that can be adjusted based on their rel-
ative importance. Line 13 selects the service with maximum recommendation
score as the substitute 𝑟𝑠𝑡, returned in line 14.

4 Simulation Experiments
This section validates the proposed method’s effectiveness through experiments
evaluating both substitution discovery efficiency and recommendation rational-
ity. The experimental environment uses an i5-10210U CPU, 8GB RAM, Win-
dows 10 OS, with Python implementation.

Two datasets were constructed: Dataset 1 is a real dataset crawled from Pro-
grammableWeb, retaining 5,327 valid Mashup services containing 786 WebAPI
services after cleaning, clustered into 34 service clusters based on service tags.
To improve substitution feasibility and facilitate interface matching, we manu-
ally corrected input/output parameters of the 786 services to unify synonymous
data types and parameter names.

Dataset 2 is a synthetic dataset generated from 21,425 valid Web API services
across 156 categories crawled from ProgrammableWeb. We randomly selected 80
categories, extracting 1-10 services per category to obtain 400 original services.
These were processed to generate 3,600 new services, totaling 4,000 services:

1) Service description generation: For each original service description,
1-20 new descriptions were generated by randomly replacing 10-70% of
words.

2) Service interface parameter generation: For each original parameter,
two synonyms were obtained to create a candidate parameter name set,
from which new services randomly selected parameters.

3) Quality setting: Since ProgrammableWeb lacks quality parameters, we
selected response time (𝑟𝑡), availability (𝑎𝑣), and cost (𝑐𝑠), randomly gen-
erating values from intervals {𝑟𝑡[0.01, 0.1], 𝑎𝑣[97%, 100%], 𝑐𝑠[0, 20]} for all
services.

4) Collaboration relationship generation: 40,000 service processes with
8 service nodes each were randomly generated. The 4,000 services were
divided into 8 categories of approximately 500 services each, corresponding
to process nodes. During process generation, one service was randomly
selected from each category to form an 8-service process.

4.2 Service Discovery and Substitution Efficiency

Service substitution essentially rediscovers services based on invalid service func-
tionality, making discovery and substitution efficiency critical validation met-
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rics. We compare our method (SM_CC) against four recent service discovery
methods [22, 27, 28, 29] and four substitution methods [6, 11, 12, 30].

For Dataset 1, we use the 34 service categories as cluster count. For Dataset
2, we test clustering with 40, 80, 120, 160, and 200 categories. [Figure 4: see
original paper] shows the discovery time trend, revealing that efficiency relates
to cluster size, with time first decreasing then increasing as cluster granularity
becomes finer. Based on the trend, we select 120 clusters for optimal discovery
speed.

[Figure 5: see original paper] and [Figure 6: see original paper] compare dis-
covery times across methods in both datasets. The results show our method
outperforms others, with service clusters providing more significant search space
reduction for larger datasets. In Dataset 1, our method’s average time ratio to
other methods is 1:1.79, improving to 1:1.96 in Dataset 2 as service count in-
creases, representing an 8.67% average reduction. Methods using pre-trained
topic models for service vectors also outperform others.

[Figure 7: see original paper] and [Figure 8: see original paper] compare substitu-
tion times. Our method demonstrates lower substitution time than alternatives.
Methods incorporating service clusters show lower times than non-clustered ap-
proaches. Sara’s method incurs highest time due to complex interface matching.
In Dataset 1, our method’s average time ratio to four alternatives is 1:1.75, im-
proving to 1:1.93 in Dataset 2, confirming significant efficiency gains from service
clusters.

4.3 Substitution Rationality

Assuming functional adequacy, our algorithm recommends optimal substitutes
by comprehensively considering service quality and process collaboration effects.
We propose the concept of service co-occurrence rate to evaluate rationality,
measuring the probability of recommended services co-occurring with other ser-
vices in the invalid service’s process context.

Service co-occurrence rate is the ratio of two services appearing together in
processes to their total individual occurrences. Let OccuNum(𝑠𝑖) denote 𝑠𝑖’s
occurrence count across all processes. The co-occurrence rate between 𝑠𝑖 and
𝑠𝑗 is:

ServiceCo_Occu(𝑠𝑖, 𝑠𝑗) = OccuNum(𝑠𝑖 ∩ 𝑠𝑗)
OccuNum(𝑠𝑖) + OccuNum(𝑠𝑗)

The process co-occurrence rate between substitute 𝑠𝑡 and invalid service 𝑠𝑒 is
defined as the sum of co-occurrence rates between 𝑠𝑡 and all other services in
𝑠𝑒’s process. If 𝑆 is the service set in 𝑠𝑒’s process, then:

Proc_SerCo_(𝑠𝑡, 𝑠𝑒) = ServiceCo_Occu(𝑆 � {𝑠𝑒}, 𝑠𝑡)
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[Figure 9: see original paper] and [Figure 10: see original paper] show process
co-occurrence rates for different methods. Our method achieves rates 2-6 times
higher than alternatives in both datasets, validating that incorporating collabo-
ration similarity improves substitution rationality.

5 Conclusion
To improve service substitution efficiency and rationality, this paper proposes
a service cluster-based method integrating process collaboration similarity. Ser-
vice clusters reduce search space and improve discovery efficiency. Modeling
and measuring process collaboration relationships, combined with service qual-
ity in optimal recommendation, enhances substitution rationality. Experimen-
tal results validate the method’s effectiveness in improving both efficiency and
rationality.

Future work will investigate the impact of clustering granularity on substitution
efficiency and improve collaboration effect modeling and measurement methods
to further enhance efficiency and rationality.
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