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Harnessing Topological Semantics for Network

Topology Diagram Retrieval
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Abstract—Network topology diagram retrieval aims to re-
trieve the topology diagrams with both visual and topological
similarities to a query diagram within the domain of network
science and engineering, which can be viewed as a specific image
retrieval task. However, current image retrieval approaches are
mostly designed for natural images which typically identify the
similar candidates by measuring the similarity of visual features.
Therefore, these approaches are inherently limited in retrieving
network topology diagrams, as they struggle to effectively capture
the crucial topological semantics (i.e., the semantics character-
ized by device roles, connection types, and network structures)
embedded in network topology diagrams. To address this issue,
we propose the Network Topology-aware Retrieval Framework
(NTRF) by incorporating network domain knowledge, which
emphasizes the functionality conveyed by the topological seman-
tics to enhance retrieval performance. To be specific, beyond
the traditional visual retrieval module, we design a Network
Topology Encoder (NTE) to capture the topological semantics
by simultaneously representing the device roles, connection types,
and network structures. Furthermore, we introduce a SubGraph-
aware Re-ranking Module (SGRM) to refine the ranking of
candidates, which pays attention to the core diagram regions
with significant topological semantics. Intensive experimental
results on the collected dataset based on Huawei’s Product
Documentation demonstrate that our NTRF outperforms state-
of-the-art image retrieval methods by 2.75%, 6.19%, and 9.97 %
in terms of Recall@1, Recall@5, and Recall@10, respectively.

Index Terms—Network topology diagram, image retrieval,
topological semantics.

I. INTRODUCTION

OMMUNICATION networks have become greatly ex-

panded and complex with the rapid development of
wired and wireless technologies, which makes the setup,
management, and analysis of communication networks more
and more difficult. The communication networks are usually
accompanied by a large number of network topology diagrams,
which visually represent the structure and configuration of
network environments, and are often utilized for network de-
signing, monitoring, and troubleshooting. Practically, network
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Fig. 1. An example of retrieval results with and without the incorporation
of topological semantics. (a) denotes the given query diagram; (b) represents
the incorrect retrieval result of Eva-CLIP [[1], which considers only visual
patterns during retrieval; in contrast, (c) is the correct retrieval result of our
method, which harnesses topological semantics for network topology diagram
retrieval. The gateways for wireless users are highlighted in the red boxes,
and the same gateway configurations are highlighted in the green boxes. The
gateways for wireless users in (a) and (c) are access controllers, while the
gateway in (b) is consisted of a core switch.

engineers will spend substantial effort in analyzing network
topology diagrams and identify similar historical cases for
network designing and troubleshooting. Therefore, developing
an automatic network topology diagram retrieval system is
critical to enhancing the efficiency of network management.

Actually, network topology diagram retrieval can be re-
garded as an image retrieval problem, in which the target is to
find images within a large-scale database that are similar to a
given query image. With the advancement of deep learning
technologies, numerous deep image retrieval methods have
been proposed [2]-[4]. Despite their strong performance in
natural images, they can hardly be applied to retrieve network
topology diagrams due to their limited ability to capture
topological semantics. Different from natural images, network
topology diagrams contain specific network topological se-
mantics, which are characterized by device roles, connection
types, and network structures. These topological semantics
reflect the functionality of communication networks. However,
existing image retrieval methods only interpret network topol-
ogy diagrams as simple visual patterns, which leads to weak
topological understanding and reduced retrieval accuracy. For
example, although Fig. [[(a) and Fig. [[(b) appear visually
similar, they differ significantly in functionality due to their
distinct gateway configurations. Specifically, in Fig. [[{a), the
access controller serves as the gateway for wireless users,
while in Fig. [I(b), the core switch serves as the gateway
directly. Obviously, Eva-CLIP [1] overlooks such differences
in topological semantics and produces an incorrect result.
Meanwhile, Fig. [T[c) shows the correct result retrieved by our
method, which explicitly incorporates topological semantics.
Specifically, as in Fig. [T(a), the access controllers in Fig. [Tfc)
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also serve as the gateways for wireless users. Therefore,
effectively representing topological semantics can facilitate
accurate similarity measurement between network topology
diagrams, which further improves retrieval performance.

In recent years, communication networks have been nat-
urally modeled as graph data to describe their topological
structures. Accordingly, due to the strong capability of rep-
resenting graph data, Graph Neural Networks (GNNs) [5]
have been employed by previous works [|6], [7] to model the
topology of communication networks. However, these methods
still face some challenges in representing and utilizing the
topological semantics of communication networks: (1) Diffi-
culty in representing device roles. The role of a device is
determined by both its type and its position within the network
hierarchy. This critical semantic attribute defines the primary
functionality of a device (e.g., firewalls in the network egress
layer function as gateways and regulate inbound and outbound
traffic). However, previous works solely focus on the structural
attributes of devices in communication networks and face
challenges in capturing the semantic attributes of devices, i.e.,
their roles. (2) Absence of connection type representation.
Connections between devices are typically associated with spe-
cific types, which reflect the underlying characteristics of data
transmission. For example, an Ethernet trunking connection
between two devices typically indicates an aggregated data
path, while a basic connection suggests a simpler point-to-
point transmission. However, existing methods mainly focus
on whether a connection exists and ignore the semantic
information conveyed by connection types. (3) Ignorance of
core-region importance. Core regions are the substructures
within a communication network, which are essential to de-
ciding the functionality of the overall network [8]. Therefore,
core regions contain the essential components of topological
semantics in communication networks. Nevertheless, existing
methods overlook the importance of core regions as they treat
all regions in communication networks equally, which results
in suboptimal matching performance.

To address the aforementioned challenges, we propose
the Network Topology-aware Retrieval Framework (NTRF),
which is specially designed for the network topology diagram
retrieval. NTRF initially recalls candidates based on their
visual patterns and topological semantics, and further incorpo-
rates core-region-level similarity to re-rank the candidates. In
the initial retrieval stage, we introduce a Network Topology
Encoder (NTE) to precisely represent topological semantics.
Specifically, NTE simultaneously encodes the role of each
device and the connection types as inputs to GNNs. To encode
device roles effectively, NTE employs a feature aggregation
mechanism to capture device types and their positions within
the network hierarchy. In the re-ranking stage, we design a
subgraph-aware re-ranking module to pay more attention to the
core diagram regions. The subgraph-aware re-ranking module
identifies core diagram regions based on device roles and then
incorporates global (visual and topological) similarity with
core-region-level similarity to refine the ranking of candidates.
Benefiting from the effective representation and utilization of
network topological semantics, our NTRF can successfully
retrieve network topology diagrams related to the query from

the database. The contributions of our NTRF are summarized
as follows:

o« We propose a novel framework for network topology
diagram retrieval, termed NTRF, which explicitly in-
corporates topological semantics to deliver competitive
results. To the best of our knowledge, this is the first
method designed for network topology diagram retrieval.

o We develop a network topology encoder and a subgraph-
aware re-ranking module to jointly capture topological
semantics and prioritize core diagram regions, which
substantially enhance the effectiveness of retrieval.

« Intensive experimental results demonstrate the superiority
of our proposed NTRF. Specifically, it outperforms state-
of-the-art image retrieval methods by 2.75%, 6.19%, and
9.97% in terms of Recall@1, Recall@5, and Recall@10,
respectively.

II. RELATED WORK

In this section, we review the relevant work, including image
retrieval and graph representation learning.
A. Image Retrieval Methods

Image retrieval systems [9]—[11]] are tasked with searching
large databases [12]] to find visual content similar to a query
image. Early image retrieval approaches were built upon hand-
crafted local features [13|]. Some studies proposed image
retrieval methods that directly relied on local features [13]],
while others leveraged these features to construct global rep-
resentations based on the Bag-of-Words model and similar
techniques [[14]]-[17]]. Driven by the advances in deep learning,
recent methods have enhanced these traditional techniques
with deep learning components, including deep local feature-
based retrieval [18[]-[20], deep local feature aggregation [21]]—
[23], and deep global feature modeling [24]-[27]. Among
them, DELF [18]] proposed an attentive local feature for large-
scale image retrieval. However, it relied on a single-scale
feature map and thus neglected multi-scale objects within
images. To address this limitation, DOLG [26] designed a local
branch with multi-atrous convolutions to simulate the image-
pyramid trick utilized in SIFT [13]]. To capture global visual
content, Babenko et al. [24]] used top-layer CNN activations as
holistic image descriptors for retrieval, which were compact
and robust to compression. Gordo et al. [25] improved deep
global descriptors for instance-level retrieval by cleaning noisy
data and using triplet-based training. Jang et al. [27]] learned
global features through a self-supervised product quantization
framework, which enables representation learning even with-
out labels. However, compared with large-scale vision pre-
trained models, traditional deep learning-based image retrieval
methods are limited in visual representation due to their small
model capacity and task-specific training.

More recently, large-scale vision pre-training models [28[—
[30] have exhibited strong visual understanding capabilities
and shown great potential in image retrieval [31]], [32]. Despite
their strong performance on natural images, these methods face
the dilemma of performance degradation in network topology
diagram retrieval. Specifically, these methods interpreted net-
work topology diagrams as simple visual patterns, and thus,
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Fig. 2. The overview of our proposed NTRF. Given a query diagram, we initially perform visual retrieval and topological retrieval to identify the candidate
diagrams from the diagram database. To incorporate topological semantics into the topological retrieval stage, we first parse the network topology diagram
as a graph and then design a network topology encoder to capture its topological semantics. We introduce a subgraph-aware re-ranking module to pay more
attention to the critical topological semantics in the core diagram regions, which refines the ranking of candidates and improves retrieval performance.

the inherent topological semantics of the diagrams are ne-
glected. In contrast, we develop a Network Topology Encoder
(NTE) to capture the topological semantics by simultaneously
representing the device roles, connection types, and network
structures. Furthermore, we introduce a SubGraph-aware Re-
ranking Module (SGRM) to prioritize critical topological se-
mantics, thereby enhancing the performance of network topol-
ogy diagram retrieval. As a result, it is critical to capturing
topological semantics for network topology diagram retrieval.

B. Graph Representation Learning

Graph representation learning has witnessed substantial
advancements [33]], with GNNs [34]-[36] emerging as the
most prominent architecture in this domain. GNNs are com-
monly categorized into spectral [37]], [38] and non-spectral
methods [39], [40]. Bruna et al. [37] introduced a method
for performing graph convolution in the spectral domain.
In contrast, non-spectral methods perform convolution by
aggregating information from nodes located near each other in
the spatial structure of the graph. Velickovi¢ et al. [S]] assigned
unique weight matrices to nodes according to their degree.
Meanwhile, Hamilton et al. [41] introduced trainable aggre-
gator functions designed to capture and integrate information
from neighboring nodes for learning graph representations. Shi
et al. [42] applied multi-head self-attention to graph-structured
data, replacing traditional aggregation with learnable attention
weights. They also incorporated edge features and gated resid-
ual connections to further enhance representation learning.

Brody et al. [43]] enhanced the original Graph Attention Net-
work. They made the attention mechanism adjust dynamically
according to the features of both the source and target nodes.

Recently, Graph Contrastive Learning (GCL) [44], [45]]
has emerged as a prevailing paradigm for self-supervised
graph representation learning. Early studies primarily design
the contrastive objective around simple augmentations like
random edge dropping and feature masking. Furthermore,
GraphCL [46] and InfoGCL [47] introduce node dropping
and subgraph sampling to expand the augmentation strategies,
which simultaneously perturb both graph structure and node
attributes. There are also some methods that use unique aug-
mentation strategies. For instance, MVGRL [48]] utilizes graph
diffusion to generate contrastive views, while SimGCL [49]]
injects uniform noise directly into the embedding space.
Subsequently, to overcome the limitations of uniform random
perturbations, recent research has increasingly shifted towards
adaptive data augmentation strategies [S0], [S1]. Specifically,
GCS [52] screens graph substructures using gradient-based
contrastive saliency, while NCLA [53]] learns graph augmen-
tations through a multi-head attention mechanism.

Developments in graph representation learning have made
graph retrieval much more effective [54]-[56]. In general,
these methods matched substructures of one object with those
of another to maximize the overall similarity between the
two objects [54]. However, these methods cannot handle
the task of topology diagram retrieval accurately, due to
their limited capability in capturing topological semantics. To
be specific, different from conventional graph data, network
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topology diagrams contain topological semantics, which are
characterized by device roles, connection types, and network
structures. Hence, designing a topology-specific model is of
great significance for capturing network topological semantics.

III. METHOD

This section briefly introduces the proposed network topol-
ogy diagram retrieval framework (i.e., NTRF). As shown in
Fig. our NTRF works in a two-stage paradigm, which
consists of an initial retrieval stage and a subsequent re-
ranking process. During the initial retrieval stage, we conduct
a dual-path retrieval process to identify the candidates from
the diagram database based on both visual and topological in-
formation. Notably, we design the Network Topology Encoder
(NTE) to capture the network topological semantics. Further-
more, we design the SubGraph-aware Re-ranking Module
(SGRM) to re-rank the initially recalled candidates.

A. Dual-path Retrieval

In this stage, we perform both visual retrieval and topo-

logical retrieval to identify the candidates from the network
topology diagram database.
Visual Retrieval. To measure the visual similarity between
network topology diagrams, we project both the query diagram
and the diagrams in the database into a shared vector space
for comparison. Specifically, we leverage a pre-trained visual
encoder to transform network topology diagrams into visual
feature vectors, and then utilize the cosine similarity metric to
assess their closeness. The visual similarity score .S, of each
diagram in the database is calculated as

m_ Yo Ym o1, M, 1)
Vol (vl
where v, = ®(d,) and v,, = ®(d,,) denote the visual

embeddings of the query diagram d, and the m-th diagram
d., in the database, respectively. Besides, M denotes the total
number of diagrams in the database, and ®(-) is the pre-
trained visual encoder (e.g., Eva-CLIP [1]]). Based on the
visual similarity scores S}, we select the top-K best-matched
diagrams from the diagram database to form the candidate set
D, ={d},...,d5}.

Although the visual retrieval process can identify candidates
that are visually similar, it may still miss candidates with simi-
lar network functionality to the query diagram. This limitation
arises because the network functionality is overlooked in the
visual retrieval. To face this challenge, we propose incorpo-
rating network domain knowledge and topological semantics
to convey the network functionality during the subsequent
topological retrieval.

Topological Retrieval. The topological semantics of a net-
work topology diagram reflects the functionality of the com-
munication network, which is characterized by the device
roles, connection types, and network structures. The function-
ality of communication networks includes data transmission,
device interconnection, and security control. Networks with
different topological semantics typically exhibit different func-
tionalities. Therefore, evaluating the topological semantic sim-
ilarity of network topology diagrams is crucial for improving

4
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Fig. 3. TIllustration of the network topology encoder. The input is the graph
that is parsed from a network topology diagram. Each node in the input
has a textual attribute that indicates its type. The matrix W consists of N
modulation vectors, each of which lies in RY.

retrieval accuracy. To this end, we first design a network topol-
ogy encoder to effectively represent the network topological
semantics. Subsequently, we identify the candidates similar to
the query diagram based on the topological semantics.

1) Network Topology Encoder. Firstly, we parse the network
topology diagram as a graph, in which the nodes are devices
and the edges are connective relationships among them (See
Appendix A). We use G = (Z, £) to denote a graph, where 7 is
the set of nodes, £ is the set of edges. Furthermore, as shown
in Fig. [3] the NTE is designed to simultaneously represent the
device roles, connection types, and network structures.

In communication networks, the role of each device is
jointly determined by its type and its position within the
network hierarchy. Accordingly, NTE encodes both the type
of each node and its position within the network hierarchy,
and then fuses them to represent the role of the node. To
encode node types, we first apply the template matching
algorithm [57]] to identify device types in network topology
diagrams. Each node is then assigned a textual attribute that in-
dicates its type. Subsequently, NTE incorporates a pre-trained
language model (e.g., BERT [58]]) to obtain the encoding of
the type of each node, which is formulated as

t; = PLM(T;) e R", €1, 2)
where T; is the text attribute of node i. The function PLM(-)
is the output of the pre-trained language model. We denote the
dimension of t; by F.

Moreover, the devices of the same type may assume dif-
ferent roles at different positions in the network hierarchy.
For example, unlike firewalls in the core layer, firewalls
in the network egress layer also function as gateways and
regulate inbound and outbound traffic. Therefore, NTE further
encodes the position in the network hierarchy of each node.
Specifically, we first identify the network layer to which node
1 belongs based on its type and the types of its connected
nodes. Then, the position of node ¢ is set to the layer ID of
its corresponding network layer. Subsequently, the positional
encoding p; € R can be expressed as

pi = [P0, 0 pp 3)
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and
p{ = PE(pos;,c), i1€Z,c=0,...,F—1, 4

where pos; denotes the position in the network hierarchy of
node ¢, and ¢ denotes the element index of p;. The sinusoidal
encoding function PE(+, ) [59] is defined as

n( posc), if ¢ mod 2 = 0,
PE( ) 100007 )
pos,c) =
oS (posu>7 if cmod 2 =1.
100007 F

Afterwards, we design a feature aggregation mechanism to
represent the role of each node, i.e., the device role. Specifi-
cally, we first fuse the type encoding and positional encoding
via element-wise addition to obtain an initial representation
r;, which is defined as

r;=t;,+p;, icl. (6)

Subsequently, inspired by [[60], a modulation vector is learned
based on the initial representation of the role of each node,
which allows the model to focus on task-relevant features
and suppress irrelevant ones. The process of learning this
modulation vector w; can be described as

w; = f(r;) eRF, i€eT, (7)

where f(-) is a 2-layer MLP. The process of representing the
role of node ¢ is then formulated as

F,=w;,0r, eRF, ieT, (8)

where © is the Hadamard product.

Communication networks exhibit diverse connection types,
including basic connections, stacking connections, and Ether-
net trunking connections. These connection types reflect how
data is transmitted between devices and further influence the
topological semantics of the network. Therefore, connection
types are further encoded. Specifically, we first identify the
connection type between two nodes based on their types and
the number of connections between them (see Appendix A).
Subsequently, a representation vector of the connection type
between two nodes is obtained by using one-hot encoding.
The representation vector of the connection type between
node ¢ and node j is defined as e;; € R¥e, where F, is
the dimension of e;;. Finally, we employ the GNN [43]] to
capture the network structure. Meanwhile, we use T; and e;;
as the node and edge inputs of the GNN, respectively, so that
the network topological semantics is effectively represented.
Specifically, in a L-layer GNN, we update the representation
h{" € RF of node i by

b =o | > «fWORITV), i=1. L, O

JEN (@)
where o (+) is the activation function, and h§0) = ;. We denote
the set of the neighbors of node ¢ by N (i), and denote the
o

attention coefficients by «; ", which can be computed as

-1 -1
o _ exp (E(h§ )»h§ )))
i 1—1) 5 (I—1)\y’
Zj’eN(i) exp (E(hg ), hj, )))

a (10)

where

(-1) 1. (=1 _ T ) (1,(=1) (-1
B, V) =aTg (WO (h{ ™ 4+ )

(11
+ ng)eij).

In the above equation, g(-) is a LeakyReLU activation function
and a € RF is a learnable weight vector. The dimension
of a is denoted by F’. The learnable linear transformation
matrices for node and edge features are denoted by W &
RF'*F and W, € RF'*Fe respectively. Furthermore, NTE
represents the network topological semantics by aggregating
information from all nodes in the graph through a pooling
operation. The global embedding z € RY" of the graph can be
defined as

z = POOL ({h§L> lie I}) , (12)

where POOL (+) denotes the global average pooling operation,
and L is the index of the last GNN layer.

Consequently, the structure of NTE has been established,
which captures the network topological semantics by simul-
taneously representing device roles, connection types, and
network structures.

2) Topological Similarity Search. In this step, we employ NTE
to capture the network topological semantics and then recall
candidates that are topologically similar to the query. We first
employ a graph contrastive learning framework to train NTE.
For a given graph G, two correlated views are generated as a
positive pair by randomly masking or replacing the nodes that
correspond to terminal devices (detailed in Appendix E). This
operation stems from the observation that terminal devices
have minimal influence on the network topological semantics.
Meanwhile, negative pairs are generated from the other N —1
augmented graphs within the same mini-batch as in [60]. To be
specific, for an anchor view of the n-th graph, the augmented
views of the remaining N —1 graphs are regarded as negatives.
The contrastive objective is defined as

exp (sim(zy, j+, Zn j+ )/ T)

St s O (S0 (2 i, 7 )/ 7)
where N denotes the mini-batch size, and 7 is the temper-
ature parameter. The indices of two views augmented from
the original graph are denoted by ¢* and j*. The func-
tion sim(-,-) denotes cosine similarity, which is defined as
Sim(zy, i+, Zp j+ ) = z;i*znd*/ﬂzn’i* |z, j+||. Subsequently,
the NTE serves to capture the network topological semantics,
which is then utilized for topological similarity search. The
topological similarity score .S, of each diagram in the database
is calculated as

én = _IOg ’ (13)

gm — %a_ _Zm_

T zgll Nzl

where z, and z,, denote the topological embeddings of the

query diagram and the diagram in the database, respectively.

Furthermore, based on 5", we perform topological similarity

search and select the top-K most topological similar diagrams
from the diagram database, i.e., Dy = {d;, e ,dff .

In the above retrieval stage, we first capture both visual

and topological information to characterize the visual similar-

ity and network functionality of diagrams, respectively. This

m=1,..., M, (14)
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strategy ensures that the candidate diagrams and the query
diagram are similar in terms of visual or topological semantics,
which enhances the thoroughness of the retrieval process. To
rank those candidates more precisely, we further introduce a
subgraph-aware re-ranking module to enhance the attention to
the similarity of core diagram regions.

B. SubGraph-aware Re-ranking Module

In this stage, we further incorporate the core-region level
similarity to refine the ranking of candidates obtained by
our dual-path retrieval mechanism. Specifically, the primary
functionality of a communication network is determined by
the core device and its adjacent devices, as the core device as-
sumes the most essential role in the network (see Appendix E
for core device identification). For example, the core switch
manages high-speed data switching to maintain stable network
performance. Therefore, we use the k-order ego graph [61]] of
the node corresponding to the core device to characterize the
core region of the network. Subsequently, we compute the
core-region-level similarity score for each candidate as

q k
hpe = oo, Kere - p— 193, 2K, (15)
||ZCO”‘€|| ||zcore||

where z¢,,., and z¥ . denote the topological embeddings of
the core regions of the query diagram and the k-th candidate,
respectively. The final similarity score Sy of each candidate
is then calculated as

I[d € D,] I[d € D]

it Ro(d) Pt Ry(d)

I[d € D, UD,]
M+ Rcore(d) ’

where R, (d), Ry(d), and R.ore(d) denote the rank of candi-
date d when sorted by the visual similarity score, the topo-
logical similarity score, and the core-region-level similarity
score, respectively. The parameters wq, wo, and w3 are non-
negative weighting factors. The indicator function is denoted
by I[-], and p is a smoothing parameter used to reduce the
dominance of highly ranked candidates [62]. The rationale
behind adopting this Reciprocal Rank Fusion (RRF) strategy
is to address the inherent discrepancy in score distributions be-
tween the topological retrieval branch and the visual retrieval
branch. By relying on relative rankings rather than absolute
scores, the reciprocal weighting mechanism naturally aligns
these inconsistent distributions, ensuring robust fusion and the
improved retrieval accuracy. Finally, we sort the candidates
based on the final similarity score and select top—f( candidates
as the final retrieval results.

In summary, the proposed NTRF suggests that exploring
topological semantics can improve the accuracy of network
diagram retrieval in addition to the commonly used visual
retrieval. Therefore, the candidates obtained by the initial dual-
path retrieval are similar to the query diagram either visually
or topologically. Furthermore, by considering the core diagram
regions with crucial topological semantics, NTRF emphasizes
the network functionality similarity of core diagram regions to
refine the ranking of candidates and further improve the final
retrieval accuracy.

Sf(d) = w1
(16)

w3

IV. EXPERIMENT

In this section, we conduct intensive experiments on
Network Topology Diagram Retrieval (NTDR) dataset to
evaluate the effectiveness of our proposed NTRF.

A. Dataset Preparation

The NTDR dataset comprises 1.5k network topology dia-
grams, which are collected from Huawei’s Product Documen-
tatio We convert all of these network topology diagrams into
graphs for parsing their topological semantics. More details
about converting network topology diagrams into graphs are
provided in Appendix A.

Among the 1.5k typical network topology diagrams, 0.5k
diagrams are used to train NTE. The remaining 1k diagrams
are used as test examples. Among these test examples, 40
diagrams serve as query diagrams, and the remaining diagrams
form the network topology diagram database. During the
data annotation stage, we manually annotated the dataset by
considering both the visual patterns and topological semantics
of network topology diagrams. To be specific, we annotated
the ten most similar network topology diagrams in the database
for each query diagram.

B. Experimental Setup

Evaluation Metrics. We utilize the standard metric Recall@K
to evaluate retrieval performance. The Recall@K is defined as
the proportion of the relevant items retrieved within the top-K
results relative to the total number of relevant items for a given
query. Mathematically, it can be defined as

U
1 IR, N Py(K)|
Recall e K = — —_—
cca U; |Ru| s

A7)
where U is the total number of queries, R, denotes the set of
relevant items in the database for the u-th query, and P, (K)
represents the top-K items returned by the retrieval system for
the u-th query.

Implementation Details. We compute the visual embedding
for the network topology diagrams with a frozen Eva-CLIP
vision encoder (Eva-CLIP-8B) [[1]. We use the pooled em-
beddings from the final layer as visual features to compute
the cosine similarity between diagrams by using the FAISS
library [[15]]. Our NTE adopts a two-layer GATV2 [43] as the
backbone network and employs Adam [63] as the optimizer
with a weight decay of 1 x 107°. The NTE is trained for
1000 epochs with a learning rate of 1 x 10~ and a batch
size of 32. The learning rate is reduced by a factor of 0.5
using a ReduceLROnPlatealﬂ scheduler if the validation loss
stays stagnant for 5 consecutive epochs. The value of k is
set to 2, which reflects the size of the core region. We set the
temperature parameter 7 in the contrastive learning framework
to 0.4. Additionally, the weighting factors in Eq. (I6) are
configured as wy = 5/11, wy = 5/11, and w3z = 1/11. The

Uhttps://support.huawei.com/hedex/hdx.do?docid=EDOC1100407960&id=
index

“https://docs.pytorch.org/docs/stable/generated/torch.optim.Ir_scheduler.
ReduceLROnPlateau.html
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Fig. 4. Examples of retrieval results from different methods: (a) Eva-CLIP and (b) our proposed NTRF. The diagrams outlined in

smoothing parameter p is set to 60, as suggested in [62]. In
the initial retrieval process, each retrieval path yields a total
of 20 candidates, i.e., K is set to 20. After re-ranking, the top
10 candidates are selected as the final retrieval results, i.e.,
K is set to 10. A pre-trained BERT [58] model is adopted in
NTE to encode node types. The NTE is trained on a single
NVIDIA GeForce RTX 4090 GPU with 24 GB of memory.

C. Main Result

In this section, we conduct intensive experiments on NTDR
dataset to evaluate the performance of our proposed NTRF
against vision-based baseline methods and graph-based base-
line methods. Vision-based baseline methods retrieve network
topology diagrams by using only visual features, whereas
graph-based baseline methods rely only on graph represen-
tations of these diagrams.

The vision-based baseline methods include SPQ [27]], CLIP
(ViT-H/14) [|64], Eva-CLIP (Eva-CLIP-8B) [1]], and SigLIP 2
(ViT-So/14) [32]. As shown in Table m compared with the
state-of-the-art vision-based baseline methods, our NTRF
achieves the improvements of 2.75%, 6.19%, and 9.97% in
terms of Recall@1, Recall@5, and Recall@10, respectively.
This strong performance benefits from the effective integration
of the topological semantics during the retrieval process.

Furthermore, our NTRF demonstrates substantial improve-
ments across all evaluation metrics when compared with
graph-based baseline methods, including GCN [39], GTN [42],
GATV2 [43], WWL [54], and GMN [55]]. Among these meth-
ods, GCN [39], GTN [42]], and GATv2 [43]] are classical
methods for graph representation, whereas WWL [54] and
GMN [55] are representative methods for graph retrieval.

Moreover, we conduct a comparison with the joint retrieval
framework that integrates graph-based baseline methods and
Eva-CLIP. As shown in Table [[ our proposed NTRF outper-
forms the Eva-CLIP+GCN by 2.55%, 4.78%, and 9.89% in
terms of Recall@1, Recall@5, and Recall@10, respectively.
These results support that, compared with graph-based base-
line methods, our proposed NTE achieves effective represen-
tation of device roles and connection types, which leads to the
improved performance in network topology diagram retrieval.

are relevant to the
query, whereas those outlined in red are not. Among the top-5 candidates retrieved by our method, four of them are relevant to the query, whereas Eva-CLIP
retrieves only one relevant candidate.

TABLE I
RESULTS (% RECALL) OF DIFFERENT BASELINE METHODS. THE SYMBOL
“1” INDICATES THAT LARGER VALUES ARE BETTER. THE BEST RESULTS
ARE INDICATED IN BOLD.

Recall@K (1)

Type Method
K=1 K=5 K=10
WWL [54] 1.49 12.50 29.76
GMN [55] 2.20 15.19 27.43
Graph-based  GCN [39] 3.16 15.05 30.13
GTN [42] 2.53 11.28 22.11
GATV2 [43] 3.40 13.94 26.46
SPQ [27] 0.25 5.47 8.65
Vision-based CLIP [64] 4.59 19.53 36.76
Eva-CLIP [1] 4.06 23.32 41.38
SigLIP 2 [32] 3.18 14.81 32.71
Eva-CLIP+WWL 4.75 22.80 43.44
Eva-CLIP+GMN 591 2591 39.79
Joint Eva-CLIP+GCN 4.26 24.73 41.46
Eva-CLIP+GATVv2 5.08 22.46 41.17
Eva-CLIP+GTN 5.29 20.12 33.88
NTRF (ours) 6.81 29.51 51.35

TABLE II
ABLATION STUDY OF NTE AND SGRM IN TERMS OF RECALL (%). THE
SYMBOL “v"” INDICATES THE MODULE IS USED. THE SYMBOL “1”’
INDICATES THAT LARGER VALUES ARE BETTER. THE BEST RESULTS ARE
INDICATED IN BOLD.

Recall@K (1)

NTE SGRM
K=1 K=5 K=10
4.06 23.32 41.38
v 6.06 28.21 48.95
v v 6.81 29.51 51.35

D. Ablation Study

In this section, we first validate the effectiveness of the NTE
and SGRM. The results are presented in Table [[} Initially,
based on the visual retrieval framework, we incorporate NTE
to further introduce topological semantics into the retrieval
process, which leads to performance improvements of 2%,
4.89%, and 7.57% in terms of Recall@1, Recall@5, and
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Fig. 5. Analysis of retrieval performance across different visual encoders. The abbreviation “w” denotes the retrieval process that incorporates topological
semantics, whereas “w/0” denotes the process with the setting where topological semantics are absent.
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TABLE III
ABLATION STUDY OF THE KEY COMPONENTS IN NTE IN TERMS OF
RECALL (%). THE SYMBOL “1” INDICATES THAT LARGER VALUES ARE
BETTER. THE BEST RESULTS ARE INDICATED IN BOLD.

Recall@K (1)

Method
K=1 K=5 K=10
w/o NRE 491 23.01 45.56
w/o CTE 4.66 23.13 44.69
w/o MVL 4.38 23.40 41.40
NTRF (ours) 6.81 29.51 51.35

Recall@10, respectively. Next, we further incorporate SGRM
to pay attention to the core diagram regions, which leads
to notable enhancements in retrieval performance across all
evaluation metrics. Specifically, the introduction of SGRM
improves the performance by 0.75%, 1.3%, and 2.4% on
recall@1, recall@5, and recall@10, respectively.

We also investigate the effectiveness of different key com-
ponents of our NTE, including node role encoding (i.e., NRE),
connection type encoding (i.e., CTE), and modulation vector
learning (i.e., MVL). From Table [IT, we can observe that the
absence of any component leads to a significant decrease in re-
trieval accuracy. The underlying rationale is that NRE and CTE
are essential for capturing device roles and connection types,
which determine the primary functionality of a device and the
underlying characteristics of data transmission, respectively.
Furthermore, MVL is critical for adaptively emphasizing task-
relevant features. Consequently, the absence of these modules
hinders the accurate capture of network topological semantics,
resulting in the degradation of retrieval performance.

E. Visualization of Retrieval Results

In this section, we adopt Eva-CLIP as the comparative
model in our visualizations due to its superior performance
when compared with other vision-based baseline methods.
As shown in Fig. @ our method demonstrates superior re-
trieval performance to Eva-CLIP. In particular, among the
top-5 candidates retrieved by our method, four of them are
relevant to the query, whereas Eva-CLIP retrieves only one
relevant candidate. Although the second candidate in Fig. f[a)
is structurally similar to the query from the perspective of
visuality, it differs significantly in topological semantics and
functionality. Specifically, the second candidate in Fig. @{a)
represents a two-level network that lacks an aggregation layer,
whereas the query corresponds to a three-level network that
includes an aggregation layer. In practice, the functionalities of
two-level network architectures significantly differ from those
of three-level architectures. Additionally, the first, third, and
fifth candidates in Fig. [@{a) differ in functionality from the
query due to differences in the deployment patterns of access
controllers. To be specific, the query does not include any
access controller, whereas access controllers are deployed in
the first, third, and fifth candidates in Fig. [@{a). Generally,
differences in the deployment pattern of an access controller
can result in variations in gateway configurations, which in
turn lead to differences in network functionality. Therefore,
this visualization result further validates the effectiveness of
our proposed NTRF in harnessing topological semantics.

F. Effectiveness of Topological Semantics

In this section, we provide additional experimental results to
further validate the effectiveness of the topological semantics.
To be specific, we analyze the retrieval performance of the
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Fig. 7. Analysis of the inference time of NTRF. (a) Proportion of inference time for each stage in NTRF; (b) Inference time comparison of NTRF and
baseline methods; (c) Performance comparison of NTRF and baseline methods.

proposed NTRF across multiple representative pre-trained
visual encoders. These visual encoders include CLIP (ViT-
H/14) [64], Eva-CLIP (Eva-CLIP-8B) (1]}, and SigLIP 2 (ViT-
So/14) [32], all of which have demonstrated strong perfor-
mance on natural image retrieval tasks. As illustrated in Fig. [3}
the incorporation of topological semantics leads to significant
improvements in retrieval performance across multiple visual
encoders, when compared with the setting where topological
semantics are absent. This result further confirms the effective-
ness of incorporating topological semantics into the retrieval
process. Moreover, it demonstrates that our method remains
effective across various visual encoders, which reflects the
plug-and-play capability of our proposed NTRF.

G. Parametric Sensitivity

There are four trade-off parameters in our NTRF, including
w1, Wy, wy, and p in Eq. (]EI) To analyze parameter sensi-
tivities, we vary one parameter while keeping the remaining
parameters fixed during retrieval. From Fig. [6] we can observe
that the performance of our method remains stable across
different parameter settings, so these parameters are easy to
tune in practical use.

H. Inference Time

In this section, we analyze the inference time of NTRF.
Specifically, we compare the inference time of our proposed
NTRF with various baseline methods and analyze how each
stage contributes to the total inference time. As shown in
Fig. [/(a), the inference time of our proposed topological
retrieval module and SGRM accounts for only 9.0% and 1.2%
of the total inference time, respectively. Moreover, as shown
in Fig. [/(b) and Fig. [7{c), our method achieves a substantial
performance improvement with only a small additional infer-
ence cost. To be specific, our method achieves an improvement
in terms of recall@10 from 41.38% to 51.35% compared
with Eva-CLIP, with only about a 10% increase in inference
time. All these experimental results further validate that our
method achieves a favorable trade-off between inference time
and retrieval performance.

51.10 +£ 0.31

50 A

40 4
9
< 29.58 + 0.66
= 301 5
©
|9}
&

20 A

10 6.82+0.26

. I
Recall@1 Recall@5 Recall@10

Fig. 8. Analysis of the stability of NTRF. Results are averaged over three
independent runs. For each run, the NTRF is trained with a different seed.

L. Stability of NTRF

To validate the stability of NTRF in achieving promis-
ing performance, NTRF is trained by using three different
random seeds. Fig. [§] presents the results, which include
the average and standard deviation of Recall@1, Recall@35,
and Recall@10 of our method. We can observe that NTRF
consistently exhibits small standard deviations across different
training conditions, indicating that its performance is stable.

V. CONCLUSION

In this paper, we propose a novel method termed “Network
Topology-aware Retrieval Framework” (NTRF), which in-
corporates network domain knowledge to harness topological
semantics and enhance the performance of network topology
diagram retrieval. Specifically, we design a Network Topology
Encoder (NTE) to capture topological semantics, which is
introduced to measure the similarity between network topol-
ogy diagrams along with visual features. Furthermore, we
develop a SubGraph-aware Reranking Module (SGRM) to
refine the ranking of candidates by emphasizing the critical
topological semantics embedded in core diagram regions. In a
nutshell, our method effectively captures and utilizes network
topological semantics. As a result, NTRF achieves state-of-
the-art performance compared with representative baseline
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methods. To the best of our knowledge, this is the first method
specifically designed for network topology diagram retrieval.
In future work, we aim to extend our approach to other graph-
centric tasks, such as flowchart retrieval. Furthermore, we
intend to improve our diagram parsing pipeline to accurately
process unseen icon styles.
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