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Abstract

Optical Benes networks are effective switching architectures for high-capacity communica-
tion systems. However, conventional routing algorithms primarily emphasize connectivity
while often overlooking path quality, which often results in severe transmission loss along
worst-case paths. To address this limitation, we propose an intelligent routing framework
that integrates a feature extraction module with the K-Nearest Neighbors (KNN) algorithm.
The proposed method guides path selection more effectively and avoids worst-case rout-
ing scenarios through effective preprocessing and feature extraction from routing tables.
A 30 Gbps PAM4 transmission system is simulated to evaluate the proposed approach. For
performance comparison, conventional routing methods, as well as Support Vector Ma-
chine (SVM), and Convolutional Neural Network (CNN) routing methods are considered.
The results reflect significant improvements in routing accuracy (from 55% to 72.85%) with
KNN, which significantly outperforming the CNN (52.23%) and SVM (51.06%) approaches
while achieving the lowest computational cost of all tested methods (0.1-1 ms per iteration).
Furthermore, the proposed approach reduces the power penalties, enhances the Extinction
Ratio (EXT), and lowers the Symbol Error Rate (SER). Analysis using eye diagrams confirms
superior signal integrity at lower received power levels. These findings demonstrate that
the feature-enhanced KNN routing algorithm is an efficient and intelligent solution that
not only ensures connectivity but also optimizes path quality, paving the way for scalable,
high-speed optical Benes networks.

Keywords: optical Benes networks; routing algorithm; K-Nearest Neighbors (KNN); feature
extraction; machine learning in optical networks; path optimization; Symbol Error Rate
(SER); Extinction Ratio (EXT); PAM4 modulation

1. Introduction

Recently, machine learning has been applied to chip design to improve performance
and reduce power consumption [1,2]. To address such challenges, a 32 x 32 on-chip optical
Benes network has been successfully designed and implemented. Notably, the routing
problem for optical Benes networks can be formulated as a classification task, making it
well suited for machine learning—based solutions [3]. Despite these advances, one critical
challenge remains: severe signal loss along the worst-case path, mainly caused by the
limitations of conventional routing algorithms.
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Although a variety of intelligent routing algorithms have been developed to circum-
vent worst-case routing paths and maintain signal quality above the receiver sensitivity
threshold [3,4], the intrinsic computational complexity of Benes optical switches makes it
highly challenging to accurately identify and isolate such worst-case paths using conven-
tional algorithmic cost metrics [5-8]. As a result, existing routing strategies tend to focus
merely on guaranteeing path connectivity rather than optimizing optical path quality; this
compromise severely limits power performance and degrades signal integrity [9,10].

Feature extraction methods, when incorporated with machine learning (ML), provide
a promising perspective for addressing this worst-case path problem. Traditional studies on
Benes networks often rely on simplistic, one-dimensional features to determine worst-case
scenarios, such as the maximum number of path crossings [11] or identifying all-crossing
patterns across the 2log, N — 1 stages of the network [12]. However, such approaches fail
to capture the multi-dimensional characteristics of actual optical performance. To address
this, our algorithm extracts three specific features: fi, f» and f3, corresponding to metrics
for crosstalk, power penalty, and path dependency, respectively. Although compact, this
three-dimensional feature space effectively captures the recursive construction properties
of Benes networks.

Routing in optical Benes networks is fundamentally a classification problem, a domain
where the K-Nearest Neighbors (KNN) algorithm has demonstrated significant efficacy.
Despite its widespread success in various applications [13-15], the deployment of KNN
in optical Benes networks has received limited attention. This gap is primarily due to
the inherent Boolean routing tables of these networks, which exhibit insufficient data
correlation and thereby limit the direct applicability of traditional KNN. To overcome this
limitation, this paper proposes an enhanced KNN-based routing scheme that incorporates
three highly correlated features—augmenting the conventional approach by two additional
features—to optimize routing performance in optical Benes networks.

The rest of the paper is organized as follows. The fundamentals and limitations
of Benes networks are covered in Section 2, and the requirements of the KNN model
are described in Section 3. The proposed algorithm and details of each sub-module are
presented in Section 4. The simulation setup and comparative results are shown in Section 5.
A discussion and conclusion are provided in Sections 6 and 7, respectively.

2. Motivation
2.1. Al Prediction of the Worst-Case Path

Routing table categorization has become increasingly important in photonic chips in
recent years. In these applications, machine learning and deep learning techniques are
frequently employed for detection and classification. For such categorization tasks, hidden
information in path signals can be extracted using intelligent algorithms [16-20]. The Benes
path signals obtained from our simulation via Lumerical INTERCONNECT contain unique,
discernible patterns of physical impairments. Here, we define physical impairment features
as follows: f; (first Cross position) encodes early-stage crosstalk, f, (total Cross count)
encodes cumulative power loss, and f3 (first Bar position) encodes inter-path dependency.
Instead of pursuing a rigorous combinatorial proof, our ML approach statistically maps
extracted structural features to practical physical impairments, functioning as an efficient
distance-based classifier to circumvent the NP-hard search space. Compared to other ML
techniques, K-Nearest Neighbors (KNN) is computationally efficient, easy to train, and
highly effective for distance-based classification tasks; therefore, it is adopted in this work
for path categorization.

For the N! possible routing tables, finding the precise routes for this problem necessi-
tates a thorough approach, which is very time-consuming and labor-intensive. This work
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simplifies the problem by defining the worst-case path as one whose EXT is lower than the
average EXT value of the comprehensive dataset. In this paper, two categories of paths
are considered: detectable paths and undetectable ones. The mean value employed in our
definition is calculated only over detectable paths, whereas the definition of maximum
loss may involve paths that are undetectable. Consequently, our proposed definition is
inherently superior to the conventional maximum-loss-based one.

2.2. The Benes Network and Boolean Routing Table

As a Benes network is a recursive Clos network, a set of 2 x 2 switching units makes up
each input and output stage, and two smaller Clos networks recursively replace the middle
stage. A Clos network can continue replacing each intermediate module in this manner
until the intermediate stage reaches a switch size of 2 x 2 [21]. Every switch element (SE)
in a Benes network operates in one of two states: Cross or Bar. The Boolean routing table
uses ‘0" to indicate the Bar state and ‘1" to indicate the Cross state. The raw routing matrix
exhibits three fundamental characteristics [22]:

1. It has a fixed dimension of N x M, where N is the number of rows and M is the
number of columns;

2. The matrix strictly consists of binary values (0s and 1s), representing the Bar and
Cross states, respectively;

3. Owing to the poor correlation coefficient, the Boolean routing table is a non-linear
classification problem.

2.3. Feature Extraction and Representations

To accurately predict the power loss induced by crosstalk and to evaluate power
efficiency and path dependency, three distinctive features, denoted as fi, f» and f3, are
extracted from the raw routing matrix. Specifically, f; represents the position of the first
‘1" in a column, corresponding to the first occurrence of the Cross state; f, refers to the
total number of 1s, that is, the overall number of switching elements (SEs) operating in the
Cross state throughout the network; and f3 indicates the position of the first ‘0’ in a row,
that is, the first emergence of the Bar state. The ranges of fi, f> and f3 are [0,2log, N — 1],
[0, Nlog, N — N /2], and [0, N], respectively. These features are chosen according to the
following physical considerations.

First-order crosstalk occurs in the optical path primarily when two signals simultane-
ously cross the same SE. Since an SE is in the Cross state when its value is 1, f; effectively
determines the stage at which the signal first experiences severe crossing crosstalk. Sec-
ondly, the number of Bar states fundamentally influences the power efficiency in the optical
channel. Since the total number of SEs in the network is fixed, tracking the total number of
Cross states f, inversely yet accurately reflects the proportion of Bar states, thus serving as
a reliable metric for evaluating overall power efficiency.

Finally, “path dependency” describes whether the positions of two paths overlap; if
they do, the switching element is in the Bar state. In other words, a switch element’s ‘0’
state prevents crosstalk between switching elements [23]. The crossings in a Benes switch’s
structure are the only source of crosstalk. As a result, f3 denotes reduced path dependency.

Consequently, by extracting these three physical impairment features to form a 3D Eu-
clidean space, a KNN classifier can be effectively trained. This approach not only bypasses
the limitations of Boolean correlation but also greatly enhances the physical interpretability
of optical impairments within the ML representation. A KNN algorithm is considered
adequate when its accuracy exceeds 70%; otherwise, it is considered ineffective [24].
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3. Principle

The algorithm shown in Figure 1a is a traditional routing method based on the two-
color bipartite matching problem. It computes the routing table matrix S for connections
from inputs I, I, . . ., Iy to outputs O1, O,, . .., Oy in polynomial time, using recursive or
parallel approaches. However, this traditional routing algorithm has a drawback in that
it treats all optical paths equally. As the number of ports N increases, the selection of the
routing table matrix leads to significant end-to-end performance fluctuations along the

optical paths.
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Figure 1. Comparison of routing algorithms and their representations. (a) Traditional routing
algorithm based on bipartite graph matching. (b) Proposed KNN routing algorithm with a feature
extraction module.

Figure 1b illustrates the core of the proposed KNN-based routing optimization al-
gorithm with a feature extraction module, in which the characteristics of routing table
information are effectively extracted via the KNN method to avoid selecting worst-case
paths. Finally, a routing table with improved end-to-end EXT is selected by predicting the
path quality from a representative subset, thereby efficiently bypassing the NP-hard N!
combinatorial solution space.

3.1. Conditions for Effective Use of KNN

The KNN algorithm is an instance-based, non-linear classification method relying
on the Euclidean distance metric. Despite its simplicity, it can achieve high accuracy
and structural stability when applied to properly selected and highly correlated feature
spaces [25]. However, the practical application of the traditional KNN algorithm must meet
the following three conditions simultaneously:

1.  The Benes routing table contains N! permutations, corresponding to N! distinct data
instances. For each classified data point, it is necessary to distinguish valid data from
measurement noise. Notably, this noise is inherent to the data yet uncorrelated with
the output configuration;

2. There is virtually no linear link between the columns in the routing table—a switch
matrix of N/2 x (2log, N — 1) dimensions. On the other hand, each column (feature)
needs to have a specific linear correlation;
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3. The relationship between the hyperparameter K and the routing table distribution
remains unclear. Nevertheless, determining the optimal value of K is critical to avoid
overfitting or underfitting.

Therefore, to satisfy the basic requirements for applying KNN to Benes network rout-
ing tables and to address the aforementioned challenges, this paper proposes an improved
KNN framework that incorporates a dedicated preprocessing and feature extraction stage.

3.2. Preprocessing Step

As mentioned earlier, the proposed KNN-based routing scheme must first satisfy
the three requirements listed above to be applied to optical Benes networks. The specific
preprocessing modules are as follows:

1.  Data Cleaning Module: This module maps raw routing configurations to their corre-
sponding valid N! permutations.

2. Feature Extraction Module: This module converts the N/2 x (2log, N — 1) switch
matrix to a 1 x 3 feature vector. A significant advantage of this technique is its low
computational cost in solving the linear correlation problem between columns.

3. K Selection Module: This module employs an exhaustive search to train each data
group. The data group yielding the highest classification accuracy is used to determine
the final value of K. Regarding the selection of K, exhaustive search is adopted because
the application scenario of KNN is in the Benes optical chip network. Currently, the
number of ports in this chip does not exceed 32. Therefore, the chosen K will be less
than 32.

Through these preprocessing modules, the improved KNN algorithm is better able
to handle the complexity of Benes network routing tables, ensuring high accuracy and
efficiency in routing decisions.

3.3. Data, Training, and Testing Issues for the KNN Algorithm

The proposed routing algorithm must specify the following settings for data, training,
and testing procedures to use KNN effectively:

1. Data Sources: Like other machine learning algorithms, KNN is a supervised learning
algorithm that requires the generation of paired datasets for a specific problem. For
each categorized data, metrics should be defined to distinguish between data and
data noise. Similarly, criteria should be defined to obtain paired datasets.

2. Training Process: The criteria for selecting KNN inputs and the required accuracy
should be defined.

3.  Testing Process: In addition to accuracy, other transmission performance parameters
should be defined.

These foundational data processing modules integrate seamlessly with the subsequent
online inference stages to complete the framework of our proposed routing algorithm, as
illustrated in Figure 2. The specific details of the algorithmic workflow are thoroughly
discussed in Section 4.
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Figure 2. Overall framework of the proposed KNN routing algorithm, including data generation,
cleaning, feature extraction, K-value selection, and PAM4 simulation modules.

4. Proposed KNN Routing Algorithm

For Benes networks, there is currently no extensive training dataset accessible in the
literature. Thus, the problem of creating routing tables and allocating matching labels is
handled by the Data Generation Module.

4.1. Data Generation Module

The status matrix, intrinsically comprising only Cross and Bar states, can be mapped
to a Boolean matrix where ‘1’ and ‘0" denote the respective states of the optical switches. As
illustrated in Figure 3, this Boolean matrix is constructed via a dedicated data generation
module. The module employs an iterative procedure to generate binary sequences of length
N/2 x (2log, N — 1), with each sequence representing a distinct routing configuration.
Specifically, the process initializes a counter i, which iterates through the defined state
space. During each iteration, the decimal index i is converted into a binary string of
the required sequence length, corresponding to a unique switch configuration in the
routing table. Through exhaustive iteration, this module compiles a comprehensive dataset
encompassing all valid routing paths, thereby enabling the optical Benes network to
dynamically reconfigure and route data in response to traffic demands.

Traffic Flow

| |
| |
| |
| I
| |
| |
| 0000 wereeee 0000 |
. 00 |
: Benes optical network 0000~ 0000 | |
0000+ 000 |
! - 1+ | Valueof N | oo v i~ | i+ | ] e e e 11 1
| .
L — . N2 | g000- 0000 |11 1
| : : 0000 weeeeees 0000 |
| : . —Y |
| — —— Initialize 2log,N - 1 !
. S
: > > counter i to | :

Figure 3. Flowchart of the Data Generation Module, which constructs the raw Boolean routing
matrices by iteratively generating binary sequences.

4.2. Data Cleaning Module

Despite the massive volume of routing configurations, the Data Cleaning Module
systematically assigns each input-output pair to one of the valid N! permutation states.
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In this work, each of the over 40,000 configurations is mutually uncorrelated with others;
accordingly, data noise is strictly defined as redundant information irrelevant to valid
permutation paradigms. The proposed module effectively eliminates such uncorrelated
interference data, enabling rapid screening of valid routing pairs and retrieving complete
routing matches within an extremely limited time.

The traditional routing algorithm uses the bipartite graph algorithm in the Benes
network to randomly compute an output routing table for any input permutation as a
solution to the matching problem. However, the reverse process of calculating the input
routing table from the output is complex and time-consuming. As the number of ports
increases, the calculation of each table requires polynomial time, which is costly.

To quickly obtain a large number of valid routing tables, we use a direct sequence
exchange algorithm to compute the output matching for a randomly generated routing
table, dividing it into N! permutations. Owing to the known topology of the Benes network
and the known switch states, this method can obtain a large number of valid routing tables
in a shorter time.

Direct Sequence Exchange Algorithm: The main purpose of the direct sequence ex-
change algorithm is to randomly generate routing tables S, = a;;, while calculating the
number of output matching permutations P = P;, P,, ..., Py and the count of each per-
mutation corresponding to b= Slj, Szj, ey Snj, as shown in Figure 4. Here, S, represents
the routing table digitized in binary form, while 4;; denotes the state of the optical switch
in row i and column j. P encompasses all permutations of the routing table, where P,
represents the nth permutation. In the direct sequence exchange algorithm, the main focus
is on how to categorize routing tables into N! permutations, as shown in Algorithm 1.

Algorithm 1 Direct Sequence Exchange algorithm

Input: Operation sequence S, and length of the list N
Output: A dictionary of lists and their corresponding operation sequences
custom_shuffle(list): The purpose of this function is to first split the list and then recombine the two resulting
arts.
fnverse_shufﬂe_sort(list): This function accepts a list input_list and returns a new list where elements are
rearranged in an alternating pattern of odd and even indexed items.
custom_operation(list, values): This function swaps each pair of adjacent elements in the data list, based on the
instructions in values. ("0’ means no change; ‘1’ means swap. The first element is swapped with the second, the
third with the fourth, and so on.)
1: Initialize counter 1 <+ 1
2: while n < 2log,(N) —1do
3: Createalist L < [1,2,3,...,N].

4 if n <log,(N — N/2) then
5 Divide List L into min(2"~!, N/4) parts.
6: Every List L; = custom_shuffle(L;).
7: else
8: Divide List L into min(N?/2"~1, N /4) parts.
9: Every List L; = inverse_shuffle_sort(L;).
10: end if
11: Combine every list L; into a NewList.

12: Select Values = S,,.

13: List L = custom_operation(NewList, Values).

14: Check the dictionary for a key with the same list L.
15: if found then

16: Add S, toit.

17: else

18: Create a new key and add S, to it.
19: end if

20: n«—n+1
21: end while
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Figure 4. Workflow of the Data Cleaning Module, utilizing the Direct Sequence Exchange Algorithm
to map raw switching configurations into valid permutations.

4.3. Feature Extraction Module

For the initialization, a counter 7 is defined and set to an initial value of 1. Subsequently,
an integer list is defined, with elements incrementing from 1 to N, where N is a positive
integer representing the number of ports in the optical Benes network. The counter n and
the integer list represent the sequence number of the routing table and the destination list
for the matching algorithm, respectively.

The module comprises a sequence of switch exchanges, conditional judgments, and
path exchange operations. Specifically, the inverse perfect shuffle and forward perfect
shuffle topological mappings govern the path exchange criteria, while a dedicated state
evaluation logic determines the transition conditions for individual switches. Exploiting
the inherent mirror symmetry of the Benes architecture, these dual mapping rules are
essential for accurately resolving the routing configurations across both the front and rear
stages of the network.

Finally, the module checks a dictionary to determine whether there is a key that
matches the currently processed list. If there is, the algorithm adds S, (the routing table
of this iteration) to the value corresponding to that key; if not, a new key is created, and
Sy is added. The counter # is then incremented by 1, and the process is repeated until
the algorithm concludes. The vectorized feature extraction X, = fi, f2, f3 is the result of
the feature extraction module, which takes as input the switching matrix of the Boolean
routing table S, = a;;. As previously stated, our input data must simultaneously meet two
of the three conditions mentioned above to be used with the KNN model: (1) The input
data must be directly related to the routing table. (2) The input data matrix must have a
linear correlation between columns, as indicated by the correlation coefficient.

Figure 5 illustrates two approaches to routing-table processing: (1) The direct segmen-
tation method is shown in Figure 5a. It chooses the three highest correlation coefficients of
the routing table column vector fj, f», f3 as a classification feature. (2) The feature extraction
module is shown in Figure 5b. First, we convert the N-row by (2log, N — 1)-column S, into
a matrix. Then, we extract three physical impairment features X, = fi, f», f3. The extraction
maps the discrete Boolean states into a continuous three-dimensional metric space.

In this metric space, the magnitude of the Euclidean distance itself does not directly
reflect the absolute severity of physical impairments. Instead, it serves as a mathematical
measure of similarity, demonstrating that the three extracted indicators (fi, f», f3) are
sufficient to distinguish between superior and inferior routing configurations, while the
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KNN algorithm validates the effectiveness of this feature extraction for classification, it
cannot quantify which specific impairment plays the decisive role. To clarify the dominant
mechanism, we additionally calculated the Pearson correlation coefficients between the
extracted features and the final signal performance [26]. The results indicate that among
the three extracted features, f, exhibits the most significant negative correlation with the
Extinction Ratio (EXT) (r = —0.4610, p < 0.001), confirming it as a primary contributing

physical factor.
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Figure 5. The Feature Extraction Module. (a) Extraction of local features (f1, f, f3) from the Boolean
matrix. (b) Transformation into a 3D feature space. (¢) KNN classification labeling for superior (¢ = 1)
and inferior (c = 0) paths.

Inherently, the correlation between the columns of zeros and ones—representing the
Bar and Cross states, respectively—in a raw Benes routing table is naturally very low,
typically yielding an initial correlation coefficient of less than 0.12. This is fundamentally
because the columns operate as independent routing switch stages; achieving a high cor-
relation would mathematically require over 70% of the switching operations to execute
identical “through” paths. Given the inherent randomness of dynamic traffic flows, such a
scenario is practically impossible. Consequently, relying on raw Boolean data limits the
classifier’s ability to capture the underlying physical deterioration, necessitating the pro-
posed feature extraction module. By contrast, the proposed feature extraction bridges this
gap. Because the extracted features (f1, f2, f3) implicitly reflect the fundamental physical
mechanisms of the Benes topology (i.e., crosstalk, cascaded loss, and path dependency),
this topology-driven approach ensures that the resulting distance metric space consistently
satisfies the requirements of the KNN model across different network sizes, data splits, and
sampling strategies, provided that the underlying physical laws of the optical components
remain constant.

Table 1 compares KNN models with and without the feature extraction module. Here,
K varies from 1 to 7, and the test set proportion ranges from 10% to 40%. The findings
indicate that prediction accuracy peaks when K is 5 and the test set:training set ratio is 3:7.
As shown in Table 1, it is challenging to meet the 70% accuracy requirement without the
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feature extraction module owing to the poor correlation coefficient. In contrast, adding the
preprocessing module increases the accuracy by 8%, bringing it to 72.85%.

Table 1. Comparison of KNN models before and after the use of the feature extraction module.

Percentage of Tests (%)

Before Use of Feature Extraction Module After Use of Feature Extraction Module

Accuracy (%)

k=1 k=3 k=5 k=7 k=1 k=3 k=5 k=7

10
20
30
40

64 64 64 64 54.28 62.85 67.25 67.14
37.25 41.17 43.13 52.94 68.57 68.57 70.71 70.71
52.63 63.15 64.47 56.57 63.50 71.50 72.85 65.40
55.88 51.96 50 47.05 61.56 64.41 61.92 53.73

Permutations

4.4. Paired Data Generation Module

To train the model, a paired data generation module, as shown in Figure 6, must be
incorporated. The optical Benes network has M potential routing tables, encompassing a
complete Boolean state space from all zeros to all ones. For a network scale of N = 8, the
state space M expands to approximately one million configurations. Because exhaustive
testing of every configuration is computationally prohibitive, the routing tables are uni-
formly sampled at an interval of 100. Consequently, 10, 000 samples are extracted to form
the training and testing datasets.

S, X,

>~ e
S, X, - . =

Lumerical
INTERCONNECT(2020R2) . c=0

Figure 6. The Paired Data Generation Module, illustrating the EXT evaluation via Lumerical INTER-
CONNECT and the subsequent binary labeling process.

As illustrated in Figure 7, a comparison between the distributions of the full dataset
and the sampled dataset demonstrates that the sampled subset largely preserves the
statistical characteristics of the original data. This confirms the effectiveness and repre-
sentativeness of employing a uniform sampling strategy when dealing with the massive
routing state space of optical Benes networks.

The conventional algorithm typically partitions the routing tables into multiple do-
mains. For a given input matching p = {Slj, S2j, - - .,Sm]-}, it extracts local features
{X1j, Xaj, ..., Xpuj} and assigns corresponding labels ¢ = {cyj,¢3j,...,cpj} for precise
categorization. Here, the indices i and j are bounded by 1 < i < mand 1 < j < n,
respectively. The parameter n denotes the total number of domains, given by n = NI
The number of matchings is represented by m, while the total state space is defined as
M = 2(N/2)x(2log, N-1)

The Lumerical INTERCONNECT(2020R2) software platform is then used to test the
optical paths obtained from each routing table. The data are averaged and sorted from
smallest to largest, with EXT as the primary metric. For example, ¢; = 1 indicates that X is
superior, whereas c¢; = 0 indicates that X; is inferior. The top 50% of the optical paths are

https://doi.org/10.3390 / photonics13070622


https://doi.org/10.3390/photonics13070622

Photonics 2026, 13, 622

11 0f 19

8x8 Switch State Distribution (Full Dataset)

designated as “superior” with ¢ = 1, while the bottom 50% are defined as "inferior” with
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Distribution of Bin Counts (Full Dataset)

8x8 Switch State Distribution (Sample Dataset)
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Figure 7. Statistical evaluation of the sampled routing dataset. (a) Occurrence distribution across
switching state indices. (b) Frequency distribution of the switching state counts.

4.5. K Selection Module

The KNN algorithm considers the K nearest neighbors for any decision-making. After
feature dimension reduction, we obtain three local features: X; = { f1;, f2i, f3i}, Xi; € X, and
Xj = {fij, f2j, 3}, X; € X. This module takes {X;} feature vectors as inputs and produces
outputs with appropriate labels (c;-labels) as shown in Figure 6.

Prior to KNN classification, all three extracted features are normalized to values in
[0, 1]. This is defined as follows:

fmi - fm,min

f m,max — f m,min

i = @
where f,,; represents the original value of the mth feature for sample 7, f;; min and fy;,max
represent the global minimum and maximum values of the mth feature across the entire
dataset, and f, ; is the corresponding normalized feature value.

The Euclidean distance between two normalized feature vectors is calculated as

3
d(X]-, Xi) = 2( ,;1]' - ,lm')z (2)

m=1

where m represents the feature dimension (m = 1,2,3), f& j represents the normalized mth
feature of the test sample X; to be classified, and X; represents the ith already-classified
training sample.

In the KNN decision rule, the predicted category ¢; of the test sample X; depends
on its distance d to the training samples. The K nearest samples, with known categories
€1j,€2j, - - -, CK;j, are used for voting, expressed as

6] = mode(clj, C2]', ceey CK]') (3)

where cy; represents the category of the kth nearest neighbor to the test sample X;, while
mode represents the most frequent category (i.e., the category with the highest number
of occurrences).
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To illustrate the relationship between the sample category and distance, consider X; as
a sample to be categorized. Its distances from the training samples are in ascending order
dlj, d2j, o, d Kjr with corresponding categories C1j,€2js - - -, CK;- This can be expressed as

¢ = mode(ckj | d(X;, X;)), fori =1,2,...,r (4)

where r is the total number of training samples.

Once the predicted category ¢ is determined, the model’s overall performance must be
quantitatively evaluated. Specifically, the classification accuracy of the proposed KNN routing
algorithm is defined as the proportion of routing configurations correctly classified into their
true categories, i.e., superior or inferior optical paths, out of all the configurations evaluated.
Assuming there are 7 total routing tables to be classified, let X;, where j = 1,2,..., 1, represent
the jth routing table with its true label ¢; € {0,1}. Here, 1 indicates a superior path and 0
indicates an inferior path. If n’ represents the total number of tables where the predicted label
exactly matches the true label, i.e., ¢; = ¢;, the classification accuracy can be expressed as

Once the predicted category ¢; is determined, the model’s overall performance must be
quantitatively evaluated. Specifically, the classification accuracy of the proposed KNN routing
algorithm is defined as the proportion of routing configurations correctly classified into their
true categories, i.e., superior or inferior optical paths, out of all the configurations evaluated.
Assuming there are 7 total routing tables to be classified, let X, wherej = 1,2,...,n. It
represents the jth routing table with its true label c; € {0,1}. Here, 1 indicates a superior path
and 0 indicates an inferior path. Let ¢; denote the predicted category for X; using the KNN
decision rule. If n’ represents the total number of tables where the predicted label exactly
matches the true label, i.e., ¢; = ¢ s the classification accuracy can be expressed as

n 1&
Accuracy = P Zl I(¢; = ¢j) ()
]:

where I(-) is the indicator function, which equals 1 if the condition ¢; = ¢; is true and
0 otherwise.

An appropriate K value is essential to the algorithm’s performance. Although it may
result in overfitting, a lower K value increases sensitivity to local features. Conversely,
higher K values limit error and reduce noise, which may result in an oversimplified model
that ignores the data’s intrinsic complexity [27]. The selection of K values in this paper is
restricted to odd numbers between 1 and 19. Only odd numbers are chosen for K to avoid
voting ties in binary classification.

Figure 8 shows how various test set proportions, from 10% to 40%, affect the accuracy
of the proposed KNN algorithm. The findings show that the proposed KNN algorithm
achieves a maximum accuracy of 72.85% when K = 5, surpassing 70% accuracy for every
test set proportion. The accuracy remains above 65% for all four test set proportions (g de-
notes the fraction of the test set) except K = 1, where the accuracy decreases. In comparison,
the accuracy is only about 55% without feature extraction. We then confirm the transmission
performance of the proposed KNN routing algorithm using optical simulation software.
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Figure 8. Impact of the hyperparameter K on the classification accuracy of the KNN model under
different test set proportions (g = 0.1 to g = 0.4).

5. Simulation Results
5.1. PAM4 Simulation Test Module

The PAM4 simulation platform used in this paper is shown in Figure 9. Two PRBS-15
generators produce a 30 Gbps electrical signal. An MZI modulator loads the two sets of
orthogonally phased electrical signals onto a wavelength of 1550 nm. The Benes optical
switch is then used to switch the optical signals to the appropriate output ports. A photode-
tector (PD) at the receiving end transforms the optical signal into an electrical signal after it
has passed through an attenuator. Physical impairments such as the Symbol Error Rate
(SER) are observed by comparing the input and output quadrature bit streams. Table 2 lists
the comprehensive simulation parameters.

Table 3 compares the performance of our proposed KNN routing algorithm with
state-of-the-art CNN and SVM techniques. To ensure a fair assessment, all models were
evaluated under strictly identical conditions: they shared the same dataset of 10,000
configurations with identical training-to-test split ratios, and standard hyperparameter
optimization procedures were applied to the baseline models.

To align with standard practices, both the CNN [28] and SVM [29] models utilize the
original Boolean routing table matrices as their baseline inputs. In contrast, our KNN model
processes the same 10,000 routing configurations through our proposed feature extraction
module, utilizing the resulting three extracted features as its input, which constitutes the
core innovation of this work. Therefore, rather than merely comparing isolated classifiers,
this setup rigorously evaluates our proposed lightweight framework against conventional
deep learning and classical pipelines under an identical raw data baseline.

Evaluated on the same test dataset, the proposed KNN routing algorithm achieves a
maximum accuracy of 72.85%, significantly outperforming the SVM (with an accuracy of
51.06%) and the CNN (with 52.23%). Given the immense state space of the routing problem,
exceeding the 70% accuracy threshold demonstrates that the proposed KNN method is
highly competent for this classification task.
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Figure 9. Schematic of the PAM4 simulation test platform used to evaluate the transmission perfor-
mance of the optical Benes network.

Table 2. Simulation parameters.

Parameter Value
Size of network 8, 16, 32 ports
Modulation scheme PAM4
Data rate 30G
Operating wavelength 1550 nm
Extinction Ratio (EXT) >28 dB
SER 103 to 1077
Iterations 10,000
Received optical power — 15dBm
Switching time 0.0041 ps

Table 3. Comparison of KNN against the state-of-the-art CNN and SVM methods.

Method Test Accuracy Computation Cost (per Iteration)
CNN 52.23% 5-10 ms
SVM 51.06% 1-2 ms
KNN (Proposed) 72.85% 0.1-1 ms

The findings demonstrate that the proposed KNN routing method achieves the best
accuracy with the lowest computational cost. Algorithmically, this superior performance
stems from the nature of the extracted feature space. The three extracted features (f1, f2, f3)
map physical impairments into localized, dense clusters that are highly compatible with
KNN'’s distance-based metric. In contrast, SVM attempts to separate classes via hyper-
planes, which proves ineffective against the complex, highly non-linear boundaries of
superior and inferior paths. Furthermore, CNN operates as a local filter, hierarchically
extracting spatial features from low to high levels before achieving classification through

https://doi.org/10.3390 / photonics13070622


https://doi.org/10.3390/photonics13070622

Photonics 2026, 13, 622

15 of 19

fully connected layers. However, owing to the highly repetitive topological structure of
the Benes architecture, CNN struggles to learn distinguishable features directly from these
image-like representations, resulting in degraded accuracy. Finally, as Table 3 indicates, the
proposed approach directly invokes the KNN algorithm for categorization, yielding the
shortest execution time.

Because our approach directly invokes the KNN algorithm for path categorization, the
computational complexity of our routing strategy equals that of the KNN model, which
is O(M x D). Here, M is the number of training samples (a predefined proportion of our
10,000 total samples), and D is the number of features (D = 3). With these fixed con-
stants, our algorithm significantly bypasses the high computational complexity commonly
associated with conventional Benes routing algorithms.

5.2. Simulation EXT Results

Figure 10 summarizes the port EXT comparison before and after the use of the opti-
mized routing table with specific switch configuration settings. Owing to the random path
selection of the traditional routing table, the output optical power was lower and fluctuated
significantly before the implementation of the proposed KNN routing technique. This is
illustrated in Figure 10, where the lower EXT value marked by the red circle represents
the conventional routing method and its higher fluctuation as the switch configuration
changes.

32 k.- LI The proposed KNN algorithm ~ ...:.......: .

O Traditional algorithm AL

31
30
29

@@

Pl
N

0 50 100 150 200 250 300
Switch Configuration

Figure 10. Comparison of port EXTs of the proposed KNN algorithm and the traditional algorithm.

Nevertheless, the output optical power is greatly improved and the volatility is signifi-
cantly reduced after path optimization using the proposed KNN routing technique. This
improvement is also illustrated in Figure 10. In general, the EXT values are higher with
the proposed algorithm than with the conventional routing algorithm. The upward trend
becomes smoother as the number of switch configurations increases.

5.3. Simulation SER Results

Figure 11 illustrates the relationship between the log(SER) and the received optical
power. At the target SER threshold, the minimum received optical power required by the
proposed KNN routing technique is significantly improved to —8.78 dBm. This represents
an improvement of approximately 0.83 dB compared to the —7.95 dBm required by the
conventional method. It should be noted that these curves are generated from the average
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of five independent experimental trials; explicit statistical uncertainty is not provided here
owing to the limited sample size.

/\ Back to Back
e) O Traditional algorithm
=4\ N [0 The proposed KNN algorithm

(b)

—-10.5 —10.0 =95 -9.0 -85 —-8.0

Received Power (dBm)

Figure 11. Comparison of port Symbol Error Rates (SERs) vs. received optical power. Insets:
simulated eye diagrams at —8.6 dBm for (a) the traditional algorithm and (b) the proposed KNN
algorithm.

All-channel data show that the proposed KNN routing technique successfully pre-
serves excellent signal quality. As seen in Figure 11a the eye diagram of the conventional
method is nearly closed with the received power at —8.6 dBm. However, as Figure 11b
illustrates, the eye diagram of the proposed KNN algorithm is suitably open at the same
received power.

6. Discussion

OSNR, BER, and EXT are three crucial technical indicators essential for assessing the
performance of transmission paths [16-19]. Because determining the EXT takes a compara-
tively small amount of time, this study employs it rather than OSNR and BER. As shown in
Table 4, the EXT calculation takes only 4 s—an order of magnitude less time than OSNR and
BER. Each trial involves the computation of massive routing components. Without GPU
acceleration, a single trial requires at least several days to complete. Furthermore, our ex-
periment encompasses one million independent trials, which would require approximately
half a year for full data collection, resulting in extremely low time efficiency.

Table 4. Time penalty comparison.

Performance Indicator Time Penalty (per Iteration) Total Time (Day)
EXT 4s 48.4
BER 17 s 205.6
OSNR 22s 267.6

Consequently, we consider EXT to be the most suitable central parameter. The primary
distinctions between the proposed KNN algorithm and alternative routing algorithms are
shown in Table 5. In particular, PILOSS networks are covered in studies [30,31], while mesh
networks are covered in studies [32,33]. Most of these studies use routing methods, and
references [34,35] as well as [36—41] focus on Benes networks.
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Table 5. Comparison with state-of-the-art methods.
References Topology Manual Routing Machine/Deep Feature Feature Year
Selection  Algorithm Learning Extraction  Interpretation
[30] PILOSS - - - v - 2016
[31] PILOSS v - - - - 2014
[32] Mesh v v - - - 2012
[33] Mesh - v v v - 2024
[34] Benes v v - v - 2022
[35] Benes v v - - - 2024
[36] Benes - v - - - 2019
[37] Benes v - - - - 2021
[38] Benes v - - - - 2023
[39] Benes - v v v - 2023
[40] Benes - - v - - 2020
[41] Benes v - - - - 2022
Our Work Benes - - v v v 2026

When applied to Benes networks, our approach offers two crucial advantages. First,
the proposed KNN technique outperforms previous ML/DL algorithms, since the feature
extraction module lowers the likelihood of worst-case connections. Second, the proposed
KNN routing technique enhances feature interpretability, making the feature extraction
procedure easier for humans to understand. In the existing literature, references [30,34]
examine feature extraction, whereas [33,39] investigate ML and DL methods. Most of the
time, though, the extracted features are not interpreted.

7. Conclusions

This paper proposed a KNN routing algorithm with a feature extraction module for
optical Benes networks to enhance accuracy in predicting worst-case paths. Traditional
methods are often exhaustive and involve substantial computational overhead. Training the
KNN model addresses the routing table screening problem as a distance-based classification
problem, allowing the prediction of subsequent path states from a subset of the data. This
approach has the potential to reduce screening time and improve EXT.The improvement
in transmission performance is validated using a PAM4 simulation platform, focusing on
horizontal and vertical metrics, BER, and power consumption. The model achieves an
accuracy of 72.85%, establishing it as a practical algorithm. Simulation results demonstrate
that 30 Gbps end-to-end communication is achieved. Additionally, the minimum required
optical power for error-free transmission exhibits a 0.83 dB advantage for the optimal path
over the worst-case path, confirming the reduced optical power penalty and superior link
budget achieved by the proposed KNN routing algorithm.
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