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Abstract

The increasing power consumption and intensified thermal coupling in next-generation
high-speed optical interconnect modules present severe thermal management challenges.
To address these issues, we propose a high-precision lumped-parameter thermal modeling
method for optical interconnect modules. Building upon the constructed lumped-parameter
thermal model (LPTM), a real-time transient temperature prediction framework utilizing
a hybrid convolutional neural network and long short-term memory (CNN-LSTM) ar-
chitecture is developed. The LPTM achieves high-precision modeling while reducing
computational complexity. Compared with the simulation results from COMSOL Multi-
physics 6.3, the proposed LPTM model exhibits an average mean absolute error (MAE) of
only 0.52 °C and an average root mean square error (RMSE) of only 0.69 °C for the transient
temperatures of key components. Furthermore, the CNN-LSTM neural network, trained on
the dataset generated by the LPTM, achieves an MAE of 0.34 °C and an RMSE of 0.78 °C on
an independent transient temperature testset generated by COMSOL Multiphysics. The
proposed methodology successfully achieves both high-precision modeling and real-time,
accurate transient temperature prediction, providing a solid theoretical foundation for
thermal management in next-generation optical interconnect systems.

Keywords: optical interconnect modules; thermal management; lumped-parameter
thermal model; temperature prediction; CNN-LSTM architecture

1. Introduction

Driven by the rapid growth of fifth-generation (5G) wireless communication, artificial
intelligence, and cloud computing, data center traffic demands have increased sharply in
recent years. Optical interconnect modules serve as the core transmission carriers for data
center traffic. Thermal management is a critical factor in optical interconnect module design,
as elevated temperatures can cause wavelength drift in lasers and degrade the performance
of key devices such as lasers and modulators. Furthermore, high operating temperatures
also accelerate device aging, ultimately degrading the overall performance and reliability
of data center communication systems. Consequently, effective thermal design and man-
agement play an indispensable role in ensuring efficient and reliable communication across
optical links.

Conventionally, the finite element analysis (FEA) method has been the primary so-
lution for heat conduction analysis and thermal design in silicon photonics [1]. However,
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as optical interconnect technologies evolve, pluggable optical modules are advancing toward
higher transmission rates such as 1.6 T [2,3], leading to a substantial increase in component
power consumption. Meanwhile, emerging architectures such as near-packaged optics
(NPO) [4-6] and co-packaged optics (CPO) [7-9] highly integrate switch ASICs with
optical engines, giving rise to complex internal thermal effects and severe thermal coupling
issues. These advancements significantly increase the complexity of thermal design and
management for next-generation optical interconnect modules [10]. Under these circum-
stances, FEA suffers from high computational complexity, making it difficult to satisfy
the demand for rapid analysis and large-scale data generation in complex system design,
thereby limiting further progress in thermal management. Therefore, developing a high-
precision, low-complexity thermal modeling method has become a crucial research direction
in optical interconnect thermal design. Two representative routes to such a low-complexity
model are compact thermal networks [11], which describe a system by a small network
of thermal resistances and capacitances whose parameters are identified from measure-
ments or simulations, and reduced-order thermal models [12], which reduce a detailed
finite-element model to a low-order subspace that retains the dominant thermal dynamics.
Both approaches have been widely applied in electronics and optoelectronics, but their
application to the heat conduction analysis of optical interconnect modules is still limited.

Concurrently, real-time temperature prediction based on high-precision, low-complexity
thermal modeling demonstrates growing research significance. This technique overcomes
measurement blind spots caused by physical constraints on sensor placement. It enables
dynamic temperature alerts for key hotspots and provides real-time data support for proac-
tive thermal management algorithms [13]. These capabilities help prevent thermal failures
and improve the overall reliability of optical interconnect modules and data center optical
links. In recent years, substantial research has been devoted to temperature prediction.
For instance, the work in [14] employed a state-space-based Kalman predictor for real-time
temperature prediction under noisy sensor conditions, and the works in [15,16] employed
long short-term memory neural networks and other machine learning models to predict
the temperature at the data center room level rather than at the module level of optical
interconnects. In addition, the work in [17] performed a package-level thermal analysis of
a photonic-electronic transceiver, but the transient temperature was not predicted. Due to
the scarcity of detailed internal temperature data and the fast, complex power fluctuation
in optical modules, module-scale temperature prediction remains largely unexplored.

To address these requirements, we propose a high-precision, low-complexity lumped-
parameter thermal modeling method for optical interconnect modules and build an efficient
temperature prediction framework using a hybrid convolutional neural network and long
short-term memory (CNN-LSTM) architecture. By simplifying complex finite-element
thermal fields into lumped nodes, the proposed lumped-parameter thermal model (LPTM)
maintains high accuracy while significantly reducing computational complexity compared
with FEA, enabling rapid heat conduction analysis and large-scale data generation. Fur-
thermore, using the transient temperature dataset generated by the LPTM, a CNN-LSTM
neural network is designed and trained for transient temperature prediction. A simulation
platform was developed to validate the LPTM against COMSOL Multiphysics simulations.
The results show that the average mean absolute error (MAE) and root mean square error
(RMSE) for the transient temperatures of critical components are only 0.52 °C and 0.69 °C,
respectively, confirming the accuracy of the LPTM. Additionally, numerical evaluations
of the proposed temperature prediction neural network demonstrate an MAE of 0.34 °C
and an RMSE of 0.78 °C on an independent transient temperature testset generated by
COMSOL Multiphysics. These results demonstrate that the proposed CNN-LSTM network
enables real-time and precise transient temperature prediction, laying a solid theoretical
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foundation for the design and optimization of future thermal management algorithms in
optical interconnect modules.

2. Lumped-Parameter Thermal Modeling of Optical Interconnect Modules

A lumped-parameter model simplifies a complex continuous system into discrete
nodes. Building upon this general concept, the proposed LPTM is constructed based on the
electro-thermal analogy. It performs system-level thermal analysis by mapping the heat
transfer characteristics of physical entities to equivalent electrical components. Specifically,
temperature difference corresponds to voltage, heat flow rate to electric current, thermal
resistance to electrical resistance, and thermal capacitance to electrical capacitance. Through
this approach, a complex heat conduction system is simplified into a thermal RC network
composed of discrete nodes.

Assuming a thermal RC network consisting of N nodes, for the i-th node, the heat source
power input equals the total outgoing heat flow, namely the sum of the heat absorbed and
stored by the thermal capacitance, the heat conducted through adjacent thermal resistances,
and the heat dissipated to the ambient environment. Consequently, the heat transfer
differential equation for the i-th node is expressed as:

Q:(t) =C;

, T;(t) — T;(t () —
dTl(t)JrZ (t) ,()+T1(t) T,

, (1)
dt i Ry Rig

where Q;(t) denotes the heat source power of the i-th node, C; denotes the thermal ca-
pacitance of the i-th node, T;(t) denotes the transient temperature of the i-th node, RU
denotes the thermal resistance between the i-th and j-th nodes, T; denotes the temperature
of ambient environment, and R;; denotes the equivalent thermal resistance between the i-th
node and the ambient environment. If a heat conduction path exists between two nodes,
R;; takes a finite value. Otherwise, R;; is infinite. The same principle applies to the thermal
resistance between a node and the ambient environment. An example of a LPTM consisting
of two nodes is illustrated in Figure 1.

Q T, Riz T, R2q +Td_
SRR

Figure 1. Schematic of a two-node lumped-parameter thermal model.

The proposed LPTM offers distinct advantages of low computational complexity and
closed-form solvability, making it highly suitable for thermal modeling of optical inter-
connect modules. Moreover, the proposed modeling methodology is not restricted to
conventional pluggable optical modules, but represents a highly scalable and generalized
thermal modeling framework. Optical interconnect modules include numerous temperature-
sensitive devices that require rigorous heat conduction analysis and thermal management
such as lasers and modulators. While comprehensively considering all these constituent
devices, we focus on the laser as the primary target device to elaborate our proposed ther-
mal modeling methodology. For systematic analysis, the optical interconnect module is
partitioned into four main constituent groups: the laser, thermal management components,
other heat-generating components, and other non-heat-generating components. Specifically,
thermal management components include elements required for thermal management,
such as heat sinks, thermoelectric cooler (TEC), and module shells. Other heat-generating
components consist of active components excluding the laser and TEC, such as driver chip
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and photo detector (PD) chip. Other non-heat-generating components include passive and
structural elements outside the aforementioned groups, such as lenses. Heat conduction
is the dominant heat transfer mechanism within optical interconnect modules. According
to this classification, the heat transfer paths in optical interconnect modules are as follows.
Heat generated by the laser is conducted to the thermal management components. Heat
from other heat-generating components flows to both the thermal management components
and other non-heat-generating components. Finally, thermal management components
and other non-heat-generating components exchange heat with the ambient environment
via convection. The heat transfer paths in optical interconnect modules are illustrated in

Figure 2.
Ambient Ambient
Optical Interconnect Enwronment Heat Transfer Enwronment
Module Path

- =

Figure 2. Schematic of heat transfer paths in an optical interconnect module.

Assuming that each of the aforementioned constituent groups corresponds to a single
node, node 1 represents the laser, node 2 represents the thermal management components,
node 3 represents other heat-generating components, and node 4 represents other non-heat-
generating components. Based on this assumption, the generalized optical interconnect
module depicted in Figure 2 can be modeled as the LPTM shown in Figure 3.

Figure 3. Lumped -parameter thermal model corresponding to the generalized optical interconnect
module in Figure 2.

When modeling a practical optical interconnect module, the aforementioned con-
stituent groups are further expanded by abstracting each component of the optical intercon-
nect module into an individual node.

The topological connectivity among these nodes is established based on the module’s
internal physical structure, while the thermal capacitance of each node C; and the inter-
node thermal resistances R;; are determined by structural and material parameters of the
interconnect module. Specifically, the thermal capacitance of each node is directly calculated
from the density p;, the specific heat capacity ¢, ; and the volume V; of the corresponding
component as C; = p;c,;V;. The thermal resistance between two nodes is determined
by the contact condition and the material parameters of the corresponding components.
Although the thermal resistance can in principle be calculated directly, it is difficult to
implement in practice. Therefore, a one-off finite element simulation is adopted in this work.
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The heat flow rate Q;; from the i-th node to the j-th node is obtained by integrating the heat

flux over the contact interface A.;, and the inter-node thermal resistance is then obtained as

ijs

Rij B Q_ZJ - qu-nijdA’ @
Ayj

where q denotes the heat flux density vector on the contact interface, n;; denotes the unit
normal vector pointing from the i-th node to the j-th node, and AT; denotes the temperature
difference between the i-th node and j-th node. For the equivalent thermal resistance
between a node and the ambient environment, the convective heat transfer is described
by Newton’s law of cooling Q = hAAT, and thus the equivalent thermal resistance of
the i-th node is obtained as R;; = 1/(hA;;), where h denotes the convective heat transfer
coefficient and A;; denotes the area of the i-th component node in contact with the ambient
environment. After the above parameters are obtained, the modeling process of the lumped-
parameter thermal model is completed.

On this basis, the heat source power Q;(t) is either set to a fixed value or dynamically
modeled according to the actual operating conditions of the optical interconnect mod-
ule. By substituting the derived thermal RC parameters and heat source excitations into
the single-node heat transfer Equation (1) and coupling the equations across all nodes,
a complete system of differential equations is constructed to describe the overall thermal
dynamic behavior of the module. Finally, time discretization is applied to this equation
system, which is solved iteratively using the backward Euler method. This method achieves
accurate computation of the transient temperature evolution for all internal nodes with
low computational complexity. The LPTM effectively models the heat conduction pro-
cesses both within the optical interconnect module and with the ambient environment.
By adjusting parameters such as node topology and heat source power, the model not
only captures the operational temperature dynamics of individual components, but also
flexibly accommodates thermal variations resulting from diverse packaging architectures
and operating conditions. Consequently, it enables low-complexity, high-precision tran-
sient temperature simulations, establishing a solid theoretical foundation for subsequent
real-time temperature prediction.

To demonstrate the practical implementation of the proposed modeling methodology,
a corresponding LPTM was constructed with reference to an optical module architecture
from InnoLight Technology [18], a leading commercial transceiver vendor. The structural
configuration of the optical module is illustrated in Figure 4. The module includes two
submounts. The laser chip and driver chip are positioned on submount 1 while the PD chip
is positioned on submount 2, and both submounts are positioned on a common heat sink.
The resulting LPTM is depicted in Figure 5, where the node label definitions are provided
on the right-hand side of the schematic. The notations for thermal capacitances, thermal
resistances, and related parameters remain consistent with the definitions established above.
The accuracy evaluation and validation of this model will be presented in Section 4 through
comparisons with COMSOL Multiphysics simulation results.

Front View Top View
- ] Heat Sink
[: Other Optical|  Chips PCB [m} Submount 1
Components ===5 PD Chip
[submounts| |DSP Chipl - Eme%Jt?t 2
] aser Chip
Carrier Board Heat Sink Shl |Therma| Padl O | |Driver Chip

Figure 4. Structural schematic of the example optical module.
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Figure 5. Lumped-parameter thermal model of the example optical module.

3. Temperature Prediction Neural Network Based on Lumped-Parameter
Thermal Model

The proposed LPTM efficiently generates a large amount of high-precision transient
temperature data for optical interconnect modules, providing high-quality dataset support
for training temperature prediction neural networks. In this paper, we not only propose a
high-accuracy LPTM framework for optical interconnect modules, but also design and train
a high-accuracy neural network for temperature prediction which can achieve accurate real-
time temperature prediction, providing theoretical guidance for the design and optimization
of thermal management algorithms.

To achieve real-time and accurate temperature prediction in optical interconnect mod-
ules, we propose a hybrid deep learning architecture integrating convolutional neural
network (CNN) and LSTM network. This architecture leverages the capabilities of CNN in
local spatial feature extraction and LSTM in modeling long-term temporal dependencies,
thereby efficiently handling the thermal responses in optical interconnect modules.

3.1. Heat Source Power Modeling and Dataset Generation

To train and test the temperature prediction neural network, a large amount of transient
temperature data reflecting the actual operating conditions of the optical interconnect
module needs to be generated using the LPTM. Once the thermal parameters such as
thermal capacitances and thermal resistances are determined, it is necessary to model the
heat source power in the optical interconnect module.

We first perform time dicretization with a time step of At. Let D denote the reference
number of packets processed per second by the optical interconnect module, and D (k)

denote the actual number of packets processed during the k-th time step. We define the
D(k)

DAt
The load intensity modeling methodology and an example load sequence are illustrated

load intensity of the optical interconnect module at the k-th time step as U(k) =

in Figure 6, where i denotes the transition rate from state 7 to state j, and £(a) denotes
a Poisson distribution with parameter a. To effectively simulate the fluctuations of data
center traffic, we model D (k) using a Poisson process modulated by a two-state (busy-idle)
Markov chain. The mean state durations for the busy and idle states are denoted by ¢; and
t,, respectively. And the Markov state corresponding to the k-th time step is denoted by
S(k). Setting the average load intensities for the two states to #; and u,, the corresponding
intensity parameters of the Poisson process are obtained as 1D, and u,D;, respectively.
Under practical conditions, since the number of packets per time step is large, the packet
counts in the two states are approximated by Poisson distributions with parameters u; D At
and u,D,At, respectively. After determining the state for each time step according to the
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Markov chain definition, D (k) is generated based on the corresponding Poisson parameter,
from which U (k) is subsequently calculated.

(@) (b)

Sk) iz =1/t; Busy
Idle L

=1k | | | | |
DIGH i 0 200 400 600 800 1000
c) Time (s)
[?(uleAt)][P(uzDsAt)]
100 F

S

< 501

D

0 . .

0 200 400 600 800 1000
Time (s)

Figure 6. (a) Schematic of the load intensity modeling methodology. (b) Example of a state transition
sequence. (c) Example of a load intensity sequence.

The heat source power of each component in the optical interconnect module is corre-
lated with the load intensity. We model the heat source power of the module’s components
into three parts: static heat source power, dynamic heat source power, and noise power.
Among these, the dynamic heat source power is directly proportional to the load intensity
U (k). The heat source power modeling is expressed as

Qz(k) = Pi,static + Pi,dynamic(k) + Nz(k)

(3)
= Pi,static + Pi,du(k) + Ni(k)/

where Q; (k) represents the heat source power of the i-th component at the k-th time step,
P; static denotes the static heat source power of the i-th component, P; g, 4mic (k) represents
the dynamic heat source power of the i-th component at the k-th time step, N, (k) denotes
the noise power of the i-th component at the k-th time step, and P, ; denotes the dynamic
heat source power of the i-th component when the load intensity is 1.

Once the heat source power is obtained, it is applied as the excitation for the LPTM
and substituted into the system of differential equations. Following time discretization,
the backward Euler method is employed to iteratively solve the equation system. After ob-
taining the transient temperature data, a high-accuracy dataset satisfying the training and
testing requirements of the temperature prediction neural network is generated.

3.2. Temperature Prediction Neural Network

The designed CNN-LSTM neural network for temperature prediction can predict the
future temperature evolution of individual component nodes in the optical interconnect
module based on historical temperature information. The architecture of this neural network
is illustrated in Figure 7, where x,, h;, and ¢, denote the input vector, hidden state vector,
and cell state vector of the LSTM layer at the t-th time step, respectively, and L represents
the sequence length used for training. The neural network includes four components: a
one-dimensional convolutional (1D-CNN) layer, a ReLU nonlinear activation layer, an LSTM
layer, and a fully connected (FC) layer. The inputs of the neural network consist of the
component temperatures and the Markov chain states of the heat source power over a
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past time window, while the outputs are the predicted component temperatures over a
future time window. The 1D-CNN layer is utilized to extract local temporal features of
the temperature variations while expanding the feature dimension of the data. The LSTM
layer then processes the dimensionally expanded time series and outputs the hidden state
at the final time step, thereby realizing the mapping of time-series information to a high-
dimensional feature vector. Finally, the FC layer maps this high-dimensional feature vector
into the temperature prediction outputs.

Input Conv1D Layer RelLU LSTM Layer h, FC Layer
Layer D

Ci_1 4 c; Output

4V tanh

. — ) eee 0 g X o X% eoe —

,\I tanh

he_y h;
Xt

Figure 7. Structure of the CNN-LSTM temperature prediction neural network.

Because state transition is difficult to predict, the high-order penalty of the traditional
mean squared error (MSE) loss function easily causes the neural network to overcompensate
for temperature variations at the transition edges, thereby degrading the prediction accuracy
in non-transition intervals. To address this issue, a piecewise weighting mechanism is
introduced in this paper to modify the standard MSE. The standard MSE loss is maintained
in the non-transition intervals, while an attenuation factor « is introduced in the transition
intervals to suppress the excessive interference of state transition on the overall training
process. The modified loss function is expressed as

Lyvmse = #Hy -yl (4)
where N represents the prediction sequence length, y denotes the ground-truth temperature
sequence, y denotes the predicted temperature sequence. And s is the state transition
indicator variable, which takes the value of 0 if there are no state transitions within the
prediction interval, and 1 if state transitions occur. Finally, lall, represents the Lp—norm of
the vector a.

4. Performance Validation of the Lumped-Parameter Thermal Model and
Temperature Prediction Neural Network

In this section, we conducted numerical simulations to validate the accuracy of the
LPTM for the optical interconnect module and to test the performance of the CNN-LSTM
temperature prediction neural network.

4.1. Validation of the Lumped-Parameter Thermal Model

To validate the accuracy of the LPTM, we adopted the same optical module structure
as presented in Section 2 (illustrated in Figure 4) and established a simulation project in the
COMSOL Multiphysics platform. The constructed simulation model of the optical module
is depicted in Figure 8. After completing the geometry and material modeling, the laser
chip, driver chip, PD chip, and digital signal processing (DSP) chip were configured as
fixed power heat sources, while the boundary condition of the optical module shell was
set to convective heat flux. A transient simulation of the temperature rise process from 0
to 400 s was conducted. Subsequently, the transient temperature of each component was
volume-averaged to obtain the variation curves of the volume-averaged temperatures for
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each component. These curves serve as the benchmark for the subsequent comparative
validation of the LPTM’s accuracy. The key parameters of the COMSOL simulation are
summarized in Table 1.

@)

a7

© o ®®
gl
@

@%

(D Laser Chip (2) Driver Chip (3) Submount 1 () PD Chip (5) Submount 2 (8) Heat Sink
() Other Optical Components (8) Carrier Board (9) PCB () DSP Chip (® Thermal Pad (o) Shell

®

Figure 8. COMSOL simulation model of the optical module. (a) Front view. (b) Top view.

Table 1. Key parameters of the COMSOL simulation.

Parameter Value
Heat source power of laser chip 0.033 W
Heat source power of driver chip 1.0W
Heat source power of PD chip 0.5W
Heat source power of DSP chip 25W
Shell-to-ambient convective heat transfer coefficient 50 W/ (m?-K)

According to the thermal capacitance and thermal resistance acquisition method de-
scribed above, the parameter values of the LPTM are obtained, as listed in Table 2. It should
be noted that, in the COMSOL simulation, the contact thermal resistances were set at the
key contact interfaces of the module with the layer resistance parameter set to a realistic
value of 107°-107% K-m?/W. For the LPTM, the contact thermal resistances are lumped
into the equivalent inter-node thermal resistances which means the thermal resistance
values listed in Table 2 are effective thermal resistances that already incorporate the contact
thermal resistances.

Table 2. Thermal capacitances and thermal resistances of the LPTM.

Thermal Capacitance Value (J/K) Thermal Resistance Value (K/W)

C 1.34x 1075 Ris 10.27
C, 7.34 x 10~ Ry 6.45
G, 1.13 x 102 Rsg 6.33
C, 408 x 1075 Rys 4756
Cs 1.13 x 102 Rsg 6.19
Ce 2.07 Re. 0.38
Co 1.33 Ro, 45.26
C, 0.16 Ry, 85.90
Cp 0.82 Ry, 431
C, 8.86 Ry, 2.47

Reg 4.96

We conducted a transient simulation of the temperature rise process from 0 to 400 s
for the identical optical interconnect module using the proposed LPTM employing the
same parameters as listed in Table 1. We compared the temperature variation curves of the
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volume-averaged component temperatures obtained from the COMSOL simulation with
the corresponding node temperatures simulated by the LPTM for four key components: the
laser chip, driver chip, submount 1, and heat sink. The comparison results are illustrated in
Figure 9, where the solid blue curves represent the COMSOL simulation results and the
dashed orange curves represent the LPTM simulation results. As observed from the figure,
the temperatures of all components exhibit a consistent temporal trend. During the initial
heating phase, the temperature rises rapidly. Subsequently, as internal heat generation and
external heat dissipation gradually reach a dynamic equilibrium, the temperature flattens
and eventually stabilizes at a steady-state value. Throughout both the transient heating
phase and the steady-state period, the temperature curves calculated by the LPTM closely
match those from the COMSOL simulation. To quantitatively evaluate the accuracy of
the LPTM, we further calculated the MAE and RMSE between the transient temperature
sequences obtained from the COMSOL and LPTM simulations. The MAE and RMSE are
defined as

1
Epmar = N”Tl — Tl
(5)

Erpmse = —IT; = Tyllp,
VN

where T; and T, denote the transient temperature sequences of the COMSOL and LPTM
simulations, respectively, and N represents the sequence length.

The transient temperature sequence errors for the four key components are illustrated
in Figure 10. The average MAE and RMSE of the transient temperature sequences across
four components are merely 0.52 °C and 0.69 °C, respectively. These results thoroughly
validate the accuracy and effectiveness of the LPTM for heat conduction analysis in optical
interconnect modules.

(a) (b) (c) (d)

50 t 55 } 50 t 45

501
40

C
A~
&

N
=)

w
S

Temperature (°C)
Temperature (°C)
&
Temperature (°C)
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w
S

IN)
a

IN)
a

——COMSOL Simulation ——COMSOL Simulation | ——COMSOL Simulation ——COMSOL Simulation

= = =LPTM Simulation = = =LPTM Simulation = = =LPTM Simulation == =LPTM Simulation
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Figure 9. Comparison of simulation results between COMSOL and the LPTM. (a) Laser chip.
(b) Driver chip. (¢) Submount 1. (d) Heat sink.

|
I MAE

0.9+ r
I RVSE 082

Laser Chip Driver Chip Submount 1 Heat Sink
Component

Figure 10. Transient temperature sequence errors between COMSOL and LPTM simulations for
different components.
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4.2. Performance Testing of the Temperature Prediction Neural Network

The temperature prediction neural network constructed in this paper possesses com-
prehensive prediction capabilities for the node temperatures of all components in the optical
interconnect module. The laser is the core device of the optical interconnect module. Its
performance is highly sensitive to temperature variations and directly determines the overall
performance of the module. Therefore, this sub-section primarily presents the performance
of the temperature prediction neural network at the laser node. For the proposed CNN-
LSTM neural network, the input window length of historical temperatures and states is set
to 30 s, and the output window length for predicted temperatures is set to 10 s. Its structural
hyper-parameters are summarized in Table 3.

Table 3. Structural hyper-parameters of the temperature prediction neural network.

Layer Parameters
1D-CNN Layer Kernel size: 3; input channels: 2; output channels: 8
ReLU Layer None
LSTM Layer Input size: 8; hidden size: 16
FC Layer Input features: 16; output features: 100

To train and test the CNN-LSTM temperature prediction neural network, we adjusted
the modeling parameters of the heat source power and established three different scenarios,
generating three transient temperature sequence datasets for the laser chip with a duration
of 86,400 s each dataset. The parameter settings for these three scenarios are summarized
in Table 4. The datasets were partitioned into training, validation, and test sets at a ratio of
8:1:1, and the hyper-parameters employed during the neural network training are listed in
Table 5. In addition to the three LPTM datasets, we have also generated an independent
transient temperature dataset with COMSOL Multiphysics for the same optical interconnect
module and used it to further test the performance of the proposed temperature prediction
neural network. The heat source power of this COMSOL dataset was modeled with the
parameters of Scenario 1 in Table 4.

Table 4. Modeling parameters of the heat source power under different scenarios.

Parameter t; (s) t, (s) ", u,
Scenario 1 120 120 1.0 0.1
Scenario 2 100 140 1.0 0.1
Scenario 3 140 100 1.0 0.1

Table 5. Training hyper-parameters of the temperature prediction neural network.

Parameter Value
Batch size 256
Learning rate 0.001
Weight decay 0.0001
Epoch 20
Attenuation factor « 0.1
Optimizer AdamW

The trained temperature prediction neural network was first tested on three LPTM
testsets. The complete predicted temperature sequence is obtained by concatenating the
individual output sequences. We compared the ground-truth temperature sequence with
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the predicted temperature sequence for each scenario, and the comparison results are
illustrated in Figure 11. The MAE and RMSE between the ground-truth and predicted
temperature sequences under each scenario are presented in Figure 12.
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Figure 11. Comparison between the ground-truth and predicted temperature sequences under
different scenarios. (a) Scenario 1; (b) Scenario 2; (c) Scenario 3.
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Figure 12. Temperature prediction errors under different scenarios.

As illustrated in the figures, the temperature sequences predicted by the proposed
CNN-LSTM neural network show high agreement with the ground-truth temperature
sequences. Moreover, across different scenarios, the MAE and RMSE between the predicted
and ground-truth temperature sequences average only 0.36 °C and 1.43 °C, respectively.
The RMSE is dominated by the state transition intervals, which cannot be predicted from
the network input. In the steady intervals, which contain no state transition, the proposed
temperature prediction neural network achieves a high prediction accuracy, with an MAE
of 0.065 °C and an RMSE of 0.198 °C. These results clearly demonstrate that the proposed
CNN-LSTM neural network achieves highly accurate temperature prediction, confirming
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the accuracy of this architecture for real-time transient temperature prediction in optical
interconnect modules.

Subsequently, the trained temperature prediction neural network was further tested
on the COMSOL transient temperature dataset. We also compared the ground-truth tem-
perature sequence with the predicted temperature sequence, and the comparison results
are illustrated in Figure 13. The predicted temperature sequence is in close agreement with
the ground truth temperature sequence, with an MAE of 0.34 °C and an RMSE of 0.78 °C,
which is close to the results obtained on LPTM testsets, where the average MAE is 0.36 °C
and the average RMSE is 1.43 °C. These results further verify the accuracy of the proposed
temperature prediction network in an independent temperature prediction task.

D
o

)
a o
o o
| 1

Temperature (°C
'
[4)]
1

——Ground Truth
— = -Predicted Temperature
T

T T T T T T T T
0 100 200 300 400 500 600 700 800 900 1000
Time (s)

Figure 13. Comparison between the ground-truth and predicted temperature sequences of
COMSOL dataset.

5. Discussion

In this section, the robustness of the proposed temperature prediction neural network
was examined with two additional experiments. In the first one the temperature sequence
of the input was perturbed by additive Gaussian noise, which represents the sensor noise
of a module monitor, and three levels were compared, the original dataset and standard
deviations of 0.10 and 0.20 °C. In the second one the state sequence was shifted in time
with respect to the temperature sequence to simulate a misalignment of the load state
estimation, with five conditions, the aligned case and shifts of +0.2's, —0.2 s, +0.5 s and
—0.5 s. The results are shown in Figures 14 and 15. Under the sensor noise the overall
MAE increases from 0.360 °C to 0.412 and 0.498 °C, while under the temporal shifts it
varies only between 0.349 and 0.371 °C, which is within about 3% of the aligned value.
The temperature prediction neural network is therefore strongly robust to both the sensor
noise of the temperature sequence and the misalignment of the load state sequence.
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Figure 14. Temperature prediction errors under different sensor noise levels.
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Figure 15. Temperature prediction errors under different misalignments of the state sequence.

6. Conclusions

To improve the thermal management of optical interconnect modules, we propose a
high-precision, low-complexity LPTM method. Building upon the LPTM, a CNN-LSTM
neural network architecture is further proposed for temperature prediction in optical inter-
connect modules. By applying the LPTM to heat conduction analysis, the complex system
is simplified into a node network, significantly reducing computational complexity while
maintaining essential thermal characteristics to ensure accurate analysis. The accuracy
of the LPTM is validated by comparing its transient temperature simulation results with
those from COMSOL simulations. Furthermore, a hybrid CNN-LSTM neural network
combining CNN and LSTM architectures is developed. The LPTM is leveraged to generate
high-quality, large-scale transient temperature datasets, enabling efficient training and rapid
deployment of the neural network. The proposed CNN-LSTM neural network achieves an
MAE of 0.34 °C and an RMSE of 0.78 °C on the independent testset generated by COMSOL
Multiphysics, which demonstrates its effectiveness and accuracy in temperature prediction
for optical interconnect modules. The LPTM facilitates rapid heat conduction analysis for
future complex optical interconnect modules, and its capacity for large-scale data generation
provides a theoretical foundation and dataset support for designing and optimizing thermal
management algorithms. Meanwhile, the real-time prediction capability of the neural net-
work offers vital model support for thermal management and resource allocation in optical
interconnect modules. In summary, the proposed low-complexity, high-precision LPTM and
CNN-LSTM prediction architecture improve thermal management technologies for next-
generation optical interconnect modules, ultimately driving performance enhancements
and technological evolution in data center optical interconnects.
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