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Abstract

Traditional fragility curves and classical machine learning models, such as random forests, are
limited in predicting maximum structural responses at the individual building level due to weak
correlations between structural parameters and seismic record characteristics. Although long short-
term memory (LSTM) models demonstrate strong predictive capabilities, they remain computa-
tionally demanding. To address this, the study evaluates pure LSTM and Bi-LSTM models, LSTM
variants augmented with Matrix Product State (MPS) or Tensor Train structures (MPS-LSTM),
and a hybrid CNN-QLSTM-LSTM architecture that combines CNN-based local feature extrac-
tion, quantum LSTM (QLSTM) gating for enhanced feature encoding, and classical temporal
modeling, all aimed at improving efficiency and feature expressivity for structural response pre-
diction. The MPS functions not only as an effective feature compressor but also as a nonlinear
entangling pre-processor that reorganizes and strengthens feature correlations. Event-based se-
quences with LSTM memory reset ensure physically consistent learning within individual records.
Seismic datasets are carefully preprocessed into non-overlapping event-based sequences, with each
LSTM sequence reset to avoid temporal leakage across records. Zero-padding is applied only with
proper masking, ensuring that non-physical timesteps are excluded from loss computation. The
models employ a sequence-to-sequence prediction strategy rather than a sequence-to-one setup,
allowing the network to capture the full temporal evolution of structural responses. Unlike prior
autoregressive approaches, the proposed models do not require historical response data yet achieve
accurate predictions. A comprehensive evaluation of all solutions was conducted, and model se-
lection was guided by statistical metrics such as test RMSE, R?, and SMAPE through compar-
ison of predictions against the ground truth. Our findings indicate that Bi-LSTM, MPS-LSTM,
and CNN-QLSTM-LSTM architectures all yield strong models. However, their selection involves
trade-offs when considering the previously discussed metrics as well as energy consumption, which
is closely tied to the total number of trainable parameters. The results confirm that classical
models like Bi-LSTM and quantum-inspired methods such as MPS-LSTM can be reliably trained
on modern GPU hardware. Additionally, the hybrid CNN-QLSTM-LSTM model demonstrates
that classical-quantum integration is practical for seismic regression tasks using today’s hybrid
computing systems. In the long term, fully quantum implementations may further accelerate both
training and prediction, enabling scalable and accurate seismic vulnerability assessment for indi-

vidual buildings.
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I. INTRODUCTION

Long Short-Term Memory (LSTM) networks, a type of recurrent neural network (RNN)
introduced by Hochreiter and Schmidhuber in 1997 [I], have demonstrated remarkable ca-
pability in modeling nonlinear temporal dependencies across diverse domains of time-series
data. In the financial sector, LSTMs have been widely applied for stock price forecasting,
volatility modeling, and algorithmic trading, achieving superior performance compared to
traditional autoregressive and feedforward models due to their ability to capture long-range
dependencies and noise patterns in market sequences [2]. In the seismic and structural
engineering domain, LSTM-based architectures have been explored to approximate the non-
linear dynamics of structural systems and reduce computational complexity in model order
reduction [3]. This research integrates autoencoder and LSTM networks to construct a
data-driven reduced-order model capable of capturing the essential dynamics of nonlinear
structural responses under seismic excitations, achieving promising accuracy yet at signifi-
cant computational cost. More recently, Chien et al. extended the concept of LSTM into the
quantum domain by proposing a hybrid Quantum LSTM (QLSTM) model that combines
classical recurrent processing with variational quantum circuits to enhance feature entan-
glement and learning efficiency, demonstrating the method’s potential in high-dimensional
signal processing tasks such as indoor localization [4]. These applications highlight the versa-
tility and robustness of LSTM architectures in handling temporal correlations and dynamic

dependencies across various scientific and engineering disciplines.

One potential bridge between classical deep learning and quantum-inspired computation
is tensor networks, such as the Matrix Product State (MPS), also known as the Ten-
sor Train (TT) decomposition in applied mathematics. Originally developed in quantum
physics to efficiently represent high-dimensional quantum states, MPS has gained attention
in machine learning as a powerful tool for reducing model complexity while preserving es-
sential information. In particular, integrating MPS with deep learning architectures, such
as Long Short-Term Memory (LSTM) networks, offers a novel approach to enhancing
computational efficiency and scalability. Rose Yu et al. introduced Tensor-Train RNNs and
Higher-Order Tensor RNNs for long-term forecasting, using tensor-train decomposition to
model higher-order dynamics efficiently and achieve improved long-horizon predictions [5].

More recently, Moore et al. proposed MPSTime, a matrix-product-state-based framework
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that captures complex temporal correlations for time-series tasks such as classification and
imputation, offering both efficiency and interpretability [6].

In this study, we carefully process millions of rows of raw feature data. To enforce physical
consistency, time-series segmentation is performed separately within each (AnalysisNo, Fra-
meName, EQ_Record Name) group, ensuring that no sequence spans across different build-
ings or earthquake input histories. We employ the BLOCK windowing technique to construct
non-overlapping windows of 120 time steps, strictly bounded within individual records. The
study compares LSTM, Bi-LSTM, MPS-LSTM, and a hybrid CNN-QLSTM-LSTM model
that fuses convolutional, quantum, and classical recurrent layers to enhance efficiency and
feature expressivity. The insights gained from this work contribute to the ongoing develop-
ment of computationally efficient and scalable machine learning frameworks, with potential

applications in both classical and emerging quantum machine learning paradigms.

II. DATA PRE-PROCESSING

A. Data Preparation and Physically Consistent Sequence Modeling

In this study, we place strong emphasis on developing a physically consistent data pre-
processing and sequence modeling framework to ensure that the learning process adheres to
the fundamental characteristics of seismic structural responses. In contrast to previous stud-
ies that incorporated one-step or two-step future response values into their model inputs,
thereby introducing the risk of temporal information leakage [7], the present study refrains
from using any target displacement, velocity, or acceleration data as predictive features.
Instead, the model relies exclusively on measured sensor responses and derived structural
parameters that are physically observable or computable at the current and past timesteps.
This ensures that the predictive framework maintains causal validity and remains fully de-

ployable for real-time inference.

B. Event-wise Data Integrity and Non-overlapping Sequence Construction

Each input sequence represents a complete structural response history under a distinct

earthquake excitation. From a physics standpoint, such sequences are mutually independent,



as they correspond to different ground motion records and structural configurations. To pre-
vent the model from inferring spurious temporal continuity across unrelated seismic events,
we enforce strict grouping based on event identifiers, defined by the combination of Anal-
ysisNo, FrameName, EQ_Record Name. No data window crosses these event boundaries,
ensuring that the LSTM memory state is reset at the start of each independent sequence,
consistent with the physical constraint that structural hysteresis and damage accumulation
are event-specific. This approach eliminates the possibility of inter-event information leak-
age, a common pitfall in time-series learning for seismic data. Furthermore, no overlapping
windows are used during training. Furthermore, our non-overlapping segmentation preserves
the authenticity of each response segment and maintains one-to-one correspondence between

data samples and physical events.

C. Marking and Masking Strategy for Sequence Padding

Because the lengths of seismic response records vary across events, we adopt zero-padding
with explicit masking to standardize input dimensions for batch processing. Zero-padding
introduces artificial timesteps with no physical meaning; therefore, a sequence mask is ap-
plied throughout training and validation so that padded entries are completely excluded
from the loss computation and gradient propagation. This ensures that the model learns
only from physically valid timesteps. The mask mechanism is integrated in both training and
validation functions, guaranteeing consistent handling of variable-length sequences across all

stages.

D. Sequence-to-Sequence Prediction Framework

The proposed network adopts a sequence-to-sequence (Seq2Seq) LSTM architecture,
which outputs predicted responses at every timestep of an input sequence. This differs from
the conventional sequence-to-one formulation that commonly used in earlier studies—which

predicts only the final or next-step value. The Seq2Seq design offers two main advantages:

e [t allows the model to capture evolving temporal dependencies over the entire dynamic

response, particularly important in nonlinear or damage-sensitive regimes.



e [t provides fine-grained timestep-level predictions, enabling detailed comparison with
recorded ground-truth displacement histories and facilitating interpretability of the

temporal evolution of errors.

III. LONG-SHORT TERM MEMORY NETWORKS

A time series refers to a collection of data points arranged chronologically, depicting the
evolution of a particular metric over time. There are few examples can be easily seen in our
daily life such as stock prices over days/months/years, traffic volume on roads, highways, or
public transportation systems varies throughout the day, week, and year, recording sensor
data consistently over time, and etc. What distinguishes time series data is its capacity
to utilize historical data to forecast future trends. LSTM represents a type of recurrent
neural network (RNN) designed to grasp order dependencies inherent in sequence prediction
tasks [8]. Its proficiency in retaining past information renders it particularly effective in
forecasting stock prices. This efficacy stems from the fact that predicting future stock
prices inherently relies on understanding and incorporating patterns from previous price
movements. LSTM networks are specifically engineered to address the challenge of long-
term dependencies encountered in traditional RNNs, which often suffer from the vanishing
gradient problem. An LSTM unit maintains a cell state, which represents the network’s
current long-term memory and captures information from previous time steps. At each
time step, the LSTM also receives the previous hidden state, which serves as a contextual
input, and the current input data from the sequence. Each LSTM unit comprises four

gates/components, each with a distinct function:

e Forget Gate: Determines which portions of the long-term memory are to be dis-
regarded, considering inputs from the previous hidden state and the current input

data.

e Input Gate: Utilizes a sigmoid activation function to identify relevant components

of new information to retain.

e Update Gate: Generates candidate values to modify the cell state; these values are

filtered by the input gate before being added.
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e Output Gate: Generates a new hidden state by amalgamating the updated cell state,

the previous hidden state, and the new input data.

In summary, LSTMs differ from traditional feedforward neural networks because of their
feedback connections. This characteristic allows LSTMs to analyze entire sequences of data,
such as time series, by preserving relevant information about preceding data points. Instead
of treating each point in the sequence in isolation, LSTMs leverage past data to aid in pro-
cessing new data points. Consequently, LSTMs excel at handling sequential data types like
text, speech, and general time series, as they can effectively capture and utilize dependen-
cies between successive elements in the sequence. This architecture of LSTM is depicted in
Figure 1(a). Figure 1(b) illustrates the quantum LSTM (QLSTM). In this formulation, the
inputs to the o functions in equations (la)-(1c) and (le) are replaced by VQC, — VQCs,
and VQCy, respectively. Meanwhile, the outputs on the right-hand side of equations (1f)
and (1g) serve as the inputs to VQC5 and VQCs.
The functionality of LSTM node is based on Eq(1) below:

Je=o0W;s - [hr, 2] + by) (1a)
iy = (Wi - [he—y, m) + b;) (1b)
Cy = tanh(We - [hy_1, x1] + be) (1c)
Cy = fy % Cor_y +iy % C, (1d)
0y = 0(Wo -+ [hi—1, 4] + Do) (1e)
he = o, * tanh(C}) (1f)
g = 0y % tanh(Cy) (1g)

where x; is the input data at time t, y; is the output, h; is the hidden state, C is
the cell state. ¢ and tanh blocks denotes the sigmoid and hyperbolic tangent activation
function, respectively. Note that ® and @ represent point-wise multiplication and addition,
respectively. The sigmoid function plays a crucial role in the forget gate layer of an LSTM.
By restricting outputs to the range of [0, 1], it signifies the extent to which information should
be discarded (0) or retained (1) from the previous cell state. The forget gate examines h;_;
and x; and produces a value between 0 and 1 for each element in the cell state C;. The

subsequent step involves determining the new information to be incorporated into the cell
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(b) Schematic of the QLSTM node.

FIG. 1: Internal structure illustration for both LSTM and QLSTM
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state. This process consists of two interconnected parts in which the sigmoid gate layer
determines precisely what modifications to make within a range of 0 to 1 and the tanh gate
layer generates candidate values that could potentially be added to the cell state within
a range of -1 to +1. Afterward, the cell state undergoes an update using the information
obtained from the preceding two processes. In this updating processes, the incoming cell
state C;_1 is adjusted to incorporate the decisions made by the forget gate and the input
gate layers. This adjustment involves point-wise multiplication and addition operations.As
seen in equation (1d), f; is used for point-wise multiplication with C;_; to forget information
from the context vector, while 7; * 6,5 represents new candidate values scaled by the extent
to which they need to be updated. Ultimately, the process moves to the output state, where
the sigmoid function determines which portion requires modification. This decision is then
multiplied with the output obtained after the tanh that is used for scaling, resulting in

hidden state output. A copy of h;, denoted as 1, serves as the predicted value.

IV. MATRIX PRODUCT STATE

Tensor Networks (TNs) are sparse data structures initially designed to efficiently simulate
complex quantum systems in condensed matter, quantum chemistry, statistical mechanics
and etc [9HII]. Conventional AI models are frequently perceived as ”black box” tools,
whereas TNs generative models offer a ”white box” approach [I2]. These models not only
achieve performance comparable to the best available models but also provide unparalleled
interpretability. MPS is a specific type of tensor network in which a high-order tensor
is decomposed into a chain of low-order tensors connected sequentially. The MPS sets a
new standard for transparency by providing clear, interpretable probabilities through its
functions and tensors, rather than opaque weights. This advancement is crucial for tasks
requiring a high level of trust and comprehension in Al decision-making, particularly in
fields like finance, healthcare, and law. Recently, Stoudenmire and Schwab adapted ten-
sor networks to supervised learning tasks, utilizing MPS to parameterize models for image
classification. Their approach achieved impressive results, with less than 1% test set clas-
sification error [I3]. There’s also been a performance comparison between classical TNs
and quantum approaches for image processing. Araz and Spannowsky concluded that clas-

sical TNs require exponentially large bond dimensions and higher Hilbert-space mapping to
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perform comparably to their quantum counterparts. As dimensionality increases, classical
TNs lead to a highly flat loss landscape, making the usage of gradient-based optimization
methods challenging. They further investigated using Fisher information and effective di-
mensions, finding that classical TNs require a more extensive training sample to represent
data as efficiently as TN-inspired quantum circuits [I4]. Conversely, Laskaris et al. found
that variational quantum circuits (VQC) approaches demonstrate advantages in terms of
speed and accuracy when dealing with data characterized by a small number of features.
However, for high-dimensional data, tensor networks surpass VQC in overall classification
accuracy [I5]. In addition to their application in computer vision, Jahromi and Orus have
integrated TNs into neural networks (NN) to address scaling issues when NN dealing with a
large number of neurons, which can limit the accessible number of layers [16]. Their study
revealed a scalable tensor neural network (TNN) architecture capable of efficient training
with a large number of neurons and layers. Their research demonstrates that TNNs can per-
form efficiently and accurately across various machine learning tasks. The inspiring research
mentioned above has motivated us to incorporate MPS into LSTM networks to explore the
feasibility of this fusion method for regression prediction. However, it’s worth noting that
there are numerous other tensor network architectures designed to address various types
of problems. One well-known class is projected entangled pair states (PEPS), which rep-
resent a generalization of MPS to higher spatial dimensions [I7, [18]. Another prominent
and extensively utilized tensor network type is the multi-scale entanglement renormalization
ansatz (MERA), constructed through successive coarse-graining applications [19]. Unlike
MPS, MERA is capable of modeling critical behavior in one dimension and capturing the
resultant power law decay of correlations. A variation of MERA is the tree tensor network

(TTN), which lacks the unitary disentangler operations present in MERA [20)].

V. INPUT DATA ENCODING

TN offer a means of exponentially compressing the state space, while still retaining ac-
cessibility to all pertinent physical features. Suppose X represents an input vector that
undergoes transformation into a higher-dimensional space via a feature map ® (X) before

being evaluated by a decision function
f(X)=W-2(X). (2)
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where the feature vector ® (X) and W can be exponentially large or even infinite. An
established method for handling such large vectors is the widely recognized kernel trick that
only requires working with scalar products of feature vectors, letting these vectors to be
defined only implicitly [21]. Indeed, many successful applications of MPS or tensor train
decomposition (see Figure 2) have been in quantum physics, where combining /N independent
systems requires taking the tensor product of their individual state vectors. By representing
the weights W of Equation (2) as a MPS, we can efficiently optimize these weights and
dynamically adjust their quantity by locally modifying a few tensors at a time. This process
bears a striking resemblance to the density matrix renormalization group algorithm employed
in physics. With the objective of leveraging similar TN concepts in machine learning, we

opt for a feature map of the following structure:
PN (X) = ¢ (21) ® 97 (22) @ - - 0™ (a) (3)

The tensor @525V represents the tensor product of the same local feature map ¢** (),
where the indices s; range from 1 to d, where d being the local dimension. Consequently,
each z; is mapped to a d-dimensional vector, which must be ensured it has unit norm. This
condition implies that each ¢ (z) also has unit norm.The complete feature map ¢ (z) can be
deemed as a vector in a d"-dimensional space or as an order-N tensor. The structure of
¢ (z) is illustrated in Figure 2b. Such a tensor is termed as rank-1 since it clearly emerges
as the product of N order-1 tensors. From the physics point of view, ¢ (z) exhibits the
same structure as a product state or unentangled wave function. While MPS are most
effective for describing one-dimensional systems, their versatility allows them to be applied
to higher-dimensional systems as well.

Our research involves processing a dataset consisting of 120 time-steps and F features,
resulting in a total of N=120F inputs. Each element within this vector is encoded into
a 2V-dimensional vector space which means d = 2 in this study. Notably, every element
undergoes encoding into its unique two-dimensional space via a local feature map. There

are two potential options for this local feature map. The first is
O°F (23,) = [cos (gxk> ,sin (gxk> ,} (4)

where ¢°* is the normalized wavefunction of a single qubit that can be conceptualized as

representing spin up and down states within a quantum system. Another feature map that
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denotes summation. ranked-1 product structure.

FIG. 2: Graphical tensor description for Matrix Product State.

has the same properties can be written as

¢ (1) = [1 — z, 7% (5)

The entire dataset of size N is represented as the tensor product of these individual local
vectors. We may refer to this object as a " data tensor” or ”data state” [22]. The MPS tensor
network represents yet another type of vector within the seismic data space, comprising
2N components. Each component within the MPS can be expressed as the product of N

matrices. Thus, an MPS decomposition of the weight tensor W has the form

Wanporan = 3 ATLAT L ATES L ATY-1 (6)
{a}

The ranges of each of the ay indices, termed as bond dimensions, serve as hyperparameters
for the model. These bond dimensions dictate the sizes of the tensors. The elements of the
tensors act as variational parameters or weights, which are fixed through training. There
exists some redundancy in these parameters, referred to as gauge freedom, but we will not
delve into that aspect here [23]. In typical physics applications, the MPS bond dimension
m can vary from 10 to 10,000 or even higher. For the most complex physics systems,
it’s desirable to allow for as large a bond dimension as possible because a larger dimension

typically translates to higher accuracy. However, when employing MPS in a machine learning
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context, the bond dimension directly influences the number of model parameters. Unlike
in physics, opting for an excessively large bond dimension might not be advantageous as it
could result in over-fitting.

The dataset contains a total of 44 features. After examining its characteristics through
covariance matrix analysis, SHAP analysis and preliminary study, we removed date-related
features such as Lstd, Hn, Hnmax, and others, as highlighted in Table I in bold. In total,

19 features were used.
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FIG. 3: Examples of VQC designs.

VI. VARIATIONAL QUANTUM CIRCUITS

Variational Quantum Circuits (VQCs), also referred to as Parameterized Quantum Cir-
cuits (PQCs), are composed of tunable parameters that can be iteratively optimized. The

term variational indicates that certain parameters within the circuit are updated according
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to a predefined loss function during the optimization process. The computation of the loss
function is handled by classical computing resources, while the parameters themselves are
optimized using classical machine learning techniques, including both gradient-based and
non-gradient-based algorithms. As illustrated in Figure (3a) , the Variational Quantum Cir-
cuit (VQC) architecture consists of three main components. The first is the state encoding
module U,(x), which maps classical input data x into quantum information by preparing
qubit states suitable for quantum processing. The second is the variational module U,,
which entangles qubit states using controlled gates (e.g., CNOT) and applies parameterized
rotations (e.g. R,, R, and R,). To enhance the performance of the circuit, the option to
construct a multi-layer/multi-block structure is permitted, enabling the incorporation of ad-
ditional learning parameters. To improve circuit expressivity, this module may be extended
into a multi-layer or multi-block structure, thereby introducing additional trainable param-
eters. Its overall operation can be expressed as U,(©) = LM(gM)LM_l(gM_l) . --Ll(gl),
where M denotes the total number of layers and © = {0;, 6’; e 0;[} represents the com-
plete set of trainable parameters. The final component is the measurement module M,
which extracts expectation values from the qubit states. The circuit is executed multiple
times (known as shots) to estimate these expectations, with the Pauli-Z operator being a
common choice in quantum machine learning applications. A key advantage of VQCs is
their ability to integrate seamlessly with classical frameworks such as tensor networks and
deep neural networks [24]. This flexibility enables both pre-processing (e.g., dimensionality
reduction via circuit dressing [25]) and post-processing to achieve scaling objectives. The

overall computational process within the VQC framework can be expressed as:

f(@,0) = @ Myrer (0| U () UL (0) MU, (0)Ue () |0) , (7)

where ) denotes the qubit superposition operator, while f(z,6) epresents the output of
the VQC given inputs x and parameters 6. The set M corresponds to the quantum mea-
surement bases in the VQC, with its cardinality bounded above by the number of qubits.
The operation of the VQC employed in this work is given as m = <<Zl> R <Zq>)
, where <Zk> = <0 ‘UJ(X)UJ(Q)ZkUU(@)Ue(X)‘ 0> and ¢ represents the total number of
qubits measured in the system. The expectation values <Zk> can be computed analytically
when the circuit is simulated classically. During simulation, the quantum circuit parameters

are updated at each training epoch, with the optimizer guiding the parameter search toward
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FIG. 4: Results for 3-layer LSTM with 192 hidden size. Subfigures (a), (c), and (e) show
the RMSE values for 36 input features with dropout rates of 0.0, 0.25, and 0.30,
respectively. Subfigures (b), (d), and (f) present the prediction results compared against
the ground truth.

optimal values that align with the target outputs.

VII. RESULT DISCUSSION

The dataset employed in this study was provided by the authors, as referenced in [26].
The complete set of features is listed in Table 1. As previously explained, the dataset was con-

structed to ensure reliability by enforcing event-wise data integrity, adopting non-overlapping
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FIG. 5: Results for 3-layer LSTM with 192 hidden size. Subfigures (a), (c), and (e) show
the RMSE values for 19 input features with dropout rates of 0.0, 0.25, and 0.30,
respectively. Subfigures (b), (d), and (f) present the prediction results compared against
the ground truth.

sequence construction, and guaranteeing that no causal or material continuity exists between
distinct seismic events. This design supports sequence-to-sequence prediction while avoiding
physically invalid outcomes for the trained model. The dataset is systematically organized
using unique identifiers, specifically the combination of AnalysisNo, Frame_Name, and
EQ _Record_Name, ensuring that each group corresponds to a single, self-contained dy-

namic experiment. From an initial pool of over one million records, approximately 100K
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FIG. 6: Results for the 3-layer Bi-LSTM model with a hidden size of 192. Subfigure (a)
reports the RMSE obtained using 36 input features with a dropout rate of 0.25. Subfigures
(c) and (e) show RMSE results with 19 input features, using dropout rates of 0.25 and
0.24, respectively. Subfigures (b), (d), and (f) illustrate the corresponding prediction

outputs compared against the ground truth.

rows were selected to form the working dataset. Based on these, 842 sequences were con-
structed, with 589 used for training, 168 for validation, and the remainder for testing,
resulting in a 70 : 20 : 10 distribution in this study. It should be noted that the entire train-
ing process was implemented in PyTorch, applying the min-max normalization, utilizing the

AdamW optimizer with a learning rate of 0.001, batch size of 4, weight decay of 0.0001,
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FIG. 7: Results for the MPS + 2-layer LSTM model with hidden size 192, dropout rate
0.20, bond size 9, and 19 input features. Subfigures (a)—(d) present prediction outputs
compared with the ground truth for MPS output features of 10, 12, 14, and 16,

respectively.

and a CosineAnnealingLR scheduler that further smooths optimization dynamics over long
epochs, improving convergence robustness. Note that for the inference process, we employed
the model that achieved the lowest validation RMSE, as saved during the 200-epoch train-
ing. It is to emphasis that the solution uses LSTM as the core for regression, with memory
reset at each event. Since episodes are independent sequences, hidden states are cleared

at sequence boundaries to prevent carryover across events. During early experimentation,
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FIG. 8: Results for the MPS + 2-layer LSTM model with hidden size 192, dropout rate
0.20, 19 input features and 14 output features. Subfigures (a)—(d) show prediction outputs
compared with the ground truth for MPS bond sizes of 6, 8, 10, and 12, respectively.

occasional RMSE spikes were observed at random batches. These were traced to ”context
switching” between distinct structural-seismic regimes when the model attempted to process

unrelated event sequences within the same batch.

A. Train a purely classical LSTM model

In this section, we examine the expressivity of the classical LSTM model using all features

that are not directly related to the target variables, such as ADE_frame_disp_-max_sofar_-m, ADE_frame._

20



-
s
— 1 U —
1(a) Train RMSE £E 4 ()
1.0 sl RMSE EE o004
m L=
0.8 1 B3 0021
w a ﬁ
] i =
z 0.6 £ 0.00 1
0.4 Lf:
oﬁ -0.02 1
0.2 i ] round Truth
E4 —0.04 1 rediction
0.0 T T T T T E T T T T T
0 50 100 150 200 600 700 800 a00 1000
E_ 004
08 - — 1 D -~ . '
( Train RMSE £ .E. (d)
—— Val RMSE e
S 0021
28 '
w o ﬁ
n ®s> 0.00
Z €%
N
'Eﬁ —0.02 1
i.‘% —— |Ground Truth
EE —0.04 - —— Prediction
T T T T T E T T T T T
0 50 100 150 200 600 700 800 900 1000
t
—— Train RMSE 2=
e £ 04 (F
154 (@ Vsl RMSE 5: 0.04 1 (f)
3g
22 (.02
AT
W0 - 29
s = 0.00 7
& £t
N
0.5 1 W 55 —0.02
i < = |Ground Truth
Ex _0.04 1 ——— Prediction
T T T T T E T T T T T
0 50 100 150 200 600 700 800 900 1000

FIG. 9: Results obtained with TorchQuantum for the CNN (32 channels) combined with a
3-layer QLSTM and a 2-layer LSTM (hidden size 96, 5 qubits, 19 input features).
Subfigures (a), (c), and (e) present RMSE results with dropout rates of 0.00, 0.10, and
0.20, respectively. Subfigures (b), (d), and (f) show the corresponding prediction outputs

compared against the ground truth.

and ADE_frame_lsteps_back_disp_m. As shown in Figure (4), the training and validation
normalized loss curves in seismic modeling often exhibit noisy fluctuations. These insta-
bilities reflect the transition between batches representing different physical events whose
response characteristics vary substantially, resulting in nonuniform gradient dynamics dur-

ing training. Nevertheless, no overfitting or underfitting conditions are observed. Referring
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FIG. 10: Results obtained using TorchQuantum for the CNN (32 channels) + 3-layer
QLSTM + 2-layer LSTM model with hidden size 96, dropout rate 0.10, and 19 input
features. Subfigures (a)—(d) display prediction outputs compared with the ground truth for
qubit counts of 4, 5, 6, and 7, respectively.

to Table II, the real test RMSE values converge to 0.057, 0.0052, and 0.0057 for dropout
rates of 0.00, 0.25, and 0.30, respectively. All three configurations yield weak predictions
within the testing range of 650-700. Among them, the model with a dropout rate of 0.25
performs best when evaluated using RMSE and R? metrics. With the number of features
reduced to 19, as shown in Figure (5), the RMSE curves become more stable after ap-

proximately 160 epochs. A clear comparison between predicted values and ground truth
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FIG. 11: Results obtained with TorchQuantum for the CNN (32 channels) combined with
a 3-layer QLSTM and a 2-layer LSTM (hidden size 96, 5 qubits, dropout rate 0.10, 19
input features). Subfigures (a)—(d) show prediction outputs compared against the ground

truth for different VQC architecture designs.

indicates that Figure (5d), corresponding to a dropout rate of 0.25, provides the best match.
The associated lowest real test RMSE and R? values are 0.0048 and 0.9387, respectively.
We further investigate a model trained using a variant of LSTM, namely the bidirectional
LSTM (Bi-LSTM). This architecture consists of a forward module that reads the sequence
from start to end and a backward module that reads the sequence from end to start. The

outputs from both directions are combined to form the final representation at each time
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FIG. 12: Results for the CNN (32 channels) combined with a 3-layer QLSTM and a 2-layer
LSTM (hidden size 96, 5 qubits, dropout rate 0.10, 19 input features). Subfigures (a) and
(c) present results obtained without entanglement. The figures compare prediction outputs

against the ground truth using Pennylane and Qrisp.

step, thereby enhancing the expressivity of the trained model. As depicted in Figure (6),
although the normalized RMSE curves exhibit several peaks, they show fewer fluctuations
compared to the standard LSTM. With 36 features, as given in Figure (6b), the Bi-LSTM
does not outperform the model trained with a selected set of 16 input features, regardless
of whether the dropout rate is 0.24 or 0.25. According to Table II, the smallest real test
RMSE values are 0.0069, 0.0031, and 0.0028, while the corresponding R? values are 0.08739

24



and 0.9750. These results indicate that the model with 16 input features and a dropout rate
of 0.24 provides the most accurate prediction. However, implementing Bi-LSTM comes at
the cost of increased energy consumption, as the total number of trainable parameters in

this model is approximately 2.8 times greater than that of a standard LSTM.

B. Hybrid Modeling: MPS-Enhanced Classical LSTM

Tensor networks offer a structured way to represent and process multi-dimensional data,
enabling more efficient learning algorithms. By incorporating MPS into LSTM that capable
of compressing high-dimensional inputs into efficient tensor representations, reducing pa-
rameters while enhancing expressivity. Thus, this hybrid model is particularly valuable in
domains like seismic modeling, where large feature sets must be processed without sacrific-
ing accuracy. In this model, additional hyper-parameters are introduced, namely the bond
dimension and the number of output features. The bond dimension refers to the size of
the index connecting neighboring tensors in the chain, governing the trade-off between com-
pression efficiency and expressive power. The output features correspond to the contracted
tensor (or the final site in the chain) that produces a compressed feature vector. We first
fix the bond dimension at 9 and vary the output features to 10, 12, 14, and 16. As shown in
Figure (7), compressing the features to 10 results in a substantial loss of useful information,
hindering the training of a robust model. When the number of output features exceeds 12,
the predicted values align more closely with the ground truth. However, it is difficult to
determine the best choice among 12, 14, and 16 output features. Referring to Table II, the
configuration with 16 output features achieves the lowest test RMSE (0.0031) and the high-
est R? (0.9747). Interestingly, the case with 14 output features performs worse than that
with 12, based on these two metrics. Therefore, increasing the number of output features
does not necessarily lead to a more accurate model in this hybrid architecture. Compared
to a model that relies solely on the classical LSTM architecture, the MPS-LSTM hybrid
significantly reduces the number of trainable parameters. For example, the model in Figure
(5) requires 769,729 parameters, whereas the hybrid model with 16 output features requires
only 482,705 parameters, representing a savings of approximately 38% in computational
resources.

The following study examines the impact of bond dimension while keeping the output
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features fixed at 14. As shown in Figure (8), varying the bond dimension from 6 to 12 yields
predictions that align well with the ground truth, with the case of bond dimension 12 nearly
overlapping the blue reference line. However, Table II reveals a different perspective: the
model with bond dimension 8 offers slight advantages in terms of R? and SMAPE. In addi-
tion, the bond dimension 8 configuration requires 466,059 trainable parameters, compared
to 494,871 for bond dimension 10, thereby reducing the parameter count by 28 812. Taken
together, these results indicate that the model with bond dimension 8 provides the most

efficient and accurate choice.

C. Hybrid Architecture: CNN-QLSTM-LSTM Integration

This architecture employs a CNN to extract local temporal features while reducing se-
quence length. In contrast, the QLSTM block processes a compressed global representation
through quantum gates, enabling richer feature encoding. Finally, the classical Bi-LSTM
integrates the CNN-derived features with quantum outputs across time to perform sequen-
tial prediction. In summary, the hybrid design combines CNN for locality, QLSTM for
quantum-enhanced global encoding, and Bi-LSTM for temporal dynamics, yielding a prin-
cipled framework for time-series and sequential tasks where both fine-grained detail and
global structure are essential.

In Figure (9), we examine the effect of dropout rate on the normalized training and
validation RMSE. A dropout rate of 0.20 acts as a regularizer, mitigating overfitting to
noise or spurious patterns. Consequently, the RMSE curve exhibits reduced variance across
epochs, appearing smoother with fewer sharp peaks or fluctuations. However, this does not
necessarily yield lower RMSE values, as shown in Figure (9¢), where the RMSE is noticeably
higher than in Figures (9a) and (9¢). In terms of predictive accuracy, a dropout rate of 0.10
produces results that align more closely with the ground truth. The corresponding R? values
for dropout rates of 0.0, 0.10, and 0.20 under the 32-channel CNN, Bi-LSTM, and 5-qubit
QLSTM (forget, update, input, and output gates use Figure 3(b) design) configuration
are 0.8933, 0.9487, and 0.7491, respectively. These findings indicate that a dropout rate
of 0.10 is the most suitable choice for this system. The subsequent stage investigates the
appropriate number of qubits for the hybrid model. Figure (10) illustrates results for qubit

counts of 4, 5, 6, and 7, showing that 5 qubits are sufficient to train a robust regression
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model. Nonetheless, across all cases, predictions in the range of 650-700 do not fully align
with the ground truth. With 5 qubits, the hybrid model achieves a test RMSE of 0.0044

and R?=0.9487, representing the best performance among the tested configurations.

D. VQC Architectures and Quantum Frameworks in CNN-QLSTM-LSTM

In Figure (11), we compare different ansatz designs for the VQC within the QLSTM. Fig-
ure (11a) employs a simple entangled circuit, as shown in Figure (3c), with three quantum
layers applied to the forget, update, input, and output gates; this configuration is referred
to as the Simple-ET architecture. In Figure (11b), the forget and output gates adopt a
more complex design involving Rx, Ry, and Rz rotations with entanglement, illustrated in
Figure (3d), and termed MIX1. Figure (11lc) exchanges the circuit assignments, applying
the design from Figure (3b) to the forget and output gates, yielding the MIX2 architecture.
Figure (11d) applies the design of Figure (3d) uniformly across all gates, requiring numer-
ous rotation operations and resulting in 120 quantum trainable parameters; this is denoted
as CPLX. Visual inspection suggests that Figures (11b) and (11d) align more closely with
the ground truth, though it is difficult to determine the superior model. Table II provides
further clarity: the (test RMSE, R?) values for Simple-ET, MIX1, and CPLX are (0.0065,
0.8891), (0.0066, 0.8852), and (0.0058, 0.9102), respectively. These results indicate that
CPLX achieves the best performance, likely due to its larger number of quantum trainable
parameters, which capture more informative correlations. Interestingly, Simple-ET, despite
having fewer parameters, outperforms both MIX1 and MIX2, suggesting that the QLSTM
design may be more efficient when paired with simpler VQC structures. The comparison be-
tween MIX1 and MIX2 further implies that a straightforward VQC design for the forget and
output gates yields better predictive accuracy. Numerous quantum frameworks have been
developed to date. In this study, we compare three frameworks applied to the same QLSTM
architecture: TorchQuantum, PennyLane, and Qrisp. Figures (12a and (12b) present mod-
els trained with PennyLane, with and without entanglement, while Figures (12c¢) and (12d)
show results obtained using Qrisp under the same conditions. Within the dataset range
of 650700, both frameworks consistently demonstrate that predictions without entangle-
ment are less accurate, and performance improves when entanglement is introduced. Table

IT further quantifies this effect: PennyLane achieves (0.0037, 0.9644) with entanglement
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and (0.0047, 0.9409) without, whereas Qrisp yields (0.0054, 0.9236) with entanglement and
(0.0045, 0.9460) without. Interestingly, Qrisp produces a model where the non-entangled
configuration outperforms the entangled one. Revisiting TorchQuantum, the non-entangled
results are (0.0044, 0.9487), indicating that across all three frameworks, performance is

broadly comparable.

VIII. CONCLUSION

In this work, we employ classical,quantum-inspired model MPS+LSTM, and hybrid clas-
sical quantum LSTM to predict the full time-history response of structures, leveraging care-
fully preprocessed and cleaned seismic datasets with non-overlapping sequences to ensure
robust training. Unlike prior approaches, our models do not require historical response data,
yet produce accurate regression predictors. These findings indicate that classical LSTM ar-
chitectures already achieve efficient training on modern GPUs, while quantum-inspired mod-
els such as MPS-LSTM further enhance representational compactness. In addition, hybrid
classical-quantum architectures like QLSTM exhibit promising potential, and future fully
quantum computing implementations may deliver additional acceleration in both training
and inference, enabling scalable and accurate seismic vulnerability assessment for individual
structures. Future possible research may consider integration of physics-informed neural
networks with QLSTM that could embed structural dynamics directly into the learning

process, improving interpretability and robustness for seismic vulnerability assessment.
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TABLE I:

Features Before Cleansing

Number Parameter Description
1 ro Column reinforcement ratio
2 fc Concrete quality (MPa)
3 fs Steel quality (MPa)
4 Lmin Minimum span length (m)
5 Lmax Maximum span length (m)
6 Lmed Median span length (m)
7 Lstd Standard deviation of span length (m)
8 Hs Ground storey height (m)
9 HsHn Ground-to-normal storey height ratio
10 Hn Nominal height of a regular storey (m)
11 Hnmax Maximum storey height in the structure
12 hmin Min. column depth in frame direction (upper floors)
13 hmax Max. column depth in frame direction (upper floors)
14 hmed Median column depth in frame direction (upper floors)
15 hstd Standard column depth (or cross-section) in the frame direction (m)
16 hgmin Min. column depth in frame direction (ground floor)
17 hgmax Max. column depth in frame direction (ground floor)
18 hgmed Median column depth in frame direction (ground floor)
19 Hb Base column depth or base width (m)
20 Vs30 Shear wave velocity of the site (m/s)
21 PGA_g Peak ground acceleration (g)
22 PGV _cmsec Peak ground velocity (cm/s)
23 Arias Arias intensity (m/s)
24 t5.75 Duration from 5-75% (s)
25 Tm Middle period(s)
26 Sa_T02_g Spectral acceleration at T = 0.2 s (g)
27 Sa_T10_g Spectral acceleration at T'= 1.0 s (g)
28 Sd_T02_cm Spectral displacement at T'= 0.2 s (cm)
29 Sd_T10_cm Spectral displacement at 7= 1.0 s (cm)
30 Acc_gal Ground acceleration (gal)
31 Acc_Avg_gal Average absolute ground acceleration (gal)
32 Acc_Slope_gal Acceleration slope (gal/s)
33 T1 Fundamental period of the structure (first-mode) (m)
34 Deff Effective lateral displacement (m)
35 MaxDr Maximum inter-storey drift ratio
36 Heff Effective height (m)
38 AnalysisNo Identifier for a specific analysis case
39 FrameName Name or ID of the structural frameName
40 EQ_Record_Name Name or ID of the earthquake ground-motion record
41 ADE _frame_disp-max_sofar_m |Max. frame displacement so far during ADE analysis (m)
42 ADE _frame_2steps_back_disp_m |Frame displacement at ¢ — 2At (m)
43 ADE._frame_lstep_back_disp-m |Frame displacement at t — At (m)
44 ADE _frame_disp-m

Targetsqfgr Frame displacement (m)




TABLE II: Performance Metrics of All Trained Models

Number of Bond Dimension, ’I‘rgx‘?rf:i)le
Input Number of Number of Parameters:
Model Features Qubits Output Features|Classical+Quantum |Dropout| RMSE|MAE| R? |SMAPE
LSTM-192-3L 36 769729 0.00 0.0057 |0.0026|0.9123| 34.2726
LSTM-192-3L 19 - - 756673 0.00 0.0055 |0.0030|0.9205| 39.9860
LSTM-192-3L 36 - - 769729 0.25 0.0052 |0.0036|0.9273| 45.8032
LSTM-192-3L 19 - - 756673 0.25 0.0048 |0.0032|0.9387| 37.9208
LSTM-192-3L 36 - - 769729 0.30 0.0057 |0.0036|0.9144 | 43.6373
LSTM-192-3L 19 - - 756673 0.30 0.0072 |0.0040|0.8611 | 48.4953
Bi-LSTM-192-3L 19 - - 2103169 0.24 0.0028 |0.0020|0.9798 | 26.7314
Bi-LSTM-192-3L 36 2129281 0.25 0.0069 |0.0045|0.8739| 49.6516
Bi-LSTM-192-3L 19 - - 2103169 0.25 0.0031 |0.0020|0.9750| 26.5607
MPS-LSTM-192-2L 19 9,10 468803 0.20 0.0124 |0.0101|0.5945 | 119.4588
MPS-LSTM-192-2L 19 - 9,12 473437 0.20 0.0041 |0.0031|0.9544 | 38.8267
MPS-LSTM-192-2L 19 - 9,14 478071 0.20 0.0052 |0.0038|0.9284 | 47.1893
MPS-LSTM-192-2L 19 - 9,16 482705 0.20 0.0031 |0.0022|0.9747| 27.7500
MPS-LSTM-192-2L 19 - 6,14 466059 0.20 0.0042 |0.0031|0.9537| 38.3935
MPS-LSTM-192-2L 19 - 8,14 466059 0.20 0.0027 |0.0021|0.9807 | 27.6690
MPS-LSTM-192-2L 19 - 10,14 483139 0.20 0.0033 |0.0024|0.9703| 31.2189
MPS-LSTM-192-2L 19 12,14 494871 0.20 0.0027 |0.0021|0.9806 | 28.1349
CNN-32-QLSTM-3L-96-Bi-LSTM-96-2L 19 4 - 406169432 0.10 0.0054 |0.0037|0.9238 | 47.2976
CNN-32-QLSTM-3L-96-Bi-LSTM-96-2L 19 5 406404440 0.10 0.0044 |0.0034|0.9487 | 41.0416
CNN-32-QLSTM-3L-96-Bi-LSTM-96-2L 19 6 - 406641448 0.10 0.0054 |0.0042|0.9237| 48.5063
CNN-32-QLSTM-3L-96-Bi-LSTM-96-2L 19 7 - 406880456 0.10 0.0048 |0.0038|0.9401 | 47.1854
CNN-32-QLSTM-3L-96-Bi-LSTM-96-2L 19 5 - 406404440 0.00 0.0063 |0.0043|0.8933| 50.4034
CNN-32-QLSTM-3L-96-Bi-LSTM-96-2L 19 5 - 406404440 0.20 0.0088 |0.0070|0.7941 | 74.4712
CNN-32-QLSTM-3L-96-LSTM-96-2L-CPLX 19 5 - 1711084120 0.10 0.0058 |0.0042|0.9102| 52.8189
CNN-32-QLSTM-3L-96-LSTM-96-2L 19 5 - 171108440 0.10 0.0056 |0.0042|0.9182| 50.3443
CNN-32-QLSTM-3L-96-LSTM-96-2L-ET 19 5 - 171108440 0.10 0.0065 |0.0049|0.8891 | 56.4927
CNN-32-QLSTM-3L-96-LSTM-96-2L-M1 19 5 - 171108480 0.10 0.0066 |0.0049|0.8852| 55.1445
CNN-32-QLSTM-3L-96-LSTM-96-2L-M2 19 5 171108480 0.10 0.0067 |0.0043|0.8820| 51.1712
CNN-32-QLSTM-3L-96-LSTM-96-2L-PL 19 5 - 406404460 0.10 0.0047 |0.0033|0.9409 | 41.2629
CNN-32-QLSTM-3L-96-LSTM-96-2L-PL-ET 19 5 - 406404460 0.10 0.0037 |0.0028|0.9644 | 33.7526
CNN-32-QLSTM-3L-96-LSTM-96-2L-QRP 19 5 - 406404460 0.10 0.0045 |0.0031|0.9460 | 42.7493
CNN-32-QLSTM-3L-96-LSTM-96-2L-QRP-ET 19 5 - 406404460 0.10 0.0054 |0.0043|0.9236 | 54.4934
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