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ABSTRACT This study proposes CognitiveNet, a cognitive computing model designed for processing
multi-modal long-sequence data. The framework integrates BiLSTM for sequence context extraction,
low-rank self-attention (LRSA) for key segment focus, cognitive memory units (CMU) for cross-segment
historical information retrieval, and sparse gating for efficient feature selection. Experimental evaluation
on the MIMIC-III dataset for classification and NASA CMAPSS dataset for regression demonstrates that
CognitiveNet outperforms baseline models, achieving higher accuracy, lower error rates, and improved
inference efficiency while maintaining interpretability. Ablation and disturbance experiments confirm the
critical contributions of CMU and sparse gating in capturing long-term dependencies and prioritizing
core features. While the study focuses on healthcare and aero-engine prognostics, the proposed model
provides a generalizable framework for multi-sensor signal processing, with potential applications in
electromagnetic signal monitoring, antenna array diagnostics, and high-frequency system predictive
maintenance, where efficient handling of long, complex sequences is crucial. This work highlights the
capacity of cognitive computing to support real-time, interpretable, and high-precision analysis of complex

temporal signals in industrial and engineering contexts.
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I. INTRODUCTION

RTIFICIAL intelligence (AI) has made remarkable

progress in recent years, especially in the domains of
deep learning and natural language processing (NLP) [1,2].
Although these technologies perform well on specific tasks,
they typically rely on large volumes of labeled data and
exhibit limitations when processing complex multimodal
information [3-5]. To address these problems, cognitive
computing, as a computing paradigm that simulates human
cognitive processes, has gradually attracted the attention
of researchers [6,7]. For example, Liu & Tang [8] iden-
tified genes related to the Mitogen-Activated Protein Ki-
nase (MAPK) signaling pathway that were upregulated in
glioma. They used a consensus clustering method to classify
glioma into subtypes. They further explored differences in
survival rates, tumor stemness, and immune microenviron-
ment characteristics across distinct subtypes. Liu & Tang
[9] conducted pan-cancer genomics and clinical correlation
studies on disulfide poisoning and its related cell death
genes. Their research revealed potential biomarkers for the
mechanism of disease occurrence. Liu [10] investigated the
association between sleep duration and the risk of devel-
oping depression. These studies analyse high-dimensional

VOL. 15, NO. 3, AUGUST 2026

cognitive computing, multi-modal long sequences, CMU, electromagnetic signal

biomedical data and highlight the importance of cross-
modal information integration and pattern recognition for
clinical decision support. This highly aligns with the goal of
the proposed machine learning-based cognitive computing
model—mining key information from multi-modal time-
series data and supporting reasoning for complicated tasks.
Cognitive computing aims to mimic human processes of
perception, understanding, reasoning, and decision-making,
and to handle uncertainty and ambiguity [11-13]. Unlike
traditional Al systems, cognitive computing systems are
not just tools for performing predetermined tasks; they are
more like intelligent agents with self-learning and adaptive
capabilities [14,15]. They can learn from experience, un-
derstand complex contexts, and make reasonable inferences
when facing uncertain information [16]. As Gou et al. [17]
pointed out, cognitive systems were built on Al capabilities,
excelling in understanding complex and unstructured data,
learning from interactions, and offering explanations and
suggestions. Cognitive computing has demonstrated broad
application potential across multiple domains [18]. In the
medical field, cognitive computing is used in clinical de-
cision support systems to help doctors provide advice and
support during diagnosis and treatment [19-21]. In terms
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of business intelligence, it is applied in financial analysis,
risk assessment, and customer relationship management to
improve the efficiency and accuracy of decision-making
[22,23]. In addition, cognitive computing has also made
significant developments in fields such as NLP, computer
vision, and intelligent manufacturing [24]. Despite the initial
achievements of cognitive computing in multiple areas, it
still faces some challenges. First, existing cognitive comput-
ing models often lack effective cross-segment memory and
long-range dependency modeling capabilities when process-
ing long-sequence and multi-modal data. In engineering, this
limitation may hinder the accurate identification of periodic
defects in long fabric rolls or the prediction of equipment fa-
tigue. Second, the model’s interpretability and transparency
remain unresolved issues, especially in high-risk fields such
as healthcare and finance. Finally, the real-time performance
and inference efficiency of the model are also key issues in
practical applications. To deal with the above issues, this
study proposes an innovative cognitive computing model.
Its core structure is based on the bidirectional long short-
term memory (BiLSTM), combined with the low-rank
self-attention (LRSA), cognitive memory unit (CMU), and
sparse gating mechanism. Among these components, the
BiLSTM is used to capture sequence context information;
the LRSA can focus on key segments and substantially
reduce computational complexity; the CMU provides cross-
segment memory capability to retain and retrieve historical
key information; the sparse gating mechanism automatically
selects the most valuable feature channels, thus improving
the model’s efficiency and interpretability. The model can
handle various sequence prediction tasks and demonstrates
strong versatility and scalability. This study selects two
representative datasets to verify the model’s effectiveness
and versatility: Medical Information Mart for Intensive Care
III (MIMIC-III) and National Aeronautics and Space Ad-
ministration (NASA) Commercial Modular Aero-Propulsion
System Simulation (CMAPSS). The MIMIC-III dataset pro-
vides rich Intensive Care Unit (ICU) multi-modal sequence
data, including vital signs, laboratory tests, and text records,
which is used for classification or regression tasks. The
NASA CMAPSS dataset contains multi-sensor time series
and operating conditions, which predict continuous variables
such as remaining useful life (RUL). Experiments on these
two datasets evaluate the model’s prediction performance,
feature-selection capability, and inference efficiency in dif-
ferent sequence tasks, thus fully demonstrating its versatility
and application potential.

Il. MATERIALS AND METHODS

A. DESIGN OF THE COGNITIVE COMPUTING MODEL
BASED ON MACHINE LEARNING

The core of cognitive computing is to simulate human
perception, memory, attention, and decision-making process.
This model achieves this goal through four key components.
(1) BiLSTM simulates human perception of time-series
information and captures contextual dependencies through
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bidirectional information flow; (2) LRSA simulates the
selective attention mechanism and identifies key segments
in complex information streams; (3) the CMU simulates the
long-term memory function of the human brain and enables
the storage, retrieval and integration of cross-segment infor-
mation, forming the basis for complex reasoning; and (4)
the sparse gating mechanism simulates feature selection in
human cognition by automatically filtering irrelevant infor-
mation and focusing on decision-related feature channels.
This design enables the model to retain the data-fitting
capability of conventional deep learning while achieving
the understanding, memory, and reasoning of multi-modal
long-sequence data through the simulating of human cogni-
tive mechanism, thus achieving the essential requirements
of cognitive computing. The cognitive computing model
proposed in this study (denoted as CognitiveNet) aims to
effectively process long sequences and multi-modal inputs.
Meanwhile, this model fully uses cross-segment informa-
tion and achieves high-precision and high-interpretability
sequence prediction. The model’s core consists of BILSTM,
LRSA, CMU, and sparse gating, and its overall structure is
illustrated in Figure 1.

The model first inputs the input sequence X =
[€1,29,...,27] into BILSTM. Among them, x; € R?
represents the feature vector of the ¢-th timestep; d refers to
the feature dimension, and 7" denotes the sequence length.
BiLSTM consists of two LSTM networks, forward and
backward, that capture both past and future information of
a sequence. Its hidden state can be written as:

—
htz[ht;ht] (D
— —
h t — LSTMforward (:Et; h t—l) (2)
— —
h t = LSTMforward (l’t, h t—l) (3)

ﬁh %t € RY refer to the forward and backward hidden
states, respectively; dj, stands for the hidden state dimen-
sion. The bidirectional nature of BiLSTM ensures that each
time step is represented with both historical and future
contexts, providing rich information for subsequent attention
and memory modules. To further focus on the time segments
that are most important to the prediction task while reducing
computational complexity, the model introduces the LRSA
mechanism on the BiLSTM output. Let the BiLSTM output
sequence be:

H = [hy,ha,..., hr] “)

Self-attention (SA) calculations are done by querying matrix
@, key matrix K, and value matrix V. To reduce the
computational complexity, a projection matrix P € R X"
is introduced to map the high-dimensional representation
into a low-rank space of dimension r, where r < dj. The
transformation is defined as:
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FIGURE 1. Schematic diagram of the cognitive computing model structure

Q=HP &)
K=HP (6)
V=H 7

_ QKT
SA(H) = softmax( VG ) Vv (8)

The softmax function is used to normalize attention weights,
and the scaling factor /7 is introduced to stabilize the
gradient. Through low-rank projection, the model captures
the dependence between time steps while reducing the
computational amount of matrix multiplication, making
long series processing more efficient. CMU is employed
to explicitly store and recall historical information across
fragments. The attention mechanism of the CMU generates
R}, which is then used to update the memory state M; € R
as follows:

My=vOM_1+(1—y)Oh, &)

v € [0,1]9 is the gated vector, which represents the
memory retention ratio of the previous timestep; © refers
to element-by-element multiplication. CMU can effectively
utilize historical critical states in sequence prediction, en-
abling cross-fragment inference. Meanwhile, it can enhance
model interpretability, as gating values reflect how much
each time step contributes to the prediction outcome. The
specific structure is displayed in Figure 2.

The model introduces the sparse gating mechanism to
improve the inference efficiency and reduce the influence
of redundant features. If the gated vector is g € [0,1]%,
then the final output feature reads:

hi =g @R} (10)
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Sparse gating allows the model to reduce computational
effort while maintaining high performance by automatically
selecting the most valuable feature channels. At the same
time, it provides interpretable information on feature impor-
tance. Finally, the sequence after BILSTM, LRSA, CMU,
and sparse gating is expressed as:

H = [hy,..., hr] (11)

This sequence is fed into a fully connected layer or re-
gression layer to complete the classification or continuous
value prediction task. The model’s synergistic integration
combines BiLSTM’s global context extraction with LRSA’s
focus on critical fragments. This architecture further incor-
porates CMU’s cross-fragment memory retention and sparse
gating’s feature selection capability for optimal information
prioritization. The modules complement each other to enable
the model to achieve high accuracy, low computational
cost, and interpretability when handling multimodal long
sequence tasks. The essential difference between CMU and
standard GRU/LSTM lies in its design philosophy and func-
tional orientation. Traditional gating unit mainly focuses on
information screening at a single time sequence. In contrast,
CMU simulates human cognitive memory mechanism, and
it has three unique characteristics. (1) Hierarchical memory
storage: CMU divides memory into two levels: short-term
working memory and long-term semantic memory; the
former deals with immediate context, and the latter stores
cross-segment abstract knowledge; this is similar to the
cooperative mechanism between human hippocampus and
neocortex; (2) Cognitive triggered retrieval: Unlike the fixed
forget gate in LSTM, the CMU introduces a content-based
attention retrieval mechanism that dynamically activates
relevant historical memories according to current cognitive
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demands and simulates the process of human associative
memory; (3) Memory semantic compression: the CMU
refines the semantics of long-term memory through adaptive
compression coefficient, retains high-value information and
filters redundant details.

B. APPLICATION PROCESS OF THE MODEL

To verify the effectiveness and universality of the proposed
cognitive computing model in handling different types of se-
quence tasks, this study selects two representative datasets:
MIMIC-IIT and NASA CMAPSS. These two datasets cover
medical multi-modal sequence data and industrial multi-
sensor time-series data, respectively; they can also fully
evaluate the model’s performance in long-sequence model-
ing, multi-modal feature fusion, and cross-segment mem-
ory. Among them, the MIMIC-III dataset is a clinical
dataset of ICU patients, containing de-identified information
from approximately 40,000 patients. The data types include
physiological signals (such as heart rate, blood pressure,
respiratory rate, and blood oxygen saturation), laboratory
test results (blood tests, electrolytes, blood gas analysis,
etc.), clinical texts records (admission records, medical
orders, nursing logs), and diagnostic codes. These data have
time-series characteristics and multi-modal features, and
can be used for classification tasks (such as disease risk
prediction) and regression tasks (e.g., physiological indica-
tor prediction). The NASA CMAPSS dataset is provided
by NASA and used for predicting aero-engine RUL. The
dataset encompasses multi-sensor time-series measurements
(temperature, pressure, flow rate, rotational speed, vibration,
etc.) and operating conditions (environmental parameters,
thrust level, load condition, etc.); these data record the
complete operation cycle of the engine from a sound state to
degradation and failure. This dataset belongs to a regression
task for continuous variable prediction; it can be used to
evaluate the model’s capabilities in multi-sensor time-series
processing, long-range dependency modeling, and key state
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identification. For the fusion of multimodal data, this study
designs a two-stage alignment and fusion mechanism. In the
stage of time series alignment, the study constructs a unified
time-series framework with minutes as the basic time unit
for multi-source heterogeneous data in MIMIC-III dataset.
For high-frequency numerical signals (such as heart rate and
blood pressure), downsampling is adopted to uniform time
granularity. For low-frequency text records (such as doctor’s
notes), timestamp mapping is used to assign them to the
nearest time unit, and 768-dimensional semantic features are
extracted by ClinicalBERT. For discrete event data (such
as medication records), time decay coding is adopted to
make recent events gain higher weight. In the feature fusion
stage, in each time unit, the data of different modes are
transformed into a vector space of unified dimension through
the mode-specific embedding layer. Then, deep fusion is
carried out through the gated cross-attention mechanism.
Specifically, linear projection is employed for numerical fea-
tures, and the output of pre-trained language model is used
for text features. Next, the multimodal joint representation
is formed by weighted fusion of modal balance factor o
(automatic learning through training). This design ensures
the effective alignment of different modal data at the time
series and semantic level, and provides a unified multimodal
input sequence for subsequent cognitive computing. The
data preprocessing process is suggested in Figure 3.

In terms of dataset division, both MIMIC-III and
CMAPSS data are split into the training, validation, and
test sets, with the proportions of 70%, 15%, and 15%,
respectively. The training set is used for model parameter
optimization, the validation set for hyperparameter adjust-
ment and early stopping judgment, and the test set for final
performance evaluation. This ensures the objectivity and
reproducibility of the experimental results. The processed
sequence features are input into the model for further pro-
cessing, encompassing BiLSTM’s contextual feature extrac-
tion, LRSA’s key segment focusing, CMU’s cross-segment
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FIGURE 3. The process of data preprocessing

information storage, and sparse gating’s feature screening.
Finally, prediction results applicable to classification or
regression are generated.

C. EXPERIMENTAL DESIGN AND PERFORMANCE
VERIFICATION

To systematically evaluate the proposed cognitive computing
model and quantify the contribution of each module, this
study designs a series of experiments, involving ablation
experiments, comparisons with baseline models, and ver-
ification in different application scenarios. In the abla-
tion experiments, the CMU is removed, the sparse gating
mechanism is turned off, or LRSA is replaced with Full
Attention, respectively. This is to analyze the contribution of
each module to the overall performance. By comparing the
performance of these variants with the complete model, the
importance of CMU, sparse gating, and LRSA in capturing
crosssegment information, improving inference efficiency,
and enhancing interpretability can be clarified. Aiming at
the sensitivity of medical data augmentation, the standard
augmentation strategy is reformed in clinical adaptability.
Firstly, the noise added to physiological signals follows the
constraints of medical fluctuation range, such as the heart
rate noise is limited to == 5 ppm, and the respiratory rate
is limited to 4+ 2 beats/min, and the clinical rationality of
these constraints is verified through cooperation with three
intensive care physicians. Next, the random clipping strategy
is modified to “event-aware clipping” to ensure that time
segments containing key clinical events are fully preserved,
while clipping is performed only between events to avoid
disrupting the pathological progression. Finally, medical
enhancement methods are implemented, including Warping
(nonlinear stretching of time axis) and PhysioGAN. To ver-
ify the model’s universality across diverse tasks, this study
selects typical baseline models for comparison, including
only BiLSTM, BiLSTM + Attention, and Transformer. All
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models are trained under the same data preprocessing and
training strategies to ensure the fairness of the experiment.
Regarding application scenario validation, the MIMIC-III
dataset is used for classification or regression tasks, such
as disease risk prediction or physiological index prediction.
The CMAPSS dataset is employed for continuous value
prediction tasks, namely RUL prediction of aero engines.
Through the verification on two different types of tasks, the
generality and robustness of the model in multimodal long
sequence tasks can be evaluated. In terms of performance
evaluation, this study uses several indicators. For classi-
fication tasks, accuracy, recall, and Fl-score are utilized
to measure prediction effectiveness, which is calculated as
follows:

Accuracy = TP—l—ZZCJI\;_—::?]]\D]—i—FN (12)
Recall = TP{L% 13)
Fraone . s fet
Precision = TleriPFP 15)

TP , TN , FP , and FN represent the number of true
positives, true negatives, false positives, and false negatives,
respectively. The Area Under Curve (AUC) indicator is
also calculated to measure the ability to discriminate and
discriminate. For regression tasks, the Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE) are used
for evaluation, using the following equations:
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1J; denotes the predicted value of the model, y; refers to the
true value, and NV stands for the total number of samples.
To evaluate the model’s response performance in real-world
applications, inference latency is also introduced, recording
the average time it takes for the model to complete predic-
tions for a single input sequence. The model is trained using
the Adam optimizer with an initial learning rate of 1 x 10~*
and a learning rate decay strategy. The batch size is 64, the
maximum number of training epochs is 100, and the early
stopping control stops the training early if the continuous
validation set metrics do not increase. Hyperparameters
such as BiLSTM hidden state dimension, attention low-
rank dimension, and CMU gating policy are optimized for
different datasets and tasks. The specific parameter settings
are exhibited in Table 1. The proposed model uses BiLSTM
structure to learn with complete sequence information in
the training stage. However, in the actual deployment of
real-time prediction scenarios, two adaptive strategies are
provided. (1) The switching mechanism of inference mode:
when deployed in real-time environment, the model can
automatically switch to one-way LSTM inference mode,
relying only on historical information for prediction, sacri-
ficing some accuracy for strict real-time; (2) Sliding window
prediction: In the quasi-real-time scene with slight delay, a
fixed-length sliding time window is adopted; only the data
that has occurred in the window is used for prediction; and
the window size can be dynamically adjusted according to
the real-time requirements.

TABLE 1. Setting of training parameters for the cognitive computing model

Parameter Setting value
Optimizer Adam

Initial learning rate 1x107%
Batch size 64
Maximum number of training epochs 100
BiLSTM hidden state dimension 128
Attention low-rank dimension 7 32

CMU gating policy Sigmoid

Data augmentation Random cropping / adding

noise

lll. RESULT

A. COMPREHENSIVE PERFORMANCE COMPARISON
To comprehensively evaluate the classification perfor-
mance and efficiency of the proposed cognitive computing
model (CognitiveNet), this study compares it with various
mainstream sequence modeling methods on the MIMIC-
III dataset. These methods include basic BiLSTM, BiL-
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STM+Attention, and Transformer. The comparison results
are demonstrated in Figure 4.

In Figure 4(A), the proposed CognitiveNet achieves the
optimal performance in all six classification performance
indicators on the MIMIC-III dataset. Among these indica-
tors, accuracy increases from 0.837 of the basic BiLSTM
to 0.902, precision rises from 0.842 to 0.898, Fl-score
goes up from 0.839 to 0.895, and AUC even increases
to 0.941. This reflects the model’s overall improvement
in classification performance. The advantage arises from
the high efficiency of the LRSA module in capturing key
temporal information, as well as the CMU’s ability to
store historical information for a long time and conduct
cross-segment inference. Thus, these advantages make the
model superior to traditional sequence models in long-term
dependency and global context understanding. Figure 4(B)
shows the performance of different models in three aspects:
inference latency, parameter count, and throughput. The
inference latency of CognitiveNet is 16.4 milliseconds (ms),
which is only slightly higher than that of the basic BiLSTM
(14.5 ms) but much lower than that of the Transformer (27.3
ms). This indicates that while maintaining high accuracy, the
model’s inference speed can still meet the needs of real-time
or near-real-time applications. Concerning model scale, the
parameter count of CognitiveNet is 8.9 million (M), which is
close to that of the BILSTM (8.2 M) and remarkably smaller
than that of the Transformer (12.4 M); this is attributed to
the role of low-rank attention in reducing redundant com-
putations. In terms of throughput, CognitiveNet can process
645 samples per second (samples/s), which is about 50%
higher than the Transformer’s 430 samples/s. This result
indicates that the model is well suited for deployment in
high-concurrency scenarios. As the positive-negative sample
ratio of MIMIC-III is 1:7.3, the precision-recall curve is
shown in Figure 4(C). The AUPRC of CognitiveNet reaches
0.742, which is 27.7% higher than that of BiLSTM (0.581).
In the high sensitivity range (Recall > 0.9) commonly
used in clinical decision-making, the precision of Cogni-
tiveNet remains at 0.61, while BiLSTM drops to 0.39;
this means that there are 22 false positives in every 100
alarms, which can significantly reduce ICU alarm fatigue.
To verify the adaptability of CognitiveNet in continuous
prediction tasks (RUL prediction of aero engines), this study
compares it with various baseline models on the NASA
CMAPSS dataset. Figure 5(A) shows four commonly used
performance indicators for regression tasks, while Figure
5(B) presents efficiency-related indicators such as model
parameter count, inference latency, and throughput.

As shown in Figure 5, in the RUL prediction task on
the CMAPSS dataset, CognitiveNet outperforms baseline
models in all regression indicators. Especially in RMSE and
MAE, it reduces the values by 2.12 and 1.80, respectively,
compared with the Transformer, indicating a substantial
improvement in the model’s error control. The R? reaches
0.938, which means the predicted results have a higher
degree of fit with the real values. The MAPE drops to
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5.47%, which also implies that the model has a low relative
error in different life intervals and is more valuable for
life estimation in engineering maintenance. Similar to the
classification results on MIMIC-III, this advantage mainly
comes from the combination of LRSA and CMU. This
combination enables the model to retain and utilize key
state information in long time series, thereby capturing the
degradation trend of engine performance more accurately. In
terms of efficiency, the inference latency of CognitiveNet
is 15.1 ms, which is about 41.7% faster than that of the
Transformer. While ensuring accuracy, its response speed is
more suitable for real-time health monitoring and prediction
tasks. The parameter count remains at 8.9 M, consistent
with the results in the MIMIC-III experiment, illustrating
that the model’s computational scale does not expand sig-
nificantly due to task changes. The throughput reaches 670
samples/s, close to the BILSTM’s 710 samples/s. This shows
that the model can still support high-frequency inference
requirements in industrial deployment scenarios. Overall,
CognitiveNet maintains a good balance between accuracy
and efficiency, and no trade-off between computational
efficiency and predictive performance is observed. In order
to further clarify the result that LRSA can reduce the
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computational complexity, this study adds Floating-point
Operations (FLOPs) and Video Random Access Mem-
ory (VRAM) indicator tests. The experiment is based on
NVIDIA RTX 3090 graphics processing unit (GPU), and the
results are outlined in Table 2. The FLOPs of the proposed
model are only 10.8 G, which is much lower than that of
BiLSTM+Attention (24.6 G) and Transformer (35.2 G), and
the memory occupation is close to that of the basic BILSTM,
significantly lower than that of Transformer (5.4 gigabytes
(GB)). This is because LRSA reduces the computational
complexity of the attention mechanism through low-rank
projection, thereby significantly decreasing the floating-
point operation for matrix multiplication. At the same time,
sparse gating screens the core feature channels, further
reducing the memory occupation.

TABLE 2. Comparison of efficiency indicators of each model (sequence
length T=512)

Model Inference latency (ms) FLOPs (G) VRAM occupation (GB)

BIiLSTM
BIiLSTM+Attention
Transformer
CognitiveNet

14.5
19.7
273
16.4

83

24.6
352
10.8
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B. ANALYSIS OF ABLATION EXPERIMENTS

This study conducts ablation experiments on the MIMIC-
IIT and CMAPSS datasets to verify the contribution of each
key module to the performance of CognitiveNet. The exper-
iments mainly examine the roles of three core components:

CMU, sparse gating mechanism, and LRSA. In
the ablation experiments, one component is removed or re-
placed each time while the others remain unchanged, to
evaluate the module’s impact on performance and efficiency.
Figure 6 and Figure 7 present the ablation results of the
main performance indicators for the classification task (MI
MIC-III) and regression task (CMAPSS), respectively.

In the MIMIC-III’s classification task shown in Figure
6, the complete CognitiveNet model performs best in six
indicators, such as accuracy, precision, recall, specificity,
F1-score, and AUC. Among these, the AUC reaches 0.941,
indicating that the model has strong discriminative ability
in distinguishing high-risk and low-risk samples. The per-
formance decline is most obvious after removing the CMU;
Accuracy decreases by approximately 1.6% and recall drops
by 1.8%. The reason is that the changes in patient con-
ditions in ICU multi-modal data have cross-time-segment
dependencies, and the lack of an explicit memory unit leads
to insufficient capture of long-term dependent information.
The removal of sparse gating causes a slight performance
loss, with the Fl-score decreasing by 1.3%. This shows
that the mechanism contributes to feature channel screening
and noise suppression, but its role is not as core as that
of the CMU. After replacing LRSA with Full Attention,
the performance changes little (AUC decreases by 0.3%).
However, the inference latency increases markedly—from
15.1 ms to 21.3 ms—and the throughput drops by 32%.
The reason is that the computational complexity of Full
Attention grows with the square of the sequence length,
resulting in significant computational overhead. In Figure
7, the aero-engine RUL prediction task on the CMAPSS
dataset shows that the complete model achieves the best re-
sults in regression indicators such as RMSE, MAE, MAPE,
and R%Z. Among these, the R? is 0.938, demonstrating that
the model has high fitting accuracy for the degradation trend.
After removing the CMU, the RMSE increases by nearly
0.91, and the MAPE rises by 0.55%. This is because RUL
prediction also relies on the evolution of operating states
over a long-time scale, and the lack of a memory mech-
anism leads to an increase in prediction deviations in the
degradation stage. The performance change after removing
sparse gating is still small, but its retention is meaningful
for feature compression and computational stability. This
is particularly important for prediction robustness under
cross-working conditions. After replacing LRSA with Full
Attention, the RMSE decreases slightly, but the latency
increases significantly (+ 6.2 ms). The reason is the same as
that in the MIMIC-III experiment. Full Attention introduces
excessive computational burden in long sequences, which is
not conducive to real-time prediction scenarios.
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C. INTERPRETABILITY ANALYSIS

To explore the decision-making basis of the proposed cog-
nitive computing model, this study conducts a visualization
analysis on the feature channels selected by the sparse gating
and the historical information retrieved by the CMU. The
visualization results are depicted in Figure 8, which helps
understand the model’s feature selection and information
retrieval behaviors across various tasks.

In Figure 8(A), the high-weight features automatically
selected by the sparse gating mainly concentrate on heart
rate (0.92), blood oxygen (0.87), and blood pressure (0.81).
These channels correspond to key physiological signals
in the task, suggesting that the model can capture the
core information for judging disease risk. Different time
windows’ average weights show that these key features are
continuously focused on in multiple time segments of the
sequence, ensuring the retention of long-term dependent
information. The average weights of various sample batches
illustrate that the sparse gating can still stably select core
features in diversified data, which proves the model has
good generalization ability. Low-weight channels, such as
body temperature and blood glucose, although their infor-
mation has reference value, contribute relatively little to
the prediction task. The model automatically weakens their
impact, which helps reduce noise interference and the risk
of overfitting. This demonstrates the effectiveness of the
sparse gating in feature selection. The high-weight features
are highly consistent with the key indicators known in the
medical field, indicating the model has good interpretability.
At the same time, by selectively focusing on core channels,
the model also optimizes computational efficiency. Figure
8(B) displays the retrieval of historical information from
different time segments by the CMU. The activation in-
tensities at time steps t-5 and t-15 are the highest (0.93
and 0.91), illustrating that the model focuses on the key
stages of engine degradation during predicting RUL. The
average activation of diverse time windows reveals that
the CMU continuously retrieves signals from the early
degradation stage and high-load stage. Different sample
batches’ average activation indicates that the model can
still maintain attention to key time segments even under
various working conditions. In contrast, the activation of
t-10 and t-20 is slightly lower, which means the model
has weak dependence on information from non-key stages.
This reflects the model’s priority attention to important
information in long-sequence tasks. By visualizing the re-
trieval intensity of the CMU, we reveal how the model
performs cross-segment memory and captures key temporal
patterns. The high activation intensity corresponds to the
important time segments in the task, which verifies the
model’s rationality and interpretability, while ensuring the
accuracy and stability of regression prediction. Targeted
disturbances are imposed on high-weight features (heart
rate, blood oxygen, blood pressure) and low-weight features
(body temperature, blood glucose) selected by sparse gating:
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=+ 10% random noise is added to key features in the MIMIC- changes in model prediction performance are compared.

IIT test set to simulate clinical data fluctuations. The same Meanwhile, masking processing (setting to zero) is applied
amplitude of noise is added to low-weight features, and to features in high-activation time segments (t-5, t-15) of
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CMU, and changes in RUL prediction error are observed.
The experimental results are listed in Table 3.

TABLE 3. Results of feature disturbance experiments

Disturbed object Task type Accuracy

change (AAcc) (AFI)

Fl-score change RMSE change MAPE change
(ARMSE) (AMAPE)

High-weight features (heart MIMIC-III classi- -6.2% -5.8%

rate + blood oxygen + blood fication

pressure)

Low-weight features (body MIMIC-III classi- -0.9% -0.7%

temperature + blood glucose) fication

High-activation time CMAPSS regres- - - +1.23 +0.78%
segments (£-5 + t-15) sion

Low-activation time segments CMAPSS regres- - - +0.31 +0.22%

(t-10 + t-20) sion

Disturbance experiments show that model performance
decreases significantly when core features with high weight
or high activation are disturbed. In contrast, disturbances on
features with low weight or low activation exert minimal im-
pact on performance, with a AAcc of only -0.9%. This con-
firms that the features assigned high weights by the model
constitute the primary basis for decision-making, rather than
a circular argument based on subjective assumptions. In
addition, combined with clinical diagnosis and treatment
guidelines, the rationality of the model’s feature selection
is further verified. High-weight features are completely
consistent with the key indicators recognized in the medical
field. Moreover, the disturbance experiments quantify the
contribution of these features to prediction results, providing
rigorous empirical support for interpretability analysis.

IV. CONCLUSION

This study proposes a cognitive computing model (Cog-
nitiveNet) for multi-modal long-sequence data, aiming to
address the shortcomings of traditional sequence modeling
methods in capturing long-term temporal dependencies,
interpretability, and feature interaction efficiency. The model
captures temporal context information through BiLSTM and
integrates CMU to realize the storage and retrieval of cross-
segment key information. Meanwhile, this model introduces
LRSA to optimize feature interaction efficiency and adopts
sparse gating to screen core channels. The resulting archi-
tecture achieves a balance between interpretability, predic-
tive performance, and computational efficiency, providing
a generalizable cognitive computing framework for multi-
modal long-sequence tasks. In experimental verification,
CognitiveNet shows remarkable advantages in the MIMIC-
III dataset’s classification task and the CMAPSS dataset’s
regression task. The model’s success in handling complex
temporal dependencies and multi-source information. De-
spite the above achievements, the model still has certain
limitations. First, the datasets verified in this study only
include two types of representative tasks (MIMIC-III and
CMAPSS). The model’s applicability in more fields, multi-
modal combinations, and larger-scale data still needs further
verification. Second, the computational overhead of CMU
and LRSA under extremely long sequences or ultra-large
models may become a limiting factor. In the future, more
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efficient memory compression strategies or sparse attention
optimization methods can be explored. Moreover, applying
the model to specific industrial datasets to verify its cross-
domain robustness will be an important research direction.
In addition, the current interpretability analysis mainly relies
on feature weights and activation heatmaps. Subsequent
studies can combine methods such as Shapley value or ad-
versarial sample analysis to enhance decision transparency.
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