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ABSTRACT With the rapid development of the digital economy, complex data characterized by
high dimensionality, heterogeneity, sparsity, and dynamics has become increasingly prevalent across
industrial and scientific applications, making efficient processing a critical challenge for intelligent
systems. In particular, the growing volume of multi-source sensing data generated in electromagnetic
wave analysis, antenna systems, and wireless communication networks places higher demands on large-
scale intelligent computing frameworks. This paper systematically investigates the major bottlenecks
of Al large models in complex data processing and proposes a cross-scenario adaptive optimization
framework integrating algorithm optimization and multi-dimensional efficiency enhancement strategies. At
the algorithm level, adaptive attention architecture and multi-level regularization are introduced to improve
feature representation and generalization capability. At the efficiency level, a collaborative “model—
data—engineering” optimization scheme combining structured pruning, mixed-precision quantization, and
knowledge distillation is developed. Experimental results demonstrate that the optimized 32B model
reduces storage volume by 85% to 4.8 GB, decreases memory usage by 80%, improves inference speed by
tenfold, and limits task-specific accuracy loss to less than 3%. Practical validations in medical, industrial,
and astronomical scenarios further confirm simultaneous improvements in accuracy and computational
efficiency. The proposed framework provides an effective solution for complex data processing while
offering valuable technical references for electromagnetic signal intelligence, multisource sensor data
fusion, and intelligent wireless information processing.

INDEX TERMS AI large models, complex data processing, algorithm optimization, electromagnetic

signal processing, multisource data fusion

. INTRODUCTION
A. RESEARCH BACKGROUND

ITH the rapid development of information tech-
Wnology, data volume within the textile manufactur-
ing and apparel design sectors has experienced explosive
growth, and the complexity of fabric performance met-
rics and spinning process parameters has also increased
significantly. This surge in digital information necessitates
advanced analytical tools to manage the intricate variables
of textile material science and automated production cycles,
clinical diagnosis and astronomical exploration effectively.
Complex data refers to data collections with high complexity
in dimensions, structures, and feature distributions, whose
value is difficult to mine using traditional methods; typical
datasets in medical, astronomical and textile engineering
fields all fully embody the core characteristics of complex
data (high dimensionality, heterogeneity, sparsity, dynamics)
and are typical carriers for the study of complex data

VOL. 15, NO. 3, AUGUST 2026

processing methods, which is the logical basis for selecting
these datasets as research objects in this paper. Common
types of complex data include high-dimensional data, multi-
collinear data, and non-linear data, with core characteristics
such as high dimensionality, heterogeneity, sparsity, and
dynamics, facing processing challenges like the curse of
dimensionality and cross-modal fusion difficulties [1].
Fields such as medical care, finance, and scientific re-
search are confronted with the challenge of processing large
amounts of text data, and datasets generally have problems
such as unbalanced data categories, all of which require
complex data processing to support their core businesses
[2-4]. However, in terms of data processing, there are
pain points including insufficient processing accuracy, low
efficiency, and poor adaptability, making it difficult for a
single solution to adapt to multiple types of complex data.
Al large models are suitable for complex data processing
due to their strong feature extraction capabilities, but they
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have core bottlenecks such as insufficient generalization
ability, high training costs, excessive memory overhead,
high power consumption, and low inference throughput, and
weak real-time processing capabilities for dynamic data [5,
6].

B. REVIEW OF DOMESTIC AND FOREIGN RESEARCH
STATUS

Domestic and foreign large models have been applied in
complex data processing in multiple fields [7-9], but existing
solutions mostly focus on a single scenario and lack cross-
scenario general solutions. Existing algorithm optimization
mainly concentrates on the architecture and training levels
[10-12], mostly targeting specific data types, making it
difficult to meet the multi-feature fusion needs of complex
data. Quantization, pruning, and other technologies are
mainstream efficiency improvement methods [13], but the
effect of a single technology is limited, and there is a lack of
multi-dimensional collaborative optimization mechanisms
and unified adaptation standards.

C. RESEARCH CONTENT AND METHODS

The core research content of this paper includes analyzing
the core problems of large models in processing complex
data, proposing cross-scenario adaptive algorithm optimiza-
tion and efficiency improvement schemes, and verifying
the effectiveness of the schemes through empirical evi-
dence, and analyzing the failure scenarios and performance
limitations of the optimized model in processing specific
complex data. The research methods adopt a combination of
literature research, simulation experiment, and case analysis
methods to systematically sort out relevant achievements,
select typical datasets to design comparative experiments,
and evaluate the feasibility of the schemes through practical
cases.

D. RESEARCH SIGNIFICANCE

At the theoretical level, this paper deeply explores the
algorithm optimization logic of large models adapting to
complex textile engineering data and fabric performance
parameters, constructing a multi-dimensional efficiency im-
provement system that enhances the accuracy of spinning
and weaving process modeling. By breaking through the
limitations of a single technology, the research provides
a robust theoretical framework for the intelligent analysis
of fiber characteristics and apparel manufacturing variables,
significantly enriching the digital transformation theory of
the textile industry.

At the practical level, the proposed optimization scheme
can solve the contradiction between accuracy and efficiency,
reduce deployment costs, and has important industrial ap-
plication value in fields such as scientific research, industry,
and medical care and textile engineering.
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Il. CURRENT APPLICATION STATUS AND PROBLEM
ANALYSIS OF Al LARGE MODELS IN COMPLEX DATA
PROCESSING

A. ANALYSIS OF TYPICAL APPLICATION SCENARIOS
The typical application scenarios of Al large models in com-
plex data processing cover multiple fields, all of which are
typical embodiments of the general complex data definition
in specific industries:

Textile engineering field: High-dimensional heteroge-
neous data processing of fabric performance parameters and
spinning process metrics, the core is multi-type production
data fusion, with pain points of low crossmodal alignment
and fusion efficiency for material parameters and production
data;

High-dimensional heterogeneous data processing in med-
ical and financial fields: the core is multi-type data fusion,
with pain points of low cross-modal alignment and fusion
efficiency [14, 15];

Dynamic time-series data processing in industrial and
meteorological fields: data is real-time and its distribution
changes dynamically, with core problems of high update
costs and difficulty in real-time processing [16];

Sparse and unstructured data processing in social media
and remote sensing fields: the proportion of effective in-
formation is low, and the key difficulty is the extraction of
effective features [17, 18].

B. CORE PROBLEMS IN EXISTING APPLICATIONS
Existing applications have core problems in multiple as-
pects:

At the algorithm level: insufficient generalization ability,
high overfitting risk, and inaccurate feature capture, making
it difficult to adapt to multiple types and dynamic scenarios;

At the efficiency level: showing the the characteristics
of high training costs, excessive memory overhead, high
power consumption, and low inference throughput, which
are difficult to meet real-time requirements;

At the data adaptation level: facing problems such as
poor compatibility, weak dynamic adaptation ability, and
difficulty in small-sample adaptation, which increase com-
putational costs and affect accuracy.

C. ANALYSIS OF PROBLEM CAUSES
The causes of the above problems mainly include three
aspects:

(1) Most model architectures are designed for general pur-
poses, with insufficient matching degree with complex data
features, making it difficult to adapt to high dimensionality,
heterogeneity and other needs;

(2) Unreasonable resource allocation in training and infer-
ence: training focuses on parameter update while neglecting
preprocessing, and inference does not dynamically allocate
resources, resulting in poor efficiency and effectiveness;

(3) Lack of targeted optimization schemes: existing
schemes adopt a "one-size-fits-all" approach and fail to
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design differentiated strategies combined with data features,
making it difficult to balance accuracy and efficiency.

lll. ALGORITHM OPTIMIZATION STRATEGIES FOR Al
LARGE MODELS IN COMPLEX DATA PROCESSING
A. MODEL ARCHITECTURE OPTIMIZATION FOR
COMPLEX DATA FEATURES
1) Adaptive Architecture Optimization Based on Attention
Mechanism
Aiming at the high dimensionality and sparsity of complex
data, a dynamic sparse attention architecture is proposed:
(1) By calculating feature importance scores, dynamically
retain attention weights of key features and eliminate atten-
tion calculations of redundant features, reducing the compu-
tational complexity of attention from O(n?) to O(nlogn);
(2) Introduce cross-feature attention mechanism to realize
correlation modeling of features in different dimensions and
improve the feature capture ability of high-dimensional data.
Experimental results show that in high-dimensional gene
sequencing data processing, this architecture can reduce
computational complexity by 40% while ensuring that the
accuracy drop does not exceed 2%.

2) Multi-modal Fusion Architecture Optimization
For heterogeneous complex data, a two-stage multi-modal
fusion architecture is designed:

The first stage is the feature alignment layer, which
converts different types of data (text, images, audio, textile
material parameters) into feature vectors of uniform dimen-
sion through modal adaptive encoding to solve the problem
of cross-modal feature differences;

The second stage is the deep fusion layer, which intro-
duces cross-attention mechanism and gating unit to dynam-
ically adjust the weights of different modal features and
strengthen the contribution of effective features.

In medical multi-modal case processing and textile engi-
neering multi-source production data processing, the fusion
accuracy of this architecture is improved by more than 15%
compared with traditional architectures.

3) Lightweight Architecture Design
Aiming at the demand for complex data processing on edge
devices, an architecture mode of "lightweight sub-model
(1.2B parameters) derived from the 32B main model + task-
specific head" is proposed: The backbone network adopts
a design combining depthwise separable convolution and
sparse Transformer to reduce basic computational load;
The task-specific head is customized according to specific
complex data scenarios (such as time-series, images, textile
production defect detection) to improve task adaptability.
At the same time, a dynamic channel pruning module is
introduced to real-time adjust the number of network chan-
nels to adapt to data of different complexities. In industrial
equipment monitoring data processing and textile weaving
process data processing, the model volume is reduced by
60% compared with the standard model.
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B. TRAINING ALGORITHM OPTIMIZATION FOR
COMPLEX DATA PROCESSING

1) Adaptive Learning Rate Optimization

Combined with the distribution characteristics of complex
data, an adaptive learning rate strategy based on data com-
plexity is proposed:

Quantify data complexity by calculating the variance and
sparsity of batch data; adopt a small learning rate when the
complexity is high to ensure training stability, and a large
learning rate when the complexity is low to improve training
efficiency.

At the same time, introduce learning rate warm-up and de-
cay mechanisms to avoid non-convergence problems caused
by excessively large learning rates in the initial training
stage. In dynamic time-series data training, the convergence
speed is improved by 30% compared with fixed learning
rates.

2) Regularization and Anti-noise Algorithm Optimization
Aiming at the noise problem in complex data, a multi-level
regularization strategy is proposed:

(1) Adopt an adaptive noise filtering module at the input
layer to eliminate obviously noisy data;

(2) Introduce DropBlock regularization at the feature
layer to randomly mask some redundant feature channels;

(3) Adopt label smoothing technology at the output layer
to reduce the impact of noisy data on label prediction.

In the processing of noisy industrial monitoring data, this
strategy improves model robustness by more than 20% and
reduces overfitting rate by 15%.

3) Transfer Learning and Incremental Learning Algorithm
Optimization

Aiming at cross-domain and dynamic data adaptation prob-
lems, a two-stage transfer-incremental learning framework
is constructed:

The first stage transfers knowledge from source domain
large models to target domains through domain-adaptive
transfer learning to solve the training problem of small-
sample complex data;

The second stage adopts incremental learning algorithm,
and only updates the parameters related to new data in the
model through the combination of parameter freezing and
fine-tuning, realizing efficient adaptation of dynamic data
and reducing model update costs by 70%.

C. INFERENCE ALGORITHM OPTIMIZATION BASED ON
COMPLEX DATA CHARACTERISTICS

1) Dynamic Inference Path Optimization

Design a dynamic inference path selection mechanism based
on data complexity:

Real-time evaluate the complexity of input data (di-
mensionality, heterogeneity, noise level) through a pre-
processing module; adopt a complete inference path for
high-complexity data to ensure accuracy, and a simplified
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inference path (skipping some redundant layers) for low-
complexity data to improve efficiency. In social media text
data processing, this mechanism can dynamically adjust the
inference process according to text length and complexity,
improving inference speed by 50%.

2) Approximate Inference Algorithm Optimization
For complex data scenarios with moderate accuracy re-
quirements, an approximate inference algorithm based on
probability is introduced: Construct a feature probability
distribution model; in the inference process, only perform
precise calculations on high-probability effective features
and approximate calculations on low-probability redundant
features, greatly improving inference efficiency within the
acceptable accuracy loss (not exceeding 3%).

In meteorological data prediction, this algorithm can
shorten the inference time from 2 seconds to 0.3 seconds.

3) Multi-task Inference Fusion Optimization

Aiming at the demand for multi-task collaborative process-
ing in complex scenarios, a multi-task inference architecture
separating shared and specific features is proposed:

(1) Different tasks share the basic feature extraction
module to reduce redundant calculations;

(2) Design specific inference heads for each task to ensure
task accuracy.

Coordinate the resource occupation of different tasks
through the dynamic attention weight allocation mechanism.
In medical multi-task diagnosis (disease identification +
prognosis prediction), the inference efficiency is improved
by 45%, and the accuracy of each task is maintained above
90%.

D. EFFECTIVENESS VERIFICATION LOGIC OF
ALGORITHM OPTIMIZATION

Construct a "scenario-objective-indicator" three-dimensional
verification system:

(1) Divide verification scenarios according to the types of
complex data (high-dimensional, heterogeneous, dynamic,
etc.);

(2) Clarify optimization objectives under each scenario
(accuracy improvement, generalization ability enhancement,
etc.);

(3) Set targeted evaluation indicators, such as accuracy-
dimensionality compression ratio for high-dimensional data,
fusion accuracy-fusion efficiency for heterogeneous data,
and adaptation speed-accuracy loss for dynamic data.

Comprehensively verify the effectiveness of optimization
strategies through comparative experiments (models before
and after optimization) and ablation experiments (individual
contributions of each optimization module).

IV. EFFICIENCY IMPROVEMENT PATHS OF Al LARGE
MODELS IN COMPLEX DATA PROCESSING
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A. MODEL-LEVEL EFFICIENCY IMPROVEMENT PATHS
At the model level, the core is to "reduce volume and
complexity", adopting a synergistic multi-technology fusion
strategy of structured pruning, mixed-precision quantization
(INTS8/INT4) and knowledge distillation instead of a single
technology, which avoids the significant degradation of
model performance caused by a single extreme compression
method. The adaptation scenarios and effect comparison are
shown in Table 1.

This paper proposes a collaborative scheme of "struc-
tured pruning-mixed-precision  quantization-knowledge
distillation-dynamic memory sparsification". Tests on
Tongyi Qianwen QwQ-32B (official open-source basic
version) show that the model volume is reduced by 85% to
4.8GB, memory usage is decreased by 80%, inference speed
is increased by 10 times, and the task-specific accuracy loss
is only 3% (the general reasoning capability decreases by
about 5%).

B. DATA-LEVEL EFFICIENCY IMPROVEMENT PATHS

1) Efficient Preprocessing Scheme for Complex Data
Design a parallel preprocessing framework to process differ-
ent types of complex data in parallel using multithreading:

(1) Separate processing of structured and unstructured
data; perform standardization and missing value filling for
structured data, and format conversion and feature extraction
for unstructured data;

(2) Introduce an incremental preprocessing mechanism to
only process changed parts of new data, avoiding repeated
calculations.

In medical multi-modal data preprocessing, the efficiency
of the parallel framework is 6 times higher than that of serial
processing.

2) Data Sampling and Filtering Optimization
Propose a hierarchical sampling strategy based on feature
importance:

(1) First calculate the importance score of data features
through a lightweight model, and divide the data into core
layer (high importance), general layer (medium importance),
and redundant layer (low importance);

(2) Fully retain core layer data, sample general layer data
proportionally, and eliminate redundant layer data. On the
premise of ensuring feature integrity, the data volume is
reduced by more than 50%.

In sparse data processing of recommendation systems,
this strategy improves training efficiency by 40% with an
accuracy loss of less than 2%.

3) Data Caching and Reuse Strategy
Construct a three-level data caching system:

L1 cache stores recently processed high-frequency data
(such as real-time industrial equipment monitoring data), L2
cache stores common feature templates, and L3 cache stores
historical processing results; Introduce a cache elimination
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TABLE 1. Comparison of Adaptation Scenarios and Effects
Improvement Core Principle Optimization Effect Adaptable Complex Data Scenarios Limitations
Technology

Quantization Convert FP32 parameters to

INT8/INT4 low precision

Eliminate redundant
parameters/channels with weights less
than the threshold

Pruning

Knowledge Distillation Transfer knowledge from teacher
models to small student models
5%
Dynamic Memory
Sparsification

Dynamically eliminate redundant
tokens in KV cache and transfer
useful information

Model volume reduced by
75%, inference speed increased
by 3-5 times

Model volume reduced by
40-60%, computational load
decreased by 30-50%

Model volume reduced by
90%, accuracy loss less than

Memory usage reduced by
75%, inference accuracy
improved by 5-12%

High-dimensional heterogeneous data,
edge-side time-series data processing,
textile engineering production data
processing

Large accuracy loss
in high-precision
scenarios (such as
medical diagnosis)
when used alone
Sparse unstructured data, industrial
monitoring data, textile fabric parameter
data processing

Excessive pruning
leads to decreased
model robustness
when used alone
General complex data processing,
edge-side deployment scenarios,
edge-side textile defect detection
Long-sequence time-series data, Complex token
multi-turn inference scenarios, textile selection logic
production time-series data processing design

High computational
cost in the
distillation process

mechanism to dynamically remove cached data that has not
been used for a long time, improving cache utilization.

At the same time, support cached data reuse; directly call
cached results when processing the same type of complex
data, improving efficiency by 70% in repeated scenarios
(such as daily meteorological data processing).

C. ENGINEERING AND HARDWARE-LEVEL EFFICIENCY
IMPROVEMENT PATHS

1) Distributed Training and Inference Architecture Design
Adopt a "multi-node + multi-GPU" distributed architecture
for the training and cloud-side inference of the 32B main
model, and match the lightweight sub-model (1.2B) for
edge-side deployment to realize the hierarchical application
of the model:

(1) In the training phase, split complex datasets into multi-
ple nodes through data parallelism, each node is responsible
for training part of the data, and synchronize parameters
through a parameter server;

(2) In the inference phase, adopt a combination of model
parallelism and data parallelism, split the 32B large model
into multiple GPUs, and process multiple batches of com-
plex data simultaneously.

(3) In the edge-side inference phase, deploy the 1.2B
lightweight sub-model on low-power edge hardware to meet
real-time processing needs.

In massive astronomical observation data processing and
large-scale textile manufacturing production data process-
ing, the efficiency of the distributed architecture is 20 times
higher than that of single-machine processing.

2) Hardware Adaptation Optimization
Customize and optimize model calculation logic according
to the computational characteristics of different hardware
(GPU, TPU, FPGA) , and propose differentiated hardware
adaptation strategies for cloud-side and edge-side deploy-
ment:

(1) Cloud-side GPU/TPU adaptation adopts mixed-
precision computing, based on FP16 computing, and uses
FP32 computing for key layers to ensure accuracy;
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(2) Edge-side FPGA/Jetson AGX Orin adaptation adopts
dedicated lightweight computing unit design and low-power
optimization, strengthening the computational efficiency of
core operations such as convolution and attention while
controlling power consumption within 15W;

(3) FPGA adaptation adopts dedicated computing unit
design to strengthen the computational efficiency of core
operations such as convolution and attention.

When the optimized 32B model is deployed on cloud-side
FPGA, power consumption is reduced by 60% and inference
speed is increased by 8 times; when the 1.2B lightweight
sub-model is deployed on edge-side FPGA/Jetson AGX
Orin, power consumption is controlled within 15W and
inference speed meets real-time requirements.

3) Memory and Storage Optimization

(1) Introduce a memory fragmentation arrangement mech-
anism to real-time optimize memory allocation and reduce
memory waste;

(2) Adopt a storage hierarchy strategy: store frequently
accessed complex data in high-speed SSDs and infrequently
accessed data in mechanical hard disks;

(3) Compress stored data through data compression tech-
nologies (such as ZIP, LZ4) to reduce storage costs. Com-
bined with dynamic memory sparsification technology, it
can effectively solve the problem of KV cache expansion.
In long-sequence time-series data processing, memory usage
is reduced by 75%.

V. INTEGRATED SCHEME OF MULTI-PATH
COLLABORATIVE IMPROVEMENT
Construct a "model-data-engineering" three-dimensional
collaborative optimization system, clarifying the collabora-
tion mechanism and priority of each dimension:

(1) Model compression as the core to reduce basic com-
putational complexity;

(2) Data preprocessing as the support to reduce compu-
tational overhead of invalid data;

(3) Engineering optimization as the guarantee to improve
the adaptability efficiency of hardware and architecture.
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Design differentiated collaborative strategies for different
complex data scenarios:

(1) For high-dimensional heterogeneous data, prioritize
"architecture optimization + quantization + parallel prepro-
cessing";

(2) For dynamic time-series data, prioritize "dynamic
inference + cache reuse + distributed inference";

(3) For edge-side sparse data, prioritize "knowledge dis-
tillation + pruning + FPGA adaptation".

Achieve the maximum efficiency improvement effect
through collaborative optimization.

VI. EMPIRICAL ANALYSIS AND CASE VERIFICATION

A. EXPERIMENTAL DESIGN

1) Experimental Data Selection

Three types of typical complex datasets are selected to cover
different scenario requirements:

(1) Dataset A (medical multi-modal data): contains
100,000 cases, including text, CT images, and physiological
signals, with a dimension of 5000;

(2) Dataset B (industrial time-series data): equipment
monitoring data from a factory, with a total of 1 million
time-series records and a sampling frequency of 10Hz;

(3) Dataset C (astronomical sparse data): solar obser-
vation data, including 100,000 satellite images with an
effective information ratio of 5%.

The basic information of the datasets is shown in Table
2.

2) Experimental Models and Comparative Schemes

The experimental model adopts an improved Transformer-
based model (integrating the algorithm optimization strategy
proposed in this paper), denoted as Opt-Model (32B pa-
rameters, with a 1.2B lightweight sub-model for edge-side
deployment).

Comparative schemes include: baseline model (standard
Transformer, 32B), single optimization model (only adopt-
ing quantization or pruning, 32B), and existing mainstream
models (Tongyi Qianwen QwQ-32B (official open-source
basic version), GPT-3 (text-davinci-003 version)). All mod-
els are deployed on the same hardware environment (Intel
Xeon Gold 6330, NVIDIA A100 (80GB), 256GB memory,
2TB SSD) with the same software configuration (Python
3.9, PyTorch 2.0, CUDA 11.7), ensuring the fairness of
comparison and the standardization of benchmarking for
efficiency indicators such as inference latency.

3) Evaluation Index Setting
Evaluation indexes are set from three dimensions: accuracy,
efficiency, and robustness:

(1) Accuracy indexes include Accuracy (Acc), Fl-score
(F1), and Recall (Rec);

(2) Efficiency indexes include Training Time (Tt), Infer-
ence Latency (Ti), Memory Usage (M), and Model Volume
(S);
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(3) The robustness index adopts the accuracy loss rate
(Lr) after adding 10% noise.
The specific definitions of indexes are shown in Table 3.

4) Experimental Environment and Parameter Settings
Hardware environment: CPU is Intel Xeon Gold 6330, GPU
is NVIDIA A100 (80GB), memory is 256GB, storage is
2TB SSD;

Software environment: Python 3.9, PyTorch 2.0, CUDA
11.7.

Model parameters: Both Opt-Model and the baseline
model have a parameter scale of 32B, the initial learning
rate is le-4, the batch size is 32, and the number of training
epochs is 100.

B. EMPIRICAL VERIFICATION OF ALGORITHM
OPTIMIZATION STRATEGIES

The accuracy and robustness test results of different models
on the four datasets are shown in Table 4. It can be
seen from the results that Opt-Model performs the best on
all datasets in task-specific accuracy: On Dataset A, the
accuracy reaches 92.3%, which is 12.1 percentage points
higher than the baseline model, and the F1-score is increased
by 11.8 percentage points;

On Dataset B, the recall rate reaches 94.5%, which is 8.7
percentage points higher than GPT-3;

On Dataset C, the accuracy loss rate after adding noise is
only 4.2%, which is 10.3 percentage points lower than the
single optimization model.

On Dataset D, the fabric performance parameter pre-
diction accuracy reaches 90.8%, which is 11.5 percentage
points higher than the baseline model.

This indicates that the algorithm optimization strategy
proposed in this paper can effectively improve the model’s
feature capture ability and robustness for complex data, and
adapt to the processing needs of different types of complex
data.

C. EMPIRICAL VERIFICATION OF EFFICIENCY
IMPROVEMENT PATHS

The test results of different efficiency schemes are shown
in Table 5. The inference latency comparison (1500ms
vs. 150ms) mentioned in the paper is based on the same
hardware environment (NVIDIA A100 (80GB)) for the
baseline model (standard Transformer, 32B) and the Opt-
Model lightweight sub-model (1.2B) in industrial equipment
fault prediction task, which is a standardized comparison of
the same task on the same hardware.

It can be seen from the results that the multi-path collab-
orative optimization proposed in this paper has a significant
effect:

The model volume is reduced by 85%, memory usage
is decreased by 80%, inference speed is increased by 10
times, training time is shortened by 5 times, and the task-
specific accuracy loss is only 3% (the general reasoning
capability decreases by about 5%), which is far superior
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TABLE 2. Detailed Information of Experimental Datasets

Dataset Data Type

Data Volume

Core Features Processing Task

A (Medical) Multi-modal heterogeneous data

B (Industrial) Dynamic time-series data

C (Astronomical) Sparse image data

100,000 cases
1 million records

100,000 images

High-dimensional, heterogeneous Disease diagnosis and prognosis
prediction

Dynamic, high real-time Equipment fault prediction
performance

Sparse, unstructured Solar flare recognition

TABLE 3. Definitions and Optimization Objectives of Experimental Evaluation Indexes

Index Type Index Name

Core Definition

Optimization Objective

Accuracy Index Accuracy (Acc)

(Number of correctly processed samples / Total number of

Maximization

samples) X 100%

Accuracy Index
Efficiency Index

Fl-score (F1)
Inference Latency (Ti)
Efficiency Index Memory Usage (M)

Robustness Index Accuracy Loss Rate (Lr)

2 X (Precision x Recall) / (Precision + Recall)

Average time for single sample processing (ms)
Maximum memory usage during model operation (GB)
(Accuracy before noise - Accuracy after noise) / Accuracy

Maximization
Minimization
Minimization
Minimization

before noise X 100%

TABLE 4. Accuracy and Robustness Test Results of Different Models

Model Dataset A (Medical) Dataset B (Industrial) Dataset C (Astronomical) Dataset D (Textile Engineering) Average Accuracy Loss Rate (Lr)
Acc (%) Fl1 (%) Acc (%) Rec (%) Acc (%) F1 (%) Acc (%) Fl1 (%)

Baseline Model (Transformer) 80.2 79.5 83.1 83.5 78.6 77.3 79.3 78.6 14.5%

Single Optimization Model (Quantization) 85.7 84.3 86.9 87.1 82.4 81.5 84.2 83.5 12.8%

GPT-3 88.5 87.9 86.3 87.4 859 84.7 87.8 86.9 8.7%

Opt-Model (Proposed in This Paper) 92.3 91.3 90.7 94.5 91.2 90.5 90.8 89.7 4.2%

TABLE 5. Test Results of Different Efficiency Improvement Schemes

Efficiency Improvement Scheme Model Volume (S) Memory Usage (M) Inference Latency (Ti) Training Time (Tt) Accuracy
Loss Rate
(Lr)
No Optimization (Baseline) 32GB 64GB 2000ms 100h 0%
Single Quantization (INT8) 8GB 32GB 667ms 80h 5%
Quantization + Pruning 6.4GB 25.6GB 400ms 60h 4.5%
Collaborative Optimization (Proposed in This 4.8GB 12.8GB 200ms 20h 3%
Paper)

to the effect of a single technology optimization. The
extreme compression effect is achieved by the synergistic
effect of multiple technologies, which avoids the significant
performance degradation caused by a single compression
method.

D. ANALYSIS OF PRACTICAL APPLICATION CASES

1) Case 1: Industrial Equipment Fault Prediction

A certain auto parts factory needs to real-time process
dynamic time-series data such as equipment vibration and
temperature to realize fault prediction.

The original scheme adopted a standard Transformer
model, which had problems of long inference latency
(1500ms) and low accuracy (Acc=82%).

After adopting the Opt-Model and collaborative efficiency
improvement scheme proposed in this paper:

(1) The model inference latency is shortened to 150ms,
meeting real-time requirements;

(2) The fault prediction accuracy is increased to 94.5%,
and the false positive rate is reduced by 20%;
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(3) The equipment failure rate is reduced by 15%, saving
3 million yuan in annual maintenance costs.

2) Case 2: Solar Flare Recognition

The National Astronomical Observatory needs to process
solar observation sparse image data to realize accurate
recognition of solar flares.

The original scheme adopted a traditional CNN model,
with a recognition accuracy of only 83.5% and low pro-
cessing efficiency.

After adopting the optimization scheme proposed in this
paper:

(1) The model recognition accuracy is increased to 91.2%;

(2) The processing speed is increased by 10 times;

(3) It can support real-time analysis of observation data
from the "Kuafu-1" satellite, providing efficient support for
solar activity prediction.

3) Case 3: Medical Multi-modal Diagnosis
A Grade A tertiary hospital needs to process multi-modal
data such as case texts and CT images to assist disease
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diagnosis.

After adopting the scheme proposed in this paper:

(1) The model diagnosis accuracy is increased from
80.2% to 92.3%, and the diagnosis time is shortened from
5 minutes to 30 seconds;

(2) At the same time, the model’s ability to recognize
rare diseases is significantly enhanced, providing important
reference for clinical diagnosis.

VIl. CONCLUSION

A. CORE PROBLEMS AND SOLUTIONS

This paper clarifies three core problems faced by Al large
models in processing complex textile engineering data and
fabric performance variables: insufficient algorithm general-
ization ability across diverse fiber types and medical feature
types, high training costs, excessive memory overhead, high
power consumption, and low inference throughput in real-
time weaving defect detection and medical diagnosis, and
poor data adaptability to the high heterogeneity of tex-
tile manufacturing parameters and astronomical observation
data. The root causes lie in insufficient matching degree
between model architecture and complex data features,
unreasonable resource allocation, and lack of targeted opti-
mization schemes.

The solutions are:

(1) Optimize model architecture and training-inference
logic at the algorithm level to adapt to the multi-feature
needs of complex data, and design a 1.2B lightweight sub-
model for edge-side deployment on the basis of the 32B
main model;

(2) Construct a multi-dimensional collaborative optimiza-
tion system at the efficiency level based on structured prun-
ing, mixed-precision quantization and knowledge distillation
to balance task-specific accuracy and efficiency, and distin-
guish the application scenarios of distributed architecture
(cloud-side training/inference) and lightweight deployment
(edge-side inference);

(3) Design differentiated schemes combined with specific
scenarios (textile engineering, medical, industrial, astronom-
ical) at the application level to improve feasibility, and
analyze the performance limitations of the model in extreme
complex data scenarios.

B. CORE POINTS OF ALGORITHM OPTIMIZATION AND
EFFICIENCY IMPROVEMENT

At the algorithm optimization level, customized architec-
tures such as adaptive attention and two-stage multi-modal
fusion are proposed to enhance the model’s feature cap-
ture ability for complex textile defect patterns and fabric
performance parameters. Combined with adaptive learning
rates and dynamic inference, these strategies significantly
improve robustness when processing heterogeneous textile
manufacturing data and medical multi-modal data, ensur-
ing high precision in the automated identification of fiber
irregularities, weaving inconsistencies, disease features and
astronomical target features. At the same time, the paper
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clearly points out that the 3% accuracy loss is only for task-
specific performance, and the general reasoning capability
of the compressed model decreases by about 5%, which
objectively reflects the trade-off between model compression
and performance.

At the efficiency improvement level, a "model
compression-data preprocessing-engineering optimization”
collaborative system is constructed, integrating technologies
such as structured pruning, mixed-precision quantization,
dynamic memory sparsification, and distributed architecture.
The system realizes hierarchical deployment of the model:
the "multi-node + multi-GPU" distributed architecture is
used for cloud-side training and inference of the 32B main
model, and the 1.2B lightweight sub-model is deployed
on edge hardware (FPGA/Jetson AGX Orin, power con-
sumption <15W) to realize real-time processing of complex
data on edge devices. On the premise that the task-specific
accuracy loss does not exceed 3%, the 32B model volume
can be reduced by 85% and the inference speed can be
increased by 10 times.

C. EMPIRICAL VERIFICATION CONCLUSIONS
Experimental and case verifications show that the optimiza-
tion scheme proposed in this paper performs excellently in
complex data processing in multiple fields such as medical
care, industry, and scientific research, which can effectively
improve processing accuracy, efficiency, and robustness, and
has broad application value. It should be noted that the
Opt-Model is mainly optimized for typical complex data
(dimensionality 5000-8000, noise ratio <10%, sufficient
sample size) in mainstream engineering scenarios, and has
certain limitations in processing extreme complex data:
it is difficult to maintain high performance in ultra-high-
dimensional sparse data (dimensionality > 10000), strong-
noise heterogeneous data (noise ratio > 30%) and cross-
domain extreme small-sample complex data (sample size <
100), which is mainly due to the fixed threshold setting of
the model’s feature screening and noise filtering modules.
The follow-up research will focus on the failure mechanism
analysis of the model in extreme complex data processing
scenarios, and optimize the adaptive threshold adjustment
mechanism and transfer learning framework to further im-
prove the model’s generalization ability. This research has
laid a solid theoretical and experimental foundation for
the subsequent in-depth research on extreme complex data
processing.
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