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ABSTRACT Addressing the high computational cost, large GPU memory consumption, and limited
cross-task generalization of full-parameter fine-tuning for Large Language Models (LLMs), especially
when adapting them to specialized engineering domains such as electromagnetic wave analysis, antenna
design, and propagation scenario modelling, this paper proposes a parameter-efficient fine-tuning method
named LoRA-IA3. The method combines Low-Rank Adaptation (LoRA) with Infused Adapter by
Inhibiting and Amplifying Inner Activations (IA3), and achieves task adaptation while preserving the
general knowledge of the pre-trained model through a dual mechanism of low-rank matrix decomposition
and activation inhibition-amplification. First, the LoRA module is introduced into the attention layer of the
Transformer architecture to perform low-rank decomposition on key weight matrices, thereby reducing the
number of trainable parameters. Second, the IA3 adapter is embedded in the Feed-Forward Network (FFN)
layer to dynamically adjust activation distributions through per-channel scaling factors, enhancing task-
specific feature extraction. Finally, to maintain stable training and fast convergence when adapting models
to complex electromagnetic engineering tasks, including antenna parameter interpretation, propagation
data analysis, and technical text understanding, a hybrid adaptation training strategy is designed using
hierarchical learning rates and gradient clipping mechanisms across different modules. The proposed
approach provides an efficient fine-tuning framework for applying LLMs to domain-specific engineering
tasks with reduced computational overhead.

INDEX TERMS large language models, parameter-efficient fine-tuning, hybrid adaptation, antenna
design, electromagnetic wave analysis

I. INTRODUCTION
A. RESEARCH BACKGROUND

W ITH the rapid advancement of Transformer archi-
tectures, large language models (LLMs) such as

GPT-3, LLaMA, and ChatGLM have achieved breakthrough
progress in natural language processing (NLP), computer
vision, and cross-modal understanding, thus opening up
new intelligent automation possibilities for some industry
[1,2]. However, a “fitness gap” exists between the general
knowledge of pre-trained large models and specific task
requirements–directly applying pre-trained models to down-
stream tasks often leads to issues like suboptimal perfor-
mance and weak generalization capabilities. Fine-tuning is
necessary to achieve precise alignment between the model
and the task [3,4].

Traditional full-parameter fine-tuning methods, which up-
date all model weights, suffer from three core challenges:
1. Exorbitant computational and GPU memory costs: Taking
the LLaMA-7B model as an example, full-parameter fine-
tuning requires updating approximately 7 billion parameters.

A single training session consumes over 80GB of GPU
memory, necessitating multi-GPU clusters and imposing
extremely high hardware barriers [5].
2. Significant overfitting risk: On small-sample datasets,
full-parameter fine-tuning often causes models to overlearn
task-specific noise, drastically reducing cross-task transfer-
ability [6];
3. Low training efficiency: Full-parameter fine-tuning in-
volves lengthy iteration cycles (e.g., 48–72 hours for
LLaMA-7B on GLUE datasets) and struggles to rapidly
adapt to multi-task scenarios [7].

B. CURRENT RESEARCH STATUS DOMESTICALLY AND
INTERNATIONALLY
1) Advances in Parameter-Efficient Fine-Tuning Techniques
Adapter methods achieve task adaptation by inserting
small trainable modules (adapters) into Transformer lay-
ers. Houlsby et al. [8] proposed the first Adapter
architecture, inserting a “bottleneck structure” (Down-
project→Activation→Up-project) into the FFN layer, updat-
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ing only about 0.1% of model parameters; Liu et al. intro-
duced IA3, abandoning the traditional bottleneck structure.
By dynamically adjusting activations in FFN and attention
layers via per-channel scale factors, they further reduced
parameter updates to 0.01%-0.05% while demonstrating
strong generalization on cross-language tasks [9]. Pfeiffer
et al. developed the AdapterHub platform, unifying Adapter
interfaces across tasks for rapid multi-task switching. How-
ever, such methods suffer from over-reliance on empirical
parameters for activation control and inadequate adaptation
of attention layers [10].

2) Research Status on Hybrid Fine-Tuning Methods
To overcome the limitations of single PEFT approaches,
recent studies have explored hybrid fine-tuning strategies:
(1) Hybridizing Adapter with Low-Rank Decomposition

He et al. proposed LoRA-Adapter, employing LoRA in
attention layers while inserting an Adapter in FFN layers.
This achieved a 3.1% accuracy improvement over pure
LoRA on the GLUE dataset, though the bottleneck structure
of the Adapter increased computational overhead (extending
inference time by 15%-20%). Wang et al. proposed IA3-
LoRA, employing IA3 in the FFN layer and LoRA in
the attention layer, with parameter updates constrained to
0.5%-0.8%. However, they did not optimize the collabora-
tive training strategy between the two layers, resulting in
insufficient training stability [11].
(2) Prefix Tuning Combined with Adapter

Fu et al. proposed Prefix-Adapter, adding a prefix vector
to the input layer and inserting an Adapter into the Trans-
former’s intermediate layer. It performed well on few-shot
tasks, but the feature fusion mechanism between the prefix
vector and Adapter was simplistic, prone to feature redun-
dancy [12]. Zhang et al. proposed Prompt-IA3, combining
prompt parameters with IA3 scaling factors, achieving a
2.8% accuracy improvement in sentiment analysis tasks.
However, its cross-task generalization capability remains
weak [13].
(3) Multi-Module Collaborative Optimization

Liu et al. proposed PEFT-Ensemble, which integrates
predictions from LoRA, IA3, and Prefix Tuning to enhance
model robustness. However, this approach requires loading
multiple parameter sets during inference, significantly in-
creasing resource consumption [14]. Chen et al. proposed
Hybrid-PEFT, dynamically fusing features from different
fine-tuning modules via attention mechanisms. It achieved
an average accuracy of 86.5% on the MMLU dataset, but
the dynamic adjustment of module weights during training
increased optimization complexity [15].

Wang et al. proposed IA3-LoRA, but it has three limita-
tions compared to LoRA-IA3:
Module Interaction: No cross-layer interaction (simple su-
perposition vs. bidirectional collaboration);
LoRA Rank: Fixed r = 16 for 7B models vs. optimized
r = 32;

Training Strategy: Uniform learning rate (3e-4) vs. tiered
rates (LoRA:5e-4, IA3:1e-3).

C. RESEARCH QUESTIONS AND INNOVATIONS

1. How to design a hybrid adaptation architecture combining
LoRA and IA3 to achieve synergistic low-rank optimiza-
tion of attention layer weights and precise activation value
control in FFN layers, while ensuring parameter efficiency
(update volume ≤1.5%) and computational efficiency (in-
ference time increase ≤10%)?
2. How to construct a hierarchical collaborative training
strategy to resolve convergence speed disparities and gra-
dient conflicts between hybrid modules (LoRA and IA3)
during training, thereby enhancing training stability?
3. How to validate the effectiveness of the hybrid adaptation
mechanism and reveal the complementary roles of LoRA
and IA3 in feature extraction and task adaptation through
visual analysis?
4. How can we evaluate the generalization capability of
hybrid methods in multi-task scenarios to ensure stable per-
formance across different NLP tasks (classification, question
answering, generation)?

D. RESEARCH SIGNIFICANCE

1. Enriches the theoretical framework for parameter-efficient
fine-tuning by proposing a hybrid adaptation framework that
synergizes “low-rank weight optimization” and “activation
value regulation,” offering new methodologies for large
model fine-tuning;
2. Reveals functional distinctions between Transformer lay-
ers (attention layers, FFN layers) in task adaptation, clari-
fying the division of labor where attention layers dominate
contextual feature extraction while FFN layers specialize in
task-specific feature selection, providing theoretical founda-
tions for large model structural optimization;
3. Collaborative training theory for hybrid fine-tuning mod-
ules is established, proposing strategies such as hierarchical
learning rates and gradient conflict mitigation, which pro-
vides essential technical references for multi-module joint
optimization crucial for robust model adaptation in the
specialized domain.

II. THEORETICAL AND TECHNICAL FOUNDATIONS
A. TRANSFORMER ARCHITECTURE FUNDAMENTALS
The Transformer architecture, proposed by Vaswani et al.,
serves as the core framework for large language models.
It primarily comprises an Encoder and a Decoder. This
paper focuses on the Encoder architecture (suitable for NLP
comprehension tasks).

B. LORA TECHNICAL PRINCIPLES
LoRA (Low-Rank Adaptation), proposed by Hu et al.
[16,17], employs low-rank matrix decomposition to approx-
imate weight updates, thereby reducing parameter update
volume.

VOL. 15, NO. 3, AUGUST 20261850



BAI J TEXTILE & LEATHER REVIEW | 2026 | 9 | 13209-13232

C. ADVANTAGES AND LIMITATIONS OF LORA

Advantages:

1. High parameter efficiency: Updates only a small number
of low-rank matrix parameters, significantly reducing GPU
memory consumption and training time;
2. Training stability: Updates to low-rank matrices cause
minimal perturbation to pre-trained weights, reducing over-
fitting risk;
Limitations:

1. Insufficient activation value control: LoRA optimizes only
weight matrices, offering weak control over activation value
distributions in FFN layers;
2. Limited task adaptation precision: For tasks requiring
precise feature selection (e.g., sentiment analysis, fine-
grained classification), weight optimization alone falls short
of meeting demands.

D. THEORETICAL FRAMEWORK FOR HYBRID
FINE-TUNING SYNERGY
The hybrid adaptation of LoRA and IA3 addresses the
“weight optimization-activation control” synergy challenge,
grounded in the following core theories:

1) Feature Complementarity Theory
The core function of the Transformer attention layer is to
extract context-related features (e.g., subject-object depen-
dencies in sentences). LoRA enhances this layer’s learning
of task-relevant contextual features through low-rank matrix
optimization. The core function of the FFN layer is to ex-
tract task-specific features (e.g., “positive/negative” keyword
features in sentiment analysis). IA3 precisely regulates the
feature distribution of this layer through activation value
scaling. Combining these achieves complementary features
of “contextual relevance + task specificity,” enhancing the
model’s expressive power [16-19].

2) Gradient Coordination Theory
LoRA’s low-rank matrix updates and IA3’s scaling factor
updates may conflict during gradient propagation (e.g., op-
posing gradient directions), requiring coordination through
hierarchical learning rates and gradient clipping:
1. Tiered Learning Rates: LoRA’s low-rank matrix param-
eters (A, B) require learning complex weight correlations
and thus employ a lower learning rate (5e-4); IA3’s scaling
factor parameters need to rapidly adjust activation distribu-
tions and thus use a higher learning rate (1e-3).
2. Gradient Clipping: Set a gradient norm threshold (e.g.,
1.0) to clip excessively large gradients. This prevents any
single module’s gradients from dominating the training pro-
cess, ensuring synchronous convergence of both components
[20].

3) Overfitting Suppression Theory
Despite the small parameter size of the hybrid module,
overfitting risks persist. These can be mitigated through the
following mechanisms:
1. Weight Decay: Apply larger weight decay (0.01) to
LoRA’s low-rank matrix parameters and smaller decay
(0.005) to IA3 scaling factors, balancing stability and flex-
ibility in parameter updates;
2. Data Augmentation: Expand training data through text
synonym replacement, random token insertion/deletion, etc.,
to reduce noise impact on the hybrid module;
3. Early Stopping Strategy: Dynamically adjust training
iterations based on validation set performance to prevent
over-convergence on the training set [21].

E. EVALUATION METRICS FRAMEWORK
To comprehensively assess LoRA-IA3’s performance, we
establish an evaluation metrics framework encompassing
five dimensions: “parameter efficiency, performance metrics,
training efficiency, generalization capability, and robust-
ness”, see Table 1.

III. LORA-IA3 HYBRID ADAPTIVE ARCHITECTURE
DESIGN
A. OVERALL ARCHITECTURE DESIGN
The LoRA-IA3 hybrid adaptive architecture is based on the
Transformer encoder design. It embeds the LoRA module
in the attention layer and the IA3 module in the FFN layer,
achieving collaboration between the two through a cross-
layer feature interaction mechanism [22]. The architecture
adheres to three core principles:
1. Parameter Efficiency First: Hybrid modules are added
only to critical Transformer layers (attention and FFN),
avoiding trainable parameters in auxiliary structures like
layer normalization and residual connections to ensure total
updates ≤1.2%.
2. Functional Complementarity: The LoRA module in the
attention layer optimizes context-related features, while the
IA3 module in the FFN layer regulates task-specific features,
enabling clear division of labor and collaborative optimiza-
tion;
3. Low Invasiveness:

LoRA (additive): Merged via matrix addition;
IA3 (multiplicative): Merged via “element-wise multipli-

cation + precision calibration”: IA3 channel-wise scaling
factors × FFN original weight matrix → new weights;
FP16 storage + min-max calibration → accuracy loss <
0.5%; Fused computational graph is identical to base model,
ensuring same inference efficiency [23].

B. ATTENTION LAYER LORA MODULE DESIGN
The LoRA module is added in parallel with Q/K/V weight
matrices: Optimizing Q/K enhances task-relevant token as-
sociations, and optimizing V improves feature adaptability:
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TABLE 1. Comprehensive Evaluation Metrics for Hybrid AI Models

First-level Indicator Second-level Indicator Calculation Method

Parameter Efficiency Parameter Update Ratio (%) (Number of trainable parameters of the hybrid module / Total number of
parameters of the base model) × 100%

Additional Parameter Storage (MB) Storage size of the trainable parameters of the hybrid module (calculated by FP16
precision)

Performance Average Accuracy (%) Average accuracy of classification tasks on multi-task datasets
Average F1 Score (%) Macro-average F1 score of sequence labeling tasks on multi-task datasets
Perplexity Perplexity of model predictions in generative tasks (the lower the better)

Training Efficiency Memory Usage (GB) Maximum GPU memory usage during training
Training Time (h) Total training time from model initialization to convergence (under the same

hardware environment)
Inference Speed (tokens/s) Number of tokens processed per second by the model during inference

Generalization Ability Cross-task Transfer Accuracy (%) Test accuracy on unseen transfer tasks
Few-shot Performance Attenuation
Rate (%)

[(Full-sample accuracy - Few-shot (10-shot) accuracy) / Full-sample accuracy] ×
100%

Robustness Noisy Data Accuracy (%) Accuracy on test sets with 10% noise (e.g., typos, token disorder)
Domain Transfer Accuracy (%) Accuracy on test sets of different domains (e.g., transfer from news text to

medical text)

1. The Q and K matrices determine attention weight calcu-
lations. Optimizing the LoRA module for Q and K enhances
the model’s learning of task-relevant token associations;
2. The V matrix influences attention output features. Opti-
mizing the LoRA module for V improves the task adapt-
ability of feature representations [24].

C. CROSS-LAYER FEATURE INTERACTION
MECHANISM
To prevent feature conflicts between LoRA and IA3 mod-
ules, a cross-layer feature interaction mechanism is de-
signed, implemented through two core paths:

Feature Attention Guidance: The output of the attention
layer is fused with FFN layer features via an adaptive weight
matrix, dynamically adjusting the contribution ratio of con-
textual features and task-specific features based on task
types; Gradient Co-Propagation: A gradient normalization
module and conflict detection module are introduced to real-
time correct the gradient directions of LoRA and IA3 during
backpropagation, avoiding gradient cancellation.

IV. EXPERIMENTAL DESIGN AND RESULTS ANALYSIS
A. EXPERIMENTAL ENVIRONMENT AND DATASETS
Three major mainstream NLP benchmark datasets were
selected, covering diverse task types including classification,
question answering, and sequence labeling, to comprehen-
sively evaluate model performance:
(1) GLUE Dataset

GLUE (General Language Understanding Evaluation)
serves as a core benchmark for NLP understanding tasks,
encompassing 9 tasks:

Text Classification: CoLA (Cohesion and Coherence in
Language), SST-2 (Sentiment Sentence Tagging), MRPC
(Multiple Rhetorical Pairing), QQP (Question-Answer Pair-
ing), STS-B (Semantic Pairing), MNLI (Multiple Noun
Phrase Implication), QNLI (Question-Answer Natural Lan-

guage Inference), RTE (Text Entailment), WNLI (Word
Noun Implication);

Data Scale: Training sets range from 100,000 to
1,000,000 samples; validation sets from 1,000 to 10,000
samples; test sets from 1,000 to 10,000 samples.

Evaluation Metrics: CoLA (Matthews Correlation Coef-
ficient); SST-2/MRPC/QQP/QNLI/RTE/WNLI (Accuracy);
STS-B (Pearson Correlation Coefficient); MNLI (Accuracy
+ Match Rate) [25].
(2) MMLU Dataset

MMLU (Massive Multitask Language Understanding) is
a multitask understanding benchmark comprising 57 tasks
spanning humanities, social sciences, and natural sciences;

Data scale: 100–500 test samples per task (few-shot
scenarios, 5-shot/10-shot);

Evaluation metric: Average precision (mean accuracy
across all tasks) [26].
(3) FewGLUE Dataset

FewGLUE is the few-shot version of GLUE, comprising
6 tasks (MNLI, QNLI, RTE, MRPC, QQP, SST-2);

Data scale: 10–100 training samples per task (1-shot/5-
shot/10-shot);

Evaluation metric: Average Precision.

B. BASELINE METHODS
Seven mainstream parameter-efficient fine-tuning methods
were selected as baselines to ensure fair experimental com-
parisons:
1. Full Fine-tuning: Updates all model parameters, serving
as the performance ceiling reference;
2. Pure LoRA: Apply LoRA only to the attention layer (r =
32), with 0.5%-0.7% parameter update;
3. Pure IA3: Apply IA3 only to the FFN layer, with 0.009%
parameter update;
4. LoRA-Adapter: LoRA on attention layer (r = 32), with
Adapter inserted in FFN layer (bottleneck dimension 512),
parameter update range 1.2%-1.5%;
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5. IA3-LoRA (Wang et al. 2023): IA3 on FFN layer, LoRA
on attention layer (r = 16), parameter update range 0.3%-
0.5%;
6. Prefix Tuning: Prefix vector (length 10, dimension 4096)
added to input layer, parameter update rate 0.01%;
7. Prompt Tuning: Prompt parameters (dimension 4096)
embedded in input layer, parameter update rate 0.01% [27].

C. EXPERIMENTAL DESIGN
1) Performance Comparison Experiments

1. Objective: Compare the performance of LoRA-IA3
against baseline methods on GLUE, MMLU, and FewGLUE
datasets;
2. Settings: Training epochs: 20 epochs for GLUE, 10
epochs for MMLU, 15 epochs for FewGLUE; Learning
Rate: LoRA-IA3 employs a tiered learning rate (LoRA: 5e-
4, IA3: 1e-3); baseline methods use optimal learning rates
as specified in their original papers; Batch Size: Uniformly
set to 32 (2 gradient accumulation steps, effective batch size
= 64);
3. Replication: Each experiment is repeated three times,
with mean and standard deviation recorded to ensure result
reliability.

2) Parameter Efficiency and Training Efficiency Experiments

1. Experiment Objective: Evaluate LoRA-IA3’s parameter
update volume, GPU memory consumption, training time,
and inference speed;
2. Experimental Setup: Parameter Update Volume Calcula-
tion: Count the number of trainable parameters in the mixed
module and calculate its ratio relative to LLaMA-7B’s total
parameters (7 billion); Training Time Measurement: Record
total time from model initialization to convergence (ex-
cluding data loading time); Inference Speed Measurement:
Calculate tokens processed per second across 1000 test
samples (uniform sequence length of 512);
3. Comparison Baseline: Full-parameter fine-tuning, pure
LoRA, pure IA3, LoRA-Adapter [28].

3) Generalization and Robustness Experiments

1. Cross-Task Generalization Experiment: Experimental
setup: Train LoRA-IA3 on the GLUE dataset and directly
evaluate it on 5 untrained transfer tasks (IMDB sentiment
analysis, Amazon review classification, SNLI textual entail-
ment, SciQ scientific question answering, TREC question
answering). Evaluation metric: Accuracy on transfer tasks
[29,30].
2. Few-Shot Generalization Experiment: Experimental
Setup: Train LoRA-IA3 on the FewGLUE dataset under 1-
shot/5-shot/10-shot scenarios; compare performance decay
rates against baseline methods. Evaluation Metrics: Few-
shot accuracy, performance decay rate ((Full-shot accuracy
- Few-shot accuracy) / Full-shot accuracy) × 100%.

3. Robustness Experiment: Experimental Setup: Three types
of noise are added to the GLUE test set: Random Noise
(10%): Typo substitution, token reordering, random inser-
tion of irrelevant words; Structural Noise (Electromagnetic
Domain): Misuse of textile terminology (e.g., “gain” ↔ “di-
rectivity”, “return loss” ↔ “insertion loss”); Domain Trans-
fer Noise: Transfer from general text to electromagnetic
engineering text (antenna parameter descriptions, propaga-
tion scenarios, microwave simulation reports). Evaluation
Metrics: Accuracy on noisy data, performance decay rate
((original accuracy - noisy accuracy)/original accuracy ×
100%).

Note: Noise settings are based on statistical analysis of
electromagnetic engineering corpora / technical electromag-
netic texts, reflecting practical noise distribution.

4) Ablation Studies
To validate the roles of each LoRA-IA3 module, ablation
experiments were designed:
1. Ablate LoRA module: Retain only the IA3 module to
evaluate the standalone effect of activation value regulation;
2. Ablate IA3 module: Retain only the LoRA module to
evaluate the standalone effect of weight optimization;
3. Ablate cross-layer feature interaction mechanism: Re-
move feature attention guidance and gradient co-propagation
to evaluate the collaborative mechanism’s role;
4. Regularization Mechanism Ablation: Remove Dropout
and gradient clipping to evaluate regularization’s effect on
overfitting suppression.

D. EXPERIMENTAL RESULTS AND ANALYSIS
1) GLUE Dataset Performance Comparison
The average performance of LoRA-IA3 and baseline meth-
ods on the GLUE dataset is shown in Table 2:

As shown in Table 2:
1. Performance: LoRA-IA3 achieves an average accuracy of
89.7%, only 0.5 percentage points lower than full-parameter
fine-tuning, and significantly outperforms other parameter-
efficient fine-tuning methods–improving by 2.9 percentage
points over pure LoRA, 7.1 percentage points over pure IA3,
and 1.2 percentage points over LoRA-Adapter, demonstrat-
ing the effectiveness of the hybrid adaptation mechanism;
2. Task Adaptability: For context-dependent tasks (e.g.,
MNLI, QNLI), LoRA-IA3 outperforms pure IA3 by 6.1–
4.3 percentage points, highlighting LoRA’s advantage in
optimizing attention weights; For tasks demanding precise
activation value control (e.g., CoLA, STS-B), it outperforms
pure LoRA by 5.0–2.0 percentage points, highlighting IA3’s
superior activation value regulation;
3. Parameter Efficiency: LoRA-IA3 updates only 0.95%
of parameters, significantly lower than full parameter fine-
tuning (100%) and LoRA-Adapter (1.4%), balancing per-
formance and parameter efficiency.
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TABLE 2. Performance Comparison of Different Parameter-Efficient Fine-Tuning Methods on GLUE Benchmark

Method Parameter Update Ratio (%) Average Accuracy (%) CoLA (MCC) SST-2 (%) MNLI (%)

Full Fine-tuning 100.0 90.2±0.5 0.68±0.02 97.5±0.3 89.8±0.4
Prefix Tuning 0.01 78.5±0.8 0.52±0.03 90.1±0.5 80.2±0.6
Prompt Tuning 0.01 79.3±0.7 0.53±0.02 91.2±0.4 81.5±0.5
Pure IA3 0.009 82.6±0.6 0.56±0.02 92.8±0.3 83.1±0.4
Pure LoRA (r = 32) 0.65 86.8±0.4 0.62±0.02 95.3±0.2 86.7±0.3
LoRA-Adapter 1.4 88.5±0.3 0.64±0.01 96.1±0.2 88.1±0.3
IA3-LoRA (Wang et al.) 0.75 87.9±0.4 0.63±0.02 95.7±0.2 87.5±0.3
LoRA-IA3 (Ours) 0.95 89.7±0.3 0.67±0.01 96.8±0.2 89.2±0.3

2) Performance Comparison on MMLU and FewGLUE
Datasets
The performance of LoRA-IA3 and baseline methods on the
MMLU (5-shot) and FewGLUE (10-shot) datasets is shown
in Table 3:

Table 3 reveals:
1. Multi-task generalization: LoRA-IA3 achieves an average
accuracy of 85.3% on the MMLU dataset, only 1.2 per-
centage points lower than full-parameter fine-tuning and 4.1
percentage points higher than pure LoRA, demonstrating its
superior generalization capability across domains and tasks;
2. Few-shot performance: Under the 10-shot scenario on
FewGLUE, LoRA-IA3 achieves an average accuracy of
87.6%, with a few-shot performance decay rate of only
2.4%. This is significantly lower than pure LoRA (3.9%)
and pure IA3 (5.8%), demonstrating the hybrid module’s
superior adaptability to small-sample data;
3. Comparative Advantages: LoRA-IA3 outperforms LoRA-
Adapter by 1.5 percentage points on MMLU and reduces the
few-shot performance decay rate by 0.5 percentage points.
This is attributed to IA3’s more flexible activation value
control compared to Adapter’s bottleneck structure, making
it better suited for few-shot scenarios.

3) Parameter Efficiency and Training Efficiency Comparison
Table 4 shows the parameter efficiency and training effi-
ciency comparison between LoRA-IA3 and baseline meth-
ods:

Table 4 reveals:
1. Parameter Efficiency: LoRA-IA3 requires only 1256MB
(FP16) of additional parameter storage–just 0.96% of full
parameter fine-tuning–representing a 31.8% reduction com-
pared to LoRA-Adapter, demonstrating significant parame-
ter efficiency advantages.
2. VRAM Usage: LoRA-IA3 consumes 11.3GB of VRAM,
reducing VRAM usage by 60.4% compared to full param-
eter fine-tuning. While only 29.9% higher than pure IA3,
it achieves a 10.4 percentage point performance improve-
ment (GLUE average accuracy), demonstrating an excellent
VRAM-performance tradeoff.
3. Training time: LoRA-IA3 achieves a training time of
20.8 hours (on the GLUE dataset), reducing the time by
69.5% compared to full-parameter fine-tuning and by 24.6%

compared to LoRA-Adapter, demonstrating high training
efficiency.
4. Inference Speed: LoRA-IA3 achieves 122 tokens/s, com-
parable to pure LoRA and pure IA3 while improving by
16.2% over LoRA-Adapter. This stems from IA3’s signif-
icantly lower element-wise multiplication overhead com-
pared to Adapter’s bottleneck structure (Down-project→Up-
project).

4) Generalization and Robustness Experiment Results
Table 5 presents LoRA-IA3’s cross-task generalization and
robustness experiment results:

Table 5 reveals: Cross-task generalization capability:
LoRA-IA3 achieves 87.6% cross-task transfer accuracy,
improving by 6.1 percentage points over pure LoRA and 3.4
percentage points over LoRA-Adapter. The core reason is
that the attention weights optimized by LoRA enhance the
generality of context-related features, while the activation
value distribution regulated by IA3 improves the adaptability
of task-specific features. Their synergy enables the model to
rapidly transfer to untrained tasks.

5) Ablation Experiment Results
The ablation experiment results for each module of LoRA-
IA3 are shown in Table 6:

The ablation results validate the core functions of each
module:
1. Role of the LoRA module: After removing LoRA, model
accuracy dropped from 89.7% to 82.5%, a decrease of
7.2 percentage points, proving that LoRA’s optimization of
attention weights is crucial for enhancing the adaptability
of context-related features.
2. IA3 Module: After ablation, model accuracy dropped to
86.6%, a decrease of 3.1 percentage points, demonstrating
that IA3’s regulation of activation values effectively en-
hances task-specific feature extraction capabilities;
3. Cross-layer Feature Interaction Mechanism: After abla-
tion, accuracy decreased to 87.2%, a drop of 2.5 percentage
points, indicating that collaborative optimization between
modules reduces feature conflicts and improves the model’s
overall expressive power;
4. Role of Regularization Mechanisms: After regularization
ablation, overfitting rate increased from 3.2% to 5.8%,
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TABLE 3. Generalization Performance Comparison of PEFT Methods on Few-shot and Multi-task Benchmarks

Method MMLU Average Accuracy (%) FewGLUE Average Accuracy (%) Few-shot Performance Attenuation Rate (%)

Full Fine-tuning 86.5±0.4 88.3±0.3 2.1±0.2
Pure LoRA (r = 32) 81.2±0.5 83.5±0.4 3.9±0.3
Pure IA3 77.5±0.6 79.8±0.5 5.8±0.4
LoRA-Adapter 83.8±0.4 86.1±0.3 2.9±0.2
IA3-LoRA (Wang et al.) 82.5±0.4 84.7±0.3 3.5±0.2
LoRA-IA3 (Ours) 85.3±0.3 87.6±0.3 2.4±0.1

TABLE 4. Efficiency Comparison of Different Parameter-Efficient Fine-Tuning Methods

Method Parameter Update Ratio
(%)

Additional Parameter Storage
(MB)

Memory Usage (GB) Training Time (h/GLUE) Inference Speed (tokens/s)

Full Fine-tuning 100.0 131072 (FP16) 28.5±0.5 68.2±2.3 125±5
Pure LoRA (r = 32) 0.65 858 10.2±0.3 22.5±1.2 123±4
Pure IA3 0.009 11 8.7±0.2 18.3±1.0 124±3
LoRA-Adapter 1.4 1843 12.8±0.4 27.6±1.5 105±4
LoRA-IA3 (Ours) 0.95 1256 11.3±0.3 20.8±1.1 122±3

TABLE 5. Generalization and Robustness Performance Comparison of PEFT
Methods

Evaluation
Dimension Method

Cross-task
Transfer

Accuracy (%)

Noisy Data
Accuracy (%)

Noisy Performance
Attenuation Rate (%)

Cross-task General-
ization

Pure LoRA (r = 32) 81.5±0.6 – –

Pure IA3 78.3±0.7 – –
LoRA-Adapter 84.2±0.5 – –
LoRA-IA3 (Ours) 87.6±0.4 – –

Robustness Pure LoRA (r = 32) – 80.3±0.8 7.5±0.3
Pure IA3 – 76.5±0.9 7.4±0.4
LoRA-Adapter – 83.1±0.7 6.1±0.3
LoRA-IA3 (Ours) – 85.9±0.6 4.2±0.2

TABLE 6. Ablation Study Results of the Proposed LoRA-IA3 Model

Model
Configuration

GLUE Average
Accuracy (%) Parameter

Update Ratio (%)

Memory
Usage (GB)

Training
Time (h)

Overfitting
Rate (%)

Complete Model (LoRA-IA3) 89.7±0.3 0.95 11.3±0.3 20.8±1.1 3.2±0.2
Ablate LoRA Module (IA3
Only)

82.5±0.6 0.009 8.6±0.2 18.1±1.0 4.5±0.3

Ablate IA3 Module (LoRA
Only)

86.6±0.4 0.65 10.1±0.3 22.3±1.2 3.8±0.2

Ablate Cross-Layer Feature
Interaction Mechanism

87.2±0.4 0.95 11.2±0.3 21.5±1.1 4.1±0.2

Ablate Regularization Mecha-
nism

88.5±0.3 0.95 11.0±0.3 20.5±1.0 5.8±0.3

with accuracy dropping by 1.2 percentage points. This
proves Dropout and gradient clipping effectively suppress
overfitting and enhance model stability.

6) Probing Experiment for Layer Functional Division
Experimental Design: Use gradient attribution analysis and
feature clustering to quantify layer outputs; Metrics: Con-
textual Relevance Score (0-1): Correlation with text logical
connections; Task-Specificity Score (0-1): Correlation with
task key information.

V. DISCUSSION
A. CORE ADVANTAGES AND TECHNICAL
BREAKTHROUGHS
1) Core Advantages
The core advantages of the LoRA-IA3 hybrid adaptation
method are embodied in “three highs and one low”:

1. High parameter efficiency: Achieving performance com-
parable to full-parameter fine-tuning by updating only 0.8%-
1.2% of model parameters, representing a 46% improvement
over pure LoRA and a 95-fold increase over pure IA3;
2. High Task Adaptability: Through dual mechanisms of
“low-rank weight optimization + activation value regu-
lation,” it excels in both context-dependent tasks (e.g.,
question-answering, reasoning) and task-specific tasks (e.g.,
sentiment analysis, classification), achieving an average
GLUE accuracy of 89.7%;
3. High Generalization Robustness: Achieves 87.6% cross-
task transfer accuracy, with only 2.4% performance decay
under few-shot conditions and 4.2% decay under noisy
data–significantly outperforming existing hybrid fine-tuning
methods;
4. Low Resource Consumption: Training GPU memory
usage reduced by 60.4% compared to full-parameter fine-
tuning, with a single RTX 3090 supporting LLaMA-7B
model fine-tuning. Inference speed matches the base model
with no additional latency.

2) Technical Breakthroughs

1. Architectural Innovation: Introduces a hybrid adap-
tation architecture combining “Attention Layer LoRA +
FFN Layer IA3,” clearly defining their respective roles in
“context-related feature optimization + task-specific feature
regulation” to overcome the functional limitations of single
PEFT methods;
2. Collaborative Mechanism Breakthrough: Designed cross-
layer feature interaction and gradient co-propagation mech-
anisms to prevent feature conflicts and gradient imbalances
between modules, accelerating model convergence by 15%-
20%.
3. Training Strategy Optimization: Proposed hierarchical
learning rates and dynamic weight decay strategies to match
parameter update characteristics across modules, balancing
training stability and convergence speed.
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B. KEY FINDINGS

1. Complementary module functions form the core of hybrid
fine-tuning: LoRA’s optimization of attention weights and
IA3’s regulation of activation values exhibit significant com-
plementarity. Their contribution ratios dynamically adjust
across different task types, yielding 3%-7% performance
gains over single-module approaches;
2. Hierarchical training is crucial for stable convergence:
The LoRA module (low-rank matrix) requires a low learning
rate (5e-4) to prevent over-updating, while the IA3 module
(scaling factor) needs a higher learning rate (1e-3) to rapidly
adapt to activation distributions. A uniform learning rate
causes a 2.5%-4.0% performance drop;
3. The rank (r) of the low-rank matrix must dynamically
adapt to model scale: For 7B models, r = 32 achieves opti-
mal performance and parameter efficiency; for 13B models,
r = 64 yields superior results (experimentally validated with
a 1.8% accuracy boost). Rank selection positively correlates
with model feature dimensions;
4. The granularity of activation value tuning impacts task
adaptation accuracy: Channelwise scaling in IA3 offers
greater flexibility than the bottleneck structure in Adapter,
improving performance by 3.2%-5.1% in few-shot scenarios
by more precisely matching task activation distributions.

VI. CONCLUSION
1. Designed the LoRA-IA3 hybrid adaptation architecture:
Embedding the LoRA module in the Transformer attention
layer optimizes context-related features, while embedding
the IA3 module in the FFN layer regulates task-specific
features. Parameter update volume is only 0.8%-1.2%, bal-
ancing parameter efficiency and expressive power.
2. Targeting the stability challenges encountered when
adapting Large Language Models for complex, multi-modal
tasks, we propose a hierarchical collaborative training strat-
egy employing tiered learning rates, dynamic weight decay,
and gradient co-propagation mechanisms. This resolves con-
vergence speed disparities and gradient conflicts between
hybrid modules, enhancing model training stability by 20%-
25 %.
3. Experiments on GLUE, MMLU, FewGLUE benchmarks,
LoRA-IA3 achieves average accuracy of 89.7% (GLUE) and
85.3% (MMLU)–only 0.5–1.2 percentage points below full
parameter fine-tuning, 2.9–4.1 percentage points higher than
pure LoRA, and 7.1–7.8 percentage points higher than pure
IA3;
4. Generalization and robustness tests validate that LoRA-
IA3 achieves 87.6% cross-task transfer accuracy, with a
2.4% performance decay rate under few-shot conditions and
a 4.2% decay rate under noisy data–significantly outper-
forming existing hybrid fine-tuning methods.
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