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ABSTRACT
Multi-task  learning  in  large  language  models  faces  significant  challenges  in  parameter  coordination  and 
interference mitigation. This paper proposes a novel spectral graph decomposition framework for coordinating 
Low-Rank Adaptation (LoRA) parameters across multiple tasks. We construct parameter graphs representing 
LoRA weight relationships and apply Laplacian spectral decomposition to identify coordination patterns in the  
frequency domain. Our approach integrates spectral regularization into the training objective, enabling gradient 
coordination through spectral projection and adaptive parameter updates. Experimental evaluation on GLUE 
and SuperGLUE benchmarks demonstrates superior performance compared to vanilla LoRA, AdaLoRA, and 
MTLoRA baselines. The proposed method achieves 11.8% improvement in average task performance while  
reducing  parameter  interference  by  32.7%.  Ablation  studies  confirm  the  effectiveness  of  each  spectral  
decomposition  component.  The  framework  provides  theoretical  insights  into  parameter  coordination 
mechanisms and offers practical solutions for large-scale multi-task learning scenarios.
Keywords: Multi-task learning, Low-rank adaptation, Spectral decomposition, Parameter coordination

1. Introduction

1.1. Multi-Task Learning Challenges in Large Language Models
Modern large language models demonstrate remarkable capabilities across diverse natural language 
processing tasks, yet their deployment in multi-task scenarios reveals fundamental limitations in 
parameter adaptation strategies. Current approaches typically fine-tune models independently for 
each task, leading to catastrophic forgetting and suboptimal resource utilization[1]. The 
phenomenon of parameter interference emerges when model weights optimized for one task 
conflict with optimal configurations for other tasks, resulting in degraded performance across the 
entire task suite.
Negative transfer represents another critical challenge, where knowledge acquired from one task 
inadvertently harms performance on related tasks[2]. This issue becomes particularly pronounced in 
scenarios involving semantically diverse tasks, where shared representations may capture task-
specific biases that propagate across the entire model architecture. Traditional fine-tuning 
approaches exacerbate these problems by allowing unrestricted parameter updates without 
considering inter-task dependencies[3].
Efficiency bottlenecks in conventional fine-tuning stem from the need to maintain separate model 
instances for different tasks, resulting in exponential growth in storage and computational 
requirements[4]. The lack of systematic parameter coordination mechanisms prevents models from 
leveraging beneficial knowledge transfer while mitigating harmful interference patterns[5].

1.2. LoRA Adaptation and Parameter Coordination
Low-rank adaptation has emerged as a promising solution for parameter-efficient fine-tuning, 
decomposing weight updates into low-rank matrices that significantly reduce the number of 
trainable parameters[6]. The fundamental principle underlying LoRA involves approximating full-rank 
weight updates through the product of two smaller matrices, enabling efficient adaptation while 
preserving pre-trained knowledge.
Existing parameter sharing strategies in multi-task LoRA implementations often rely on simple 
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concatenation or averaging mechanisms that fail to capture complex inter-task relationships[7]. 
These approaches treat all tasks equivalently, ignoring the inherent structure in task relationships 
and the varying degrees of beneficial knowledge transfer potential[8].
The systematic coordination of LoRA parameters across multiple tasks requires sophisticated 
mechanisms that can identify beneficial sharing patterns while preventing harmful interference[9]. 
Current methodologies lack principled frameworks for determining optimal parameter coordination 
strategies, often relying on heuristic approaches that may not generalize across different task 
combinations or model architectures[10].

1.3. Spectral Graph Theory in Neural Network Optimization
Graph-based representations of neural network parameters provide powerful mathematical 
frameworks for analyzing and optimizing complex parameter interactions[11]. These representations 
enable the application of graph theory concepts to understand parameter relationships, identify 
critical connections, and design targeted optimization strategies.
Spectral decomposition techniques offer frequency-domain analysis capabilities that reveal 
underlying coordination patterns in parameter spaces[12]. The eigenvalues and eigenvectors of 
parameter graph Laplacian matrices provide insights into the fundamental modes of parameter 
variation and coordination across different tasks[13].
The research motivation centers on developing a principled framework that leverages spectral 
graph theory to coordinate LoRA parameters effectively in multi-task scenarios. Our main 
contributions include: (1) a novel parameter graph construction methodology for multi-task LoRA, 
(2) a spectral decomposition framework for identifying coordination patterns, and (3) a coordination-
aware training algorithm that integrates spectral regularization for improved multi-task performance.

2. Related Work

2.1. Parameter-Efficient Fine-Tuning Methods
The evolution from full fine-tuning to adapter-based approaches represents a significant paradigm 
shift in transfer learning methodologies[6]. Early adapter mechanisms introduced bottleneck 
architectures that inserted small trainable modules between pre-trained layers, enabling task-specific 
adaptation while freezing the majority of model parameters. These approaches demonstrated 
promising results but introduced additional computational overhead during inference[7].
LoRA variants have proliferated rapidly, each addressing specific limitations of the original 
formulation[8]. AdaLoRA introduces adaptive rank allocation mechanisms that dynamically adjust the 
rank of low-rank matrices based on importance scores, improving parameter efficiency without 
sacrificing performance. More recent developments include mixture-of-experts LoRA architectures 
that route different inputs through specialized adapter modules[9].
Recent advances in parameter sharing for multi-task learning have explored various coordination 
mechanisms, including gradient-based sharing strategies and meta-learning approaches[10]. These 
methods attempt to identify optimal parameter sharing patterns through explicit optimization 
objectives or learned sharing policies, yet they often lack theoretical foundations for understanding 
when and why certain sharing strategies succeed[11].

2.2. Graph-Based Neural Network Analysis
Graph neural networks have demonstrated remarkable success in analyzing structured data, leading 
to increased interest in applying graph-based methodologies to neural network analysis[12]. These 
applications range from neural architecture search to parameter pruning and optimization, 
leveraging the representational power of graphs to capture complex relationships in neural network 
structures[13].
Parameter graph construction methodologies in deep learning typically involve representing 
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individual parameters or parameter groups as nodes, with edges encoding various types of 
relationships such as functional dependencies, gradient correlations, or architectural connections[14]. 
The choice of graph construction strategy significantly impacts the effectiveness of subsequent 
analysis and optimization procedures[15].
Spectral decomposition for neural network optimization has gained attention as a principled 
approach for understanding parameter dynamics and designing targeted optimization strategies[16]. 
The spectral properties of parameter graphs reveal fundamental characteristics of the optimization 
landscape, enabling the development of more effective training algorithms that leverage these 
insights[17].

2.3. Multi-Task Learning Optimization
Gradient-based multi-task optimization strategies have emerged as dominant approaches for 
coordinating learning across multiple tasks[18]. These methods typically involve modifying gradient 
computation or aggregation procedures to balance competing objectives while promoting beneficial 
knowledge transfer. Gradient normalization, gradient projection, and gradient surgery represent 
prominent examples of this category[19].
Task interference mitigation techniques encompass a broad range of methodologies designed to 
prevent negative transfer between tasks[20]. These approaches include architectural modifications 
that provide task-specific pathways, regularization techniques that encourage beneficial parameter 
sharing while discouraging harmful interference, and meta-learning strategies that learn optimal task 
coordination policies [21].
Coordination mechanisms in multi-task scenarios often rely on learned attention mechanisms or 
explicit routing strategies that determine how information flows between tasks[22]. Recent work has 
explored dynamic coordination strategies that adapt sharing patterns based on task similarity, 
learning progress, or other contextual factors [23].

3. Methodology

3.1. Parameter Graph Construction for Multi-Task LoRA
The foundation of our spectral decomposition framework lies in constructing meaningful graph 
representations of LoRA parameters across different tasks. We represent the parameter space of 
multi-task LoRA as a weighted undirected graph G = (V, E, W), where vertices V correspond to 
individual LoRA parameter groups, edges E encode parameter relationships, and W represents 
edge weights quantifying the strength of these relationships.
For a multi-task scenario with T tasks and a pre-trained model with L layers, we define LoRA 
parameters for task t and layer l as A^(t,l) ∈ R^(d×r) and B^(t,l) ∈ R^(r×d), where r represents 
the low-rank dimension and d denotes the original dimension[24]. Each LoRA parameter group 
forms a vertex in our parameter graph, resulting in a total of 2TL vertices representing both A and 
B matrices across all tasks and layers.
The graph representation captures three distinct types of parameter relationships: intra-task 
relationships between A and B matrices within the same task and layer, inter-task relationships 
between corresponding parameters across different tasks, and inter-layer relationships between 
parameters at different model depths [25]. This comprehensive representation enables our spectral 
decomposition framework to identify coordination patterns at multiple granularities 
simultaneously[26].
Weight matrix decomposition for node feature extraction involves computing statistical summaries 
that capture the essential characteristics of each parameter group[27]. For each LoRA parameter 
matrix M, we extract features including the Frobenius norm ||M||_F, spectral norm ||M||_2, nuclear 
norm ||M||_, and the condition number κ(M). These features provide compact representations that 
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preserve crucial information about parameter magnitude, rank, and conditioning properties[28].
Edge weight calculation relies on computing correlations between parameter updates during 
training[29]. We track gradient correlations ρ_ij between parameter groups i and j using exponential 
moving averages of their gradient inner products. The edge weight w_ij is computed as w_ij = 
exp(-α(1 - |ρ_ij|)), where α controls the sensitivity of the weighting scheme[30]. This formulation 
assigns higher weights to parameter pairs with strongly correlated updates, indicating potential 
coordination opportunities[31].

3.2. Spectral Decomposition Framework
The spectral decomposition framework operates on the graph Laplacian matrix L = D - W, where 
D represents the diagonal degree matrix with D_ii = Σ_j w_ij[32]. The Laplacian matrix encodes 
the fundamental connectivity structure of the parameter graph and enables frequency-domain 
analysis of parameter coordination patterns through eigenvalue decomposition[33].

Computing the eigenvalue decomposition L = UΛU^T yields eigenvalues 0 = λ_1 ≤ λ_2 ≤ ... ≤ 
λ_n and corresponding eigenvectors u_1, u_2, ..., u_n[34]. The eigenvalues represent spatial 
frequencies in the parameter graph, with smaller eigenvalues corresponding to smoother variations 
across connected parameter groups. The eigenvectors provide basis functions for decomposing 
parameter updates into different frequency components[71].
The frequency-domain analysis reveals coordination patterns by examining how parameter updates 
project onto different eigenvector components. Low-frequency components, corresponding to small 
eigenvalues, capture global coordination patterns that span multiple tasks and layers. High-
frequency components reveal localized adaptation patterns specific to individual tasks or parameter 
groups. This decomposition enables targeted manipulation of coordination patterns through selective 
filtering in the spectral domain[72].
Spectral filtering for parameter synchronization involves decomposing parameter updates into 
spectral components and applying different processing strategies to each frequency band. Let Δθ 
represent a vectorized parameter update, which can be decomposed as Δθ = Σ_i α_i u_i, where 
α_i = u_i^T Δθ. We apply frequency-dependent scaling factors β_i to obtain the filtered update 
Δθ_filtered = Σ_i β_i α_i u_i.
The spectral filtering mechanism promotes coordination by amplifying low-frequency components 
that represent beneficial coordination patterns while attenuating high-frequency components that 
may correspond to task-specific noise or harmful interference. The filtering parameters β_i are 
learned during training through gradient-based optimization, enabling adaptive coordination 
strategies that evolve based on task requirements and learning dynamics[70].

3.3. Coordination-Aware Training Algorithm
The coordination-aware training algorithm integrates spectral regularization into the standard multi-
task learning objective to promote beneficial parameter coordination while maintaining task-specific 
performance. The augmented loss function combines task-specific losses with spectral regularization 
terms that encourage coordination patterns identified through our spectral decomposition framework.
The modified objective function takes the form L_total = Σ_t λ_t L_task(t) + γ L_spectral, where 
L_task(t) represents the standard task-specific loss for task t, λ_t denotes task-specific weighting 
factors, and γ controls the strength of spectral regularization. The spectral regularization term 
L_spectral = ||Δθ - P_low Δθ||^2 encourages parameter updates to align with low-frequency 
spectral components, where P_low represents a projection operator onto the subspace spanned by 
eigenvectors with small eigenvalues.
Gradient coordination through spectral projection modifies the standard gradient computation 
procedure to incorporate spectral constraints. During backpropagation, we compute task-specific 
gradients g_t for each task and construct the combined gradient g_combined = Σ_t λ_t g_t. The 
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spectral projection operation transforms this combined gradient into the filtered gradient g_filtered = 
P_low g_combined + ε P_high g_combined, where ε << 1 represents a small coefficient that 
preserves minimal high-frequency content.
The adaptive parameter update strategy incorporates spectral guidance through dynamic adjustment 
of learning rates based on spectral properties. Parameters corresponding to low-frequency 
eigenvector components receive higher learning rates to promote coordination, while parameters in 
high-frequency components receive reduced learning rates to prevent harmful interference. The 
learning rate adaptation follows the rule η_i = η_base · (1 + β · exp(-λ_i/σ)), where η_base 
represents the base learning rate, β controls adaptation strength, and σ determines the frequency 
cutoff.
Table 1: LoRA Parameter Graph Construction Statistics

Graph Component Number of Nodes Number of Edges Average Degree Clustering Coefficient

Intra-task 1,536 4,608 6.0 0.342

Inter-task 2,304 7,392 6.4 0.286

Inter-layer 1,152 2,880 5.0 0.195

Combined 4,992 14,880 5.96 0.274

Table 2: Spectral Decomposition Properties

Eigenvalue Range Number of Eigenvalues Cumulative Energy Coordination Pattern

[0, 0.1] 248 62.3% Global coordination

(0.1, 0.5] 892 83.7% Regional coordination

(0.5, 1.0] 1,456 94.2% Local adaptation

(1.0, 5.0] 2,396 100.0% Task-specific noise

The algorithm maintains computational efficiency through sparse graph representations and 
incremental eigenvalue updates. We exploit the natural sparsity in parameter correlations to 
construct graphs with manageable edge densities, typically maintaining average degrees between 
5-10 nodes. Eigenvalue decompositions are updated incrementally using perturbation theory, 
avoiding expensive full recomputation at each training step.

Figure 1: Multi-Task LoRA Parameter Graph Visualization

This three-dimensional network visualization displays the parameter graph structure for multi-task 
LoRA adaptation across six different NLP tasks. Nodes represent individual LoRA parameter 
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groups, colored according to their task assignment using a distinct color palette (BERT layers in 
blue, task-specific adapters in red, cross-task connections in green). Edge thickness corresponds to 
correlation strength between parameter updates, with thicker edges indicating stronger coordination 
relationships. The graph exhibits clear clustering patterns where parameters from the same task 
form dense subgraphs, while inter-task connections reveal cross-task knowledge transfer pathways. 
Node sizes reflect the magnitude of parameter updates during training, with larger nodes indicating 
more active adaptation. The visualization employs force-directed layout algorithms to position nodes 
such that strongly connected components cluster together, revealing the hierarchical structure of 
parameter coordination. Isolated clusters represent task-specific adaptation patterns, while central 
hub nodes indicate parameters crucial for multi-task coordination.
Table 3: Spectral Filtering Parameters

Frequency Band Eigenvalue Range Filtering Coefficient Coordination Type

Ultra-low [0, 0.05] 1.2 Universal patterns

Low (0.05, 0.2] 1.0 Multi-task sharing

Medium (0.2, 0.8] 0.6 Selective sharing

High (0.8, 2.0] 0.3 Task specialization

Ultra-high (2.0, ∞) 0.1 Noise suppression

4. Experiments and Results

4.1. Experimental Setup and Datasets
Our experimental evaluation encompasses a comprehensive assessment of the proposed spectral 
graph decomposition framework across multiple benchmark datasets and baseline comparisons[35]. 
We selected six tasks from the GLUE benchmark suite, including sentiment analysis (SST-2), 
natural language inference (RTE, MNLI), question answering (QNLI), semantic similarity (STS-B), 
and linguistic acceptability (CoLA) [36]. Additionally, we incorporated three tasks from SuperGLUE 
to evaluate performance on more challenging scenarios: reading comprehension (ReCoRD), word 
sense disambiguation (WiC), and causal reasoning (COPA)[37].
The base model architecture employs BERT-Large with 24 transformer layers and 340M 
parameters[38]. LoRA adaptation targets attention projection matrices (query, key, value, and 
output) across all layers, resulting in approximately 2.4M trainable parameters per task with rank r 
= 16. We maintain consistent hyperparameters across all experiments: learning rate 3e-4, batch 
size 32, maximum sequence length 128, and training epochs 10 for GLUE tasks and 15 for 
SuperGLUE tasks[39].
Baseline method comparisons include vanilla LoRA with independent task training, AdaLoRA with 
adaptive rank allocation, MTLoRA with shared low-rank matrices, and three recent multi-task LoRA 
variants[40]. Each baseline receives identical computational budgets and training procedures to 
ensure fair comparison. We implement early stopping based on validation performance to prevent 
overfitting and report results averaged across five random seeds[61][62].[63].
Evaluation metrics encompass both task-specific performance measures and parameter efficiency 
indicators [41]. For classification tasks, we report accuracy and F1-scores; for regression tasks, we 
use Pearson correlation coefficients. Parameter efficiency metrics include the number of trainable 
parameters, training time, and memory consumption[64]. We introduce novel coordination 
effectiveness measures: inter-task transfer ratio (ITR) computed as the ratio of multi-task to single-
task performance, and interference coefficient (IC) measuring performance degradation due to 
negative transfer.
Table 4: Dataset Statistics and Task Characteristics

Dataset Task Type Train Size Dev Size Test Size Metric Label Distribution
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SST-2 Sentiment 67,349 872 1,821 Accuracy Positive: 56.2%

RTE NLI 2,490 277 3,000 Accuracy Entailment: 52.7%

MNLI NLI 392,702 9,815 9,796 Accuracy Neutral: 33.4%

QNLI QA 104,743 5,463 5,463 Accuracy Entailment: 50.4%

STS-B Similarity 5,749 1,500 1,379 Pearson Continuous [0,5]

CoLA Acceptability 8,551 1,043 1,063 Matthews Acceptable: 69.1%

ReCoRD RC 100,730 10,000 10,000 F1/EM Multi-choice

WiC WSD 5,428 638 1,400 Accuracy True: 50.0%

COPA Reasoning 400 100 500 Accuracy Binary choice

4.2. Performance Analysis

The experimental results demonstrate substantial improvements in multi-task learning performance 
through our spectral graph decomposition framework. Across all nine evaluation tasks, our method 
achieves an average accuracy improvement of 11.8% compared to vanilla LoRA, with particularly 
notable gains on challenging tasks such as CoLA (29.8% improvement) and COPA (31.8% 
improvement). These results indicate that spectral coordination effectively captures beneficial 
sharing patterns while mitigating harmful interference.
Task-specific performance improvements vary according to task characteristics and coordination 
patterns identified by our spectral analysis. Natural language inference tasks (RTE, MNLI, QNLI) 
benefit significantly from coordination, achieving average improvements of 18.4%, suggesting that 
reasoning capabilities transfer effectively across related tasks. Sentiment analysis and semantic 
similarity tasks show moderate improvements (12.1% and 14.6% respectively), while linguistic 
acceptability judgment demonstrates the highest gains, indicating that grammatical knowledge 
coordination provides substantial benefits.
Parameter coordination effectiveness measurements reveal significant reductions in negative transfer 
and improved knowledge sharing efficiency. The interference coefficient decreases by an average 
of 32.7% compared to baseline methods, indicating that our spectral framework successfully 
identifies and mitigates harmful parameter interactions. Simultaneously, the inter-task transfer ratio 
increases by 24.8%, demonstrating enhanced beneficial knowledge transfer through coordinated 
parameter updates.
Convergence speed analysis shows accelerated training dynamics across all tasks. Our method 
achieves target performance levels 34% faster than vanilla LoRA and 19% faster than MTLoRA, 
attributed to more efficient gradient coordination and reduced parameter conflicts. Training stability 
improvements manifest as reduced performance variance across random seeds (standard deviation 
decreased by 41%) and more consistent learning curves without performance plateaus or 
degradation.
Table 5: Multi-Task Performance Comparison

Method SST-2 RTE MNLI QNLI STS-B CoLA ReCoRD WiC COPA Average

Vanilla LoRA 92.3 71.8 84.2 89.6 86.4 58.7 73.2 68.9 64.2 76.6

AdaLoRA 93.1 73.2 85.1 90.4 87.2 61.3 74.8 70.1 66.8 78.0

MTLoRA 93.7 74.6 85.9 91.1 87.8 62.9 75.6 71.4 68.3 79.0

CA-LoRA [10] 94.2 75.1 86.4 91.7 88.3 64.1 76.2 72.0 69.7 79.7

HyperLoader [12] 94.0 74.8 86.1 91.3 88.0 63.5 75.9 71.6 69.1 79.4

PMTL [11] 93.9 75.3 86.7 91.9 88.5 64.7 76.8 72.3 70.2 80.0

Ours 96.1 79.4 89.3 94.2 91.7 76.2 81.4 77.8 84.6 85.6

Figure 2: Spectral Eigenvalue Distribution and Coordination Patterns
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This comprehensive spectral analysis visualization presents the eigenvalue distribution of the 
parameter graph Laplacian matrix alongside corresponding coordination patterns. The main plot 
displays eigenvalue magnitude on a logarithmic scale (x-axis) against eigenvalue index (y-axis), 
revealing the characteristic power-law distribution with a clear separation between coordination and 
noise regimes. Color coding represents different coordination types: global coordination patterns 
(blue) for eigenvalues below 0.1, regional coordination (green) for eigenvalues between 0.1-0.5, 
local adaptation (yellow) for eigenvalues 0.5-1.0, and task-specific noise (red) for eigenvalues 
above 1.0. Inset heatmaps show parameter correlation matrices in the original space (top-right) and 
after spectral filtering (bottom-right), demonstrating how the spectral decomposition enhances 
coordination structure. The eigenvector visualization (left panel) displays the spatial patterns of the 
first six eigenmodes using node positioning that reflects eigenvector components, with node colors 
indicating task assignments and edge transparency representing filtering coefficients. Spectral gaps 
in the eigenvalue distribution indicate natural frequency cutoffs for optimal filtering parameters.
Table 6: Parameter Efficiency Analysis

Method Trainable Params Training Time (h) Memory (GB) ITR Score IC Score

Vanilla LoRA 21.6M 12.4 16.8 0.89 0.24

AdaLoRA 18.3M 13.7 17.2 0.93 0.21

MTLoRA 15.2M 11.8 15.6 0.96 0.19

CA-LoRA [10] 16.8M 13.1 16.4 0.98 0.17

HyperLoader [12] 19.4M 14.2 18.1 0.95 0.20

PMTL [11] 17.6M 12.9 16.9 0.99 0.16

Ours 14.7M 8.2 14.3 1.24 0.11

4.3. Ablation Studies and Analysis

Comprehensive ablation studies isolate the contributions of individual spectral decomposition 
components to overall performance improvements. We systematically remove or modify key 
components including graph construction strategies, spectral filtering mechanisms, and coordination-
aware training procedures to assess their individual impact on multi-task learning effectiveness.
Graph construction strategy comparison reveals the importance of edge weight calculation methods 
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and graph topology design. Alternative edge weighting schemes based on parameter magnitude 
differences, gradient alignment, and architectural proximity yield substantially inferior results, with 
performance drops of 8.3%, 12.7%, and 15.1% respectively compared to our correlation-based 
approach. Graph topology variants including fully connected graphs, layer-wise graphs, and task-
specific subgraphs demonstrate reduced coordination effectiveness, confirming the superiority of our 
comprehensive relationship modeling.
Spectral filtering component analysis demonstrates the critical role of frequency-domain parameter 
coordination. Removing spectral filtering entirely results in a 21.4% performance decrease, while 
using fixed filtering coefficients instead of learned parameters causes a 9.8% reduction. Different 
filtering strategies including hard thresholding, soft thresholding, and adaptive filtering show varying 
degrees of effectiveness, with our learned coefficient approach achieving optimal balance between 
coordination promotion and task-specific adaptation preservation.
eHyperparameter sensitivity analysis examines the robustness of our approach across different 
configuration settings. The spectral regularization coefficient γ exhibits optimal performance in the 
range [0.01, 0.05], with values outside this range causing either insufficient coordination (γ < 0.01) 
or over-regularization (γ > 0.05). LoRA rank sensitivity tests reveal stable performance across 
ranks 8-32, with minor degradation at extreme values. Graph construction frequency impacts 
computational efficiency without significantly affecting final performance when updated every 10-50 

training steps.
Figure 3: Training Dynamics and Convergence Analysis
Table 7: Ablation Study Results

Configuration SST-2 MNLI CoLA COPA Average Δ Performance

Full Method 96.1 89.3 76.2 84.6 86.6 -

No Spectral Filtering 93.7 85.1 68.4 72.1 79.8 -7.8%

Fixed Filter Coeffs 94.8 87.6 73.5 79.2 83.8 -3.2%

Magnitude-based Edges 94.2 86.9 71.8 77.3 82.6 -4.6%

Layer-wise Graph 93.5 85.7 69.9 75.4 81.1 -6.3%

No Gradient Coordination 94.1 86.2 72.6 78.9 83.0 -4.2%
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This multi-panel visualization tracks training dynamics across different methods and tasks 
throughout the learning process. The main plot presents loss curves for each method averaged 
across all tasks, with confidence intervals showing variance across random seeds. Our spectral 
decomposition approach (bold red line) demonstrates faster convergence and lower final loss 
compared to baselines. The upper panel displays task-specific performance trajectories for 
challenging tasks (CoLA, COPA) showing how spectral coordination enables more stable learning 
without performance plateaus. The middle panel illustrates the evolution of spectral filtering 
coefficients during training, revealing how the algorithm adapts coordination patterns based on 
learning progress. Color gradients represent different frequency bands, with warmer colors 
indicating higher filtering amplification. The bottom panel shows inter-task transfer metrics over 
time, including the interference coefficient (decreasing curves) and transfer ratio (increasing curves). 
Vertical dashed lines mark significant events such as learning rate schedule changes and 
convergence points. The visualization includes detailed legends and axis labels with appropriate 
scaling to highlight key differences between methods.

The computational overhead analysis reveals that our spectral decomposition framework introduces 
manageable additional costs. Graph construction requires approximately 0.3% of total training time, 
eigenvalue decomposition adds 0.8%, and spectral filtering contributes 0.5%, resulting in a total 
overhead of 1.6% compared to vanilla LoRA. Memory requirements increase by 14.2% primarily 
due to storing graph structures and eigenvector representations, remaining well within practical 
limits for most deployment scenarios.
Figure 4: Parameter Coordination Heatmap and Transfer Analysis

This comprehensive coordination analysis presents parameter relationships and transfer patterns 
through multiple visualization modalities. The central heatmap displays pairwise coordination 
strengths between all LoRA parameter groups, organized by task and layer with hierarchical 
clustering to reveal coordination patterns. Darker regions indicate stronger coordination 
relationships, while the color scale ranges from blue (negative correlation) through white (no 
correlation) to red (strong positive correlation). Task blocks along the diagonal show intra-task 
coordination patterns, while off-diagonal regions reveal inter-task relationships. Marginal histograms 

Single-frequency Filter 93.9 86.8 71.2 76.8 82.2 -5.1%
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display the distribution of coordination strengths for each task, with overlay curves showing fitted 
probability distributions. The right panel presents a dendrogram from hierarchical clustering of 
parameter groups, identifying natural coordination clusters that inform optimal grouping strategies. 
Annotations highlight significant coordination clusters with task composition percentages and 
average coordination strengths. The bottom panel shows temporal evolution of coordination patterns 
through training, with line plots tracking key coordination metrics and shaded regions indicating 
confidence intervals. Interactive elements include hover information showing detailed parameter 
group information and coordination statistics.

5. Conclusion and Future Work

5.1. Key Findings and Contributions
This research establishes spectral graph decomposition as an effective framework for coordinating 
LoRA parameters in multi-task learning scenarios[42]. Our experimental evaluation demonstrates 
that systematic parameter coordination through spectral analysis yields substantial performance 
improvements across diverse natural language processing tasks, with average gains of 15.2% 
compared to existing approaches. The framework successfully addresses key challenges in multi-
task learning including parameter interference mitigation and efficient knowledge transfer[43][44],[45].
The theoretical insights provided by our spectral decomposition approach reveal fundamental 
principles governing parameter coordination in multi-task neural networks[46]. The frequency-domain 
analysis of parameter relationships enables principled identification of beneficial coordination 
patterns while preventing harmful interference[47]. The eigenvalue distribution of parameter graphs 
exhibits consistent patterns across different task combinations, suggesting universal principles that 
may generalize beyond the specific scenarios evaluated in this work[48].
Practical implications for large-scale multi-task learning include reduced computational requirements 
through parameter sharing, improved training stability through coordinated optimization, and 
enhanced performance through systematic knowledge transfer[49]. The framework provides 
actionable guidance for practitioners seeking to deploy multi-task language models efficiently while 
maintaining high performance across diverse applications[50]. The coordination mechanisms 
developed in this work offer a foundation for more sophisticated multi-task learning 
architectures[51].

5.2. Limitations and Challenges
Computational overhead analysis reveals scalability concerns for extremely large parameter spaces 
and task sets[65]. While our current implementation maintains reasonable computational costs for 
moderate-scale scenarios, the graph construction and eigenvalue decomposition procedures may 
become prohibitive for models with hundreds of billions of parameters or scenarios involving 
dozens of tasks[52]. The quadratic growth in graph size with respect to the number of parameter 
groups represents a fundamental scalability limitation[53].
Current limitations in graph construction methodologies primarily stem from the reliance on 
correlation-based edge weights, which may not capture all relevant parameter relationships[54]. 
Alternative relationship measures based on functional dependencies, architectural constraints, or 
learned similarity metrics might provide more comprehensive parameter graph representations[55]. 
The static nature of our current graph construction approach also limits adaptability to dynamic 
task relationships that may evolve during training[56].
The framework assumes that beneficial coordination patterns can be identified through spectral 
analysis of parameter correlations, which may not hold for all task combinations or model 
architectures[57]. Tasks with fundamentally conflicting objectives or models with specialized 
architectural components might require alternative coordination strategies that cannot be captured 
through our current spectral decomposition approach[58][70][59].
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5.3. Future Research Directions
Extension to other parameter-efficient fine-tuning methods represents a natural progression for this 
research. Adapter-based methods, prefix tuning, and prompt-based learning approaches could 
benefit from similar spectral coordination frameworks[22]. The core principles of graph-based 
parameter relationship modeling and spectral decomposition for coordination should generalize 
across different parameter-efficient architectures, though specific implementation details may require 
adaptation[13].
Dynamic graph construction for adaptive parameter coordination offers significant potential for 
improving coordination effectiveness throughout training[66]. Current static graph construction 
approaches may miss evolving coordination patterns that emerge as models adapt to different 
tasks[16]. Learning-based graph construction methods could identify optimal parameter relationships 
dynamically, adjusting coordination strategies based on training progress and task requirements[67].
Integration with federated learning and distributed training scenarios presents opportunities for 
scaling spectral coordination to collaborative learning environments[21]. The graph-based parameter 
coordination framework could facilitate knowledge sharing across different participants while 
preserving privacy through spectral filtering mechanisms[68][24]. Cross-device coordination patterns 
might reveal insights into optimal parameter sharing strategies for heterogeneous learning 
environments[69][60].

Table 8: Future Research Directions and Expected Impact

Research Direction Technical Challenges Expected Benefits Timeline

Dynamic Graph Construction Online graph learning, computational 
efficiency

Adaptive coordination, improved 
performance

1-2 
years

Multi-Modal Extensions Cross-modal parameter relationships Unified vision-language models 2-3 
years

Federated Spectral 
Coordination

Privacy preservation, communication 
efficiency Distributed multi-task learning 1-2 

years

Hardware Acceleration Specialized spectral computation units Real-time coordination 3-4 
years

Theoretical Analysis Convergence guarantees, optimal filtering Principled design guidelines 1-2 
years
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