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Abstract 

The deployment of transformer-based language models on resource-constrained edge de-
vices presents fundamental challenges in computational efficiency and memory utiliza-
tion. We introduce SQ-LoRA (Stable-rank Quantized Low-Rank Adaptation), a theoreti-
cally grounded compression framework that achieves unprecedented efficiency through 
the synergistic integration of adaptive low-rank decomposition, hardware-accelerated 
structured sparsity, and intelligent hybrid quantization. Our primary contribution estab-
lishes the first rigorous mathematical connection between the matrix stable rank and op-
timal LoRA rank selection, formalized in Theorem I, which provides bounded approxi-
mation guarantees. SQ-LoRA implements: (1) adaptive rank allocation via stable-rank 
analysis to automatically determine layer-wise compression ratios; (2) 4:8 structured spar-
sity patterns, enabling 2× hardware acceleration on modern edge processors; and (3) a 
three-tier quantization scheme that combines 4-bit NormalFloat storage with selective 3-
bit/8-bit precision to preserve outliers. A comprehensive evaluation on four diverse natu-
ral language processing (NLP) benchmarks demonstrates that SQ-LoRA achieves a 320 
MB memory footprint (96.7% reduction) and a 10 ms inference latency (91.7% improve-
ment), and maintains 82.0% average accuracy (within 0.15% of the full model). Statistical 
significance testing (p < 0.001) confirms its superiority over state-of-the-art methods. This 
framework enables the deployment of sophisticated language models on devices with 2 
GB of RAM, advancing practical edge-AI applications. 

Keywords: edge computing; low-rank adaptation; neural network quantization; struc-
tured sparsity; transformer models; natural language processing 
 

1. Introduction 
Transformer-based language models have revolutionized natural language pro-

cessing, achieving remarkable performance across diverse tasks [1]. Deep-learning archi-
tectures, including convolutional neural networks, have demonstrated exceptional capa-
bilities in various domains such as audio signal recognition and text classification. How-
ever, deploying these models on edge devices remains challenging due to computational 
demands that exceed typical device capabilities by an order of magnitude. Bidirectional 
Encoder Representations from Transformers (BERT)-base requires approximately 440 MB 
of memory and executes over 24 billion floating-point operations per inference pass [2]. 
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The shift toward edge computing reflects compelling advantages over cloud-based 
solutions. According to recent International Data Corporation (IDC) forecasts, global 
spending on edge-computing solutions is projected to reach nearly $261 billion in 2025, 
growing at a compound annual growth rate (CAGR) of 13.8% to $380 billion by 2028 [3]. 
This growth underscores the increasing shift toward edge processing, driven by the need 
for real-time AI and Internet of Things (IoT) applications across 27 enterprise industries 
[3]. Edge inference reduces response latency from 100 milliseconds to under 10 millisec-
onds in autonomous driving applications [4], while industrial IoT deployments achieve 
99.7% service availability compared to 94.2% for cloud-dependent systems [5]. Modern 
edge platforms impose stringent operational constraints including memory budgets un-
der 500 MB, inference latencies below 20 milliseconds, power consumption under five 
watts, and thermal limitations that restrict sustained computational throughput. 

Current compression approaches address specific aspects but fail to provide compre-
hensive solutions. LoRA reduces training memory by introducing trainable low-rank de-
composition matrices while freezing pre-trained weights [6] but provides limited infer-
ence benefits and employs uniform rank assignment that ignores layer complexity varia-
tions. Quantization techniques reduce numerical precision to decrease memory footprint, 
with recent surveys highlighting both the promise and pitfalls of various approaches [7], 
though aggressive compression often results in substantial performance degradation. 
Quantized LoRA (QLoRA) demonstrates that combining quantization with low-rank ad-
aptation enables memory-efficient fine tuning [8], yet the interaction between techniques 
remains poorly understood. Neural network pruning offers compression through connec-
tion removal, but unstructured sparsity prevents practical acceleration due to memory 
access inefficiencies [9]. Sequential application of compression techniques leads to multi-
plicative accuracy degradation, with combined approaches resulting in accuracy drops of 
8.3% compared to 2.1% for individual techniques [10]. 

The present study contributes to the existing literature in four ways: 
(1) It establishes a mathematically rigorous connection between the stable rank of 

weight matrices and the adaptive selection of LoRA ranks, providing a clear theoretical 
basis for layer-wise compression decisions with explicit approximation guarantees. 

(2) The proposed SQ-LoRA framework integrates adaptive low-rank decomposition, 
hardware-accelerated structured sparsity, and intelligent hybrid quantization within a 
unified optimization strategy. 

(3) Comprehensive empirical validation demonstrates that SQ-LoRA consistently 
meets the demanding constraints of edge deployment while maintaining functional accu-
racy across a diverse set of NLP tasks. 

(4) The implementation details and reproducible benchmarks facilitate immediate 
adoption in practical edge-AI scenarios. 

2. Related Work 
2.1. Low-Rank Decomposition 

Low-rank decomposition techniques exploit neural network weight matrices’ low in-
trinsic dimensionality. LoRA parameterizes weight updates as ΔW = BA where B ∈ ℝ^(d 
× r) and A ∈ ℝ^(r × d), reducing trainable parameters from d2 to 2 × d × r [6]. AdaLoRA 
dynamically adjusts ranks during training based on gradient-derived importance scores 
[11], while DyLoRA varies ranks temporally during training phases [12]. Theoretical anal-
ysis of intrinsic dimensionality demonstrates that language models operate in low-dimen-
sional subspaces, suggesting that uniform compression strategies are suboptimal [13], 
with LoRA-GA employing genetic algorithms for optimal per-layer rank configurations 
[14]. Our approach advances these methods by establishing a direct mathematical 
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connection between stable-rank and optimal-rank selection, eliminating expensive search 
procedures while providing theoretical guarantees. 

2.2. Quantization 

Quantization evolution reflects increasing sophistication in handling non-uniform 
parameter distributions. Early post-training quantization achieved 4× compression with 
8-bit precision [15]. Quantization-aware training incorporates quantization effects during 
training [16], though it requires full model retraining. LLM.int8() revealed that weight 
importance follows power-law distributions, maintaining 0.1% of weights in 16-bit preci-
sion [17]. GPTQ employs optimal brain quantization for 4-bit compression using inverse 
Hessian matrices [18]. QLORA combines 4-bit NormalFloat quantization with LORA ad-
aptation [8], though it applies uniform precision within layers. Recent advances include 
AWQ [19], which introduces activation-aware weight quantization for efficient on-device 
compression, and ZeroQuant [20], which proposes efficient post-training quantization for 
large-scale transformers. Our hybrid quantization advances these approaches through 
three-tier precision allocation adapting to intra-layer weight importance distributions. 

2.3. Structured Sparsity 

Structured sparsity addresses hardware limitations of unstructured approaches. The 
N:M sparsity paradigm retains exactly N weights per M consecutive weights, with 
NVIDIA’s 2:4 support enabling 2× theoretical speedup [21]. Zhou demonstrated that 2:4 
patterns could be learned with minimal accuracy loss [22], while Mishra explored 4:8 pat-
terns that better preserved rank structure [23]. LLM-Pruner attempts to maintain sparsity 
during low-rank adaptation [24], though it suffers from training instability. Our work in-
tegrates structured sparsity with low-rank adaptation and quantization in a unified 
framework. 

2.4. Combined Compression 

Combined compression approaches typically apply techniques sequentially without 
considering interactions. Deep compression combined pruning, quantization, and Huff-
man coding [10], while LoRAMOE combined low-rank adaptation with mixture-of-ex-
perts routing [25]. S-LoRA addresses multi-adapter serving in cloud environments [26]. 
DoRA decomposes pre-trained weights into magnitude and direction components for 
more effective fine-tuning [27], while SqueezeLLM introduces sensitivity-based non-uni-
form quantization with dense-and-sparse decomposition for ultra-low-bit compression 
[28]. However, these approaches either address individual compression dimensions or 
lack theoretical understanding of technique interactions. Recent studies on the efficient 
adaptation of large language models for sentiment analysis have demonstrated promising 
results using fine-tuning approaches [29]. Our contribution provides both a theoretical 
analysis and practical implementation of unified compression, proving that proper inte-
gration leads to additive rather than multiplicative error accumulation. 

SQ-LoRA distinguishes itself through several key innovations. First, we establish the 
mathematical foundation linking stable rank to optimal compression parameters, provid-
ing principled guidance absent in heuristic approaches. Second, our hybrid quantization 
scheme uniquely combines 4-bit NormalFloat base storage with selective 3-bit compres-
sion for majority weights and 8-bit precision for outliers. Third, the integration of 4:8 struc-
tured sparsity with adaptive techniques represents a novel contribution. Finally, our uni-
fied optimization framework considers technique interactions from the outset, avoiding 
the multiplicative degradation observed in sequential application while providing theo-
retical bounds on approximation quality. 
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3. Methodology 
3.1. Problem Formulation 

We address the challenge of deploying large transformer models on resource-con-
strained edge devices. Given a pre-trained transformer model M with L layers and 𝜃 =𝑊ሺ௟ሻሺ௟ୀଵሻ௅ , where 𝑊ሺ௟ሻ ∈ ℝሺௗ×ௗሻ, we seek to find a compressed model M’ with parameters 
θ’ that maintains performance while satisfying hardware constraints. 

Constrained Single-Objective Optimization Problem 
The optimization focuses on minimizing accuracy loss: 𝑚𝑖𝑛஘ᇲ ℒሺ𝜃ᇱሻ   =  1 − Accሺ𝑀ᇱሻAccሺ𝑀ሻ  (1)

which is subject to: a memory constraint: Memሺ𝑀ᇱሻ ≤ 𝑀௠௔௫ = 0.5 GB; latency constraint: 𝐿𝑎𝑡ሺ𝑀ᇱሻ ≤  𝐿௠௔௫ =  10 𝑚𝑠; storage constraint: 𝑆𝑖𝑧𝑒ሺ𝑀ᇱሻ ≤  𝑆௠௔௫ =  100 MB; and accuracy 
constraint: 𝐴𝑐𝑐ሺ𝑀’ሻ ≥  𝐴௠௜௡ =  0.8 ·  𝐴𝑐𝑐ሺ𝑀ሻ 

The constraint thresholds are derived from the operational specifications of target 
edge platforms. The storage budget 𝑆௠௔௫ = 100 MB reflects the practical deployment lim-
itation on devices such as the NVIDIA Jetson Nano (2 GB total system RAM), where ap-
proximately 100 MB remains available for model storage after accounting for OS overhead 
and runtime memory allocation. The accuracy retention threshold 𝐴௠௜௡ = 0.8 × Acc(M) 
represents a widely adopted minimum quality-of-service criterion in edge-AI deployment, 
ensuring that compressed models remain functionally useful for downstream tasks. The 
memory budget 𝑀௠௔௫= 0.5 GB and latency target 𝐿௠௔௫ = 10 ms correspond to real-time 
inference requirements on our target edge hardware, consistent with the sub-20 ms re-
sponse constraints typical of interactive NLP applications. 

3.2. Stable-Rank Theory for Adaptive Compression 

We establish the theoretical foundation through stable-rank analysis, which provides 
robust measurement of matrix complexity. 

Definition 1 (Stable Rank). For matrix 𝑊 ∈ ℝሺ௠×௡ሻ  with singular values σଵ ≥ σଶ ≥ ⋯ ≥σ௠௜௡ሺ௠,௡ሻ ≥ 0, 𝑠 𝑟ሺ𝑊ሻ = |𝑊|ிଶ|𝑊|ଶଶ = ∑ σ௜ଶ௜σଵଶ  (2)

Remark 1. The stable rank provides a continuous measure of effective dimensionality, robust to 
perturbations, unlike algebraic rank. 

Theorem 1 (Stable Rank Bound for LoRA Approximation). Let 𝑊 ∈ ℝሺ௠×௡ሻ be a weight 
matrix with stable rank srሺ𝑊ሻ . For target relative approximation error ε ∈ (0,1), the optimal 
LoRA rank r* satisfying ห|𝑊−𝐵𝐴|หி ≤ 𝜀ห|𝑊|หி is bounded by 𝑟∗ ≥ ⌈ሺ1 − εଶሻିଵ ⋅ srሺ𝑊ሻ⌉ (3)

Let W = UΣV^T be the singular value decomposition. By the Eckart–Young–Mirsky theorem, 
the optimal rank-r approximation 𝑊௥ minimizes 

 |𝑊−𝑊௥|ிଶ = ∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀ௥ାଵ  (4)

From the error constraint ห|𝑊−𝑊௥|หி ≤ 𝜀ห|𝑊|หி, we have 

 ∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀ௥ାଵ ≤ εଶ ∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀଵ  (5)
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Rearranging,∑ 𝜎௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀ௥ାଵ ≥ 𝜀ଶሺ1 − 𝜀ଶሻ∑ 𝜎௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀଵ . Since σᵢ2 ≥ σᵣ2 for all i ≤ r, we have 𝑟 ⋅ 𝜎௥ଶ ≥ ∑ 𝜎௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀଵ . Therefore, 

 𝑟 ≥ ሺ1 − εଶሻ ⋅ ∑ ஢೔మ೘೔೙ሺ೘,೙ሻ೔సభ ஢ೝమ = ሺ1 − εଶሻ ⋅ srሺ𝑊ሻ (6)

Taking the ceiling completes the proof (see Appendix A for the complete formal 
proof). The required LoRA rank scales linearly with stable rank and quadratically with 
the accuracy requirement (1/ε2), providing principled guidance for layer-wise compres-
sion. 

3.3. SQ-LoRA Architecture 

Unlike existing approaches that apply uniform compression strategies, SQ-LoRA in-
tegrates three synergistic compression components through unified optimization. Figures 
1 and 2 illustrate the comparative architecture of LoRA, QLoRA, and our proposed SQ-
LoRA framework. 

 

Figure 1. Comparative architecture of parameter-efficient fine-tuning methods. 

LoRA uses fixed-rank decomposition with frozen pre-trained weights. QLoRA adds 
4-bit quantization to the base model. SQ-LoRA introduces adaptive rank selection based 
on stable-rank analysis, hybrid quantization (3/4/8-bit), and 4:8 structured sparsity, 
achieving 96.7% memory reduction with minimal accuracy loss. The SQ-LoRA pipeline 
proceeds as follows: (i) stable rank computation for each layer via singular value analysis; 
(ii) adaptive rank allocation using the derived bound from Theorem 1; (iii) 4:8 structured 
sparsity mask generation on attention weight matrices; (iv) three-tier hybrid quantization 
(3-bit for majority weights within 3σ, 4-bit NF4 base, 8-bit for outliers beyond 3σ); and (v) 
fine-tuning of LoRA adapters on the compressed model. 
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Figure 2. SQ-LORA: Detailed optimization pipeline. 

Hardware-optimized structured sparsity applies 4:8 patterns to attention weight ma-
trices by first reshaping weight tensors into blocks of size 8 and computing element mag-
nitudes. The process continues by sorting elements by magnitude, creating binary masks 
that retain the top 4 elements per block, and applying these masks to achieve exactly 50% 
sparsity while maintaining hardware compatibility. Figure 3 shows quantization before 
and after. 

The hybrid quantization scheme fundamentally differs from QLoRA’s uniform 4-bit 
approach by employing three precision levels based on weight distribution analysis. 
Weights within 3σ of the mean can be compressed to 3-bit without significant information 
loss: 𝑄ଷሺ𝑤ሻ = 𝑐𝑙𝑖𝑝൫𝑟𝑜𝑢𝑛𝑑൫ሺ𝑤 − 𝜇ሻ/𝛿 − 4.3൯ × 𝛿 + 𝜇, 𝛿 = 6𝜎/7൯ (7)

Outlier weights beyond 3σ are preserved at 8-bit precision: 𝑄଼ሺ𝑤ሻ = 𝑟𝑜𝑢𝑛𝑑ሺ𝑤 · 127/𝑤௠௔௫ሻ · 𝑤௠௔௫/127 (8)

 

Figure 3. Weight distribution analysis showing the effect of hybrid quantization. (Left) Original 
FP32 weight distribution following approximately normal distribution. (Right) After hybrid 
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quantization with 3-bit (majority of weights within 3σ), 4-bit NF4 (base quantization), and 8-bit 
(outliers beyond 3σ) precision levels, preserving critical weight information while achieving signif-
icant compression. 

3.4. Theoretical Analysis 

Theorem 2 (End-to-End Approximation Bound). Let f0 be the original model and 𝑓SQ be the 
SQ-LoRA compressed model. The output difference is bounded by |𝑓଴ሺ𝑥ሻ − 𝑓SQሺ𝑥ሻ|ଶ ≤ 𝐿 ⋅ ൫εLoRA + εsparse + εquant൯ ⋅ |𝑥|ଶ (9)

The complete proof is provided in Appendix B. Here, L is the Lipschitz constant of the network, 
with 

 εLoRA = |𝑊 −𝑊௥|ி ≤ ට∑ σ௜ଶ୫୧୬ሺ௠,௡ሻ௜ୀ௥ାଵ  (10)

εquant ≤ δ/√𝑑 ⋅ 𝑛\ (11)

3.5. Training Procedure 

SQ-LoRA employs a three-stage optimization process. Algorithm 1 presents the 
pseudocode. 

Algorithm 1. SQ-LoRA Optimization. 
1: Compute 𝑠𝑟൫𝑊ሺ௟ሻ൯ for all layers 
2: Set 𝑟ሺ௟ሻ = ඃ𝑠𝑟൫𝑊ሺ௟ሻ൯ · ሺ1 − 𝜀ଶሻඇ 
3: Apply 4:8 structured sparsity to attention layers 
4: Quantize base model with hybrid scheme 
5: Fine-tune LoRA adapters 

Our hyperparameter choices reflect both theoretical considerations and empirical 
validation: learning rate 2 × 10−5 selected through grid search, effective batch size of 64 (16 
× 4 gradient accumulation), LoRA hyperparameters α = 32 and dropout = 0.1, and early 
stopping patience of 3 epochs. 

4. Experimental Evaluation 
4.1. Experimental Setup 

Our evaluation employs a comprehensive experimental design to assess SQ-LoRA 
across diverse scenarios representative of real-world edge deployment. The implementa-
tion leverages PyTorch 2.1 with custom CUDA kernels optimized for 4:8 structured sparse 
operations, integrated with Hugging Face Transformers 4.35 for standardized model han-
dling and evaluation protocols. 

Training experiments utilized NVIDIA A100 GPUs with 40 GB memory running 
CUDA 12.0. For edge-deployment validation, we selected three representative hardware 
platforms: NVIDIA Jetson Nano (2 GB RAM, 128 CUDA cores, Maxwell architecture), 
Raspberry Pi 4 Model B (8 GB RAM, 1.5 GHz ARM Cortex-A72), and a Qualcomm Snap-
dragon 888 emulation environment (6 GB RAM, Adreno 660 GPU). We selected Distil-
BERT-base-uncased (66M parameters) as our primary evaluation model after careful con-
sideration of edge-deployment constraints. We evaluate on four carefully selected NLP 
tasks: 
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• Emotion Classification: SemEval-2018 Task 1 dataset for fine-grained emotion recog-
nition [30] (6838 training/886 validation/3259 test tweets annotated with 11 emotion 
categories; sourced from the official SemEval-2018 shared-task repository). 

• SST-2: Stanford Sentiment Treebank v2 for binary sentiment classification [31] (67,349 
training/872 validation/1821 test sentences; accessed via the GLUE benchmark 
through Hugging Face Datasets). 

• BoolQ: Reading comprehension through yes/no questions [32] (9427 training/3270 
validation examples of naturally occurring yes/no questions from Wikipedia pas-
sages; accessed via SuperGLUE through Hugging Face Datasets). 

• MNLI: Multi-Genre Natural Language Inference [33] (392,702 training/9815 matched 
validation/9832 mismatched validation sentence pairs for three-way classification; 
accessed via the GLUE benchmark). 

All datasets are publicly available and were used without modification. Tokenization 
was performed using the DistilBERT tokenizer with a maximum sequence length of 128 
tokens. Standard data loading was implemented via Hugging Face Datasets with a batch 
size of 16 and 4× gradient accumulation (effective batch size 64). All experiments used 
identical preprocessing pipelines to ensure fair comparison across methods. 

4.2. Main Results 

Table 1 presents comprehensive performance comparison across all evaluated meth-
ods. Results represent mean ± standard deviation over five independent runs with differ-
ent random seeds. The compared methods include: full fine-tuning (standard approach 
without compression), LoRA (r = 8) [6], QLoRA [8], AdaLoRA [11], magnitude pruning 
[34], DoRA [27], SqueezeLLM [28], and SQ-LoRA (ours). 

Table 1. Performance comparison across methods and metrics. 

Method Avg. Acc (%) GPU Mem (GB) Latency (ms) 
Full Fine-Tuning 82.15 ± 0.28 9.77 120.5 
LoRA (r = 8) 81.78 ± 0.35 1.21 60.2 
QLoRA 81.90 ± 0.31 0.85 42.3 
AdaLoRA 81.62 ± 0.42 1.15 58.8 
Magnitude Pruning 79.23 ± 0.68 5.20 95.1 
DoRA [27] 81.95 ± 0.30 1.18 57.5 
SqueezeLLM [28] 81.42 ± 0.38 0.78 38.5 
SQ-LoRA 82.00 ± 0.23 0.32 10.0 

Statistical significance testing using paired t-test confirms SQ-LoRA’s superiority: 
memory reduction vs QLoRA (t(4) = 12.45, p < 0.001) and latency improvement vs QLoRA 
(t(4) = 8.73, p < 0.001). The accuracy difference vs full fine tuning is not statistically signif-
icant (t(4) = 1.82, p = 0.143). 

Compared with recent state-of-the-art methods, SQ-LoRA demonstrates clear ad-
vantages in unified compression. DoRA [27] achieves competitive accuracy (81.95%) 
through its weight-decomposed adaptation strategy but does not incorporate quantiza-
tion or sparsity, resulting in significantly higher memory usage (1.18 GB) and latency (57.5 
ms). SqueezeLLM [28] provides effective post-training quantization with reduced 
memory (0.78 GB), yet lacks the structured sparsity and adaptive rank selection that ena-
ble SQ-LoRA’s superior latency performance (10.0 ms vs. 38.5 ms). These comparisons 
highlight that SQ-LoRA’s unified integration of three complementary compression tech-
niques, guided by the stable-rank theory, achieves a more favorable accuracy–efficiency 
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tradeoff than applying individual techniques in isolation. Figure 4 shows GPU memory 
usage. 

 

Figure 4. GPU memory usage by method and memory distribution analysis. 

4.3. Task-Specific Performance Analysis 

Figure 5 presents confusion matrices for each evaluated task, demonstrating SQ-
LoRA’s robust performance across diverse NLP applications. 

 

Figure 5. Per-task accuracy comparison across fine-tuning variants. SQ-LoRA (blue) maintains com-
petitive accuracy across all tasks while achieving significant compression. Notable performance on 
SST-2 (92.2%) demonstrates robustness to compression for binary classification tasks. 

4.4. Ablation Study 

Table 2 presents component-wise ablation analysis to quantify individual contribu-
tions. Note that these configurations represent internal architectural variants of SQ-LoRA 
(not external baselines), where each row removes one component to isolate its contribu-
tion to overall performance. 
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Table 2. Component-wise ablation analysis. 

Configuration Emo. SST-2 BoolQ MNLI Avg (%) Mem Lat 
Full SQ-LoRA 82.0 92.2 69.1 84.0 81.8 0.32 10.0 
w/o Stable Rank 81.2 91.5 68.3 83.2 81.1 0.42 12.5 
w/o 4:8 Sparsity 81.8 92.0 68.9 83.8 81.6 0.35 18.2 
w/o Hybrid Quant 80.5 90.8 67.5 82.4 80.3 0.32 10.8 
w/o NF4 Base 81.7 91.9 68.8 83.7 81.5 0.78 11.2 

Each component provides essential contributions: stable-rank adaptation improves 
accuracy by 0.92% while reducing memory by 24%; structured sparsity enables 45% la-
tency reduction; and hybrid quantization preserves 1.69% accuracy over uniform quanti-
zation. 

Table 3 presents layer-wise stable-rank analysis demonstrating adaptive compres-
sion benefits. 

Table 3. Layer-wise stable rank and assigned ranks. 

Layer Type Avg. Stable Rank Assigned Rank (ε = 0.1) 
Embedding 285.3 26 
Attention Q,K,V 412.7 37 
Attention Output 387.2 35 
Feed-Forward Network 
(FFN) Intermediate 521.8 47 

FFN Output 468.5 42 
Classifier 156.2 14 

Table 4 demonstrates real-world deployment performance on resource-constrained 
hardware. All platforms achieve < 50 ms latency, enabling real-time scenarios. 

Table 4. Edge-device performance metrics. 

Device RAM Latency (ms) Mem (MB) Power (W) 
Jetson Nano 2 GB 18.3 315 5.2 
Raspberry Pi 4 8 GB 42.7 298 3.8 
Mobile (simulated) 6 GB 12.5 287 2.1 

Figure 6 reports confusion matrices on four representative benchmarks (Emotion, 
SST-2, BoolQ, and MNLI) to characterize the post-compression error structure of SQ-
LoRA beyond aggregate accuracy. Overall, the matrices remain strongly diagonal, indi-
cating that the proposed stable-rank-guided low-rank adaptation combined with struc-
tured sparsity and hybrid quantization preserves class-discriminative representations 
across tasks. On binary classification datasets (SST-2 and BoolQ), SQ-LoRA yields near-
symmetric and low off-diagonal rates, suggesting balanced behavior without systematic 
bias toward either label. For the multi-class Emotion task, the dominant errors occur be-
tween affectively similar categories, with the largest confusions observed for pairs such 
as Happy–Sad and Anger–Fear, which is consistent with known semantic proximity in 
affective taxonomies. The MNLI results exhibit the expected difficulty of the Neutral class, 
where misclassifications primarily shift toward Entailment or Contradiction, while Entail-
ment and Contradiction remain comparatively well separated. Error patterns concentrate 
on semantically adjacent classes (e.g., Neutral vs. Entailment, Happy vs. Sad), suggesting 
that SQ-LoRA preserves global decision geometry while introducing limited boundary-
level perturbations consistent with the theoretical error bound in Equation (9). These 
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findings support the claim that SQ-LoRA’s compression-induced perturbations are struc-
tured and localized near ambiguous decision boundaries, rather than causing broad deg-
radation in the learned decision function. 

 

Figure 6. Confusion matrices for SQ-LoRA across four NLP tasks. (a) Emotion classification shows 
strong diagonal dominance with minimal confusion between Emotion categories. (b) SST-2 senti-
ment analysis achieves 95.1% negative and 95.5% positive classification accuracy. (c) BoolQ demon-
strates balanced performance on Boolean questions. (d) MNLI shows robust three-way classification. 

5. Discussion 
Limitations and Future Directions 

Current limitations stem from both theoretical constraints and practical considera-
tions. Architecture scope currently focuses on encoder-only models, with extension to de-
coder and encoder–decoder architectures requiring investigation. Task diversity evalua-
tion encompasses classification and QA tasks, but generation tasks may exhibit different 
compression characteristics. 

Future research directions promise to address these limitations. Dynamic sparsity 
could adapt patterns during inference based on input complexity. Neural architecture 
search might discover compression-friendly architectures designed jointly with SQ-LoRA 
techniques. Hardware–software co-design could yield custom accelerators optimized spe-
cifically for SQ-LoRA patterns. 

6. Conclusions 
We presented SQ-LoRA, a theoretically grounded framework for extreme language 

model compression targeting edge deployment. Through principled integration of stable-
rank-guided adaptation, structured sparsity, and hybrid quantization, SQ-LoRA achieves 
96.7% memory reduction and 91.7% latency improvement while maintaining functional 
accuracy within 0.15% of the full model. The key innovation lies in establishing the math-
ematical connection between stable rank and optimal compression, providing principled 
guidance for practical implementation. Our comprehensive evaluation across diverse 



Appl. Sci. 2026, 16, 2113 12 of 14 
 

https://doi.org/10.3390/app16042113 

tasks, devices, and metrics demonstrates the framework’s robustness and immediate ap-
plicability. SQ-LoRA enables practical deployment of sophisticated NLP models on de-
vices with 2 GB of RAM, advancing the democratization of AI technology. 
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Appendix A 
Proof of Theorem 1. Let 𝑊 ∈ ℝሺ௠×௡ሻ  be a weight matrix with stable rank 𝑠𝑟ሺ𝑊ሻ.  For 
target relative approximation error ε ∈ (0,1), the optimal LoRA rank 𝑟∗  satisfying |𝑊 −𝐵𝐴|ி ≤ ε|𝑊|ி  is bounded by 𝑟∗ ≥ ሺ1 − εଶሻିଵ𝑠 𝑟ሺ𝑊ሻ . Let  𝑊 = 𝑈Σ𝑉்  be the SVD 
where 𝑈 ∈ ℝሺ௠×௥ሻ, 𝑉 ∈ ℝሺ௡×௥ሻ are orthogonal matrices, and 𝛴 ∈ ℝሺ௥×௥ሻ is diagonal with 
singular values σଵ ≥ σଶ ≥ ⋯ ≥ σ௠௜௡ሺ௠,௡ሻ ≥ 0. By the Eckart–Young–Mirsky theorem, the 
optimal rank-r approximation minimizing ห|𝑊−𝑊௥|หி 𝑖𝑠 𝑊௥ = ∑ σ௜𝑢௜𝑣௜்௥௜ୀଵ . The approxi-

mation error is |𝑊−𝑊௥|𝐹 = ට∑ 𝑖 = 𝑟 + 1௠௜௡ሺ௠,௡ሻσ௜ଶ . From the constraint ห|𝑊−𝑊௥|หி ≤𝜀ห|𝑊|หி , we have ට∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀ௥ାଵ ≤ εට∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀଵ  . Rearranging, ∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀ௥ାଵ ≤εଶ ∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀଵ   . Since 𝜎ᵢଶ ≥ 𝜎ᵣଶ  for all σ௥ଶ ≥ ∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀ௥ାଵ ≥ ሺ1 − εଶሻ∑ σ௜ଶ௠௜௡ሺ௠,௡ሻ௜ୀଵ  . There-

fore, 𝑟 ≥ ሺ1 − εଶሻିଵ ∑ ஢೔మ೘೔೙ሺ೘,೙ሻ೔సభ ஢ೝమ = ሺ1 − εଶሻିଵ𝑠 𝑟ሺ𝑊ሻ. □ 

Appendix B 
Proof of Theorem 2. Let 𝑓ఏ be the original model and 𝑓஘ᇱ be the SQ-LoRA compressed 
model. For input x with ห|𝑥|หଶ ≤  𝑅 , the output difference is bounded by |𝑓஘ሺ𝑥ሻ −𝑓஘ᇱሺ𝑥ሻ|2 ≤ 𝐿൫εLoRa + εsparse + εquant൯|𝑥|ଶ. Consider an L-layer transformer where layer l ap-
plies  ℎ஘ሺ௟ሻሺ𝑥ሻ = σ൫𝑊ሺ௟ሻℎ஘ሺ௟ିଵሻሺ𝑥ሻ + 𝑏ሺ௟ሻ൯  . The compressed model applies ℎ஘ᇱሺ௟ሻሺ𝑥ሻ =σ൫𝑊ᇱሺ௟ሻℎ஘ᇱሺ௟ିଵሻሺ𝑥ሻ + 𝑏ᇱሺ௟ሻ൯. For each layer, the weight perturbation decomposes as Δ𝑊ሺ௟ሻ =𝑊ሺ௟ሻ −𝑊′ሺ௟ሻ = Δ𝑊LoRA

ሺ௟ሻ + Δ𝑊sparse
ሺ௟ሻ + Δ𝑊quant

ሺ௟ሻ  By our compression design, หΔ𝑊LoRA
ሺ௟ሻ หி ≤εห𝑊ሺ௟ሻหி  (Theorem 1), หΔ𝑊sparse

ሺ௟ሻ ห ≤ 0.5ห𝑊ሺ௟ሻหி (50% sparsity), and ቚΔ𝑊quant
ሺ௟ሻ ቚ ≤ √𝑑  (quanti-

zation error), solving the recurrence with |𝑓஘ሺ𝑥ሻ − 𝑓஘ᇱሺ𝑥ሻ|2 ≤ 𝐿 ⋅ max௟ ቀหΔ𝑊LoRAሺ௟ሻห𝐹 +หΔ𝑊sparseሺ௟ሻห𝐹 + หΔ𝑊quantሺ௟ሻหிቁ 𝑅 , where 𝐿 = ∏ ห𝐾ሺ௟ሻห௅௟ୀଵ   is the network Lipschitz con-
stant. □ 
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