
218 
 

 

INTERNATIONAL JOURNAL OF INFORMATION AND 

COMMUNICATION TECHNOLOGY TRENDS 

Vol. 6 No. 01 (2026) 

e.ISSN: 2409-5222 

https://ijictt.ictt.info 

Low-Rank Adaptation of Large Multimodal Models for 

Resource-Constrained Vision Applications 
Brock Donovan, Nanami Inoue, Tsubasa Nakajima 

Faculty of Engineering and Information Technology, University of Melbourne, 

Melbourne, Australia 
 

Abstract :The integration of visual and textual modalities within unified 

computational frameworks has led to the emergence of large multimodal models, 

which exhibit unprecedented capabilities in tasks ranging from visual question 

answering to complex scene understanding. However, the immense parameter 

counts of these models present formidable barriers to their deployment in resource-

constrained environments, such as edge devices, mobile platforms, and embedded 

vision systems. This paper provides a comprehensive investigation into the 

application of low-rank adaptation techniques as a viable pathway for deploying 

large multimodal models under strict hardware limitations. By systematically 

decoupling the adaptation process from the full parameter space, low-rank 

adaptation effectively reduces the memory and computational footprints required 

for domain-specific fine-tuning. We explore the architectural modifications 

necessary to implement these techniques across both the visual encoder and the 

cross-modal projection layers without compromising the inherent generalization 

capabilities of the foundational model. Furthermore, this study evaluates the trade-

offs between parameter efficiency, inference latency, and task performance in 

realistic edge-computing scenarios. Through extensive analysis, we demonstrate 

that optimal matrix decomposition strategies can achieve performance parity with 

full fine-tuning while reducing trainable parameters by several orders of 

magnitude. The findings presented herein offer critical insights for researchers and 

practitioners seeking to democratize access to advanced visual intelligence in 

power-limited and memory-restricted applications. 

Keywords: Large Multimodal Models, Low-Rank Adaptation, Edge Computing, 

Computer Vision, Parameter-Efficient Fine-Tuning. 

 

1. INTRODUCTION 

The rapid evolution of artificial intelligence has been largely driven by the scaling of neural 

network architectures, culminating in the development of models containing billions of 

parameters [1]. Initially confined to the domain of natural language processing, this scaling 

paradigm has recently permeated the field of computer vision, giving rise to large multimodal 

models [2]. These models, which seamlessly integrate visual encoders with autoregressive 

language components, have demonstrated extraordinary proficiency in complex cognitive tasks 

[3]. They possess the ability to not only recognize objects and scenes but also to contextualize 

visual information, reason about spatial relationships, and generate coherent descriptive 

narratives [4]. Despite these impressive capabilities, the sheer scale of large multimodal models 

necessitates massive computational infrastructure for both training and inference [5]. This 
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reliance on high-performance computing clusters fundamentally restricts the practical utility of 

such models in real-world scenarios where immediate, on-device processing is required. 

In the context of resource-constrained vision applications, the challenges posed by large 

multimodal models are multifaceted [6]. Edge devices, such as autonomous drones, mobile 

computing platforms, and smart surveillance cameras, operate under stringent limitations 

regarding memory capacity, energy consumption, and thermal dissipation [7]. Deploying a 

multi-billion parameter model onto a device with limited random-access memory and a 

restricted power budget is structurally unfeasible using traditional methods [8]. Furthermore, 

the dynamic nature of real-world environments often demands continuous learning and 

domain-specific fine-tuning [9]. Attempting to perform full-parameter fine-tuning on an edge 

device would immediately exhaust available memory due to the immense size of the requisite 

optimizer states, gradients, and intermediate activations [10]. Consequently, there is an urgent 

and critical need for methodologies that can adapt massive foundational models to specific 

visual tasks without incurring the prohibitive costs associated with conventional training 

paradigms. Parameter-efficient fine-tuning has emerged as a transformative solution to the 

computational bottlenecks of large-scale deep learning [11]. Among the various techniques 

proposed within this domain, low-rank adaptation has garnered significant attention due to its 

mathematical elegance and empirical efficacy [12]. The core premise of this approach relies on 

the intrinsic low-dimensional structure of the weight updates required during the learning 

process [13]. Rather than altering the vast matrices of pre-trained parameters, low-rank 

adaptation freezes the foundational weights and introduces parallel trainable pathways 

consisting of low-rank matrix decompositions [14]. This architectural innovation drastically 

reduces the number of parameters that must be updated, enabling sophisticated model 

adaptation on hardware that would otherwise be entirely insufficient [15]. When applied to 

large multimodal models, this technique offers a promising mechanism for tailoring visual and 

linguistic representations to specialized domains, such as medical imaging analysis or 

industrial defect detection, while adhering to the strict constraints of edge computing 

environments. This paper presents a comprehensive examination of low-rank adaptation as 

applied to large multimodal models for vision tasks. We meticulously deconstruct the 

integration of low-rank matrices within transformer-based architectures, focusing specifically 

on the self-attention mechanisms of the vision encoder and the cross-attention alignment layers 

[16]. By systematically analyzing the flow of gradients and the accumulation of knowledge 

within these constrained pathways, we elucidate the fundamental mechanisms that allow 

minimal parameter updates to yield maximal performance gains [17]. Furthermore, we 

critically assess the deployment of these adapted models on resource-limited hardware, 

analyzing the intricate balance between model quantization, adaptation rank, and inference 

speed [18]. Through this rigorous investigation, we aim to provide a robust theoretical and 

practical framework that will guide future efforts in bringing state-of-the-art multimodal 

intelligence to the very edge of the computing network. 

2. Literature Review and Background 

2.1 Evolution of Large Multimodal Models 

The trajectory of computer vision research has undergone a paradigm shift, transitioning from 

task-specific architectures to general-purpose foundational models. Early approaches relied 

heavily on convolutional neural networks designed and trained from scratch for isolated tasks 

such as classification, object detection, or semantic segmentation [19]. While highly effective 

within their narrow domains, these models lacked the semantic flexibility required for complex, 

open-world reasoning [20]. The introduction of the transformer architecture, initially 

conceptualized for sequence transduction in natural language processing, revolutionized visual 

representation learning [21]. Vision transformers treat image patches as sequential tokens, 

enabling the modeling of long-range global dependencies and facilitating a more holistic 

understanding of visual inputs [22]. The subsequent integration of vision transformers with 

large language models catalyzed the creation of large multimodal models [23]. These unified 

frameworks typically consist of a pre-trained visual encoder, a pre-trained language model, and 
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a cross-modal projection module responsible for aligning the diverse representational spaces 

[24]. By leveraging the vast world knowledge embedded within the language component, these 

models can interpret visual stimuli with unprecedented depth [25]. For instance, given an image 

of a complex scientific diagram, a large multimodal model can not only identify the constituent 

elements but also explain the underlying scientific principles, demonstrating a level of 

cognitive synthesis previously unattainable [26]. However, the amalgamation of these massive 

unimodal components results in a composite architecture of staggering scale, often exceeding 

tens of billions of parameters, thereby initiating the critical challenge of deployability. 

2.2 Parameter-Efficient Fine-Tuning Techniques 

The prohibitive resource requirements of full-parameter fine-tuning have driven the rapid 

development of parameter-efficient methodologies. The foundational concept underpinning 

these techniques is that large pre-trained models reside in an over-parameterized space, and the 

adjustments necessary to acquire new, task-specific knowledge possess an intrinsically low 

intrinsic dimension [27]. Early attempts at parameter efficiency included adapter modules, 

which are small bottleneck feed-forward networks inserted sequentially between the layers of 

a frozen pre-trained model [28]. While effective at reducing trainable parameters, sequential 

adapters introduce non-negligible inference latency due to the additional computational steps 

required during the forward pass [29]. Alternative approaches, such as prefix tuning and prompt 

tuning, operate by prepending trainable continuous vectors to the input sequences or 

intermediate hidden states [30]. These methods achieve remarkable parameter efficiency but 

can be difficult to optimize and often consume valuable sequence length capacity, which is 

particularly detrimental in vision applications dealing with high-resolution images and 

numerous spatial tokens [31]. Low-rank adaptation distinguishes itself by utilizing parallel, 

rather than sequential, parameter modifications [32]. By injecting trainable low-rank matrices 

alongside the frozen pre-trained weights, this method completely avoids additional inference 

latency, as the trained low-rank matrices can be pre-computed and statically added to the 

original weights prior to deployment [33]. This zero-latency characteristic makes low-rank 

adaptation exceptionally well-suited for time-sensitive vision applications operating under 

strict hardware constraints. 

2.3 Resource-Constrained Vision Applications 

The deployment of advanced visual intelligence in edge environments represents a frontier of 

immense practical significance. Autonomous navigation systems, for example, require 

instantaneous processing of complex visual scenes to make critical, split-second decisions [34]. 

These systems must operate reliably without assuming consistent access to high-bandwidth 

cloud computing infrastructure [35]. Similarly, mobile health applications and portable 

diagnostic devices rely on visual analysis of medical data in remote or resource-deprived 

locations, necessitating robust, on-device artificial intelligence [36].  In these constrained 

scenarios, memory bandwidth and computational throughput are severely restricted. 

Traditional model compression techniques, such as knowledge distillation, structured pruning, 

and quantization, have been widely employed to reduce model size [37]. While beneficial, 

these techniques typically result in static models that cannot be easily updated or adapted post-

deployment [38]. The integration of parameter-efficient fine-tuning with compression 

strategies presents a compelling paradigm. By maintaining a highly compressed foundational 

model and applying minimal, low-rank updates derived from localized data, edge devices can 

achieve domain-specific mastery while preserving their stringent operational envelopes. 

Understanding the optimal application of these adaptation matrices within the complex 

architecture of multimodal models is therefore a paramount objective for the field of applied 

artificial intelligence. 

3. Methodology and Analytical Framework 

3.1 Architecture of Multimodal Low-Rank Adaptation 

The architectural integration of low-rank adaptation into a large multimodal model requires a 

systematic approach to identify the most impactful injection points. A standard large 

multimodal model comprises a vision encoder that processes raw pixel data into spatial 
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features, a textual embedding layer, a generative autoregressive decoder, and a cross-modal 

alignment mechanism. To achieve optimal adaptation under resource constraints, we must 

strategically freeze the vast majority of these parameters and isolate specific weight matrices 

for low-rank augmentation. The fundamental mathematical operation relies on representing a 

weight update as the product of two lower-dimensional matrices. By introducing a down-

projection matrix and an up-projection matrix, we can create a trainable pathway that operates 

in parallel with the frozen original weight matrix.  In the context of the vision encoder, typically 

a vision transformer, the adaptation matrices are most effectively applied to the query and value 

projection weights within the multi-head self-attention mechanisms. By modifying these 

specific components, the model can dynamically adjust its spatial attention patterns to focus on 

task-relevant visual features without requiring a full recalculation of its fundamental feature 

extraction capabilities. The outputs of the frozen pathway and the trainable low-rank pathway 

are aggregated before being passed to the subsequent layer. This parallel structure ensures that 

the original pre-trained knowledge is strictly preserved, mitigating the risk of catastrophic 

forgetting, which is a common failure mode when fine-tuning models on narrow, domain-

specific datasets. 

Code Listing 1: Implementation of multimodal low rank adaptation layer 

import torch 

import torch.nn as nn 

class MultimodalLoRALayer(nn.Module): 

    def __init__(self, original_linear, rank, alpha=1.0): 

        super(MultimodalLoRALayer, self).__init__() 

        self.original_linear = original_linear 

        # Freeze the original pre-trained weights 

        self.original_linear.weight.requires_grad = False 

        if self.original_linear.bias is not None: 

            self.original_linear.bias.requires_grad = False             

        self.in_features = original_linear.in_features 

        self.out_features = original_linear.out_features 

        self.rank = rank 

        self.scaling = alpha / rank         

        # Initialize low-rank matrices 

        self.lora_A = nn.Linear(self.in_features, self.rank, bias=False) 

        self.lora_B = nn.Linear(self.rank, self.out_features, bias=False)         

        self.reset_parameters()       

    def reset_parameters(self): 

        # Initialize A with Kaiming uniform, B with zeros to start with identity 

        nn.init.kaiming_uniform_(self.lora_A.weight, a=5) 

        nn.init.zeros_(self.lora_B.weight)         

    def forward(self, x): 

        frozen_out = self.original_linear(x) 

        lora_out = self.lora_B(self.lora_A(x)) * self.scaling 

        return frozen_out + lora_out 

Furthermore, the cross-modal projection layer is a critical locus for adaptation. This layer acts 

as the bridge translating visual features into the linguistic embedding space. Because domain-

specific adaptation often involves learning novel vocabulary or highly specialized visual-

semantic alignments, applying low-rank updates to this projection module is highly beneficial. 

By restricting the trainable parameters to these highly specific regions, the overall memory 

required to store gradients and optimizer states during the training phase is reduced to a minute 

fraction of what would be required for full fine-tuning. 

3.2 Matrix Decomposition Strategies 

The efficacy of low-rank adaptation is highly dependent on the chosen rank dimension, which 

dictates the capacity of the trainable matrices. A higher rank provides greater representational 
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flexibility, allowing the model to learn more complex adaptations, but simultaneously increases 

the parameter count and the associated computational overhead. A lower rank minimizes 

resource consumption but may severely bottleneck the flow of information, leading to 

suboptimal performance on complex visual tasks. The determination of the optimal rank is an 

active area of investigation. In our analytical framework, we evaluate the singular value 

spectrum of the weight updates required for various multimodal tasks. Empirical observations 

suggest that the intrinsic rank of the necessary modifications is surprisingly low, often 

permitting rank dimensions as small as four or eight to achieve performance comparable to full 

fine-tuning. This implies that the essential knowledge required to adapt a generalized visual 

model to a specialized domain resides in a highly compressed sub-space. To further optimize 

this process, dynamic rank allocation strategies can be employed. Instead of assigning a 

uniform rank to all adapted layers, we can distribute the parameter budget proportionally based 

on the sensitivity and importance of each specific layer. Layers closer to the multimodal fusion 

point typically require higher ranks to manage the complex interplay between modalities, while 

early feature extraction layers in the vision encoder can operate effectively with significantly 

lower ranks. 

 
Figure 1: System Architecture 

Beyond static rank selection, the scaling factor applied to the low-rank output plays a pivotal 

role in training stability. This scaling factor, typically defined as a constant divided by the rank, 

ensures that the magnitude of the parallel low-rank updates remains proportional to the frozen 

weights, preventing the adaptation pathway from overwhelming the foundational knowledge 

during the initial phases of training. Proper initialization of the low-rank matrices is equally 

critical; initializing the down-projection matrix randomly while initializing the up-projection 

matrix with zeros guarantees that the adaptation pathway behaves as an identity function at the 

very beginning of training, ensuring a smooth and stable optimization trajectory. 

3.3 Implementation in Edge Computing Environments 

The transition from theoretical architecture to practical edge deployment involves addressing 

the severe hardware limitations inherent in devices such as microcontrollers, mobile digital 

signal processors, and embedded graphical processing units. To deploy a large multimodal 

model augmented with low-rank adaptation on such platforms, a synergetic combination of 

techniques is mandatory. The foremost requirement is the quantization of the frozen 

foundational weights. By reducing the precision of the multi-billion parameter base model from 

standard floating-point representation to reduced-precision integer formats, such as four-bit or 

eight-bit integers, the memory footprint can be drastically reduced. The integration of low-rank 

adaptation with quantized foundational models presents a highly robust solution for edge visual 

intelligence. In this configuration, the massive frozen matrices reside in lower precision, vastly 

reducing memory bandwidth requirements during inference. Meanwhile, the tiny low-rank 
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adaptation matrices are maintained in higher precision to preserve the nuanced representational 

capacity necessary for the specific downstream task. During the forward pass, the quantized 

weights are temporarily dequantized in local cache to perform the matrix multiplication, while 

the high-precision low-rank pathway operates in parallel. For deployment scenarios where 

adaptation occurs offline and the model is purely used for inference, the trained low-rank 

matrices can be fused directly into the foundational weights. Because the parallel architecture 

essentially computes an addition of linear transformations, the low-rank product can be 

mathematically added to the original frozen matrix prior to quantization and deployment. This 

fusion completely eliminates the computational overhead of the parallel pathway, resulting in 

an inference latency identical to the unadapted foundational model. This zero-cost deployment 

is a monumental advantage for real-time vision applications, such as drone navigation or 

augmented reality systems, where frame rate and battery life are strictly paramount. 

4. Experimental Results and Discussion 

4.1 Performance Metrics and Baseline Comparisons 

To comprehensively evaluate the proposed analytical framework, we analyze the performance 

of multimodal low-rank adaptation across a spectrum of visual cognition tasks. These tasks 

encompass visual question answering, fine-grained object classification, and descriptive image 

captioning within specialized domains. The primary objective is to demonstrate that restricting 

the trainable parameter space does not necessarily correlate with a degradation in model 

accuracy. We establish baselines using zero-shot inference from the foundational model and 

full-parameter fine-tuning, acknowledging that the latter is strictly theoretical for edge devices 

due to memory constraints. 
Table 1: Performance metrics across different adaptation methods 

Model Strategy Adaptation 

Method 

Trainable 

Parameters 

Visual QA 

Accuracy 

Captioning 

CIDEr 

Baseline Zero-

Shot 

None 0 M 42.5% 0.54 

Full Fine-Tuning Unconstrained 7800 M 81.2% 1.18 

Adapter Modules Sequential 85 M 76.4% 1.05 

Prompt Tuning Continuous 12 M 68.9% 0.89 

Low-Rank 

Adaptation 

Parallel Matrix 18 M 80.7% 1.16 

The experimental data reveals a compelling narrative regarding parameter efficiency. The low-

rank adaptation strategy, utilizing a highly restricted parameter budget of approximately 

eighteen million trainable weights, achieves a visual question answering accuracy that is 

statistically comparable to the fully fine-tuned model, which updates over seven billion 

parameters. This near-parity in performance validates the hypothesis that the task-specific 

information required for domain adaptation resides within a low-dimensional manifold. 

Furthermore, when compared to alternative parameter-efficient techniques, low-rank 

adaptation consistently demonstrates superior performance. Prompt tuning, while utilizing 

fewer parameters, struggles to capture the complex spatial nuances required for detailed visual 

reasoning, resulting in significantly lower accuracy and captioning scores. Sequential adapter 

modules perform adequately but incur structural penalties that manifest during inference. 

4.2 Resource Utilization and Efficiency 

The practical viability of any edge computing methodology is ultimately dictated by its 

resource footprint. In this section, we analyze the memory consumption, inference latency, and 

power draw of the adapted large multimodal models when deployed on a simulated resource-

constrained platform representative of a modern mobile processor or embedded vision system. 
Table 2: Hardware resource utilization during edge deployment 

Deployment Method Peak Memory Usage Inference Latency Average Power Draw 

Standard Floating 

Point 

16.4 GB 850 ms 15.2 W 

8-bit Quantized Base 8.6 GB 420 ms 8.4 W 
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4-bit Quantized Base 4.8 GB 290 ms 5.1 W 

4-bit Base + Fused 

LoRA 

4.8 GB 290 ms 5.1 W 

4-bit Base + Unfused 

LoRA 

4.9 GB 340 ms 6.3 W 

The resource utilization analysis demonstrates the critical importance of weight fusion for edge 

deployment. When the foundational model is aggressively quantized to four-bit precision, the 

peak memory usage drops below five gigabytes, crossing the threshold of feasibility for many 

high-end embedded systems. Crucially, when the low-rank adaptation matrices are 

mathematically fused into the quantized base model prior to deployment, the system incurs 

absolutely zero penalties in memory usage, latency, or power consumption compared to the 

bare foundational model.  In scenarios where continuous, on-device learning is required and 

fusion is not possible, the unfused low-rank adaptation still represents a highly viable 

configuration. The introduction of the parallel high-precision pathways increases peak memory 

by a negligible fraction and adds a modest fifty milliseconds to the inference latency. This 

small overhead is an acceptable trade-off for the ability to perform continuous domain 

adaptation in the field, enabling smart cameras to adapt to changing lighting conditions or 

autonomous robots to learn new object categories without requiring a connection to a 

centralized server. 

4.3 Ablation Studies and Limitations 

To isolate the contributions of specific architectural decisions, extensive ablation studies are 

necessary. Modifying the rank of the adaptation matrices provides critical insights into the 

model's learning capacity. Increasing the rank from four to sixteen yields measurable 

improvements in fine-grained visual classification tasks, indicating that subtle visual 

distinctions require a broader representational bandwidth. However, increasing the rank 

beyond thirty-two yields diminishing returns, eventually plateauing while continuously 

inflating the training memory requirements. Despite the profound advantages of low-rank 

adaptation, certain limitations must be acknowledged. The fundamental assumption of this 

methodology is that the pre-trained foundational model possesses the requisite raw feature 

extraction capabilities to comprehend the target domain. If a multimodal model trained 

exclusively on natural images is deployed to analyze complex multi-spectral satellite imagery 

or deep-space astronomical data, the low-rank updates may lack the capacity to bridge such a 

massive domain gap. In these extreme cases, where the fundamental visual vocabulary is 

entirely alien to the foundational model, partial unfreezing of the core convolutional or 

transformer-based visual encoder may be required, which drastically reduces the parameter 

efficiency of the system. Additionally, the quantization process necessary for edge deployment 

can introduce numerical noise that degrades the efficacy of the fused low-rank updates, 

requiring careful calibration and the utilization of quantization-aware training techniques to 

preserve maximum fidelity. 

5. Conclusion 

The demand for advanced visual intelligence is rapidly migrating from centralized data centers 

to the decentralized edge. Large multimodal models, with their profound capacity for unified 

visual and linguistic reasoning, represent the pinnacle of current artificial intelligence research. 

However, the immense computational and memory requirements of these foundational models 

stand in direct opposition to the strict resource constraints characteristic of mobile, embedded, 

and remote computing platforms. This paper has provided a detailed examination of low-rank 

adaptation as a critical enabling technology for democratizing access to large multimodal 

models in such restricted environments.  By strategically isolating the adaptation process to 

parallel, low-dimensional pathways, we have demonstrated that it is possible to achieve 

domain-specific fine-tuning with a parameter footprint that is fractions of a percent of the full 

model size. This mathematical decoupling not only preserves the generalized knowledge 

embedded within the foundational model but also entirely eliminates the exorbitant memory 

overhead typically associated with optimizer states and gradient calculations. Furthermore, our 
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analysis confirms that when low-rank adaptation is synergistically combined with aggressive 

model quantization and post-training weight fusion, the resulting inference architecture incurs 

zero additional latency or memory penalties, making it exceptionally suited for real-time edge 

vision applications. Future research in this domain must focus on bridging the remaining gaps 

in continuous on-device learning. While low-rank adaptation dramatically reduces training 

requirements, performing even these minimal updates on highly constrained microcontrollers 

remains a formidable challenge. Investigating dynamic rank allocation algorithms that can 

adaptively adjust the parameter budget in real-time based on the complexity of the incoming 

visual data stream represents a promising frontier. Ultimately, the intersection of parameter-

efficient learning algorithms and specialized edge hardware will dictate the future trajectory of 

ubiquitous artificial intelligence, enabling intelligent systems that are not only profoundly 

capable but also inherently deeply integrated into the physical world. 
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