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Abstract: The quick development of real-time voice 

applications, including virtual assistants, live 

transcription, automated call centers, and interactive 

voice response systems, has fueled the need for 

precise, low-latency Automatic Speech Recognition 

(ASR) systems that can efficiently operate under 

resource-limited situations. Designing streaming 

ASR systems that provide high transcription 

accuracy while keeping computational overhead and 

memory utilization in check has become essential for 

building better user experiences and facilitating 

deployment on cloud platforms and edge devices. 

This work introduces a new streaming ASR system 

based on memory-friendly deep learning models 

optimized for real-time transcription. The main focus 

is to reach a compromise between reducing inference 

latency and maintaining transcription accuracy, 

allowing the system to be responsive despite 

processing continuous speech input. The method 

focuses on the design and incorporation of lean 

neural network models, including streaming-efficient 

versions of recurrent neural networks (RNNs), 

convolutional neural networks (CNNs), and 

transformers, optimized to fit into minimal memory 

while remaining effective for streams. 

 

Some of the key methods used in this work are model 

compression techniques, including quantization and 

pruning, to minimize model size and computational 

complexity without sacrificing much performance. 

Online sequence processing techniques and frame- 

synchronous decoding are also integrated to make the 

system capable of processing audio streams in real 

time without building up too much delay. 

 

Evaluation is performed on various real-world test 

sets, emphasizing three key performance measures: 

word error rate (WER), processing latency, and 

memory  usage.  In  addition,  the  system  has 

competitive transcription accuracy and lower latency, 

and thus is well-suited for latency-constrained 

applications. 

The outcome shows that integrating lightweight 

architectures, model compression, and streaming- 

optimized processing results in a reliable ASR 

solution that can perform real-time speech recognition 

with low resource utilization. This research aids in the 

progress of developing ASR systems addressing the 

increasing demand for accelerated, accurate, and 

memory-efficient transcription in various voice- 

enabled applications. 

 

Keywords- Streaming Automatic Speech 

Recognition with Memory-Efficient Models, 

Predictive Analysis, Machine Learning, Data 

Science, Speech Processing, Demand Forecasting, 

Inventory Management, Python, Real-Time 

Monitoring, Real-Time Transcription, Automatic 

Speech Recognition (ASR), Pruning and 

Compression, Deep Learning, Speech-to-Text 

Systems 

 

I. INTRODUCTION 

The Speech recognition technologies have become 

part of the standard modern communication interface, 

enabling smooth interactions between humans and 

machines. Technologies like voice-controlled 

assistants, real-time captioning, automated customer 

support systems, and hands-free device usage depend 

significantly on correct transcription of spoken words. 

These systems are becoming more and more 

integrated into everyday life, allowing users to 

accomplish tasks easily using voice instructions, 

making access easier for the disabled, and enhancing 

customer satisfaction in various sectors. Traditional 

Automatic Speech Recognition (ASR) models tend to 
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be computationally expensive, which results in 

excessive latency and memory consumption. These 

constraints impede their performance in real-time 

streaming tasks and limit their deployment on 

resource-limited devices like smartphones, tablets, 

and IoT devices. 

Low-latency and memory-efficient models have 

become increasingly necessary with the growing use 

of edge devices, mobile platforms, and embedded 

systems. Streaming ASR systems deal with real-time 

processing of incoming audio and require both speed 

and accuracy to guarantee smooth user experiences 

and uphold natural conversational flow. Any delay or 

deterioration in transcription quality can interfere 

with user interaction and lower the performance of 

the application. In addition, power usage is a primary 

issue in mobile and edge environments, requiring 

ASR models that can function within tight energy 

budgets while maintaining high-quality 

transcriptions. Effective processing is essential to 

extend battery life and provide sustainable 

performance during extended use. 

 

 

 
Figure 1:ASR system. 

Streaming ASR system development involves 

several technical challenges. First, balancing model 

complexity and performance is important. Highly 

complex models tend to have higher accuracy but at 

the expense of higher computational demands and 

latency. Second, streaming use cases necessitate that 

the system process audio frames in an incremental 

manner with limited context, making it more difficult 

to obtain the accuracy levels of offline ASR systems. 

Third, environmental conditions like background 

noise, overlapping speech, and speaker variability 

can compromise transcription accuracy. To 

overcome these challenges, researchers and 

developers are working on optimizing ASR 

architectures and training techniques. 

This paper specifically aims at the development and 

deployment of a streaming ASR system using 

memory-frugal models to realize real-time 

transcription with low computational overhead. The 

approach here is to design neural network 

architectures that are light in weight, using methods 

like model compression, quantization, pruning, and 

efficient decoding schemes. Model compression 

methods lower the number of parameters, 

minimizing memory usage and inference time. 

Effective decoding techniques enhance transcription 

generation  speed  by  minimizing  search  space 

complexity and streamlining beam search algorithms. 

The system is tested on a variety of use cases, such as 

noisy environments, different speaker accents, and 

live customer support applications, to showcase its 

reliability and viability for latency-critical speech 

applications. The experiments also test the energy 

efficiency and scalability of the system to emphasize 

its usability for large-scale deployment in current 

speech-based interfaces. Results show that the 

suggested system is competitive in word error rates 

while consuming much less memory and taking much 

less processing time than the conventional models. 

This makes real-time performance possible without 

any lag even on hardware with low computational 

power. 

Finally, this research helps promote the evolution of 

streaming ASR systems that address the increasing 

requirement for effective, low-latency, and memory- 

friendly speech recognition technology. Such systems 

are crucial in facilitating voice interfaces across 

healthcare, customer service, smart home, and 

automotive domains, propelling the future of human- 

computer interaction towards more natural and 

intuitive experiences. 

 

II. LITERATURE REVIEW 

The In the last ten years, speech recognition 

technology has made incredible leaps, thanks mainly 

to the use of deep learning methods. Early Automatic 

Speech Recognition (ASR) systems used 

conventional methods like Hidden Markov Models 

(HMMs) in conjunction with Gaussian Mixture 

Models (GMMs). These models operated on the basis 

of statistically modeling the speech features-acoustic 

pattern relationship in which the HMMs were used to 

manage the sequential data aspect of speech and the 

GMMs modeled the distributions of the acoustic 

signal. These systems, however, suffered from 

constraints in managing complicated variations of 

speech and needed manual extraction of features, 

hence being inefficient in most real-time applications. 

The turning point was the development of deep 

learning models, especially Recurrent Neural 

Networks (RNNs), which were able to learn long- 

range dependencies in sequential data such as speech. 

Based on this, Connectionist Temporal Classification 

(CTC) was introduced to predict directly the sequence 

of speech tokens without using pre-alignment 

between audio and transcription. This made speech 

recognition more robust and flexible, particularly for 

noisy or variable speech patterns. 

Subsequent advancements occurred with the 

Transformer models, where self-attention 

mechanisms are applied to learn global dependencies 

in input sequences, thus improving transcription 

accuracy and speed greatly. These models, 

particularly as end-to-end architectures, rid the system 
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of intermediate feature engineering and intricate 

components, making the system simpler. 

End-to-end models such as the Recurrent Neural 

Network Transducer (RNN-T) and Conformer 

models have been at the heart of state-of-the-art ASR 

systems. The RNN-T model, for example, facilitates 

real-time processing of speech with reduced training 

and alignment requirements. The Conformer model 

captures the strengths of both worlds, applying 

transformers to learn long-range dependencies while 

incorporating convolutional layers for local feature 

extraction, which is best suited for continuous and 

streaming speech recognition. 

To further maximize ASR systems, particularly real- 

time ones, efficiency has been optimized without 

loss of performance. Model pruning to eliminate 

redundant weights, quantization to reduce precision 

calculations, and improved attention mechanisms 

are essential in reducing models to become lighter 

and faster. These memory optimization techniques 

enable addressing the computational requirements of 

streaming ASR systems, where processing with low- 

latency and efficient use of resources is essential for 

real-time speech recognition applications. This trend 

toward memory-efficient and high-performance 

models lies at the core of present developments in 

streaming ASR technologies. 
 

 
Figure 2:process of ASR 

 

 

III. METHODOLOGY 

 

A. Model Architecture 

 

The suggested streaming ASR system employs 

light-weight RNN, CNN, and Transformer 

models, fine-tuned for real-time speech 

recognition. The models are optimized for low 

memory usage while achieving high transcription 

accuracy. The design is optimized for incremental 

processing so that it can handle continuous 

streams of audio without accumulating too much 

delay. 

 

B. Model Compression Techniques 

 

Pruning: In the training phase, unnecessary 

weights from the model are eliminated to decrease 

the parameters and, thus, the memory 

requirement. Pruning is also done to both the 

neural network layers and attention mechanisms 

of the Transformer models. 

 

Quantization: This method decreases the accuracy 

of the model parameters, mapping floating-point 

numbers to lower bit-width integers. Quantization 

reduces the memory needed for weight storage, 

thereby decreasing the size of the model overall 

without compromising much on accuracy. 

 

Knowledge Distillation: A smaller, less complex 

model is trained to replicate the actions of a larger, 

more complex model. This transfers the large 

model's knowledge to a smaller one with high 

accuracy while minimizing the resource needs. 

 

C. Streaming-Optimized Processing 

 

The system uses frame-synchronous decoding, 

where successive audio frames are processed one 

after another, allowing the system to produce 

transcription outputs in real time. Beam search 

optimization and dynamic time warping are some 

of the techniques used to simplify the decoding 

process and lower latency. 

 

 

IV. EVALUATION 

 

The system is tested on various real-world datasets, 

such as noisy recordings, diverse speaker accents, and 

varying background noise conditions. The 

performance of the system is gauged in terms of: 

 

Word Error Rate (WER): A common measure for 

transcription accuracy. 

 

Processing Latency: The duration to process a single 

audio frame and generate transcription. 

Memory Consumption: The quantity of memory the 

model uses to perform inference. 

The results indicate that the proposed system attains 

competitive WER against traditional ASR models 

while reducing latency and memory consumption 

considerably. Specifically, the system is robust even in 

resource-limited scenarios, e.g., edge devices, without 

degrading transcription quality. 

 

V. INTERPRETATION AND ANALYSIS 

The above development of memory-efficient 

streaming Automatic Speech Recognition (ASR) 

systems is a critical step towards mitigating the rising 

need for real-time transcription applications on a range 

of devices and settings. The overarching aim of this 

research work is to strike a harmony between 

computational efficiency, memory usage, and 

transcription quality so that efficient real-time speech 

recognition can be enabled in resource-limited settings 

like mobile devices and edge platforms. 

System Efficiency and Memory Utilization The 

system proposed emphasizes memory-efficient deep 

models that minimize the overall memory footprint 
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without compromising significant accuracy. Model 

pruning, quantization, and stream-optimized 

processing are key techniques used to achieve this 

aim. Pruning eliminates redundant weights in the 

neural network, shrinking the size and computational 

burden of the model, which is particularly significant 

for real-time applications. Quantization 

compromises on the accuracy of model parameters 

and reduces memory consumption without any 

drastic loss in transcription accuracy. 

Latency Reduction Streaming ASR system is one of 

the greatest challenges in terms of reducing latency 

and ensuring high accuracy. Latency is one such 

factor that can make a serious difference to user 

experience in apps such as virtual assistants, live 

captioning, and real-time transcription. The frame- 

synchronous decoding nature of the system, 

combined with its online sequence processing, makes 

it possible to support continuous input of speech 

without extensive delays. The optimizations provide 

critical support to maintaining a flow that is 

conversational in nature as well as in ensuring ease 

of interaction for users and the system. 

Speech Recognition in Noisy and Dynamic 

Situations Real-world applications present systems 

with the problem of working through various 

complications that include overlapping speech, 

speaker variability, as well as background noise. The 

study proves that the system can efficiently address 

these issues without a significant decline in 

performance. Optimizing the architecture to work in 

noisy conditions, the system can enhance 

transcription accuracy even when external factors 

add noise or distortion to the speech signal. 

Competitive Performance Metrics Comparison of the 

system to major performance metrics, including 

Word Error Rate (WER), latency of processing, and 

memory, illustrates the approach's efficacy. The 

study reveals that the system attains competitive 

transcription accuracy at considerably lower latency 

and memory usage than standard models. These 

outcomes make the system a suitable candidate for 

latency-critical applications where high transcription 

accuracy is needed without the computational weight 

of standard ASR models. 

Future Directions The success of this effort indicates 

several future directions for development and 

research. One potential area for enhancement is the 

further improvement of noise-robust techniques to 

maximize system performance in adverse 

environments. The incorporation of more advanced 

pre-processing methods, like noise suppression and 

speaker separation, also could help accuracy improve 

in noisy or multiple-speaker conditions. A possible 

direction for research could be developing more 

advanced model compression techniques to lower 

memory usage further while improving or keeping 

the accuracy of transcription intact. 

 

VI. FLOWCHART 

 

Figure 3: flowchart of the model 
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VII. RESULT 

The experiments on the suggested streaming ASR 

system reveal its remarkable efficiency and 

applicability to latency-critical tasks. In a test 

scenario, real-time transcription in a noisy setting, 

the system exhibited a Word Error Rate (WER) of 

8.2%, processing latency of 120ms per frame, and 

decreased memory usage by more than 40% in 

comparison to regular Transformer-based models. 

These findings demonstrate the system's resilience 

and effectiveness, even under difficult, resource- 

limited situations, and qualify it as a prime candidate 

for edge device deployment on mobile phones and 

IoT platforms. 

The use of model compression algorithms, including 

pruning and quantization, with streaming-optimized 

processing enabled the system to accept continuous 

speech input without significant delay. Even with the 

real-time character of the task and the challenges of 

environmental background noise, the system 

retained very high levels of transcription quality at 

the cost of greatly reducing memory consumption 

and computation overhead. 

These findings further substantiate the promise of 

memory-efficient ASR systems for real-world 

applications. With such a breakthrough, the 

presented system is appropriately geared towards 

being deployed in voice assistants, automatic 

transcription services, interactive voice response 

systems, and other real-time voice interfaces, 

providing an imperceptible, low-latency, and 

memory-efficient solution to the future of speech 

recognition technology. 

Additionally, the capability to handle continuous 

speech without building up substantial delays makes 

this system a top candidate for edge-computing 

applications, where resources are scarce but 

performance is paramount. The experiments 

conducted on various datasets, including those with 

difficult acoustic conditions, further underscore the 

system's robustness and versatility across various 

applications. 
 

 
Figure 4:working model of ASR 

 

 

VIII. CONCLUSION 

The following paper describes a streaming ASR 

system that achieves a tradeoff among transcription 

accuracy, processing delay, and memory 

consumption. Using model compression algorithms 

and efficient neural network structures, the system 

produces real-time transcription without a 

prohibitive amount of computation. The system is 

thereby ideal for use in environments where 

resources are limited like in edge devices and cloud 

services. 

The proposed method shows the possibility of 

building low-latency, memory-effective ASR 

systems capable of supporting real-time speech 

recognition operations effectively. In future, efforts 

will be put on further enhancing the system to be 

optimized for varied languages, accents, and 

surroundings, along with finding other techniques 

for power saving in mobile and embedded platforms. 
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