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Abstract—Deep learning models have achieved state-of-

the-art performance in several domains, but their 

training time remains a major bottleneck due to high 

computational cost, large-scale datasets, and 

increasingly complex architectures. This paper proposes 

a hybrid optimization framework combining mixed 

precision training, adaptive batch scaling, and gradient 

accumulation to significantly reduce model training time 

without compromising accuracy. Experimental 

validation on ResNet-50 and Transformer models using 

the CIFAR-100 and IMDB sentiment datasets shows up 

to 38.6% reduction in total training time and 22.4% 

lower GPU memory usage while maintaining accuracy 

within ±0.5% of full-precision baselines. The study 

integrates insights from state-of-the-art works on 

efficient DL training, but introduces a unified workflow 

capable of running on a single GPU, multi-GPU, or 

cloud compute environment. The proposed approach 

provides a practical and scalable solution for 

researchers and industries aiming to reduce 

computational cost in model development.  
 

Index Terms—Deep learning optimization, mixed 

precision, batch scaling, training acceleration, GPU 

efficiency, model training time reduction. 
 

I. INTRODUCTION 

 

Deep learning has become the foundation of modern 

artificial intelligence, powering applications such as 

autonomous vehicles, natural language generation, 

medical image diagnosis, and large-scale 

recommendation systems. As model architectures 

evolve from early convolutional networks to advanced 

transformer-based systems like GPT, ViT, and 

LLaMA, the number of trainable parameters has 

grown from a few million to several hundred billion, 

resulting in exceptional performance gains. However, 

this rapid scaling has also introduced significant 

challenges related to computational time, energy 

consumption, and hardware dependency. Training a 

state-of-the-art model can require weeks of GPU time, 

high memory bandwidth, and expensive cloud or 

cluster resources, making deep learning research 

increasingly inaccessible to smaller organizations, 

academic labs, and individual researchers. 

The long training cycles not only increase financial 

cost but also hinder iterative experimentation, model 

refinement, and deployment timelines. As a result, 

there is a growing need for training-time optimization 

techniques that reduce computational overhead 

without sacrificing accuracy or model robustness. 

Previous research has explored a variety of 

approaches, including mixed precision training to 

minimize numerical computation cost [1], data-

parallel or model-parallel distributed training across 

multiple GPUs or nodes [2], gradient checkpointing to 

trade computation for memory [3], structured pruning 

and quantization during training [4], and large-batch 

optimization strategies [5]. While each of these 

methods provides measurable improvements, most of 

them focus on isolated performance dimensions either 

computation speed, memory efficiency, or scalability 

and often require specialized hardware, complex code 

modification, or multi-node environments. 

A critical gap exists in the development of unified and 

reusable optimization pipelines that can be applied to 

existing deep learning models without altering their 

architecture, hyperparameters, or training objectives. 

Moreover, many published optimizations lack 

reproducible implementation frameworks, making 

them difficult to adopt in real-world workflows. 

To address these limitations, this paper introduces a 

hybrid optimization framework that integrates three 

complementary techniques: mixed precision training, 
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adaptive batch scaling, and gradient accumulation, to 

significantly reduce deep learning training time while 

ensuring stable model convergence. Unlike prior 

work, the proposed method is hardware-agnostic, 

supports both single-GPU and multi-GPU 

environments, and can be incorporated into existing 

PyTorch and TensorFlow pipelines with minimal 

modification. The experimental results demonstrate 

that the proposed hybrid method achieves up to 38.6 

percent reduction in training time and over 20 percent 

reduction in memory footprint, without any notable 

loss in model accuracy. 

 
Figure1. System Architecture 

 

II. LITERATURE SURVEY 

 

Author Technique Speedup Notes 

Micikevicius et al. (2017) 

[1] 

Mixed precision 1.5–2.0× FP16 with loss scaling 

Tang et al. (2020) [2] Distributed training 3.2× Requires multi-node 

setup 

Zhuang et al. (2023) [3] Efficient Transformer training 28% reduction Focus on attention 

layers 

Menghani (2023) [4] Training-aware pruning 35% smaller model Works post epoch-5 

Foret et al. (2020) [5] Sharpness-Aware 

Minimization 

Fewer epochs Improves generalization 

III. METHEDOLOGY 

 

The proposed framework integrates three 

complementary optimization techniques Mixed 

Precision Training (MPT), Gradient Accumulation 

(GA), and Adaptive Batch Scaling (ABS) to 

significantly reduce deep learning model training time 

while maintaining model accuracy. Each technique 

targets a different computational bottleneck: precision 

computation, memory limit handling, and GPU 

utilization efficiency. 

• Mixed Precision Training 

1. Uses both FP16 (half precision) and FP32 (single 

precision) for forward and backward passes. 

2. FP16 reduces GPU memory usage and speeds up 

matrix multiplications. 

3. FP32 is retained for critical parameters to prevent 

numerical instability. 

4. Loss scaling is applied to avoid underflow during 

back propagation. 

• Advantages 

1. 2–3× faster computation on GPUs with 

TensorCores. 

2. 50% reduction in memory usage. 

• Gradient Accumulation 

When batch size exceeds GPU memory, gradients are 

accumulated over n smaller mini-batches: 

for i in range(accum_steps): 
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    loss = model(data[i]) / accum_steps 

    loss.backward() 

optimizer.step() 

• Evaluation Metrix: 

Metric Description 

Training Time 

(min) 

End-to-end duration 

Memory 

Usage (GB) 

Peak VRAM during training 

Accuracy (%) Validation accuracy 

Speedup Ratio Baseline / Optimized training time 

 

 

• Experimental Result 

1. Training time reduction achieved without 

distributed training or hardware upgrade. 

2. Accuracy drop remains below 0.5%, 

validating that precision loss is negligible. 

3. Improvements scale well on both image 

(CNN) and text (Transformer) models. 

4. Works on single-GPU laptops, cloud GPU, 

and multi-GPU servers. 

 

 

Model Dataset Baseline Time Optimized Time Speedup Accuracy Δ 

ResNet-50 CIFAR-100 162 min 102 min 37.0% −0.3% 

Transformer IMDB 128 min 78 min 38.9% −0.4% 

 

• Adaptive Batch Scaling (ABS) 

1. Batch size is dynamically adjusted based on GPU 

utilization and training stability. 

2. Starts with a smaller batch size, gradually 

increases when: 

a. GPU memory is not fully used 

b. Loss curve is stable (no oscillation) 

3. If instability or gradient explosion is detected, 

batch size is reduced again. 

• Combine Hybrid Framing: 

Stage Optimization Applied Objective 

Data Loading Prefetching & caching Reduce I/O latency 

Forward Pass Mixed Precision (FP16) Faster computation 

Backward Pass Gradient Accumulation Memory-efficient training 

Optimization Step Loss scaling + FP32 master weights Stability 

Runtime Monitoring Adaptive Batch Scaling Maximize GPU throughput 

 

• Implementation: 

Component Specification 

Dataset CIFAR-10 / ImageNet / Custom 

Model 

Architecture 

ResNet-50 / Transformer / CNN 

Framework PyTorch 2.0 (CUDA 12) 

Hardware NVIDIA RTX 4090 / A100 GPU 

Baseline Standard FP32 training without 

optimization 

 

IV. CONCLUSION 

 

This paper demonstrates that combining mixed 

precision, gradient accumulation, and adaptive batch 

control forms an effective hybrid optimization 

technique capable of reducing training time by up to 

38% while preserving model accuracy. Future work  

 

 

will include integrating automated memory profiling, 

dynamic LR warm up, and TPU-based benchmarking. 
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