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OPTIMIZATION

CV, DL & ML Model Optimization
Model quantization, pruning, and edge deployment strategies to make models smaller, faster, and cheaper

to run on any hardware.

Dr. Farshid Pirahansiah · pirahansiah.com

Optimization

DL

1. Model Optimization

Quantization

Convert to lower precision (INT8, FP16)

Pruning

Remove unnecessary weights or layers

Knowledge Distillation

Use smaller “student” models for efficiency

2. Hardware Utilization

GPU/TPU Acceleration

Fully utilize GPUs or TPUs

Parallelize across multiple devices

CUDA and cuDNN

Optimize using CUDA and cuDNN libraries

3. Efficient Data Loading

Multi-threaded Data Loading

Use PyTorch’s DataLoader

Real-time Data Augmentation

Perform on-the-fly augmentations

4. Batch Size Tuning

Increase Batch Size

Improves throughput, balancing memory usage

5. Algorithmic Improvements

Early Stopping
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Stop training early when performance stabilizes

Gradient Checkpointing

Recompute intermediate activations to save memory

6. Efficient Architectures

MobileNet, EfficientNet, ResNet

Architectures optimized for speed and performance

7. Parallelization & Distributed Training

Distributed Training

Spread training across multiple machines

8. Inference Optimization

ONNX Runtime

Convert to ONNX format for platform-optimized deployment

TensorRT or OpenVINO

Use TensorRT or OpenVINO for faster inference

Computer Vision System Optimization

1. Efficient Algorithms

YOLO (You Only Look Once)

Real-time object detection

MobileNet, SqueezeNet

Lightweight networks for embedded devices

Fast R-CNN, SSD

Faster object detection

2. Reduce Image Resolution

Downscaling

Lower resolution for faster processing

Image Pyramids

Multi-resolution approach for speed and accuracy

3. Optimized Preprocessing

Grayscale Conversion

Reduce data size if color is unnecessary

Region of Interest (ROI)

Focus processing on relevant areas
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4. Real-time Processing

Frame Skipping

Process fewer frames for video tasks

Optical Flow Algorithms

For motion tracking and reducing redundant computation

Edge Detection

Use fast edge detection (e.g., Canny, Sobel)

5. Parallel Processing

Multi-threading

Utilize OpenCV’s parallel processing

GPU Processing

Use OpenCV’s CUDA-enabled functions

6. Reduce Redundant Computation

Caching Results

Store intermediate results

Keyframe Extraction

Process only keyframes in video

7. Optimize Feature Extraction

ORB (Oriented FAST and Rotated BRIEF)

Efficient feature extraction

HOG (Histogram of Oriented Gradients)

Tune for speed in object detection

8. Model Compression & Pruning

Smaller Models for Edge Devices

Use TinyML techniques for real-time processing

Prune Unnecessary Layers

Improve inference speed by pruning unused layers

9. Data Augmentation

Real-time Augmentation

Augment on-the-fly during training

10. Optimized File Formats

Use Compressed Formats (JPEG, WebP)
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Reduce file size and load times

Binary Formats (NumPy .npy )

Speed up data loading

11. Edge Computing

Deploy on Edge Devices (NVIDIA Jetson)

Optimized for real-time CV tasks

12. Inference Optimization

TensorFlow Lite or OpenCV’s DNN Module

Optimize for CPU/GPU inference

FPGA/ASIC Hardware Acceleration

Use FPGAs/ASICs for real-time tasks

Data Optimization and Handling in ML/DL

1. Data Collection

Diverse Data Sources

Collect data from multiple sources to ensure variability

Balanced Data

Ensure your dataset is balanced across different classes

Data Volume

Gather a sufficient amount of data for each category

High-Quality Data

Filter and clean your dataset to remove noisy, irrelevant data

2. Data Preprocessing

Normalization/Standardization

Scale input features to a common range

Handling Missing Data

Use techniques like mean imputation, forward filling, or removing incomplete records

Feature Engineering

Create new features or transform existing ones for better model performance

Dimensionality Reduction

Use PCA (Principal Component Analysis) or t-SNE to reduce the number of features

3. Data Augmentation

Image Augmentation (CV)
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Apply transformations like rotation, scaling, cropping, and flipping

Text Augmentation (NLP)

Synonym replacement, word shuffling, and paraphrasing

Data Sampling

Use SMOTE (Synthetic Minority Oversampling Technique) for imbalanced data

Time-Series Augmentation

Shift, scale, or apply noise to time-series data

4. Train-Test Split

Stratified Sampling

Ensure that the split maintains class balance in both training and test sets

Cross-Validation

Use k-fold cross-validation to validate model robustness across multiple data subsets

Hold-Out Set

Keep a separate validation set for unbiased performance evaluation

Handling Underfitting and Overfitting

1. Handling Underfitting

1.1. Increase Model Complexity

Add More Layers (DL)

Increase the depth of your neural network

Use More Features (ML)

Add more relevant input features for better decision-making

Switch to More Complex Models

Use deeper architectures or ensemble methods (e.g., random forests)

1.2. Improve Feature Engineering

Feature Interactions

Combine features or create new ones that capture relationships between them

Polynomial Features

Add polynomial terms for non-linear relationships

1.3. Increase Training Time

More Epochs (DL)
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Train for more epochs to ensure better convergence

Reduce Learning Rate

Use a smaller learning rate to allow the model to learn fine details

2. Handling Overfitting

2.1. Regularization Techniques

L1/L2 Regularization

Add penalty terms to the loss function to prevent over-reliance on any feature

Dropout (DL)

Randomly drop units during training to prevent overfitting

Early Stopping

Stop training once the model performance on the validation set starts to degrade

2.2. Data Augmentation

Increase Dataset Size

Augment your data to provide more varied examples during training

Cross-Validation

Use k-fold cross-validation to ensure the model generalizes well

2.3. Reduce Model Complexity

Reduce Layers/Units (DL)

Use fewer layers or neurons in the model to reduce complexity

Pruning

Prune unnecessary weights or parameters

2.4. Regularization and Ensemble Methods

Bagging and Boosting

Use ensemble methods like Random Forest or Gradient Boosting to reduce variance

Dropout Regularization

Drop neurons during training to prevent overfitting in deep networks

2.5. Reduce Training Time

Early Stopping

Stop training when the model’s performance on the validation set stops improving

Reduce Epochs
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Train for fewer epochs to prevent overfitting

General Strategies for Both Overfitting and Underfitting

1. Cross-Validation

k-fold Cross-Validation

Evaluate model performance on different subsets of the data to prevent both underfitting and

overfitting

2. Hyperparameter Tuning

Grid Search / Random Search

Optimize hyperparameters like learning rate, regularization, etc., to find the best configuration

Learning Rate Schedulers

Dynamically adjust learning rates during training to improve model learning

3. Ensemble Learning

Bagging

Combine predictions from multiple models to reduce variance

Boosting

Sequentially train models to focus on correcting previous errors

4. Feature Selection

Select Relevant Features

Reduce dimensionality by selecting the most important features (feature importance, mutual

information)

Optimization Summary

Underfitting

Increase model complexity, improve feature engineering, and train longer.

Overfitting

Regularization, dropout, reduce complexity, and data augmentation.

Optimization Libraries and Frameworks for CV, DL, and Data Handling

1. Deep Learning and Machine Learning Frameworks:

PyTorch: Deep learning framework for building and training neural networks.

TensorFlow: Popular deep learning framework with tools for research and production.

Keras: High-level API for neural networks, built on top of TensorFlow.

ONNX Runtime: Optimizes and runs models in the ONNX format on different hardware platforms.
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TensorRT: NVIDIA’s high-performance deep learning inference library for model optimization.

OpenVINO: Intel’s toolkit for optimizing deep learning models on Intel hardware.

scikit-learn: Machine learning library with algorithms like random forests, gradient boosting, etc.

XGBoost: Efficient and scalable gradient boosting library.

LightGBM: Fast and efficient gradient boosting framework.

MXNet: Deep learning framework for training and deploying models across multiple GPUs.

CoreML: Apple’s machine learning framework optimized for iOS/macOS.

2. Computer Vision Libraries:

OpenCV: Comprehensive library for image and video processing.

CUDA (with OpenCV): NVIDIA’s parallel computing platform integrated with OpenCV for GPU-

accelerated operations.

Pillow (PIL): Python Imaging Library for basic image manipulation.

cv2 (OpenCV): Python interface for OpenCV for image/video processing tasks.

FFmpeg: Multimedia framework for handling video/audio processing, format conversion, and

frame extraction.

GStreamer: Pipeline-based multimedia framework for video processing and streaming workflows.

3. Data Handling and Augmentation Libraries:

NumPy: Fundamental package for numerical computing in Python (arrays/matrix operations).

Pandas: Data manipulation library for structured data (tables, dataframes).

SMOTE (imbalanced-learn): Synthetic Minority Oversampling Technique for balancing

imbalanced datasets.

Albumentations: Fast image augmentation library for computer vision tasks.

Augmentor: Python library for augmenting image datasets with transformations.

imgaug: Library for augmenting images in ML pipelines.

4. Video Processing Libraries:

FFmpeg: Multimedia framework for video/audio processing and conversions.

GStreamer: Multimedia framework for real-time video streaming and processing workflows.

5. Hardware Acceleration and Parallelization:

Numba: JIT compiler for Python that optimizes machine code for faster computations.

OpenCL: Open Computing Language for parallel computing across heterogeneous platforms

(CPUs, GPUs, FPGAs).

PyCUDA: Python wrapper for CUDA, allowing direct access to NVIDIA GPUs for parallel

computation.

PyOpenCL: Python wrapper for OpenCL, enabling parallel computation on CPUs, GPUs, and other

devices.



pirahansiah.com9 / 10

CuPy: NumPy-like library for GPU-accelerated array computations using CUDA.

TensorFlow Lite: Lightweight version of TensorFlow optimized for mobile and edge devices.

NVIDIA Jetson SDK: Tools and libraries for deploying deep learning models on NVIDIA Jetson

devices (edge computing).

FPGA: Field Programmable Gate Arrays for hardware acceleration in real-time inference tasks.

ASIC: Application-Specific Integrated Circuits for high-speed computing in AI/ML applications.

6. Hyperparameter Tuning and Optimization Libraries:

GridSearchCV (scikit-learn): Tool for grid search over hyperparameter values.

RandomSearchCV (scikit-learn): Tool for random search over hyperparameter values.

Ray Tune: Distributed hyperparameter tuning library.

7. Mobile and Edge AI Frameworks:

CoreML: Machine learning framework optimized for Apple devices (iOS/macOS).

TensorFlow Lite: TensorFlow’s lightweight version optimized for mobile and IoT devices.

NVIDIA Jetson SDK: Tools for real-time AI tasks on NVIDIA edge devices.

8. Parallelization and Distributed Training:

Horovod: Distributed deep learning framework for scaling training across multiple GPUs and

machines.

Dask: Parallel computing library for large-scale data and task parallelism in Python.

Apache Spark: Distributed data processing framework for machine learning tasks at scale.

9. Regularization and Ensemble Learning Libraries:

scikit-learn: Provides L1/L2 regularization techniques and ensemble learning methods like

Bagging and Boosting.

CatBoost: Gradient boosting library optimized for categorical data.

10. Inference Optimization Libraries:

ONNX Runtime: Cross-platform optimization for inference using ONNX models.

TensorRT: NVIDIA’s library for optimizing deep learning inference.

OpenVINO: Intel’s toolkit for accelerating inference on Intel hardware.

TensorFlow Lite: Optimized TensorFlow framework for running inference on mobile and edge

devices.

CoreML: Optimized inference on Apple devices.

Libraries and Tools

1. Data Collection and Preprocessing:
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NumPy: Array and matrix processing for structured data.

Pandas: Data manipulation for structured/tabular data.

scikit-learn: Provides tools for preprocessing, feature engineering, and scaling.

2. Data Augmentation Libraries:

Albumentations: Advanced image augmentation library for creating new training examples in

computer vision tasks.

Augmentor: Library for adding transformations like rotation, scaling, and cropping to images.

imgaug: Framework for augmenting images during training.

3. Cross-Validation:

scikit-learn: Provides utilities for k-fold cross-validation and other methods to evaluate models.

4. Hyperparameter Tuning:

GridSearchCV (scikit-learn): Searches for optimal hyperparameter combinations.

RandomSearchCV (scikit-learn): Performs randomized search for hyperparameters.

5. Regularization:

scikit-learn: Provides L1 and L2 regularization techniques to prevent overfitting.

6. Ensemble Learning:

XGBoost: Gradient boosting framework.

LightGBM: Efficient gradient boosting library for large datasets.

CatBoost: Boosting library for categorical data.

Summary of Key Libraries and Frameworks

Deep Learning/ML Frameworks: PyTorch, TensorFlow, Keras, MXNet, CoreML

Computer Vision: OpenCV, Pillow, FFmpeg, GStreamer, Albumentations

Data Handling: NumPy, Pandas, SMOTE, Augmentor, imgaug

Video Processing: FFmpeg, GStreamer

Hardware Acceleration: Numba, OpenCL, PyCUDA, CuPy, TensorFlow Lite, NVIDIA Jetson SDK

Parallelization/Distributed Training: Horovod, Dask, Apache Spark

Inference Optimization: ONNX Runtime, TensorRT, OpenVINO, CoreML, TensorFlow Lite

Tips to Reduce RAM Usage: - Model Optimization - Attention Sinks - Mixed-Precision Training -

Lower-Precision Computations - Reduce Batch Size - Gradient Accumulation - Use Stateless

Optimizers - Gradient (Activation) Checkpointing - CPU Parameter Offloading


