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Development Environment 

For development, I connected Visual Studio Code to Google Colab using the Colab extension, which let 

us work in VS Code while running on Colab's remote NVIDIA Tesla T4 GPU. Alternatively, the project can 

be run directly in Google Colab on the same Tesla T4, which can be easier for uploading the images used 

in Module 2. 

 

Module 1: Matrix Multiplication 

(1) Matrix Multiplication on the CPU 

We implemented matrix multiplication in matrix_cpu.c and measured CPU execution time. As the 

example code was provided, we focused on understanding the C and CUDA syntax and the structure of 

the example. 
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The matrixMultiplyCPU() function computes the N x N matrix multiplication and times the CPU run. It 

allocates host memory for three N x N float arrays, initializes A and B with random values, and uses 

clock() to record the start and end of the multiplication before freeing the memory. We placed this code 

in matrix_cpu.c. 

matrix_cpu.c was compiled with gcc matrix_cpu.c -o matrix_cpu -O2. To collect runtimes across multiple 

sizes, we wrote a helper, run_time_comparasion(), that takes a list of N values and an executable name 

and records the runtime for each. We measured N = 64, 128, 256, 512, 1024, and 2048. 

 

 

(2) Naive CUDA Kernel 

In this section, I implemented a CUDA kernel where each thread computes one element of the output 

matrix.  

A CUDA kernel matrixMultiplyGPU is defined to compute matrix multiplication on the GPU. Each thread 

computes its global row and column indices using blockIdx, blockDim, and threadIdx, and then calculates 

one output element C by adding the dot product of row row in A and column col in B. 

In the main() function, the matrix dimension N is read from the given N and the required memory size 

for N*N matrix is calculated as a size variable. And then the host memory pointers h_A, h_B and h_C are 

defined, where h_A and h_B are initialized with random values and h_C is set as 0s. The corresponding 

device memory pointers d_A, d_B and d_C are set as null and are allocated memory on GPU using 

cudaMalloc. After that, the h_A and h_B are copied from host to device using cudaMemcpy. The block 

size is set as 16*16 and grid size is calculated by ceiling division from the matrix dimension. A warm-up 

kernel launch is executed to reduce the overhead of the first launch, followed by error checking and 

synchronization. Kernel execution time is then measured using CUDA events by recording timestamps of 

starting and ending  points of the kernel execution. Finally, the events are destroyed and both device 

and host memory are freed. 
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Implementation note: Compiling with !nvcc matrix_naive_gpu.cu -o matrix_naive_gpu 

produced the error "Kernel launch error: the provided PTX was compiled with an 

unsupported toolchain." 

The error is because the PTX generated by nvcc is not compatible with the GPU driver on the execution 

machine, so the kernel cannot be loaded or JIT-compiled. Adding -arch=sm_75 compiles the code for the 

target GPU architecture, ensuring matching device code is generated and reducing PTX compatibility 

issues, which makes the kernel launch succeed. 

The fix was to compile the CUDA file with the command below: 

!nvcc -O2 -arch=sm_75 matrix_naive_gpu.cu -o matrix_naive_gpu  

All the CUDA files followed are compiled with the -arch=sm_75 parameter. 

(3) Optimizing CUDA Code 

In this section, I introduced tiling with shared memory to reduce global memory accesses. Shared 

memory is faster to access than global memory because it is on-chip storage located within each 

Streaming Multiprocessor (SM). Since global memory is stored on device DRAM, shared memory offers 

much lower latency and it can be accessed by all threads inside the block. In naive CUDA, many threads 

repeatedly load the same A and B elements from global memory to execute matrix multiplication, which 

causes repeated access to global memory.  

With a tile width of 16, each block loads a 16*16 tile of A and B into shared memory once, and all 

threads in the block can load these cached values on the chip. This reduces redundant global memory 

traffic and improves overall throughput, leading to shorter GPU execution time. 
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(4) Performance Comparison 

We saved all the runtimes of CPU and GPU into a DataFrame and calculated the speedup = CPU time / 

GPU time. 

The performance tables for this stage are shown below; a more detailed discussion follows the cuBLAS 

implementation. 

 

 

(5) Using cuBLAS Library 

CuBLAS is NVIDIA’s GPU-accelerated implementation of the standard Basic Linear Algebra Subprograms 

(BLAS) library. It provides optimized routines for linear algebra operations on NVIDIA GPUs using CUDA, 

such as the single-precision general matrix multiply(cublasSgemm). 

In this section, I use cublasSgemm to calculate matrix multiplication instead of hand written CUDA 

kernel. In the main() function, a cuBLAS handle is created with cublasCreate. Constant variables alpha 

and beta are defined for the GEMM operation. A warm-up cublasSgemm call is executed to avoid first-

call overhead, followed by cudaDeviceSynchronize(). The cuBLAS execution time is measured using 

CUDA events by recording start and stop around the cublasSgemm call and computing the elapsed time 

in milliseconds.  

For compiling, use command: !nvcc -O2 -arch=sm_75 matrix_cublas_gpu.cu -o matrix_cublas_gpu -

lcublas 
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(6) Overall Performance Comparison 

In this section, I saved all the CPU and GPU’s runtimes into a Dataframe. After converting the seconds 

into milliseconds, we calculated all the speedup. Besides, we plotted the execution time vs. matrix size 

for all CPU and GPU implementations. 

 

 

 

 

 



Page7 

Analysis Questions: 

1. How does performance change as matrix size increases? 

All implementations slow down as the matrix size increases, but they scale very differently. The CPU degrades 

the most, slowing faster than the expected quadratic rate at large sizes, likely due to cache effects. The GPU 

implementations scale far more smoothly, and cuBLAS scales best - its effective throughput keeps improving 

as the matrices grow. 

2. At what point does the GPU significantly outperform the CPU? 

The GPU outperforms the CPU across every size we tested, and the advantage grows with matrix size. By 

medium sizes the GPU is already orders of magnitude faster, and the gap widens sharply for large matrices 

where the CPU struggles most. 

3. How much speedup is gained by tiling optimization vs. naïve CUDA? 

Tiling shows little benefit at very small sizes, where its overhead can make it slower. Beyond a certain size the 

shared-memory optimization takes effect and produces a clear improvement. Tiling is most effective within a 

specific size range and shows little difference outside it. 

4. How close is your optimized kernel to cuBLAS performance? 

For small matrices our optimized kernel is competitive with cuBLAS and is occasionally slightly faster. As the 

matrices grow, cuBLAS becomes significantly faster, and the gap is largest for the heaviest workloads. 

5. Why might cuBLAS still outperform hand-written kernels? 

cuBLAS has years of optimization work behind it, with engineers who understand every detail of GPU 

architecture. It uses specialized hardware like tensor cores, adapts algorithms to different GPU generations, 

and applies low-level optimizations that are hard to replicate without deep domain expertise. 
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(7) Creating a Shared Library and Using it in Python 

The code wraps the optimized CUDA matrix multiplication kernel into a shared library 

(libmatrix.so) callable from Python. The extern "C" wrapper function gpu_matrix_multiply() 

handles GPU memory allocation, data transfers, and kernel execution. Python uses ctypes to 

load the library, declare argument types (NumPy float32 arrays and an integer), and call the 

function with flattened NumPy arrays, enabling GPU acceleration from Python without 

rewriting CUDA code. 

Key Components: 

CUDA Library (matrix_lib.cu): Contains the tiled matrix multiplication kernel and an extern "C" wrapper 

that manages GPU memory and execution. 

Compilation: Uses nvcc -Xcompiler -fPIC -shared to create a position-independent shared library (.so 

file). 

Python Interface: Uses ctypes to load the library, specify argument types matching NumPy arrays, and 

call the CUDA function directly from Python, achieving GPU acceleration with minimal overhead. 
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Module 2: Image Convolution & Custom Python Library 

Step 1: Convolution Function 

Convolution filter (kernel) is a N by N matrix that is used for image processing. The image processing is 

done by a weighted sum of a pixel value and its neighborhood NxN pixel values to create a new pixel 

value. This feature makes this a good candidate for using CUDA since GPU is great for performing 

weighted sum with big data. 

 

The library supports three filter families: 

• Edge Detection: Edge detection is one of three supported convolution filters. 

• Gaussian Blur: We chose Gaussian blur over a simple box blur because its effect is more visually 

noticeable. 

• Sharpen: We selected the kernel weights from the Wikipedia article on image-processing 

kernels: https://en.wikipedia.org/wiki/Kernel_(image_processing). 

 

Image Preprocessing 

We used the Python Pillow library to resize the image to 1024 x 1024 and the convert("L") method to 

convert it to 8-bit grayscale (monochrome). 

Code for preprocessing: 

 

First Image before resizing and grayscaling Resized (1024, 1024) Monochrome Image 
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The Code to Perform Convolution Function: 

We implemented convolution with nested loops: for each pixel we gather its N x N neighborhood and 

apply the filter weights as a weighted sum, then store the result. The helper get_pixel_zero_ped() 

handles boundaries, returning zero for neighbors that fall outside the image. The window size is set by 

the weight length (default M=512, configurable via CLI arguments), advancing to a new row each time 

the weight length is reached. 

 

Example Code for N=3 edge Detection: 

 

 

Filters: 

We use three filters: edge detection, sharpen, and Gaussian blur. The 3x3 weights come directly from 

Wikipedia; for 5x5 and 7x7 we extended the same patterns. Edge detection uses a Laplacian-style kernel 

(large positive center with negative surrounds), while the sharpen and Gaussian-blur weights follow 

standard references. The Gaussian blur is normalized to preserve overall brightness. 

 

The active filter is selected with a mode string such as "edge_n3" or "sharpen_n7", so different kernels 

can be tested by changing a single CLI argument. 
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Performance of CPU only: 

 

The time increases as M increases. The time also increases as N increases. The time is not equal for all 

filters. 
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Displaying Images to prove Functions work Properly: 

Edge n3 with 1024 size 

 

Edge n5 with 1024 size 

 

Sharp n5 1024 size 

 

Blur n7 with 512 size: The image is cropped to the 

top-left corner so it fits the smaller 512 size we 

defined. 
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Step 2: Porting the Convolution Function to CUDA 

Why this is a good CUDA Candidate: 

Convolution is highly parallel because each output pixel can be computed independently - the same 

operation is applied to every pixel. GPUs are designed for exactly this kind of repeated multiply-and-

accumulate across large arrays, so CUDA is a good fit. 

This uses essentially the same kernel logic: GPU memory is allocated with cudaMalloc, and each CUDA 

thread computes one output pixel (x, y) by looping over its N x N neighborhood, multiplying by the 

assigned filter weights, applying boundary checks, and clipping the result to 0-255. 

Performance: Comparison of CPU and GPU 

 

Step 3: Adding and Using the Convolution in the Custom Python Library 

Compiles the CUDA convolution kernels into a shared library (libconvo.so) that Python can call via 

ctypes. This lets Python scripts use GPU-accelerated convolution (edge detection, sharpening, blur) 

without rewriting the CUDA code, enabling performance comparisons between CPU, CUDA executables, 

and Python-bound CUDA functions. 

GPU Performance per function in different architecture:

 


