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For decades, software developers enjoyed a free lunch. Every 18 months or so, a new
generation of CPUs would arrive, and our sequential, single-threaded applications would
magically run faster without us lifting a finger. This reliable performance boost, driven by ever-
increasing clock frequencies, was the engine of progress for the entire computer industry. But
around 2003, that engine sputtered. The fundamental limits of energy consumption and heat
dissipation slammed the brakes on single-CPU performance gains. The free lunch was over.

The new frontier for performance became parallel programming aka rewriting software to run
on multiple processor cores at once. But making code parallel isn't just about splitting a for
loop across a few CPU cores. The most powerful parallel processors available today, Graphics
Processing Units (GPUs), operate on principles that are deeply counter-intuitive to anyone
trained in traditional, sequential programming. The rules for writing fast parallel code are often
surprising, paradoxical, and completely different from what we've been taught.

1. GPUs Don't Reduce Slowness, They Masterfully Hide It

The first and most fundamental truth of GPU architecture is that an individual operation on a
GPU is not particularly fast. In fact, it's often much slower than on a CPU. The GPU's secret
isn't reducing latency (the time for one operation); it's about maximizing throughput (the total
number of operations completed over time).

CPUs are latency-oriented. They are engineered to make a single thread of execution finish as
quickly as possible. To do this, they use enormous on-chip caches to convert long-latency
memory accesses into short-latency cache hits, and they employ sophisticated control logic to
predict which way a program will branch. All this hardware is dedicated to minimizing the time
any single task has to wait.

GPUs, in contrast, are throughput-oriented. They are designed to execute a massive number
of threads simultaneously and are built on the principle of "latency tolerance." They accept that
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memory and arithmetic operations are slow and instead focus on always having other work to
do. They don't try to eliminate memory latency with huge caches; instead, they use smaller
caches primarily to control bandwidth requirements, ensuring that when multiple threads need
the same data, it's only fetched from main memory once. Imagine a post office with one clerk.
If a customer needs to stop and fill out a long form, a latency-oriented clerk would simply wait,
doing nothing until the form is done. A throughput-oriented clerk, however, would ask that
customer to step aside and immediately start helping the next person in line who is ready to go.
The clerk keeps the line moving, maximizing the number of customers served per hour, even
though the first customer's total time in the post office might be longer.

This is exactly how a GPU works. When one group of threads (called a warp) has to wait for a
slow memory access, the GPU's hardware scheduler doesn't idle. It instantly swaps in another
warp that is ready to execute, keeping the arithmetic units constantly busy. This engineering
philosophy is driven by a simple physical reality:

An important observation is that reducing latency is much more expensive than increasing
throughput in terms of power and chip area.

This core strategy of tolerating latency by managing a massive number of threads leads
directly to the second surprising truth: how those threads are actually executed is nothing like
you imagine.

2. Your "Parallel"” Threads Aren't Truly Independent

When we imagine thousands of threads running in parallel, our mental model is often one of
complete independence, each thread is a separate agent running on its own timeline. The
reality of GPU hardware is surprisingly different and has profound implications for
performance.

GPU threads are executed in groups of 32 called warps. All 32 threads in a warp are scheduled
together and, crucially, execute the same instruction at the same time. Since all the processing
units that execute the threads in a warp are controlled by the same instruction, this execution
model is known as Single-Instruction-Multiple-Data (SIMD). This lockstep execution is highly
efficient when all threads are doing the same thing, but it creates a major performance pitfall
when they aren't.

This issue is called control divergence. Consider an ir-cise Statement where some threads in a
warp need to execute the it block and others need to execute the cise block. Because the
hardware can only issue one instruction at a time for the whole warp, it must serialize the
execution. First, it will execute the it block. The threads that need this path will be active, while
the threads that need the cise path will be idle, doing nothing. Once the it block is complete,
the hardware will then execute the eise block. This time, the first group of threads idles while
the second group becomes active. Instead of running one path, the warp has to run both paths.
If the it block contains 10 instructions and the eise block contains 8, the warp must execute a
total of 18 instructions, even though any single thread only follows one path. This serialization is
a major source of performance loss.

This reality shatters the simple view of "thousands of independent threads." It reveals that
threads are deeply interconnected by the hardware they run on. A parallel programmer must be
constantly aware of which threads are grouped into a warp and strive to ensure they follow the
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same execution path to avoid the performance penalty of divergence. This lockstep execution
model, with its risk of control divergence, is precisely the trade-off that enables the hardware to
manage so many threads, a scale that makes our third paradoxical lesson possible.

3. To Go Faster, Sometimes You Must Do More Work

In sequential programming, algorithmic efficiency is king. An O(N) algorithm is always better
than an O(N log N) algorithm for the same problem. In parallel programming, this fundamental
rule gets turned on its head. Some of the fastest parallel algorithms are "work-inefficient,"
meaning they perform significantly more total computations than their sequential counterparts.

The parallel scan (also known as prefix sum) is a classic example. A sequential scan on an
array of N elements simply iterates through, accumulating the sum. This takes N steps and is
perfectly efficient. A common parallel algorithm for the same problem, like the Kogge-Stone
algorithm, has a much higher computational complexity of O(N log N). For an array of 1,024
elements, the sequential algorithm performs about 1,024 additions, while the parallel one
performs nearly 10,000.

So why would anyone use it? Because while the total work is higher, the number of parallel time
steps is dramatically lower. The sequential algorithm takes N steps, which cannot be
parallelized. The work-inefficient parallel algorithm, however, can be completed in just log N
steps. For our 1,024-element array, that's a reduction from 1,024 sequential steps to just 10
parallel steps. On massively parallel hardware, the work-inefficient algorithm is vastly faster.
This forces a fundamental shift in how we evaluate algorithms: in a parallel world, the critical
metric is not total work, but the number of parallel time steps required, which is determined by
the longest chain of dependent calculations. But how can a developer possibly write one
program to manage this work-inefficient parallelism on hardware ranging from a laptop to a
supercomputer? The answer lies in the final, and perhaps most elegant, principle of the CUDA
model.

4. The Secret to Scalability Is Designing for Independence

One of the most powerful features of the CUDA programming model is transparent scalability.
This is the ability to write a kernel once and have it run efficiently on a tiny laptop GPU with a
few hundred cores or a massive datacenter GPU with tens of thousands of cores, all without
changing a single line of code.

This magic is achieved through a simple but brilliant organizational principle: dividing work into
independent thread blocks. A thread block is a group of threads that can cooperate and
synchronize with each other, but they are strictly forbidden from synchronizing with threads in
any other block. This programmatic guarantee of independence between blocks gives the
hardware scheduler complete freedom.

On a large GPU with many streaming multiprocessors (SMs), the CUDA runtime can assign
dozens of blocks to run concurrently. On a small GPU with only a few SMs, it can simply
execute those same blocks one after another. Because the blocks are independent, their
execution order doesn't matter, and the final result will be correct either way. This design frees
the programmer from worrying about the specific hardware they are targeting.
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This transparent scalability of CUDA programs is a major benefit... It greatly reduces the burden
on application developers and improves the usability of applications.

A New Way of Thinking

The principles that govern massively parallel programming are a chain reaction of design
choices: Performance comes not from speed but from hiding latency with massive thread
counts (latency tolerance). This requires executing threads in lockstep warps, shattering the
illusion of their independence. This massive parallelism, in turn, makes work-inefficient
algorithms the fastest option. Finally, the entire system is made practical and scalable by
enforcing strict independence between thread blocks.

These concepts show that parallel programming isn't just about doing more things at the same
time. It's a fundamentally different way of thinking about problems, algorithms, and the
relationship between software and hardware. As we move deeper into an era where parallelism
is the primary source of performance gains, one question remains:

As parallelism becomes the default in all forms of computing, which of these "strange" GPU
principles might become the new normal for all software development?

A Gentle Introduction to CUDA

You are likely familiar with the Central Processing Unit (CPU) as the "brain" of a computer,
diligently executing tasks one after another with incredible speed. But what happens when we
face problems so large that even the fastest CPU struggles to keep up? Problems in scientific
simulation, data analysis, and artificial intelligence often involve performing the same simple
calculation on millions or even billions of data points. For these tasks, we need a different kind
of tool. Think of the CPU as a highly skilled manager, excellent at complex, sequential decision-
making. The GPU, in this analogy, is a specialized and immensely powerful assistant. It is an
army of workers that, when given a simple, repetitive task, can perform it on a massive scale,
far outpacing the manager. Our goal is to understand how we can program this powerful duo to
work together. This practice, known as heterogeneous computing, represents a fundamental
shift in computational thinking required to solve the next generation of problems, and a
framework called CUDA makes it possible.

1. The Core Idea: Why Use a GPU for Computing?

To understand why we'd use a GPU for tasks beyond graphics, we must first appreciate that
CPUs and GPUs are designed with fundamentally different philosophies. They are different
tools, built for different kinds of jobs.

1.1. Different Tools for Different Jobs: CPU vs. GPU Architecture

The architectural differences between CPUs and GPUs dictate their strengths and weaknesses.
This is not an accident of design, but a purposeful engineering choice to optimize for distinct
types of workloads.

 The CPU: A CPU is engineered to minimize latency, which is the time it takes to complete a
single, specific task. To achieve this, a CPU is built with a small number of very powerful,
large cores. These cores are like specialists, capable of handling complex logic, making
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decisions (branching), and executing a wide variety of instructions as quickly as possible.
They are masters of sequential, task-oriented work.

o The GPU: In contrast, a GPU is engineered to maximize throughput, which is the total
amount of work completed in a given amount of time. It achieves this by having a massive
number of smaller, more energy-efficient cores. This design approach is a deliberate trade-
off; it saves chip area and power by allowing pipelined memory channels and arithmetic
operations to have long latency. The reduction in area and power for individual cores allows
GPU designers to pack thousands of them onto a single chip, which is the physical basis for
massive execution throughput. These cores are designed to execute the same instruction
on many different pieces of data simultaneously, making them ideal for "data parallel"
problems.

The following table summarizes these contrasting design philosophies.

Feature Central Processing Unit (CPU) Graphics Processing Unit (GPU)

Primary Goal Minimize latency for a single task. Maximize throughput for many parallel tasks.

Core Design Fewer, more powerful cores. Many smaller, efficient cores.

Analogy A sm'all'team of highly-skilled A massive army of workers performing the same
specialists. task.

Understanding this core architectural difference is the first step. The next is to learn how we
can write programs that leverage both processors together, assigning each the work it does
best.

1.2. Heterogeneous Computing: The Best of Both Worlds

The model of using both the CPU and the GPU for a single application is called heterogeneous
parallel computing. In this model, the program is partitioned into two parts: a sequential part
that runs on the CPU and a computationally intensive, parallel part that can be offloaded to the
GPU.

In the CUDA terminology, the CPU and its memory are referred to as the host, while the GPU
and its memory are called the device. The host acts as the orchestrator, managing the overall
program flow, while the device acts as a co-processor, executing the massive parallel
workloads it is assigned.

This collaborative approach allows us to use the best tool for each job. But how do we, as
programmers, manage this cooperation? This is where NVIDIA's CUDA programming model
comes in, providing the language and tools to orchestrate this powerful partnership.

2. The CUDA Programming Model: A Practical Overview

The CUDA framework extends the familiar C/C++ language, allowing programmers to define
which parts of their code should run on the host and which should be executed by thousands
of threads on the device.

2.1. The Basic Workflow

At its heart, a simple CUDA program involves three key components:
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1. The Host (CPU): The orchestrator of the program. The main function of a CUDA application
always begins execution on the host. The host code manages the application's data and is
responsible for initiating work on the device.

2. The Device (GPU): The parallel workhorse. It executes computations in parallel as
instructed by the host.

3. The Kernel: A special C/C++ function, written by the programmer, that runs on the device.
When a kernel is launched by the host, its code is executed by many. often thousands or
millions, of GPU threads in parallel.

2.2. Managing Data Between Host and Device

A critical concept in CUDA is that the host and device have their own separate memory spaces.
The CPU cannot directly access GPU memory, and vice-versa. Therefore, a typical kernel
computation involves a clear, five-step process for managing data.

1. Allocate Memory on the Device: Before the GPU can operate on any data, we must
explicitly reserve memory space for it on the device. This is analogous to using malioc in
standard C, but for the GPU's memory.

« CUDA API Function: cudaMalloc()

2. Copy Data from Host to Device: Once memory is allocated on the device, the input data for
our computation must be copied from the host's main memory to the device's memory.

o CUDA API Function: cudavemcpy() (using the cudaMemcpyHostToDevice direction flag)

3. Launch the Kernel on the Device: With the data now resident on the device, the host can
launch the kernel. This is done using a unique C/C++ syntax extension <<<.--- that we will
see in the upcoming example. This invocation triggers the parallel execution of our kernel
function by a massive number of threads on the GPU, which will process the data in its own
memory.

4. Copy Results from Device to Host: After the kernel has finished its computation, the
results, which are stored in the device's memory, must be copied back to the host's
memory. This allows the host to use the results for further processing, display them to the
user, or write them to a file.

e« CUDA API Function: cudaMemcpy() (using the cudaMemcpyDeviceToHost direction flag)

5. Free Memory on the Device: Just as with host memory, it is essential to clean up and
release any memory that was allocated on the device. This makes the memory available for
subsequent use.

e« CUDA API Function: cudaFree()

The kernel launch in step 3 is where the magic of massive parallelism happens. The next
section explains how CUDA organizes the thousands of threads that execute the kernel to
manage this complexity.

2.3. The CUDA Thread Hierarchy

To manage and coordinate a massive number of threads, CUDA organizes them into a three-
level hierarchy. This structure provides a way for threads to have unique identities, cooperate
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with each other, and scale across GPUs of varying sizes.

o Thread: The smallest unit of execution. Each thread is an independent execution of the
kernel function.

o Block: A group of threads. The defining feature of a block is that it is the only level at which
threads can directly cooperate by sharing a fast, on-chip memory and synchronizing their
execution. This makes the block the fundamental unit for building complex parallel
algorithms.

e Grid: A collection of all the thread blocks for a single kernel launch. All blocks in a grid run
the same kernel.

To understand this hierarchy, think of a telephone number. A unique global identity (the full
phone number) is composed of a group identity (the area code) and a local identity within that
group (the local number). CUDA threads are organized similarly, providing a form of locality.

To navigate this hierarchy, each thread has access to special, built-in variables that tell it where
it is. These variables are crucial for ensuring each thread works on a different piece of data.

Variable Scope Description
threadldx Block The unique ID of a thread within its block.
blockldx Crid The unique ID of a block within its grid.
. The dimensions of the thread block (i.e., how many threads are in the
blockDim Block
block).
gridDim Grid The dimensions of the grid (i.e., how many blocks are in the grid).

The following vector addition example will demonstrate exactly how these variables are used to
achieve parallel computation.

3. Putting It All Together: A Vector Addition Example

Let's ground these concepts with a simple, classic example: adding two vectors.

3.1. The Task: Simple Vector Addition

Our computational goal is to add two vectors, A and &, element by element, and store the
result in a third vector, c . For each element i, the operation is simply cii = Ali] + BIi] .

This task is a perfect example of a data parallel problem. The calculation for cio] is completely
independent of the calculation for cri1, which is independent of ci21, and so on. Because each
calculation is independent, we can perform all of them at the same time, making this an ideal
problem to accelerate with a GPU.

3.2. The Host Code: Orchestrating the Work

Below is the complete C/C++ host function that orchestrates the vector addition on the GPU. It
follows the five-step process we discussed earlier.

void vecAdd(float* A, float* B, float* C, int n) {

float *A_d, *B_d, *C_d;
int size = n * sizeof(float);
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// 1. Allocate memory on the device
cudaMalloc((void **) &A_d, size);
cudaMalloc((void **) &B_d, size);
cudaMalloc((void **) &C_d, size);

/] 2. Copy data from host to device
cudaMemcpy(A_d, A, size, cudaMemcpyHostToDevice);
cudaMemcpy(B_d, B, size, cudaMemcpyHostToDevice);

// 3. Launch the kernel on the device
vecAddKernel<<<ceil(n/256.0), 256>>>(A_d, B_d, C_d, n);

/] 4. Copy results from device to host
cudaMemcpy(C, C_d, size, cudaMemcpyDeviceToHost);

// 5. Free memory on the device
cudaFree(A_d);
cudaFree(B_d);
cudaFree(C_d);

Let's break down the key parts of this code:

1. Memory Allocation: The three calls to cudamalioc reserve space on the device for our three
vectors, Ad, Bd,and cd.

2. Data Transfer (Host to Device): The first two cudavemcpy calls copy the input vectors » and
& from host memory to the newly allocated device memory.

3. Kernel Launch: The line with the triple angle brackets <<<._--- is the CUDA-specific syntax
for launching a kernel. This line tells the GPU to execute our vecaddkernel function. We will
examine the parameters inside the brackets next.

4. Data Transfer (Device to Host): The final cudavemcpy call copies the result vector c.a from
device memory back to the host's ¢ vector.

5. Memory Cleanup: The three cudarree calls release the memory we allocated on the device.

3.3. Launching the Kernel

The syntax vecAddkernel<<<gridDim, blockDim>>>(...) iS how we configure the grid and blocks for our
kernel. In our example, the launch is:

vecAddKernel<<<ceil(n/256.0), 256>>>(...);

o The first parameter, ccil(n/256.0) , sets the number of thread blocks in the grid. The logic here
is simple: if we have n total elements to process and we plan to use 256 threads in each
block, we divide n by 256 to determine how many blocks we need. The ceii) function
ensures we launch enough blocks to cover all elements, even if n is not perfectly divisible
by 256.
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o The second parameter, 256, sets the number of threads in each block. Here, we've chosen
to group our threads into blocks of 256.

This configuration launches enough threads to ensure that every element in our vectors will be
processed by exactly one thread.

3.4. The Kernel Code: The Parallel Workhorse

Now we come to the kernel itself, the code that each of the thousands of threads will execute in
parallel on the GPU.

__global_ void vecAddKernel(float* A, float* B, float* C, int n) {
inti = blockldx.x * blockDim.x + threadldx.x;

if (i<n){
C[il = Ali] + BI[il;

The critical insight here is the single line of code that calculates the index i :

inti = blockldx.x * blockDim.x + threadldx.x;

This formula is the key to data parallelism in CUDA. It uses the built-in thread hierarchy
variables to compute a globally unique index for every single thread running the kernel.

e blockldx.x * blockDim.x : This part calculates the starting index for the current block. For example,
if each block has 256 threads ( biockpim.x = 256 ), then Block O starts at index 0 (0 * 256),
Block 1 starts at index 256 (1 * 256), Block 2 starts at index 512 (2 * 256), and so on.

e threadidx.x : This part provides the unique offset for each thread within its block. The threadidx.x
value ranges from 0 to 255 for the threads in each block.

To see this in action, consider a thread with threadidx.x = 5 inside a block with biockidx.x =2 . Assume
each block has 256 threads ( biockpim.x = 256 ). The starting index for Block 2 is 2« 256 =512 . This
thread's unique global index i is therefore 512 +5=517. This simple, powerful calculation
ensures that every single thread, out of thousands, receives a unique assignment.

By adding these two components, every thread calculates its own unique global index i. This
ensures that Thread 0 works on element O, Thread 1 works on element 1, ... Thread 517 works
on element 517, and so on, across the entire dataset. This simple calculation is what allows
thousands of threads to work on the same problem without interfering with one another, each
contributing to one small piece of the final result.

4. Conclusion: Your First Step into Parallel Computing

While this is just the beginning, understanding these foundational concepts is the most
important step. As you continue your journey, keep these three key takeaways in mind:

o CPU vs. GPU: CPUs are designed for low-latency execution of sequential tasks (latency),
while GPUs are designed for high-throughput execution of parallel tasks (throughput).
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» Host/Device Model: CUDA programs use the CPU (host) to manage data and launch
kernels on the GPU (device), which has its own separate memory.

o Thread Hierarchy & Indexing: CUDA organizes threads into a grid of blocks. The key to
parallel programming is using variables like blockidx and threadidx to give each thread a
unique index to work on its own piece of the data.

Mastering this model of computation is no longer a niche skill; it is a key that unlocks
performance for the most demanding and impactful challenges in modern computing.

The CUDA Execution Hierarchy: From Threads to Grids

To manage the execution of thousands or even millions of tasks at once, CUDA organizes
parallel work into a three-level hierarchy. The smallest units of work, called threads, are
grouped into blocks. These blocks are then grouped into a single grid for a given program
launch. This section defines each level of this hierarchy, starting with the code that actually
runs on the GPU.

1.1. Kernel

A kemel is a function written by the programmer that is executed by a large number of threads.
This is the main piece of code that runs on the GPU device, which is launched from the host
(CPU) code. All threads created in a single launch execute this same kernel function, but each
thread will typically work on a different piece of data; for example, with each thread processing
a single pixel in an image or a single element in a large array.

1.2. Thread

A Thread is the most basic, individual unit of execution in a CUDA program. A kernel launch
creates thousands or millions of threads to perform computations in parallel, with each thread
typically assigned to work on one element of data.

It's crucial to understand that a GPU thread is fundamentally different from a traditional CPU
thread. GPU threads are extremely lightweight; hardware support allows them to be generated
and scheduled in just a few clock cycles. In contrast, CPU threads are heavyweight, often
taking thousands of clock cycles to create. This efficiency is precisely what enables the
massive parallelism that gives GPUs their power.

1.3. Warp

A warp is a group of 32 threads. It is the true unit of scheduling on the GPU hardware, as all 32
threads in a warp execute the same instruction at the same time. This execution model is
known as SIMD (Single Instruction, Multiple Data), where one instruction is applied to multiple
data elements (one per thread) simultaneously.

While you manage threads and blocks in your code, the concept of a warp is the key to
understanding advanced performance topics. Performance issues like Control Divergence and
optimizations like Memory Coalescing (covered later) are direct consequences of how threads
are executed in warps.

1.4. Block (Thread Block)
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A Block , or thread block, is a group of threads. The single most important feature of a block is
that threads within it can cooperate with each other. This cooperation happens in two primary
ways:

» Fast Data Sharing: They can share data using a fast, on-chip memory space called shared

Memory .

» Synchronization: They can synchronize their execution at specific points using a barrier.
This is done by calling the _syncthreads() function, which forces all threads in the block to
wait until every thread has reached that point before any can proceed. Crucially, any call to
_syncthreads() must be reachable by all threads in the block to avoid deadlocks.

Threads in different blocks cannot directly synchronize with each other. This is an intentional
design choice. By making blocks independent, the CUDA runtime system can execute them in
any order and on any available hardware resource. This is what allows the same CUDA code to
scale automatically and run on GPUs with different numbers of execution cores.

1.5. Grid

A crid is the collection of all thread blocks created for a single kernel launch. It represents the
total amount of parallel work to be performed by that kernel. All threads in the grid, regardless
of which block they are in, execute the exact same kernel code.

1.6. Summary: The Hierarchy at a Glance

This table distills the most important concepts of the execution hierarchy for a new
programmer.

Unit Composed Of Key Feature for Programmers
Thread A single execution unit The smallest unit of work, mapped to a data element.
The hardware unit of scheduling; all threads execute in
Warp 32 Threads
lockstep.
A group of Threads can cooperate using fast Shared Memory and
Block -
Threads/Warps synchronization.
Grid A group of Blocks Represents the entire parallel workload for a kernel launch.

To do their work, these threads need access to data. CUDA provides several different types of
memory, each with a distinct purpose and performance profile.

2. The CUDA Memory Model: Where Data Lives

Understanding where your data is stored on the GPU is just as critical as understanding the
execution model. Different memory spaces offer a trade-off between size, speed, and scope
(which threads can access them). For a beginner, the two most important memory spaces to
understand are Global Memory and Shared Memory .

2.1. Global Memory

Global Memory is the main, large memory space on the GPU, which is implemented with DRAM. Its
key characteristics are:
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« Large but Slow: It can hold gigabytes of data but has high latency and is much slower to
access than on-chip memories.

o Accessible by All: Any thread in any block within the grid can read or write to Global Memory .

o Persistent: Its lifetime is the entire application, so data remains available across different
kernel launches.

This is where data is initially copied from the host (CPU), as it is the only GPU memory space
the host can write to directly. Final results are also stored here before being copied back to the
host.

2.2. Shared Memory

shared Memory IS @ small, on-chip memory that is extremely fast to access. Its defining
characteristics are:

o Small but Fast: It is very limited in size (typically measured in kilobytes per block) but has
very low latency, making it much faster than ciobal Memory .

o Scoped to a Block: It can only be accessed by threads within the same thread block. Data
in one block's shared memory is invisible to all other blocks.

« Transient: Its lifetime is tied to its block. The data is allocated when the block starts
executing and is gone once the block finishes.

The primary purpose of shared Memory is to serve as a user-managed cache. Programmers
explicitly load a "tile" of data from slow ciobal Memory into fast shared Memory . The threads within
the block can then share and reuse this data many times, dramatically reducing the number of
slow global memory accesses and improving performance.

2.3. Summary: Memory Spaces Compared

This table highlights the critical trade-offs between the two main memory types.

Characteristic Global Memory Shared Memory "So What?" for a Programmer
Location Off-chip (DRAM) On-chip On-chip is orders of magnitude faster.
| Hiah Shared M t id sl
Speed Slow (Hig Very Fast (Low Latency) Use Shared Memory to avoid slow
Latency) Global Memory accesses.
. Small (Kilobytes per Shared M 'y is a scarce resource
Size Large (Gigabytes) ( ylesp sreaemon
block) that must be managed carefully.
Scope Grid-wide (All Block-wide (Only threads Shared Memory is the key mechanism
P threads) in the same block) for threads in a block to cooperate.
Data in Shared Memory is temporary
Lifetime Application Block and must be explicitly loaded and

stored.

The way that threads (organized into warps) access memory (especially ciobal Memory ) is the key
to unlocking the full power of the GPU.

3. Key Performance Concepts
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Writing code that simply runs on a GPU is the first step. Writing code that runs fast requires
understanding two critical performance concepts that arise directly from the GPU's hardware
architecture: control divergence and memory coalescing.

3.1. Control Divergence

Control Divergence IS @ performance penalty that occurs when threads within the same warp take
different execution paths (for example, in an ir-ese statement, some threads execute the it
block while others execute the eise block). This is a problem because all 32 threads in a warp
share a single instruction unit (the SIMD model). When threads diverge, the hardware must run
both execution paths serially. On the first path, threads that took the second path are
temporarily disabled. Then, on the second path, the threads that took the first path are
disabled. This serialization of what should be parallel work negates the benefit of having
multiple threads.

To maximize performance, structure your code and data so that threads in a warp are likely to
make the same decisions and follow the same execution path. This penalty is most severe in
branches where the workload is small. For very large datasets, the cost of divergence in the
few warps at the data boundary is often amortized over the thousands of non-divergent warps.

3.2. Memory Coalescing

Memory Coalescing 1S @ hardware feature where the GPU combines individual memory requests
from all 32 threads in a warp into a single, efficient transaction to ciobal Memory . For this to
happen, all threads in the warp must access a contiguous, aligned block of ciobal Memory .

A coalesced access is the key to achieving high memory bandwidth from the otherwise slow
Global Memory . AN uncoalesced (or "scattered") access, where threads access random or widely-
spaced memory locations, is dramatically slower. It forces the hardware to issue many
separate, inefficient memory transactions instead of a single efficient one. To achieve high
memory bandwidth, you must organize your data and thread indexing so that consecutive
threads (e.g., threads with indices threadidx.x , threadidx.x+1, €tC.) access consecutive memory
locations.

Fundamental Parallel Algorithms

We start by introducing three fundamental patterns: Reduction, Scan, and Convolution. These
are not just isolated algorithms; they are essential building blocks that appear again and again
in a wide variety of advanced applications.

The core challenge that these patterns solve is how to break down problems that seem
inherently sequential where each step depends on the last into a collection of independent
tasks that can be executed simultaneously. Our goal is to build your intuition about how to think
in parallel, enabling you to see opportunities for massive speedups in complex computational
problems.

1. The Reduction Pattern: From Many to One

What is Reduction?
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Reduction is a computational pattern that aggregates a collection of data into a single summary
value. Think of common tasks like finding the single largest number in a list, calculating the
total sum of an array, or finding the minimum value. The operation used to combine the
elements, such as sum, max (maximum), or min (mMinimum), is called the reduction operator.
The purpose is to distill a large dataset down to one representative result.

The Power of the Reduction Tree

While a sequential approach would iterate through a list of N items one by one, taking N steps,
a parallel approach can be dramatically faster. The key is to organize the work as a reduction
tree.

Instead of a single thread doing all the work, we can assign many threads to the problem. In the
first step, threads pair up neighboring elements and apply the reduction operator (e.g., max) to
each pair simultaneously. This cuts the number of items in half. The "winners" from that round
are then paired up, and the process repeats. Each step reduces the amount of data, creating a
tree-like structure that converges on a single final answer. This powerful technique reduces the
number of steps from N to log,(N), a massive performance gain for large datasets.

Challenge: Wasted Work from Control Divergence

A simple parallel implementation of a reduction tree faces a significant performance challenge.
As the reduction progresses, fewer threads have work to do in each step. For example, after
the first step, half the threads become inactive. After the second, three-quarters are inactive,
and so on.

This leads to a problem called Control Divergence, which occurs when threads within the same
execution group (often called a "warp") take different logical paths, some are performing an
operation while others are idle. This is highly inefficient because the underlying hardware must
still manage the entire group even if only one thread is actively working.

A naive parallel reduction can be highly inefficient, with most hardware resources sitting idle in
the final stages.

Solution: Rearranging Work to Maximize Efficiency

The solution is not to change the algorithm's logic but to change how data is assigned to the
threads. Performance can be dramatically improved by rearranging the data access pattern so
that all active threads are grouped together in consecutive order.

For example, in a reduction of 256 elements, instead of having thread 0 work with thread 1,
thread 2 with thread 3, etc., we can have thread 0 work with thread 128. In the next step, thread
0 works with thread 64. By doing this, the threads that remain active in each step (threads 0-
127, then 0-63, etc.) are always contiguous. This ensures that entire warps remain active
together until the very final stages, which nearly eliminates control divergence and leads to
much better hardware utilization. This rearrangement has a dramatic, measurable impact: for a
reduction of 256 elements, this optimized algorithm improves resource utilization efficiency
from approximately 35% to 57%. This demonstrates a critical lesson: the way data is assigned
to threads is just as important as the algorithm itself. While reduction boils a list down to a
single value, the Scan pattern calculates a "running total" for every element in the list.
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2. The Scan (Prefix Sum) Pattern: Calculating Running Totals

What is Scan?

The Scan operation, also known as Prefix Sum, takes an input list and produces a new list
where each element is the aggregation of all input elements up to that point.

Imagine you have a list of desired ribbon segment lengths, and you need to calculate all the
cutting points. A scan operation on the length list would give you a list of cumulative lengths,
which are precisely the cut marks you need.

There are two common forms of Scan:
o Inclusive Scan: outputli is the result of aggregating inputs from o to i (including inputil ).

o Exclusive Scan: ourputli] is the result of aggregating inputs from o to i-1 (excluding inputfil ).

A Crucial Concept: Work Efficiency

When evaluating parallel algorithms, speed isn't the only metric. We must also consider Work
Efficiency, which compares the total number of operations performed by the parallel algorithm
to the total number performed by the best sequential one.

An ideal parallel algorithm is work-efficient, meaning it performs the same total number of
operations as its sequential counterpart (e.g., O(N) operations for a list of N items). Some
parallel algorithms achieve speed by performing more total work. While this can be a good
trade-off, it can also be wasteful, especially on hardware with limited computational resources
or when energy consumption is a concern.

Parallel Scan Algorithms: A Tale of Two Trade-offs

Unlike reduction, parallelizing Scan is not as straightforward because each output seems to
depend on the previous one. Two classic parallel algorithms for Scan highlight a fundamental
trade-off. The next pattern, Convolution, moves our focus from computational trade-offs to
overcoming performance bottlenecks related to memory access.

Algorithm Key Characteristic
This algorithm is very fast in terms of parallel steps, requiring only log N steps.
Kogge-Stone However, it is not work-efficient, performing O(N log N) total operations. It achieves
Algorithm speed at the cost of performing significantly more total work than the sequential
version.

This algorithm is work-efficient, performing O(N) total operations, just like the
sequential version. However, it requires more parallel steps (2 log N - 1). It works in
two phases: an "up-sweep" phase that builds a reduction tree, followed by a "down-
sweep" phase that uses the partial sums from the tree to construct the final scan
result.

Brent-Kung
Algorithm

There is often a trade-off in parallel algorithms between the number of parallel steps (latency)
and the total computational work performed. The best choice depends on the specific
hardware and problem size.

3. The Convolution Pattern: A Sliding Window of Computation
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What is Convolution?

Convolution is a computational pattern that can be visualized as a "sliding window" calculation.
A common example is an image blur filter, where each output pixel's value is calculated as a
weighted average of its corresponding input pixel and its immediate neighbors.

Two key terms define a convolution:
» Filter: The set of weights applied to the input values within the window.

» Radius: The size of the neighborhood around a central element (e.g., a radius of 1for a 3x3
pixel neighborhood).

The Bottleneck: Overwhelming the Memory

A basic parallel approach to convolution is to assign one thread to calculate one output element
(e.g., one pixel). Each thread is responsible for reading its corresponding input neighborhood
from memory, applying the filter weights, and writing the final result.

This approach immediately runs into a major performance problem. Consider two threads
calculating adjacent output pixels. Their input neighborhoods will heavily overlap. In the naive
approach, both threads independently read that overlapping data from slow global memory.
Across thousands of threads, this results in a massive number of redundant memory reads,
quickly saturating the available memory bandwidth and becoming the primary performance
bottleneck.

Solution: Tiling for Data Reuse

The optimized solution is a technique called tiling. Instead of having each thread fetch its own
data from global memory, a block of threads first cooperates to load a larger, shared "input tile"
from slow global memory into a small, fast, on-chip shared memory.

To do this correctly, the input tile must be slightly larger than the corresponding output tile. The
extra border of data loaded into the tile is known as halo cells. These halo cells contain the
neighboring data required to correctly calculate the output elements at the edges of the output
tile.

Once the input tile (including its halo) is loaded into fast shared memory, the threads in the
block can perform their convolution calculations. They now read the overlapping input data
from this extremely fast memory, avoiding the redundant, slow global memory traffic. The
impact of this technique is immense. While the basic approach has a very low compute-to-
global-memory-access ratio of approximately 0.25 operations-per-byte (OP/B), a tiled solution
for a 5x5 filter can increase this ratio to around 9.57 OP/B. This shifts the algorithm from being
severely memory-bound toward being compute-bound.

For algorithms with high data reuse, performance is often limited by memory speed. Explicitly
managing data by loading it into faster, on-chip memory (like shared memory) is a critical
technique for overcoming this bottleneck.

4. Conclusion: Patterns of Parallel Thinking

The three patterns we've explored, Reduction, Scan, and Convolution, are more than just
algorithms; they are fundamental modes of thinking that teach us how to tackle different types
of parallel programming challenges.
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o Reduction: Teaches the importance of organizing computational work to match the
hardware's architecture, specifically to avoid performance penalties like control
divergence.

e Scan: Introduces the critical trade-off between work efficiency (the total number of
operations) and the number of parallel steps (latency).

o Convolution: Demonstrates how to manage the memory hierarchy and exploit data locality
by using fast on-chip memory to overcome memory bandwidth limitations.

By understanding these core challenges and their solutions, you are building a powerful toolkit.
These patterns of computational thinking can be combined, adapted, and applied to build
scalable and efficient solutions for a vast range of problems, turning daunting computational
tasks into manageable, parallel endeavors.

High-Performance and Parallel Computing

The decline of single-thread performance scaling has made parallel and heterogeneous
computing utilizing both CPUs and specialized accelerators like GPUs, the primary driver of
computational advancement. GPUs, designed for high throughput via massive multithreading,
excel at data-parallel tasks. Effectively programming them necessitates a deep understanding
of their memory hierarchy and execution model to manage data locality, maximize memory
bandwidth through coalescing, and minimize parallel overheads like control divergence and
synchronization. Techniques such as tiling are fundamental for structuring algorithms to
leverage fast on-chip memory and reduce reliance on slower global memory.

Concurrently, the complexity of modern operating systems, cloud environments, and
distributed architectures demands a rigorous, methodology-driven approach to performance
analysis. The USE Method (Utilization, Saturation, Errors) provides a foundational strategy for
rapidly identifying resource bottlenecks across CPUs, memory, disks, and networks.
Performance is best quantified by latency, a metric that allows for direct comparison of issues
and accurate prediction of tuning impact. Advanced observability, through tools like perf, BPF,
and Ftrace, is essential for moving beyond simple counters to understand the root causes of
system behavior, from kernel-level delays to application code paths.

Ultimately, performance is a holistic challenge. An algorithm perfectly optimized for a GPU can
be crippled by network latency or resource contention from "noisy neighbors" in a virtualized
environment. Conversely, a well-tuned system cannot compensate for an algorithm that fails to
exploit the available parallelism. Success requires a comprehensive understanding of the entire
stack, from application decomposition and memory access patterns down to kernel schedulers,
I/O subsystems, and the unique constraints of virtualized infrastructure.

|. The Imperative for Parallelism and Performance

The pursuit of computational performance is driven by two main goals: solving problems in less
time and solving larger, more complex problems that were previously intractable. Historically,
performance gains were fueled by increasing CPU clock frequencies. However, as physical
limits were reached, the industry shifted to multicore processors and heterogeneous systems,
making parallel programming the primary means of continued performance improvement.

Abi's Expanded PMPP Notes (socials: @goabiaryan) 17



o Heterogeneous Computing: Modern high-performance systems pair general-purpose
CPUs with massively parallel processors like GPUs. CPUs are optimized for low-latency
execution of single threads, while GPUs are designed for high-throughput execution of a
massive number of parallel threads. This design allows GPUs to hide the latency of long-
running memory accesses and arithmetic operations by finding work to do from other
available threads.

+ The Need for Systematic Analysis: Systems have grown increasingly complex, often
involving distributed microservices, cloud instances, and multiple software layers.
Performance issues can arise from complex interactions between subsystems that perform
well in isolation. This complexity necessitates formal methodologies to avoid ineffective,
random-guess "anti-methods" and to identify which of many potential issues matters the
most.

Il. Foundational Methodologies for Performance Analysis

A structured approach is critical for efficiently diagnosing and resolving performance issues.
The following methodologies provide a framework for systematic investigation.

Core Performance Metrics

Three key metrics provide insight into the state of any system resource:

1. Latency: The time taken to service an operation, from start to completion. It is a time-based
metric that can be used to quantify the performance impact of an issue and predict
speedup from a potential fix.

2. Utilization: The percentage of time a resource was busy doing work. For capacity-based
resources (like memory), it is the amount of capacity used. High utilization is not always a
problem but is a prerequisite for a bottleneck.

3. Saturation: The degree to which a resource has more work than it can service, leading to
queueing. Any level of saturation can be a problem and often manifests as increased
latency.

The USE Method

The Utilization, Saturation, and Errors (USE) method is a powerful strategy for rapidly
identifying systemic bottlenecks. It can be applied to all hardware resources (CPUs, memory,
disks, network interfaces, interconnects) and even software resources (mutex locks, thread
pools).

For every resource, check utilization, saturation, and errors.
o Utilization: How busy is the resource?
e Saturation: How much work is queued?
o Errors: Are there any error events? Errors are checked first as they are often quick to

interpret and can degrade performance even when operations are successfully retried.

Key Analysis Strategies
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» Workload Characterization: Quantifies the load applied to the system. This involves
measuring attributes like operation rates (IOPS, requests/sec), syscall rates, throughput
(bytes/sec), and the user-time to system-time ratio. This helps distinguish between a

problem with the system's architecture and a problem of excessive load.

o Latency Analysis: Involves measuring the latency of operations at different layers of the

software stack (e.g., application, file system, block device). By comparing latencies across

layers, it is possible to pinpoint where delays are being introduced.

o Static Performance Tuning: A checklist-based approach that examines the static
configuration of the system to find issues like outdated components, suboptimal
configurations for the workload, or components in a degraded state (e.g., a network

interface negotiated at a slower speed).

lll. The Central Role of Memory Architecture

Memory access is often the primary limiting factor in both parallel and general-purpose

computing. Optimizing performance universally involves managing data locality and minimizing
data movement through the memory hierarchy.

The GPU Memory Hierarchy

GPUs feature a distinct memory hierarchy designed to feed their numerous execution units.

Memory Type

Registers

Shared
Memory

Constant
Memory

Location

On-chip

On-chip

Off-chip
(DRAM)
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Scope

Per Thread

Per Block

Per Grid

Speed

Fastest

Very Fast

Fast (Cached)

Size

Smallest

Small

Small

Key
Characteristics

Used for
frequently
accessed
scalar
variables. A
limited
resource that
can constrain
occupancy.

A programmer-
managed
scratchpad for
data sharing
and reuse
among threads
in a block.
Essential for
tiling.
Read-only data
broadcast
efficiently to
threads in a
warp. ldeal for
filter kernels or



physical
constants.

The main
device
memory.
Off-chip Grid/Application Slow Large Access must
(DRAM) be managed
carefully to
avoid becoming

a bottleneck.

Global Memory

o Tiling: A fundamental optimization strategy where a problem's data is partitioned into
subsets ("tiles") that fit into fast on-chip shared memory. Threads in a block collaboratively
load a tile from slow global memory, perform extensive computations on it using fast shared
memory, and then write results back. This drastically reduces global memory traffic.

+ Memory Coalescing: When threads in a warp access consecutive locations in global
memory, the hardware can "coalesce" these accesses into a single, wide memory
transaction. This is the most efficient way to utilize global memory bandwidth.
Uncoalesced, scattered access patterns lead to severe underutilization of bandwidth.

The System Memory Hierarchy

General-purpose systems also rely on a memory hierarchy to bridge the speed gap between
CPUs and main memory.

e CPU Caches (L1, L2, L3): Small, fast SRAM caches integrated on the processor that store
frequently used data to avoid the high latency of DRAM access. Cache hits are critical for
CPU performance.

« Main Memory (DRAM): The primary system memory. Its architecture can be Uniform
Memory Access (UMA), where all CPUs have equal access latency, or Non-Uniform
Memory Access (NUMA), where CPUs have faster "local" memory and slower "remote"
memory, requiring the OS scheduler to be NUMA-aware.

o Virtual Memory: An OS abstraction that manages memory per-process. When physical
memory is exhausted, the OS uses paging or swapping to move less-used memory pages
to disk, a high-latency operation that severely degrades performance. The Out-of-Memory
(OOM) killer is a last-resort mechanism that kills processes to free memory.

« File System Cache (Page Cache): The OS uses free RAM to cache file system data, turning
many disk reads into much faster memory reads.

IV. CPU and Parallel Execution Models

Understanding how work is scheduled and executed on processing units is crucial for
performance analysis.

System CPU Performance

e Core Concepts:
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o User Time vs. Kernel Time: CPU time is divided between executing application code
( »user ) and executing kernel code on behalf of the application (e.g., during system
calls, %sys ). The ratio provides insight into the workload.

o Instructions Per Cycle (IPC): A key metric for CPU efficiency. A low IPC indicates the
CPU is often stalled, typically waiting for memory. A high IPC indicates efficient
instruction throughput.

o Context Switch: The OS process of switching the CPU from one thread to another.
Frequent context switches can add overhead and reduce CPU cache effectiveness.

« Analysis with Profiling:

o CPU profiling samples the instruction pointer at a fixed frequency to determine which
code paths are consuming the most CPU time.

o Flame Graphs are a powerful visualization for profile data, representing the population
of stack traces as a hierarchy. They allow for rapid, intuitive identification of the hottest
code paths in both application and kernel space.

GPU Execution Model

o Execution Hierarchy: CUDA programs launch kernels organized as a Grid of thread Blocks.
Each Block is a group of Threads that can cooperate using shared memory and barrier
synchronization ( _syncthreads() ).

o Warps and SIMD Execution: The hardware schedules and executes threads in groups of 32
called Warps. All threads in a warp execute the same instruction at the same time (Single
Instruction, Multiple Data).

« Control Divergence: If threads within a warp take different execution paths (e.g., due to an
i-else Statement), the hardware must serialize the execution of each path, deactivating
threads that are not on the current path. This is a major source of performance loss.

« Occupancy: The ratio of active warps on a Streaming Multiprocessor (SM) to the maximum
supported. High occupancy is crucial for hiding memory and instruction latency. It can be
limited by a kernel's per-thread resource usage, such as registers or shared memory.

V. Core Parallel Computation Patterns & Problem
Decomposition

Applying parallel computing principles requires decomposing problems and mapping them to
common computational patterns, each with unique performance challenges.
Problem Decomposition Strategies

« Output-Centric (Gather): Each parallel thread is responsible for one output element and
"gathers" all the necessary input data to compute it. This often leads to better memory
access patterns but can involve redundant input reads.

« Input-Centric (Scatter): Each parallel thread is responsible for one input element and
"scatters" its contribution to the appropriate output elements. This can lead to output write
conflicts and irregular memory access.
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Key Patterns and Optimizations

Pattern

Convolution /
Stencil

Histogram

Reduction

Prefix Sum (Scan)

Sparse Matrix /
Graph Traversal

Deep Learning
(CNN)

Description

Each output is a weighted
sum of a neighborhood of
inputs.

Binning data elements into
a set of counters.

Combining a list of inputs
into a single value (e.g.,
sum, max).

Each output is the
reduction of all preceding
inputs.

Operations on data
structures where most
elements are zero or non-
existent.

A primary application of
GPU computing, involving
layers of convolutions.

Key Performance Challenges & Solutions

High data reuse. Solved with tiling in shared memory to
load input neighborhoods once. Constant memory is
effective for small, read-only filter kernels.

Output interference (multiple threads updating the same
bin). Solved using atomic operations to ensure safe
concurrent updates, or privatization where each
thread/block updates a private copy, followed by a final
reduction.

Tree-based algorithms offer logarithmic time complexity.
Prone to control divergence as threads become inactive
at each level of the tree. Solved with warp-aware
programming patterns that keep active threads
consecutive.

Balancing parallelism with work efficiency. Naive
parallel algorithms can perform O(N log N) work, worse
than the sequential O(N). More complex algorithms (e.g.,
based on Brent-Kung) are needed to approach O(N)
work while still being parallel.

Irregular memory access and load imbalance.
Performance depends heavily on the data storage
format (e.g., COO, CSR) and balancing work across
threads.

Computationally intensive with high data parallelism.
Often formulated as a large General Matrix-Matrix
Multiplication (GEMM) operation to leverage highly
optimized libraries like cuDNN.

VI. Performance in Complex Environments

Optimizing an algorithm in isolation is insufficient. Performance is dictated by the entire system,

including I/O subsystems and the constraints of virtualized and cloud environments.

» File Systems and Disk I/O: It is critical to distinguish between logical I/O (requested by the
application) and physical I/O (sent to the disk). The file system cache can eliminate most
physical reads. The 1/O stack (VFS, block layer, scheduler, driver) introduces its own
sources of latency, which can be diagnosed with tracing tools like biosnoop .

» Network Performance: Performance is governed by throughput, latency, and connection
rate. The TCP/IP stack contains many tunable components, including send/receive buffers

and connection backlogs. Modern congestion control algorithms (e.g., BBR) are crucial for

achieving high throughput over lossy networks. Packet sniffing and tracing tools can
identify sources of latency like retransmits.

¢ Cloud and Virtualization:

o Overhead: Hardware virtualization (hypervisors like KVM) can introduce 1/O overhead,
while OS virtualization (containers) is more lightweight but offers less isolation.
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o Multitenancy: Performance can be unpredictable due to "noisy neighbors", other
tenants contending for shared physical resources (CPU caches, memory bandwidth,
network bandwidth).

o Resource Controls: Cloud and container platforms use mechanisms like Linux cgroups

to limit and prioritize resource usage (CPU, memory, |/O) for each tenant, providing
performance isolation. These limits can themselves become performance bottlenecks.

o Limited Observability: From within a guest or container, many performance metrics
may reflect virtual resources or show system-wide host statistics, making it difficult to
diagnose issues without access to the host.

VIl. Unified Checklist for Performance Optimization

The following strategies, synthesized from both parallel programming and systems analysis,
provide a comprehensive checklist for performance tuning.

Category

System
Diagnostics

Memory
Optimization

Execution
Efficiency

Work
Distribution

Concurrency
Control

Optimization Strategy

Apply the USE Method to all hardware
and key software resources.

Perform Static Tuning Checks on
system configuration.

Use Tiling (GPU) / Maximize Caching
(System) to place frequently used data
in the fastest available memory tier.

Ensure Coalesced Global Memory
Access (GPU).

Maximize Occupancy (GPU) / Profile
for CPU hotspots (System).

Minimize Control Divergence (GPU).

Use Thread Coarsening.

Balance Workload across parallel
units.

Use Atomic Operations or
Privatization to manage output
contention.
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Rationale

Quickly identifies the primary resource
bottleneck (CPU, memory, disk, network) to
focus tuning efforts.

Finds low-hanging fruit like
misconfigurations, outdated drivers, or
components running in a degraded state.

Reduces latency and traffic to slower
memory tiers (global memory, disk), often
the biggest performance bottleneck.

Maximizes the effective bandwidth of DRAM,
which is critical for feeding the parallel
execution units.

Ensures processing units are kept busy. High
occupancy hides GPU latency; profiling
identifies CPU-bound code paths for
optimization.

Avoids serialization within a warp, ensuring
all threads make forward progress in parallel.

Reduces the overhead of managing
parallelism (e.g., launching threads,
synchronization) by having each thread do
more useful work.

Avoids situations where some threads are
idle while others are overloaded, which is
common in irregular problems like sparse
matrices.

Safely handles cases where multiple threads
must update the same memory location, a
common pattern in histograms and
reductions.
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Minimize Synchronization.
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Barrier synchronization forces threads to
wait, creating idle time. Algorithms should be
designed to reduce synchronization points.
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