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From Fundamentals to Advanced
Optimization

This book takes you from zero SIMD experience to confident optimization
of real-world code. You will learn the architecture, the instruction sets, the
memory considerations, and the measurement discipline needed to write fast,
correct, portable vectorized code in production systems. No hand-waving, no
exercises for their own sake; just clear explanations, working examples, and a
practical methodology you can apply repeatedly.
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Introduction

A simple loop can be ten times slower than it needs to be. Consider adding two
arrays of one million floating-point numbers:

void add arrays(float* out, const float* a, const float* b, int n) {
for (int 1 = 0; 1 < n; i++) {
out[i] = a[i] + b[i];

}

This code is correct. It is readable. On most modern CPUs it will run
at perhaps one quarter of the speed the hardware is capable of, because it
processes one value per instruction while the CPU can process eight or sixteen
values in parallel using SIMD (Single Instruction, Multiple Data) instructions.
With a straightforward rewrite that uses vector operations, the same loop can
complete in roughly one-eighth of the time on current desktop processors, and
even faster on server CPUs with wider vectors.

That is not magic. It is a consequence of how modern processors are built,
and it is accessible to any engineer who understands the basic mental models
this book teaches.

What This Book Is About

SIMD is the technique of applying one operation to multiple data elements
simultaneously using special wide registers in the CPU. Instead of adding two
floats with one instruction, a SIMD instruction adds eight or sixteen pairs of
floats in that same instruction. The speedup comes from processing more data
per cycle without increasing instruction count proportionally.

This book treats SIMD as first-class engineering knowledge rather than
arcane optimization trivia. It is designed for software engineers who write
performance-sensitive code: systems programmers, database developers,
game engine authors, scientific computing practitioners, machine learning
engineers, and anyone else whose programs spend non-trivial time processing



Introduction 3

large arrays of data. You do not need prior experience with SIMD, assembly
language, or CPU microarchitecture. You do need comfort with C or C++ and
a willingness to think about how your code actually executes on hardware.

The central thesis is straightforward: SIMD optimization follows pre-
dictable rules about memory layout, instruction selection, and hardware con-
straints. Mastery comes from understanding the mental models, measuring
rigorously, and applying patterns rather than memorizing intrinsics. When you
internalize these principles, you can approach any data-parallel workload with
a clear strategy for whether to use SIMD at all, how to structure your code so
the compiler can help, when to write explicit vector instructions, and how to
verify that your changes actually improved performance.

How This Book Is Organized

The book is structured as a progressive journey from foundations to advanced
practice, divided into seven parts:

Part I (Chapters 1-3) establishes why SIMD matters and builds the core
mental models. You will see concrete performance examples, understand how
modern CPUs execute instructions in parallel through pipelining and super-
scalar execution, and learn exactly what happens inside a vector register when
a SIMD instruction runs. By the end of Part I you will have the architectural
vocabulary needed for everything that follows.

Part II (Chapters 4-5) gets you writing SIMD code immediately. You will
learn to extract free performance from compiler auto-vectorization before
writing any intrinsics, read compiler reports to diagnose why vectorization
fails, and then walk through your first explicit SIMD implementations with
annotated code that shows exactly how data flows through lanes.

Part III (Chapters 6-7) covers the universal concepts that apply regardless
of instruction set: memory alignment, data layout choices between Array of
Structures and Structure of Arrays, loading patterns, arithmetic operations,
comparisons, masking, shuffles, reductions, and type conversions. These are
the building blocks you will reuse across every SIMD implementation.

Part IV (Chapters 8-9) dives into specific architectures. Chapter 8 covers
the x86 family from SSE through AVX-512, including microarchitecture dif-
ferences between Intel and AMD, frequency scaling behavior, and practical
instruction selection strategy. Chapter 9 covers Arm NEON and SVE /SVE2,
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explaining their design philosophy differences from x86 and how to write code
that runs efficiently on both families.

Part V (Chapters 10-11) teaches the advanced techniques used in production
hotspots: performance analysis with hardware counters, the roofline model
for understanding whether your code is compute-bound or memory-bound,
software pipelining, multiple accumulators for latency hiding, predicated exe-
cution, branch elimination, and instruction scheduling.

Part VI (Chapters 12-13) presents complete end-to-end case studies from
numerical computing, image processing, text search, database predicate eval-
uation, and other domains. Each case study follows the same workflow: re-
quirements, scalar baseline, profiling, SIMD strategy, implementation, assem-
bly analysis, benchmarking, bottleneck diagnosis, refinement, and portability
considerations.

Part VII (Chapters 14-15) addresses production reality: multiversioning
and runtime dispatch for shipping code that adapts to different CPUs, test-
ing across architectures, debugging optimized SIMD code, numerical repro-
ducibility concerns, maintaining SIMD-heavy codebases, and a repeatable
optimization workflow you can apply to any project.

What You Will Be Able to Do After Reading

By the end of this book you will be able to:

* Identify which loops and data-processing kernels in your codebase are
good candidates for SIMD acceleration.

» Write scalar code that compilers can auto-vectorize efficiently, and diag-
nose why vectorization fails when it does.

* Implement explicit SIMD code using intrinsics or portable abstractions
with confidence about correctness and performance.

* Choose appropriate data layouts (SoA versus AoS, alignment strategy) to
maximize vector utilization.

* Analyze generated assembly to verify that your SIMD code compiles as
expected.

* Use profiling tools and hardware performance counters to determine
whether an optimization actually helped and why.
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» Apply advanced techniques like software pipelining, multiple accumula-
tors, predication, and branch elimination when simple vectorization is not
enough.

* Ship architecture-specific fast paths with runtime dispatch that maintain
correctness across different CPUs.

* Make informed decisions about whether SIMD, threading, GPU accelera-
tion, or algorithmic improvement is the right tool for a given performance
problem.

Prerequisites and Conventions

The book assumes you are comfortable with C or C++ at an intermediate level:
pointers, arrays, memory management, basic data structures, and familiarity
with compiler optimization flags like -O2 and -O3. No prior SIMD, assembly, or
microarchitecture knowledge is required; everything is introduced from first
principles.

Code examples use C and C++ primarily because they provide the most
direct path to controlling what the compiler generates. Where relevant, the
book notes equivalents in Rust, Go, and other languages that expose SIMD
capabilities. All code is designed to be complete enough to compile and run
with appropriate flags; when an example omits boilerplate for brevity, the
omitted parts are called out explicitly.

Performance numbers mentioned throughout the book are tied to specific
hardware and measurement conditions. Modern CPUs vary widely in their
SIMD execution characteristics, so treat any single number as illustrative
rather than universal. The principles behind why code runs fast or slow are
portable; exact cycle counts are not.

A Note on What This Book Does Not Cover

This book focuses on CPU SIMD for general-purpose software engineering. It
does not cover GPU programming (CUDA, OpenCL, Vulkan compute) except
where relevant to understanding when SIMD versus GPU acceleration is ap-
propriate. It does not cover vector processors in the traditional HPC sense
(Cray, NEC SX) because their programming model differs substantially from the
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SIMD extensions found in mainstream CPUs. It also avoids exercises, quizzes,
and review questions; the case studies and code examples serve as the practical
material.

The next chapter begins with a concrete example showing exactly what
kind of performance improvement SIMD enables, then situates SIMD among
the other forms of parallelism available to modern software engineers.
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Chapter 1: The Case for SIMD; Why
Data-Level Parallelism Matters

A Simple Example: Tenfold Speedup in Three Lines

Start with a task so elementary it seems there is no way to improve it: scan an
array of bytes and count how many are zero.

int count zeros scalar(const uint8_t* data, size_t n) {
int count = 0;
for (size_t i =0; i < n; i++) {
if (datal[i] == 0) {
count++;
}
}

return count;

This loop loads one byte, compares it to zero, conditionally increments a
counter, and repeats. On a modern x86 CPU with AVX2 support, the same
operation can be rewritten using SIMD intrinsics:

#include <immintrin.h>

int count_zeros_avx2(const uint8_t* data, size_t n) {
int count = 0;
size t i = 0;

// Process 32 bytes per iteration
~ m2561i zero = mm256_setzero si256();
for (; i + 32 <= n; i += 32) {

el e i i el e
o U A W IN H O

~ m256i v = mm256 loadu si256((const  m256i*)&data[i]);
~ m2561i cmp = mm256 cmpeq epi8(v, zero);
int mask = mm256 movemask epi8(cmp);

count += _ builtin popcount(mask);

}

// Scalar tail for remaining bytes
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for (; 1 < n; i++) {
if (datal[i] == 0) count++;

}

return count;

The SIMD version loads thirty-two bytes into a vector register, compares all
thirty-two to zero simultaneously producing a mask of which lanes matched,
converts that mask to an integer, and counts the set bits. One comparison
instruction replaces thirty-two scalar comparisons.

On an Intel Core i7 with AVX2, processing one gigabyte of random data
takes approximately 140 milliseconds with the scalar version and roughly 15
milliseconds with the SIMD version, a speedup near tenfold. The SIMD code
does not use more CPU cores, does not touch different algorithms, and does
not rely on compiler magic. It simply exploits parallelism that exists in every
modern processor but is invisible to ordinary scalar code [7].

This is not an outlier example. Mitchell Hashimoto, creator of tools like
Terraform and Packer, reported a fivefold end-to-end speedup for terminal
rendering by applying the same basic pattern (broadcast constants, loop over
vector-width chunks, compare in parallel, reduce results, handle tail elements)
to scan UTF-8 codepoints [7]. Database systems using SIMD-accelerated
predicate evaluation report fifteenfold speedups on filtering operations across
billions of rows [5]. The raw throughput numbers vary by workload and
hardware, but the pattern is consistent: when your code processes large con-
tiguous arrays with simple per-element operations, SIMD can deliver order-
of-magnitude improvements.

Where Performance Is Actually Spent Today (Amdahl’s
Law in Practice)

Gene Amdahl observed in 1967 that the speedup from any optimization is
limited by the fraction of execution time it affects [1]. If you accelerate one part
of a program tenfold but that part accounts for only ten percent of runtime,
total speedup is just 1.9 percent. This simple formula forces a discipline:
measure first, then optimize what actually matters.

Modern software has shifted where the hotspots live. In the era when
CPU frequency scaled aggressively (roughly 1990 through 2005), performance
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came for free from faster clocks. Today frequencies are largely flat; most
desktop CPUs top out around 4-6 GHz, and server CPUs often run lower
to manage power and thermal constraints [2]. The parallelism that replaced
frequency scaling comes in several forms: more cores, wider SIMD vectors,
deeper pipelines, and smarter caches. Software must explicitly exploit these
to get faster.

Profiling typical performance-sensitive applications reveals a predictable
pattern. A substantial fraction of runtime concentrates in a small number
of loops and kernels: array transformations, numerical computations, data
parsing, format conversion, compression, hashing, and predicate evaluation.
These hotspots share characteristics that make them ideal for SIMD:

* They operate on large arrays or buffers.

* The per-element operation is simple (addition, comparison, lookup, bit
manipulation).

* Elements are processed independently with minimal interdependence.

* Memory access patterns are regular and predictable.

When you identify such hotspots through profiling, SIMD becomes one
of the most powerful tools available. Amdahl's Law does not discourage
optimization; it directs it toward places where vectorization will have real
impact.

Forms of Parallelism: Threads, Pipelines, Superscalar,
SIMD, GPUs; How They Relate

Understanding where SIMD fits requires distinguishing it from other paral-
lelism mechanisms. Modern software engineers often conflate these concepts
because they all make programs run faster, but they operate at different levels
and address different problems.

Multithreading (task-level parallelism) runs multiple independent threads
of execution simultaneously on different CPU cores. This is the parallelism
you get from OpenMP, std:thread, or async frameworks. Multithreading
scales with core count; a thirty-two-core server can run thirty-two threads
in parallel. The key constraint is that threads must do genuinely independent
work; synchronization overhead and memory contention limit scaling.
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Pipelining (instruction-level parallelism within one instruction stream)
breaks each instruction into stages (fetch, decode, execute, write-back) so that
multiple instructions are in flight simultaneously. If a pipeline has five stages
and each stage takes one cycle, the CPU can complete one instruction per
cycle even though each instruction individually takes five cycles. Pipelining
is entirely transparent to software; it happens inside every modern CPU core.

Superscalar execution (wider instruction-level parallelism) extends
pipelining by issuing multiple independent instructions per cycle from
the same thread. A superscalar processor with four execution ports can
theoretically complete four instructions per cycle if they do not depend on
each other’s results and target different execution units. This is why compilers
generate code with minimal data dependencies, to keep all execution ports
busy.

SIMD (data-level parallelism) applies one operation to multiple data ele-
ments in a single instruction. Unlike superscalar execution which processes
different operations in parallel, SIMD processes the same operation on dif-
ferent data. A vector add of sixteen floats is one instruction doing sixteen
additions simultaneously. SIMD works best when many elements share the
same computation pattern.

GPU acceleration (massive data-level parallelism) extends the SIMD idea
to thousands of cores executing the same instruction on different data. GPUs
excel at extremely regular, massively parallel workloads like graphics rendering
or large matrix operations, but they introduce overhead for data transfer and
are overkill for modestly sized problems.

These forms of parallelism stack. A single CPU core uses pipelining and
superscalar execution to run one thread efficiently. SIMD adds vector width
within that core. Multithreading spreads work across cores. GPUs provide an
additional tier for specific workloads. The choice depends on the problem:

* Use multithreading when you have independent tasks or can partition
work across many cores.

* Use SIMD when a single loop processes large arrays with simple per-
element operations.

* Use both when applicable: SIMD within each thread, threading across
data partitions.

* Consider GPUs only for extremely compute-intensive, highly regular
workloads where data transfer cost is justified.
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A common mistake is reaching for multithreading or GPU acceleration
before exhausting SIMD potential on a single core. Vectorization has zero
thread-management overhead and often delivers larger per-core speedups
than adding threads does for latency-sensitive applications.

The Memory Wall and Why Vectorization Helps

The “memory wall” describes the growing gap between CPU compute speed
and memory access speed [3]. Modern CPUs can perform billions of arithmetic
operations per second, but fetching data from main memory takes hundreds
of cycles. Even accessing L1 cache, the fastest on-chip memory, costs several
cycles. This imbalance means most code is not limited by how fast it can
compute; it is limited by how fast it can get data to the compute units.

SIMD helps with the memory wall in two ways:

First, vectorization improves arithmetic intensity, the ratio of operations
performed to bytes transferred from memory. A scalar loop that loads one
float, multiplies it, and stores the result performs one floating-point operation
per eight bytes transferred (four bytes load plus four bytes store). The
same loop vectorized with AVX2 processes eight floats per load/store pair,
performing eight operations per sixty-four bytes, the same ratio in this simple
case. But when SIMD enables multiple accumulators or fused multiply-add
operations, the effective arithmetic intensity increases because data loaded
into registers is reused more before being evicted.

Second, SIMD instructions reduce instruction fetch pressure. Thirty-two
scalar additions require thirty-two separate add instructions to be fetched and
decoded. A single vector addition does the same work with one instruction.
This reduction in instruction traffic leaves more memory bandwidth available
for data access and reduces decode bottleneck on complex instruction set
architectures like x86.

However, SIMD cannot overcome fundamental memory limitations. If
your working set exceeds cache capacity, vectorization will not help; you
are bandwidth-bound regardless of how many operations you perform per
byte loaded. This is why understanding whether code is compute-bound or
memory-bound is essential before optimizing; the roofline model (covered in
Chapter 10) provides a visual framework for this analysis [4].
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When SIMD Wins, When It Does Not, and When to Skip
It Entirely

SIMD is powerful but not universally applicable. Understanding where it shines
and where it fails prevents wasted effort.

SIMD wins when:

* You process large arrays or buffers (thousands of elements or more).

* Per-element operations are simple: arithmetic, comparison, bit manipu-
lation, table lookup.

* Elements are independent: processing one does not depend on results
from another.

* Memory access patterns are regular and sequential.

* The loop body is small enough that vectorizing it increases instruction-
level parallelism rather than creating register pressure.

Typical examples include image filters, audio processing, numerical sim-
ulations, compression codecs, format conversion, string search, database
predicate evaluation, and machine learning inference kernels.

SIMD struggles when:

 Data elements are highly interdependent (each iteration depends on the
previous).

* Memory access patterns are irregular or random (pointer chasing, tree
traversal).

* The working set is tiny: overhead of loading vectors exceeds benefit.

* Complex branching logic varies per element and cannot be eliminated
through masking.

* Precision requirements prevent reassociation of floating-point opera-
tions.

Skip SIMD entirely when:

* Profiling shows the code accounts for less than a few percent of total
runtime (Amdahl’s Law).

* The bottleneck is I/0, network latency, or disk access rather than CPU
computation.
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* Algorithmic improvement would yield larger gains (better data structures,

avoiding redundant work).

* Code clarity and maintainability matter more than raw speed for that

particular function.

A practical rule: measure first with a profiler, identify hotspots, then ask
whether the hotspot has the characteristics SIMD needs. If it does not,
explore algorithmic improvements or other parallelism forms before forcing

vectorization.

A Practical Decision Framework Before You Optimize

Before writing any SIMD code, work through this decision sequence:

1.

Profile. Use a profiler to identify where time is actually spent. Do
not optimize based on intuition about what “should” be slow. Focus on
functions consuming more than five percent of runtime.

. Understand the bottleneck. Is it compute-bound (CPU doing arithmetic),

memory-bound (waiting for data), or I/O-bound? SIMD helps primarily
with compute-bound workloads and moderately with memory-bound
ones by improving arithmetic intensity. Use hardware performance
counters or tools like Intel VTune, perf, or the roofline model to diagnose.

. Check auto-vectorization. Compile with optimization flags (-O3 -

march=native on GCC/Clang) and read the vectorization reports.
Modern compilers vectorize simple loops automatically. If the compiler
already generates efficient SIMD code, you may not need intrinsics.

. Assess data layout. Does your code process contiguous arrays or scat-

tered structures? SIMD needs contiguous data of the same type loaded
into vectors. If your data is in an Array of Structures layout and you only
need one field, consider restructuring to Structure of Arrays (covered in
Chapter 6).

. Consider alternatives. Would multithreading help more? Would a better

algorithm eliminate the work entirely? Would using an optimized library
(BLAS, SIMD-accelerated string libraries) be simpler than writing custom
code?

. Start simple. If you decide to write explicit SIMD, begin with auto-

vectorization-friendly scalar code, then add intrinsics only where the
compiler falls short. Write correctness tests before optimizing to ensure
transformations preserve behavior.
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7. Measure results. Compare optimized code against the baseline using
proper benchmarking methodology (covered in Chapter 10). Verify that
speedup is real and reproducible, not measurement noise.

This framework prevents the most common mistake: optimizing code that
does not need optimization, or applying SIMD to problems it cannot solve
efficiently. The chapters that follow build the technical depth needed to
execute each step confidently.



Chapter 2: CPU Architecture Essentials
for SIMD Programmers

The Modern CPU as a Dataflow Machine (Not a Von
Neumann Diagram)

Textbook diagrams show CPUs as neat boxes: an arithmetic logic unit, control
unit, registers, and memory bus. That model is useful for understanding
basic concepts but misleading for performance optimization. A modern high-
performance CPU core is better understood as a dataflow engine that keeps
multiple instructions in flight simultaneously across many execution units,
constantly fetching data from a hierarchical memory system while predicting
which instructions to execute next.

The key insight for SIMD programmers is this: the CPU does not wait for
one instruction to finish before starting the next. It overlaps work aggressively
through pipelining and superscalar execution, speculatively executes instruc-
tions based on branch predictions, and reorders operations to keep execution
units busy. Your code’s performance depends not just on what it computes but
on how well its instruction stream feeds this engine without creating stalls or
dependencies that force it to wait.

To reason about SIMD performance you need to understand four ar-
chitectural components: registers and execution ports (where computation
happens), the pipeline structure (how instructions flow through the core),
the memory hierarchy (how data gets to the execution units), and branch
prediction (how the CPU handles conditional logic). Each affects vectorized
code differently, and understanding their interactions prevents common opti-
mization mistakes.

Registers, Execution Ports, and Instruction Scheduling

Registers are the fastest storage in a CPU; they reside inside the core and
can be read or written in one cycle with near-zero latency. Modern x86-
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64 CPUs have dozens of general-purpose registers (RAX, RBX, RCX, etc.) for
integer operations and sixteen to thirty-two vector registers for SIMD: XMM
registers (128-bit), YMM registers (256-bit), and ZMM registers (512-bit on
AVX-512 CPUs) [8]. Arm processors have a similar arrangement with general-
purpose registers plus dedicated NEON/SVE vector registers.

Instructions do not execute sequentially through a single arithmetic unit.
Instead, the CPU has multiple execution ports, specialized units that handle
different operation types simultaneously. Consider Intel’s Skylake microarchi-
tecture as an example:

* Port 0 and Port 1: Floating-point and SIMD operations (addition, multipli-
cation, FMA)

Port 5: Additional SIMD/Floating-point operations and some integer ALU
work

* Port 3 and Port 6: Integer arithmetic and address generation

Port 2: Load operations from memory

* Port 4: Store operations to memory

Skylake can issue up to six instructions per cycle across these ports,
provided they target different ports and do not depend on each other’s results
[1]. This is superscalar execution in practice. The implication for SIMD code is
clear: if your loop only uses floating-point add instructions that all map to Port
0, the CPU cannot execute more than one such instruction per cycle regardless
of how many independent adds you write. You must mix operation types or use
multiple accumulators to utilize all available ports.

AMD’s Zen architectures have different port mappings. Zen 4 has four ALU
ports and two SIMD/FPU ports with a 256-bit datapath [2]. Zen 5 expanded to
six ALU ports and added full-width 512-bit SIMD execution units, eliminating
the double-pumped AVX-512 behavior of Zen 4 [3]. These differences matter
when writing portable SIMD code: an instruction sequence that saturates all
ports on Skylake might leave ports idle on Zen 4.

Instruction scheduling is the process by which the CPU’s out-of-order
execution engine maps instructions to available ports while respecting data
dependencies. Modern CPUs have large reorder buffers (hundreds of entries)
that track in-flight instructions and their dependencies. When you write code
with long dependency chains, where each instruction depends on the previous
result, the scheduler cannot overlap them, even if physically capable. This is
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why reduction loops with a single accumulator are slow: every add waits for
the previous add to complete. Using multiple accumulators breaks the chain
and allows parallel execution.

Pipelining, Superscalar Execution, and Instruction-Level
Parallelism

Pipelining divides instruction execution into stages so that different instruc-
tions occupy different stages simultaneously. A simplified five-stage pipeline
has: fetch (read instruction from memory), decode (interpret the instruction),
execute (perform computation), memory access (load/store data), and write-
back (store result to register). With perfect pipelining, one instruction com-
pletes per cycle even though each takes five cycles individually.

Real pipelines are more complex. Modern CPUs have fifteen or more
pipeline stages, with separate pipelines for integer, floating-point, and SIMD
operations. The key concept is throughput versus latency: latency is how
long a single instruction takes from start to finish, while throughput is how
many instructions of the same type can complete per cycle when executed in
sequence without dependencies.

Consider fused multiply-add (FMA) on Skylake: computing a*b + ¢ has a
latency of five cycles but a throughput of one per cycle on each FMA-capable
port [1]. This means if you have a loop performing independent FMAs, the
first result arrives after five cycles but subsequent results arrive every cycle
thereafter. The pipeline is full and operating at peak throughput.

Superscalar execution extends this by issuing multiple instructions per cy-
cle to different ports. A superscalar CPU with four ALU ports can theoretically
complete four integer additions per cycle if they are independent. Instruction-
level parallelism (ILP) refers to the degree of independence among adjacent
instructions that allows superscalar execution. Code with high ILP, meaning
many independent operations in sequence, runs faster on modern CPUs than
code with sequential dependencies, even if both perform the same total work.

SIMD amplifies ILP by packing multiple data elements into each instruction.
A vector add of sixteen floats has the same ILP characteristics as a scalar add
but does sixteen times the work per instruction. The combination of SIMD
width and superscalar execution is what enables modern CPUs to achieve
hundreds of gigaflops of floating-point throughput on appropriate workloads.
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The Memory Hierarchy: Registers, L1/L2/L3 Cache,
RAM; Latencies That Matter

Data movement dominates performance more than computation in most real-
world code. Modern CPUs have a multi-level cache hierarchy designed to
hide the enormous latency gap between registers and main memory. Under-
standing this hierarchy is essential because SIMD code loads and stores large
amounts of data at once, making memory behavior especially critical.

The hierarchy from fastest to slowest:

Registers: Zero or one cycle latency. Limited quantity (dozens per core).
SIMD operations read operands from registers and write results back to
registers. Memory accesses go through registers; you cannot operate directly
on memory with SIMD arithmetic instructions.

L1 cache: Typically 32-64 KB per core, split into instruction cache (I-cache)
and data cache (D-cache). Latency is approximately 4-5 cycles [6]. Bandwidth
is extremely high: modern cores can read multiple cache lines per cycle from
L1. If your working set fits in L1 cache, memory latency is essentially invisible.

L2 cache: Typically 256 KB to 2 MB per core. Latency is approximately 10-14
cycles [6]. Serves as backup for L1 misses. Still fast enough that well-structured
code rarely feels the delay.

L3 cache (last-level cache): Shared across cores in a socket. Sizes range
from a few megabytes to hundreds of megabytes on server CPUs. Latency is
approximately 30-60 cycles depending on distance and contention [6]. Critical
for multi-threaded workloads where data shared between threads benefits
from L3 residency.

Main memory (DRAM): Latency is approximately 100-200 cycles or more,
depending on DRAM speed and system configuration [6]. Bandwidth is the
limiting factor: DDR4-3200 provides roughly 25 GB/s per channel; dual-
channel systems reach 50 GB/s. Modern high-end desktops with DDR5 can
exceed 80 GB/s [11].

The implications for SIMD are profound. A single AVX2 load instruction
reads 32 bytes from memory. If that data is in L1 cache, the load costs roughly
4-5 cycles. If it misses all caches and must come from DRAM, it costs over a
hundred cycles. The arithmetic you perform on that data takes perhaps one
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to five cycles. If your code does not do enough computation per byte loaded,
memory latency dominates regardless of how efficiently you vectorize.

This is why cache-aware programming matters for SIMD. Processing data
in sequential order exploits spatial locality: loading one cache line brings in
neighboring data you will likely need next. Restructuring algorithms to reuse
data while it sits in cache (temporal locality) reduces expensive DRAM accesses.
Chapter 6 covers these techniques in depth.

Branch Prediction and Why SIMD Loves Straight-Line
Code

Conditional branches (if statements, loop conditions) are expensive when
mispredicted. The CPU speculatively executes instructions along the predicted
path; if the prediction is wrong, it must discard all speculative work and
restart on the correct path, losing cycles equal to pipeline depth. Modern
branch predictors are sophisticated and achieve over 95 percent accuracy on
typical code, but unpredictable branches, where the outcome varies randomly
between iterations, cause frequent mispredictions that stall execution [2].

SIMD thrives on straight-line code with minimal branching because vector
instructions operate on all lanes uniformly. A vector comparison produces a
mask indicating which lanes satisfy a condition, but the subsequent computa-
tion proceeds without conditional jumps. This eliminates branch misprediction
penalties entirely for the vectorized portion of the loop.

Consider filtering an array to keep only positive values:

// Scalar with branching: unpredictable pattern causes mispredictions
for (int 1 = 0; 1 < n; i++) {
if (data[i] > 0) {
out[out count++] = datal[il;
}
}

// SIMD approach: no branches, uses masking and blending
~ _m256 zero = mm256 setzero ps();
for (int i = 0; i <n - 8; 1 +=8) {
~ m256 v = mm256 loadu ps(&data[i]);
~ _m256 cmp = mm256_cmp _ps(v, zero, CMP _GT 0Q); // mask: lanes > 0
_ m256 result = mm256 blendv ps( mm256 setzero ps(), v, cmp);
// Store or accumulate based on mask...
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The SIMD version replaces unpredictable branches with vector compar-
isons and blend operations that execute the same instructions regardless of
data values. This is called branch elimination through predication, and it is one
of SIMD’s most powerful capabilities (covered in detail in Chapter 11).

Clock Frequency, Power Budgets, and Turbo Boost
Reality

CPU clock frequency determines how many cycles occur per second, but it is
not fixed. Modern CPUs use dynamic frequency scaling (Turbo Boost on Intel,
Precision Boost on AMD) to run faster when thermal and power budgets allow,
then throttle down when limits are reached [2]. This behavior interacts with
SIMD in important ways that affect optimization decisions.

Wider SIMD instructions consume more power because they activate more
transistors per cycle. AVX-512 instructions use significantly more power than
AVX2 or scalar instructions on the same data volume. On some Intel mi-
croarchitectures (particularly pre-Ice Lake), executing AVX-512 code triggers
frequency reduction to stay within thermal design power (TDP) limits [9]. The
penalty varies by workload and cooling: a sustained AVX-512 workload might
reduce boost frequency from 4.8 GHz to 3.8 GHz on a desktop CPU, partially
offsetting the theoretical speedup from wider vectors.

AMD Zen 4 handles AVX-512 differently: it executes 512-bit instructions
through its 256-bit datapath in two passes, avoiding dedicated 512-bit execu-
tion units and limiting power impact [3]. Zen 5 added true 512-bit SIMD units
with reduced frequency penalty compared to early Intel AVX-512 implementa-
tions [3].

The practical implication is that you cannot assume wider vectors always
mean faster code. When evaluating whether to target AVX-512 versus AVX2,
measure actual performance on your target hardware under realistic thermal
conditions. For server workloads running sustained vectorized kernels at
fixed frequency, AVX-512 typically delivers clear benefits. For desktop or
laptop workloads with mixed usage patterns and aggressive turbo boost, the
frequency penalty can make AVX-512 competitive with or slower than well-
written AVX2 code for certain patterns [9].

Power considerations also affect mobile and embedded platforms. Arm pro-
cessors in smartphones and tablets prioritize energy efficiency alongside per-
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formance; NEON vectorization is standard practice but SVE adoption remains
limited partly due to power-area tradeoffs on mobile dies. Understanding your
deployment environment’s thermal and power constraints is part of making
sound SIMD optimization decisions.
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ABI Stability and Binary Compatibility with SIMD
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