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SIMD, Quantization, and Billion-Scale
Retrieval

From floating-point arithmetic to billion-vector search clusters: building high-
performance retrieval systems you understand. This book takes you from the
fundamentals of vectors and similarity metrics through low-level CPU opti-
mization, indexing algorithms, and distributed systems engineering. Along the
way we build a running vector-search implementation that evolves from naive
brute-force search into a production-ready approximate nearest-neighbor
engine with HNSW indexing, product quantization, SIMD acceleration, per-
sistence, and multi-node scaling. No prior expertise in vector databases is
required: if you can write code and understand basic linear algebra, you will
finish this book able to implement, profile, optimize, and deploy vector retrieval
at scale.



Introduction: Why Vector Search
Matters Now

The Embedding Explosion

A few years ago, searching for information meant matching keywords. You
typed words into a search box, the system found documents containing those
same words, and ranked them by frequency and position. It was brittle but
understandable. Today, that model has largely been replaced by something
stranger and more powerful: you ask a question in natural language, and the
system returns answers based on meaning rather than word overlap.

The engine behind this shift is not magic. It is vector search.

Modern Al models called embedding models take text, images, audio, or any
structured data and convert it into dense arrays of numbers called vectors.
A typical text embedding might be a list of 768 floating-point values that
collectively encode the semantic content of a paragraph. Two paragraphs
about the same topic will produce similar vectors regardless of whether
they share vocabulary. This geometric representation of meaning transforms
search from pattern matching into geometry: finding relevant information
becomes a problem of locating nearby points in high-dimensional space.

The applications have proliferated rapidly. Recommendation engines use
vector similarity to find products or content similar to what users already like.
Retrieval-augmented generation pipelines retrieve relevant documents before
feeding them to large language models, grounding generated answers in actual
data rather than training memory. Multimodal search lets you find images with
text queries or vice versa, because CLIP-style models embed both modalities
into a shared vector space where semantic proximity is preserved. Vector
search has become critical infrastructure for Al applications the way relational
databases became critical infrastructure for business software in the 1980s.

But here is what most practitioners do not realize: choosing a vector
database and calling its API is not enough to build robust, scalable systems.
When your collection grows from thousands of vectors to millions or billions,
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when your latency budget shrinks from hundreds of milliseconds to single
digits, when you need to combine semantic search with metadata filtering and
keyword matching, the surface-level abstractions start to leak. You need to
understand what is happening underneath.

From Exact to Approximate: The Scaling Problem

The simplest possible vector search algorithm is embarrassingly straightfor-
ward. Given a query vector and a collection of stored vectors, compute
the distance between the query and every stored vector, then return the
k closest ones. This is exact k-nearest neighbors (k-NN) search via brute-
force exhaustive scan. For small collections it works perfectly and guarantees
correct results.

The problem is scale. Each distance computation for two 768-dimensional
vectors requires roughly 768 floating-point multiplications, 768 subtractions,
and a summation. Search through one million vectors and you need about 768
million floating-point operations per query. Search through one billion vectors
and that becomes 768 billion operations. Even on fast hardware, doing this for
every query in real time is unsustainable.

But the computational cost is actually not the worst part. The real bottle-
neck is memory bandwidth. To compute distances, you must stream vector
data from RAM into CPU caches. Modern servers might have 200 to 600
gigabytes per second of memory bandwidth. One billion vectors at 768
dimensions in float32 format occupies roughly three terabytes. Streaming
through all that data for a single query would take several seconds even if the
CPU could compute distances instantly. The math is unforgiving: exact search
does not scale to billion-vector collections on practical hardware.

The solution is approximation. Instead of comparing against every vector,
we use indexing structures that let us skip most of them while still finding
results that are close enough. These approximate nearest neighbor (ANN)
algorithms trade a small amount of accuracy for orders-of-magnitude speedup.
At scale this is not a compromise but an engineering necessity: you cannot
serve real-time queries over billion-vector collections without approximation,
period.

The question becomes which approximation technique to use and how to
tune it. Different algorithms make different trade-offs between recall (how



Introduction: Why Vector Search Matters Now 4

many of the truly nearest neighbors do we actually find), latency (how fast does
each query return), memory usage (how much RAM does the index consume),
and build time (how long does it take to construct the index). Understanding
these trade-offs requires understanding both the algorithms themselves and
the hardware they run on.

What This Book Will Build

This book is organized around a running implementation: a vector-search
engine written in C++ that we develop incrementally from chapter to chapter.
We start with the simplest possible exact search implementation and progres-
sively add capabilities until it becomes a production-ready ANN system. Each
chapter contributes specific features:

Early chapters establish foundations. We define vectors, similarity metrics,
and distance functions with mathematical precision. We implement brute-
force k-NN search and analyze its complexity rigorously. We examine the
hardware reality of CPU caches, memory hierarchy, and floating-point rep-
resentation that every optimization must contend with.

Middle chapters introduce indexing algorithms. We build a clustering-
based inverted file index (IVF) using k-means clustering to partition vector
space. We implement hierarchical navigable small world graphs (HNSW),
arguably the most important ANN algorithm in current production use. We
add product quantization to compress vectors by factors of 8x to 96x while
preserving search quality.

Later chapters focus on systems engineering. We accelerate distance
computation using SIMD vector instructions (AVX2 and AVX-512) that let a
single CPU instruction operate on multiple data elements simultaneously. We
add multi-threading, query batching, and NUMA-aware memory placement
to exploit modern multi-core servers. We implement persistence so indexes
survive restarts, compression to reduce storage costs, and distributed scaling
across multiple machines for billion-vector clusters.

By the end you will have a working vector-search system with indexing,
quantization, SIMD acceleration, concurrency, persistence, filtering support,
and distributed capability. More importantly you will understand why each
design choice was made, what alternatives exist, and how to reason about
trade-offs when building your own systems or evaluating existing tools.
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How to Read This Book

This book assumes general programming competence: comfort with at least
one compiled language (C++ is used for the implementation), basic under-
standing of data structures and algorithms, and familiarity with linear algebra
concepts like vectors and dot products. No prior experience with vector
databases, ANN algorithms, or SIMD programming is required. Every concept
is introduced from first principles.

The chapters build on each other in a deliberate sequence. Chapter 1
defines the mathematical objects we will manipulate. Chapter 2 establishes
performance baselines through brute-force search. Chapters 3 and 4 explain
the hardware constraints that motivate optimization. Chapters 5 through 7
introduce indexing and compression algorithms. Chapters 8 through 10 focus
on low-level systems optimization. Chapters 11 through 13 cover distributed
architecture and production operations.

You can read the book linearly from beginning to end for a comprehensive
education in vector search internals. If you already understand some topics
you can skim early chapters and dive into later material. The running imple-
mentation code is available alongside each chapter: read the explanation first,
then study the code, then experiment by modifying it yourself.

One note on style: this book prioritizes deep understanding over superficial
coverage. We will not survey every vector database product or list every API
option. Instead we focus on timeless principles: how distance computation
works at the bit level, how indexing structures organize vector space, how
hardware constraints shape algorithm design. Products come and go but these
fundamentals endure. When you understand them deeply, you can evaluate
any tool critically and build systems that genuinely fit your requirements rather
than accepting defaults blindly.

Let us begin.



Chapter 1: Vectors, Embeddings, and
Similarity

What Is a Vector (in This Context)?

In the context of vector search, a vector is a fixed-length array of numbers that
represents some piece of data in a geometric space. Each number in the array
is called a dimension or coordinate. When we talk about searching vectors, we
are really talking about finding points in this geometric space that are close to
a query point according to some notion of distance.

Consider a simple example. Imagine representing fruits as two-dimensional
vectors where the first coordinate encodes sweetness and the second encodes
acidity:

Apple: (0.7, 0.4)
Lemon: (0.1, 0.9)

* Orange: (0.6, 0.5)

* Grapefruit: (0.3, 0.8)

In this two-dimensional space, apples and oranges are geometrically close
because they have similar sweetness and acidity profiles. Lemons and grape-
fruits cluster together as sour fruits. This is the fundamental insight behind
vector search: if you can represent data as points in a space where geometric
proximity corresponds to semantic similarity, then finding similar items be-
comes a geometry problem.

Real-world vectors are not two-dimensional. Typical text embeddings from
models like OpenATl's text-embedding-3-small or sentence-transformers have
768 to 1536 dimensions. Multimodal models like CLIP produce 768-dimensional
vectors for both images and text in a shared space. Some specialized models go
higher: certain bioinformatics embeddings exceed 4000 dimensions. Despite
the dimensionality, the geometric intuition remains the same: similar things
cluster together, dissimilar things are far apart.
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Each dimension in a high-dimensional embedding does not usually corre-
spond to an easily interpretable feature like “sweetness.” Instead, the dimen-
sions emerge from the training process as abstract directions in a space that
collectively encode complex patterns. You cannot meaningfully read off what
the 347th dimension represents, but you can trust that the overall geometry
preserves semantic relationships. This is both powerful and somewhat mys-
terious: the model has discovered a representation where cosine similarity
between vectors correlates with human judgment of textual similarity, even
though no individual dimension maps to a named concept.

For our purposes, a vector is simply an array of d floating-point numbers.
We will use float32 (32-bit IEEE 754 single-precision) as our standard format
because it offers a good balance between numerical precision and memory
efficiency. A single 768-dimensional float32 vector occupies 768 * 4 = 3072
bytes, roughly three kilobytes. One million such vectors occupy about three
gigabytes. This concrete accounting of bytes matters enormously when we
discuss scaling later in the book.

How Embeddings Are Created

Embeddings are produced by neural network models called encoders. The
input can be text, images, audio waveforms, tabular data, or any structured
format. The output is always a fixed-length vector regardless of input size:
a single word and an entire document both produce vectors with the same
number of dimensions. This normalization is essential for search because it
lets us compare items of vastly different sizes using the same distance metric.

The most common text embedding models today fall into several families.
Word-level models like word2vec and GloVe (introduced around 2013 to 2014)
produce one vector per vocabulary word, capturing distributional similarity:
words that appear in similar contexts get similar vectors. Sentence-level
models based on transformer architectures, such as Sentence-BERT and its
successors, encode entire sentences or paragraphs into single vectors while
preserving semantic meaning. OpenAl's embedding models (text-embedding-
ada-002, text-embedding-3-small, text-embedding-3-large) are highly opti-
mized proprietary encoders widely used in production systems.

Multimodal models like CLIP train on image-text pairs to learn a shared
embedding space where semantically matching images and captions are close
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together. This enables cross-modal search: you can query with text and
retrieve relevant images, or query with an image and find similar images or
descriptive text, all using the same underlying vector similarity computation.

For this book we do not need to understand how these models are trained
in detail. What matters is their output format and properties:

1. Fixed dimensionality: Every embedding from a given model has exactly
d dimensions.

2. Density: Unlike sparse representations (where most values are zero),
embeddings are dense arrays where nearly every dimension carries in-
formation.

3. Normalization: Many models produce vectors that are normalized to
unit length, meaning the sum of squared components equals one. This
is important for similarity metrics as we will see shortly.

4. Direction over magnitude: For normalized vectors, semantic information
is encoded in the direction of the vector rather than its length. Two
texts about the same topic will point in similar directions regardless of
document length or emphasis.

These properties are not accidental: they emerge from training objectives
that explicitly reward geometric arrangements where similarity corresponds to
proximity. Contrastive learning losses push embeddings of related items closer
together while pushing unrelated items apart. The resulting geometry is what
vector search exploits.

Distance Metrics: Euclidean, Cosine, Dot Product

To find the nearest neighbors of a query vector, we need a way to measure how
far apart two vectors are. Different distance metrics capture different notions
of similarity, and choosing the right one matters for search quality. The three
most common metrics in practice are Euclidean distance, cosine similarity, and
dot product. Each has distinct mathematical properties and appropriate use
cases.

Euclidean Distance

Euclidean distance is the straight-line distance between two points in space.
For two d-dimensional vectors x and vy, it is defined as:
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d_Euclidean(x, y) = sqrt(sum of (x_i - y_i)"2 for i from 1 to d)

This is the familiar Pythagorean distance generalized to arbitrary dimen-
sions. In our fruit example above, the Euclidean distance between apple (0.7,
0.4) and orange (0.6, 0.5) is:

sqrt((0.7 - 0.6)% *(04-05)2) = gqrt(0.01 + 0.01) = sqrt(0.02) = 0.141
The distance between apple and lemon is:
sqrt((0.7 - 0.1)>* 04-092) = sqrt(0.36 + 0.25) = sqrt(0.61) ~ 0.781

Apples are closer to oranges than to lemons, which matches our intuition.
For Euclidean distance, smaller values indicate greater similarity: the nearest
neighbor has the smallest distance.

Euclidean distance treats both direction and magnitude as meaningful. If
one vector is twice as long as another in every dimension, they will have a
large Euclidean distance even though they point in the same direction. This
makes Euclidean distance appropriate when absolute scale carries semantic
information.

Cosine Similarity

Cosine similarity measures the cosine of the angle between two vectors,
ignoring their magnitudes. It is defined as:

cosine(x, y) = (x doty) / (|[x[| * Iyll)

where x dot y is the dot product (sum of x_i * y_i) and ||x|| is the Euclidean
norm (sqrt of sum of x_i"2).

The cosine of an angle ranges from -1 to +1. A value of +1 means the vectors
point in exactly the same direction (angle of zero degrees), -1 means they point
in opposite directions, and 0 means they are orthogonal (perpendicular). For
text embeddings where all values tend to be positive, cosine similarity typically
falls between 0 and 1.

Using our fruit example:

» Apple dot orange = 0.70.6 + 0.40.5 = 0.42 + 0.20 = 0.62
* |lapple|| = sqrt(0.72 * ©42) = sqrt(0.65) =~ 0.806

* |lorange|| = sqrt(0.6%*%52) = sqrt(0.61) ~ 0.781

* cosine(apple, orange) = 0.62 / (0.806 * 0.781) =~ 0.984
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Cosine similarity is the dominant metric for text-based semantic search
because it isolates direction from magnitude. Two documents about the same
topic will have similar directional profiles even if one is much longer than
the other. Most modern sentence embedding models are trained with cosine
similarity as the target metric, meaning their geometry is optimized for angular
rather than Euclidean proximity.

For cosine similarity, larger values indicate greater similarity: the nearest
neighbor has the highest cosine score. Many systems convert this to a distance
by computing 1 - cosine(x, y), so that smaller distances again mean more similar
items.

Dot Product Similarity

The dot product (also called inner product) is the numerator of the cosine
formula without normalization:

dot(x, y) = sum of (x_i * y_i for i from 1 to d)

For unnormalized vectors, the dot product captures both directional align-
ment and magnitude. Two long vectors pointing in similar directions will have
a large dot product even if their angle is moderate. This can be desirable when
magnitude encodes meaningful information: for example, in recommendation
systems where vector length might represent user activity level or item popu-
larity.

Here is the crucial relationship: if both vectors are normalized to unit length
(Ix[l = |ly]l = 1), then the dot product equals cosine similarity exactly:

dot(x, y) = cosine(x, y) when ||x|| = ||y|| = 1

Many embedding models produce normalized outputs precisely to enable
this simplification. When vectors are unit-length, you can use the faster dot
product computation instead of the more expensive cosine formula (which
requires computing norms). This is a common optimization in production
systems: normalize all stored vectors once during indexing, then use dot
product for all queries.

When to Use Which Metric

The choice depends on your embedding model and what properties matter for
your application:
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* Cosine similarity: Default choice for text embeddings from most modern
models (Sentence-BERT, E5, GTE, OpenAl embeddings). Use when you
care about semantic direction rather than document length or intensity.

* Dot product: Use when your vectors are already normalized (equivalent
to cosine but faster), or when magnitude carries meaning in your domain.
Many vector databases optimize dot product search specifically because
of its computational simplicity.

* Euclidean distance: Use when absolute differences in feature values
matter, such as comparing physical measurements, sensor readings, or
any domain where scale is semantically meaningful. Also common for
image features like SIFT descriptors that were not trained with angular
objectives.

A practical rule: match your distance metric to what your embedding model
was trained with. If a model uses contrastive loss based on cosine similarity
during training, use cosine similarity at search time. Mismatching the metric
can degrade retrieval quality even if the embeddings themselves are high-
quality.

Similarity as a Geometric Problem

Visualizing vectors in two or three dimensions helps build intuition for what
happens in hundreds or thousands of dimensions. In low-dimensional space,
nearest neighbor search is geometrically straightforward: you have points
scattered around, and finding the closest one to a query point means looking
at its immediate neighborhood.

As dimensionality increases, several counterintuitive phenomena emerge
that affect search algorithms. The most famous is called the curse of dimen-
sionality. In very high-dimensional spaces, distances between random points
tend to concentrate: the ratio between the distance to the nearest neighbor
and the distance to the farthest neighbor approaches one. Intuitively, this
means all points start looking roughly equally distant from each other, making
discrimination difficult.

However, real-world embeddings do not behave like random points. They
lie on or near low-dimensional manifolds within the high-dimensional space:
the effective number of independent directions carrying information is much
smaller than the raw dimensionality. A 768-dimensional text embedding might
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have an intrinsic dimensionality of only 50 to 100 meaningful directions, with
the remaining dimensions encoding redundancy or noise. This structure is
what makes ANN algorithms work in practice despite the theoretical curse:
the data is not uniformly distributed across all dimensions but clustered along
meaningful semantic axes.

The curse of dimensionality does have practical consequences though.
Exact search methods that partition space using trees (like k-d trees) degrade
to nearly linear scan performance in high dimensions because the partitions
become ineffective at pruning irrelevant regions. This is why tree-based meth-
ods are rarely used for modern embedding search: clustering-based indexes
(IVF) and graph-based indexes (HNSW) handle high-dimensional structure
more robustly.

Starting the Running Implementation: Vector Data
Structures

We now begin our running implementation: a vector-search library written
in C++ that we will extend throughout this book. Our first task is defining
basic data structures for storing vectors and computing distances. This code
establishes conventions we will use going forward.

We represent a collection of vectors as a contiguous array of float values
in row-major order: all dimensions of vector 0, followed by all dimensions of
vector 1, and so on. This layout maximizes cache efficiency when scanning
through vectors sequentially, which is exactly what brute-force search does.

// vecsearch.h - Basic vector storage and distance computation

#include <vector>
#include <cmath>
#include <algorithm>
#include <utility>
#include <cstdint>

namespace vecsearch {

// A simple flat index storing vectors in a contiguous array
class FlatIndex {
public:

// dimension: number of dimensions per vector (d)
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FlatIndex(int dimension) : dim_ (dimension), data () {}

// Add a single vector. Returns its assigned ID.
int add(const float* vec) {

int id = static_cast<int>(data_.size()) / dim_;
data_.insert(data_.end(), vec, vec + dim_);
return id;

// Add multiple vectors at once from a contiguous array
void add many(int count, const float* data) {

}

data .insert(data .end(), data, data + count * dim );

// Return number of stored vectors
int size() const {

return static_cast<int>(data_.size()) / dim_;

// Return dimensionality
int dim() const { return dim ; }

// Compute squared L2 distance between two vectors at given IDs
float 12 distance(int id a, int id b) const {

float dist = 0.0f;

for (int i = 0; 1 < dim ; ++1i) {
float diff = data [id a * dim + i] - data [id b * dim + i];
dist += diff * diff;

b

return dist;

// Compute dot product between two vectors at given IDs
float dot product(int id_a, int id_b) const {

float sum = 0.0f;
for (int i = 0; 1 < dim ; ++i) {

sum += data [id a * dim_ + i] * data [id b * dim_ + i];
)

return sum;

// Brute-force k-nearest neighbors using L2 distance
// Returns pairs of (distance, vector id) for the k closest vectors
std::vector<std::pair<float, int>> search 12(

const float* query, int k) const {
if (k > size()) k = size();

// Use a max-heap to track top-k smallest distances
// Store negative distances because priority queue is a max-heap

13



65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96

97
98
99

Chapter 1: Vectors, Embeddings, and Similarity 14

std::priority queue<std::pair<float, int>> heap;

for (int i = 0; i < size(); ++i) {
float dist = 0.0f;
const float* vec = &data [1i * dim ];
for (int d = 0; d < dim_; ++d) {
float diff = query[d] - vec[d];
dist += diff * diff;
}

if (heap.size() < static_cast<size_t>(k)) {

heap.push({-dist, i}); // negative for max-heap -> min-distance
} else if (-dist < heap.top().first) {

heap.pop();

heap.push({-dist, i});

// Extract results in order (smallest distance first)
std::vector<std::pair<float, int>> results;
results.reserve(k);
while ('heap.empty()) {
results.push back({-heap.top().first, heap.top().second});
heap.pop();
}
std::reverse(results.begin(), results.end());
return results;

}

private:
int dim_;
std::vector<float> data ; // contiguous: [vO dimO, vO diml, ..., v1 dim0,
|

+

} // namespace vecsearch

This implementation is deliberately simple and correct rather than fast.
The search_I2 function computes the squared L2 distance from the query
to every stored vector using a straightforward nested loop. We use squared
distance (without the square root) because it preserves ordering: if vector A has
smaller squared distance than vector B, then A also has smaller actual distance.
Skipping the square root saves expensive operations without affecting which
vectors are returned as nearest neighbors.

The top-k selection uses a max-heap that maintains at most k entries. As
we scan through all vectors, we keep the k smallest distances seen so far by
discarding any new distance larger than the current worst in our heap. This
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approach uses O(k) extra space regardless of collection size and avoids sorting
all n distances (which would cost O(n log n)).

To test this implementation:

#include <iostream>
#include <random>

int main() {
const int DIM = 128;
const int N_VECTORS = 10000;
const int K = 5;

vecsearch: :FlatIndex index(DIM);

// Generate random vectors for testing
std::mt19937 rng(42);

std::normal distribution<float> dist(0.0f, 1.0f);
std::vector<float> temp(DIM);

for (int i = 0; i < N_VECTORS; ++1i) {
for (int d = 0; d < DIM; ++d) {
temp[d] = dist(rng);
}
index.add(temp.data());

// Create a query vector near the first stored vector
std::vector<float> query(DIM);

for (int d = 0; d < DIM; ++d) {

query[d] = temp[d] + dist(rng) * 0.1f; // small perturbation
}
// Search

auto results = index.search 12(query.data(), K);

std::cout << "Top " << K << nearest neighbors:" << std::endl;
for (const auto& [dist, id] : results) {
std::cout << " ID " << id << ", distance”™2 = " << dist << std::endl;

return 0;

This baseline implementation is our starting point. It is correct but slow:
every query examines all stored vectors with no shortcuts. In the next chapter
we will measure its performance rigorously and discover exactly why it fails at
scale, setting the stage for every optimization that follows.
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