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The ANN search pipeline
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From Million-Scale to Billion-Scale ANN

https://github.com/erikbern/ann-benchmarks 4

1M vectors, GloVe word embeddings
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https://github.com/erikbern/ann-benchmarks


From Million-Scale to Billion-Scale ANN

Rules
• Index building + searching single-threaded
• 2 hours time limit, container killed 

afterwards

Q: Scaling up by 1000x? 

2 hours → 2000 hours ~ 83 days
24 hours → 24000 hours ~ 3 years

(unrealistic scaling)
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Billion-Scale ANN Challenge [Simhadri+, NeurIPS 2021]
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Cut-off at 10k QPS

3 tracks: 
in-memory, 
out-of-memory, 
”exotic hardware”

Many entries did not improve on baseline by much.



<tl;dnl> (Roadmap)
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Can store data + 
index in RAM?

High recall?

High recall?

Graph-based ANN

IVF (or Graph-Based)

Compressed vectors 
(RAM) + graph/vectors 

(SSD)

IVF on compressed vectors

DiskANN/HNSW/…
(parameter selection difficult)

FAISS-IVF (better build times 
+ easy parameter selection)

DiskANN

FAISS-IVF (forget original vectors)



Billion-Scale Datasets

https://big-ann-benchmarks.com/
NeurIPS 2021 Challenge

800 GB 

100 GB 

Microsoft Bing: Search string →Web documents
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256 GB 

Meta AI: Image descriptors for copy detection 

https://big-ann-benchmarks.com/


High Resources, High Recall
Possible setup: Multi-Socket Xeon, 256 GB - 2TB of RAM
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Scaling Graph-Based Approaches

https://arxiv.org/pdf/2305.04359.pdf

Machines
- Azure Msv2 (4 Xeon, 192 vCPUs, 

2 TB RAM), $384 USD/day
- Azure Ev5 (2 Xeon, 96 vCPUs, 

672 GB RAM), $144 USD/day
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https://arxiv.org/pdf/2305.04359.pdf


Scaling Graph-Based Approaches

• Recap
• Vectors are nodes

• Connected to “diverse set of 
similar points” + long range edges

• Incremental build
• Use search algorithm to find 

potential candidate neighbors

• Prune these candidates

𝒙13
𝒙91

Index size? Faster build? Tradeoffs?

~1B x “avg. degree of node” 

Practically all algorithms 
enforce user-set bound!

Smaller target degree + 
smaller beam width

Need larger beam width to 
compensate for “worse 
build graph” 11



𝒙13
𝒙91

Parallelizing insertion

• Order all points arbitrarily

• For each point:
• Carry out greedy search for 

nearest neighbor in “current 
graph”

• Connect to pruned set of vertices 
found during the NN search

Thread-safety?

prefix doubling
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Understanding parameters

• Index building
• Degree bound 𝑅

• upper limit on index size

• Beam width 𝐿 (building)
• better neighbors

• Pruning factor (𝛼)
• ”diversified neighbors”

•  Searching
• Beam width 𝐿search

13

🤔
Sensitive to parameter choices & 
they are difficult to choose!

https://www.vldb.org/pvldb/vol16/p1548-azizi.pdf

https://www.vldb.org/pvldb/vol16/p1548-azizi.pdf


Build times & scaling

Beam widthDegree bound
Billion-scale: Index size not more 
than 4R GB (e.g., 256GB, 600GB)

10x increase → 11-12x build time increase

🤔
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Parallelizing search

• Usually parallelization over 
queries (inter-query parallelism)

• Not so much in focus

• Beam width selection: “trial-
and-error”

15

Scaling: dataset 1000x larger → queries 2x slower



Summary

• Advantages
• Good scaling of #candidates

• Unparalleled performance in high-
recall regime

• Disadvantages
• Influence of parameter choices 

difficult to predict

• High index building times (but 
“almost out-of-box”)

1% of dataset 0.01% of dataset

0.0001% of dataset
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How to get started
(DiskANN)

17
Official Documentation: https://github.com/Microsoft/DiskANN
Python examples: https://github.com/harsha-simhadri/big-ann-benchmarks

[DiskANN: Simhadri+, NeurIPS19]

https://github.com/Microsoft/DiskANN
https://github.com/harsha-simhadri/big-ann-benchmarks


High Resources, Low Recall
Possible setup: Multi-Socket Xeon, 256 GB - 2TB of RAM
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IVF-based solutions (“inverted file index”)

Finding a space partition: Clustering-based (k-means), LSH-based, …
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2 steps:
(1) Train partition
(2) Add vectors

𝒙1, 𝒙2, … , 𝒙𝑁

𝒙𝑛 ∈ ℝ𝐷



IVF: insert a vector

1.02
0.73
0.56
1.37
1.37
0.72

𝒙1

Record 𝒙1

Cells: all points closest to given centroid (“Voronoi cells”)
Build parameter: #clusters
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IVF: search

0.54
2.35
0.82
0.42
0.14
0.32

𝒒

Find the nearest vector to 𝒒

Search parameter: #clusters to inspect
Candidates: #clusters inspected * avg. cluster size
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How to choose parameters?

• Goal: inspect 0.0001% of dataset 
for 1B vectors ➔ 1000 points

• Back-of-the-envelope calculation:
• ~1000 points per cluster

• → need a million clusters 

• Making this practical
• Build an index on centroids

• Standard solution
• Build a graph on top of the centroids

• Alternatives: hierarchical k-means

1% of dataset 0.01% of dataset

0.0001% of dataset🤔

22



IVF-based approaches

• Advantages
• Predictable index size and 

relatively easy to understand 
parameters

• Strong implementations available
• GPU-based solutions

• Disadvantages
• Many candidates necessary in the 

high-recall regime
• Quantization necessary to limit 

impact of these distance 
computations
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How to get started?

• Install via conda install -c pytorch faiss-cpu

24

Great documentation with code examples!
https://github.com/facebookresearch/faiss/wiki

https://github.com/facebookresearch/faiss/wiki/Guidelines-to-choose-an-index

index = faiss.index_factory(128, "PCA64,IVF16384_HNSW32,Flat")

Index factories available!

https://github.com/facebookresearch/faiss/wiki
https://github.com/facebookresearch/faiss/wiki/Guidelines-to-choose-an-index


Billion-Scale ANN with limited 
resources
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Interlude: Vector Quantization
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PQ slides from Yusuke’s 2020 CVPR tutorial
https://matsui528.github.io/cvpr2020_tutorial_retrieval/ 

https://matsui528.github.io/cvpr2020_tutorial_retrieval/


Quantization techniques

🤔 Cluster with 1M centroids, using 
HNSW to index the centroids

27



28

Basic idea

0.54
2.35
0.82
0.42

0.62
0.31
0.34
1.63

3.34
0.83
0.62
1.45

1 2 N ➢Need 4𝑁𝐷 byte to represent 𝑁 real-valued vectors
using floats

➢ If 𝑁 or 𝐷 is too large, we cannot read the data on memory
✓ E.g., 512 GB for 𝐷 = 128,𝑁 = 109

➢Convert each vector to a short-code

➢ Short-code is designed as memory-efficient
✓ E.g., 4 GB for the above example, with 32-bit code

➢Run search for short-codes

𝐷

1 2 N
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… 
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Basic idea

0.54
2.35
0.82
0.42

0.62
0.31
0.34
1.63

3.34
0.83
0.62
1.45

1 2 N

… 

➢Need 4𝑁𝐷 byte to represent 𝑁 real-valued vectors
using floats

➢ If 𝑁 or 𝐷 is too large, we cannot read the data on memory
✓ E.g., 512 GB for 𝐷 = 128,𝑁 = 109

➢Convert each vector to a short-code

➢ Short-code is designed as memory-efficient
✓ E.g., 4 GB for the above example, with 32-bit code

➢Run search for short-codes

𝐷

1 2 N

co
d

e

co
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e
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d

e

Convert

… 

What kind of conversion is preferred?

1. The “distance” between two codes can be 
calculated

2. The distance can be computed quickly

3. That distance approximates the distance
between the original vectors (e.g., 𝐿2)

4. Sufficiently small length of codes can achieve 
the above three criteria



Quantization Techniques

• Low precision
• work with fp16 instead of 32/64 bit floats

• Scalar quantization
• split up [min,max] into 𝐾 equidistant parts

• (binary/locality-sensitive) Hashing
• Apply hashing to embed into lower dimensional space

• Product quantization

1
5
1
0

0.54
2.35
0.82
0.42min max

width

Interval [0,3] split up into 6 parts
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0.34
0.22
0.68
1.02
0.03
0.71

𝐷 𝑀

0.13
0.98

0.32
0.27

1.03
0.08

…
ID: 1 ID: 2 ID: 256

0.3
1.28

0.35
0.12

0.99
1.13

…
ID: 1 ID: 2 ID: 256

0.13
0.98

0.72
1.34

1.03
0.08

…
ID: 1 ID: 2 ID: 256

vector; 𝒙

PQ-code; ഥ𝒙

Codebook

Product Quantization; PQ [Jégou+, TPAMI 2011]

➢ Split a vector into sub-vectors, and quantize each sub-vector
Trained beforehand by

k-means on training data
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Trained beforehand by
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vector; 𝒙

PQ-code; ഥ𝒙
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Trained beforehand by

k-means on training data
vector; 𝒙

PQ-code; ഥ𝒙



36

0.34
0.22
0.68
1.02
0.03
0.71

𝐷 𝑀
ID: 2

ID: 123

ID: 87
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Codebook

➢Simple
➢Memory efficient
➢Distance can be estimated

Product Quantization; PQ [Jégou, TPAMI 2011]

➢ Split a vector into sub-vectors, and quantize each sub-vector
Trained beforehand by

k-means on training data
vector; 𝒙

PQ-code; ഥ𝒙

Bar notation for PQ-code:
𝒙 ∈ ℝ𝐷 ↦ ഥ𝒙 ∈ 1,… , 256 𝑀
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Product Quantization: Memory efficient
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Codebookvector; 𝒙

PQ-code; ഥ𝒙



float: 32bit
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e.g., 𝐷 = 128
128 × 32 = 4096 [bit]

Product Quantization: Memory efficient
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Codebookvector; 𝒙

PQ-code; ഥ𝒙



float: 32bit
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e.g., 𝐷 = 128
128 × 32 = 4096 [bit]

e.g., 𝑀 = 8
8 × 8 = 64 [bit]

uchar: 8bit

Product Quantization: Memory efficient

0.34
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𝐷 𝑀
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ID: 87
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…
ID: 1 ID: 2 ID: 256

0.3
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0.99
1.13

…
ID: 1 ID: 2 ID: 256

0.13
0.98

0.72
1.34

1.03
0.08

…
ID: 1 ID: 2 ID: 256

Codebookvector; 𝒙

PQ-code; ഥ𝒙



float: 32bit
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e.g., 𝐷 = 128
128 × 32 = 4096 [bit]

e.g., 𝑀 = 8
8 × 8 = 64 [bit]

1/64

uchar: 8bit

Product Quantization: Memory efficient

0.34
0.22
0.68
1.02
0.03
0.71

𝐷 𝑀
ID: 2

ID: 123

ID: 87

0.13
0.98

0.32
0.27

1.03
0.08

…
ID: 1 ID: 2 ID: 256

0.3
1.28

0.35
0.12

0.99
1.13

…
ID: 1 ID: 2 ID: 256

0.13
0.98

0.72
1.34

1.03
0.08

…
ID: 1 ID: 2 ID: 256

Codebookvector; 𝒙

PQ-code; ഥ𝒙

Can store all 1B vectors with 8 GB of RAM!
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Query; 𝒒 ∈ ℝ𝐷

0.34
0.22
0.68
1.02
0.03
0.71

Product Quantization: Distance estimation

0.54
2.35
0.82
0.42
0.14
0.32

0.62
0.31
0.34
1.63
1.43
0.74

3.34
0.83
0.62
1.45
0.12
2.32

… 

𝒙1 𝒙2 𝒙𝑁
Database vectors



42

Query; 𝒒 ∈ ℝ𝐷

0.34
0.22
0.68
1.02
0.03
0.71

Product Quantization: Distance estimation

0.54
2.35
0.82
0.42
0.14
0.32

0.62
0.31
0.34
1.63
1.43
0.74

3.34
0.83
0.62
1.45
0.12
2.32

… 

Product 
quantization

𝒙1 𝒙2 𝒙𝑁
Database vectors
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Query; 𝒒 ∈ ℝ𝐷

0.34
0.22
0.68
1.02
0.03
0.71

… 
ID: 42

ID: 67

ID: 92

ID: 221

ID: 143

ID: 34

ID: 99

ID: 234

ID: 3

Product Quantization: Distance estimation

𝒙1 𝒙2 𝒙𝑁

𝒙1 ∈ 1,… , 256 𝑀



44

Query; 𝒒 ∈ ℝ𝐷

➢ 𝑑 𝒒, 𝒙 2 can be efficiently approximated by 𝑑𝐴 𝒒, ഥ𝒙 2

➢ Lookup-trick: Looking up pre-computed distance-tables
➢ Candidate selection by 𝑑𝐴

0.34
0.22
0.68
1.02
0.03
0.71

Linear
Scan 
Through
Candidates

… 
ID: 42

ID: 67

ID: 92

ID: 221

ID: 143

ID: 34

ID: 99

ID: 234

ID: 3

Product Quantization: Distance estimation

𝒙1 𝒙2 𝒙𝑁

Asymmetric distance

𝒙1 ∈ 1,… , 256 𝑀
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➢ Only tens of lines in Python
➢ Pure Python library: nanopq https://github.com/matsui528/nanopq
➢ pip install nanopq

Not pseudo codes

https://github.com/matsui528/nanopq


Cluster with 1M centroids, using 
HNSW to index the centroids

- Compress vector into 128 
blocks, 

- each with 2^4 = 16 
codewords, 

- use SIMD-based 
asymmetric distance 
computation [Andre+17]

Rotate vectors to allow for 
better product quantization 

[Ge+14]
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The ANN search pipeline

Search𝒙1, 𝒙2, … , 𝒙𝑁

𝒙𝑛 ∈ ℝ𝐷

Data vectors

Index 
building

𝒙13 𝒙91

Index structure (Graph, IVF, Tree)

B
U
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D
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H 0.23
3.15
0.65
1.43

𝒒 ∈ ℝ𝐷

Candidate 
selection

𝒙13
𝒙91

Scan 
candidates

0.20
3.25
0.72
1.68

𝒙74
𝒙′1, 𝒙′2, … , 𝒙′𝑳~milliseconds

~several hours
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The ANN search pipeline (with quantization)

Search𝒙1, 𝒙2, … , 𝒙𝑁

𝒙𝑛 ∈ ℝ𝐷

Data vectors

Index 
building

𝒙13 𝒙91

Index structure (Graph, IVF, Tree)

B
U

IL
D

SE
A

R
C

H 0.23
3.15
0.65
1.43

𝒒 ∈ ℝ𝐷

Candidate 
selection

𝒙13
𝒙91

Scan 
candidates 

by code

0.20
3.25
0.72
1.68
𝒙74

ഥ𝒙′1, , … , ഥ𝒙𝑲
′

~milliseconds

~several hours

Rerank with 
true vectors

Typically 10-100x more quantized vectors than target
48



Index on Quantized Vectors

• Learn codes, represent each vector 
by its PQ code

• Code size: 32-64 byte
• Can store the compressed vectors in 

memory
• Lookup tables in cache/avx registers

• Index cost on top
• Graph: 1G * degree_bound

• Typically requires small degree_bounds
(not well studied?)

• IVF: 1M centroids + index on 
centroids on top of vectors
• Usually works well 

49

https://github.com/facebookresearch/faiss/wiki/Indexing-1M-vectors 

Recall quality very data dependent!

Metric: Inner Product

w/o re-ranking

w/ re-ranking

SCANN: Guo+, ICML 2020.

https://github.com/facebookresearch/faiss/wiki/Indexing-1M-vectors


Out-of-Memory index + High-Recall (DiskANN)

𝒙1, 𝒙2, … , 𝒙𝑁

𝒙𝑛 ∈ ℝ𝐷

K-means (k=40)
Assign each vector 

to its closest 2 
centroids

in-memory

Out-of-memory

M
e

rge
 an

d
 sto

re
 o

n
 SSD
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DiskANN out-of-memory

ID: 42

ID: 67

ID: 92

ഥ𝒙𝑖

RAM

SSD

𝑅 = 128 degree

𝒙𝒊 𝒚𝟏 𝒚𝑹

Original vector Neighbor indices,
Padded if < 𝑅 neighbors

Expanding a node:
1. Read adjacent nodes from SSD 

(+ fetch original vector “for free”)
2. Compute distances of query to neighbors

(using PQ codes)

~32byte
/vector

Still serves 1k+ queries per second

1 block read from SSD

32+ GB

dataset size
+ 512 GB graph

51

Memory layout for vector 𝑥𝑖



(Very) recent developments

52



A new graph approach?

• Hierarchical tree, leaves are HNSW 
graphs

• Interesting quantization technique 
motivated by time series

• Better build times, good query 
performance

To appear at VLDB 2023, 
https://www.vldb.org/pvldb/vol16/p1548-azizi.pdf
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https://www.vldb.org/pvldb/vol16/p1548-azizi.pdf


Automated Parameter tuning

• Finding build/search parameters 
by constrained optimization

• Build on top of ScaNN

54ICLR23, https://arxiv.org/abs/2301.01702

https://arxiv.org/abs/2301.01702


Filtered search

• Setting
• Vectors have 

associated metadata

• Example, YFCC: tags, 
gps, date

• Query
• Find the most similar 

images to this images 
that were taken with a 
Sony Camera in 2017 
in Vancouver
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Out-of-distribution queries

• Setting
• Vectors are image embeddings

• Queries are text embeddings

56

OPQ64_128,IVF16384,PQ64

Yandex, Text-2-Image dataset
https://arxiv.org/pdf/2301.01702.pdf 

https://arxiv.org/pdf/2301.01702.pdf


Streaming settings

• Setting
• Many applications (search 

engine, recommender 
system) need to handle 
updates

• Daily rebuilds often too 
expensive

• Question: Clever update 
strategies?

57

https://harsha-simhadri.org/pubs/ANNS-talk-Sep22.pptx 

https://harsha-simhadri.org/pubs/ANNS-talk-Sep22.pptx


NeurIPS 2023 Challenge: Practical Vector Search

• 4 Tasks (10M vectors)
• Filtered ANN

• Streaming ANN

• Out-of-distribution ANN

• ANN on sparse data

• Strong baselines based on IVF 
(faiss) and graphs (DiskANN)

• Cloud credits available for 
testing (screening process)

https://big-ann-benchmarks.com

Official 
announcement 

soon!

Timeframe: July-November 2023
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Thanks!

https://big-ann-benchmarks.com

https://matsui528.github.io/cvpr2023_tutorial_neural_search/
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