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Y. Matsui, Y. Uchida, H. Jégou, and S. Satoh
"A Survey of Product Quantization”, ITE Journal, 2018, [link]
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(Multi-Probe [Lv+, VLDB 07])
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Falconn

https://github.com/falconn-1ib/falconn ”"”“““““'””'7//1

$> pip install FALCONN * 600

table = falconn.LSHIndex(params_cp)
table.setup(X-center)

query object = table.construct _query object()

# query parameter config here

query object.find nearest neighbor(Q-center, topk)
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https://github.com/falconn-lib/falconn
https://github.com/falconn-lib/falconn
https://github.com/falconn-lib/falconn
https://github.com/falconn-lib/falconn
https://github.com/falconn-lib/falconn

SZa8
> DD ITNEKREDAS 1 CVPR 2014 Tutorial on Large-

Scale Visual Recognition, Part |: Efficient matching, H. Jégou
[link]

> EARIRQ&A : FAQ in Wiki of FALCONN [link]

> ARFERCHULZ/\W = 1848 . M. Datar et al.,, "Locality-

sensitive hashing scheme based on p-stable distributions,” SCG
2004.

» Multi-Probe : Q. Lv et al., “Multi-Probe LSH: Efficient Indexing
for High-Dimensional Similarity Search”, VLDB 2007

> X EECE : A. Andoni and P. Indyk, “Near-Optimal Hashing
Algorithms for Approximate Nearest Neighbor in High
Dimensions,” Comm. ACM 2008


https://sites.google.com/site/lsvrtutorialcvpr14/home/efficient-matching
https://github.com/FALCONN-LIB/FALCONN/wiki/FAQ
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FLANN: Fast Library for Approximate Nearest Neighbors

Efk(E[Muja and Lowe, TPAMI 201410 55| F

k-means Tree

Randomized KD Tree

> Tree2DAFEIE. [Randomized KD Tree] & [k-means Tree]
MNSEWAD7)LTUXALADNBEFNOGEIRENSD
» https://qgithub.com/mariusmuja/flann
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An n O spotify / annoy © Unwatch~ | 265 | W Unstar | 37490 | Fork | 467
y (((((( I /

Approximate Nearest Neighbors in C++/Python optimized for memory usage and loading/saving to disk

https://qgithub.com/erikbern/annoy

$> pip install annoy oscnes e o | WAT00 |

t = AnnoyIndex(D) - -

for n, x in enumerate(X): e -
t.add_item(n, x) -

t.build(n_trees) . -

t.get nns_by vector(q, topk)
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https://github.com/erikbern/annoy
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and Yashunin, TPAMI, 2019]
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NMSLIB (Non-Metric Space lerary)

https://github.com/nmslib/nmslib

¢ Code ssues 83 Pull requests 0 [ Projects 0 |1 Insights

$ > p 1 p 1 n S t a 1 1 n m S l 1 b Non-Metric Space Library (NMSLIB): An efficient similarity search library and a toolkit for evaluation of k-N
od-graphs  k-nn-graphs  proximity-graphs ___Ish___locality-sensitive-hashi

generic non-metric spaces.

ntributors

index = nmslib.init(method=“hnsw’) %1300 =
index.addDataPointBatch(X) ——
index.createIndex(paramsl)

ntermediate commit: introducing universal header.

previous_releases_scripts

sample_data

index.setQueryTimeParams(params2)
index.knnQuery(q, topk)

scripts

test_batch_app

©

> "hnsw"(ZEFT—4 (SIFTY°T « — 48 =E) THRE - BE/\S>XT
2018FIRENRX b (AEV(CHEHE DX INK)

> A TT—ANS>T)L

> T—AMNATEICHDIDOTHNIECNZHEZ(ET0 WY

®
> BT —HZFRIFITDDTAEIHEK

> T —FENMFE<LRRLY (annoyEBFEE, falconndk DIEWY) 36


https://github.com/nmslib/nmslib

SZa8
> Navigable Small World Graph®7tiwX : Y. Malkov et al.,

"Approximate Nearest Neighbor Algorithm based on Navigable
Small World Graphs,” Information Systems 2013

> Navigable Small World Graph®B&ZhR : Y. Malkov and D.

Yashunin, “Efficient and Robust Approximate Nearest Neighbor

search using Hierarchical Navigable Small World Graphs,” IEEE
TPAMI 2019

> nmslib 23T python binding [link]


https://github.com/nmslib/nmslib/tree/master/python_bindings
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Product Quantization pegou, TraMI 2011]
>\ MLZDE LU Tk-meansd B

Input vector

D

A

0.34°
0.22
0.68
1.02
0.03

L0.714

k-means assign

Codebooks
D:1  ID:2 ID: 256
10.131 [0.32] 1.03]
098] lo.27] *°" lo.08.
ID: 1 ID: 2 ID:; 256
0.3 1 0.35] 10.991
1.28] lo.12] *°° 11.13.

Compressed code

A

v

M



Product Quantization pegou, TraMI 2011]
>\ MLZDE LU Tk-meansd B

Input vector

D

A

0.347
0.22
0.68
1.02
0.03

L0.71-

k-means assign

Codebooks
D:1  ID:2 ID: 256
10.131 [0.32] 1.03]
098] lo.27] *°" lo.08.
ID: 1 ID: 2 ID:; 256
0.3 1 0.35] 10.991
1.28] lo.12] *°° 11.13.

Compressed code

A

v

M



Product Quantization pegou, TraMI 2011]
>\ MLZDE LU Tk-meansd B

Input vector

D

A

0.347
0.22
0.68
1.02
0.03

L0.71-

e

k-means assign

Codebooks
D:1 (1D: 2 ID: 256
0.137170.327; 1.03"
0.98110.2711 **° 10.08.
ID:1  ID: 2 ID: 256
0.3 7 [0.35] 0.99]
1.28] lo.12] *77 l1.13d

Compressed code

| ———p: 2

A

v

M



Product Quantization pegou, TraMI 2011]
>\ MLZDE LU Tk-meansd B

Input vector

D

A

0.347
0.22
0.68
1.02
0.03

L0.71-

e
e

k-means assign

Codebooks
D:1 (1D: 2} ID: 256
0.137170.327; 1.03"
0.98110.2711 **° 10.08.
ID:1 1D>:2  [711D:256
10.3770.35] 1 170.99
1.28] lo.12] “fUrl1a3)

Compressed code

| ———p: 2

>1D: 123

A

v

M
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Product Quantization pegou, TraMI 2011]
>\ MLZDE LU Tk-meansd B

Input vector

D

A

0.34°

0.22
0.68
1.02
0.03

L0.71-

e
e

k-means assign

Codebooks
D:1 (1D: 2} ID: 256
0.137170.327; 1.03"
0.98110.2711 **° 10.08.
ID:1 1D>:2  [711D:256
10.3770.35] 1 170.99
1.28] lo.12] “fUrl1a3)

1

- e = -

Compressed code

| ———p: 2

>1D: 123

ID: 87

A

v

M
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Product Quantization pegou, TraMI 2011]
>\ MLZDE LU Tk-meansd B

Input vector

D

>
>

A

\ 4

0.22
0.68
1.02
0.03

L+ \

A
> I

0.34°

0.71
TUINIERELN
ot d(input, code)? =&

e
e

k-means assign

Codebooks
D:1 (1D: 2} ID: 256
0.137170.327; 1.03"
0.98110.2711 **° 10.08.
ID:1 1D>:2  [711D:256
10.3770.35] 1 170.99
1.28] lo.12] “fUrl1a3)

1

- e = -

| ———p: 2

Compressed code
A

M

+1D: 123
ID: 87

v

TGt ] AeE



Product Quantization: A EUER

Input vector

D

A

0.34

0.22
0.68
1.02
0.03

L0.71-

e
e

Codebooks
D:1 (1D: 2} ID: 256
0.13]3/0.32]; ___ [1.03]
0.98lto271} **" lo.os
ID:1 ID: 2 I 11D:256
10.37[0.35] 1 | [0.99
1.281 lo.12] “f 1113l

1

k-means assign

- e = -

Compressed code

>

ID: 2

ID: 123

ID: 87

A

M

\ 4
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Product Quantization: XEU#ERE

Input vector Codebooks
A 1034 D:1 (1D:2 1 ID: 256 C 4 cod
' 0.137170.32] 1.037 | ompressed code
0.22 }-' 0.98. Lg.gz.,: " loosl T P A
0.68 ID: 1 ID:2 :’"‘: ID: 256 ID: 2
- 0.3 7 0.35] 0.99] _
D 1.02 }-' 128! 10.12 E’_E 1.13. > 123 || M
003 i E ID: 87 \
v i )

float: 32bit

128 X 32 = 4096 [bit]
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Product Quantization: A EUER

k-means assign

Input vector Codebooks
1 R e e d cod
' ompressed code
0.22 }-' 0.98! Lg.gz.,: " loosl T P A
0.68 D:1 D2 7 1D:256 ID: 2
: 10.37 [0.35] 0.99] _
D 1.02 }- 1.28 lo.12 E’_E 1.13] > |I;:123 | | M
0.03 N @:8D) |y
v@ i E J uchar: 8bit
float: 32bit

eg,. M =3
128 X 32 = 4096 [bit]

8 X 8 = 64 [bit]
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Product Quantization: XEU#ERE

Input vector Codebooks

1022 }-' 013 I{T0D-3;E 1.03) Compressed code
0.22 o9slilo27]! ** loos! T~y — A
0.68|1 | 5 e o B2

D 1.02 }-} 1.28] lo.12. E’_E 113 > [I>:123 | [ M
0.03 i"i @: 87 IV

V@ 1 J uchar: 8bit

float: 32bit

eg,. M =3
128 X 32 = 4096 [bit] 8 X 8 = 64 [bit]
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Product Quantization: IEEfIT{

Query
0.34
0.22
0.68
1.02
0.03
0.71

(D

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



Query
0.34
0.22
0.68
1.02
0.03
0.71

(D

0.54
2.35
0.82
0.42
0.14
0.32

Product
guantization

Product Quantization: EEEfIT{

)

0.62
0.31
0.34
1.63
1.43
0.74

N)

3.34
0.83
0.62
1.45
0.12
2.32
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Product Quantization: IEEfIT{

Query
0.34
0.22
0.68
1.02
0.03
0.71

© @ ©

ID: 42 ID: 221 ID: 99
ID: 67 ID: 143 coe ID: 234
ID: 92 ID: 34 ID: 3




Product Quantization: IEEfIT{

© @ ©

Query
0.34
0.22
0.63
1.02
0.03
0.71

QEABIEERET) FRFZERZRD

ID: 42 ID: 221
ID: 67 ID: 143
ID: 92 ID: 34

L]

ID: 99

ID: 234

ID: 3

KD




Product Quantization: EEEfIT{

Query vector

D

A

0.22°
0.31
1.33
1.87
0.57

Compressed

database codes

O @ O

ID: 2 ID: 45 ID: 42
ID: 12 | |ID: 8 |:-|ID: 65
ID: 87 | |ID: 72 ID: 7

L0.01-

57




Product Quantization: EEEfIT{

Query vector

10.22

D

A

0.31
1.33
1.87
0.57

L0.01-

k-means assign

Codebooks
D:1  ID:2 ID: 256
10.131 [0.32] 1.03]
10.98] lo.27] *°" lo.08.
ID: 1 ID:; 2 ID: 256
0.3 7 [0.35] 10.99]
11.281 lo.121 °°° 11.13

Compressed

database codes

O @ O

ID: 2 ID: 45 ID: 42
ID: 12 | |ID: 8 |:-|ID: 65
ID: 87 | |ID: 72 ID: 7
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Product Quantization: EEEfIT{

Query vector

D

A

10.227
0.31
1.33
1.87
0.57

L0.01-

e
e

k-means assign

Codebooks
D:1  ID:2 ID: 256
10.131 [0.32] 1.03]
10.98] lo.27] *°" lo.08.
ID: 1 ID:; 2 ID: 256
0.3 7 [0.35] 10.99]
11.281 lo.121 °°° 11.13

Compressed

database codes

O @ O

ID: 2 ID: 45 ID: 42
ID: 12 | |ID: 8 |:-|ID: 65
ID: 87 | |ID: 72 ID: 7

59




Product Quantization: FE&fir{L

Query vector

10.22

D

A

0.31
1.33
1.87
0.57

L0.01-

ID: 1
10.13]
10.98
ID: 1
[ 0.3
11.28

e
e

\,

k-means assign

Codebooks

ID: 2
10.32]

ID: 2
1 10.35]

0271 *°°

0.121 °°°

ID: 256
1.037

10.084

ID: 256
10.997

11.13.

Compressed

database codes

O @ O

ID: 2 ID: 45 ID: 42
ID: 12 | |ID: 8 -1 ID: 65
ID: 87 | |ID: 72 ID: 7

Distance table

2

256

1 8.2

0.04

2.1

3.4

11.2

5.5
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Product Quantization: ZE&f;

k-means assign

Query vector

10.22

D

A

0.31
1.33
1.87
0.57

b=l
b1

1.28

L0.01-

\,

ID: 1
10.13]7
10.98.

ID: 1

Codebooks

ID: 2 ID: 256
10.32] 1.03]

0.271 **" lo.o8!

ID: 2 ID: 256
10.35] 10.997

0.12] °°° 11.13]

i 2

Compressed

database codes

@

0,

©

Distance table

2

256

1 | 8.2

r----

10.04

‘---

2.1

3.4

5.5

ID: 45 ID: 42
ID: 12 | |ID: 8 - ID: 65
ID: 87 | |ID: 72 ID: 7
Distance:

0.04
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Product Quantization: TE&fir{Ll

Query vector

10.22

D

A

0.31
1.33
1.87
0.57

L0.01-

ID: 1
10.13]
10.98
ID: 1
[ 0.3
11.28

\,

k-means assign

Codebooks

ID: 2
0.32]

ID: 2
1 10.35]

0271 *°°

0.121 °°°

ID: 256
1.03]

.0.08

ID: 256
10.997

11.13.

Distance table

2

256

1 | 8.2

0.04

2.1

3.4

11.2

|——‘
| Sp—

5.5

Compressed

database codes

O @ O

ID: 2 ID: 45 ID: 42
ID: 8 -1 ID: 65

ID: 87 | |ID: 72 ID: 7

Distance:

0.04 + 0.23
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Product Quantization: TE&fir{Ll

k-means assign Compressed

Query vector Codebooks database codes

- ! ID:1  ID:2 ID: 256
1 0-22 - | [0-13 'Io[.)32' 1.03] @ @ @
0.31 098] lo27] °*° lo.os!
1.33 ID:1  ID:2 D256 | 1D: 2 ID: 45 ID: 42
: 10.3170.35 10.99 _ _ s
D||7s7 }-> 311095 [997) | [ip: 12| [1D:8 |- |ID: 65
0.57 ID: 87 | |ID: 72 ID: 7
v L0.01- X J Distance:

0.04 + 0.23 + 1.02

Distance table

1 2 -+ | 256
1 8.2 10.04 2.1
2 34 |11.2 5.5
N
)
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Product Quantization: EEE#T{E

Query vector

D

A

10.227
0.31
1.33
1.87
0.57

L0.01-

ID: 1
10.13]
10.98
ID: 1
[ 0.3
11.28

\\

k-means assign

Codebooks

ID: 2
10.327
0.271 °°°
ID: 2
170351 .
10.12.

ID: 256
1.03]

.0.08

ID: 256
0.997

11.13

Distance table

1

2

256

1 | 8.2

—————

2.1

2 |3

A4

5.5

|——‘
| Sp—

'——‘
- e J

Compressed

database codes

O @ O

ID: 45 ID: 42

ID:8 |- |ID:65

ID: 72 ID: 7
Distance:

0.04 + 0.23 + 1.02

= 1.29
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Product Quantization: TE&fiT{L

k-means assign Compressed

Query vector Codebooks database codes

2l ] © © @
(1)% ?ggj ED:% %Zz} ID:2 ||ID:45]| |ID:42
D 1.87 }-} osl lo1ol o 1y qs) | [1P:12]|ID:8 || ID: 65
0.57 ID: 87 | |ID: 72| |ID: 7
v L0.01- X J Distance:

1.29 0.03 7.34

Distance table

1 | 2 |- |256
1 | 8.2 [[0.04! 2.1
2 | 3.4 [11.2|[1 |55
M
L)

65



Product Quantization: ZE&f;

Query vector

10.22

D

A

0.31
1.33
1.87
0.57

L0.01-

e
e

\,

k-means assign

ID: 1
10.13]
10.98
ID: 1
0.3 ]
11.28

Codebooks

ID: 2 ID: 256
10.32] 1.037

i 2

Compressed

database codes

OO, @

0.271 **" lo.o8!
ID: 2 ID: 256

ID: 2

ID: 45

0.35] . [0.99]
0.12! 1,13

ID: 12

ID: 8

ID: 87

ID: 72

J

Distance table

2

256

1 8.2

r----

10.04

\---

2.1

3.4

5.5

|——‘
| Sp—

'——‘
- e J

Distance:

1.29

B\
- Table lookup
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Product Quantization

k-means assign Compressed

Query vector Codebooks database codes
A . ID: 1 : ID: 256
0.22 - | 013 ':)[.)33' 1.03 @ @ @
0.31 098] lo27] °*° lo.os!
133 ID:1 ID:2 o osa| [1D:2 ID: 45 ID: 42
. - 0.3 7 [0.35] 10.99] _ _ _
D||7s7 }- 311095 [99) ) [1p: 12 | [1D:8 |- |ID: 65
0.57 ID: 87 | |ID: 72 ID: 7
v LO.01- X )

> ER |
> XAEURNEREN
> B EE d(input, code)? =15 TE B EE




Product Quantization

import numpy as np
from scipy.cluster.vqg import vg, kmeans?2
from scipy.spatial.distance import cdist

def train(vec, M):
Ds = int(vec.shape[l] / M) # Ds =D / M
# codeword[m] [k] = c}'
codeword = np.empty ((M, 256, Ds), np.float32)

for m in range (M) :

vec_sub = vec[:, m = Ds (m + 1) =+ Dsg]
codeword[m], label = kmeansZ (vec_sub, 256)
return codeword
def encode (codeword, vec): # vec = {xn}f;l
M, _K, Ds = codeword.shape
# pgcode[n] = i(x,), pgcode[n][m] = i™(xy)
pgcode = np.empty ((vec.shape[0], M), np.uint8)
for m in range(M): # Egq. (2) and Eq. (3)
vec_sub = vec|[:, m = Ds: (m + 1) * Ds]
pgcode[:, m], dist = vg(vec_sub, codeword[m])

return pgcode

> JEE(C

def search (codeword, pgcode, query):
M, _K, Ds = codeword.shape
# dist_table = D(m,k)
dist_table = np.empty((M, 256),
for m in range (M) :
query_sub = query[m = Ds: (m + 1) =
dist_table[m, :] = cdist([gquery_subl,

np.float32)

Ds]

<+ codeword[m], ’sgeuclidean’)[0] # Eq. (5)
# FEq. (6)
dist = np.sum(dist_table[range (M), pdgcode], axis=1)

return dist

if  name == "_main_":
# Read vec_train, vec ({xn}fgl), and query (y)
M= 4
codeword = train(vec_train, M)
pgcode = encode (codeword, vec)
dist = search (codeword, pgcode, query)

print (dist)

» Pure python lib: nanopqg
» pip install nanopq

63


https://github.com/matsui528/nanopq
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Faiss

https://github.com/facebookresearch/faiss

$> conda install faiss-cpu -c pytorch
$> conda install faiss-gpu -c pytorch
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https://github.com/DwangoMediaVillage/pgkmeans/blob/master/

tutorial/4 comparison to faiss.ipynb
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quantizer = faiss.IndexFlatL2(D)
index = faiss.IndexIVFPQ(quantizer, D, nlist, M, nbits)
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index.train(Xt) # F&
index.add(X) # T—74~EMM
index.nprobe = nprobe # &XR/\SA—4

dist, ids = index.search(Q, topk) # &3
33
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quantizer = faiss.IndexHNSWFlat(D, hnsw_
index = faiss.IndexIVFPQ(quantizer, D, nlist, M, nbits)
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» Faisswiki: [link]

> Faiss tips: [link]

> Lookup R4 12T EDjuliasEs= [link]

> PQrtim X : H. Jégou et al., “Product quantization for nearest
neighbor search,” TPAMI 2011

» IVFADC + HNSW (1): M. Douze et al., "Link and code: Fast

indexing with graphs and compact regression codes,” CVPR
2018

» IVFADC + NHSW (2): D. Baranchuk et al., “"Revisiting the Inverted

Indices for Billion-Scale Approximate Nearest Neighbors,” ECCV
2018
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G. Amato et al,, “Large-Scale Image Retrieval with Elasticsearch,” SIGIR short paper 2018
C. Mu et al., “Towards Practical Visual Search Engine Within Elasticsearch,” SIGIR Workshop 2018
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