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Falconn

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

$> pip install FALCONN % 490

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

SZ288
> DIMDPFTNKREDHASA K : CVPR 2014 Tutorial on Large-

Scale Visual Recognition, Part I: Efficient matching, H. Jegou
[link]

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

> RFERCTHUWZ/\W = 1B . 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 EHEES : 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

r BREA T IR+ 7T —FEHE N\ [EHRS— 4 Z EIEER ~\

> < DZERISE | T —H TR

k) » k-means ' > B —HDFFE
(G > #8#k-means ! » Scalar quantization
O > PQ/OPQ ' > PQ/OPQ PQTable
I » etc... I » etc...
- :
O [ [T [T TT]]
— g g Multi hash table
e Sl LT T

. - J\ /

EF—HEZEERS : S—HEREMET S :
(" FEEO, AEUMEX N (1 BEA, AEUBHRO )
W 74N
% Locality Sensitive Hashing Ly TT7Y TH
O (LSH)% g;g ID: 2 ADC
h 0.68 - D: 123 HRIZERZR
S TreeX& / Space Partitioning>& — g
r Z1N 1N XY
.0 P . N= D%
= 0.34 : IN=>D
= GraphRZE% lgﬁ;‘ » ; ‘ HRAARRR
0.71 0
\ \ g

J




FLANN: Fast Library for Approximate Nearest Neighbors

BE{fk(Z[Muja and Lowe, TPAMI 2014]0\55| A

k-means Tree

Randomized KD Tree

> TreeXDXETAE. [Randomized KD Tree] & [k-means Tree]
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> https://github.com/mariusmuja/flann
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Approximate Nearest Neighbors in C++/Python optimized for memory usage and loading/saving to disk

https.//github.com/erikbern/annoy

$> pip install annoy S s 3700 |-
oo i —
t = AnnoyIndex(D) fﬁ s
for n, x in enumerate(X): o :
t.add_item(n, x) .
t.build(n_trees) = -
t.get_nns_by_vector(q, topk) -
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entry point

> JTURSZ5ND

> S AR SHFE
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entry point

> JTURSZ5ND

> S AR SHFE

> B OTWBS /) —RDSETITUIGEWNWEDI(Cgreedy ([CHEE]
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» K-NNDEE, —EFpNnic/ — REEBEDIZERE LRV [Malkov+,
Information Systems, 2013]
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and Yashunin, arXiv, 2016]
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NMSLIB (Non-Metric Space lerary)

https://github.com/nmslib/nmslib o [

> Code ssues 83 Pull requests 0 Projects 0 nsights

$ > 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
ood-graphs  k-nn-graphs  proximity-graphs __Ish __locality-sensitive-hashi

generic non-metric spaces.

index = nmslib.init(method=‘hnsw’) — %900
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"(FZEFT—4 (SIFTYF « —J4=2) THRE - RE/\S>XT
2018FIRTENRXRX b (AFEVUICHE D E=ZINIEF)

> A ATT—AMN>T)L

> T—AMNWAEY (CEHDIDTHNUICNZEZ (T

®
> BT —HFZRIFITDIOTAEIHEK

> T —FEINEEL RV (annoy ERIFRE., falconndk DIEWY) 36


https://github.com/nmslib/nmslib

SZ288
> Navigable Small World Graph®7ti®mX : Y. Malkov et al.,

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

» Navigable Small World Graph®B&/EhR : Y. Malkov and D.

Yashunin, “Efficient and Robust Approximate Nearest Neighbor

search using Hierarchical Navigable Small World Graphs,” arXiv
2016

> nmslibdZxT python binding [link]


https://github.com/nmslib/nmslib/tree/master/python_bindings
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Product Quantization psgou, TPAMI 2011]
>R N7 DElI U CTk-meansd 3

Input vector
r0.347

D

A

0.22
0.68
1.02
0.03

L0.71-

k-means assign

Codebooks
ID:1 ID:2 ID; 256
10.137 [0.32] 11.037
10.98] lo.27] *°" lo.08.
ID:1  ID: 2 ID: 256
1 0.3 7 [0.35] 10.99]
1.28] lo.12] *°° 11.13.

Compressed code

A

v

M



Product Quantization psgou, TPAMI 2011]
>R N7 DElI U CTk-meansd 3

Input vector

D

A

0.34°
0.22
0.68
1.02
0.03

L0.71-

k-means assign

Codebooks
ID:1 ID:2 ID; 256
10.137 [0.32] 11.037
10.98] lo.27] *°" lo.08.
ID:1  ID: 2 ID: 256
1 0.3 7 [0.35] 10.99]
1.28] lo.12] *°° 11.13.

Compressed code

A

v

M



Product Quantization psgou, TPAMI 2011]
>R N7 DElI U CTk-meansd 3

Input vector

D

A

0.347

0.22
0.68
1.02
0.03

L0.71-

e

k-means assign

Codebooks
ID: 1 fID 21 ID: 256
0.1311(0.321; 1.03]
0.981100.2711 **° 10.08
ID:1  ID: 2 ID: 256
10.3 7 (0.35) 0.997
1.28]1 lo.12] *77 11,13l

Compressed code

| ———p: 2

A

v

M



Product Quantization psgou, TPAMI 2011]
>R N7 DElI U CTk-meansd 3

Input vector

D

A

0.347

0.22
0.68
1.02
0.03

L0.71-

e
e

k-means assign

Codebooks
ID: 1 fID 21 ID: 256
0.1311(0.321; 1.03]
0.981100.2711 **° 10.08
ID:1 I>:2  [71D: 256
10.377[0.35] 4 17[0.99
1.28] lo.12] “f 11113

Compressed code

| ———p: 2

>1D: 123

A

v

M
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Product Quantization psgou, TPAMI 2011]
>R N7 DElI U CTk-meansd 3

k-means assign

Input vector Codebooks
4 10.347 }_, 0.13 .{BD3§ i I'?‘_(?;G_ Compressed code
8252; ?D?? I\?D%I :’"‘: l.g;o;; \iID: 2 ()
D||1esl b= il f——miazs | M
0.03 ¥ D:87 |{
v L0.71- ; I J
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Product Quantization psgou, TPAMI 2011]
>R N7 DElI U CTk-meansd 3

Input vector

A

D

\ 4

)

0.347

0.22
0.68
1.02
0.03

L0.71-

>

i

>

A
> I

e
e

k-means assign

Codebooks
D:1 (1D:2 1 ID: 256
0.1311(0.321; 1.03]
0.981100.2711 **° 10.08
ID:1 I>:2  [71D: 256
10.3710.35] 1 170.99
1.28] lo.12] “f 11113

\

1

- e = -

| ———p: 2

Compressed code
A

M

+1D: 123
ID: 87

v

EURERLN
o d(input, code)? &

TNETE B AE



Product Quantization: A EU#ER

Input vector

D

A

0.347

0.22
0.68
1.02
0.03

L0.71-

e
e

k-means assign

Codebooks
D:1 (D27 ID: 256
0.137170.321; 1.03]
0.98110.2718 **° 10.08
D:1 1D:2  [711D: 256
10.3770.35] 1 }70.99
1.28] lo.12! “f 11113

1

- e = -

Compressed code

>

ID: 2

ID: 123

ID: 87

A

\ 4

M
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Product Quantization: A EU#HER

Input vector Codebooks
A 10734 D:1 (1D:2 8 ID: 256 C 4 cod
' 10.137170.32] 1.037 | ompressed code
0.22 }-' 0.98. Lg.gz.,: " loosl [T P A
0.68 D:1 >:2 [ 256 ID: 2
- 0.3 7 0.35] 0.99] _
D 1.02 }-’ 1.28! 10.12] E’_E 11.13 > ID:123 | | M
Q7D o

float; 32bit

e.g. D =128

128 X 32 = 4096 [bit]
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Product Quantization: A EU#HER

Input vector Codebooks

o= it el d cod
| ompressed code
0.22 }-' 10.98. Lg.gz.,: “** lo.osl \ P A
0.68 D:1 D2 FiD: 256 ID: 2
: 1037 [0.35] 0.99] _

D 1.02 }-’ 1.28] l0.12] i’_! 1,131 > D123 | | M

0.03 i (D:8D |v

V N J uchar: 8bit

float; 32bit

e.qg., D =128

e.g., M =8
128 x 32 = 4096 [bit]

8 x 8 = 64 [bit]
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Product Quantization: A EU#ER

k-means assign

Input vector Codebooks
1034 RN C d cod
| ompressed code
0.22 }-' 10.98. Lg.gz.,: “** lo.osl \ P A
0.68 D:1 D2 FiD: 256 ID: 2
' 10.3 7 0.35] 0.99] _
D 1.02 }-’ 1.28] l0.12] i’_! 1,131 > D123 | | M
0.03 ] @:87) |}
V E_E J uchar: 8bit
float: 32bit

e.g. D =128
128 x 32 = 4096 [bit]

eqg.,. M=28
8 X 8 = 64 [bit]
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Product Quantization: EEEf#IT{

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



Product Quantization: EEEf#IT{

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

Product

guantization

3.34
0.83
0.62
1.45
0.12
2.32
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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: EEEf#IT{

© @ ©

Query
0.34
0.22
0.68
1.02
0.03
0.71

QEABIEERET) RRAZERZRDE

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

ID: 99

ID: 234

ID: 3

KD




Product Quantization: EEE#T{E

Query vector

D

A

r0.227
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: EEE#T{E

Query vector

D

A

10.227
0.31
1.33
1.87
0.57

k-means assign

Codebooks
ID:1 ID:2 ID; 256
10.137 [0.32] 11.037
0.98] lo.27] *°" lo.08.
ID: 1 ID:; 2 ID:; 256
£ 0.3 1 [0.357 10.991
1.281 lo.12] *°° 11.13.
L Yy

0.01-

Compressed

database codes

O @ O

ID: 2 ID: 45 ID: 42
ID: 12 | |ID: 8 -1 ID: 65
ID: 87 | |ID: 72 ID: 7
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Product Quantization: EEE#T{E

Query vector

D

A

10.227
0.31
1.33
1.87
0.57

0.01-

e
e

k-means assign

Codebooks
ID:1 ID:2 ID; 256
10.137 [0.32] 11.037
0.98] lo.27] *°" lo.08.
ID: 1 ID:; 2 ID:; 256
£ 0.3 1 [0.357 10.991
1.281 lo.12] *°° 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
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Product Quantization: EEE#T{E

Query vector

D

A

10.227
0.31
1.33
1.87
0.57

0.01-

ID: 1
0.137
10.98.
ID: 1
0.3
11.28.

e
e

\,

k-means assign

Codebooks

ID: 2
10.327

ID: 2
1 10.35]

0271 7

0121 7

ID: 256
1.037

L0.08.

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

1

2

256

1 | 8.2

0.04

2.1

3.4

11.2

5.5
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Product Quantization: ZE&fiT{L

D

k-means assign

Compressed

database codes

®

®

©

Query vector Codebooks
MOZZ)\ |0 B R
0.31 098] lo.27] **° lo.os!
133\ |0 b
1.87 1.281 lo.12] *°° 11.13.
0.57
v L0.01- .
Distance table
2 256
1 | 8.2 [{0.04} 2.1
2 34 [ 11.2 5.5

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

0.04
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Product Quantization: EEE#T{E

Query vector

D

A

10.227
0.31
1.33
1.87
0.57

0.01-

ID: 1
0.137
10.98.
ID: 1
0.3
11.28.

\,

k-means assign

Codebooks

ID: 2
10.32]

ID: 2
1 10.35]

0.27] 7

0121 7

ID: 256
1.03]

L0.08.

ID: 256
10.997

11.13

Distance table

1

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: EEE#T{E

k-means assign Compressed

Query vector Codebooks database codes

] ! D:1  ID: ID: 256
1 [10-22 = | [0-13] -lot.)3§' 1,03 @ @ @
0.31 098] lo.27] **° lo.os!
133 ID:1 ID: 2 D osa| [1D:2 ID: 45 ID: 42
: -0.3 1 [0.35] 10.99 _ _ s
D||is7 }-> O30 [99) ) [ip: 12 | [ID: 8 |- |ID: 65
0.57 ID: 87 1 |ID: 72 ID: 7
v 10.01- L ] Distance:

0.04 + 0.23 + 1.02

Distance table

1 2 -+« | 256
1 8.2 0.04 2.1
2 34 |11.2 5.5
¥
)
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Product Quantization: EEE#T{E

k-means assign Compressed

Query vector Codebooks database codes
RN E | @ @ @
0.31 098l lo.27] *°* lo.os!
1.33 ID:1  ID: 2 ID: 256 ID: 45 ID: 42
: 0.3 7 [0.35] 0.99
D 1.87 }-} 1.28) lo.12l 7" 113! ID: 8 |- |ID:65
0.57 ID: 72 ID: 7
v 10.01- L ) Distance:
Distance table 0.04 + 0.23 + 1.02
= 1.29
1 | 2 | - | 256
1 | 8.2 [(0.04! 2.1
2 |34 |11.2|{i |55
i
)
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Product Quantization: ZE&fiT{L

Query vector
10.22]

D

A

0.31
1.33
1.87
0.57

}-»
b1

1.28

0.01-

\,

ID: 1
0.137
10.98.

ID: 1

k-means assign

Codebooks

ID: 2 ID: 256
10.32] 1.037

0271 °°" lo.08!

ID: 2 ID: 256
10.35] 10.997

0.12) 77" [1.13]

Compressed

database codes

O @ O

Distance table

2

256

1 | 8.2

r----

10.04

‘---

2.1

3.4

5.5

|——‘
| Sp—

'——‘
- e J

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

1.29 0.03 71.34
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Product Quantization: Eﬁﬁﬁ Fr{d

D

Compressed
Query vector Codebooks database codes
oz (e s il @ @00 ®
0.31 098l lo.27] *°* lo.0s!
1.33 D:1  ID:2 D 2s6| | 1D: 2 ID: 45 ID: 42
- 0.3 1 [0.35 0.99
1.87 }-} 108l Lozl o0t liasl] [1P2212 ] 1D: 8 ID: 65
0.57 ID: 87 | |ID: 72 ID: 7
v 10.01- L ] Distance:
Distance table 1.29 0.03 7.34
B\
e 258 Table lookup *'E:
1 | 8.2 [10.04! 2.1 abIE 100KUP ook + mwy
B .
2 34 [11.2 ! r‘ 5.5 Eﬁ(:ﬁ‘m:
I [ |
- Zof% 28" (CE| 66




Product Quantization

Compressed
Query vector Codebooks database codes
AL ! D:1 ID: ID: 256
0.22 - [ [0.13 -lo[.)3§' 1.03] @ @ @
0.31 098] lo.27] **° lo.osl
133 ID:1 ID:2 D 256] |1D:2 ID: 45 ID: 42
. 0.3 1 [0.35 10.99]
D 1.87 }-’ 128l loao) 0t ligsl | |1P:12 ]]1D:8 || ID: 65
0.57 ID: 87 | |ID: 72 ID: 7
v LO.01- . )

> Bl
> XAEURNERL)
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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 = 1rt(vec shape[l] / M) # Ds =D / M
# codeword[m] [k] = ci
codeword = np.empty ((M, 256, Ds), np.float32)
for m in range (M
vec_sub = vec[:, m = Ds (m + 1) = Ds]
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(xn), pgcode[n][m] = i (Xn)
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

>

y

_ =i

e

1)

def search (codeword, pgcode,

query) :

M, _K, Ds = codeword.shape

# dist_table = D(m,k)

dist_table = np.empty((M, 256), np.float32)

for m in range (M) :
query_sub = query[m % Ds: (m + 1) * Ds]
dist_table[m, :] = cdist([query_subl,

< codeword[m], ’sgeuclidean’)[0] # Egq. (5)

# FEq. (6)

dist = np.sum(dist_table[range (M), pgcode], axis=1)

return dist

if name == "__main_":

# Read vec_train, vec ({Xn},—1), and query (y)

M= 14

codeword = train(vec_train, M)

pgcode = encode (codeword, vec)

dist = search (codeword, pgcode, query)

print (dist)
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Faiss

https://github.com/facebookresearch/faiss

$> conda install faiss-cpu -c pytorch
$> conda install faiss-gpu -c pytorch

% 4000
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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)

index.train(Xt) # *¥H HEFLEENRSD EZHE (S8 bit

index.add(X) # T —74~EMM

--------------------------------------------------------

-------------------------------------------

index.nprobe = nprobe # &XR/\SA—4

dist, ids = index.search(Q, topk) # I&R¥R
33
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quantizer = faiss.IndexHNSWFlat(D, hnsw_
index = faiss.IndexIVFPQ(quantizer, D, nlist, M, nbits)

e E e

> HHEFEZHNSWI(C I B &, billion-scaledF—A (CXT 9 BIR

E - fBED N —RFATT20184

FIRIERG B

» [Douze+, CVPR 2018] [Baranchuk

+, arXiv 2018]
85



©

> SOTADIAFTREHMED THED. Bk, PQREFNFEFISECD
S5A4SJEICA>TIUENED

> FAIRTERRICENDNTLD

> DT —INBEEXAEY(CEH SRR Sfaiss—iR  (billion-
scaleDEIREIR E)

PHFICOTUIUN)\NWFDOEZTIEREICER (FEIC, /W F TR
EE(FECEFTHEINICELS (F7RWY)

®

> RFE21 A MHIRE. ¥ (CTpython/\1>5F« >4 EGPU

> condawi’B (BRIEJL RIEEIT)

> RAIRFENA > TUENTVBR, BFIRUrRNEEN
ZAEZ(EVOODONS TR0

> C++7Zswig CPythonMS&5tA TH D . python’dMDI(CTc++RYR
IR (AT MOFRBE. deleteUTLWHEDH, &)
TEZIRTNTIRSIRWNWC ERDD




SZ80N
» Faiss@wiki: [link]

» Faiss tips: [link]

> Lookup Mtk 4 1&FEDjuliaEs= [link]

> PQrtimX . 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,” arXiv
2018


https://github.com/facebookresearch/faiss/wiki
https://github.com/matsui528/faiss_tips
https://github.com/una-dinosauria/Rayuela.jl
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> SQLY°Elasticsearch&EfBAHENDE SN ?

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

> ERESTERLKEDES(ICH T IRER

ACMMM2018 TTHRERULFE I |

Y. Matsui, R. Hinami, and S. Satoh, “Reconfigurable Inverted
Index,” ACM Multimedia 2018 (Oral)
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