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Recap: Product Quantization

D =1024

1024/8
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n=50K
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Recap: Product Quantization
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Recap: Product Quantization

e Formally:
o Quantizer: x — c¢(i(x))
M subvectors: x = [x!,..x™, ..x
M sub-codewords: ¢ = [c!,...c™,...c

ks oy L toxmmt
1,024 x 32-bit
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Quantization Distortion

e Formally:
o Quantizer: x — c(i(x))
M subvectors: x = [x'; «:X™; suX
M sub-codewords: ¢ = [c!,...c™,...c

I\/I]

1\/1]

e PQ’s quantization distortion (i.e. loss function)

oD Z Ix — e(i(x))|I%,

CJ\I
st CEC:C1 % e MO,



Quantization Distortion

Formally:
o Quantiz

PQ’s quantiz

02¢

mAP

SIFT GIST

0.1

K-means
K-means
o
£
PQ:
PR PQ: 11
ITQ
0 15000 30060 8.1 0.3 0.5

Distortion Distortion

Fig. 1: mAP vs. quantization distortion.
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How can we improve PQ?

D =1024 : M = 8 subspaces Subvector Centroids
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From PQ:

Y I

n = 50K

“...to provide good quantization ...each

subvector should have...comparable
energy”

— multiply by a random rotation matrix”




How can we improve PQ?

D =1024 : M = 8 subspaces Subvector Centroids
128

From PQ:

Y I

n = 50K

“...to provide good quantization ...each

subvector should have...comparable
energy”

— multiply by a random rotation matrix”

OPQ: Find optimal rotation matrix




Optimized Product Quantization

e 4,096 bytes
vector
0 1 2 74
Sliced into
128 x 32-bi 128 x 32-bi
PSRRI 125 32-bit | 126 xs2-oit | 128 x 2.0 (SRR 126 x 2ot [EEPRVPIVEE

Replaced with id of
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Optimized Product Quantization

1024 x 1024
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8 bytes



Optimized Quantization Distortion

e PQ’s quantization distortion (i.e. loss function)

2
i, 3 I = o) I*
st. ecl=00x..xC%,

e | Optimized PQ proposes to minimize:

min Z |x — c(i(x))]?,
R.C .G

-----

5t cECf:{(:|R(:€C’1 % 66, RTR =1}



How do we find matrix R?

1. Non-parametric

o Optimize two easier subproblems
2. Parametric

o (Gaussian assumption

o Still works on non-Gaussian data



Non-parametric solution to minimize distortion

s . 2
min, Z |x — c(i(x))]|%,
X

R.CYy.;

st. ceC={c|Reellx..xC", R"R=1}



Non-parametric solution to minimize distortion

v . e I. 2
Qi S 7 flx — e(i(x))]*

X

st. ceC={c|Reellx..xC", R"R=1}

1. Fix R, optimize codebooks




Non-parametric solution to minimize distortion

2
P min > llx —c(i(x)|1%,

X

st. c€C={c|RecelCx

wSEG R = T}

1.

Fix R, optimize codebooks |2.

Fix codebooks, optimize R

mmz | Rx — &(z

R'R=1.

(%)),

1




Non-parametric solution to minimize distortion

pmin > [ — e (i),

min

X

N 2 cECZ{ccheClx

wSEG R = T}

1.

Fix R, optimize codebooks
Same as PQ

I,
; | —>Solve with ot
S. :

K-means

2. Fix codebooks, optimize R

mlnz | Rx — &(z

R'R=1.

(%)),

S.1:




Non-parametric solution to minimize distortion

o min S fx = e(i())],

; X

st. ceC={c|Reellx..xC", R"R=1}

1.

Fix R, optimize codebooks

Same as PQ
mii
oz

DI,
) —>Solve with |,
S .

“IK-means

2.

Fix codebooks, optimize R

- - 2
i m}%n”RX Yl :))”2’

| XVE = I SVT
R = VUT




Non-parametric solution to minimize distortion

min
Bl cM

X

3 IIx — e(i(x))|I1%,

st. ceC= {CMXCM, R'R=1)}

1.

Fix R, optimize codebooks

Same as PQ
mii
gl

DI,
; —>Solve with |,
S .

“IK-means

2. Fix codebooks, optimize R

- - 2
i m}%nHRX Y”F:))”Q’

T XYT = USVT
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Non-parametric solution to minimize distortion
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Parametric Solution

e |[f data is Gaussian, distortion E of PQ is:
211 v Yam

M
_2M M
EPQ:k DHE;’Emm‘Da 2=
m=

XpM1 v XXMM

e Lower bound of distortion:

M
s M 1
Y |Xmm| T > M|Z|T.
m=1



Parametric Solution

e |[f data is Gaussian, distortion E of PQ is:
Minimal distortion with: s S

2M

EpQ =k~ D { ) .

|1. Vector dimension ERI Y} V5

e Lower bound of d independence

2. Balanced subspaces
variance

m=1



Evaluation

e Datasets: Synthetic Gaussian dataset, GIST1M, SIFT1M, MNIST,
e Compare OPQ_P and OPQ_NP with:

PQ_RO: randomly ordered dimensions
PQ_RR: PCA alignment then random rotation
TC: scalar quantizer

O
O
O
o ITQ: vector quantizer



Evaluation

Synthetic $2bits SDQ

—+—0OPQnr
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5000

e Synthetic Gaussian data

o 128D
o 1M data points

e PQ RO better than

PQ_RR
o Vector dimension
Independence



Evaluation
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Evaluation

(a) SIFT 64bits SDC

e SIFT1M: two distinct
clusters

e OPQ_NP begins to
outperform OPQ_P

Recall




Evaluation

(a) SIFT 6'4bits SDC’ 0.8 (b) SIFT SD(':
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Evaluation

(@) MNIST 64bits SDC

08f

: " Of‘l' -
L
PRa
,

Recall

04} ) . ST

021 £y

MNIST: ten distinct
clusters

Greater difference
between OPQ_NP and
OPQ_P

More complicated data?



Takeaways

e PQ is sensitive to data distribution!
e Optimizing transformation matrix can improve PQ accuracy
e (Gaussian solution:
o Independent vectors dimensions
o Balanced subspace variance
e Limitations:
o No non-parametric convergence guarantee
o No evaluation of overhead
o (Gaussian assumption



Extras: Overhead

Table 4. The Indexing Time for the GIST Dataset
RaBitQ | PQ | OPQ LSO
Time | 117s | 105s | 291s | time-out (>24 hours)

RaBitQ: Quantizing High-Dimensional Vectors with a Theoretical Error Bound for Approximate Nearest
Neighbor Search, JIANYANG GAO, CHENG LONG



