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Abstract

Maximum Inner Product Search (MIPS) plays an essen-
tial role in many applications ranging from information re-
trieval, recommender systems to natural language processing.
However, exhaustive MIPS is often expensive and impracti-
cal when there are a large number of candidate items. The
state-of-the-art quantization method of approximated MIPS
is product quantization with a score-aware loss, developed
by assuming that queries are uniformly distributed in the
unit sphere. However, in real-world datasets, the above as-
sumption about queries does not necessarily hold. To this
end, we propose a quantization method based on the distribu-
tion of queries combined with sampled softmax. Further, we
introduce a general framework encompassing the proposed
method and multiple quantization methods, and we develop
an effective optimization for the proposed general frame-
work. The proposed method is evaluated on three real-world
datasets. The experimental results show that it outperforms
the state-of-the-art baselines.

Introduction
Maximum Inner Product Search (MIPS) has wide applica-
bility in recommender systems, information retrieval, and
natural language processing. For example, the inner product
has been widely used in recommender systems to estimate
users’ preference for items (Li et al. 2017; Xue et al. 2017;
Krichene et al. 2018; Ghosh, Mitra, and Lan 2022), in infor-
mation retrieval to evaluate the relevance between query and
response (Luan et al. 2021; Luo et al. 2022), and in natural
language processing to estimate the likelihood of the next
word given the context (Zhang et al. 2018; Fu et al. 2021),
and then return the results via MIPS.

To define the MIPS problem, consider a large set S of
collecting candidate items, where S ⊂ Rd, and a given
query point q ∈ Rd. The goal is to search for x ∈ S which
maximizes (or approximately maximizes) the inner product
⟨q,x⟩. Formally, we are interested in efficiently computing

x∗ = argmax
x∈S
⟨q,x⟩ .

Exhaustive MIPS is often expensive and even impractical
when the cardinality of the set is large. Several techniques
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have been proposed to solve the approximate MIPS problem
efficiently, in which the quantization-based techniques have
shown strong performance. In (Guo et al. 2020), they devel-
oped a score-aware loss on assuming queries with uniform
spherical distributions, leading to the state-of-the-art vector
quantization that more greatly penalizes the parallel compo-
nent of a datapoint’s residual relative to its orthogonal com-
ponent. The score-aware loss with the above query assump-
tion is called anisotropic quantization loss, which is consid-
ered more suitable for maximum inner product search. How-
ever, in real-world datasets, the distribution of queries does
not necessarily satisfy the assumption. It will lead to signif-
icant differences in the performance on different datasets.
Furthermore, we will show that it is not reasonable to pe-
nalize the parallel direction more when the distribution of
queries does not satisfy the assumption, which is not helpful
for a more accurate inner product calculation in the quanti-
zation methods.

Motivated by these shortcomings, in this paper, we pro-
pose Query-aware Quantization based on the sampled soft-
max by drawing samples from actual query distribution. Fur-
ther, we introduce a general framework encompassing multi-
ple quantization methods, including PQ, QUIP, ScaNN, and
Query-aware Quantization, elaborate on the insight of these
methods, and develop an effective optimization method for
the proposed general framework. The proposed method is
evaluated on three real-world datasets. The experimental re-
sults show that it outperforms the state-of-the-art baselines.

To summarize, we deliver the following contributions:

• To improve the shortage of existing quantization meth-
ods, we propose Query-aware Quantization to promote
the advancement of approximate MIPS.

• We introduce a general framework encompassing mul-
tiple quantization methods, elaborate on the insight of
these methods, and develop an effective optimization
method for the proposed general framework.

• The proposed quantization method is evaluated on three
real-world datasets, where the results demonstrate that
our method outperforms the state-of-the-art baselines.

Related Works
In this section, we briefly review the related works about
MIPS and quantization. The most related works with us will
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be described in detail in the next section as preliminaries.

MIPS. The MIPS problem has been studied for more than
a decade. In addition to quantization methods, there is a large
body of work on graph search, tree search, and hashing. The
graph methods (Malkov and Yashunin 2018; Harwood and
Drummond 2016) usually use the inner product as a simi-
larity function to construct a graph and then greedily select
the neighbor with the highest inner product when search-
ing. The tree search methods (Muja and Lowe 2014; Ram
and Gray 2012) usually partition the space recursively, form-
ing a tree and finding the relevant leaves for a given query.
The hashing methods (Shrivastava and Li 2014; Neyshabur
and Srebro 2015; Andoni et al. 2015; Chen et al. 2019; Ma
et al. 2021) usually partition the space using a similarity-
preserving hash function, find the relevant buckets for a
given query and score only the items in these buckets.

Quantization. Product quantization (Jegou, Douze, and
Schmid 2010), as one of the most representative works for
quantization, decomposed the vector representation space
into the Cartesian product of subspaces. Optimized prod-
uct quantization (Ge et al. 2013) jointly learned space de-
composition and subspace quantization. Composite Quanti-
zation (Zhang, Du, and Wang 2014) and Additive Quanti-
zation (Babenko and Lempitsky 2014) do not decompose
space but directly iteratively learn multiple codebooks. A
large body of work (Guo et al. 2016; Johnson, Douze, and
Jégou 2019; May et al. 2019; Dai et al. 2020; Guo et al.
2020) is dedicated to improving quantization technology to
solve MIPS. Some of them that are highly relevant to us will
be covered in detail in next section as preliminary knowl-
edge. Our work is a further improvement of quantization to
make it more suitable for maximum inner product search by
applying the proposed Query-aware loss.

Preliminaries
Quantization-based methods usually derive multiple code-
books by minimizing the loss function between datapoints
and the composition of codewords. It is possible to compos-
ite these codewords by concatenation or addition, such that
an exponentially large codebook can be generated. The key
to quantization methods lies in obtaining codebooks and us-
ing them to encode data points. Once we have the codebooks
and the codes of data points, we can set up a lookup table (
i.e., inner product between query and codebooks) to quickly
calculate the approximate inner product between query and
data points.

Product Quantization
In product quantization (Jegou, Douze, and Schmid 2010),
we split each datapoint x ∈ Rd into M subspaces each of
dimension d/M , x =

(
x(1),x(2), . . . ,x(M)

)
. We then cre-

ate M codebooks C(1),C(2), . . . ,C(M), each with K code-
words of dimension d/M . Each data point would then be
encoded with M dimensions, with every dimension taking
one of K states. Moreover, each datapoint x is compressed
as x̃,

x̃ =
(
C

(1)
i1(x)

,C
(2)
i2(x)

, . . . ,C
(M)
iM (x)

)
,

where ik(x) ∈ {1, . . . ,K} returns the index in
the k-th codebook of the datapoint x, and i(x) =
[i1(x), i2(x), · · · , iM (x)] is called code of x.

The objective function of product quantization is recon-
struction error. Concretely,

ℓ =
n∑

i=1

∥xi − x̃i∥2. (1)

Minimizing the error in Eq.(1) is equivalent to solving k-
means problems in all subspaces.

Quantization-based MIPS
To apply quantization methods to MIPS, it is more effective
to consider the quantization errors caused by the inner prod-
uct between query and datapoint before and after quantizing
than the traditional reconstruction loss.

We start considering the quantization objective of mini-
mizing the expected total inner product quantization errors
over the query distribution:

Eq

n∑
i=1

(⟨q,xi⟩ − ⟨q, x̃i⟩)2 = Eq

n∑
i=1

⟨q,xi − x̃i⟩2 . (2)

It takes expectation over all possible combinations of dat-
apoints x and queries q, where x̃ is the compressed vector
of x by quantization.

In QUIP (Guo et al. 2016), they consider Eq.(2) in each
subspace with the assumption that each subspace is indepen-
dent of others i.e., the dimensions of different subspaces are
not related. Meanwhile, given a held-out set of samples Z,
which is sampled from the same distribution as the query, in
the k-th subspace, they consider the following loss :

ℓ(k) =
n∑

i=1

(
xi

(k) −C
(k)
ik(xi)

)⊤
Σ

(k)
Z

(
xi

(k) −C
(k)
ik(xi)

)
,

(3)
where Σ

(k)
Z = 1

|Z|
∑

z∈Z z(k)z(k)⊤ is the non-centered co-
variance matrix in subspace k estimated from held-out sam-
ple set Z. Minimizing the error in Eq.(3) is equivalent to
solving a modified k-means problem in the k-th subspace.

In ScaNN (Guo et al. 2020), they also start from objec-
tive function Eq.(2), and the core idea is that not all pairs
of (x, q) are equally important. The approximation error on
the pairs with a high inner product is far more important
since they are likely among the top-ranked pairs and can
greatly affect the search result. Concretely, they proposed
score-aware loss :

ℓ(xi, x̃i, w) = Eq∼Q[w(⟨q,xi⟩) ⟨q,xi − x̃i⟩2], (4)

where w : R −→ R+ is a weight function of the inner product
score. They developed score-aware loss on assuming queries
with uniform spherical distributions. Meanwhile, they use
indicator function w(t) = I(t > T ) as weight function lead-
ing to anisotropic quantization loss. By defining the residual
error ri = xi − x̃i, the parallel residual error which is the
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component of the residual error parallel to the datapoint xi,
and orthogonal residual error computed as

r∥ =
⟨ri,xi⟩xi

∥xi∥2
, r⊥ = ri − r∥,

they have shown that the anisotropic quantization loss can
be computed as

ℓ(xi, x̃i) = hi,∥∥r∥∥2 + hi,⊥∥r⊥∥2, (5)

where hi,∥ and hi,⊥ are constant with respect to ∥xi∥ and
T .

General Framework
In this section, we introduce a general framework encom-
passing existing quantization methods, including PQ, QUIP,
and ScaNN. Then we use the orthogonal decomposition of
matrices to give the geometric intuition for these methods as
insights, based on which we propose the improved method
called Query-aware Quantization. Finally, we develop an ef-
fective optimization method for the proposed general frame-
work and analyze its complexity and convergence.

General Framework
We show the following property for anisotropic quantization
loss to unify the multiple methods into a unified form.
Proposition 1. By defining

Mi =

(
hi,∥ − hi,⊥

)
xixi

⊤

∥xi∥2
+ hi,⊥Id,

where Id is the d-dimensional identity matrix, Eq.(5) will be
equal to

ℓ(xi, x̃i) = (xi − x̃i)
⊤
Mi (xi − x̃i) . (6)

The proof is attached in the Appendix.9.
Combining Eqs.(1)(3)(6), it can be seen that they all have

a uniform form:

ℓ =

n∑
i=1

(xi − x̃i)
⊤
Mi (xi − x̃i) . (7)

The matrix Mi in different quantization methods is sum-
marized in Table 1. We can see that the essence of apply-
ing the quantization methods in the MIPS problem is to re-
place the traditional l2 norm in the objective function with
the norm induced by the positive definite matrix Mi. The
key is what kind of matrix is suitable. To answer the ques-
tion, we need to have a deeper understanding of this type of
loss function.

Insights
When we employ the quantization method, it is unavoidable
that there is always an error between the compressed data
points x̃ and the original data points x. In the calculation
of the inner product, we know that not every direction is
equally important. For example, when we calculate ⟨q,x⟩,
the direction of q is the most important, and if the resid-
ual vector r = x − x̃ has a small component in the direc-
tion where q is located, then the approximate inner product

PQ ∀i,Mi = I

QUIP ∀i,Mi = Σ
(1)
Z

⊕
Σ

(2)
Z

⊕
. . .

⊕
Σ

(M)
Z

ScaNN Mi =
(hi,∥−hi,⊥)xixi

⊤

∥xi∥2
+ hi,⊥I

Ours Mi =
∑

q∈Z p(q|xi)qq
⊤

Table 1: Mi in different quantization methods.

⟨q, x̃⟩ will be calculated more accurately. If the quantization
is accurate in some important directions, the approximate
inner product will be computed more accurately. We will il-
lustrate that the positive definite matrix M is essentially an
adaptive assignment of importance to different directions.

We start with the orthogonal decomposition of M . We
can obtain

M = V ⊤Diag(λ1, λ2, · · · , λd)V ,

where V is orthogonal matrix, λi is eigenvalue of M , with-
out loss of generality, assuming

λ1 ≥ λ2 ≥ · · · ≥ λd ≥ 0.

Through orthogonal matrix, we can obtain d orthogonal unit
vectors as a new basis, V ⊤ = (v1, · · · ,vd) . We regain the
representation of residual vector r with V as the basis

r =
d∑

k=1

rk =
d∑

k=1

⟨r,vk⟩vk.

Then we go back to the loss and obtain

ℓ = (x− x̃)
⊤
M (x− x̃)

= r⊤V ⊤Diag(λ1, λ2, · · · , λd)V r

=

d∑
k=1

λk∥rk∥2.
(8)

From Eq.(8), we can see that the direction r1, parallel to v1,
is most important because it has the largest weight in the
loss function, which means that the quantization in direction
v1 is the most accurate than the other orthogonal directions.
This means that if the direction of a query is similar to the
v1, the inner product between query and datapoint will be
calculated more accurately compared with the other queries.

Let us review existing works. The traditional approach PQ
considers each direction equally important, which does not
help in the MIPS task. Quantization-based MIPS will con-
sider different importance of directions. In Fig.1, we assume
that there are some available queries and show the most im-
portant directions v1 in the different methods. In the QUIP,
the most important direction v1 is the mean direction of all
available queries. In the ScaNN, for single point x, they
don’t use actual queries but assume queries uniformly dis-
tribute in the blue circumferential part of Fig.1b, and the
most important direction is parallel to x. This again shows
that ScaNN penalizes the parallel direction (i.e., parallel to
x) more, which is consistent with their conclusion.
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Figure 1: Insights into different loss functions.

In Fig.1, we can see that the inner product ⟨q1,x⟩ is max-
imum. For the goal of MIPS, we hope to estimate it as ac-
curately as possible, which means that it is ideal for v1 to
be close to q1, not to x. Based on such observations, we
proposed Query-aware Quantization in the next subsection.

Query-aware Quantization
In this subsection, we propose our method called Query-
aware Quantization. The proposed method aims to approxi-
mate the inner product with high values more accurately. To
achieve this, we assign higher weights to higher inner prod-
uct pairs. A common choice among weighting methods is
to use an exponential function. Empirically, we found that
using softmax gives better results.

We introduce proposed Query-aware loss based on the
sampled softmax, by drawing samples from actual query dis-
tributions. The formal loss function is defined as follows:

Definition 1. Given a datapoint xi, its quantization x̃i, the
Query-aware quantization loss with respect to samples Z
which is sampled from the same distribution as the query is
defined as

ℓi =
∑
q∈Z

p(q|xi) (⟨q,xi⟩ − ⟨q, x̃i⟩)2 , (9)

where p(q|xi) is output of softmax in {⟨q,xi⟩ : q ∈ Z}.
By defining

Mi =
∑
q∈Z

p(q|xi)qq
⊤, (10)

named as Query-aware Matrix, Eq.(9) is equal to

ℓi = (xi − x̃i)
⊤
Mi (xi − x̃i) . (11)

This shows that the proposed approach also belongs to the
generalized framework summarized in Tab.1. The most im-
portant quantization direction is shown in Fig.1c, which is
closer to v1 than other methods.

In practice, although the above loss function has nice ge-
ometric intuition, it is computationally difficult. To calculate
above loss efficiently, one naive method is to store Mi for
each datapoint xi. Although it can speed up the computation
of the loss function, it requires a large amount of memory,
which is quite expensive and does not work in large datasets.
We combine local shared and sampled softmax to solve this
problem.

Local Shared. Previous work (Guo et al. 2020) also had
the above problem, and their approach was that all data
points share the same ratio(i.e., hi,∥/hi,⊥) computed in the
sense of the limit. Inspired by this, we use a clustering algo-
rithm to group the data points, with each group of data points
shared the same Query-aware Matrix. Empirically, this ap-
proach performs well when the number of clustering cen-
troids is relatively large.

Sampled Softmax. The Mi in Eq.(10) is in essence the
expectation:

Mi = Eq∼Pi

[
qq⊤] , (12)

where Pi denotes p(q|xi). Similar to (Jean et al. 2014), to
approximate this expectation, we sample a small subset uni-
formly from the large held-out set identically distributed as
the query. This approach allows us to compute the Mi using
only a small subset, decreasing computational complexity.

Using our Query-aware loss function Eq.(11), we obtain a
new objective function for product quantization we call the
Query-aware product quantization problem.

Definition 2. Given a dataset x1, x2, . . . , xn of points in
Rd, a number M of codebooks each with elements of size
d/M and k codewords in each codebook, the Query-aware
product quantization problem is to find the M codebooks
that minimizes

min
C(1),...,C(M)

n∑
i=1

min
x̃i∈ΠM

m=1C
(m)

ℓi, (13)

where ℓi is defined in Eq.(11).
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Algorithm 1: Iterative optimization
Input: Train set Xt, samples Z, the codebook c
Output: The codebook c

1 for iter← 1 to max iter do
2 b← update indices as described in Eq.(16) ;
3 c← update codebooks with Z by Eq.(17);
4 return c ;

Algorithm 2: Query-aware Quantization
Input: Database X , validation set V , held-out set

H , integer N , kv .
Output: The codebook and codes of Database.

1 c← initialize codebook by selecting K points in X
randomly and concatenate it in order with respect to
subspace ;

2 Xc ← clustering algorithm to obtain kv centroids;
3 for iter← 1 to #iter do
4 Z ← sample N datapoints uniformly from H;
5 Mi ← compute Quary-aware Matrix w.r.t. Xc;
6 c← optimize codebook by Alg.1;
7 Zbest, cbest ← evaluate on V , save best samples

and best codebooks according to evaluation
metric;

8 codes← use Zbest, cbest to encode database X as
described in Eq.(16).

9 return c, codes ;

We will discuss the optimization method for the above
problem in the following subsection. The complete pro-
cess of Query-aware Quantization is described in Alg.2. The
complexity and convergence will be analyzed latter.

Optimization Procedure
To explicitly formulate the objective loss Eq.(7), we can rep-
resent each index im(xi) as a one-hot vector and concate-
nate these one-hot vectors in a specified order to obtain the
index matrix bi ∈ {0, 1}M×MK ,

bi =


b
(1)
i 0 · · · 0

0 b
(2)
i · · · 0

...
...

...
0 0 · · · b

(M)
i


where the k-th element b(m)

i,k of the K-dimensional vector

b
(m)
i equals to 1 if im(xi) = k and 0 otherwise. If we further

concatenate the codebooks C(m) to obtain a column vector

c =
[
C

(1)
1 ,C

(1)
2 , · · · ,C(1)

K ,C
(2)
1 , · · · ,C(M)

K

]⊤
∈ RKd×1,

by setting Bi = bi ⊗ Id/M , then

x̃ = Bic, (14)

where ⊗ denotes Kronecker Product, Id/M is the d/M -
dimensional identity matrix. Combining Eq.(7) and Eq.(14),

the objective loss function is equal to

ℓ(c, b) =
n∑

i=1

(xi −Bic)
⊤
Mi (xi −Bic) . (15)

Next, we develop an iterative algorithm to optimize the
above loss. Like most quantization works (Ge et al. 2013;
Zhang, Du, and Wang 2014; Guo et al. 2020), our algorithm
iterates between minimization over the index b update step
and codebooks c update step. The process is described in
Alg.1.

Update{bi}. It can be easily seen that bi, the index matrix
of xi, given c fixed, is independent to {bj}j ̸=i, the optimiza-
tion problem is decomposed to n subproblems. To obtain the
index bi, we need to optimize

b∗i = argmin
bi

ℓi(c, bi). (16)

This involves a combinatorial optimization problem, which
suffers from high computational costs. Similar to (Zhang,
Du, and Wang 2014), we use the alternative optimiza-
tion technique to optimize it, and solve the subvectors
{b(m)

i }Mm=1 alternatively. Concretely, given {b(l)i }l ̸=m fixed,
we update b(m)

i by exhaustively checking all the elements in
the codebook C(m), finding the element such that the objec-
tive value is minimized, and accordingly setting the corre-
sponding entry of b(m)

i to be 1 and all the others to be 0.
Update{c}. Fixing b, the codebook c is learned with min-

imizing the Eq.(15),

c∗ = argmin
c

ℓ(c, b).

This is a convex quadratic minimization problem. By setting

T =
∑
i

B⊤
i MiBi, r =

∑
i

B⊤
i Mixi,

the closed-form solution can be given as follows:

c = T−1r. (17)

T will be full rank if we observe every codeword at least
once; otherwise consider adding a regular term.

Complexity and Convergence Analysis
In this subsection, we analyze the complexity and conver-
gence of the proposed algorithms.

Complexity Alg.2 runs Alg.1 multiple times and the com-
putation of Alg.1 mainly comes from updating indices and
codebooks.

In terms of updating indices, the encoding time complex-
ity of each data point is O(IeMKd2 + Nd2). The former
part is related to exhaustively checking all the elements in
every codebook, and the latter part is due to matrix compu-
tation related to Mi, where Ie is the maximum number of
iteration rounds in updating bi. In our experiments, Ie is set
to 3.

In terms of updating codebooks, we need to compute T
and r. It is worth noting that we can avoid high-dimensional
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matrix multiplication by virtue of the sparsity structure of
matrix Bi. Concretely, we extract the non-zero column in-
dex of the matrix Bi as βi. The length of βi is equal to d.
The calculation formulas are as follows:

T [βi × βi]← T [βi × βi]+Mi,

r[βi]← r[βi]+Mixi,

where × is the Cartesian product. The complete update of
codebooks requires O(nd2 +K3d3), the former part is ma-
trix computation related to T and r, the latter part is due to
matrix inverse T−1. The computation of Mi is completed
in updating indices. In our experiments, K is set to 16.

Convergence In this part, we discuss the convergence of
the proposed algorithm. The objective loss in each iteration
is the same if the expectation Eq.(12) is reasonably approx-
imated. In addition, the essence of the iterative algorithm
Alg.1 is the coordinate descent method, which converges to
a local minimum. That is, the convergence of the Alg.2 is
certain as long as the expectation value is reasonably ap-
proximated. To achieve this, in our experiments, we set the
number of samples N to 500. Concerning some bad sam-
ples, we set max iter to 2 and save the best codebooks and
samples during training.

Experiments
In this section, we conduct experiments on three real-world
datasets to show our method leads to improved performance
on MIPS. First, we will introduce the three datasets used
for the experimental evaluation. Then, the direct comparison
of the relative loss under multiple codebook configurations
shows that our method is more accurate in approximating the
high inner product values. Finally, we conducted recall ex-
periments to compare with baselines. Our experiments will
show that the proposed method performs well on all these
datasets. In contrast, other methods are limited by their spe-
cific assumptions and cannot achieve good performance on
all datasets. Experimental results on more datasets, and the
analysis of various parts of the algorithm, including the ef-
fectiveness of the local shared matrix, the selection of the
weight function, and the convergence of the algorithm are at-
tached in Appendix. The proposed algorithm is implemented
in Julia, and all experiments are conducted in a Linux server
with 3.00GHZ intel GPU and 300G main memory.

Datasets
Our method is evaluated on three real datasets, LastFM,
Glove, and Music100, which were used in the evaluation
of multiple MIPS algorithms (Morozov and Babenko 2018;
Guo et al. 2020; Krishnan and Liberty 2021; Zhang et al.
2022). The dataset splitting and experimental results on
other datasets, including EchoNest and Yahoo!Music, are at-
tached in the Appendix.

The LastFM dataset is a real music recommendation
dataset that includes 357, 847 users and 156, 122 items.
We use matrix decomposition to train them into 100-
dimensional embedding vectors as described in (Lian et al.
2015). We also conduct experiments with other embedding
dimensions, which are attached in the Appendix.

The Glove dataset is a collection of 1.2 million 100-
dimensional word embedding trained as described in (Pen-
nington, Socher, and Manning 2014). It is the only dataset
used for evaluation in ScaNN because it conforms to their
assumptions. It is worth noting that in some of the previ-
ous work like ScaNN, the norm of data points in this dataset
is normalized, at which point the MIPS task is essentially
equivalent to the nearest neighbor search task. We don’t do
such pre-processing and evaluate on the MIPS task.

The Music100 dataset was introduced in IP-NSW (Moro-
zov and Babenko 2018). This dataset was obtained by IALS
factorization (Hu, Koren, and Volinsky 2008) of the user-
item ranking matrix, with dimensionality 100. The matrix
contains the ratings from 3, 897, 789 users on one million
popular songs from a proprietary music recommendation
service.

Direct Comparison in Relative Error
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Figure 2: The relative error of inner product estimation for
true Top-1 on Music100 across multiple code bit lengths and
codebooks size settings.

We start by directly comparing the accuracy of the es-
timated top-1 inner product as measured by relative error
| ⟨q,x−x̃⟩

⟨q,x⟩ |, meanwhile, study the effect of different codebook
configurations on the performance of the proposed method.

In the left of Fig.2, we fix the number of codewords in
each codebook (i.e., K = 16) and compare the relative er-
rors under different codebook numbers. In the right of Fig.2,
we fix the number of codebooks (i.e., M = 10) and com-
pare the relative errors under different codebook sizes. The
results show that overall bit settings and codebooks size, our
proposed method leads to smaller relative error, especially
when a smaller number of codebooks is used.

Comparison with Baselines
Baselines In this subsection, we introduce the baseline
methods for comparison. The compared methods are as fol-
lows.
• PQ (Jegou, Douze, and Schmid 2010). PQ and our

method are compared on the same number of codebooks
and the same number of codewords.

• QUIP (Guo et al. 2016). Our methods compared with
QUIP-cov which is described in preliminaries. Both
methods use the same held-out samples.

• ScaNN (Guo et al. 2020). The anisotropic quantiza-
tion threshold is tuned to obtain the best result. Con-
cretely, we tune the anisotropic quantization thresholds
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Figure 3: Recall 1@N curve comparing with baselines on MIPS tasks.

in {0.01, 0.05, 0.1, 0.2, 0.3} times the mean norm of data
points.

• SIMPLE-LSH (Neyshabur and Srebro 2015). The
hash code length is set to the bits used in quanti-
zation methods, which occupies the same storage as
quantization-based methods. We return the neighbors
based on the hamming distance, as described in the
(Neyshabur and Srebro 2015).

• NEQ (Dai et al. 2020). Our methods compared with NE-
PQ which applies NEQ to PQ. The proposed method and
NE-PQ both use the PQ technique.

Settings For all quantization methods, we set the dimen-
sion of the subspace to 4, i.e., 25 codebooks, and use 16
codewords in each codebook, which is the same as the set-
tings in ScaNN (Guo et al. 2020). Each datapoint will be
quantized to code which takes up 100 bits of storage. Ac-
cordingly, the length of the hash code is set to 100. In our
method Alg.2, we set N to 500, #iter to 20, max iter to 2,
and kv to 2000. We use Recall as the evaluation metric, and
k-means as clustering algorithm. In the Appendix, we will
explain in detail how these hyper-parameters are set.

Evaluation Metrics One of the most important measures
of the performance of a MIPS system is Recall. The Re-
call k@N measure is defined as a probability (computed
over a number of queries) that the set of N closest neigh-
bors returned by algorithms contains the actual top-k near-
est neighbors. Sometimes this metric is abbreviated as Re-
call@N when ground-truth (i.e., top-k nearest neighbors) is
specified.

Formally, for a set of queries Q, a query q ∈ Q, let πN (q)
be the top-N points returned by algorithms, TNk(q) is true
top-k nearest neighbor of q. Then, the Recall k@N for the
set of queries Q is the following quantity:

Recall k@N =
1

|Q|
∑
q∈Q

|TNk(q) ∩ πN (q)|
|TNk(q)|

.

We generate ground-truth results using brute force search
and compare the neighbors returned by each algorithm
against ground-truth. Following the standard quantization
method evaluation (Jegou, Douze, and Schmid 2010; Guo
et al. 2016; Wu et al. 2017; Dai et al. 2020; Zhang et al.

2022), the results are shown in the form of Recall 1@N-vs-
N curves.

Results From the recall curves in Fig.3, it is clear that
our method performs better than all baselines across three
datasets. Besides, we can see that QUIP and ScaNN per-
form differently on different datasets. On LastFM, they don’t
even improve PQ. On Music100, they are close to PQ, but
on Glove, ScaNN far outperforms PQ. NEQ, as a quantiza-
tion method from the perspective of norm and direction, has
less improvement effect on PQ than ours.

Speed Benchmarks In terms of quantization methods, we
use the same codebook configuration and the same ADC
computation implementation for all quantization methods.
Thus, all quantization methods’ speed is identical at the
same bitrate, meaning Fig.3 are both fixed-memory and
fixed-time and therefore directly comparable.

In terms of hashing methods, the speed of computing a
score (i.e., hamming distance) for a datapoint is related to
bits. Following previous work (Dai et al. 2020), the bits
setting is the same as the quantization methods. The quan-
tization methods are faster because they only take O(M)
to compute the approximate inner product for a datapoint,
where the number of codebooks M is less than bits.

Conclusions

In this paper, to promote the advancement of approximate
MIPS, we propose the Query-aware Quantization. We in-
troduce a general framework encompassing the proposed
method and multiple quantization methods, and develop
an effective optimization method for the proposed general
framework. We show that the difference between multiple
quantization methods is the difference in the weight assigned
to the quantization direction, which can be decided by posi-
tive definite matrices, and using appropriate positive definite
matrices will greatly improve the performance of quantiza-
tion methods on MIPS. We conduct recall experiments on
three real-world datasets. The results show that the proposed
method outperforms the state-of-the-art baselines with re-
spect to approximate search accuracy in fixed time.
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