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ABSTRACT

A critical piece of the modern information retrieval puzzle is ap-

proximate nearest neighbor search. Its objective is to return a set

of 𝑘 data points that are closest to a query point, with its accu-

racy measured by the proportion of exact nearest neighbors cap-

tured in the returned set. One popular approach to this question

is clustering: The indexing algorithm partitions data points into

non-overlapping subsets and represents each partition by a point

such as its centroid. The query processing algorithm first identifies

the nearest clusters—a process known as routing—then performs a

nearest neighbor search over those clusters only. In this work, we

make a simple observation: The routing function solves a ranking

problem. Its quality can therefore be assessed with a ranking metric,

making the function amenable to learning-to-rank. Interestingly,

ground-truth is often freely available: Given a query distribution

in a top-𝑘 configuration, the ground-truth is the set of clusters that

contain the exact top-𝑘 vectors. We develop this insight and apply

it to Maximum Inner Product Search (MIPS). As we demonstrate

empirically on various datasets, learning a simple linear function

consistently improves the accuracy of clustering-based MIPS.
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1 INTRODUCTION

Information Retrieval (IR) is no stranger to the problem of top-𝑘 re-

trieval. Inverted indexes, for example, have long been the backbone

of exact and approximate search over sparse vectors [33], such as

encodings of text using BM25 [28]. With the advent of representa-

tion learning and the proliferation of dense vectors as embeddings

of text, a different form of approximate retrieval that originates

in neighboring scientific disciplines has become a major part of

modern IR: Approximate Nearest Neighbor (ANN) search [4].

The ANN setup should be familiar: A collection of vectors are

processed into a data structure, known as the index, in an offline

phase. When a query vector is presented, the ANN algorithm uses

the index to quickly find the closest vectors to the query point,

where closeness is defined based on the inner product between

vectors or their Euclidean distance. Importantly, the returned set

is often an approximate solution: If S is the exact set of 𝑘 closest

vectors to the query, and
˜S is the set returned by the ANN algo-

rithm, then the overlap between the two sets serves as a barometer

quantifying the accuracy of the search: |S ∩ ˜S|/𝑘 .
This work concerns ANN over dense vectors, with a particular

focus on clustering-based methods, where a collection is first split

into 𝐿 geometric partitions using a clustering algorithm. Each par-

tition is then represented by a vector (e.g., its centroid). The list of

partitions along with their centroids make up the index.

At search time, the algorithm first computes the similarity—in

this work, inner product—between centroids and the query. It then

identifies the ℓ closest partitions and performs ANN search over

those partitions only. We call the first step “routing” where a query

vector is mapped to ℓ partitions. Using ℓ ≪ 𝐿 reduces the search

space dramatically, leading to an efficient search but at the expense

of accuracy. In this work, we assume that search within clusters is

exact; in practice that itself may be another ANN algorithm.

In that context, we observe a simple but consequential fact: Given

a fixed partitioning of the data, the routing machinery is a ranking

function. To see how, consider the top-1 case. Given a query, the

algorithm ranks partitions by their likelihood of containing the

nearest neighbor. As we assumed the clustering algorithm gives a

partitioning—so that, a data vector belongs to one partition—a query
will have a single “relevant” answer: the partition that contains

its nearest neighbor. Therefore, routing quality can be determined

with ranking metrics such as Mean Reciprocal Rank (MRR).
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Perhaps more interesting is the fact that such a ranking function

can be learnt using Learning-to-Rank (LTR) [5]. In fact, because

MRR is an appropriate metric, and because each query has a single

relevant answer, the cross-entropy loss [3, 7] is provably the right

surrogate to optimize. Furthermore, training data is cheap: All one

requires is a set of queries. The ground-truth “relevance” labels can

be computed by performing an exact search for each query, finding

the nearest neighbor, and identifying the partition it belongs to.

It appears that we have all the ingredients to learn a routing

function for a fixed partitioning of vectors. In this work, we develop

that insight into a working solution. We show through experiments

on embeddings of various text datasets, that learning a routing

function can boost the accuracy of ANN search. In fact, the gains

are consistent regardless of our choice of the clustering algorithm.

What is even more appealing about our results is that we simply

learn a linear function: 𝜏 (𝑞; 𝑊 ) = 𝑊𝑞, where 𝑞 ∈ R𝑑 and𝑊 ∈
R𝐿×𝑑

. The output of 𝜏 (·) gives us the ranking scores for each of

the 𝐿 partitions. Pleasantly, that means that the 𝑖-th row of𝑊 can

be thought of as a learnt representative vector of the 𝑖-th partition.

That entails, we can conveniently plug in the learnt representatives

into the original routingmachinery without any change whatsoever

to implementation—an important criterion for production systems.

Our findings show the potential LTR holds for ANN search. We

are excited to bridge these two fields in our work and thereby moti-

vate the community to explore this junction. To that end, we briefly

review the literature in Section 2, describe our method in Section 3,

and present experimental results in Section 4. We conclude this

work in Section 5 with remarks on possible future directions.

2 RELATEDWORK

ANN algorithms come in many flavors including trees [2, 13],

hash tables [16], and graphs [19, 23]. The method relevant to this

work is the clustering-based approach, also known as Inverted File

(IVF) [20]. As we intend to keep this review concise, we refer the

interested reader to [4] for a thorough treatment of the subject.

As explained in Section 1, indexing in clustering-based ANN

utilizes a clustering algorithm to partition the vectors. A typical

choice [1, 20] is standard KMeans, which iterates between an expec-

tation phase (computing partition centroids given current cluster

assignments) and an assignment step (computing cluster assign-

ments given centroids). This choice makes sense especially in ANN

with Euclidean distance, as it can be shown that the KMeans objec-

tive helps find Voronoi regions—a crucial structure in ANN search.

In this work, we also use two alternative clustering strategies.

One is a variant of KMeans known as Spherical KMeans [14], where

after each expectation phase, the centroids are 𝐿2-normalized and

projected onto the unit sphere. This small modification makes the

clustering algorithm arguably more suitable for ANN with angular

distance and has been shown [6] to perform well for inner product.

The final clustering method used in this work is [12], which we

refer to as Shallow KMeans, and can be thought of as the first itera-

tion of KMeans. The algorithm begins by selecting 𝐿 data points

uniformly at random and using them as cluster representatives. It

then assigns data points to partitions by inner product with the clus-

ter representatives: the partition whose representative yields the

largest inner product with a data point becomes its home partition.

We now briefly review LTR, a well-researched topic in IR. In

general, given a set of training querieswith ground-truth (relevance)

labels, and a collection of items, the goal is to learn a function that

computes a score for any query-item pair. These scores induce

an order among the items, resulting in a ranking. The rankings

generated by a learnt function ideally maximize a ranking metric

for a query distribution of interest, such as NDCG [18] or MRR.

Because ranking metrics are discontinuous or otherwise flat al-

most everywhere, supervised LTR resorts to optimizing surrogate

objectives [8–11, 21, 26, 29–31, 34, 35]. One objective that is appro-

priate for our work is the cross entropy-based loss described in [3].

It has been shown [3, 7] that the cross-entropy loss is a consistent

surrogate for MRR when each query has at most one relevant item

with probability 1. Noting that our setup satisfies these conditions,

as explained in Section 1, we will use this ranking loss in this work.

3 METHODOLOGY

Let ⟨𝑢, 𝑣⟩ denote the inner product of two vectors 𝑢, 𝑣 ∈ R𝑑 . Given
a collection of datapoints X ⊂ R𝑑 and a query point 𝑞 ∈ R𝑑 , the
(top-1) Maximum Inner Product Search (MIPS) problem is to find:

𝑢∗ = argmax

𝑢∈X
⟨𝑞,𝑢⟩ . (1)

As noted earlier, to solve this problem efficiently (albeit approx-

imately), one prominent approach clusters X into a set of non-

overlapping partitions {C𝑖 }𝐿𝑖=1, where C𝑖 ∈ 2
X
, each represented

with a vector 𝜇𝑖 . A routing function 𝜏 : R𝑑 → R𝐿
then computes a

“goodness” score for each 𝐶𝑖 . Typically, 𝜏 = 𝑀𝑞 where 𝑀 ∈ R𝐿×𝑑

whose 𝑖-th row is 𝜇𝑖 . Subsequently, only the points within the top ℓ

clusters by score are evaluated to find the solution to Equation (1).

We claim in this work that the function 𝜏 (·) can be learnt using

supervised LTR methods. Concretely, we wish to learn 𝜏 (𝑞; 𝑊 ) =
𝑊𝑞 where𝑊 ∈ R𝐿×𝑑

. We choose to learn a linear function so

that it can trivially replace 𝜏 = 𝑀𝑞 by setting𝑀 =𝑊 without any

change to the framework. However, the method can be extended to

any other parameterized family of functions.

To complete the picture, we must define a training dataset and a

loss function. We build training examples as follows. For query 𝑞,

let 𝜏∗ be the oracle routing function such that the 𝑖-th component

of 𝜏∗ (𝑞) is 1 if 𝑢∗ ∈ 𝐶𝑖 and 0 otherwise. The training set then

comprises pairs (𝑞𝑖 , 𝜏∗ (𝑞𝑖 )), where 𝑞𝑖 ∈ Q is a query point.

We learn 𝜏 (·) by maximizing MRR. Note that MRR is especially

meaningful, as opposed to classificationmetrics, in themore general

case where we allow probing ℓ > 1 partitions. In this case, promot-

ing a ranking function that places the relevant cluster among the

top positions increases the probability of finding 𝑢∗.
We use the cross-entropy loss to maximize MRR [3, 7]. The loss

for a single query 𝑞 reduces to the following:

−
𝐿∑︁
𝑖=1

𝜏∗𝑖 log
exp(𝜏𝑖 )∑𝐿
𝑗=1 exp(𝜏 𝑗 )

,

where, with a slight abuse of notation, we write 𝜏𝑘 and 𝜏∗
𝑘
to de-

note the 𝑘-th component of 𝜏 (𝑞) and 𝜏∗ (𝑞), respectively. Note that,
because 𝜏∗ has a single non-zero component, the sum collapses to

a single term. The mean of the loss above over the entire training

query set becomes the final objective for the optimization problem.
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3.1 Generalizing to top-𝑘

What we have described thus far concerns top-1 MIPS only. That

is, for each query, we have a single correct partition to route it to,

and we wish to learn said function. We use this setup in the rest of

this work, but note that learning a routing function that optimizes

for top-𝑘 with 𝑘 > 1 is straightforward. Let us explain why.

Suppose 𝑘 > 1 and let S denote the (exact) set of top-𝑘 data

vectors for query 𝑞. Then one example of an oracle routing function

𝜏∗ (𝑞) will have 1 in its 𝑖-th component if and only if S∩𝐶𝑖 ≠ ∅, and
0 otherwise. The loss function, for query 𝑞, can then be updated to

follow its general from from [3] as follows:

−
𝐿∑︁
𝑖=1

2
𝜏∗𝑖 − 𝛾𝑖∑𝐿

𝑗=1 2
𝜏∗
𝑗 − 𝛾 𝑗

log

exp(𝜏𝑖 )∑𝐿
𝑗=1 exp(𝜏 𝑗 )

,

where, as before, 𝜏∗
𝑘
and 𝜏𝑘 denote the 𝑘-th components of 𝜏∗ (𝑞)

and 𝜏 (𝑞), and 𝛾𝑘 ’s are uniformly sampled from the unit interval.

4 EXPERIMENTS

We now report our experimental evaluation by first detailing the

methodology and then presenting and discussing the results.

4.1 Experimental Setup

Datasets. We use three publicly-available datasets: Ms Marco [25],

HotpotQA [36], and Fever [32]. Ms Marco Passage Retrieval

consists of about 8.8million short passages and 909,000 train queries.

HotpotQA is a question answering dataset collected from the

English Wikipedia, consisting of 5.2 million documents and 98,000

queries. Finally, Fever has 5.4 million documents and 13,000 queries.

Embedding Models. We use embedding models to transform

queries and documents into 𝑑-dimensional dense vectors. The

models include tasB1 [15] (𝑑=768), and contriever2 [17] (𝑑=768).
We also include models fine-tuned by [27] on 1 billion text pairs:

all-MiniLM-L6-v23 (𝑑=384), all-mpnet-base-v24 (𝑑=768), and

all-distilroberta-v15 (𝑑=768).

Evaluation Metric. We evaluate all methods in terms of top-𝑘

accuracy, defined as follows. For each query, we obtain the top ℓ

partitions according to 𝜏 (·), and record the percentage of the top-𝑘

documents contained in those partitions.

Baseline. We evaluate the accuracy of a learnt 𝜏 (·) against the
baseline routing function 𝜏 (𝑞) = 𝑀𝑞 where the 𝑖-th row of 𝑀 is

simply the representative of the 𝑖-th partition, 𝜇𝑖 , returned by the

clustering algorithm. Specifically, we identify the top ℓ partitions

for 𝑞 according to𝑀𝑞, and measure its accuracy as defined above.

Implementation Details. We model 𝜏 (·; 𝑊 ) as a linear function
with𝑊 ∈ R𝐿×𝑑

. To compute the loss function, we transform𝑊𝑞

with softmax, which gives the probability of a query being routed

to each partition. We use Adam [22] with a learning rate of 10
−4

to

optimize the loss function. We set the batch size to 512 and train

for a maximum of 100 epochs.
6

1
https://huggingface.co/sentence-transformers/msmarco-distilbert-base-tas-b

2
https://huggingface.co/facebook/contriever

3
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

4
https://huggingface.co/sentence-transformers/all-mpnet-base-v2

5
https://huggingface.co/sentence-transformers/all-distilroberta-v1

6
Our code is available at: https://github.com/tomvek/mips-learnt-ivf

Table 1: Top-1 accuracy of baseline and learnt routing functions on

all-MiniLM-L6-v2 embeddings. Columns are blocked by the cluster-

ing algorithm. For each dataset-clustering pair, we measure top-1

accuracy by setting ℓ to 0.1% and 1% of the number of partitions, 𝐿.

Dataset Method

Standard Spherical Shallow

0.1% 1% 0.1% 1% 0.1% 1%

Ms Marco

Baseline 0.392 0.779 0.627 0.869 0.517 0.815

Learnt 0.746 0.940 0.751 0.938 0.670 0.923

HotpotQA

Baseline 0.089 0.481 0.328 0.684 0.258 0.724

Learnt 0.488 0.844 0.493 0.833 0.412 0.827

Fever

Baseline 0.102 0.443 0.249 0.562 0.279 0.621

Learnt 0.663 0.865 0.662 0.872 0.633 0.912

Given a collection of𝑚 vectors (i.e., embeddings of a dataset),

we take the following steps in each experiment. We first run one of

the three clustering algorithms (standard, spherical, and shallow

KMeans) on the data vectors, clustering them into 𝐿 =
√
𝑚 parti-

tions. We then split the query set into training (60%), validation

(20%), and test (20%) queries, and construct training, validation, and

test examples using the procedure described in Section 3. Finally,

we train on the training examples and take the best model according

to the loss on the validation examples. We evaluate baseline and

learnt functions on the test splits.

4.2 Experimental Results

Top-1. Table 1 presents the top-1 accuracy for baseline and learnt

routing functions on the all-MiniLM-L6-v2 embeddings of text

datasets. As the table shows, we consider three configurations

where the partitions are produced by standard, spherical and shal-

low KMeans. For each configuration, we measure accuracy by set-

ting ℓ to 0.1% and 1% of 𝐿, the total number of partitions.

As is evident from Table 1, a learnt 𝜏 (·) consistently outperforms

the baseline. Taking standard KMeans and ℓ = 𝐿/100 as an example,

learning improves accuracy by about 21% on Ms Marco, 75% on

HotpotQA, and 95% on Fever. The difference is greater for smaller

values of ℓ , indicating that the closest partitions to query vectors are

of much greater quality. That makes sense as our learning objective

heavily focuses on the top partition.

We make another observation that may be of independent inter-

est: The shallow KMeans clustering algorithm performs remarkably

well for MIPS. Considering the fact that shallow KMeans requires

no training whatsoever—clustering is a matter of sampling 𝐿 points

from the dataset followed by assignment—coupled with its high

accuracy, it makes for an efficient yet effective clustering in practice.

Top-𝑘 . Even though, when learning a routing function, we optimize

a loss that is only concerned with top-1 accuracy, we investigate

in this section the impact of such training on top-𝑘 accuracy. Does

learning to optimize top-1 accuracy benefit top-𝑘 retrieval for 𝑘 >

1? The answer appears to be in the affirmative, as the results of

our experiments show in Figure 1, rendering top-10 accuracy as a

function of ℓ . Trends are similar for 𝑘 = 100.

These results are encouraging and bode well for an extension of

the loss function to top-𝑘 retrieval, as explained in Section 3.1. We

leave an exploration of that generalization to future work.
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(a) Ms Marco (b) HotpotQA (c) Fever

Figure 1: Top-10 accuracy as a function of ℓ (expressed as percent of total number of partitions, 𝐿), on the all-MiniLM-L6-v2 embeddings. In all

figures, the dashed lines indicate the baseline and the solid lines show the performance of the learnt routing function.

Table 2: Top-1 accuracy of baseline and learnt routing onMsMarco.

For each embedding model, the top row represents the baseline

accuracy and the bottom row the learnt function’s. As before, we

report top-1 accuracy by setting ℓ to 0.1 and 1 percent of 𝐿.

Encoding

Standard Spherical Shallow

0.1% 1% 0.1% 1% 0.1% 1%

tasB
0.480 0.835 0.680 0.915 0.553 0.869

0.727 0.936 0.724 0.933 0.612 0.896

contriever
0.602 0.895 0.756 0.938 0.640 0.909

0.790 0.952 0.780 0.946 0.690 0.927

all-mpnet-base-v2
0.763 0.952 0.794 0.958 0.691 0.940

0.818 0.967 0.819 0.966 0.733 0.951

all-distilroberta-v1
0.752 0.955 0.779 0.960 0.664 0.935

0.807 0.967 0.806 0.966 0.706 0.945

Other Embeddings. We repeat this exercise for other embedding

models. Table 2 reports the top-1 accuracy for select values of ℓ on

Ms Marco. We observe that the general trend from before holds:

Learning does lead to gains in accuracy, especially when ℓ is small.

The McNemar’s test [24] suggests statistically significant difference

between the methods (𝑝-value < 0.001).

Unlike the previous results, gaps between the baseline and learnt

routing are smaller. We believe what contributes to smaller gains

has to do with the larger dimensionality of the embedding vectors

(768 of models in Table 2 versus 384 of all-MiniLM-L6-v2) and
the capacity of the linear function in learning appropriate partition

representatives. This is a question we leave to future work.

5 CONCLUSIONS AND FUTUREWORK

Formalizing routing in a clustering-based ANN algorithm as rank-

ing is intuitive enough. When a partitioning has been finalized,

the task is to rank partitions by their likelihood of containing the

nearest neighbor to a query. Building on that intuition, we explored

the feasibility of employing LTR algorithms to improve routing.

As we argued in this work, preparing the ingredients necessary

to apply LTR to routing, such as labeled training data, requires a

modest effort—in fact, all that is needed is a set of queries.

We empirically assessed the advantages of learning a (linear)

routing function and demonstrated the potential LTR holds for

clustering-based ANN. We observed that, generally, learning leads

to gains in accuracy. In other words, for the same number of parti-

tions probed, a learnt function routes the query to better partitions

a higher percentage of the time.

We have only scratched the surface in this exploratory work,

with many interesting questions left to investigate in follow-up

studies. As hinted earlier, we wish to understand the impact of

the more general loss function of Section 3.1 on top-𝑘 retrieval.

Additionally, we hope to shed more light on the smaller gains on

high-dimensional embeddings. Finally, we intend to extend the

method to other metrics such as Euclidean or angular distance.

More exciting still is the question of the utility of LTR in the

partitioning algorithm itself. Recall that, throughout this work, we

assumed that a collection of vectors has already been partitioned

by some clustering algorithm. We then “refined” the representative

vectors through supervised learning. What is clear, however, is that

such learning can be incorporated into the clustering phase itself.

In other words, during clustering, one may iteratively refine the

cluster representatives and update cluster assignments accordingly.

This opens the door to query-aware clustering for ANN search—an

area that has remained under-explored.
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