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Abstract

Approximate Nearest Neighbors (ANN) search is a core task in In-
formation Retrieval. However, the high computational demands and
reliance on expensive infrastructures limit broader contributions
to ANN research. Enabling efficient and effective ANN search on
low-resource devices would allow researchers in low-income coun-
tries to participate in the ANN community, thereby democratizing
the field. Despite its potential, the IR literature offers little work on
the feasibility of ANN search under resource constraints. In this
proposal, we explore efficient solutions for large-scale ANN search
on low-resource devices. We report a preliminary experimentation
highlighting current limitations and outlining future challenges.
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1 Introduction

Nearest Neighbors (NN) search addresses the problem of similarity
search, a fundamental task in Information Retrieval [10, 14]. In NN
search, given a dataset X of vectors and a query point g, the goal is
to identify the k elements of X closest to g according to a chosen
distance metric. In high-dimensional spaces, exact NN search algo-
rithms struggle to prune the search space effectively. Approximate
Nearest Neighbors (ANN) search overcomes these challenges by
offering a valuable trade-off between accuracy and efficiency. This
approach has become increasingly important with the emergence
of powerful learned vector representations (embeddings) produced
by Large Language Models, which have transformed the landscape
of similarity search.

Traditional ANN search relies on in-memory indexes hosted on
expensive server machines with large memory. This dependency
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limits access to ANN research, excluding researchers from low-
income countries and independent researchers. Exploring ANN
search in low-resource settings is important for two main reasons.
First, it democratizes access to advanced ANN techniques by en-
abling experimentation on cheap hardware. Second, it unlocks new
applications in environments where computational resources are
limited and local processing is essential. Affordable, low-resource
devices have strict memory and processing power constraints, re-
quiring novel solutions that still deliver efficient ANN search.
This work investigates the feasibility and limitations of perform-
ing ANN search on a Raspberry Pi, a low-resource, affordable device
whose cost is two to three orders of magnitude lower than that
of the typically employed servers. We report a preliminary experi-
mentation on two state-of-the-art ANN libraries on public datasets.
The results allow us to identify key challenges and propose future
research directions for ANN search in low-resource environments.

2 Experimental Setup

Datasets and Encoders. We conduct our experiments on two pub-
lic datasets, selected because their sizes justify the use of approxi-
mate search, yet remain within the computational capabilities of the
employed device. The Quora dataset from the BEIR collections [13]
consists of 523K documents and 10,000 queries; the SIFTIM [9]
dataset is a classical ANN dataset consisting of one million 128-
dimensional vectors derived from handcrafted visual descriptors of
images, with a set of 10,000 queries. Retrieval is performed using
the Euclidean distance on SIFTIM and the Inner Product on QUORA.

For Quora, we produce both dense and sparse embeddings. The
reference metric is nDCG@10. We use SPLADE-v3 [8] as our sparse
encoder, which represents the most effective Bert-sized encoder,
achieving 81.4 of nDCG@10 on QUORA. As our dense encoder, we
employ MINILM [15] (384 dim.). It achieves 87.55 of nDCG@10.
Implementation. Our experimental evaluation relies on two main
frameworks: KANNoLo [5] and SEismic [2-4], chosen for their per-
formance. In particular, as recently demonstrated in [5], KANNoro
achieves comparable or superior performance compared to state-
of-the-art libraries—including Meta’s library for dense ANN search,
Faiss [6]—despite its simplicity and modularity. Both kANNoro
and Se1smic proved [2, 5] to outperform the winner submissions of
the “Sparse Track” of the Big ANN challenge at NeurIPS 2023 [12].

KANNoLo is a library for ANN research, designed with modular-
ity in mind and meant to provide a tool for rapid prototyping and
testing of new ideas. It supports dense and sparse vector search and
uses the graph-based HNSW [11] index for retrieval.
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SEISMIC is a new inverted index-based retrieval machinery de-
signed to search over learned sparse representations efficiently.
It yields state-of-the-art performance in terms of accuracy/query
latency trade-off. KANNoLo and SE1smiIc are written in Rust.

SE1sMIC natively supports 16-bit floating point values. We ex-
tended KANNoLo with this functionality, thus nearly halving the
memory footprint of the indexes without sacrificing accuracy—a
crucial improvement for resource-constrained environments.
Hardware Details. We conduct our retrieval experiments on a
Raspberry Pi 3 Model B+ equipped with 4 Cortex-A53 CPUs clocked
at 1,400 MHz, 1GiB of RAM, and running Raspberry Pi OS Lite (64-
bit). The Rust version is 1.84.1. Experiments were conducted using
single-threaded execution. Our indexes, both for the dense and the
sparse domain, were previously built on a more powerful server
with 512 GiB of RAM and 2 Intel Xeon Silver 4314 clocked at 2.4GHz,
with 64 total threads between physical and hyper-threaded ones.
Reproducibility. Source code is available on GitHub.!

3 Experimental Results

In our experiments, we evaluate the trade-off between search accu-
racy, i.e., the percentage of true nearest neighbors retrieved, and the
number of queries answered in a second (QPS) at a given accuracy
rate. The number of results retrieved is k = 10.

In Table 1, we report the retrieval results obtained with KANNoLo
on the two dense datasets in a range of accuracy between 91% and
99%. In Figure 1, we report the results of the retrieval performed
with both KANNoLo and Seismic on the sparse QUORA embeddings.

In all the tests, even on a low-resource device, we achieve hun-
dreds of queries per second at high accuracy (> 90%), with SErsmic
achieving over 1000 queries per second at up to 92% of accuracy.
kKANNoLo gives the only exception to this trend on SIFT1M, going
slightly below 100 queries per second for near-exact search (> 99%).

Table 1: kANNoLo, queries per second at different accuracy cutoffs.

Accuracy (%) 91 93 95 97 99
Quora (MiniLM) 315 288 263 216 119
SIFT1M 237 207 176 136 86
(& (©] @ Seismic
1000 @ kANNolo
o
800 ..
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Figure 1: KkANNoLo and SE1sMIC on QUORA (SPLADE-V3).
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3.1 Challenges

Results show two main challenges in deploying ANN search on
low-resource devices.
Memory Footprint of Dense Embeddings. Dense embeddings
typically require a higher dimensionality to achieve the same level
of expressiveness as their sparse counterparts, leading to a signifi-
cant memory footprint. In our experiments, although the Quora
dataset is roughly half the size of SIFT1M and the index built on its
dense embeddings employs the sparsest graph index among those
adopted (with only 16 neighbors per node), the high dimensionality
of these embeddings results in the largest index footprint across all
the indexes evaluated. The sparse embeddings—and consequently,
their corresponding index—have a significantly smaller memory
footprint, which translates into better overall search performance.
Challenges with Quantization. KANNoLo’s implementation of
product quantization (PQ) [7] heavily relies on AVX instructions
for pre-computing query-to-centroid distances. This table-based
approach, without support for optimized libraries such as BLAS [1]
and lacking the necessary hardware acceleration, becomes prohibi-
tively slow, especially on low-performance devices. Consequently,
we restricted our tests to using full vectors with half-precision
floats. Addressing this limitation is critical, as the potential memory
savings offered by vector quantization methods could enable the
efficient use of large, learned datasets on low-resource devices.
By outlining these challenges, our work sets the stage for future
improvements to better adapt ANN techniques for environments
with computational and memory limitations.

4 A Proposal for Future Work

Addressing the highlighted limitations is critical for efficient and
effective retrieval on low-resource devices. Improving encoder effi-
ciency could reduce the size of dense embeddings with minimal loss
of expressiveness. Potential enhancements to quantization tech-
niques include enabling hardware acceleration on low-resource
devices or developing alternative quantization methods that do not
depend on precomputed tables. These improvements would further
reduce the memory footprint of large, learned datasets and allow
the retrieval on affordable platforms, broadening the accessibility
and application of ANN techniques. Compression techniques will
become fundamental in this scenario. Further investigations could
explore the indexing phase, which imposes a substantial computa-
tional burden—particularly for graph indexes—thus representing a
critical area for optimization in low-resource settings.
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