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Abstract

The Information Retrieval community has a rich history of empirically measuring novel retrieval
methods in terms of both effectiveness and efficiency. However, as the search ecosystem continues
to rapidly develop, it is becoming difficult to empirically compare and contrast systems in a fair
way. Factors including hardware configurations, software versioning, experimental settings, and
measurement methods all contribute to the difficulty of meaningfully comparing search systems,
especially where efficiency is a key component of the evaluation. Fortunately, this is not a new
problem; many others have already considered these difficulties and proposed various solutions
to solve them. In this proposal, we briefly highlight some of the key issues that the community
faces with the state of benchmarking — especially in terms of what it means to be efficient —
and propose a new campaign for benchmarking the current state-of-the-art search systems in a
meaningful way. We hope to receive useful and actionable feedback on how the community can
collectively move forward in this challenging yet important direction.

1 Introduction

This document outlines a rough proposal for an efficiency-focused benchmark for modern Information
Retrieval (IR) systems. While number of prior efforts have been made in the broad direction of
comparing systems in a unified way, none have gained sufficient traction to be widely adopted (or
continued) in the field [4, 10, 11].} On the other hand, effectiveness leaderboards within IR — such
as the MS MARCO passage and document ranking tasks [5, 2]) — and efficiency efforts outside of
IR — like the ANN and the BigANN benchmarks [1, 19] — have achieved critical mass. Our aim is
to solicit community feedback and to try and converge on a benchmark task that will motivate wide
community participation in order to gain a clearer picture of the current state of modern IR systems.

2 Desiderata

While effectiveness measurement is fairly standardized (with some exceptions), it is often difficult to
compare efficiency characteristics in a fair and repeatable manner; differences in hardware, software,
measurement norms, treatment of data, and experimental settings mean that results for the same
system and experiment can often differ from paper to paper, and from group to group. Furthermore,
“efficiency” can mean a number of things [21, 3]. Traditionally, efficiency in IR has typically been
measured via the online processing latency (or perhaps throughput) and the total space occupancy of
the given system. More recently, however, other efficiency measures of interest have included the total
computational resources — measured in CPU cycles or energy consumption — as well as subsequent
CO2 emissions [18, 20] and even estimated water consumption [22]. Furthermore, the offline (training
and indexing) cost of most systems is typically considered less important than the online serving
efficiency.

LWe refer the reader to the work of Frébe et al. [8] who provide a detailed overview of these efforts.



The main goal of the proposed task is to facilitate a fair, reproducible comparison between the
efficiency and effectiveness characteristics of both traditional and modern retrieval and ranking mech-
anisms to provide a more detailed picture of their inherent trade-offs. It is our view that both efficiency
and effectiveness, together, are important factors that provide a snapshot of the total operating spec-
trum of interest (from highly efficient and less effective, to highly effective but less efficient, and
everything in between); any system on a Pareto frontier is presumably a system of interest in trad-
ing between those dimensions. However, while most current benchmarks are effectiveness-first (with
efficiency a secondary factor), what we are proposing here is an efficiency-first benchmark.

3 Tasks and Measurement

Typically, the “right” measurements and metrics depend on the task at hand. To begin with, we
propose the use of a small to moderately sized collection to lower the barrier to entry. Two such
exemplars are the MSMARCO-v1 collection (with around 3.2 million documents and 8.8 million passages)
[2] and the ISTELLA22 collection (8.4 million multilingual documents with the majority being Italian
and then English) [6]. Indeed, much recent research has been conducted on MSMARCO-v1, so a wide
range of competitive systems could easily be submitted. In both cases, suitable metrics can include
those evaluating candidate generation algorithms such as deep recall-based metrics, as well as shallow
final-stage ranking metrics like NDCG@10. Differentiating between early and late stages of retrieval
may provide further insights into system performance, as systems are often tailored towards a specific
part of the end-to-end search pipeline.

Efficiency measurement then becomes the main challenge. Both latency and computational foot-
print should be measured, to account for systems that heavily parallelize their execution to accelerate
latency. Space consumption can be readily measured via peak memory occupancy, index size, or both.
Furthermore, it would be beneficial to measure power consumption and emissions if possible, and a
number of open-source tools are readily available for instrumenting experiments in this way. A rela-
tively standard approach to facilitate such measurement involves supplying a large log of queries to a
system, and allowing them to be executed, with efficiency measurement being conducted across the
lifetime of the execution. Indexing cost could be measured in a similar way. Scalability — in terms
of measuring query throughput on a real-world query load — would be very useful to measure, but is
likely too difficult to simulate in the first instance of the benchmark due to engineering constraints.

4 Possible Approaches

Next, we outline some assumptions of our benchmark, and then briefly highlight a series of possible
approaches and their inherent trade-offs.

4.1 Assumptions

We make some basic assumptions regarding the benchmark.

1. We assume that some centralized and unified hardware/execution environment is available that
can run all submitted systems. The specifics of this hardware may depend on the approach
taken, but unified hardware is important for achieving a valid benchmark. It is also important
to consider CPU, GPU, and memory constraints that may limit participants with what they can
realistically submit.

2. We assume that effectiveness evaluation can be handled easily via existing evaluation tools and
libraries.

3. We assume that all participant systems will have efficiency measured through the implementa-
tion of specified functions (such as index(), search(), and evaluate()) that will incorporate
standardized measurement. This may be realized through the implementation of a container-
ized solution (such as a Docker image), similar to the “jig” tooling used in OSIRRC [4]. Tt is
important to standardize measurement to ensure sound experimental outcomes.



4.2 Approach 1: Maximal Freedom

The first possible approach, and the least restrictive, is to allow participants to access a raw collection,
build their systems, and submit them for measurement. A very small degree of standardization may be
applied (through the specific index(), search(), and evaluate() functions), allowing participants
to be free in their design and implementation (subject to the available hardware). However, this
approach means that any differences in the participants local environment (where they build and test
their system) and the benchmark execution environment may result in a number of problems from
software or hardware incompatibilities, possibly voiding measurements. One possible remedy here is
to provide each participant with access to a standardized system (such as an AWS instance), but this
may not scale well in terms of cost.

4.3 Approach 2: Constrained Inputs

The first approach also suffers from a lack of standardization on how the input data is processed, which
may also impact both efficiency and effectiveness comparisons. The second approach is a slightly more
constrained version of the first, which aims to remedy this issue. The idea is to also constrain the input
of each system, to allow for simpler and more fair comparisons. Constraining the input may involve
using existing tooling such as ir_datasets [13] with a specific set of pre-processing rules to ensure all
systems ingest the same plain/raw data.

4.4 Approach 3: Pre-Indexing

Taking the prior approach one step further, participants could provide their system and a pre-built
index to offload computation from the shared hardware. The downside of this approach is that instru-
menting the efficiency of the indexing stage would not be feasible, as participants would be expected
to build indexes on their own hardware. Similarly, building and shipping large indexes may increase
the barrier to entry for some groups.

4.5 Approach 4: Coupling with TIREx

Recently, [8] proposed the Information Retrieval Experiment Platform (TIREx) which aims to provide
a standardized environment for reproducible and scalable research. In particular, TIREx solves many
of the aforementioned problems regarding standardization by providing a unified environment and
approach for running end-to-end experiments based on TIRA [9, 7]. TIREx provides a way of executing
Docker images on data, including integration with existing tooling such as ir_datasets [13], ir_measures
[14], and PyTerrier [16, 15]. The main barrier with this approach is how efficiency measurement can
be incorporated into TIREx, and the possible lack of hardware configuration available. However,
a recent NLP-focused evaluation-as-a-service framework [12] has successfully incorporated efficiency
measurement, so this may not be a barrier.

A secondary version of this approach is to structure our own measurement tooling around the TIREx
framework (in terms of the images and the expected API), but handle the efficiency measurement on
other hardware. Further discussion with the TIREx maintainers is required to better understand
whether each of these approaches are feasible, and the possible limitations therein.

5 Limitations and Future Work

The main aim of this proposal is to start small with a feasible benchmark/challenge that will interest
— and be accessible to — the community. As such, there are many limitations and ideas that might
be worth considering in future iterations; some of these are described here.

5.1 Hardware and Cost

One very real problem with a unified hardware environment is ensuring that there is sufficient time
and resources available to run all of the submitted systems. It is unclear whether the computational
burden of running, say, 50 unique systems from end-to-end will be too large for a single environment,
especially if they are quite heavy systems. It is possible to employ a uniform environment that can be



readily scaled (like providing a common Amazon EC2 instance to participants [11]) but it is unclear
who should (or willl) pay for those instances. Similarly, if different instances are required to support
varying levels of memory, CPU, and GPU capacity, moving beyond pure efficiency measurement to a
more uniform cost-per-query approach may be necessary Santhanam et al. [17].

5.2 Multi-Dimensional Measurement

As discussed previously, efficiency has many dimensions. Deciding on what to measure (and in which
context to measure it) is still an open question. One possible solution is to have a number of distinct
challenges that limit resources in different ways, allowing in-class comparisons to be made meaningfully.

5.3 Tasks and Data

With a number of possible tasks and collections available, our focus was to select existing datasets that
are large enough to be interesting from an efficiency standpoint, yet small enough to reduce the barrier
of participation. However, it would be ideal to expand the benchmark to other (and possibly larger)
collections in the future. In particular, many modern IR systems perform well on simple unstructured
passage retrieval tasks; however, learning-to-rank systems are still strong competitors on collections
containing rich structural features [6].

5.4 Implementation Details

A final shortcoming is that different implementations will result in different empirical performance
due to aspects such as the programming language, engineering effort, specific optimizations, and so
on. While it is not possible to handle these differences, we suggest that each participant can provide
nuanced information on these details, thereby allowing a clearer picture of the trade-offs to be made.

6 Break-Out Session and Suggestions

We have provided a sketch of some possible approaches that could be used to benchmark IR systems,
each with their own trade-offs. Please reflect on these approaches and provide your feedback. We have
included some questions below to help you get started.

e Are you interested in participating in this sort of benchmark?

e Are there any barriers prohibiting your participation? If so, what are they?

Would you like to be involved in organizing or running this sort of benchmark?

Would you be likely to submit a system to a 2024 version of this benchmark challenge?

What do you consider the most important efficiency dimensions to measure?
e Do you have any alternative suggestions or thoughts on these approaches?

Please take some notes and share them with the track organizers at the conclusion of the break-out
session, or record them here: https://forms.gle/yDkmRZMJIsB7LJIXY76.


https://forms.gle/yDkmRZMJsB7LJXY76
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