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Abstract

We present an index lake for Anserini: a remote index representation
of all inverted indexes from Anserini’s reproducibility suite. Each
index is represented as a set of Parquet files on remote object storage,
and retrieval is performed through SQL with DuckDB. Through
an extensive benchmark of 239 experiments across 50 collections,
we empirically confirm our results are consistent with Anserini’s.
We analyze query latencies over the index lake and conclude that
(1) most experiments can be run relatively efficiently, requiring
only a couple of seconds per query; and (2) for large collections
and learned sparse indexes, queries suffer from increased latency
due to high overhead. We are also able to reduce total network
transfer, since (1) index lakes are smaller than the corresponding
prebuilt Lucene indexes; and (2) up to 90% of the index can be
skipped by pushing filters on the postings table to the data lake.
The index lake increases reproducibility and makes it easier to run
new experiments on standard test collections and prebuilt indexes.
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1 Introduction

The inverted index is the data structure at the heart of modern
retrieval systems. Lately, researchers have started sharing indexes
built for their experiments with the community [7, 8]. This serves
two purposes: (1) by sharing the index, other research groups can
reproduce the experimental findings of a paper much more easily,
and (2) the prebuilt index can be used for follow-up experiments
by other groups. This reuse reduces the entry-level cost of getting
started with a new collection, and promotes Green IR [12]. The
latter is especially important with the ever-increasing number of
test collections (with different purposes like question answering or
retrieval-augmented generation) and especially the rise of costly
neural retrieval models like dense or learned sparse retrieval (LSR).
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The Anserini [16] team has built an extensive reproducibility
suite around standard IR test collections and popular retrieval mod-
els, sharing prebuilt Lucene indexes for many collections from the
MS MARCO [10], BEIR [15] and BRIGHT [14] benchmarks (as well
as the smaller CACM test collection [1]). This includes lexical in-
dexes used for models like BM25, but also vector indexes for dense
retrieval and inverted indexes with quantized LSR representations.
Still, running the reproducibility experiments (and running follow-
up experiments with new query sets) requires downloading the full
index and processing the queries with Anserini. For most topic sets,
the overhead of downloading the index remains costly, given that
usually most terms in the index do not occur in any of the queries.

In this paper, we introduce a different way of using Anserini’s
prebuilt indexes. We build on the idea of the remote index [2], in
which inverted indexes are stored as Parquet files on remote object
storage. Each inverted index shared by Anserini is converted into
this generic format and shared in a public S3 bucket, turning any
analytical query engine that can read Parquet files from remote
object storage into an advanced retrieval system. To make the
indexes easy to use, we expose them publicly as a DuckLake (the
data lake format developed by the DuckDB team [11]). The data
lake includes the topics (both raw and pretokenized) and associated
qrels for each collection, and exposes macros for simplified retrieval
(see Section 2.4). We refer to such a collection of remote indexes,
distributed through a data lake architecture, as an index lake.

In our case, we release a public index lake for Anserini, which in
total contains 164 inverted indexes for 50 collections. In a series of
239 experiments, we empirically verified that our evaluation results
are consistent with those of Anserini’s reproducibility benchmark.
In the rest of the paper, we describe the index lake (including how it
can be used) and show how it can reduce the barrier for running IR
experiments — both in ease-of-use and in reduced network traffic.!

2 The Index Lake
2.1 Inverted Indexes

To recreate Anserini’s reproducibility benchmark as a data lake,
we downloaded all prebuilt Lucene indexes from Anserini’s Hug-
ging Face datasets page.? This includes lexical indexes (denoted by
Anserini as inverted) and inverted indexes with quantized impact
scores for models like SPLADE-v3 [5] and uniCOIL [6] (denoted as
impact). We disregard positional indexes, as Anserini does not use
positions for sparse retrieval in its reproducibility benchmark. Fi-
nally, dense retrieval is hard to frame efficiently in terms of remote
queries, as it requires access to all vectors of potentially relevant

!Instructions on using the index lake can be found in our Git repository: https://gitlab.
science.ru.nl/informagus/anserini-index-lake
https://huggingface.co/castorini/datasets; download URLs were extracted from https:
//github.com/castorini/anserini/tree/81181940/src/main/resources/prebuilt-indexes.
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Table 1: Tables included in the index lake. Each table consists of several Hive-partitioned Parquet files, where each partition
contains a single Parquet file. Individual Parquet files are sorted by the columns in bold.

Table name  Partition columns Parquet file columns #files  #rows
documents collection docid, id 50 476.8 M
postings collection, representation, field term, docid, tf 189 177.2B
lengths collection, representation, field docid, length 112 1.1B
topics collection, topics_key, representation qid, query 263 408.2K
grels collection, eval_key gid, id, label 82 3.1 M
exclusions collection, topics_key qid, id 3 1.3 M

documents. Therefore, we do not include Anserini’s vector indexes,
but we do intend to revisit dense retrieval in future work.

The downloaded indexes were transformed into the Parquet-
based remote index format [2], creating a single Parquet file for
each field in the index. To ensure we could reproduce Anserini’s
evaluation results, Lucene’s document lengths were also exported
(for the lexical indexes). For collections with multiple indexes (e.g.
a lexical and an LSR index, or a flat and a multifield index), internal
document identifiers were reassigned to be consistent across in-
dexes, such that multiple retrieval models could be combined during
ranking without having to look up the TREC ID intermediately.

2.2 Test Collections

Anserini also includes topics and grels for a large number of stan-
dard test collections. To enable full reproducibility using the in-
dex lake only, it also includes these topics and relevance assess-
ments.® Unfortunately, Lucene’s default analyzer depends on com-
plex, Unicode-based word boundary detection, and as such is diffi-
cult to replicate using SQL only. The same holds for LSR models that
require queries to be encoded before performing retrieval. Besides
the raw queries, we therefore also include pretokenized queries that
have been preprocessed with Anserini’s DumpAnalyzedQueries
tool, as well as cached versions of the LSR-encoded queries.*
Some BRIGHT collections have lists of documents to be excluded
for certain queries. These lists are also included in the index lake.

2.3 Metadata Catalog

All tables are represented as Parquet files with V2 encodings, ZSTD
compression, and DuckDB’s default row group size of 122,880. Each
file is sorted to enable predicate pushdown and/or compression
(e.g. the postings table is sorted on term to support efficient filter
pushdown, and then on docid to enable gap encoding).

The tables are Hive-partitioned on columns like collection
and representation (putting these values in the file path, rather
than the Parquet file) to clearly separate the indexes and enable
file pruning when performing retrieval over a specific index. The
resulting files are all imported into a DuckLake® data lake catalog.
Table 1 shows the full schema of the index lake.

The index lake is distributed as a “frozen DuckLake”: all metadata
is contained in a small, read-only DuckDB database file in the

3Downloaded from https://github.com/castorini/eval, commit 66cc4c7.

4Note that new or external query sets or encoders can easily be run over the index
lake as well, provided that they are tokenized similarly to the corresponding index.
Shttps://ducklake.select/

same S3 bucket as the data files. This allows users to connect from
DuckDB with a single ATTACH statement:

ATTACH 'ducklake:s3://<bucket>/anserini-indexes.ducklake';

Full instructions on connecting and using the index lake can be
found in our Git repository.®

2.4 Retrieval

Retrieval can be performed through SQL, following previous work
on retrieval using relational databases [4, 9]. When using the index
lake, this means we download the relevant postings for the query
terms and perform ranking locally. For BM25 queries, we count the
number of fetched postings to compute document frequencies, and
we join the postings with the lengths table:

SELECT docid, tf, length,
count(*) OVER (PARTITION BY term) AS df
FROM postings NATURAL JOIN lengths
WHERE term IN ('query', 'terms')
AND collection = '<collection>'
AND representation = '<representation>'
AND field = '<field>';

Scores are computed following Lucene’s implementation of BM25:

SELECT docid, sum(
In(1 + (num_docs - df + @.5) / (df + @.5)) * tf /
(tf + k1 x (1 - b + b x (length / avg_length)))
) AS score,
FROM filtered_postings
GROUP BY docid
ORDER BY score DESC;

The constants num_docs and avg_length are computed on the
fly, where num_docs can be fetched from the data lake’s metadata
catalog and avg_length is computed from the relevant rows from
the lengths table (which are downloaded anyway).

Retrieval over quantized impact scores (stored in the tf field) is
more straightforward, and does not require the lengths table:

SELECT docid, sum(tf) AS score
FROM filtered_postings

GROUP BY docid

ORDER BY score DESC;

®https://gitlab.science.ru.nl/informagus/anserini-index-lake


https://github.com/castorini/eval
https://ducklake.select/
https://gitlab.science.ru.nl/informagus/anserini-index-lake

Geese Belong in (Data) Lakes: An Index Lake for Anserini

Table 2: Total size (in GB) of all inverted indexes per bench-
mark. Lucene is the prebuilt index provided by Anserini;
Parquet is the same index, converted to the Parquet-based
remote index format; DuckLake merged all Parquet indexes
into the format shown in Table 1.

Benchmark Lucene Parquet DuckLake
BEIR [15] 133 35 34
BRIGHT [14] 1.6 0.59 0.56
MS MARCO [10] 307 232 197

For increased usability, the index lake also exposes macros that can
be called directly. These include tokenize for splitting a (possibly
pretokenized) query into a set of query terms and frequencies, and
score_bm25 and score_impact for performing retrieval over a
specific index. The full list of supported macros and their arguments
can be found in the Git repository.

3 Experimental Results
3.1 Index Size

First, we consider the difference in index size between Anserini’s
prebuilt indexes and the index lake. Table 2 shows the total size
of all included indexes per benchmark. Clearly, the indexes in the
index lake are much smaller than the distributed raw Lucene in-
dexes. For some collections, this makes sense: if the Lucene index
contains a forward index alongside the inverted index, it will be
much larger. However, for other collections, Anserini shares both
the full index and a s1im version, which contains the inverted index
only. Since we are only performing sparse, single-stage retrieval, we
only used the smaller slimindex in such cases. For the MS MARCO
collections, the DuckLake versions of the indexes are still over 40%
smaller than the s1im Lucene indexes (44 GB compared to 75 GB),
confirming earlier findings that the generic tabular format of the
remote index tends to be smaller than dedicated inverted index for-
mats [2]. This is especially useful as the index needs to be fetched
from remote storage, while a local system (like Lucene) might favor
more lightweight compression to speed up decompression.

3.2 Effectiveness

To ensure correctness of both the converted test collections and
our implementations of the relevant retrieval models, we replicated
all 239 Anserini runs that used one of the prebuilt indexes also
included in our index lake. We then computed the associated metrics
using trec_eval (following the definitions stated in Anserini’s
reproducibility suite) and compared them to the scores expected
by Anserini. The total number of collections, topic sets and runs
per benchmark is shown in Table 3.

For all impact-based retrieval models (i.e. SPLADE and uniCOIL),
we obtain the exact same scores as the expected ones. This makes
sense, as these models only depend on integer multiplications and
are less likely to be affected by rounding differences or numerical
instabilities. For our BM25 runs (including BM25F), metric scores
differ by at most 0.01, likely caused by small rounding differences
between Lucene’s Java implementation and DuckDB’s underlying
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Table 3: Number of collections, topic sets and total number
of experiments executed per benchmark.

Benchmark # collections  # topic sets  # runs
CACM [1] 1 1 1
BEIR [15] 29 29 116
BRIGHT [14] 12 12 24
MS MARCO [10] 8 20 98
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Figure 1: Average query latency per experiment, depending
on the index size. Lexical indexes are represented with e, LSR
indexes with X. Marker size reflects the average query length.

C++ implementation. In our opinion, this difference is acceptable
(and expected) when running the exact same queries in different
languages. We conclude that Anserini’s inverted-file-based repro-
ducibility benchmark is fully replicated in the Anserini index lake.

3.3 Query Latency

The remainder of our experimental results focus on the efficiency
of running IR experiments (i.e. reproduction studies or new query
sets) over the index lake. To improve the robustness of our latency
measurements, we ran each query three times and report the median
latency. Figure 1 shows the average latency of queries for each
collection, as a function of the index size.

Over 95% of the queries can be answered within 10 seconds. Some
of the queries run for much longer, though - especially when com-
bining larger collections (like MS MARCO v2.1) with long (natural
language) queries (e.g. TREC RAG). LSR models (and SPLADE-v3
in particular) can increase the query latency by a factor of almost
500, since they (expectedly) increase the size of the index and the
length of the queries. In fact, some queries can take up to half an
hour, due to an inefficient physical layout of the postings table.
We discuss this observation in more detail in Section 4.

Note that the median latency is roughly 20% lower than the mean
latency, on average. This is likely caused by two factors: (1) the first
couple of queries start from a cold cache, and subsequent queries
can benefit from data cached for previous queries (such as the
Parquet metadata, the lengths or documents table, or postings for
a term that appeared previously); and (2) most queries execute in a
reasonable amount of time, but the average is influenced heavily
by a few expensive queries that require many postings.
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Figure 2: Index coverage (number of row groups fetched) for
each experiment. Lexical indexes are represented with ¢, LSR
indexes with X. Marker size reflects the number of topics.

3.4 Index Coverage

While the average latency is acceptable for most queries, some
of the test collections contain thousands of topics, and running
the full experiment may be costly. We can instead use the remote
index in a hybrid fashion by first transferring part of the tables and
then running queries locally. To evaluate how well this could work,
Figure 2 shows the index coverage (i.e. the total fraction of row
groups fetched after running all queries) for each experiment.

For many of the smaller collections, index coverage is (close
to) 100%. This makes sense, as the postings are spread out over a
few row groups only, such that each row group contains a wide
range of vocabulary terms and is more likely to contain any of the
query terms. For the larger MS MARCO collections, index coverage
drops significantly. Even the larger dev collections (which contain
thousands of queries) only touch at most 80% of the index. For
smaller test collections with few and/or short queries (like TREC
DL), less than 10% of the index is needed.’

Again, we see that LSR models read more of the index than lexi-
cal retrieval, primarily due to the additional query terms introduced
during query encoding. Some LSR models offer variants that only
apply term (e.g. SPLADE-v3-Lexical) or skip query encoding alto-
gether (SPLADE-v3-Doc). Such models would likely improve query
latency, but have been shown to be slightly less effective.

4 Discussion

The remote index lends itself well to experiments over small query
sets or collections. For larger collections (and especially LSR-based
retrieval), retrieval may be relatively slow for running larger bench-
marks: running a single experiment on a larger benchmark may
take over 13 hours. Still, in that case, the tabular Parquet-based
format easily allows researchers to download only the subset of
postings they need (pushing filters on the term column into the
data lake), and either import it into a local search engine or simply
run the same ranking queries locally (with lower overhead).

One reason that retrieval may be costly is an inefficient phys-
ical layout of the postings table — particularly, the row group
size. Large row groups can be read more efficiently because larger
chunks of data are transferred at a time, while smaller row groups

"For example, running the TREC DL’19 topics on the msmarco-v1-doc-segmented
index reads only 351 MB of Parquet data, while the full Lucene index is over 3.3 GB.
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can support more fine-grained filter pushdown, reducing the total
amount of data read. DuckDB’s default row group size seems to be
too low for our (efficiently encoded) term, docid and tf columns:
the average size is only ~169 kB, resulting in severe fragmentation
of the Parquet file. Each row group (or column chunk) is also fetched
independently, causing thousands of tiny GET requests instead of
a few larger requests that fetch multiple row groups at a time.®
Additionally, each index is represented using a single Parquet file,
which can easily grow to dozens of gigabytes for large collections.
At some point, the Parquet metadata grows significantly (especially
with many small row groups), causing additional overhead for each
query. Splitting such large files into multiple files could also increase
efficiency - especially since DuckLake can filter out irrelevant files
at the metadata layer using file-level min/max statistics.’
Efficiency aspects aside, our index lake mainly suffers from two
limitations. For one, we cannot (easily) replicate the required tok-
enizers from within SQL — neither Lucene’s standard tokenizer nor
the LSR encoders. However, to increase usability, it would be im-
portant to support tokenization through the index lake as well. The
generic vocabulary-based tokenizer for index exchange [3] could
be implemented, but unfortunately does not work with stemmed
indexes. We aim to expose access to Lucene’s tokenizer and LSR
encoders through a DuckDB community extension in future work.
Finally, we only considered inverted-file-based retrieval in this
work, skipping the (non-negligible) subset of Anserini’s repro-
ducibility suite related to dense retrieval. While we could share
embeddings as Parquet files in remote storage, retrieval over them
would be inefficient. Dense retrieval over remote and hybrid indexes
is part of ongoing research, in which inverted-file-based approxi-
mate nearest neighbor search [13] seems a promising direction.

5 Conclusion

This paper documents the public Anserini index lake for all pre-
built inverted indexes from Anserini’s reproducibility suite. We
verified that the collections are represented correctly and produce
correct results grounded in the reproducibility suite. While latency
is acceptable for most small-to-medium-sized collections, some of
the larger indexes are too large or fragmented to support retrieval
experiments in reasonable time (instead running for over 13 hours)
- though such experiments could still be supported by downloading
the relevant set of postings and running the full experiment locally.

We aim to improve the efficiency of the index lake in future work
by optimizing the physical layout of the Parquet files. We also intend
to provide DuckDB bindings for the relevant tokenizers, to reduce
the dependency on cached, pretokenized queries. Finally, we will
consider how to integrate dense retrieval into the remote index to
eventually support the entire Anserini reproducibility benchmark.
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