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ABSTRACT

Neural approaches that use pre-trained language models are ef-
fective at various ranking tasks, such as question answering and
ad-hoc document ranking. However, their effectiveness compared
to feature-based Learning-to-Rank (LtR) methods has not yet been
well-established. A major reason for this is because present LtR
benchmarks that contain query-document feature vectors do not
contain the raw query and document text needed for neural models.
On the other hand, the benchmarks often used for evaluating neural
models, e.g., MS MARCO, TREC Robust, etc., provide text but do not
provide query-document feature vectors. In this paper, we present
Istella22, a new dataset that enables such comparisons by provid-
ing both query/document text and strong query-document feature
vectors used by an industrial search engine. The dataset consists
of a comprehensive corpus of 8.4M web documents, a collection
of query-document pairs including 220 hand-crafted features, rel-
evance judgments on a 5-graded scale, and a set of 2,198 textual
queries used for testing purposes. Istella22 enables a fair evaluation
of traditional learning-to-rank and transfer ranking techniques on
the same data. LtR models exploit the feature-based representations
of training samples while pre-trained transformer-based neural
rankers can be evaluated on the corresponding textual content of
queries and documents. Through preliminary experiments on Is-
tella22, we find that neural re-ranking approaches lag behind LtR
models in terms of effectiveness. However, LtR models identify the
scores from neural models as strong signals.
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1 INTRODUCTION

Inrecent years, interest in neural Learning-to-Rank (LtR) approaches
based on pre-trained language models has grown. These techniques
have been demonstrated to be very effective at various ranking
tasks, such as question answering and ad-hoc document ranking.
The main reason of this success is the ability of deep neural net-
works to understand complex language patterns and learn to extract
features from text that allow them to match queries and documents
by abstracting from their lexical representation. In the same time
frame, feature-based LtR methods reached maturity, and research
on this area focused primarily on specific aspects such as efficiency
[10, 39, 45, 46, 74, 80], diversification [70], permutation-invariant
models [62, 64]. An investigated topic in feature-based LtR was also
how to reduce the performance gap between neural and ensemble-
based models [66].

These two research areas progressed almost entirely disjointly
and the effectiveness of neural LtR approaches compared to tradi-
tional feature-based LtR methods has not yet been well-established.
A major reason that left the two areas well separated is the lack
of publicly-available datasets enabling a direct comparison: LtR
datasets providing query-document feature vectors do not con-
tain the raw query and document text needed for neural models;
viceversa, the benchmarks for evaluating neural models provide
text but not query-document feature vectors. This resource paper
bridges the gap between the two worlds by providing Istella22, the
first comprehensive dataset including a common test set of both
query/document text and strong query-document feature vectors
used by an industrial search engine. Our aim is that the resources
provided with Istella22 will help to advance research on the inte-
gration of text-based and feature-based LtR methods. In summary,
the novel contribution of this paper is the following:

e We contribute the Istella22 dataset, a novel public resource con-
sisting of a comprehensive corpus of 8.4M web documents, a
collection of query-document pairs including 220 hand-crafted
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features, relevance judgments on a 5-graded scale, and a common
set of 2,198 textual queries used for testing purposes.

e We provide a detailed analysis of the resources made available
in Istella22 compared to those previously available and used in
the LtR research community.

e We report a preliminary comparison of the performance of tra-
ditional and neural re-ranking LtR methods applied to the web
documents/queries made available in Istella22. Results show that
neural re-ranking approaches lag behind traditional LtR models
in terms of absolute performance. However, LtR models identify
the scores from neural models as strong signals.

The rest of the paper is organized as follows. In Section 2 we
discuss the state of the art methods for traditional and neural LtR
methods. Section 3 details the Istella22 dataset and reports some
statistics about its content, while Section 4 provides an compar-
ison of Istella22 with respect to other publicly-available dataset
in the two fields. Moreover, Section 5 discusses the utility and the
practical implications of the new dataset and Section 6 presents
a preliminary comparison of the performance of traditional and
neural LtR techniques. Finally, 7 concludes the work and draws
some future lines of investigation.

2 RELATED WORK

Learning-to-Rank (LtR) is a vast research area where several ma-
chine learning techniques have been proposed to rank the doc-
uments matching a query as established by a large supervised
training set. These approaches solve the problem starting from
query-document representations based on handcrafted features.
More recently, new neural approaches have also shown to be ef-
fective in solving the task. In contrast with the older ones, some
of these techniques exploit the text of both the query and the doc-
ument directly to extract meaningful features and compute the
relevance of the query w.r.t. to a document, e.g., pre-trained trans-
formers [30]. In the following, we present a brief overview of the
two families of techniques: traditional learning-to-rank methods
based on handcrafted features and neural text-based approaches.

Learning to Rank with feature-based representations. Effective LtR
algorithms have been proposed in the past to train complex models
able to precisely rank the documents matching a query [41]. These
algorithms learn a ranking model from a ground truth containing
several examples consisting of a feature-based representation of
a query-document pair and an associated relevance score to be
predicted. RankNet [6] leverages a probabilistic ranking framework
based on a pairwise approach to train a neural network. The differ-
ence between the predicted scores of two different documents is
mapped to a probability by mean of the sigmoid function. Hence,
using the cross-entropy loss this probability is compared with the
ground truth labels, and Stochastic Gradient Descent (SGD) is used
to minimize this loss. FRank [75] exploits a generative additive
model and substitutes the cross-entropy loss with the fidelity loss, a
distance metric adopted in physics, superior to cross-entropy when
applied on top of the aforementioned probabilistic framework since
1) has minimum in zero, 2) is bounded in [0, 1]. Neither RankNet
or FRank directly optimize a ranking metric, e.g., NDCG, and this
discrepancy weakens the power of the model. Since ranking met-
rics are flat and discontinuous, their optimization within the loss
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function is troublesome. To overcome this issue, LambdaRank [8]
heuristically corrects the RankNet gradients by exploiting the rank
position of the document in the overall sorting: it multiplies the
RankNet gradient with a term that measure the increase in NDCG
when switching the terms, generating the so called A-gradients.
State-of-the-art LtR models include those based on additive ensem-
bles of regression trees learned by Multiple Additive Regression
Trees (MART) [31] and A-MART [7, 78] gradient boosting algorithms.
A-MART [7] combines the successful training methodology provided
by A-gradients with MART. Currently, ensemble of regression trees
are the most effective solution among LtR techniques when dealing
with handcrafted features. Since such ranking models are made of
hundreds of additive regression trees, the tight constraints on query
response time require suitable solutions able to provide an optimal
trade-off between efficiency and ranking quality [10, 32, 45].

Neural Ranking with text representations. In contrast with feature-
based learning-to-rank, neural ranking approaches often encode
and compare query and document text directly using neural net-
works to estimate relevance. Early work used binary character
n-gram occurrences [35] and static word embeddings [33] as in-
puts with some success, but considerable improvements were made
once contextualized embeddings (e.g., such as those produced by
transformer-based language models like BERT [30]) were intro-
duced (e.g., [55, 59]). The first works in this area focused on jointly
modeling the query/document representations and relevance scores,
and have been shown to generalize well across datasets/domains
(e.g., [50, 81]) and languages (e.g., [54, 71]). Despite the demand-
ing computational costs of these models at query time [34], the
costs can still be managed when such systems are deployed at
scale [77]. Nonetheless, there has been a strong focus recently to
improve the efficiency of these models, mostly by pre-computing
representations [53], performing approximate nearest neighbor
searches over these representations (e.g., [36, 38]), and through
learned query/document rewriting (e.g., [28, 61]).

Neural Ranking with feature-based representations. Some recent
work in LtR aims at defining novel neural networks addressing the
ranking problem by learning a model from a ground truth based on
query-document vectors of handcrafted features. In this line, recent
approaches exploit attention [76] to learn effective neural networks
for ranking. Pasumarthi et al. propose ATTN-DIN, a new approach
that exploits self-attention item interaction networks for ranking
under the multivariate scoring paradigm [64]. ATTN-DIN can auto-
matically learn permutation-equivariant representations, i.e., the
scores it produces do not depend from the position of the items
in the input, to capture item interactions without any auxiliary
information. A second contribution exploiting neural networks and
attention is SETRANK by Pang et al. [62]. SETRANK is a self-attention
network that satisfies the permutation-equivariant requirement.
SETRANK is able to capture both the local context information from
the cross-item interactions and to learn permutation-equivariant
representations for the items. More recently, Qin et al. provides a
novel architecture that exploits self-attention to model list-wise
ranking data as context [66]. Authors also propose to use latent
cross [64], i.e., the concatenation between item feature and context
feature, to effectively generate the interaction of each item and its
list-wise context. Despite their novelty, the above techniques do not
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Table 1: Statistics of the Istella22 datasets.

Collection # Documents 8,421,456
# Text queries 2,198
Test Set # Relevant Documents 10,693
# Query-Document Vectors 1,501,704
# Queries 44,249
Train Set # Relevant Documents 206,706
# Query-Document Vectors 8,349,810
# Queries 11,005
Validation Set  # Relevant Documents 51,362

# Query-Document Vectors 2,062,424

improve ranking performance when compared with strong A-MART
implementations, as the ones provided by the LightGBM [37] and
XGBoost [12] libraries. Recent work in the learning to rank field
thus focus on filling the performance gap between state-of-the-
art approaches based on ensembles of regression trees and neural
networks [66].

Novelty of this work. To the best of our knowledge, this is the first
contribution that presents a novel dataset bridging the gap in the
evaluation of two parallel research lines, i.e., LtR techniques exploit-
ing feature-based query-document representations and neural LtR
approaches exploiting directly the textual content of both query and
documents. Istella22 is a novel dataset composed of a document col-
lection, a set of query-document vectors, and a common test set of
textual queries with relevance judgements. The three parts together
allows for a comprehensive experimental analysis of traditional
and neural learning to rank techniques. We exploit the dataset to
run a preliminary analysis of the performance of a well-known
state-of-the-art LtR technique, namely A-MART against techniques
based on pre-trained transformers. We report on the preliminary
results achieved and we outline some possible directions for future
research enabled by the provided dataset.

3 THE ISTELLA22 DATASET

The new Istella22 dataset is a novel resource enabling a comprehen-
sive evaluation of the performance of feature-based and text-based
techniques for Learning to Rank. It is composed of three parts: i) a
collection of multi-lingual web documents, ii) the text and feature-
based representations of a common test set of queries and associated
relevance judgements over documents belonging to the collection,
and iii) the feature-based representation of train and validation sets
derived from the collection. Table 1 reports some statistics of the
dataset.

3.1 Document Collection

The document collection provided with the Istella22 dataset is pro-
duced starting from a bigger collection of 5B documents crawled in
the past by the Italian Istella search engine!. We employ an avail-
able set of queries sampled from the search engine query log to

!https://www.istella.it/en/
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Table 2: Top-5 languages in the document collection.

Language # Documents %
Italian 4,575,131  54%
English 2,570,253  31%
Spanish 266,660 3%
French 213,129 3%
German 112,916 1%
Other languages 423,608 5%
Unknown 259,759 3%

retrieve, for each query, a list of documents from the Istella produc-
tion backend. The documents collected in this way contribute to the
definition of the novel collection of 8.5M multi-lingual unique web
documents. Table 2 reports the top-5 languages of the documents.
More than 50% of the collection consists of documents written in
Italian, while about 30% of it are in English, 1% of it are in Ger-
man and, 3% of it are in Spanish and French, respectively. Other
languages account for about 5% of the collection. The language of
the documents have been identified using the Compact Language
Detector (CLD) v3 library?. The CLD library was not able to assign
a language for 3% of the documents in the collection.

Available Resources. The document collection is released to the
public as a single JSON file. All documents in the Istella22 dataset are
already pre-processed. We remove HTML tags by using the Istella
internal document processing pipeline. For each document, we
release seven fields: doc_id, url, title, text, extra_text, lang,
and lang_pct. The seven fields provide the following information:

e doc_id: The document identifier.

url: The URL of the original document.

title: The title of the document extracted from the corre-

sponding HTML <title> tag.

o text: The text of the document contained in the HTML
<body> tag. In details, the text in this field comes from HTML
<p> tags contained in the body of the document.

e extra_text: The text of the document contained in the

HTML <body> tag but outside HTML <p> tags.

lang: The language detected by the CLD library.

lang_pct: The confidence (%) of the language detection tool

in assigning the language.

Figure 1 presents the distribution of the number of tokens in
the three textual fields. As is typical, titles are relatively short (a
median of 9 tokens) and roughly follow a normal distribution. The
two text fields can get substantially longer and exhibit a long tail.
The medians number of tokens for text and extra_text are 297
and 275 tokens, respectively. The text field has a sizable number
of documents with no tokens (5.9%), meaning that they contain no
text within paragraph tags.

3.2 Test Queries and Relevance Judgements

The Istella22 dataset provides a common test set of queries for
experimenting feature and text-based LtR methods. These queries

Zhttps://github.com/google/cld3
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Figure 1: Distribution of the number of tokens in textual
fields. For text and extra_text, we cap the distribution at
the 95th percentile due to the long tail of values.

have been randomly sampled from a historical query log of the
Istella search engine and come with human-assessed relevant doc-
uments judged by the company expert annotators. We remove
single-term queries, adult content and sensitive personal informa-
tion. We explicitly remove one-term queries to favor informational
and transactional queries over navigational ones.

The resulting test set consists of 2,198 queries. As for documents,
queries are mostly in Italian or English. Figure 2 reports the dis-
tribution of queries per number of terms in the query. In detail,
queries made up of 2 and 3 terms account for about 70% of the
test set, and the percentage raises up to 88.3% if we consider also
queries of 4 terms.

The test queries come with a set of 10,693 relevance judgements.
On average, each test query is associated with 4.8 relevant docu-
ments. Relevance judgements are distributed on a 5-graded scale
ranging from 0 (irrelevant) to 4 (perfectly relevant).

Available Resources. Test queries are released in a JSON file, mak-
ing them easy to use in various retrieval systems. For each query,
we provide two fields: query_id, text. The former is a unique in-
teger identifier of the query, and the latter is the text of the query
(converted to lower case and with punctuation removed). Relevance
judgements (qrels) are released as a separate TREC-formatted qrels
file3. Each line in the file maps a query identifier and document
identifier to an integer relevance score.

3https://trec.nist.gov/data/qrels_eng/
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Figure 2: Distributions of the test queries per number of
terms in the query.

3.3 Query-Document Feature Vectors

The Istella22 dataset comes with three sets of query-documents
feature vectors for training, validation and test, where the feature-
based test set exactly overlap with the text-based one. The three sets
of query-document vectors are made up of 220 handcrafted features.
The features released belong to four main categories: query features,
document features, query-document features and proximity-based
features. An example of a feature belonging to the first category is
query length, i.e., the number of terms in the query. In the second
category we have for example pagerank, i.e., the pagerank score
associated with the document, while an example in the third cate-
gory is the BM25 score [68]. For the latter category, an example is
the longest common subsequence [3], i.e., the length of the longest
subsequence of query terms occurring in the document.

Query-document pairs have been selected starting by train, val-
idation and test queries by using the Istella search engine infras-
tructure. The query processing pipeline of Istella is made up of
two ranking stages where a first, fast and recall-oriented stage re-
trieves a list of candidate results that are then re-ranked by a second,
machine-learned and precision-oriented ranker. Query-document
vectors for test queries are generated for the top-1,000 documents in
the Istella22 collection returned by the first-stage ranker. For each
test query, we also add to this set the feature vectors corresponding
to the missing relevant documents for the query if not retrieved
by the first-stage ranker. The rationale of this choice is to avoid a
possible loss of recall induced by the first-stage ranker. On the other
side, feature vectors for train and validation queries are used in
the training process of LtR models. For these queries, we generate
shorter lists of feature vectors and the generation process employs
negative sampling strategies [48].

Available Resources. The query-document feature vectors are
released as three separate files for train, validation and test sets,
respectively. Feature vectors are encoded in SVM-Rank format?.
In this format, each line of the file represents an assessed query-
document pair. The first number of the line is the relevance of

“https://www.cs.cornell.edu/people/tj/svm_light/svm_rank html
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the query-document pair, the second field starting with the qid:
prefix is the query identifier and the following fields are pairs
index:value, where index is the feature index and value is the
feature value for the query-document pair.

3.4 Accessing the Istella22 dataset

The Istella22 dataset is made available to researchers® according
to the conditions detailed in the included license agreement. The
dataset is also integrated into the ir_datasets library [56], mak-
ing it easily accessible in a variety of neural ranking toolkits (e.g.
PyTerrier [57, 58], OpenNIR [49], and Capreolus [79]) or accessing
the data in an ad hoc manner. In other words, aside from being
accessible through the released data files, the dataset is accessible
through Python code as:

import ir_datasets
dataset = ir_datasets.load('istella22/test')
for doc in dataset.docs:
print(doc)
# IstellaDoc(doc_id='07489924', title="...", text="...", ...)
for query in dataset.queries:
print(query)
# GenericQuery(query_id="'263", text='calcio mercato')
for qrel in dataset.qrels:
print(grel)
# GenericQrel(query_id='263"', doc_id="'83436604' relevance=3)

4 COMPARISON WITH AVAILABLE DATASETS

Table 3 reports a summary of the web ad-hoc document ranking
datasets® used in traditional and neural learning to rank. For each
of them, we report the availability of text collections, i.e., queries
and documents, the size of the corpus, and the main languages of
the documents in the corpus. We also report the number of queries,
qrels, and the number relevance grades labeled. The analysis shows
that, before Istella22, the Information Retrieval community does
not have a suitable test collection to compare traditional LtR meth-
ods with handcrafted features and text-based neural methods. In
fact, before Istella22, the available resources provide only either
query-document feature vectors or, alternatively, text queries and
documents. Among datasets that provide hand-crafted feature vec-
tors, recent and well-known datasets are the Istella ones, i.e., Istella
LETOR [29], Istella-S LETOR [43, 44, 47] and Istella-X LETOR [48].
Those datasets are characterized by a significant number of queries
and relevance judgements used to build query-document feature
vectors. Older datasets in this line are the MSLR-WEB10K, the
MSLR-WEB30K and the LETOR 4.0 all released by Microsoft [65].
Another important public resource is the Yahoo LtR Challenge
released by Yahoo [11]. All these datasets do not provide textual
resources at all.

The datasets that provide query and document text (suitable for
neural ranking models) can broadly be classified as those that have
Shttp://quickrank.isti.cnr.it/istella22- dataset/
5We limit our exploration to datasets based on web documents because all available
feature-based datasets fit this category. We acknowledge that a multitude of datasets
are available in other domains — especially domains like news and scientific articles —

but to the best of our knowledge, none provide industrial-grade features suitable for
learning-to-rank alongside the text.
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many available queries but employed a shallow pooling technique
(resulting in a low average number of grels per query) and those that
provide fewer queries but deeper pooling (resuling in a high aver-
age number of qrels per query). Among shallowly-pooled datasets,
we observe that a heuristic is always employed to determine rele-
vance, rather than direct human assessment. AOL-IA [51, 63] and
Sogou-QCL [82] infer relevance based on (potentially noisy) clicks
from query logs. MS MARCO [2] infers a document-level label
based on assessments at a passage level — resulting in a “maximum
passage bias” that can influence which methods are effective at
the task [40]. Deeply-pooled datasets are often the result of shared
tasks, like TREC and NTCIR, and feature human-assessed relevance
at multiple grades. However, they trade off the number of available
queries (at most 325, and often far fewer).

Istella22 fills multiple important gaps in available test collections.
Most notably, it is the only available dataset that provides both
query/document text and industrial-grade query-document feature
vectors for the same items. This provides an important and missing
bridge between these two burgeoning research lines. As far as query-
document feature vectors are concerned, Istella22 comes with three
sets of query-document feature vectors, i.e., train, validation and
test, built starting from 57k real-world queries. In terms of number
of queries used to build query-document feature vectors, Istella22
doubles the previous availability of data. Compared with existing
text resources, it provides both a large number of available test
queries and directly human-assessed relevance labels. Meanwhile,
the pooling is deeper than text-based collections of comparable size
(i.e., it has on average 4.9 qrels per query, rather than MS MARCO’s
1.0). Finally, it contains linguistically-diverse text, featuring a large
number of both Italian and English queries/documents (as well
as other languages). This is an area of growing interest in the IR
community (c.f., the TREC NeuCLIR track).

5 UTILITY AND PREDICTED IMPACT

The Istella22 dataset is a step ahead toward bridging together the
evaluation of traditional learning to rank approaches working on
handcrafted features with neural information retrieval approaches
based on deep pre-trained transformers. We expect the Istella22
dataset being useful for many researchers and IR practitioners
working in the application of machine/deep learning techniques
to the ranking problem. In recent years, the information retrieval
community spent important effort in devising new machine/deep
learned strategies for solving the ranking problem. However, a
comprehensive comparison of the two parallel research lines is
still missing. The Istella22 dataset advances this well-estabilished
research area by filling this gap. For this reason, we expect that
the Istella22 dataset will impact a large research community as it
provides a single common ground of evaluation built on real-world
user queries and web documents. Moreover, as neural information
retrieval is a recent and hot research area, we expect the Istella22
dataset to collect a significant increasing interest over time.

6 PRELIMINARY EXPERIMENTS

We now propose an evaluation of a state-of-the-art learning to rank
technique employing handcrafted features, i.e., A-MART , against
neural solutions based on pre-trained transformers for ranking on
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Table 3: Comparison between Istella22 and other web ranking datasets. Istella22 fills an important gap in existing datasets by
providing multi-lingual document text, production-level LtR features, a test set of textual queries with associated multiple-
graded relevance assessments per query and query-document feature vectors for training and validation. A v under Text
indicates where text is available for queries or documents. Feats. indicates the number of standard handcrafted features
provided by the dataset (- indicates no standard features area available). Langs. specifies the two-digit language code(s) of
documents present in the corpus. Corpus, Queries, and Qrels indicate the total number of documents, queries, and relevance
assessments, respectively. Grades indicates the number of relevance grades present in the dataset, and Rel. Assessment gives a
short description of how the relevance assessments were produced. Values marked with * indicate that data are not currently
publicly available (e.g., from a secret held-out test set).

Dataset Text Feats. Langs. Corpus Queries Qrels(avg. perq) Grades Rel. Assessment
Istella22 (ours) v 220  iten,+ 8.4M

- Train - 44k 207k (4.7) 5 Human-assessed

- Validation - 11k 51k (4.7) 5 Human-assessed

- Test 2.2k 11k (4.9) 5 Human-assessed
Istella LETOR [29] 220 - - 33k 388k (11.7) 5 Human-assessed
Istella-S LETOR [43] - 220 - - 33k 388k (11.7) 5 Human-assessed
Istella-X LETOR [48] - 220 - - 10k 46k (4.6) 5 Human-assessed
MSLR-WEB10K [65] - 136 - - 10k 576k (57.5) 5 Human-assessed
MSLR-WEB30K [65] - 136 - - 31k 1.8M (58.6) 5 Human-assessed
LETOR 4.0 [65] - 46 - - 2.4k 21k (8.7) 2 Human-assessed
Yahoo LtR Challenge (set1) [11] - 700 - - 30k 525k (17.5) 5 Human-assessed
Yahoo LtR Challenge (set2) [11] - 700 - - 6k 135k (22.5) 5 Human-assessed
AOL-IA [51, 63] v - en,+ 1.5M 10M 19M (2.0) 1 Inferred from clicks
ClueWeb09 / TREC Web 09-12 [16-19] v - en 504M 200 84k (422) 3 Human-assessed
ClueWeb12 / TREC Web 13-14 [20, 21] v - en 733M 100 29k (289) 3 Human-assessed
ClueWeb12-b13 / NTCIR WWW 3 [69] - en 52M 160 32k (202) 5 Human-assessed
.GOV2 / TREC TB 04-06 [9, 14, 15] v - en 25M 150 135k (902) 3 Human-assessed
.GOV / TREC Web 02-04 [22-24] v - en 1.2M 325 196k (603) 2 Human-assessed
MS MARCO v1 (document) [2] v - en 3.2M

- Train v 367k 367k (1.0) 1 Inferred from passage

- Dev v 5.2k 5.2k (1.0) 1 Inferred from passage

- Eval v 5.8k * 1 Inferred from passage

- TREC DL 19-20 [25, 26] v 88 288 4 Human-assessed
MS MARCO v2 (document) [27] v - en 12M

- Train v 322k 332k (1.0) 1 Inferred from passage

- Dev1 v 4.6k 4.7k (1.0) 1 Inferred from passage

- Dev2 v 5.0k 5.2k (1.0) 1 Inferred from passage

- TREC DL 21 [27] v 57 13k (229) 4 Human-assessed
NTCIR WWW-4 [13] v - en 82M 50 * *  Human-assessed
SogouT-16 / NTCIR WWW 3 [69] v - zh 1.2B 80 * *  Human-assessed
Sogou-QCL [82] v - zh 5.4M 537M 7.7M (14) 5 Inferred from clicks

the novel Istella22 dataset. In detail, we compare the following

state-of-the-art methods for ranking.

e Lexical retrieval: BM25 [68] and DPH [1].
e A-MART: a A-MART model [78] trained using the LightGBM
library” [37]. The model is trained using the methodology

described in Section 6.1.

e MONOTS5 (transfer): MONOT5 [60] models trained on other

datasets (testing zero-shot transfer).

e MONOTS5 (tuned): MONOT5 [60] models tuned on Istella22

training samples.

"https://github.com/microsoft/LightGBM

e A-MARTyonoT5: to test whether traditional LtR and neu-
ral ranking are complementary, this model uses a A-MART
model [78] with both the available 220 features and an addi-
tional neural ranking feature: the output of MoNOT5 (tuned)
is trained using the same methodology described in Section
6.1. We test two versions of the model: one that operates
over the doucment’s title, URL, and text, and one that omits
the text (which is faster to compute).

6.1 Experimental Settings

Lexical Retrieval. As a base point of comparison, we test two
unsupervised lexical ranking models: BM25 [68] and DPH [1]. Both
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models rank lexical matches over a sparse index that includes both
title and text contents of the documents. We use the PyTerrier [58]
toolkit for performing indexing and retrieval. We test both a version
of BM25 using default k1 and b parameters, and a version that
was tuned using a grid search for NDCG@10 performance on the
validation set (k1 in [0.2, 2.0] with a step of 0.2; and b in [0, 1] with
a step of 0.1). DPH is a parameterless model, so no tuning can be
conducted.

A-MART. The training process of A-MART andA-MARTyonoT5
is controlled by several hyper-parameters targeting its generaliza-
tion power and the training speed of the learning phase, while
others controlling the shape of the trees. We performed hyper-
parameter tuning by exploiting the HyperOpt library [4]. We op-
timized four learning parameters: learning_rate in [0.0001,0.3],
num_leaves in {15,510}, min_sum_hessian_in_leaf in [1, 100],
and min_data_in_leaf in {1,500}. The hyper-parameters of the
models are tuned on the validation set according to the NDCG@10
metric. We learn the three models by training 5,000 trees at most.
To avoid overfitting, we employ early stopping to stop the train-
ing process when there is no improvement on the validation set
for 100 consecutive iterations. The optimal A-MART learned has
1,514 trees, 390 leaves and a learning rate of 0.117, while the opti-
mal A-MARTyonoTs5 (using title and URL) learned has 1,951 trees,
375 leaves and a learning rate of 0.051. Moreover, the optimal A-
MARTyonoT5 (using title, URL, and text) learned has 1,523 trees,
420 leaves and a learning rate of 0.112.

MONOT5. One of the most prominent neural ranking models is
monoT5 [60]. This cross-encoder model jointly encodes query text
and passage (or truncated document) text in a pre-trained sequence-
to-sequence model, T5 [67]. It is tuned to predict the token true
or false, following a sequencey including the query, document
text, and a prompt of Relevant:. It uses the probability of the
token true as the ranking score. We test this type of model in a
variety of settings on Istella22. First, we test two transfer mod-
els, which are trained on alternative datasets: (1) a version trained
on MSMARCO [2], using a checkpoint released by [60]%, and (2)
a version trained on machine translations of MS MARCO (called
mMARCO) to a variety of languages (including Italian), released
by [5]°. Exploring the neural IR models in transfer settings is the pri-
mary application of Istella22 to neural IR, considering well-known
deficiencies of neural ranking models to transfer domains [73]. Al-
though the Istella22 training query text are proprietary and cannot
be released, we also test two T5 models tuned the Istella22 train set.
These experiments are designed to show the potential for neural
models to better transfer to this dataset. The first includes both the
title and text (truncated to the maximum length supported by the
model), which is the same setting as the transfer models. The other
version uses the title and URL, a setting of T5 recently observed to
be effective on another web ranking task [51]. Both use a version of
T5 that was pre-trained on Italian text'?, and perform fine-tuning
with a learning rate of 5X 107>, a batch size of 4, and early stopping
based on performance on performance on the validation dataset

8Huggingface model: castorini/monot5-base-msmarco
9Huggingface model: unicamp-d1l/mt5-base-mmarco-v2
YHuggingface model: gsarti/it5-base
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(after 10 consecutive validation steps without an improvement to
nDCGQG).

Evaluation Metrics. We evaluate the performance of the methods
using four well-known IR metrics, i.e., Precision (P), NDCG, MRR
and MAP made available by the ir_measures library [52]. We
evaluate precision at three different cut-offs, i.e., k € {1, 5, 10}. For
what regards NDCG, we report the one employing exponential
weighing of the relevance [6] and we evaluate at two different
cut-offs, i.e.,, k € {10,20}.

Available Software. The source code and all the models used in
our experiments are made publicly available to allow the repro-
ducibility of the results!!.

6.2 Experimental Results

Table 4 presents the results of our initial experiments on Istella22.
Starting with the lexical baseline ranking models, BM25 and DPH,
we find that, in an absolute sense, both are able to do a remarkably
reasonable job at ranking on this dataset. They are able to rank at
least a partially-relevant document at the top position in 43-44% of
the time. However, as evidenced by the relatively low performance
in terms of NDCG@10 and NDCG@20, these models are not able to
effectively distinguish among relevance grades in the top positions.
With proper tuning of BM25 parameters, however, relevance grades
can be more effectively distinguished.

Moving on to the re-ranking models, we find that A-MART is
able to rank documents much more effectively than the simple
lexical retrieval approaches. Indeed, P@1 is over 95%, and NDCG
values are in the 80% range. This is likely, at least in part, due to
the fact that the same features are used by the ranking models in
the Istella engine itself; to an extent, the model is able to learn to
mimic the documents that annotators were shown. Despite the high
performance, there is still room for further improvement, especially
among the most relevant documents.

As expected, the MONOT5 neural re-ranking models are able to
improve significantly above simple lexical retrieval models. How-
ever, we found that model transfer from either MS MARCO or its
multi-language version were not nearly as effective as one that uses
in-domain training. This suggests that further work is needed to
train highly-effective transfer models to general web search. Mir-
roring recent observations on the AOL query log [51], we observe
that including the URL as additional text for MONOT5 can improve
performance. In fact, using only the title and the URL performs
marginally better than just the title and the text. However, using
all three fields performs better than both other ablations.

Finally, to see whether or not neural ranking features can fur-
ther enhance A-MART ’s ranking ability, we include the two best-
performing variants as additional features (\-MARTyonoTs5 ). Curi-
ously, we see almost no difference in ranking effectiveness when
including these features. Only the MAP of A-MARTyonoT5 (When
using title, url, and text) exhibits a statistically significant difference
in performance (two-sample Fisher’s randomization test [42, 72]
with a significance level set to p < 0.05). However, upon inspecting
A-MARTy0noT5 s feature importance, we see that the MmoNOTS5 fea-
tures are the most important to the model. Specifically, the version

https://github.com/hpclab/istella22-experiments
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Table 4: Performance of baseline retrieval and re-ranking systems. Re-ranking systems operate over the initial ranked list
from Istella, and include LtR, neural-reranking, and hybrid LtR-using-neural-reranking systems.

Method Feats. Neural Text P@1 P@10 NDCG@10 NDCG@20 MRR MAP
Retrieval

BM25 (default) - - 0.4331 0.2939 0.2055 0.2280 0.2447 0.5439 0.3649
BM25 (tuned) - - 0.4339 0.2947 0.2055 0.3854 0.4207 0.5494 0.3686
DPH - - 0.4408 0.2868 0.2020 0.2281 0.2443 0.5479 0.3618
Re-Ranking

A-MART v - 0.9559 0.7245 0.4609 0.8188 0.8286 0.9724 0.8891
MONOT5-MSMARCO - Ttl+Txt 0.5568 0.3893 0.2699 0.2990 0.3157 0.6675 0.4889
MoNOT5-mMARCO - Ttl+Txt 0.5868 0.4147 0.2829 0.3175 0.3338 0.6976 0.5203
MoNOT5-tuned - Ttl+Txt 0.8407 0.5813 0.3792 0.4418 0.4482 0.9005 0.7262
MoNOT5-tuned - Ttl+Url 0.8412 0.5990 0.3914 0.4402 0.4472 0.9025 0.7396
MoNOT5-tuned - Ttl+Url+Txt 0.8581 0.5945 0.3910 0.4515 0.4586 0.9132 0.7462
A-MARTy\0n0T5 v Ttl+Url 0.9550 0.7223 0.4597 0.8152 0.8258 0.9716 0.8859
A-MARTon0TS v/ TH+Url+Txt 0.9509 0.7238 0.4602 0.8153 0.8258 0.9701 0.8849

using just title and URL has an importance of 3.99% among the
221 features, while the version using title, URL, and text has an
importance of 4.39%. This suggests that even though we do not
observe an increase in performance when using these features, they
do provide valuable signals to LtR models. We note that Istella22 is
the only resource of its kind available to academic researchers to
study interesting and important phenomena like this.

7 CONCLUSIONS AND FUTURE WORK

In this paper we proposed Istella22, a novel dataset bridging tra-
ditional and neural learning to rank evaluation. Istella22 includes
three main parts, i.e., a multi-lingual web document collection, a
test set of textual queries with multiple-graded relevance judgments
and query document feature vectors. We detailed the dataset and
the methodology employed to build it. We also discussed its possi-
ble impact on the information retrieval community as an unique
resource allowing us to compare two parallel research lines on the
same ground of evaluation. We reported about preliminary experi-
ments conducted showing that, on this dataset, a classical LtR tech-
nique based on hand-crafted features outperforms state-of-the-art
neural text-based re-ranking solutions, i.e., MONOT5. The analysis
conducted and the peculiarities of the provided Istella22 resource
suggest several lines of investigation, aimed at understanding and
filling this performance gap: we leave such research as future work
for us and all the IR community working in the field. For example,
interesting open questions remain about the best ways to transfer
neural ranking models to web search and how to best utilize signals
from neural models in LtR models; Istella22 enables such research.
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