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Abstract. Many components of information retrieval systems evolve 
over time. The LongEval Lab aims to provide a benchmark setting to 
the longitudinal evaluation of IR models. At its fourth edition, LongEval 
we focus on scholarly search and scholarly user models. We describe in 
this paper the tasks that are planned for the 2026 lab, the data necessary
for each of the tasks, as well as the choice of evaluation activities.

Keywords: Longitudinal Evaluation · Continuous Evaluation · 
T emporal IR

1 Introduction 

The majority of evaluation initiatives in information retrieval focus on evalu-
ating systems at a fixed point in time. However, data and users’ behavior and 
expectations evolve over time. Therefore, to maintain good performance, systems 
must adapt to these variations. In some cases, the p erformance of IR systems
can drop over time as the patterns observed in data change, e.g., due to linguis-
tic and societal changes [3]. The performance drop is more pronounced when 
the test data is further away in time from training data [12,22]. Similarly, it has 
been shown that a deep neural network-based IR is dependent on the consistency
between the train and test data [24]. 

The aim of the LongEval lab (this year in its fourth edition [1,2,6]) is to 
develop models that mitigate performance drops over time. We provide partic-
ipants with training data distant in time from testing and un-annotated data
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Fig. 1: Global framework for the LongEval Tasks.

from the testing time period. Our test scenarios include documents that evolve 
over the time, queries that are not known a priori, and relevance judgments 
that are non-binary and potentially not stable over time. W e look at the tempo-
ral generalisability of IR systems trained and tested on data acquired at time t
(Fig. 1) to their performance when operating on data acquired at time t (shortly 
after time t), and a t time t (a long period after time t).

The LongEval Lab is running since 2023, with a varying number of par-
ticipants each year. In these years, the lab proposed two tasks per year, one 
involving classification, the other retrieval. For next year (2026), we plan a total 
of 4 tasks, widening the scope of long-term IR to new dynamics beyond docu-
ments, topics, and qrels, closer to evolving user behavior with user simulation 
tasks. Additionally, we newly experiment with longitudinal aspect in Retrieval 
Augmented Generation (RAG). Task 1 is, by now, a classical ad-hoc search task 
where systems are evaluated at varying points in time. Task 2 aims to sup-
port the derivation of Cranfield-style evaluation corpora from user behaviour 
observed over time by aiming to extract formalized topics from click logs. Task 3
is dedicated to modelling domain-specific user behaviour and different user types
for use in user simulations. Task 4 is dedicated to the study of RAG behaviour
when dealing with evolution of documents, focusing on evolving and conflicting
information, still expecting the RAGs to generate relevant results according to
the documents retrieved from different temporal collections.

2 LongEval Data 

The underlying dataset from where each task will extract queries, topics, and 
relevance assessments, is acquired from the CORE1 [21] collection of scholarly 
documents. To our knowledge, CORE [20] is currently the largest aggregated 
collection of Open Access full text scholarly documents. CORE Search provides 
a web UI for users to query the entire database of scholarly documents with 
over a million searches per month. We will use t he CORE Apache server logs to
create datasets necessary for the tasks (i.e. documents, queries, qrels, and user
sessions). These logs contain search and click information:

Search Information includes i) search id–a unique identifiers for the 
search; ii) query–search query; iii) serp–documents identifiers of returned
results2 (example 1.1);

1 CORE (COnnecting REpositories) https://core.ac.uk/. 
2 For LongEval we only consider t he first ten results.

https://core.ac.uk/
https://core.ac.uk/
https://core.ac.uk/
https://core.ac.uk/
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Click Information records from the user interaction with the CORE web-
interface, for each click: i) uid–a unique (anonymous) identifier for individual 
user session; ii) the trackId–unique identifier of clicked document; iii) type–
click type (e.g. author information, download PDF article, example 1.2).

Example 1.1: Search query and r esults 
{ 00:00:05  "  ,  
"  search_id  "  :  "  83  ed8653d71  "  ,  
"  serp  "  :  [  7  2  3  3  3  6  7  ,  8  5  5  9  0  1  3  2  ,  1  4  5  3  7  5  6  2  0  ,  2  3  0  5  3  2  3  4  ]  ,  
"  query  "  :  "  

methodology  "}

Example 1.2: Search query and r esults 
{ 00:00:05  "  ,  
"  search_id  "  :  "  83  ed8653d71  "  ,  
"  serp  "  :  [  7  2  3  3  3  6  7  ,  8  5  5  9  0  1  3  2  ,  1  4  5  3  7  5  6  2  0  ,  2  3  0  5  3  2  3  4  ]  ,  
"  query  "  :  "  

methodology  "}

3 Task Descriptions 

In the following we give details on the four LongEval Lab tasls at CLEF 2026. We 
explain the general idea and objective of the task, the corresponding artefacts
(e.g., queries, qrels, etc.) and the evaluation strategy for the specific task.

Task 1. LongEval-Sci: Ad-Hoc Scientific Retrieval 

Description: The task aims to further encourage the development of IR systems 
able to handle temporal data evolution. The IR systems are expected to be 
persistent in their retrieval efficiency over time, a s the test collection evolves. The
participants will collect retrieval runs on various snapshots of the test collection.
Data: The data for this task is a set of scientific documents and q ueries from the
CORE search engine (Sect. 2), following a similar acquisition process as for the 
previous LongEval iterations [1,2,6,14]. We compute discrete relevance assess-
ments using a simplified Dynamic Bayesian Network (sDBN) Click Model [8,9]. 
As in previous years, we additionally provide convenient access to the dataset 
through the ir datasets longeval extension [18]. As of now, the data available to 
the participants is as follows:

1. Two training snapshots from the 2025 lab iteration (queries, documents, qrels,
time intervals 2024-11 and 2025-01).

2. Two test snapshots: one acquired during a time interval t shortly after t 
for evaluating the short-term persistence, and one acquired long after t
during a time interval t , for long-term persistence evaluation.
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In total, the data contains about 4 million documents and one thousand queries. 
Evaluation: Submissions will be evaluated in terms of: Effectiveness per test 
snapshot, and Robustness across snapshots. Effectiveness will be measured with 
nDCG scores. Robustness will be assessed with: (1) Relative Improvement (RI) 
– measures relative change in effectiveness compared to the first s napshot,
(2) Delta Relative Improvement (DRI) – measures relative improvement in rela-
tion to a reference system (e.g. BM25), and (3) Effect Ratio (ER) – measures
degree of reproduction of the effectiveness [4,6,15,16]. 

Task 2. LongEval-TopEx: Topic Extraction From Query Logs 

Description: Retrieval systems infer which documents are relevant to an 
information need either from (1) usage data or (2) expert judgments [7]. In 
search engine production deployments these variants can complement each other, 
e.g., when retrieval systems are first evaluated with available exp ert judgments
so that only promising candidates are then evaluated under usage data [19]. Our 
goal for Task 2 is to also enable similar synergies for LongEval submissions.
Data: The input is the training set from time interval t. Participants can use 
the relevance judgments derived from the observed usage data for each query 
to create a TREC-style description and narrative for each training query. The 
extracted topic consists of the training query and the generated description and 
narrative. The query describes what users submit to the search engine, whereas 
the description formalizes what the users actually did mean and the narrative 
formalizes what makes documents relevant respectively not relevant. To o btain
relevance judgments, we will build a top-10 judgment pool for all retrieval runs
submitted for the test sets for Task 1 that overlap with the training queries. We
then will annotate this top-10 pool for all test sets with multiple large language
model relevance assessors [10,11,25,26] prompted with the query and the gen-
erated description and narrative that formalize what the search engine users 
did mean and what will be considered relevant or not. Thereby, we obtain one
alternative set of qrels per extracted topic and LLM relevance assessor.
Evaluation: Our evaluation aims to detect “good” extracted topics that are 
(1) aligned with observed usage data, (2) allow to distinguish retrieval systems, 
and (3) provide a clear formalization of the information need to derive what 
documents will be relevant or not. Each of the three dimensions is needed to 
ensure that subsequent evaluations are meaningful. We will assess the quality of
each extracted topic for each of the three dimensions using the LLM-generated
relevance assessments and the retrieval runs submitted to Task 1:

1. Alignment: We calculate the annotator-agreement between the qrels from the 
click logs and the LLM-generated qrels from the extracted topic for each test
time interval.

2. Distinguishability: We calculate how well nDCG scores created from the LLM-
generated qrels of the extracted topic can distinguish the runs submitted to
Task 1.
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3. Clarity: We will calculate the annotator agreement when (potentially differ-
ent) large language models rep eatedly create alternative qrels for the same
extracted topic.

Similarly to Task 1, we compute the relative drop on the three dimensions for 
the short- and long-term test sets. Topics extracted in Task 2 are Task 3 inputs.

Task 3. LongEval-USim: User Simulations 

Description: The CORE-based dataset in LongEval differs from typical test 
collections not only by the temporal characteristics described earlier, but also 
by the inclusion of user interactions in the academic search task. In these search 
tasks, we observe patterns that are less common in other (web) search tasks, 
such as journal runs, numerous B oolean block searches, or faceted search. These
characteristics may lead to interaction behaviors that have not been previously
explored enabling a wide range of interesting scenarios.

In this task, we invite participants to model different user behaviors and types 
for user simulations, with a particular focus on query formulations. This app-
roach was explored in the SIGIR 2025 Workshop on Simulations in Information
Access (Sim4IA3 )  [5], in the form of a micro-shared task, where the evaluation 
of query (re-)formulation simulations was tested out.

From the original CORE search log files we extract a set of interaction ses-
sions, similar to the ones in Sim4IA. With the search id, a fingerprint uid, 
and heuristics, we extract sessions from the search logs. These sessions enable 
us to track user interactions over (short) time spans, including queries, SERPs, 
and clicks. Participants in this task will get a pre-filtered session logs excerpts. 
From here, they should predict the next query in the sequence of interactions.
The participants can detect and train specific user models on historic interaction
logs and test those models on the test data in the final LongEval round.

To simplify this task, we provide a pre-configured SimIIR v3 environment 
that will allow off-the-shelf user simulations by configuring user models or simple 
interaction steps. Later, these simulators can be extended to a scenario that 
includes click or stopping decisions. Participants can also utilize the synthesized 
topics from Task 2, as t hese can serve as additional input for this task. Instead
of relying solely on session logs, the topic and encoded context within these can
provide more information on user intentions compared to queries alone.
Relevance Computation and Evaluation Metrics: As participants are to 
submit queries, we will compare the submitted queries to the queries from the 
session logs. We can look at two main aspects: (1) the inability to distinguish 
between simulated and real data, and (2) the performance prediction capabilities 
of a simulation. We measure the differences in the generated queries themselves
or the differences in the output results by comparing them to the interactions in
the CORE log files. Using reproducibility measures [17], we identify the simula-
tors that are closest (or best reproduce) the original set of interactions. In the

3 https://sim4ia.org/sigir2025. 

https://sim4ia.org/sigir2025
https://sim4ia.org/sigir2025
https://sim4ia.org/sigir2025
https://sim4ia.org/sigir2025
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LongEval setting, we can additionally compare the interactions generated by the 
simulator based on the development of topics over time. A simulator performing 
w ell at one point in time does not necessarily perform well at another.

Task 4. LongEval-RAG: Retrieval Augmented Generation (RAG) 

Description and Data: This task aims to evaluate the ability of RAG systems 
to retrieve correct information when this information evolves over the time. In 
such case, the connection between the retrieval step of a RAG and its generation
step should incorporate temporal awareness of the retrieved documents.

The LongEval RAG task will provide a set of queries, for which the correct-
ness of the answer depends on the temporal aspect. Queries will be selected such 
that the relevant documents either changed over time or are documents from 
different temporal collections with conflicting information. Typical examples of 
queries are related to evolution and/or contradictions of specific research top-
ics, e.g. “What are the main technical evolutions of attention models between 
the short-term and the long-term datasets?” The participants will create RAG 
systems that use both short- and long-term collections f rom the CORE data set
(explained in Task 1) and submit, for each query, a generated response along with
the list of support documents or passages. Time information is provided explic-
itly in the metadata of the documents (creation, publication, update times).
We follow the line of exploring time-sensitive information in RAG [13,23,27] 
focusing on specific topics of the scientific literature domain and on shorter time 
frames where more complex information needs are the case.
Evaluation: We will evaluate the submissions (i.e. the generated answers) man-
ually using Answer Relevancy and Faithfulness metrics. The Answer Relevancy 
measures to what extent the generated results addresses the user’s query. The 
Faithfulness metric measures how accurately the answer reflects the information 
in the source documents. Both dimensions will be weighted equally to assess to
which extent good results benefit from the retrieved documents.

4 Conclusion 

The proposed next iteration of the LongEval Lab at CLEF in 2026 aims to eval-
uate information access systems within dynamic, temporal environments. Task 
1 will continue the scientific search task, evaluated at multiple points in time. 
Task 2 aims to generate TREC-style topics from interaction logs to facilitate 
automatic relevance judgments. Task 3 focuses on predicting the next query in a 
session based on a simulated users. Task 4 invites participants to test their RAG 
systems in the evolving e nvironment on temporal depended queries. Through
these tasks we aim to improve the state of knowledge on and the robustness
of information access systems in dynamic, temporal settings. All information,
including further details such as the anticipated schedule will be made avail-
able on the LongEval website4 .
4 https://clef-longeval.github.io/. 

https://clef-longeval.github.io/
https://clef-longeval.github.io/
https://clef-longeval.github.io/
https://clef-longeval.github.io/
https://clef-longeval.github.io/
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