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Abstract
In this paper, we describe the CIR contributions to the LongEval Lab 2026. We participated in three subtasks,
namely LongEval-Sci, LongEval-TopEx, and LongEval-USim. For the LongEval-Sci ad-hoc search task, we
experimented with the citation data and developed a variety of relevance signals that are used directly to boost
documents or as features for a learning-to-rank approach. For the topic generation in the LongEval-TopEx task,
several efficient in-context learning approaches based on tf-idf keywords were proposed. For the LongEval-USim
task, the formalized topics were reused to predict the next query. Furthermore, we experimented with different
persona-based and reasoning-based strategies for the next query prediction.

In total, we submitted four runs to Task 1, six runs to Task 2, and 25 runs to Task 3. The evaluation of the
ad-hoc search task on test data shows that the temporal signals improve the retrieval performance, whereas
the citation signals provide an observable benefit only on the last snapshot. The synthetic labels based on the
topics generated for Task 2 show a low agreement with the click-based labels. For Task 3, we report both the pre-
evaluation results of the teams, which served as a proxy during the development phase and reflect how the teams
optimized their approaches using the training data, and the test results provided by the organizers, which enable
a standardized comparison of the performance of the different approaches. All submitted runs made extensive
use of LLMs. However, larger models did not consistently outperform smaller ones, with performance depending
more on the prompting strategy than on model size. Reasoning-based approaches did not yield substantial
improvements, while persona-based prompting showed mixed results across teams. Overall, incorporating more
contextual information generally led to better performance.
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1. Introduction

The LongEval lab at CLEF focuses on evaluating various aspects of information access systems in
dynamically evolving scenarios. For further descriptions of the different tasks and the evaluation
outcomes, we refer to the overview papers [1, 2]. In this lab notebook, we summarize our submissions
to three tasks of the 2026 iteration of the lab. Specifically, we participated in the LongEval-Sci, LongEval-
TopEx, and LongEval-USim tasks with new and extended approaches. The submissions are the result of
a students’ project course with the Cologne Information Retrieval (CIR) group at TH Köln - University
of Applied Sciences in Cologne, Germany. Five teams participated in the course. The implementations,
including code and prompt designs from all teams, are publicly available in a corresponding GitHub
repository.1
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2. LongEval-Sci: Ad-Hoc Scientific Retrieval

Two teams participated in the first task, LongEval Ad-Hoc Scientific Retrieval. They experimented
with publication recency and citation data. Various document boosts were derived from the document
metadata and used to re-rank the BM25 baseline over the abstract collection.

2.1. Approaches and Implementation

Team Time4Citation The Time4Citation team created static, additive boosts for timely and cited
documents. A standard BM25 baseline serves as the first-stage ranker, retrieving the top 1,000 documents,
which are subsequently re-ranked. The approaches are implemented in PyTerrier [3], and the data is
interfaced through the ir_datasets_longeval integration [4, 5]. The citation data was extracted from
the OpenCitation dump provided by the lab.

The evolving state-of-the-art in scientific research continuously introduces new publications, which
are indexed across progressing snapshots of the collection. This dynamic environment not only fosters
new information needs but can also alter the relevance of existing documents and their utility for future
research. Crucial to scientific literature, new publications inherently reference prior work. Although
citations and references do not provide a direct measure of immediate reception, they serve as valuable
metadata and can be leveraged as ranking signals in various ways.

The first approach focuses on the date of the newest citation as a proxy for recency. This is motivated
by the hypothesis that publications continuing to receive citations retain higher recency and stay
relevant compared to those whose citation activity has ceased. This date is compared to a reference date
to boost more recent documents. For simplicity, the corpus age, measured as the average publication
year of all documents in the corpus (2017), is used as a reference point. If the newest citation is newer
than the corpus age, a boosting factor of 2.5 is applied; if it is older, the BM25 score is only boosted by
1.5. Publications that were never cited receive no boosting. By this, a citation of any date is used as an
additional quality indicator.

The second approach relies on the absolute citation counts to favor documents with many citations.
Because citation distributions are highly skewed, with a few publications accumulating exponentially
more citations than others, a logarithmic transformation is applied to the raw citation count 𝑐. To
account for documents with zero citations, we add 1 to 𝑐 to ensure the function remains defined. To
control the impact of this boost, a free tuning parameter, 𝛼, scales the log-transformed citation count:

𝑠 final = 𝑠 BM25 + 𝛼 ⋅ ln(1 + 𝑐) (1)

The best results were achieved with an 𝛼 of 0.3. The boosting factors and 𝛼 values were determined by
a grid search on the training dataset.

The final approach simplifies the citation boost by focusing solely on whether citations are present.
This uses the citation data as a direct document quality indicator. Therefore, the BM25 score of
documents that receive at least one citation is increased by a static boost. This boost was also determined
by a grid search on the training dataset, testing boosts between 0.2 and 2. The best results were achieved
by a boost of 0.9.

Team DenseFusion The second team implemented a multi-stage Learning-to-Rank (LTR) pipeline
using LightGBM Gradient Boosting Decision Tree (GBDT) [6]. For the first retrieval stage, BM25 is
used, of which the first 500 results are subsequently re-ranked. The cutoff at 500 documents was chosen
for efficiency reasons. These candidates are then enriched with a diverse set of features comprising
textual, temporal, and bibliographic information. For the textual features, the initial BM25 score, the
absolute query length, the length of the abstract, and the exact token match between the query and the
abstract were used. Additionally, the cosine similarity between query and abstract embeddings is used.
The publication’s absolute age in months is used as a temporal signal to represent recency. Since the
metadata of the publications was found to be incomplete in some cases, the age could not be calculated
at all times. In such cases, a very high age of 999 was used to ensure a score discount that treats the



Table 1
LTR features used for the Dense-Fusion-Run and their importance as measured on the training split.

Feature Category Description Gain

bm25–score Lexical Original BM25 score of the document for the query. 3558.02
cos-score Semantic Cosine similarity between query and document embeddings. 5835.59
query-len Query Length of the query in characters. 568.34
doc-len Document Length of the document in characters. 1376.88
term-overlap Query-Document Fraction of query terms in the abstract. 977.18
title-match Query-Document Fraction of query terms in the title. 1263.47
recency Time Age of the document in months. 7028.65
log-citation-count Citation Log of the absolute citation count. 793.68

age and completeness of the metadata record as an additional quality indicator of the publication. The
citation count of a publication is also used as an LTR feature, where it is log-transformed using ln(1 + 𝑐)
to mitigate skewness and ensure numerical stability. A comprehensive overview of features is provided
in Table 1.

The document and query embeddings were created with Sentence-Transformers [7] and the all-
MiniLM-L6-v2 model [8]. LambdaRank is implemented with LightGBM and nDCG@10 optimization
and early stopping to prevent overfitting. In the final inference stage, the system combines the original
BM25 score with the new re-ranked score from the LTR model through a weighted linear combination
controlled by an 𝛼 value. The ranking model was trained on the training split of the LongEval-Sci-2026
test collection, which was split again into a train-test split (70/30). This was also used to determine the
best 𝛼 value of 0.4, which slightly emphasizes the original BM25 score. Across all tested values, the
scores were rather similar and only a slight drop from 0.4 to 0.5 was measured (nDCG@10 of 0.3845
compared to 0.383).

The analysis of feature importance on the training data using the gainmetric of LightGBM showed that
the recency feature (7028.65) and the cos-score feature (5835.59) are the most important predictors of
document relevance, indicating that temporal and semantic signals provide more utility than traditional
bm25–score (3558.02) within this specific temporal collection. The log-citation-count had among
the lowest importance (793.68). Table 1 provides a full overview.

2.2. Submitted Runs

In total, both teams submitted four runs. The team Time4Citation submitted the three boost configura-
tions and the team DenseFusion submitted the best approach, including all features.

Timely-Boost-V2 The run applies the recency boost to promote publications that were recently cited
by 2.5 and publications that were ever cited by 1.5.

Log-boost-03 This run applies the citation boost to promote publications with more citations. The
natural logarithm of the citation count of a document is used as a boost. The boost is controlled by an
alpha value of 0.3.

binary-boost-09 This run uses the citation information as a binary quality signal by boosting a
document if it contains at least one citation by adding 0.9 on top of the baseline BM25 score.

Dense-Fusion-Run This run used the LTR system with all features, trained on the LongEval-Sci
collection from 2026. The LTR re-ranker and the BM25 score are weighted by an 𝛼 value of 0.4.



2.3. Results

The official results on the test snapshots are presented in Table 2 and contrasted with the official BM25
and Qwen3 baselines. All results are measured by the Document Click Through Rate (DCTR) qrels set
with nDCG@10. On these qrels, BM25 outperforms Qwen3, most likely due to the similarity of BM25
to the original CORE system. Overall, the Dense-Fusion-Run achieves slightly improved effectiveness.
The boosting approaches do not always outperform Qwen3 and only sometimes outperform BM25.
The Dense-Fusion-Run achieves the highest effectiveness on snapshots 1 and 2 and is only marginally
weaker at snapshot 3 compared to Log-boost-03 (0.170 vs. 0.171). The Log-boost-03 approach
achieves the highest effectiveness among the boosting approaches of team Time4Citation, followed by
the binary-boost-09 approach. Only the Log-boost-03 approach outperforms the BM25 baseline
in the later snapshots 2 and 3. These results show that the citation information can improve the
effectiveness, but the recency boost alone is not a clear relevance signal in this setting.

The robustness is assessed by the Relative Change (RC) [9, 10, 11] and the Delta Relative Improve-
ment (DRI) [12, 13]. An RC of 0means that the effectiveness stays the same, while a negative RC indicates
improving effectiveness. For all systems, the effectiveness deteriorates. Both citation-based boosts
show a lower RC compared to all other approaches and baselines. The approach Log-boost-03 has the
lowest change of 0.069 in the second snapshot. In the third snapshot, Timely-Boost-V2 outperforms
all other approaches. DRI measures the delta between the effectiveness of the experimental system
and a Pivot baseline at both snapshots and compares these deltas subsequently across time. Similar to
the RC before, a perfectly robust DRI would yield a score of 0, meaning that the difference between
the experimental and the Pivot system is the same at the later snapshot. If DRI > 0, the improvement
over the Pivot system is decreased, and if DRI < 0, it is increased. This measure is especially interesting
for dynamic approaches that change over time. The Dense-Fusion-Run shows a generally low DRI,
and the lowest in the second snapshot (-0.045). Potentially, this is the case because the LTR model is
trained only once and remains static across subsequent snapshots. The boosting approaches of the
team Time4Citation show a stronger increasing effectiveness compared to the baseline (cf. the lower
DRI). This can be attributed to the weak effectiveness at snapshot one and the accumulating citation
data over the later snapshots that influence the strength of the boost.

2.4. Conclusion

In total, two teams submitted four runs to the LongEval 2026 Ad-Hoc Scientific Retrieval task. The
citation data is used as an LTR feature and direct ranking signal. Furthermore, it is used in conjunction
with the publication date as a recency feature. The LTR approach achieved the highest effectiveness,
outperforming both baselines on the DCTR qrels-set. The boosting approaches could outperform the
baselines only in the last snapshot. Future work should investigate how retraining the LTR approach
on the new click data affects the retrieval effectiveness, and especially its robustness. Regarding the
citation data, a meaningful benefit could be observed only in the later snapshot. A deeper analysis of the
citation data provided could provide more insights into this and potentially what other citation-based
indicators could be useful relevance signals.

3. LongEval-TopEx: Topic Extraction From Query Logs

Task 2 required participants to formalize retrieval topics based on the queries from Task 1. Previous
work demonstrated that synthetically formalized information needs can enhance synthetic relevance
judgments when formal information needs are absent Keller et al. [14]. While applicable to the LongEval
setting, where queries are sourced from the CORE search engine logs, the extent to which these synthetic
judgments correlate with click-based or human labels remains an open research question. The submitted
approach aims to improve the efficiency of the topic formalization by relying solely on the logged query
and important keywords as generation context. The generated topics were also used to predict the next
query in the LongEval-USim task.



Table 2
Evaluation for Task 1 of LongEval. We report the Average Retrieval Performance (ARP), Relative Change (RC),
and Delta Relative Improvement (DRI) as primary measures. The effectiveness is measured by nDCG@10 for
based on the DCTR qrels.

ARP RC DRI
Snapshot 1 2 3 2 3 2 3

baseline-bm25 0.279 0.254 0.150 0.089 0.462 - -
baseline-qwen3-4b 0.234 0.201 0.133 0.139 0.432 0.047 -0.047

Dense-Fusion-Run 0.326 0.274 0.182 0.158 0.441 0.089 -0.045

Log-boost-03 0.263 0.253 0.182 0.038 0.305 -0.052 -0.274
Timely-Boost-V2 0.130 0.106 0.108 0.184 0.169 0.049 -0.254
binary-boost-09 0.257 0.241 0.168 0.064 0.345 -0.025 -0.200

3.1. Approaches and Implementation

Team JOINorDIE This team submitted a total of six runs for Task 2. A selection of in-context
prompting strategies and language models was evaluated for the task. The proposed approaches pri-
marily relied on pseudo-relevance feedback, selecting either the top-3 ranked documents or documents
ranked between positions 100 and 102 in a BM25-based PyTerrier index using the provided queries.
The titles and abstracts of the retrieved documents were used to compute TF-IDF scores, from which
the five highest-ranked terms were extracted and incorporated into the prompts as positive, negative,
or contrastive feedback signals for topic generation. The decision to use five terms was based on
preliminary experiments indicating that this configuration achieved the best performance. For the topic
generation step, a locally hosted llama3.1:8b model and GPT-4o mini were tested, enabling a comparison
between open-source and closed-source approaches.

3.2. Results

The application of synthetic retrieval topics is multifaceted, and so are the dimensions they need to be
evaluated on. For this preliminary evaluation, we focus on the alignment of the synthetic judgments
created by using the topics to the click-based DCTR qrels. Table 3 provides a comprehensive overview
together with the baseline that only uses the logged query.

The results indicate a defective Cohen’s Kappa correlation between both qrel types across all submitted
approaches. The differences between approaches are low and barely distinguishable. On average, across
judging Large Language Models (LLMs), openai-rel-tfidf5 achieves the highest correlation (0.007)
and ollama-rel-5tfidf achieves the lowest score (-0.012). Regarding the rank correlations based on
Tau-AP, the average correlation across all assessor LLMs is moderate and positive. It ranges between
0.42 for openai-cont-tfidf5 and 0.5 for ollama-non-rel-5tfid. Compared to the baseline, similar
results could be achieved. Since the baseline also shows only a weak agreement, the results likely
indicate the difference between clicks and relevance labels. While a clicking decision at core is based
on the presented title and the short snippet, it does not directly indicate relevance as judged by the
LLMs on the full abstracts.

4. LongEval-USim: User Simulation

For Task 3, the objective was to predict the final query of a search session. Participants were provided
with the session history, including query timestamps, the top-10 search results (SERP) for each query,
and user interactions with the retrieved documents, including click types. Sessions from Timeframe 1
(hereafter referred to as Snapshot 1) served as the training data, with the final query provided as ground
truth. For Timeframes 2 and 3 (Snapshots 2 and 3), the final query was withheld by the organizers and
had to be predicted by the participating systems. Three teams submitted runs for Subtask 3, exploring



Table 3
The alignment between synthetic labels using the generated topics to the DCTR labels (Cohens Kappa) and
between the system rankings using both qrel types (Tau-AP).

Method Cohens Kappa Tau-AP

oss-120b oss-20b llama-3 qwen3 mean oss-120b oss-20b llama-3 qwen3 mean

ollama-non-rel-5tfid -0.019 -0.026 -0.007 0.019 -0.008 0.393 0.497 0.502 0.605 0.499
openai-norel-tfidf5 -0.011 -0.014 0.011 -0.009 -0.006 0.413 0.398 0.474 0.614 0.475
Baseline -0.008 0.010 -0.018 -0.007 -0.006 0.432 0.494 0.503 0.458 0.472
ollama-rel-5tfidf -0.008 -0.021 -0.008 -0.014 -0.012 0.446 0.403 0.452 0.518 0.455
o-contrastive-5tfidf 0.008 -0.027 0.037 -0.002 0.004 0.408 0.445 0.509 0.412 0.443
openai-rel-tfidf5 0.031 -0.011 -0.017 0.026 0.007 0.365 0.373 0.551 0.419 0.427
openai-cont-tfidf5 -0.003 0.044 -0.014 -0.002 0.006 0.393 0.445 0.419 0.424 0.420

different persona-based and reasoning-based approaches, as well as leveraging the topic generation
pipeline developed for Task 2 to provide these topics as context for the next-query prediction.

4.1. Approaches and Implementation

Team Promptly The main focus of team Promptly was on testing different reasoning strategies, such
as Chain-of-Though and Self-Refinement, in combination with prompting strategies that incorporate
a persona description into the prompt. In total, six runs were submitted that combine the reasoning
strategies iteratively and show the effect of the persona. Three runs were done with and three without
the persona. In order to evaluate the effectiveness of the different approaches, six runs (cf. Table 4)
were created to test the various setups. The experiments were conducted using a self-hosted Llama3
[15] model via Ollama.2 The runs can be differentiated between runs 1 - 3, which are variations of the
baseline and do not differentiate in the persona, and runs 4 - 6, which use the NLP Tagging to narrow
down specific characteristics of the underlying persona in the prompt to make the predicted queries fit
better in the session.

The NLP-based user context was implemented to differentiate sessions into two base personas and to
assign a base-level classification to each user session in order to better characterize the user’s search
expertise. This classification distinguishes between an Advanced Searcher and a Non-Advanced Searcher.

The assignment of the base persona is based on the use of structured query elements such as facets
and Boolean operators (e.g., fieldsOfStudy or yearPublished). The presence of such structured filtering
behavior is interpreted as an indicator of more advanced search expertise. The underlying assumption
is that advanced searchers have a clearer understanding of their information need or may engage
in known-item search tasks, enabling them to precisely locate relevant documents by systematically
narrowing down the search space using filters.

This definition of the base persona is inspired by session data from Kruff et al. [16], which were used
as a foundation for the initial training phase.

Behavioral characteristics used for the NLP-Tagging approach are derived from multiple interaction
signals within a session. Query length is used as an indicator of search style: longer queries are
associated with a Conversational behavior, whereas shorter queries indicate a more keyword-based
query formulation pattern. The underlying assumption is that this directly affects the next query, with
conversational users being expected to produce longer, more natural-language-like follow-up queries,
while keyword-based users are expected to continue issuing short and highly condensed queries.

In addition, the number of queries per session is used to estimate the depth of the search process.
Sessions containing four or more queries are classified as Deep Explorers, while shorter sessions are
labeled as Quick Fact-Finders. The assumption here is that Deep Explorers tend to progressively refine
their next queries by incorporating additional context and terminology over time, whereas Quick
Fact-Finders are expected to converge early and generate only minimal or no further query refinements.

2https://github.com/ollama/ollama



The frustration signal distinguishes between users who are able to successfully refine their search
and those who are not. Users issuing more than three queries without any document clicks are classified
as Frustrated, whereas sessions containing at least one click are considered Successful. The assumption
is that frustrated users are more likely to generate increasingly divergent or unstable next queries due
to a lack of satisfactory results, while successful users tend to produce more stable and progressively
refined follow-up queries after receiving relevant feedback.

Another dimension captures the level of user deliberation during the search process. The average
time between query reformulations is used as a proxy for reading and reflection behavior, where
short inter-query intervals indicate Rapid Skimmers, while longer intervals are associated with Deep
Readers. The assumption is that this temporal behavior influences the next query formulation, with
rapid skimmers expected to make only minor, incremental adjustments, while deep readers are expected
to generate more substantial, content-driven changes based on information extracted from previously
examined documents.

The combination of these behavioral tags results in a total of 2 × 34 possible persona configurations.

1. For the Baseline run the prompt was provided with the history of the session, meaning that all
previous queries were given as context for the LLM to get an understanding of the query style of
the user. This configuration corresponds to the History (Baseline) and History + NLP Persona
settings in Table 4, and to the runs Promptly_simple-baseline-history-only and Promptly_nlp-
persona-history-only reported in later tables.

2. For the Chain-of-Thought (CoT) approach, all queries within a session were provided to the
LLM. The model was explicitly encouraged to reason about the common characteristics shared
by the previous queries and to leverage these insights for predicting the subsequent query. This
configuration corresponds to the History + Hidden CoT and History + NLP Persona + Hidden
CoT settings in Table 4, and to the runs Promptly_baseline-cot and Promptly_nlp-persona-cot
reported in later tables.

3. In the self-refinement approach, the LLM was tasked with critically reviewing both the reasoning
produced by the Chain-of-Thought (CoT) process and the output of the previous run. The model
could either validate the prior reasoning or identify weaknesses in it, thereby enabling improved
predictions or alternative reasoning strategies. This configuration corresponds to the History
+ Hidden CoT + Self-Refinement and History + NLP Persona + Hidden CoT + Self-Refinement
settings in Table 4, and to the runs Promptly_baseline-cot-refine and Promptly_nlp-persona-cot-
refinement reported in later tables.

Team Split n’ Simulate Originally, the team aimed to manually identify user characteristics from
the provided session files in order to derive a set of personas using a rule-based approach. Based on
these characteristics, a classifier was intended to assign the most appropriate persona to each session.
However, this initial approach relied primarily on keyword matching within the session strings, which
resulted in limited persona coverage. It was found that only 42% of the sessions could be assigned to
one of the predefined personas (cf. Table 6, not all versions of the first run were covered, 32 sessions
were not covered with annotations).

To address these limitations, the manual rule-based approach was replaced by an LLM-based classifier.
For this purpose, Llama3.2:3b was used to classify the users associated with each session into one
of seven predefined personas. The LLM was provided with descriptions of the characteristics of the
seven predefined personas and was instructed to determine which persona best matched the underlying
session based on these descriptions. Whenever the model was unable to confidently assign a session to
any specific persona, a fallback category, namely the general researcher, was assigned instead. The
resulting label distribution and the defined personas are shown in Table 5. The general researcher
persona remained available as a fallback option in the final run, but it was not assigned to any session,
as the predefined personas in the prompt were sufficiently well-defined to cover all cases.

The overall methodology was iteratively refined throughout the development process. Initially,
sessions were classified in batches of ten, with the assumption that presenting multiple diverse ses-



sions simultaneously would help the model better distinguish between the available persona labels.
Versions one and two differed mainly in prompt design, while the underlying batch-classification
strategy remained unchanged. However, this setup still produced sessions without persona annotations.
Consequently, the approach was modified to classify sessions individually, ultimately resulting in 100%
label coverage.

The assigned persona was provided to the LLM in order to predict the last query of the session. The
assigned persona was provided to the LLM in order to predict the last query of the session. For the
assigned persona, the LLM was also supplied with writing characteristics of the underlying persona, as
defined by the team, to enable a more accurate prediction of the next query. The submitted candidates
were ranked by the cosine similarity between the candidate query and the second last query in the
session, assuming that this query is likely the most similar to the last query in the session.

Team JOINorDIE The team submitted a total of 18 runs for Task 3, with an approach closely related
to their submission for Task 2 as described in Section 3. The methodology is based on in-context
prompting and employs two different prompt variants. For Prompt A, the model was provided with
a TREC-style topic description generated by the LLM based on the user’s full query history. In the
experimental setup, this generated topic was combined with either the complete query history, the
second-to-last query, or the first query of the session to predict the user’s next query. Furthermore, three
different query reformulation strategies were evaluated within this prompt. For Prompt B, the model
received the user’s query history together with up to six documents in the contrastive setting or up to
three documents in the relevant and non-relevant settings, depending on the respective experimental
setting. Each document was represented by its title and abstract, with the combined document content
truncated to a maximum of 600 characters. In the relevant setting, these documents were those with
which the user had interacted. In the non-relevant setting, the prompt included up to three documents
that appeared in the Top-10 retrieval results but with which the user did not interact. The contrastive
setting combined both relevant and non-relevant documents. As with Prompt A, the amount of session
context varied between using the first query, the second-to-last query, or the complete sequence of
previous queries within a session. All runs for both Prompt A and Prompt B were generated using
GPT-4o mini.

4.2. Preliminary Results and Discussion

During the implementation phase, each team was free to select its own methods for pre-evaluating
performance and identifying potential improvements to further develop and refine their approaches. As
a result, the evaluation protocols and measures differed across teams, making the preliminary results
not directly or only partially comparable. In the following section, the evaluation measures used by
the teams are described, and the corresponding results on the training datasets are reported. The final
evaluation scores provided by the organizers were not available at the time of the first submission but
will now enable a direct and fair comparison of all submitted approaches under the same evaluation
protocol in addition to the preliminary results.

Team Promptly For the pre-evaluation of the submitted approaches, the ground truth queries were
compared against either the top-1 candidate aggregated across all sessions or the average score computed
over all candidates and sessions. As evaluation metrics, ROUGE-L and BERTScore [17] were selected.
ROUGE-L captures the overlap in longest common subsequences between the predicted and the original
query and therefore primarily reflects exact token-level matching. To complement this, BERTScore
was used to account for semantic similarity between predictions and ground truth queries, thereby
capturing meaning-preserving but lexically diverse outputs.

Surprisingly, the experiments show an inverse relationship between prompt architecture complexity
and performance in next-query prediction. While more sophisticated prompting strategies such as
Chain-of-Thought, Self-Refinement, and persona-based roleplay are often beneficial in generative or
reasoning-intensive settings, they consistently degrade performance in this task. As shown in Table 4,



Table 4
Overview of the different run files of Team Promptly. All measures are averaged across sessions.

Approach Top-1 Rouge-L Max Rouge-L Top-1 BERTScore Max. BERTScore

History (Baseline) 0.3663 0.4827 0.3267 0.4436
History + Hidden CoT 0.3233 0.4273 0.2816 0.4001
History + Hidden CoT + Self-Refinement 0.2946 0.4205 0.2743 0.3868
History + NLP Persona 0.2325 0.3723 0.2006 0.3338
History + NLP Persona + Hidden CoT 0.1898 0.3440 0.1943 0.3139
History + NLP Persona + Hidden CoT + Self-Refinement 0.2298 0.3576 0.1862 0.3063

BERTScore decreases across all evaluated configurations when prompt complexity increases, indicating
a systematic drop in semantic similarity to the reference outputs.

This trend is particularly pronounced for persona-based prompts: all runs incorporating personas
consistently achieve substantially lower scores than the corresponding baseline runs without personas.
This indicates that the additional persona framing systematically degrades performance rather than
providing any benefit in this short-text retrieval setting.

An exception to this pattern is observed only in the final persona-based run, where applying Chain-
of-Thought followed by Self-Refinement yields a slight improvement in ROUGE-L. However, this gain
is isolated and does not translate to BERTScore, which remains lower compared to simpler baselines.
Overall, the results suggest that increased prompt complexity tends to hurt rather than help in this
task setting, reinforcing the effectiveness of simpler, more direct prompting strategies for next-query
prediction.

The observed degradation may also be partially attributable to model scale limitations, as smaller
LLMs may not reliably support reasoning or self-reflective prompting strategies such as CoT and
Self-Refinement.

TeamSplit ’n Simulate Classification coveragewas significantly reduced across the different iteration
steps of the implementation, and the fallback persona General Researcher was no longer required in
the final setup. While most personas are relatively evenly distributed, the Student persona remains
dominant with 50.6%. Since no ground truth information about CORE user groups is available, these
distributions are difficult to validate.

Performance also varies notably across personas, ranging from an average cosine similarity of 0.3071
for the Sustainability & Climate Researcher to 0.4028 for the Policy & Security Analyst. This suggests
that persona design and prompt formulation have a substantial impact on simulator performance. More
fine-grained personas and better knowledge of the underlying user population could further improve
the approach. Be aware that for the calculation in Table 5 not all candidates were averaged for every
session, but the best was picked and averaged over all sessions.

For evaluation, cosine similarity between the ground-truth query and all generated candidate queries
was computed using TF-IDF vector representations and subsequently averaged across candidates and
sessions, thereby primarily capturing lexical overlap. In addition, SBERTScore was used to capture
semantic similarity. This setup is aligned with Team Promptly, which also combines lexical and semantic
measures for pre-evaluation.

Across four iterations, performance improved from 0.2100 to 0.3591, alongside improved persona
coverage. While cosine similarity mainly reflects lexical overlap, SBERTScore yields an average of 0.8
in the overall best run, indicating strong semantic alignment with ground truth queries.

Additional experiments with smaller LLMs, such as Phi-3, did not improve performance but instead
produced overly verbose predictions. The final setup also incorporated contextual inputs such as SERP
result lists, clicked documents, and adjusted temperature to increase output diversity due to redundancy
penalties in the task design.

Nevertheless, as shown in Table 6, these modifications slightly decreased participant-defined eval-
uation measures. This reflects a trade-off inherent in the task, in which redundancy is penalized,
encouraging diversity at the expense of marginal performance on the metric.



Table 5
Persona distribution in the training dataset and best-performing configurations based on average cosine similarity
between the top-ranked candidate and the ground-truth query.

Persona Percentage Avg. Top-1 Cosine Sim.

Student Researcher 50,6 % 0.3589
Engineering & Tech Developer 11,1 % 0.3681
Sustainability & Climate Researcher 9,4 % 0.3071
Healthcare & Life Science Researcher 4,4 % 0.3161
Business & Economics Researcher 12,2 % 0.3784
Policy & Security Analyst 7,8 % 0.4028
Academic Researcher 4,4 % 0.3623

Table 6
Improvements across the different iterations of the approaches of Team Split n’ Simulate

Approach Avg. Cosine Unknown sessions

Rule-based Classification 0.2100 >30
LLM Based Batch Classification v1 0.3100 22
LLM Based Batch Classification v2 0.3531 31
LLM Based Single Session Classification 0.3591 0
LLM Based Single Session Classification + Model change for prediction 0.2915 0
LLM Based Single Session Classification + Click Information + Temperature 0.3579 0

A key limitation of the approach is the use of relatively small available models, which likely con-
strained overall performance and the effective use of richer contextual signals.

Team JOINorDIE Team JOINorDIE followed a similar evaluation approach to the other teams
by computing similarity between ground-truth and generated candidate queries as described above.
Specifically, both average cosine similarity and average SBERT score were used as evaluation measures.
Cosine similarity is based on TF-IDF vector representations and therefore primarily captures lexical
overlap, whereas SBERT provides a complementary measure that accounts for semantic similarity
between queries. This setup aligns with the strategies used by both Team Promptly and Team JOINorDIE,
as both rely on a combination of lexical and semantic similarity-based metrics for pre-evaluation, albeit
with differences in aggregation and implementation details.

While providing relevant or non-relevant feedback in the form of the top five TF-IDF terms leads
to relatively similar SBERT scores, the non-relevant feedback consistently performs slightly better
across both prompt variants. However, the most notable observation is that contrastive feedback
consistently outperforms both alternative setups across nearly all configurations for Prompt B, with the
only exception being the run openai_first_B_contrastive, with the non-relevant feedback being
the second-best run. This might be explainable due to the fact, that there is only a small amount of click
interaction for the provided session, leading to the problem that most relevant feedback configurations
will end up with only one document or no context, while the contrastive feedback and the non-relevant
will always end up with atleast three documents for context. For Prompt A interestingly the three
different prompt variation scenarios show similar results. With the ”contrastive” scenario performing
best and the ”non-relevant” scenario second.

Another striking observation is the large standard deviations for both the SBERT scores and, in
particular, the cosine similarity scores. The standard deviations of the cosine similarity are consistently
within a similar range as the average scores themselves, indicating that the approaches struggle
substantially, depending on the session, to generate predictions with lexical overlap or term-level
similarity to the ground-truth queries. Although the standard deviations for SBERT are comparatively
lower compared to the actual scores, they still remain relatively high. This suggests that the difficulty is
not limited to predicting lexically similar queries, but rather indicates that certain sessions are inherently



Table 7
Overview of the results for JOINorDIE’s submission to Task 3

Approach Cosine Mean Cosine Std SBERT Mean SBERT Std

openai_first_A_scenario_1 0.1606 0.1586 0.3918 0.2559
openai_first_A_scenario_2 0.1579 0.1602 0.3959 0.2534
openai_first_A_scenario_3 0.1686 0.1690 0.3965 0.2597
openai_last_A_scenario_1 0.1601 0.1619 0.3941 0.2607
openai_last_A_scenario_2 0.1608 0.1687 0.3944 0.2558
openai_last_A_scenario_3 0.1651 0.1742 0.3952 0.2615
openai_all_A_scenario_1 0.1564 0.1626 0.3885 0.2597
openai_all_A_scenario_2 0.1588 0.1606 0.3932 0.2560
openai_all_A_scenario_3 0.1635 0.1689 0.3979 0.2630

openai_first_B_rel 0.1895 0.1929 0.4450 0.2552
openai_first_B_non_rel 0.2000 0.1886 0.4541 0.2516
openai_first_B_contrastive 0.2016 0.1923 0.4480 0.2539
openai_last_B_rel 0.1948 0.1968 0.4477 0.2555
openai_last_B_non_rel 0.2000 0.1868 0.4562 0.2498
openai_last_B_contrastive 0.2106 0.1948 0.4601 0.2483
openai_all_B_rel 0.1889 0.1855 0.4408 0.2507
openai_all_B_non_rel 0.2113 0.1943 0.4601 0.2522
openai_all_B_contrastive 0.2116 0.1943 0.4615 0.2471

more challenging to predict than others, even on a semantic level.

4.3. Test Results and Discussion

To keep the tables in this section reasonably compact and because these metrics are less informative on
their own, the results for Top-1 and best-average cosine similarity as well as SERP overlap are only
briefly described in the text. Instead, we focus on the relative change values for RDS, while for cosine
similarity and SERP overlap we report the differences between Top-1 and best-of-five performance in
order to gain insights into ranking quality and the effectiveness of the applied re-ranking strategies.

Rank-Diversity Score (RDS) Detailed quantitative results for all approaches and snapshots are
provided in Table 8, while the following paragraphs summarize the key findings.

Overall, the Prompt B configurations with the entire query history of the JOINorDIE team performed
particularly well for the first snapshot. The generated query suggestions exhibited high diversity while
simultaneously maintaining a high semantic similarity to the ground truth, resulting in the best RDS
scores. Notably, these approaches also relied on GPT-4o mini, the largest language model used across all
submitted systems. However, despite their strong initial performance, these approaches experienced a
substantial decline in later snapshots, resulting in one of the largest relative performance drops between
snapshots 1 and 2 as well as between snapshots 1 and 3.

In contrast, the Split ’n Simulate approach achieved competitive performance already in the first
snapshot while maintaining a considerably more stable performance across all snapshots. As a result, it
obtained the best relative change scores for both snapshot transitions (1–2 and 1–3). The combination of
persona-based query generation and a high sampling temperature appears to have achieved its intended
goal of increasing query diversity, which is particularly beneficial for the RDS metric.

Interestingly, the baseline approach submitted by Team Promptly also achieved competitive results
for snapshots 1 and 2 despite being comparatively simple. Similar to Split ’n Simulate, it relied on
small locally hosted language models, demonstrating that competitive performance does not necessarily
require very large models.

As already indicated by the preliminary experiments, the reasoning-based approaches of Team
Promptly as well as the NLP tagging approaches consistently underperformed across all snapshots.



Table 8
Effectiveness of the simulators for the three snapshots, measured by RDS (Rank-Diversity Score) and RC (Relative
Change) the systems are sorted by the RDS based on the first snapshot in decreasing order. The table only
contains the two best and worst runs for every team according to the average RDS score across snapshots to
provide a concise overview.

Measures RDS RC
Run / Snapshot 1 2 3 1-2 1-3

JOINorDIE_openai_all_B_non_rel 0.59141 0.31385 0.21712 0.4690 0.6330
JOINorDIE_openai_all_B_contrastive 0.54342 0.32254 0.21353 0.4070 0.6070
Promptly_simple-baseline-history-only 0.53893 0.33492 0.1638 0.3790 0.6960
JOINorDIE_openai_all_A_scenario_3 0.52834 0.2974 0.1772 0.4370 0.6650
Split n’ Simulate_Split-n-Simulate-run 0.52325 0.43681 0.25471 0.16501 0.51301
JOINorDIE_openai_all_A_scenario_1 0.5152 0.2620 0.1887 0.4910 0.6340
JOINorDIE_openai_all_B_rel 0.5133 0.2805 0.1897 0.4540 0.6300
JOINorDIE_openai_last_A_scenario_3 0.5106 0.2830 0.2018 0.4460 0.6050
JOINorDIE_openai_first_A_scenario_1 0.5080 0.2518 0.1713 0.5040 0.6630
JOINorDIE_openai_all_A_scenario_2 0.5046 0.2734 0.1862 0.4580 0.6310
JOINorDIE_openai_first_A_scenario_3 0.5008 0.3025 0.1710 0.3960 0.6590
JOINorDIE_openai_last_B_non_rel 0.4908 0.3043 0.2063 0.3800 0.5800
JOINorDIE_openai_last_A_scenario_2 0.4898 0.2884 0.2030 0.4110 0.5860
JOINorDIE_openai_last_A_scenario_1 0.4863 0.2842 0.1719 0.4160 0.6470
JOINorDIE_openai_first_A_scenario_2 0.4857 0.2629 0.1896 0.4590 0.6100
JOINorDIE_openai_last_B_contrastive 0.4595 0.32973 0.20714 0.28203 0.54905
Promptly_baseline-cot 0.4538 0.1476 0.1278 0.6750 0.7180
Promptly_baseline-cot-refine 0.4505 0.1207 0.1171 0.7320 0.7400
JOINorDIE_openai_first_B_non_rel 0.4387 0.2696 0.20675 0.3850 0.52903
JOINorDIE_openai_first_B_contrastive 0.4347 0.2755 0.1957 0.36605 0.5500
JOINorDIE_openai_first_B_rel 0.4127 0.2492 0.1927 0.3960 0.53304
JOINorDIE_openai_last_B_rel 0.4045 0.2936 0.1958 0.27402 0.51602
Promptly_nlp-persona-cot-refinement 0.3178 0.1494 0.0827 0.5300 0.7400
Promptly_nlp-persona-history-only 0.2909 0.1670 0.0959 0.4260 0.6700
Promptly_nlp-persona-cot 0.2202 0.1539 0.0683 0.30104 0.6900

However, an interesting observation is that the performance degradation from snapshot 1 to snapshot 2
was noticeably larger for the baseline reasoning approaches than for their NLP-tagging counterparts.
Although both approaches eventually converged to similarly low performance levels in later snapshots,
the NLP tags appear to provide slightly better robustness over time.

Average Cosine Similarity Detailed quantitative results for all approaches and snapshots are
provided in Table 9, while the following paragraphs summarize the key findings.

For the average cosine similarity metric, the JOINorDIE runs using the non-relevant (Scenario 2
for Prompt A) and contrastive strategies (Scenario 3 for Prompt A) performed well for both Prompt
A and Prompt B. In contrast to the RDS results, the performance degradation across snapshots was
considerably smaller, placing these approaches consistently among the top five systems for snapshots 2
and 3. This suggests that these approaches are effective at generating semantically similar queries but
are penalized by the RDS metric due to their comparatively lower diversity.

The Split ’n Simulate approach again demonstrated strong performance across all snapshots and
ranked first for snapshots 2 and 3. A similar trend can be observed for the baseline submission of Team
Promptly. Across all cosine-based evaluation metrics (Average, Best, and Top-1 Cosine Similarity),
the JOINorDIE configurations all_B_non_rel and all_B_contrastive, together with the Team Promptly
baseline and Split ’n Simulate, consistently ranked among the top-performing systems. The remaining
JOINorDIE configurations showed greater variability in their rankings.

When comparing the different context configurations of the JOINorDIE system, no clear pattern



Table 9
Simulator effectiveness across three snapshots, measured by average cosine similarity and the Top 1–Best gap as
an indicator of ranking quality

Measures Avg. Cosine Similarity Δ(Best,Top1)
Run / Snapshot 1 2 3 1 2 3
JOINorDIE_openai_all_B_non_rel 0.56541 0.46133 0.3891 0.082 0.074 0.10
JOINorDIE_openai_all_B_contrastive 0.55502 0.44745 0.3848 0.10 0.10 0.10
JOINorDIE_openai_last_A_scenario_2 0.55393 0.3722 0.39432 0.09 0.08 0.09
JOINorDIE_openai_first_A_scenario_2 0.55374 0.3673 0.38935 0.09 0.07 0.071
JOINorDIE_openai_all_A_scenario_2 0.55085 0.3702 0.39094 0.09 0.08 0.084
JOINorDIE_openai_last_B_non_rel 0.5483 0.45354 0.3855 0.084 0.08 0.10
JOINorDIE_openai_all_A_scenario_3 0.5468 0.3645 0.3840 0.10 0.073 0.09
JOINorDIE_openai_first_A_scenario_3 0.5423 0.3664 0.3852 0.083 0.061 0.09
JOINorDIE_openai_last_A_scenario_3 0.5422 0.3608 0.3885 0.09 0.075 0.08
JOINorDIE_openai_all_A_scenario_1 0.5408 0.3626 0.3887 0.09 0.08 0.085
JOINorDIE_openai_all_B_rel 0.5397 0.4335 0.3735 0.12 0.11 0.11
JOINorDIE_openai_last_A_scenario_1 0.5393 0.3634 0.3876 0.09 0.062 0.08
JOINorDIE_openai_first_A_scenario_1 0.5384 0.3673 0.3846 0.085 0.07 0.073
Promptly_simple-baseline-history-only 0.5342 0.48292 0.3477 0.09 0.11 0.10
Split n’ Simulate_Split-n-Simulate-run 0.5303 0.50281 0.40211 0.041 0.08 0.072
JOINorDIE_openai_last_B_contrastive 0.5295 0.4421 0.3825 0.10 0.09 0.09
JOINorDIE_openai_first_B_non_rel 0.5169 0.4408 0.39123 0.09 0.08 0.10
Promptly_baseline-cot-refine 0.5150 0.3748 0.3305 0.10 0.12 0.10
Promptly_baseline-cot 0.5097 0.3762 0.3328 0.09 0.11 0.15
JOINorDIE_openai_last_B_rel 0.5095 0.4236 0.3690 0.11 0.10 0.10
JOINorDIE_openai_first_B_contrastive 0.5091 0.4281 0.3800 0.09 0.09 0.10
JOINorDIE_openai_first_B_rel 0.4905 0.4144 0.3686 0.10 0.09 0.10
Promptly_nlp-persona-cot-refinement 0.4727 0.3695 0.3227 0.11 0.10 0.10
Promptly_nlp-persona-history-only 0.4628 0.3689 0.3263 0.12 0.11 0.09
Promptly_nlp-persona-cot 0.4453 0.3654 0.3183 0.12 0.10 0.11

emerges regarding the optimal amount of session context. In several cases, even using only the first
query of a session produced results that were competitive with configurations using the full session
history or only the second-last query.

Measuring both the top-1 performance and the best-of-five similarities allows us to assess how
effectively the approaches rank their best candidates at the top position. For most systems, the difference
between the Average Best and Average Top-1 scores ranged between approximately 0.08 and 0.12. The
only notable exception was the Split ’n Simulate approach for snapshot 1, where the difference was
only 0.04. This indicates that its reranking strategy, which ranked candidates based on their cosine
similarity to the second-last query of the session, successfully promoted stronger candidates to the top
of the ranking. For snapshots 2 and 3, however, this advantage largely disappeared, with the differences
becoming comparable to those of the other approaches. Overall, the gap between the Average Best and
Average Top-1 scores remained relatively consistent across snapshots for each individual system.

SERP Overlap In addition to RDS and cosine similarity, the organizers provided SERP Overlap as
a system-centric evaluation metric that measures the similarity of the search results returned for the
generated and ground-truth queries. Overall, the SERP Overlap scores were substantially lower than
the semantic similarity scores, particularly for the Average and Top-1 evaluations. Nevertheless, the
averaging across the best candidates achieved overlaps exceeding 20% in several cases. This indicates
that search engine rankings are considerably more sensitive to lexical differences between queries
than semantic similarity measures. The findings regarding the best-performing approaches and their
performance across snapshots closely mirror those observed for RDS and cosine similarity, and do
not provide many additional insights. Although the absolute SERP Overlap scores were lower, the
differences between the Top-1 and Best evaluations were also considerably smaller. Consequently, none



Table 10
Simulator effectiveness across three snapshots, measured by average SERP overlap and the Top 1–Best gap as an
indicator of ranking quality

Measures Avg. SERP Overlap Δ(Best,Top1)
Run / Snapshot 1 2 3 1 2 3
JOINorDIE_openai_all_B_non_rel 0.11491 0.07702 0.04864 0.08 0.09 0.04
JOINorDIE_openai_all_B_contrastive 0.11322 0.07703 0.04765 0.09 0.09 0.05
JOINorDIE_openai_first_A_scenario_2 0.11173 0.0571 0.0448 0.08 0.054 0.04
JOINorDIE_openai_last_A_scenario_2 0.11144 0.0573 0.0461 0.08 0.06 0.04
JOINorDIE_openai_all_A_scenario_3 0.10775 0.0588 0.04942 0.07 0.06 0.04
JOINorDIE_openai_all_B_rel 0.1062 0.0709 0.0461 0.10 0.09 0.05
Split n’ Simulate_Split-n-Simulate-run 0.1051 0.09511 0.04893 0.041 0.10 0.04
JOINorDIE_openai_first_A_scenario_3 0.1045 0.0541 0.0473 0.07 0.05 0.04
JOINorDIE_openai_all_A_scenario_2 0.1045 0.0575 0.0463 0.07 0.06 0.04
JOINorDIE_openai_last_A_scenario_3 0.1035 0.0527 0.0476 0.064 0.055 0.032
JOINorDIE_openai_last_A_scenario_1 0.1024 0.0549 0.0460 0.063 0.042 0.021
JOINorDIE_openai_all_A_scenario_1 0.1022 0.0576 0.0463 0.062 0.06 0.04
JOINorDIE_openai_first_A_scenario_1 0.1003 0.0577 0.0438 0.065 0.041 0.033
JOINorDIE_openai_first_B_non_rel 0.0959 0.0683 0.0472 0.07 0.07 0.04
Promptly_simple-baseline-history-only 0.0945 0.07374 0.0298 0.07 0.10 0.04
JOINorDIE_openai_last_B_non_rel 0.0906 0.07375 0.05091 0.07 0.07 0.05
Promptly_baseline-cot-refine 0.0875 0.0399 0.0238 0.09 0.05 0.034
JOINorDIE_openai_first_B_contrastive 0.0871 0.0710 0.0456 0.06 0.07 0.04
JOINorDIE_openai_first_B_rel 0.0859 0.0602 0.0426 0.08 0.05 0.05
JOINorDIE_openai_last_B_contrastive 0.0837 0.0715 0.0467 0.08 0.07 0.04
Promptly_baseline-cot 0.0836 0.0319 0.0256 0.06 0.05 0.04
JOINorDIE_openai_last_B_rel 0.0824 0.0680 0.0456 0.07 0.08 0.05
Promptly_nlp-persona-cot-refinement 0.0660 0.0351 0.0245 0.07 0.05 0.03
Promptly_nlp-persona-history-only 0.0556 0.0365 0.0218 0.07 0.05 0.03
Promptly_nlp-persona-cot 0.0469 0.0355 0.0184 0.08 0.043 0.035

of the approaches demonstrated a particularly effective reranking strategy with respect to this metric.
Detailed quantitative results for all approaches and snapshots are provided in Table 10.

While Split ’n Simulate explicitly optimized its reranking based on cosine similarity between the
generated candidate and the second-last session query, this optimization did not translate into improved
SERP Overlap rankings.

Unlike Split ’n Simulate, the remaining teams did not employ a dedicated reranking strategy. Conse-
quently, their Top-1 rankings directly reflect the order in which the queries were generated, making the
differences between the Top-1 and Best evaluations difficult to interpret in terms of reranking quality.

4.4. Conclusion for Task 3

The observations made during the preliminary analysis largely hold true. Nevertheless, the preliminary
experiments remain valuable, as they provide insight into how the different teams iteratively optimized
their approaches throughout the development phase and how individual design decisions influenced
the final systems.

The official results show that simpler approaches often generalized more robustly than more com-
plex reasoning-based methods. For Team Promptly, the history-based baseline (without personas)
consistently outperformed the more sophisticated reasoning-based strategies, which generally resulted
in a noticeable decrease in performance. For Team Split ’n Simulate, the persona-based simulation
approach achieved the strongest overall results, suggesting that modeling user personas at a sufficiently
fine-grained level can effectively improve query prediction. In contrast, Team Promptly’s NLP-based
persona tagging approach consistently underperformed compared to its simpler baseline, indicating
that the automatically assigned persona tags were either not sufficiently discriminative or not well



aligned with the underlying prediction task.
The results of Team JOINorDIE further reinforce findings from previous work, particularly regarding

the importance of prompt engineering. Across most configurations, providing the full query history
consistently yielded the strongest performance compared to using only partial session context. However,
the official results also reveal that these approaches generalized less effectively over time. While several
JOINorDIE configurations achieved the best overall performance on the first snapshot, their performance
decreased considerably for snapshots 2 and 3. In contrast, the comparatively simple baseline approach
of Team Promptly and the persona-based Split ’n Simulate approach maintained a much more stable
level of performance across all snapshots, resulting in stronger overall generalization.

Another interesting observation concerns the reranking of generated candidates. Team Split ’n
Simulate was the only submission that incorporated an explicit reranking step, ranking generated
candidates based on their cosine similarity to the second-last query in the session. While this strategy
slightly improved the Top-1 cosine similarity for the first snapshot by promoting stronger candidates to
the top of the ranking, its benefit largely disappeared for the later snapshots and did not translate into
improved SERP Overlap scores. Consequently, this particular reranking component did not provide a
substantial overall advantage. The remaining teams did not employ any dedicated reranking strategy,
making direct comparisons of the gap between their Top-1 and Best candidate results difficult to
interpret, as their candidate ordering simply reflects the order produced during generation rather than
an explicitly optimized ranking.
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