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Abstract

Query performance prediction (QPP) is a key and long-standing task in information retrieval
(IR). The task of QPP aims to predict ranking quality without human relevance judgments.
The rise of large language models (LLMs) has significantly reshaped the IR research land-
scape. These advancements call for a timely discussion on how we perform, evaluate and
apply QPP in the LLM era. To foster this discussion, we have organised the workshop on
QPP at the 47th European Conference on Information Retrieval (ECIR 2025). While LLM-
related topics were a major focus, we made sure to keep our workshop open to a broad range
of QPP-related research areas. The workshop featured five accepted papers and gathered
around 20 participants for a half-day of presentations and interactive discussions. These
discussions produced several key insights and directions for future QPP research.

Date: 10 April 2025.
Website: https://qppworkshop.github.io/.

1 Motivation

Query performance prediction (QPP) has been studied in the information retrieval (IR) commu-
nities for decades [Carmel et al., 2005; Mothe and Tanguy, 2005; Carmel and Yom-Tov, 2010;
Arabzadeh et al., 2025]. The task of QPP aims to predict the ranking quality of a search sys-
tem without relying on human-annotated relevance judgments [Mizzaro et al., 2018; Meng et al.,
2025a]. Recently, the rise of large language models (LLMs) has significantly reshaped the IR
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research landscape [Zhu et al., 2023; Li et al., 2024], giving rise to new research directions, includ-
ing LLM-based retrievers/re-rankers [Sun et al., 2023; Ma et al., 2024; Meng et al., 2024], and
generative Al systems [Allan et al., 2024; White and Shah, 2025]. These advancements call for
a timely discussion on how we perform, evaluate and apply QPP in the LLM era. To foster this
discussion, we have organised the workshop Query Performance Prediction and its Applications
in the Era of Large Language Models (QPP++ 2025) [Meng et al., 2025b], at the 47th European
Conference on Information Retrieval (ECIR 2025) in Lucca, Italy. QPP++ 2025 is a continuation
of the QPP++ 2023 workshop [Faggioli et al., 2023a,b], held at the 45th European Conference on
Information Retrieval (ECIR 2023) in Dublin, Ireland.

2 Workshop organisation

Although our call for papers highlighted LLM-related topics, such as predicting the performance of
LLM-based retrievers and re-rankers, assessing generative Al systems, and using LLMs to enhance
QPP methods, we also designed the workshop to remain open to a broad range of QPP research
directions. These include, but are not limited to, practical applications of QPP [Ganguly and
Yilmaz, 2023], multimodal QPP [Tian et al., 2014; Poesina et al., 2023], multilingual QPP, and
QPP for conversational search [Faggioli et al., 2023c,d; Meng et al., 2023b,a].

We welcomed both original and previously published work for submission. After review, five
submissions were accepted for presentation. The authors of the accepted submissions are affiliated
with eleven institutions across six countries, spanning Europe, North America, and Asia. The
accepted papers include two original contributions [Parry et al., 2025; Tian et al., 2025b] and
three previously published studies [Ebrahimi et al., 2024; Saleminezhad et al., 2025; Poesina et al.,
2025]. The proceedings of the QPP++ 2025 Workshop are available on the workshop website.!

The accepted papers cover a range of topics. There are three papers focusing on improving
QPP modelling in text-based scenarios. Tian et al. [2025b] aim to enhance QPP by leveraging
query variants. To avoid the hallucinations or information drifts introduced by query variant
generation, Tian et al. [2025b] propose to retrieve similar queries from an external training set.
To ensure high recall in retrieving queries with information needs most similar to the target
query from the training set, Tian et al. [2025b] propose a two-hop retrieval approach: first,
retrieving similar queries from the training set, followed by a second retrieval step using the relevant
documents associated with those queries. Saleminezhad et al. [2025] propose a QPP method that
measures robustness to query perturbations for automatically predicting the ranking quality of
dense retrievers. Ebrahimi et al. [2024] propose a QPP method that learns to map contextual
information related to the target query to an IR evaluation measure. Given the target query, the
signals include its retrieved documents, and similar queries from a training set with ground-truth
ranking performance. Beyond text-based scenarios, Poesina et al. [2025] focus on both text-to-
image generation and retrieval, and manually create a joint benchmark for prompt and query
performance prediction (PQPP). Instead of focusing on the general QPP task, which aims to
predict the ranking quality for a specific query, Parry et al. [2025] propose corpus performance
prediction (CPP), which aims to predict the ranking quality of a corpus for a given query class.

"https://qppworkshop.github.io/
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CPP can be used to assess the utility of a corpus for a given query class, for example, to support
corpus selection based on query type.

On the day of the workshop, QPP-++ 2025 gathered around 20 participants. We began with
paper presentation sessions, followed by a keynote, and an interactive discussion session (details
of the discussion will be provided in the next section). The keynote, titled “The Role of Query
Performance Prediction in Developing Adaptive Search and RAG Systems”, was delivered by
Debasis Ganguly. The keynote first gave an overview of existing unsupervised and supervised
QPP methods, and then introduced the potential of using QPP for adaptive IR and retrieval-
augmented generation (RAG) systems. For adaptive IR, Debasis highlighted the importance of
query-specific treatment and mentioned that selective relevance feedback [Datta et al., 2024] is a
scenario where QPP can be applied. Turning to RAG systems, Debasis pointed out that QPP has
the potential to guide the adjustment of RAG hyperparameters, such as the number of retrieved
documents used for generation. He also noted that recent work shows the relevance of retrieved
documents does not necessarily translate into gains in downstream text generation [Tian et al.,
2025a]. This observation shifts the focus from relevance alone to the broader goal of enhancing the
utility of retrieved documents for generation. As such, QPP might need to go beyond predicting the
relevance of retrieved documents and instead aim to estimate their impact on the final generated
output. Ultimately, feedback from QPP predictors can be used to improve the effectiveness of
RAG systems.

3 Discussion outcomes

QPP++ 2025 featured a breakout discussion session, in which all participants were divided into
two groups to discuss the applications and evaluation of QPP, followed by a collective sharing of
discussion outcomes. These discussions produced the following insights and directions for future
QPP research.

QPP for RAG. QPP has the potential to benefit RAG on multiple aspects. First, predicting
whether to perform retrieval or generate directly for a given user query. For example, if the
retrieved documents are predicted to be of low quality, the system may choose not to use them
and instead respond with an “I don’t know” message to the user. Second, exploring the use
of QPP to predict how many documents should be fed into generation is an important research
direction. Adding more retrieved documents for generation may introduce more noisy information
and reduce generation efficiency. Therefore, choosing an adaptive number of documents can help
achieve a better effectiveness—efficiency trade-off for RAG. Third, shifting from topical relevance
to utility. Given existing findings that the topical relevance of retrieved documents shows limited
correlation with downstream text generation quality [Tian et al., 2025a], it implies that predicted
ranking quality may not well reflect generation quality. Therefore, adapting QPP methods to
predict downstream text generation quality is an important research topic. Fourth, recent work
has also explored modelling RAG with reasoning based on chain-of-thought prompts [Li et al.,
2025]. An interesting research direction is how to incorporate QPP results into chain-of-thought
reasoning to improve the overall reasoning process.

QPP for agentic workflows. Agentic workflows have received attention recently [Zhang
et al., 2024; Singh et al., 2025; Zhang et al., 2025]. Unlike static workflows following a fixed pipeline
for all user queries, an agentic workflow is a workflow in which one or multiple autonomous agents
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dynamically adjust execution paths to each complex user query. QPP has the potential to enhance
agentic workflows in several ways. First, QPP can act as an autonomous agent to automatically
determine an appropriate execution path given a user request. In the RAG scenarios mentioned
in the previous paragraph, QPP can be used to decide whether to use RAG or generation-only.
Beyond RAG, QPP can also support iterative refinement of ranking results. For example, it can
trigger additional refinement steps such as rewriting the query to expand the original user request,
or using a different ranker or corpus. QPP can also decide to return the ranking results to the
user or a text generator only when the predicted quality is sufficiently high.

QPP for multi-modality scenarios. Compared to QPP in text-based scenarios, research
on QPP in multi-modality settings is still limited. More studies are needed on QPP for tasks
such as text-to-image search [Tian et al., 2014], image-to-image search [Poesina et al., 2023], and
text-to-image generation [Poesina et al., 2025], as well as in emerging contexts like video search
and generation.

QPP for conversational systems. Nowadays, everything is becoming interactive, high-
lighting the growing importance of conversational systems [Mo et al., 2024b,a]. Given the limited
research on QPP for conversational systems, such as conversational search [Faggioli et al., 2023¢,d],
more studies are expected on QPP for conversational systems.

QPP for other applications. It is important to demonstrate to the broader community
how QPP can benefit other applications involving query-specific treatments. For example, QPP
has the potential to predict query-specific beam sizes in generative retrieval [Li et al., 2024], or to
predict per-query re-ranking depths for re-ranking tasks [Meng et al., 2024].

QPP evaluation: from query sorting to downstream tasks. The current common prac-
tice for evaluating QPP is to measure correlation coefficients (such as Pearson’s p and Kendall’s 7)
between the actual and predicted performance of a set of queries. A QPP method achieving high
correlation scores only indicates that it ranks a set of queries well according to their relative diffi-
culty [Raiber and Kurland, 2014]. However, a QPP method that performs well at “query sorting”
does not necessarily produce good performance on downstream tasks. Raiber and Kurland [2014]
point out that the gap between QPP evaluation and the goals of downstream tasks can limit the
practical application of QPP, because the objective of downstream tasks is often not to rank a set
of queries by their relative difficulty. Indeed, existing studies have shown that directly applying
QPP to downstream tasks often leads to limited benefits. This has been observed in applications
such as retriever selection [Khramtsova et al., 2024], rank fusion [Raiber and Kurland, 2014], IR
system configuration selection [Deveaud et al., 2018], and clarification need prediction [Arabzadeh
et al., 2022]. Even for the task of selecting the best-performing query variant that shares the same
information need, essentially a query sorting problem, existing work [Thomas et al., 2017; Scells
et al., 2018; Zendel et al., 2021] has found that QPP methods have limited effectiveness. These
findings suggest that the evaluation of QPP should be reconsidered. In the future, it is important
to assess QPP methods from the perspective of their impact on downstream tasks.

4 Conclusion

The QPP++ 2025 workshop at ECIR 2025 went well. The discussions brought forward useful
insights and ideas for future QPP research. One main takeaway is that QPP should be explored
in a wider range of applications in IR and natural language processing, such as RAG, agentic
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workflows, multi-modal systems, and conversational AI. QPP will attract more attention as more
people realise its usefulness. Another important point is to rethink how we evaluate QPP meth-
ods: moving beyond simple “query sorting” and focusing more on how these methods help in
downstream tasks.
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