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Query Performance Prediction (QPP) aims to estimate the effectiveness of a retrieval system for a given query without requiring
relevance judgments. While traditionally studied for sparse retrieval, recent advances in neural ranking, dense retrieval, and large
language models (LLMs) have prompted a shift towards QPP methods that better reflect modern IR systems. This Special Issue on
Query Performance Prediction Towards Novel Information Retrieval Paradigms presents recent advances along two complementary
directions. The first focuses on LLM- and representation-based approaches that leverage query variants, semantic interactions, and
comparative assessment to improve prediction for neural retrieval models. The second explores new formulations and application
settings, including inverse learning, prediction of reliability in retrieval-augmented generation, and the incorporation of multimodal
and neurophysiological signals. These works highlight emerging challenges in evaluating QPP in neural and generative settings by
demonstrating that QPP is evolving into a broader framework for estimating uncertainty and reliability across complex IR pipelines.
We believe that this Special Issue will foster further research towards robust and generalizable QPP methods for next-generation

information access systems.
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1 Introduction

Query Performance Prediction (QPP) is a long-standing problem in Information Retrieval (IR) that seeks to estimate how
well a retrieval system is likely to perform for a given query, in the absence of explicit relevance judgments [3, 30, 36, 37].
At its core, QPP addresses a fundamental uncertainty in search: while a retrieval system can return a ranked list
of documents for almost any input query, it does not intrinsically know whether the resulting ranking is likely to
satisfy the user’s information need. Accurate performance prediction is therefore valuable for a wide range of query-
specific interventions, including selective query expansion [10], adaptive re-ranking [39, 45], clarification [1], result
diversification [28], mixed-initiative conversational search actions such as clarification and query reformulation [20, 27,

30], and deciding when more expensive retrieval or generation components should be invoked [21].
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Historically, QPP research has been closely tied to classical ad-hoc retrieval settings, where queries are short textual
expressions, documents are represented primarily through lexical statistics, and retrieval effectiveness is measured
against test collections with human relevance judgments [15]. In this setting, a rich set of pre-retrieval and post-
retrieval predictors has been developed, exploiting signals such as query specificity [19], collection statistics [18],
score distributions [36, 37], clarity [6, 19], robustness to perturbation [33, 36], and the agreement among retrieved
documents [11, 44]. These methods have provided important insights into why some queries are inherently easier than
others and how retrieval systems can adapt their behaviour on a per-query basis.

However, contemporary IR systems differ substantially from the settings in which many traditional QPP methods
were originally developed [13, 14, 35]. Modern IR pipelines increasingly rely on neural architectures, including dense
retrieval and cross-encoder reranking models, which represent queries and documents in continuous vector spaces
and capture rich semantic interactions beyond exact term matching [22, 26]. The recent integration of large language
models (LLMs) into IR further shifts the paradigm towards systems that combine retrieval, reasoning, and generation
capabilities [46]. In particular, retrieval-augmented generation (RAG) pipelines tightly couple neural retrieval with
generative models, enabling knowledge-grounded answer generation but also introducing new sources of uncertainty
and evaluation challenges [24, 32].

In parallel, IR systems are increasingly deployed in conversational search settings, where multi-turn interactions,
query reformulation, and clarification play a central role, as well as in multimodal retrieval environments, which
combine textual, visual, and other modalities for effective information access [4, 31]. These developments suggest
that retrieval effectiveness is no longer determined solely by lexical matching or even ranking quality, but by how
well systems capture semantics, context, and interaction dynamics. Moreover, the notion of “performance” itself is
expanding. In addition to rank-based effectiveness measures such as NDCG, MAP, or reciprocal rank, LLM-based
answer generation systems may need to predict factuality, answer reliability [41], and hallucination risk [2] in generated
responses. Other aspects such as user effort in relevance assessments [16, 43], fairness [23], robustness, and the overall
quality of generated answers are also becoming important targets of evaluation [41].

This Special Issue on Query Performance Prediction Towards Novel Information Retrieval Paradigms brings together
recent work that builds on and extends an already active line of research on QPP for modern IR systems. In recent years,
QPP approaches have moved beyond lexical retrieval settings, aiming to predict the performance of neural and dense
retrieval models that rely on semantic representations and learned query—document interactions [3, 8, 13, 34]. More
broadly, there has been a growing interest in designing predictors that are better aligned with the behaviour of neural
ranking architectures and that exploit representation-level signals [13, 38] rather than traditional term-based statistics.

Against this backdrop, the papers accepted in this Special Issue further advance this trajectory. Collectively, they
demonstrate that QPP is no longer confined to predicting the effectiveness of lexical document retrieval alone, but is
increasingly being viewed as a broader framework for estimating uncertainty, reliability, and expected utility across
complex IR and retrieval-augmented generation pipelines.

At a general level, the papers in this Special Issue can be grouped into two main categories. The first category
consists of works that develop new LLM- and neural-representation-based approaches for QPP, with particular emphasis
on query variants, semantic interactions, and comparative assessment of retrieved results. These papers investigate
how auxiliary query evidence, large language models, contrastive representation learning, and pairwise comparison
strategies can be better used to estimate the effectiveness of modern retrieval systems.

The second category consists of papers that broaden the conceptual and application scope of QPP. These works

include a novel inverse-learning formulation of QPP, the use of QPP-like signals for assessing reliability in medical
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retrieval-augmented question answering, and the incorporation of neurophysiological and behavioural signals for
predicting performance in reading and listening tasks. Together, these papers show that QPP is evolving from a
technique for estimating ranked-list effectiveness into a broader framework for reasoning about uncertainty, reliability,

and expected performance in diverse information access settings.

1.1 LLM-based QPP: Query Variants, Semantic Interaction, and Comparative Assessment

The first group of papers investigates how QPP can benefit from the representational and generative capabilities of
large language models, as well as from richer forms of interaction between queries and retrieved results [3, 9, 12]. These
papers are motivated by the observation that traditional QPP methods, although often effective for lexical retrieval
models, may be less well aligned with neural rankers whose behaviour depends on semantic matching, contextual
representations, and learned query-document interactions.

The paper RAQG-QPP: Query Performance Prediction with Retrieved Query Variants and Retrieval Augmented Query
Generation studies the role of query variants in improving QPP for neural retrieval systems [42]. Prior work has
shown that variants of the original query can provide useful evidence about the stability, ambiguity, and specificity
of an information need. However, variants produced through simple term expansion may be incoherent, off-topic, or
insufficiently grounded. To address this limitation, the authors propose retrieving query variants from logs of past
queries and then using LLMs to generate additional variants conditioned on these retrieved examples. This combines
the realism of historical user queries with the flexibility of generation. Experiments on TREC Deep Learning 2019 and
2020 show that this retrieval-augmented query generation strategy improves QPP accuracy, particularly for neural
ranking models such as MonoT5. The work illustrates how LLMs can be used not merely as direct predictors, but also
as generators of auxiliary evidence for estimating retrieval effectiveness.

A different strategy is illustrated in Adaptive Query Performance Prediction for Retrieval Augmented Generation:
Bridging Retrieval Quality and Generation Relevance [39]. More specifically, the approach proposed in the manuscript
employs a learning-based QPP that employs multiple signals to predict the performance in a Retrieval Augmented
Generation scenario. The signals investigated in [39] are designed to explore different facets of the query and the
retrieved documents. In particular, they consider similarity-based attributes to capture similarity aspects between
documents and passages, ranking indicators to extract signals of sudden changes in the retrieval scores of the retrieved
documents, semantic consistency measures to capture the geometric spread of the passage embeddings, lexical signals,
and traditional QPP scores. Angle-QPP: Improving Query Performance Prediction through Large Language Models and Angle
Interaction in Complex Vector Space [25] focuses on a neural QPP framework that combines LLM-based representations,
contrastive learning, and an angle-based interaction mechanism in complex embedding space. The motivation is that
existing binary-encoder and cross-encoder approaches may not fully capture the subtle semantic differences between
queries and retrieved documents that are important for QPP. Angle-QPP addresses this by first using a contrastive
warm-up phase to improve representation quality, and then applying an angular interaction mechanism to model
fine-grained query-document relationships. Across TREC DL 2019-2022, the method substantially improves over
previous binary-encoder QPP models, with larger LLM backbones yielding a stronger performance. This paper therefore
contributes both a new architecture for semantic interaction and empirical evidence that scaling language-model
representations can benefit QPP.

The manuscript Beyond Pointwise: Exploring Comparative Approaches for Predicting Query Performance Using LLMs
examines how LLMs should be used when assessing the quality of retrieved results [17]. Existing LLM-based QPP

methods often rely on pointwise judgments, where an LLM assesses retrieved items independently. This paper instead
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investigates comparative approaches, including pairwise comparisons between retrieved elements or between selected
reference items. The study evaluates Llama-3.1-8B-Instruct and Qwen3-8B under both fine-tuned and non-fine-tuned
settings, comparing the predicted performance with human-judged measures such as NDCG@10 and RR@10. The
results show that pairwise approaches often outperform pointwise baselines, especially in settings without fine-tuning,
although their behaviour varies across retrieval models such as ANCE and BM25. The paper also addresses computational
efficiency by reducing the number of LLM inferences through comparisons against selected subsets of reference items.

These manuscripts highlight how QPP for modern retrieval systems increasingly depends on richer forms of evidence
than those used in traditional lexical predictors. Query variants can expose ambiguity and robustness; using signals
from different sources could improve QPP effectiveness; LLM-based representations can capture semantic relationships
between queries and documents; and comparative assessment can reveal relative quality differences among the retrieved

results. This research line therefore points toward a more interaction-aware and semantically grounded view of QPP.

1.2 Novel Formulations and Applications of QPP

The second research line investigated by the papers in the special issue broadens the scope of QPP beyond the
conventional prediction of ranked-list effectiveness. These works ask how QPP can be reformulated, where QPP-like
signals can be applied, and what types of evidence may be useful when the task is no longer standard ad-hoc retrieval.
They show that QPP is becoming relevant for predicting search effectiveness and understanding retrieval behaviour,
assessing answer reliability, and modelling performance in human-centred information processing tasks.

The paper Reversing the Retrieval Engine: Query Performance Prediction as an Inverse Learning Task proposes a novel
formulation of QPP as an inverse learning problem [29]. Rather than learning a direct mapping from retrieval signals to
effectiveness scores, the paper starts from the hypothesis that observed effectiveness values arise from latent query and
retrieval characteristics. The proposed inverse regression framework maps performance labels, such as NDCG@10,
back to estimated retrieval features including clarity, score variance, and entropy. In doing so, it seeks to reconstruct
the latent retrieval properties that explain the observed performance. This formulation changes the role of QPP from
direct score estimation to explanatory reconstruction. Experiments on MS MARCO and TREC Robust04 show that the
inverse model substantially improves rank-correlation performance over a conventional forward baseline, suggesting
that reversing the retrieval process can offer both predictive and diagnostic benefits.

The paper Augmenting Small Language Model for Better Medical Question Answering through Source Authentication
extends QPP from ranked-list prediction to the reliability of answers produced by a medical retrieval-augmented
generation pipeline [7]. Medical question answering is a high-stakes setting in which factual reliability and computational
efficiency are both essential. The authors introduce a resource-constrained framework that integrates a fine-tuned
1.5B-parameter Small Language Model with retrieval-augmented generation and a calibrated fact-checking module.
A central contribution of the paper is the use of internal system metrics, particularly a Factual Consistency Score, as
QPP-like indicators of answer reliability. This work broadens the meaning of QPP in modern IR pipelines: in RAG
systems, performance depends on whether relevant documents are retrieved and the downstream generation faithfully
uses the retrieved evidence.

The paper On the Use of Electroencephalography in Query Performance Prediction investigates whether neurophysio-
logical signals can improve QPP beyond text-only features [40]. The study uses datasets in which textual queries are
associated with EEG and eye-tracking signals collected during reading and listening tasks. The authors propose an en-
semble architecture with modality-specific models for text, EEG, and eye-tracking data, followed by a meta-learner that

produces final predictions. The results show that generalized models trained across subjects can improve over text-only
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baselines under certain conditions. In particular, trimodal models combining EEG, eye-tracking, and text perform well
for reading tasks, while EEG-plus-text models improve prediction in listening settings. Query-level analysis further
suggests that neurophysiological signals are especially useful for fragmentary or semantically ambiguous queries.

In Uncovering the Limitations of Query Performance Prediction: Failures, Insights, and Implications for Selective Query
Processing [5], the authors analyse the generalization capabilities of QPP methods and their robustness. The authors
consider both traditional lexical-based QPP approaches, such as NQC and WIG, approaches based on Learning-to-Rank
(LETOR) features, and dense predictors. Furthermore, their analysis focuses on different collection categories and
considers classes of target IR systems, including lexical and semantic sparse models, bi-encoders, and late interaction
approaches. Their findings show high variability in accuracy, with the collection being the most prominent factor in
causing changes in QPP performance. Furthermore, their analysis shows the limits of applying QPP in downstream
tasks, such as QPP-driven selective query processing. Their work calls for revisiting QPP, especially in light of novel IR
paradigms, as well as redesigning QPP evaluation approaches targeting downstream applications.

Together, these papers expand the boundaries of QPP in different complementary ways. The inverse learning
paper [29] reconceptualizes QPP as a means of reconstructing latent retrieval properties; the medical QA paper [7]
applies QPP-like reliability estimation to retrieval-augmented answer generation; and the EEG paper introduces human-
centred signals for predicting performance in reading and listening tasks. Finally, the evaluation-focused paper [5]
illustrates the need for revising current QPP research, both in terms of approaches, with the objective of improving

their robustness across IR settings, but also in terms of QPP evaluation, which should focus on downstream tasks.

2 Discussion and Outlook

The contributions in this Special Issue point to two broad trends in the evolution of QPP. The first is methodological:
QPP methods are becoming increasingly semantic, generative, and interaction-aware. The use of retrieved and generated
query variants, LLM-based semantic representations, complex-space interaction mechanisms, and pairwise comparative
assessment reflects a shift away from purely lexical or score-distribution-based predictors toward models that better
match the behaviour of neural retrieval systems and the semantics of queries and corpora.

The second trend concerns scope: QPP is moving beyond the prediction of ranked-list effectiveness in standard ad-hoc
retrieval. The contributions in this issue show that QPP can be formulated as an inverse reconstruction problem, used to
estimate answer reliability in retrieval-augmented medical question answering, and enriched with neurophysiological
and behavioural signals in reading and listening tasks. These developments suggest that QPP is becoming a general
framework for predicting the success, reliability, or difficulty of information access processes.

Finally, across both strands of work, this Special Issue highlights the continuing importance of evaluation. As QPP
expands beyond classical ad-hoc retrieval, the field must now develop evaluation methodologies that are appropriate
for neural rankers, LLM-based predictors, RAG pipelines, multimodal settings, and answer generation. This includes
new datasets, metrics, and a careful analysis of computational cost, generalization across collections, interpretability,
and robustness. At the same time, the contributions highlight how, due to the advent of new IR evaluation paradigms, it
is necessary to revisit how we evaluate QPP, focusing on the actual downstream task the QPP model will address.

In summary, the contributions in this Special Issue demonstrate that QPP remains a central and evolving problem
in Information Retrieval (IR). Far from being limited to predicting the effectiveness of traditional search queries, QPP
now provides a framework for reasoning about uncertainty, reliability, and adaptability in modern IR systems. The
papers collected here show how inverse learning, LLMs, query variants, comparative assessment, factual consistency

estimation, and neurophysiological evidence can all contribute to this broader vision. We hope that this Special Issue
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will stimulate further research into QPP methods that are accurate, interpretable, efficient, and applicable across the

next generation of retrieval and retrieval-augmented systems.
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