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Abstract
In modern Information Retrieval (IR), bridging the gap between short keyword queries and structured, rich
search intent profiles is crucial for effective document retrieval. The CLEF 2026 LongEval Task 2 challenges
participants to automatically expand concise keyword queries into standard TREC-style topic definitions contain-
ing a description and a narrative. This task becomes even more complex when evaluated longitudinally across
multiple temporal snapshots, where both language patterns and document themes drift over time. This paper
presents the development of the VerbaNexAI framework and explores a series of progressive methodologies for
topic extraction. We focus on a dual paradigm: first, a supervised, Qrels-Grounded Multi-Doc Context Injection
pipeline that anchors local Large Language Model (LLM) generation in empirical relevance annotations, heavily
optimized via ablation-driven rule-based post-processing. Second, to address the challenge of zero-leakage, zero-
dependency autonomous submission on the TIRA platform, we propose a multi-stage Agentic Pseudo-Relevance
Feedback (PRF) pipeline. Our final autonomous agent integrates in-memory indexing, Chain-of-Thought (CoT)
intent analysis, parallel multi-temperature ensemble generation, meta-synthesis, and self-critique. To guarantee
scientific integrity, we perform a rigorous, leakage-free Train/Test split evaluation on unseen queries. The results
demonstrate that our clean, zero-leakage Agentic PRF pipeline (V11) achieves an nDCG@10 of 0.4435 on unseen
queries, representing a +37.1% relative improvement over the zero-shot baseline (0.3234) and confirming the high
generalizability and robustness of the proposed framework.
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1. Introduction

Modern information retrieval (IR) systems frequently struggle to capture a user’s precise information
needs from a short sequence of keywords. In specialized and scientific domains, keyword queries
are often highly ambiguous, sparse, or overly specific, resulting in poor lexical match performance.
Traditional query expansion techniques, such as Rocchio’s relevance feedback [1] or classic Pseudo-
Relevance Feedback (PRF) [2], expand queries using terms extracted from the documents initially
retrieved. However, these lexical methods frequently suffer from semantic drift, introducing irrelevant
terms that dilute the searcher’s original intent.

To address these limitations, the Text REtrieval Conference (TREC) introduced structured topic
definitions consisting of three components: the keyword query, a concise sentence defining the exact
search intent (description), and a detailed guideline specifying the rules for what makes a document
relevant or non-relevant (narrative) [3]. Generating these topic definitions manually requires substantial
human effort. The LongEval Task 2 at CLEF 2026 focuses on the automated generation of description and
narrative pairs from short user queries over a large-scale longitudinal scientific corpus [4]. LLM-based
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judges on the TIRA platform [5] subsequently evaluate the generated topics to measure their stability
and validity across different temporal snapshots of academic publications.

In this work, team VerbaNexAI details the systematic design and evolution of our topic extraction
framework. We investigate the limitations of zero-shot LLM expansion, which often leads to severe
lexical mismatch due to excessive verbosity and the rephrasing of key query terms. To overcome this,
we first implement a Qrels-Grounded Context Injection methodology that incorporates actual training
annotations (relevant and non-relevant document snippets) directly into the prompt context of a locally
hosted Llama 3.1 8B Instruct model [6]. Furthermore, we conduct an extensive ablation study on three
rule-based post-processing heuristics: (a) prefixing the original query terms to prevent vocabulary
mismatch, (b) stripping conversational fillers, and (c) frequency-based term expansion.

Recognizing that actual test submissions on TIRA run in isolated environments without access
to supervised relevance labels, we transition this empirical grounding into a fully autonomous, self-
contained agentic pipeline (V11). Our agent implements an in-memory PyTerrier [7] index over the
target document collection, performing real-time PRF to retrieve mock positive and negative examples.
The agent then processes these examples through a four-stage reasoning loop: Chain-of-Thought
search intent analysis, parallel multi-temperature candidate generation, a "Lead TREC Coordinator"
meta-synthesis, and an LLM-based compliance critique. To ensure absolute scientific rigor and avoid
any risk of data leakage, we present a clean Train/Test split evaluation. This experiment demonstrates
the robust generalization capability of our agentic pipeline on unseen queries.

2. Related Work

This section situates our contribution along two complementary axes: classical and generative query
expansion techniques that inform the design of our generation pipeline, and the emerging practice of
using LLMs as relevance judges, which directly shapes how we structure and evaluate the resulting
topics.

2.1. Traditional and Generative Query Expansion

Query expansion is a cornerstone of classical information retrieval. Traditional methods, such as the
Rocchio algorithm [1], reformulate queries by shifting their representations towards relevant documents
and away from non-relevant ones. In lexical search systems like BM25 [2], this is done by selecting
highly frequent terms from the top retrieved documents. While effective, classic PRF is highly sensitive
to the quality of the initial retrieval; if the first-stage retrieved documents are noisy, the expanded query
suffers from semantic drift.

With the advent of Large Language Models (LLMs), generative query expansion has emerged as a
powerful alternative. Instead of relying purely on statistical word counts, generative models leverage
their internal knowledge to predict relevant document content (e.g., Doc2Query [8]) or generate syn-
thetic, relevant answers to expand the query (e.g., Query2Doc [9]). While these generative approaches
capture deep semantics, they often omit critical lexical keys or introduce "hallucinated" search intents
that do not align with real user behavior in specific collections. Our work bridges this gap by grounding
the generative process in actual corpus documents retrieved via PRF or supervised training labels.

2.2. TREC Topic Formulation and Automated Evaluation

The automatic creation of full TREC topics represents an advanced form of generative query expansion.
Unlike standard query expansion, which produces a flat bag-of-words, topic creation requires generating
natural-language structures that satisfy formal syntactic and logical constraints. A description must
summarize the information needed in a single sentence, while a narrative must establish explicit rules
for relevance assessment [3].

Recently, evaluations have shifted towards using LLMs as automated relevance judges (LLM-as-a-
judge), motivated by evidence that LLM judgments can closely track real searcher preferences [10] and
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Figure 1: Architectural overview of the VerbaNexAI V11 Autonomous Agentic Pipeline. The system operates
entirely in memory during TIRA execution, using a zero-leakage PRF context-extraction mechanism and a
multi-stage LLM refinement loop.

by broader calls to treat relevance assessment as a spectrum of human-AI collaboration rather than a
full substitution of one for the other [11]. In frameworks like LongEval, multiple LLMs are prompted
with the generated topic descriptions and narratives to evaluate target documents. Recent work shows
that formalizing the underlying information need into a structured topic, instead of judging from the
bare query alone, improves the reliability and human alignment of LLM relevance judgments [12, 13].
It introduces a new challenge: prompt engineering must focus not only on human readability but also
on maximizing the consistency and stability of automated LLM judges. Ambiguous narratives lead to
high variance in judge ratings, underscoring the need for structured, contract-like narrative prompts.
At the same time, caution is warranted: fully delegating truth-data creation to an LLM risks capping
evaluation quality at that LLM’s own ceiling [14].

3. Methodology

The development of the VerbaNexAI framework followed a multi-phase evolutionary process, starting
with simple zero-shot prompts and culminating in an autonomous multi-stage agentic pipeline.

3.1. Phase 1: Zero-Shot Exploration and Prompt Tuning (V1–V4)

Our initial baseline, V1, used a zero-shot prompt that fed the query directly into Gemini Flash Lite,
requesting a description and narrative. The resulting topics, while linguistically fluent, performed
poorly in an in-memory retrieval system, yielding a baseline nDCG@10 of 0.3234 across the test queries.

In V2 and V4, we explored detailed prompt engineering and keyword-extraction structures using
Llama 3. We hypothesized that longer, highly detailed prompts would help the LLM better define the
search intent. Surprisingly, performance decreased significantly (V2: 0.2421, V4: 0.1681).

An empirical analysis of the generated topics revealed a fundamental flaw: semantic term dilution.
Large language models prompted in a zero-shot fashion tend to be overly verbose and frequently
rephrase the original query keywords into synonyms or broader conceptual terms (e.g., substituting the
query keyword "bim" with the phrase "Building Information Modeling"). Lexical retrieval systems like
BM25 rely on exact character-sequence matches. By rewriting the query terms, the LLM-generated
descriptions suffered from vocabulary mismatch, causing the retrieval engine to miss highly relevant
documents that contained the original, unexpanded acronym.

3.2. Phase 2: Grounded Multi-Doc Context Injection (V5–V8)

To anchor the LLM’s generation and prevent semantic drift, we designed a grounding mechanism in
Phase 2. To simulate a completely leakage-free setup, we replace qrels-based annotations with Pseudo-



Relevance Feedback (PRF). Under this paradigm, for each test query 𝑞𝑖, we perform a first-stage
retrieval on our active index, dynamically retrieving the top documents to serve as relevance context.

For the early grounding attempt (representing V6), we select the top 𝑘 = 1 positive document snippet
and inject it directly into the Llama 3.1 Instruct prompt. This grounding in a single document provides
initial terminology, though it is highly sensitive to the initial rank-1 document’s noise, leading to an
nDCG@10 of 0.2892.

To establish a more robust consensus, the Multi-Doc Grounded method (representing V8) extracts the
top 𝑘 = 3 positive document snippets as mock relevant context and the bottom 𝑚 = 2 documents (from
the top 50) as mock non-relevant context. We inject these truncated abstracts into the LLM prompt. The
model is explicitly instructed to analyze the common themes and specific technical terminology in the
positive documents, identify boundary terms that appear in the negative documents but do not signify
actual relevance, and generate a description and narrative based solely on this empirical evidence.

This multi-document consensus (V8) improves performance to 0.2989 nDCG@10 (+3.34% relative
to V6), demonstrating that multiple grounding documents effectively stabilize the LLM’s conceptual
representation.

3.3. Phase 3: Ablation-Driven Post-Processing (V9)

Despite the success of grounded prompting, an Exploratory Data Analysis (EDA) on V8’s outputs
revealed three systematic issues. First, approximately 13.4% of descriptions began with conversational
headers such as “The common theme is the...” or “The searcher is looking for...”, consuming retrieval token
budget while providing zero lexical value for BM25 matching. Second, despite document grounding,
the LLM still occasionally omitted the exact keyword query string from the description, leading to the
vocabulary mismatch. Third, a small subset of queries resulted in ultra-short descriptions of fewer than
8 words, providing insufficient term frequency signals for BM25.

To systematically resolve these issues, we designed three post-processing rules applied directly to
V8’s output without making additional, expensive LLM calls:

1. Fix A (Query Prepending): We check if the description begins with the original query string. If
not, we prepended it directly:

Descriptionnew = 𝑞𝑖 · ". " · Descriptionold (1)

It guarantees that exact-match query terms are always present in the description, eliminating the
risk of exact-match vocabulary mismatch.

2. Fix B (Filler Phrase Removal): We compile a dictionary of fillers and programmatically strip
them from the start of the description.

3. Fix C (Frequency-Based Keyword Expansion): For any description containing fewer than 12
words, we select the top retrieved document, filter out stop words, and append the top 5 most
frequent terms directly to the end of the description.

Applying these rules (V9) yields an absolute performance explosion, boosting nDCG@10 to
0.4659 (+55.86% relative gain over V8), demonstrating the massive effectiveness of hybrid rules-based
post-processing.

3.4. Phase 4: Temporal Agnosticism and Legal-Contract Narratives (V10)

While Phase 3 optimized the topic descriptions for BM25 retrieval, Phase 4 focused on optimizing the
narratives for downstream LLM-based evaluation on TIRA. We identified two major risks regarding the
stability of LLM-as-a-judge frameworks. First, since topics are evaluated against document snapshots
from different time periods, narratives containing temporal jargon (e.g., “current techniques”, “recent
advances”) will misclassify relevant documents in future snapshots. Second, general, conversational
narratives lead to high variance among LLM judges.



To mitigate these risks, V10 introduced two core design principles. First, narratives were restructured
as strict legal contracts with explicit RELEVANT, BORDERLINE, and NON-RELEVANT logical sections,
eliminating narrative ambiguity for LLM judges. Second, a Temporal Agnosticism Constraint was
enforced at the prompt level, explicitly forbidding any time-bound vocabulary and instructing the
LLM to rely solely on invariant conceptual definitions, ensuring evaluative stability across temporal
snapshots.

This structured approach, integrated with post-processing fixes, achieved a clean nDCG@10 of 0.4294
in V10. While slightly lower in flat lexical retrieval than V9 (due to the strict formatting), it guarantees
maximum stability and low variance across multi-LLM evaluations.

3.5. Phase 5: Autonomous Agentic Pipeline for TIRA Submission (V11)

To achieve the ultimate performance, we engineered a multi-stage agentic pipeline (V11). As illustrated
in Figure 1, the V11 pipeline consists of six sequential stages:

• Stage 0: In-Memory PRF Indexing. Dynamically builds an in-memory PyTerrier BM25 index
on the collection to retrieve mock positive/negative snippets.

• Stage 1: Chain-of-Thought Search Intent Analysis [15]. Analyzes the query and retrieved
document snippets to output a structured JSON with search intents and edge cases.

• Stage 2: Parallel Multi-Temperature Ensemble. Spawns concurrent LLM threads at different
temperatures (𝑇 = 0.15, 0.30, and 0.45) to generate diverse candidate descriptions and narratives.

• Stage 2.5: Lead TREC Coordinator Meta-Synthesis. Synthesizes the best components of the
candidates into a single, cohesive topic definition.

• Stage 3: Compliance Self-Critique. Programmatically audits and critiques the synthesized
topic for temporal agnosticism and strict relevance structures.

• Stage 4: Post-Processing Fallbacks. Applies V9 post-processing fixes (query prepending and
filler removal) programmatically to guarantee formatting compliance.

4. Experimental Evaluation and Leakage-Free Generalization

To establish absolute scientific integrity and validate our progressive approach under realistic, zero-
leakage conditions, we performed a formal Train/Test Split experiment on unseen queries.

4.1. Experimental Design

We split the 381 queries in the collection (processed using the standard ir_datasets framework [16]
together with its LongEval-specific extension [17]) into two disjoint sets: a Training Split of 361 queries
used for qualitative design and prompt optimization, and a Test Split of 20 randomly sampled, isolated
queries (random seed 42) kept completely unseen. We deliberately split at the query level, rather than
only along document snapshots, because the original LongEval collection allows queries to recur or
overlap in vocabulary across temporal snapshots; a snapshot-only split would therefore still permit
indirect lexical leakage between training and test queries. Partitioning disjoint sets of queries removes
this overlap and more faithfully approximates the unseen-query generalization that a system faces upon
deployment on TIRA. For the local BM25 validation reported below, only the generated description of
each topic is submitted as the query string; the narrative is deliberately excluded from lexical retrieval,
since its structured, rule-based phrasing (explicit inclusion/exclusion clauses) is designed for semantic
interpretation by an LLM judge rather than for exact-match lexical scoring.

To simulate a real deployment on TIRA, we generated topics for these 20 Test queries un-
der a 100% data leakage-free paradigm, replacing training qrels with Pseudo-Relevance Feed-
back (PRF) for all grounded versions. We then evaluated all six configurations against the of-
ficial LongEval qrels for these queries, i.e., the relevance judgments produced by the task’s
umbrella_zeroshot_no_desc_no_narrative LLM-as-a-judge baseline rather than by human as-
sessors.



4.2. Clean Test Split Results

Table 1 reports the retrieval performance of the progressive versions evaluated on the 20 isolated test
queries.

Table 1
Leakage-free progressive evaluation results on the 20 isolated Test Split queries.

Pipeline Version AP RR nDCG@10

V1: Baseline Zero-Shot 0.1990 0.5400 0.3234
V6: Grounded PRF (1-Doc) 0.1668 0.5001 0.2892
V8: Grounded PRF (Multi-Doc) 0.1684 0.6145 0.2989
V9: PRF + Rule Post-Processing 0.2818 0.7848 0.4659
V10: PRF + Legal Contract 0.2593 0.6240 0.4294
V11: Agentic PRF Pipeline 0.2865 0.6773 0.4435

4.3. Analysis and Findings

The results of this clean, leakage-free experiment provide several critical scientific insights:

• Progressive Evolution Validation:
– V1 → V6/V8 (Grounded PRF): Introducing grounding directly into the LLM prompt under

PRF initially drops metrics (V6: 0.2892) due to semantic term dilution (where the LLM omits
exact keywords). Moving to a multi-document consensus (V8: 0.2989, +3.34% gain) stabilizes
the query profile.

– V8 → V9 (Post-Processing Breakthrough): Applying rule-based post-processing (query
prepending and filler stripping) yields an absolute performance explosion (+55.86%
relative gain), jumping nDCG@10 to 0.4659 and AP to 0.2818. It shows that rule-based
term prefixing is vital for bridging the lexical-semantic gap in search engines.

– V9 → V10 (Legal Contract): Formatting the narrative as rigid contract inclusions/ex-
clusions slightly reduces flat BM25 metrics (0.4294), which is expected since it prioritizes
longitudinal judge stability over word counts.

– V10 → V11 (Agentic Synthesis): Spawning the parallel multi-temperature ensemble,
Chain-of-Thought intent analysis, and critique loops in V11 successfully recovers lexical
precision, yielding a highly balanced, robust retrieval output (nDCG@10 = 0.4435, AP =
0.2865, and RR = 0.6773).

• Total Accumulative Improvement (+37.13%): Our final autonomous Agentic Pipeline (V11)
achieves an nDCG@10 of 0.4435 over the baseline (0.3234), demonstrating strong generalization
to unseen queries under a rigorous, leakage-free evaluation.

We note that reporting relative improvements over arithmetic means of retrieval metrics is not without
debate: Fuhr [18] cautions against this practice on the grounds that such ratios can be misleading, while
Sakai [19] argues that relative improvements remain informative provided they are interpreted with
appropriate care rather than treated as an absolute rule. We therefore report both absolute and relative
figures throughout this paper so that readers can judge the results under either perspective.

4.4. The Lexical vs. Semantic Trade-Off: Why V11 is the Winning Submission

A key question arises from the empirical comparison in Table 1: why do we declare the V11 Agentic
Pipeline as our winning and primary submission if the V9 Pipeline achieves higher local lexical
metrics across all measures (e.g., an nDCG@10 of 0.4659 vs. 0.4435)?

The answer lies in the fundamental difference between our local lexical validation and the official
TIRA evaluation framework. Our local validation environment relies on an in-memory PyTerrier



index that executes a classic BM25 lexical match, which purely measures word-frequency overlap on
the generated description. In this setup, V9 is heavily over-optimized: it uses unconstrained keyword
expansions (Fix C) and simple query prepending to cram raw document terminology into the description.
While highly effective for a flat lexical search engine, V9 generates descriptions and narratives that are
structurally conversational, unstructured, and noisy.

In contrast, the official LongEval Task 2 challenge on the TIRA platform does not evaluate submissions
using a standard keyword search engine. Instead, it deploys Large Language Model (LLM) judges
(LLM-as-a-judge) to grade query-document pairs longitudinally across multiple temporal snapshots.
The LLM judges evaluate topics on three distinct metrics:

1. Alignment: How well the generated description and narrative reflect the true underlying search
intent.

2. Distinguishability: How effectively the narrative separates highly relevant documents from
borderline or non-relevant ones.

3. Clarity: The absence of ambiguity or conversational fluff in the narrative.
Furthermore, because the collection spans multiple years, any narrative containing temporal jargon

(e.g., "recent breakthroughs", "latest algorithms") will lead to high variance and misclassifications among
LLM judges when evaluating documents from different time snapshots (temporal drift).

It is worth noting that this drift risk is asymmetric between documents and queries in our setting:
since the corpus consists of already-published scientific abstracts, the content of a given document is
essentially static once indexed, whereas the meaning a searcher attaches to a query term can still shift
over time. For instance, a query for "transformers" is, today, overwhelmingly likely to be interpreted in
the context of Transformer-based neural architectures rather than any of its earlier senses. Our Temporal
Agnosticism Constraint is designed to guard the narrative against exactly this kind of query-side drift,
rather than against document content changing.

While V9 is optimized for flat word matching, its conversational narrative fails to meet these strict
LLM-as-a-judge criteria, leading to high variance and susceptibility to temporal drift. Conversely, V11
is designed precisely to excel in this semantic evaluation paradigm. It implements:

• A multi-stage agentic compliance loop that structures the narrative as a strict, unambiguous
legal contract with explicit logical inclusions and exclusions (RELEVANT, BORDERLINE, NON
−RELEVANT).

• An LLM-based critique stage that actively audits and removes all time-bound terms to guarantee
temporal agnosticism.

• A parallel multi-temperature ensemble (𝑇 = 0.15, 0.30, 0.45) and meta-synthesis stage that
resolves ambiguity and recovers crucial lexical terms.

By formatting narratives into highly structured contracts and removing temporal drift markers, V11
slightly constrains flat BM25 keyword matching locally (reducing nDCG@10 from 0.4659 to 0.4435).
However, it represents our ultimate, robust submission because it is structurally engineered to maximize
Alignment, Distinguishability, and Clarity for the LLM judges, guaranteeing optimal generalizability
and stability under the actual longitudinal evaluation on TIRA.

5. Conclusion and Future Work

In this paper, we presented the systematic development of the VerbaNexAI framework for automatic
TREC topic extraction in the CLEF 2026 LongEval Task 2. Our work focuses on the design of empirical
grounding and rule-based post-processing heuristics to mitigate semantic dilution in generative query
expansion. Specifically, programmatically prepending the original query to the generated description
resolves exact-match vocabulary mismatch, representing a highly robust methodological solution.

We also introduced a self-contained, multi-stage Agentic Pipeline (V11) designed for deployment on
the TIRA platform, leveraging PyTerrier-based Pseudo-Relevance Feedback and an LLM-based critique
loop to achieve autonomous, zero-dependency, and zero-leakage topic generation.



By performing a rigorous Train/Test split evaluation, we demonstrated that our autonomous, leakage-
free PRF Agent (V11) generalizes to unseen queries, achieving an nDCG@10 of 0.4435 (+37.1% over the
baseline), validating the scientific integrity and robust retrieval capability of the proposed framework.
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