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Abstract

We present WueRAG, a retrieval-
augmented generation pipeline for the
TREC 2025 RAGTIME English report
generation task. Our approach combines
query reformulation, remote candidate
retrieval, and local per-topic reranking
using a hybrid dense and lexical fusion.
To ensure citation accuracy, grounding is
enforced at two levels: first, through a
generation phase that requires bracketed
citations for factual claims and second,
via a postprocessing filter that removes
any remaining unverified sentences. On
the official evaluation WueRAG achieved
the highest F1 score (0.421) for the
english subtask, indicating that combining
multi-stage retrieval with explicit ground-
ing constraints can effectively balance
attribution accuracy and report quality.

1 Introduction

Large language models (LLMs) excel at fluent text
generation but are limited by a fixed training cor-
pus (Ji et al., 2023). They can not access recent
events and do not provide verifiable sources for
generated statements. This makes hallucination,
generating plausible sounding but factually incor-
rect content, a persistent concern. This limitation is
especially critical in the news domain, where accu-
racy and verifiability are non-negotiable. Although
finetuning can incorporate new content, the high
computational cost and need for constant retraining
make it impractical for such dynamic data.

Retrieval-Augmented Generation (RAG) offers
a more scalable approach (Lewis et al., 2020). By
querying an external document collection at infer-
ence time, RAG grounds model responses in current
evidence without expensive weight updates. We
apply this setting to the TREC 2025 RAGTIME
challenge, which focuses on English report gener-
ation from a news corpus. RAGTIME requires
systems to synthesize concise reports that address
a specific problem statement and user background
while ensuring that every claim is supported by a
verifiable citation.

We present WueRAG, a two-stage RAG pipeline
that retrieves candidate documents via the RAG-
TIME API, reranks passages through a fusion
of dense and sparse retrieval, and generates
cited reports with GPT-40 (OpenAl et al., 2024).
WueRAG ranked first among all participating teams
in the English subtask, with an overall F1 score of
0.421, achieving strong citation fidelity (sentence
support = 0.734) with moderate topic coverage
(nugget coverage = 0.325).

2 Task Setting

RAGTIME is a TREC 2025 shared task focused
on citation-grounded report generation from news
corpora (Lawrie et al., 2025). We participate in the
monolingual English subtask.

Data The dataset consists of approximately 1.01
million English documents sourced from the Com-
monCrawl news service, crawled between August
2021 and July 2024 (Lawrie et al., 2025). RAG-
TIME topics are structured as complex, professional
report requests. Each topic is defined by four fields:
a title, a background describing the persona of the
requesting person or context, a problem statement
specifying the report objective (often requiring his-
torical timelines, stakeholder analysis, or geographic
comparisons), and a character limit.

Evaluation The organizers report three metrics
to evaluate system performance. Nugget coverage
measures the recall of key information identified by
human annotators, while sentence support assesses
grounding by verifying whether generated claims
are supported by their referenced documents. The
F1 score serves as the harmonic mean of nugget
coverage and sentence support, balancing topical
breadth against citation accuracy. The evalua-
tion methodology scales according to report length:
short reports of 2000 characters undergo manual
assessment by human experts, whereas long reports
of 10000 characters are evaluated automatically via
Auto-ARGUE (Walden et al., 2025), an LLM-based
framework using Llama 3 70B. At the time of the
official release, 16 main-task topics had been evalu-
ated by the organizers, providing the scores used
throughout this paper (Lawrie et al., 2025).



Input
Query Reformulation
Stage-1: Retrieval
Stage-2: Fusion
Generation
Postprocessing

Submission

Figure 1: WueRAG pipeline. The topic prompt
is first reformulated into a concise retrieval query;
stage-1 fetches documents via the RAGTIME API,;
stage-2 builds a per-topic in-memory index and
fuses dense and BM25 rankings via RRF; the
top passages are passed to GPT-4o0 for citation-
constrained generation; postprocessing discards
uncited sentences before final submission.

3 System

WueRAG follows a straightforward RAG design: re-
trieve relevant documents, rerank them, and gener-
ate a cited report. The overall pipeline is illustrated
in Figure 1. We build on Llamalndex (Liu, 2022),
an open-source framework that provides compos-
able abstractions for the mentioned design com-
ponents, allowing us to assemble the full pipeline
easily, from well-tested components.

Input For our WueRAG input, we concatenate
the background, problem_statement, and limit fields
into a single prompt. We exclude the title field, as
it provides redundant information already captured
in the other sections.

Query Reformulation

Prompt 1: Query Reformulation

You are reformulating user requests into search
queries for retrieval. Rules:

- Return ONLY a search query, not instructions or
answers.

- Be concise but preserve key details (topics,
timeframe, actors).

- Do NOT include phrases like 'create a report',
'explain', or 'should include'.

- Output a single line, no quotes.

User request: {query}

Search Query:

To improve retrieval effectiveness, we use GPT-
40 to extract concise search queries from the initial
user request, as raw prompts often contain instruc-
tional overhead that can degrade search precision.
If reformulation fails, the system falls back to the
original prompt. Importantly, the reformulated
query is used only for retrieval; the original full
topic string is passed as the query to the generation
step, preserving all background and context for the
LLM.

Two-Stage Retrieval In the stage-1 retrieval,
we retrieve a broad initial candidate set of k=30
documents from the RAGTIME API. However,
since raw documents often mix relevant and ir-
relevant content, passing them directly to gener-
ation may introduce noise and weaken citation
precision. Therefore, in stage-2 we re-index the
documents locally and rerank them at a passage
level. We run two complementary retrievers over
this temporary index: (1) a dense retriever that
encodes passages into a shared embedding space
via all-MiniLM-L6-v2 (SentenceTransformers), and
(2) BM25 (Robertson and Zaragoza, 2009), which
scores passages by exact keyword overlap to cap-
ture named entities and rare terms. Their rankings
are merged by reciprocal rank fusion (RRF) (Cor-
mack et al., 2009), which combines ranked lists by
summing the reciprocals of each passage’s rank posi-
tions, without requiring score normalisation across
retrievers, producing a final set of k=10 passages.
In short: stage 1 handles recall; stage 2 handles
precision.

Generation and Citation Policy The
CitationQueryEngine is a Llamalndex component
that automatically numbers the retrieved passages
as sources, injects them into the prompt, and
maps bracket citations in the output back to their
originating nodes. It selects the top-5 passages
from the fused ranking and utilizes Prompt 2
for generation. Citation grounding is enforced
at two levels: the generation prompt requires a
bracket citation after every factual statement,
and postprocessing removes any sentence that
lacks a resolved citation marker. This two-level
policy directly targets the sentence support metric
used in RAGTIME evaluation. Character-budget
compliance is additionally checked by a hard
assertion before results are written to disk.

Prompt 2: Generation

Please answer using **onlyx* the provided sources.
Every factual statement **must** be followed by
its source citation, placed at the xxend of the
sentencexx.

Use the source number in square brackets

(e.g., "Water freezes at @ degrees C [2].").

Do not include any uncited facts and keep your



answer as short as possible not surpassing
{char_limit} characters.

Sources: {context_str}

Query: {query_str}

Answer:

Postprocessing The generated text is split into
sentences using a punctuation-based boundary de-
tector. Each sentence is checked for bracket cita-
tion markers ([n]); sentences without at least one
valid citation are discarded. For retained sentences,
citation indices are resolved to source document
identifiers, bracket markers are stripped, and a ci-
tation dict mapping source ID to relevance score is
stored alongside the cleaned text.

4 Evaluation

This section summarizes the official scores provided
by the organizers and analyzes the behavior of our
system, highlighting strengths and weaknesses.

4.1 Official Aggregate Results

Among the participants, our submission
WueRAG_2025_08_22 achieved the highest F'1 score of
0.421 for the English subtask. The strong sentence
support (0.734) indicates that the claims generated
by our system are well grounded in the retrieved
evidence. However, notably lower nugget coverage
(0.325) suggests that the retrieval stage does not
yet capture all relevant facts required for the task.

Table 1: Metrics for WueRAG_2025_08_22. High F1
and sentence support scores indicate well-grounded
claims, while lower nugget coverage suggests re-
trieval limitations.

Metric Value
F1 score 0.421
nugget coverage 0.325
sentence support  0.734

4.2 Topic Analysis

For the final submission of the English subtask,
our system cited 938 sentences across 122 topics,
averaging 7.67 sentences per topic. Notably, three
topics produced no output, likely because all gener-
ated sentences were discarded by the postprocessing
filter due to invalid citations.

4.3 Topic-Level Behavior

Figure 2 shows the per-topic distribution across
the 16 topics graded by the organizers. Sentence
support is consistently high with little variance,
confirming that citation grounding is reliable across
topics. Nugget coverage, in contrast, fluctuates no-
tably which suggests that the bottleneck is retrieval
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Figure 2: Per-topic metrics on the evaluated subset
(top to bottom): sentence support, and nugget
coverage. Support metrics are generally high, while
nugget coverage shows larger spread, indicating
that evidence is often well grounded but not always
sufficiently broad.

breadth rather than generation quality. This pat-
tern suggests three causes: (1) topic difficulty varies
strongly, especially for long multi-facet prompts;
(2) single-query retrieval can miss relevant facets,
reducing coverage; and (3) strict postprocessing
protects faithfulness but can amplify recall errors
by removing weakly grounded content instead of
partially covering a facet.

The impact of topic difficulty is further analyzed
in Figure 3, relating the F1 score to input and
output length. We observe a moderate negative
correlation with problem-statement length (r =
—0.50), indicating that longer and likely more multi-
facet requests are harder for this retrieval setup.
Conversely, answer length shows a stronger positive
correlation with the F1 score (r = 0.64), suggesting
that when enough relevant evidence is retrieved,
the model can use the character budget to cover
more required nuggets.

5 Conclusion

LLMs remain limited by fixed training data and
weak source traceability, which is especially prob-
lematic for time-sensitive news-domain report gen-
eration. WueRAG addresses this with a two-stage,
API-first pipeline that separates retrieval breadth
from synthesis precision: remote candidate retrieval,
local dense and sparse reranking, and citation-
constrained generation. In the TREC 2025 RAG-
TIME English subtask, this design ranked first,
reaching an F1 score of 0.421. The evaluation shows
a clear metric profile: strong grounding (0.734) but
lower nugget coverage (0.325). Topic-level analysis
further indicates that broad multi-facet prompts are
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Figure 3: Length effects on F1 score (left: versus problem-statement length; right: versus answer length).
In the evaluated subset, longer answers tend to correlate with higher F1 score, while longer problem

statements correlate with lower F1 score.

the main challenge case, while narrower prompts are
handled more robustly. Overall, these results posi-
tion WueRAG as a practical baseline for citation-
grounded report generation under strict length bud-
gets, with recall breadth as the central remaining
bottleneck.

6 Future Work

The primary limitation of our system lies in the
retrieval stage. In particular, nugget coverage de-
creases for broad multi-faceted prompts, indicat-
ing that the retriever fails to surface all relevant
evidence even when downstream citation-support
metrics remain stable.

One promising direction is to augment the re-
trieval pipeline with a structured knowledge graph,
similar to GraphRAG (Edge et al., 2024). By ex-
plicitly modeling entities such as countries, persons,
and thematic categories, the system could traverse
relational structures to retrieve semantically con-
nected evidence that is not directly co-located in
the document space.

Additionally, query strategies could incorporate
domain knowledge to guide graph traversal. Iter-
ative reasoning over entity relationships may pro-
gressively refine the candidate node set, focusing
retrieval on the most relevant subgraph (Schubert
et al., 2024). Complementary self-reflective retrieval
policies could further improve coverage by allowing
the system to detect incomplete evidence and trig-
ger additional retrieval iterations before finalizing
generation (Asai et al.).

Finally, deployment flexibility could be improved
by leveraging compact local language models (Yang

et al., 2025; Olmo et al., 2025; Pfister et al.,
2025). Smaller models reduce latency and miti-
gate data-governance concerns in sensitive environ-
ments. This enables the application of WueRAG
beyond the news domain to high-stakes fields such
as medicine, where patient records must remain
within institutional infrastructure. In this context,
the system could be reliably used to extract and
cite patient information from unstructured clini-
cal notes, ensuring that all findings are backed by
verifiable evidence.
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