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Abstract

This study examines the potential of leveraging
large language model (LLM) capabilities to en-
hance performance in document retrieval tasks.
Using human-written prompts based on the 5E
Instructional Model from educational psychol-
ogy, we generate alternative versions of docu-
ments in a given corpus using an LLM, tapping
into its vast knowledge base. These generated
texts can then be used in retrieval tasks, comple-
menting or replacing the original corpus before
applying fusion algorithms to combine the re-
sults. While the generated texts individually do
not outperform the original corpus, fusing re-
trieval results from multiple generated corpora
with those of the original corpus often leads
to performance improvements. This suggests
that LLM-generated documents, while not a
substitute for the original, can complement it
to enhance retrieval performance.

1 Introduction

Information is abundant and distributed across var-
ious heterogeneous sources, including web pages,
digital libraries, and forums. Yet, even when an
answer exists, it is often difficult to locate the most
relevant information. This is the core problem of
Information Retrieval (IR): given a user query and
a large document collection, retrieve the most rele-
vant documents. Early IR methods relied on exact
term matching, which suffers from the Vocabulary
Mismatch Problem (Furnas et al., 1987), as they
ignore semantic similarity between queries and doc-
uments that use different wording.

Recent advances in deep learning have trans-
formed IR and NLP. Word embeddings (Mikolov
et al., 2013) and Transformer-based contextual rep-
resentations (Vaswani et al., 2017) help mitigate vo-
cabulary mismatch by capturing semantic and con-
textual information. Building on these advances,
large language models (LLMs) trained on massive,
heterogeneous corpora have proven effective in

many tasks, including generation, translation, and
dialogue. In this work, we investigate how the
knowledge retained by modern LLMs can be lever-
aged for IR. Specifically, we study their use for
document expansion—a technique that, alongside
the widely adopted query expansion, enriches the
term space to better match user information needs
and improve retrieval effectiveness.

Contributions. Our study has two main goals.
First, inspired by the 5E Instructional Framework,
we design a set of targeted, cognitively motivated
prompts and utilize them with an LLM to gener-
ate alternative texts for each document in a cor-
pus, which can also be used for retrieval (cf. Fig.
1). Here, we focus on expanding document cor-
pora in a query-independent manner, leveraging
the extensive retained knowledge and generalisa-
tion capabilities of LLMs. We thereby contribute
to broadening the body of research, as this line
of research has received comparatively less atten-
tion than, for example, query expansion. Second,
we investigate whether combining retrieval results
from different generated corpora can enhance re-
trieval performance. We find that, although indi-
vidual expansions rarely outperform the original
corpus alone, combining retrieval outcomes from
multiple generated corpora with those from the
original corpus consistently improves effectiveness.
This suggests that LLMs can generate complemen-
tary views of a corpus, thereby enhancing retrieval
performance. Our code is publicly available on
GitHub.1

2 Background & Related Work

We integrate concepts from educational science
(the 5E Instructional Model) with IR techniques
(document expansion), leveraging LLMs’ broad

1https://github.com/GiacoL/Enhancing-Retrieval-via-
Cognitively-Motivated-Document-Expansion
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Figure 1: During the ingestion phase, each document in the corpus is passed to an LLM using prompts designed
to summarize, expand, or elaborate the text. Each prompt yields an alternative version of the corpus, resulting in
multiple generated corpora. In the retrieval phase, a set of queries is run against each generated corpus, producing a
ranking for every (query, corpus variant) pair. Finally, these rankings are fused to obtain a single final document
ranking for each query.

knowledge to connect these perspectives. This syn-
thesis provides a coherent structure for organizing
and positioning the related work.

2.1 5E Instructional Model

The 5E instructional model (Bybee, 1990), devel-
oped by the Biological Sciences Curriculum Study
(BSCS), is a pedagogical framework designed to
support effective instruction in science education
(Duran and Duran, 2004; Joswick and Hulings,
2024). It belongs to the family of constructivist
approaches, which posit that learning integrates
prior knowledge with hands-on experience. The
5E model comprises five phases: (i) Engage: stu-
dents are presented with new evidence from which
a problem emerges and are encouraged to recon-
cile it with prior knowledge; (ii) Explore: students
actively use retained knowledge to make observa-
tions and propose solutions to the problems posed
by the new evidence; (iii) Explain: the teacher
formalizes the new concepts in a way that can be
assimilated; (iv) Elaborate: students apply the new
ideas in different contexts and scenarios; (v) Eval-
uate: the focus is on how well students transfer
concepts to new contexts. As noted by Ruiz-Martín
and Bybee (2022), the 5E model rests on recog-
nizable cognitive principles such as the activation
of prior knwoledge in the Engage phase and its
use in the following phase, the Explore phase, to
find solutions to the problems posed by the new
evidence; this aligns with our goal of expanding or

shortening corpus documents with an LLM, using
a cognitively motivated prompt scheme based on
the 5E model, with the LLM acting as the student.

2.2 Query & Document Expansion Strategies

Given a large text corpus and a set of queries, the
goal of IR is to retrieve the most relevant docu-
ments for each query. The process is typically
decomposed into two stages. First, in the retrieval
stage, the relevance of each document to the query
is estimated to select the most promising candi-
dates. Second, in the reranking stage, these candi-
dates are reordered to refine their relevance-based
ranking. This study focuses on the retrieval stage:
given a set of queries and a text corpus, we aim to
retrieve, for each query, the relevant documents.

Early retrieval algorithms were sparse, term-
based methods such as BM25 (Robertson et al.,
1995) suffered from the Vocabulary Mismatch
Problem. Especially after the advent of Transform-
ers (Vaswani et al., 2017), dense retrievers entered
the IR landscape (Xiong et al., 2021; Karpukhin
et al., 2020). Dense representations of words and
sentences enabled a shift from a purely term-based
to a more semantic-based setting. However, these
dense retrieval systems are often supervised and
thus require large amounts of training data, which
can be costly to obtain in many scenarios.

A common challenge in IR is that queries are
typically short, whereas documents are relatively
lengthy and may be written in ways that deviate
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substantially from the user query. To mitigate this
problem, various expansion techniques have been
proposed. On the one hand, query expansion meth-
ods augment queries with external resources or
synonymous terms, as in Voorhees (1994). On the
other hand, document expansion has also been ex-
plored. Tao et al. (2006) or Efron et al. (2012)
expand short documents by submitting them as
pseudo-queries to a search engine and appending
retrieved content; Nogueira et al. (2019b) expand
instead documents with queries generated from the
documents themselves. Another line of research
has focused not on expanding the documents them-
selves, but on enriching their embedding represen-
tations. For example, Zhang et al. (2022) gener-
ate multi-view embeddings that can align with dif-
ferent queries, while ColBERT (Khattab and Za-
haria, 2020) adopts an interaction-based paradigm
to model fine-grained relationships between query
and document terms.

2.3 LLMs in IR
A recent line of work has employed LLMs for IR
tasks. As documented in the extended survey by
Zhu et al. (2023), there are two major approaches to
using LLMs for retrieval. On the one hand, LLMs
and their extensive retained knowledge can be ex-
ploited to reformulate documents or queries to bet-
ter align with the user’s intent. On the other hand,
they can be used for data augmentation, for exam-
ple, by acting as a substitute for human annotators
to provide pseudo-relevance feedback. According
to Zhu et al. (2023), these models can thus enhance
existing retrieval methods and enable new devel-
opments via in-context learning, which improves
retrieval performance by leveraging only a few ex-
amples.

So far, most attention has been devoted to query
expansion or rewriting with LLMs: Wang et al.
(2023) generate pseudo-documents with an LLM
and concatenate them to the original query, while
Jagerman et al. (2023) expand queries by exploring
different zero-shot, few-shot, and chain-of-thought
prompting strategies. More recently, Xia et al.
(2025) combine LLMs with knowledge graphs to
jointly model semantic and structural relations be-
tween documents and queries.

By contrast, document expansion has received
comparatively less attention, likely due to the sub-
stantial computational cost of expanding large doc-
ument collections. Nogueira et al. (2019b) and
Nogueira et al. (2019a) use LLMs to predict queries

relevant to a document, which are then appended
to the document to create an expanded corpus. Gao
et al. (2023) generate hypothetical documents with
an LLM given a query and use their vector en-
codings to retrieve relevant documents from the
corpus. Yu et al. (2022) generate contextual docu-
ments for a given query, whereas Bonifacio et al.
(2022) generate queries from documents to con-
struct query–document training pairs for dense re-
trievers. Jeong et al. (2021) expand the text corpus
with additional sentences generated by a pretrained
LLM, in a manner similar to our approach.

Although expansion appears beneficial for re-
trieval, Weller et al. (2024) show in a comparative
analysis of different LLM-based expansion tech-
niques that such expansion tends to yield gains
for weaker (retrieval) models, while it can degrade
performance for stronger models.

2.4 Fusion Methods
We employ multiple prompt-generated variants of
the same document collection for IR and fuse the
resulting rankings into a single summarized result.
This fusion task falls under internal metasearch
(also known as data fusion), which combines out-
puts from multiple retrieval systems that share the
same document set. As summarized by Montague
and Aslam (2002), different retrieval systems per-
form differently on the same task, and fusing their
outputs yields more consistent results.

There exists a multitude of fusion algorithms,
both supervised and unsupervised, which dif-
fer along several dimensions—most importantly,
whether they rely on similarity scores or ranks to
form the fused list. Fox and Shaw (1994) pro-
pose several score-aggregation methods; Zhang
et al. (2002) introduce a method based on recipro-
cal ranks; and Mourão et al. (2014) extended this
idea by considering inverse squared ranks. By con-
trast, other authors adopt probabilistic approaches
that estimate the likelihood of a system returning a
relevant document for a given query. In ProbFuse
(Lillis et al., 2006), estimated probabilities depend
on the documents retrieved during training and their
positions in the ranking. Other probabilistic meth-
ods include Bayes-Fuse (Aslam and Montague,
2001), which estimates document relevance by
summing, across systems, the log-ratio of the prob-
ability that the document at a given rank is relevant
versus non-relevant, and SegFuse (Shokouhi, 2007),
which—similar to ProbFuse—partitions rank lists
into segments that grow larger down the ranking.
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Key Prompt

EN.v1 Can you summarize the text keeping the most relevant information and just give me the output without your
comments:

EN.v2 Can you rewrite the text with other more conspicuous vocabulary and just give me the output without your
comments:

EX.v1 Can you expand the text with your knowledge keeping, expanding, and explaining the most relevant information
and just give me the output without your comments:

EX.v2 Can you reduce and summarize the text integrating some of your knowledge, keeping, expanding, and explaining
the most relevant information and just give me the output without your comments:

EL.v1 Can you rewrite the text with a more negative stance and just give me the output without your comments:

EL.v2 Can you expand the text, making comments that should help a person to better understand the content of the text:

Table 1: Prompts used to generate texts with LLMs. The Key indicates the macrocategory and prompt identifier.

Lillis et al. (2010) investigate modeling relevance
probabilities without large training sets by using
a system’s Mean Average Precision to relate rele-
vance probability to rank. Additional algorithms
arise from Social Choice Theory, where retrieval
systems act as voters. Boehmer et al. (2023) ex-
plain how to use positional scoring rules to trans-
form voters’ rankings into scores, while Montague
and Aslam (2001) and Montague and Aslam (2002)
describe methods based on the Borda Count Prin-
ciple and the Condorcet method.

3 Methodology

Our method is based on multiple text expansions
via LLMs. In the first step, an LLM is fed each
of the nD documents in the corpus D; for each
document, a set of variants is generated using a
predefined list of nP prompts based on the 5E In-
structional Model. This yields nP + 1 versions per
document (including the original), i.e., nD(nP +1)
documents in total. We then compute embeddings
for documents (original and generated) and queries
to measure similarity using cosine similarity, a
widely used metric. For each query q and each
set of generated documents, we build a retrieved
set of relevant documents. These retrieved sets are
then fused using one or more fusion methods, and
the final results are evaluated using nDCG@10.

3.1 Document Expansion via the 5E Model

Although LLMs are often perceived as human-like,
they lack genuine human capabilities. Therefore,
to employ the 5E model in this study, certain adap-
tations were necessary. The five phases of the orig-
inal scheme were used as guidelines for designing
prompts to generate alternative text corpora. We

make two key modifications: (i) Excluding the
Evaluation phase, as our goal is not to teach a
model, although one could imagine future work
where an LLM evaluates and refines its own out-
puts; and (ii) Merging the Engage and Explore
phases. This leaves three prompting dimensions:

Engage and Explore (EN) The LLM reformu-
lates a given text by altering vocabulary or summa-
rizing it, aiming to mitigate the Vocabulary Mis-
match Problem while preserving the content.

Explain (EX) The LLM explains the text using
its retained knowledge, enriching the content and
aligning it more closely with human understanding.

Elaborate (EL) The LLM applies the concepts
of a given text to other contexts (e.g., analogies,
examples, or tone shifts). Such reformulations may
improve alignment between texts and queries.

The exact prompt design (cf. Table 1) inevitably
involves some arbitrariness, which we recognize
as a key limitation of our work. In preliminary
experiments (not reported here), we pre-tested a
larger set of prompts based on the 5E Model on a
subset of the BEIR dataset. We selected the best
performing ones for the main analysis across all
NanoBEIR datasets in order to keep computational
costs manageable.

4 Experiments

We investigate whether the LLMs’ capabilities can
be leveraged to summarize or expand a given text,
and whether such generated texts can serve as effec-
tive substitutes for or complements to the original
text in IR tasks. In particular, we aim to com-
bine rankings from multiple generated corpora and
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assess whether their fusion improves retrieval per-
formance. We further explore whether adopting
the E5 framework to guide text generation yields
additional improvements over the original texts and
which strategy is most effective. We examine the
following hypotheses:

H1 Generated texts will improve performance
in IR tasks compared to original texts, and per-
formance will further increase as the number of
generated texts used in fusion grows.
H2 Larger LLMs will generate texts that are bet-
ter suited for IR tasks than smaller models.
H3 Employing a cognitive framework to guide
text generation may provide one way to enhance IR
performance compared to using the original texts
alone.

4.1 Data

Given the computational challenges associated
with generating texts, we opted for the NanoBEIR
dataset (Thakur et al., 2022), a compact version of
BEIR (Thakur et al., 2021), a widely used bench-
mark in IR research. The NanoBEIR variant con-
tains 50 queries and up to 10k documents per indi-
vidual dataset, in contrast to the millions of docu-
ments included in the standard BEIR datasets. Both
comprise generalist and domain-specific datasets,
covering a broad range of topics.

4.2 LLMs & Embedding Models

LLMs For text generation, we employ models
from the Qwen family (Yang et al., 2024; Qwen
Team, 2024) to analyze the impact of model size
on retrieval performance. Specifically, we use the
medium-sized, instruction-tuned Qwen2.5 models
with 3B, 7B, and 14B parameters, which enables a
systematic comparison across different scales.

Embeddings To ensure comparability with state-
of-the-art approaches, model selection was guided
by the MTEB Leaderboard for retrieval tasks
(Muennighoff et al., 2023). We employ the
INF-Retriever-v1-1.5B (Infly, Yang et al.,
2025) embeddings for the main analyses (§5),
gte-Qwen2-1.5B-instruct (Li et al., 2023) for
the ablation (§6). While the former is of particular
interest due to its results on NanoBEIR, making
it especially relevant for evaluating retrieval un-
der resource-constrained conditions, the latter has
demonstrated competitive performance across gen-
eral retrieval benchmarks.

4.3 Fusion Algorithms

In preliminary analyses, we evaluated a range of
fusion algorithms commonly discussed in the litera-
ture. While retrieval effectiveness was comparable
across the best-performing methods2, execution
times varied substantially, particularly for large
document corpora. Since design choices in this
study are guided by both retrieval effectiveness and
computational efficiency, we opted to employ a
single method for all analyses: the logn inverse
squared rank (Mourão et al., 2014). This algorithm
provides a favorable trade-off, achieving strong re-
trieval performance while maintaining manageable
computational costs. For the implementation, we
relied on the Ranx library (Bassani and Romelli,
2022). For score normalization, the widely used
min–max normalization was applied prior to fusion.

5 Main Results

Table 2 shows average nDCG@10 differences (and
standard deviations) between the retrieval results
based on only the original corpus and three clus-
ters of strategies: Single prompts refers to retrieval
using only a single corpus of generated texts, while
Prompt Combinations and Prompt Combinations +
Original correspond to fused retrieval results based
on multiple generated corpora, with or without
the original corpus. Using multiple generated cor-
pora yields average improvements over using only
the original corpus in five out of thirteen datasets,
while using single generated corpora alone outper-
forms fusion in only one case (SciFact). When
results from generated corpora are fused with re-
trieval results from the original corpus, gains ap-
pear most consistently. Overall, generated texts
rarely serve as a full replacement for the original
corpus, but when combined with it, they can pro-
vide clear improvements—particularly for gener-
alist datasets such as ArguAna, open-domain gen-
eral QA datasets (NQ and HotpotQA), or scien-
tific/medical datasets (SciFact and NFCorpus).

Table 3 reports how performance differences rel-
ative to using only the original corpus vary with
the number of fused retrieval results based on gen-
erated corpora. Although no strictly monotonic
trend emerges, the largest average gains—both with
and without including the original corpus—tend to

2We tested CombMIN, CombMAX, CombMED, Comb-
SUM, CombANZ, CombMNZ (Fox and Shaw, 1994), ISR,
log-ISR, logn-ISR (Mourão et al., 2014), RRF (Cormack et al.,
2009), MAPFuse (Lillis et al., 2010).
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Original (Absolute Values) 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39

Single Prompts -0.74
(± 2.58)

-6.28
(± 1.73)

-2.07
(± 1.00)

-1.98
(± 2.26)

-5.45
(± 2.66)

-0.70
(± 1.56)

-7.43
(± 3.11)

-0.08
(± 0.75)

-1.27
(± 3.05)

-9.30
(± 2.98)

-2.90
(± 1.29)

0.83
(± 1.61)

-3.78
(± 1.36)

Prompt Combinations 1.38
(± 1.53)

-5.95
(± 1.28)

-1.36
(± 1.05)

-1.60
(± 1.23)

-3.18
(± 1.23)

0.34
(± 0.73)

-5.92
(± 1.83)

0.24
(± 0.58)

0.05
(± 2.32)

-5.62
(± 2.42)

-2.35
(± 1.19)

1.12
(± 1.34)

-2.58
(± 0.67)

Prompt Combinations with Original 1.82
(± 0.95)

-4.31
(± 1.06)

-1.05
(± 0.75)

-0.42
(± 0.47)

-1.35
(± 0.67)

0.81
(± 0.54)

-3.72
(± 1.39)

0.39
(± 0.48)

0.74
(± 1.41)

-2.12
(± 1.44)

-1.49
(± 1.01)

1.09
(± 0.92)

-1.49
(± 0.41)

Mean difference to Original 0.82
(± 1.12)

-5.51
(± 0.86)

-1.49
(± 0.43)

-1.33
(± 0.66)

-3.33
(± 1.68)

0.15
(± 0.63)

-5.69
(± 1.52)

0.19
(± 0.20)

-0.16
(± 0.83)

-5.68
(± 2.93)

-2.25
(± 0.58)

1.02
(± 0.13)

-2.62
(± 0.94)

Table 2: Averaged nDCG@10 differences (± std. dev.) across all models and prompts for the different datasets and
prompt combinations. Green indicates improvements, red a decrease, relative to the Original baseline.
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Mean

0 (only Original) 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39 66.54

1 -0.74
(± 2.58)

-6.28
(± 1.73)

-2.07
(± 1.00)

-1.98
(± 2.26)

-5.45
(± 2.66)

-0.70
(± 1.56)

-7.43
(± 3.11)

-0.08
(± 0.75)

-1.27
(± 3.05)

-9.30
(± 2.98)

-2.90
(± 1.29)

0.83
(± 1.61)

-3.78
(± 1.36)

-3.17

2 0.40
(± 1.54)

-5.94
(± 1.23)

-1.48
(± 1.24)

-2.19
(± 1.33)

-4.25
(± 1.10)

-0.03
(± 0.82)

-6.41
(± 2.10)

0.05
(± 0.72)

-0.47
(± 2.68)

-7.55
(± 2.20)

-2.65
(± 1.29)

0.88
(± 1.44)

-2.84
(± 0.68)

-2.50

2+Original 1.43
(± 0.88)

-3.54
(± 0.71)

-0.93
(± 0.89)

-0.37
(± 0.33)

-1.33
(± 0.91)

0.68
(± 0.68)

-3.15
(± 1.39)

0.15
(± 0.54)

0.49
(± 1.30)

-2.43
(± 1.50)

-1.16
(± 0.91)

0.95
(± 1.00)

-1.38
(± 0.54)

-0.81

4 2.11
(± 1.11)

-5.97
(± 1.38)

-1.24
(± 1.08)

-1.26
(± 0.94)

-2.45
(± 0.49)

0.59
(± 0.60)

-5.54
(± 1.52)

0.40
(± 0.41)

0.55
(± 2.13)

-4.37
(± 1.46)

-2.04
(± 1.12)

1.14
(± 1.28)

-2.38
(± 0.72)

-1.57

4+Original 2.07
(± 0.81)

-4.74
(± 0.85)

-1.14
(± 0.75)

-0.43
(± 0.54)

-1.39
(± 0.47)

0.86
(± 0.41)

-3.99
(± 1.06)

0.56
(± 0.40)

1.09
(± 1.42)

-1.75
(± 1.55)

-1.75
(± 1.04)

1.13
(± 0.86)

-1.51
(± 0.29)

-0.85

6 2.14
(± 1.16)

-5.90
(± 1.61)

-1.34
(± 0.32)

-0.82
(± 1.23)

-2.18
(± 0.55)

0.70
(± 0.40)

-5.60
(± 2.17)

0.32
(± 0.60)

0.11
(± 2.12)

-3.59
(± 0.61)

-2.36
(± 1.29)

1.79
(± 1.47)

-2.43
(± 0.30)

-1.47

6+Original 2.25
(± 1.43)

-5.32
(± 1.15)

-1.15
(± 0.40)

-0.54
(± 0.71)

-1.25
(± 0.53)

1.01
(± 0.52)

-4.64
(± 2.02)

0.61
(± 0.29)

0.43
(± 2.01)

-2.34
(± 1.00)

-1.70
(± 1.29)

1.44
(± 1.10)

-1.75
(± 0.24)

-1.00

Mean difference to Original 1.38
(± 1.06)

-5.38
(± 0.89)

-1.34
(± 0.34)

-1.08
(± 0.69)

-2.62
(± 1.51)

0.44
(± 0.56)

-5.25
(± 1.35)

0.29
(± 0.24)

0.13
(± 0.72)

-4.47
(± 2.67)

-2.08
(± 0.56)

1.17
(± 0.32)

-2.30
(± 0.78)

-1.62

Table 3: Averaged nDCG@10 differences (± std. dev.) across all models and prompts for the different datasets and
numbers of combined prompts, with Infly embeddings. Green indicates improvements, red a decrease, relative to
the Original baseline.

occur when more texts are fused, with the great-
est improvements appearing when retrieval results
from the original corpus are fused together with
those from generated texts. This suggests that in-
creasing the number of fused texts can help the
system converge on a shared notion of which doc-
uments are relevant, illustrating the Chorus Effect
in data fusion (Vogt and Cottrell, 1999). Figure 2
(Appendix A) provides a graphical representation
of Table 3, showing the average differences and
the corresponding standard deviations. For most
datasets, the substantial variability in performance
suggests that improvements are driven not only by
the act of fusing retrieval results from different gen-
erated texts, but also by which specific texts are
combined. These results provide partial support for

H1, as using generated texts alone generally does
not outperform the original corpus. However, when
used in conjunction with it, they often enhance re-
trieval performance.

Table 4 reports the average performance across
fusion strategies relative to the original corpus and
provides evidence to investigate H2. The results
indicate that larger LLMs do not yield consistently
greater improvements. As we focus on using LLMs
for expansion rather than on retrieval models them-
selves, this observation is broadly consistent with
Weller et al. (2024), who report that expansion can
harm the performance of stronger retrieval mod-
els. However, gains are observed in datasets pre-
viously found to benefit most from fusion strate-
gies—namely, open-domain question answering
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Original 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39

Qwen2.5-3B-Instruct 2.21
(± 1.29)

-4.88
(± 1.13)

-1.07
(± 0.95)

-1.63
(± 0.78)

-2.95
(± 2.07)

0.18
(± 0.72)

-5.84
(± 2.36)

0.40
(± 0.55)

-0.14
(± 1.21)

-5.61
(± 3.42)

-0.97
(± 0.91)

0.03
(± 1.06)

-2.05
(± 1.03)

Qwen2.5-7B-Instruct 0.53
(± 2.19)

-6.64
(± 1.61)

-2.06
(± 0.71)

-0.96
(± 2.28)

-3.50
(± 2.54)

0.08
(± 1.60)

-4.56
(± 2.65)

0.23
(± 0.78)

-1.18
(± 2.91)

-4.81
(± 4.11)

-2.71
(± 1.01)

1.23
(± 1.14)

-2.73
(± 1.17)

Qwen2.5-14B-Instruct -0.06
(± 1.93)

-4.91
(± 1.39)

-1.26
(± 1.10)

-1.31
(± 1.31)

-3.21
(± 2.47)

0.32
(± 1.08)

-6.41
(± 2.62)

-0.03
(± 0.46)

1.01
(± 2.39)

-6.08
(± 3.62)

-2.96
(± 0.88)

1.82
(± 0.99)

-2.90
(± 1.47)

Mean difference to Original 0.89
(± 0.96)

-5.48
(± 0.82)

-1.46
(± 0.43)

-1.30
(± 0.27)

-3.22
(± 0.22)

0.19
(± 0.10)

-5.60
(± 0.77)

0.20
(± 0.18)

-0.10
(± 0.89)

-5.50
(± 0.52)

-2.21
(± 0.89)

1.03
(± 0.74)

-2.56
(± 0.37)

Table 4: Averaged nDCG@10 differences (± std. dev.) across all different (numbers of) prompts for the different
datasets and for different LLMs from the Qwen2.5 family and Infly embeddings. Green indicates improvements,
red a decrease, relative to the Original baseline.
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m

Original 0 3 1 2 3 0 3 0 0 2 2 0 3 19
Original+Combination 2 0 1 1 0 1 0 1 1 1 1 0 0 9
EN+Combination+Original 2 0 0 1 0 0 0 1 1 1 0 0 0 6
EX+Combination+Original 1 0 1 1 0 0 0 0 1 0 1 0 0 5
EL+Combination+Original 1 0 0 0 0 1 0 1 0 1 0 0 0 4
EX+Combination 0 0 0 0 0 1 0 1 2 0 0 0 0 4
EN+Combination 1 0 1 0 0 2 0 0 0 0 0 0 0 4
EL+Combination 1 0 1 0 0 0 0 0 2 0 0 0 0 4
EL 0 0 0 0 0 0 0 0 0 0 0 2 0 2
EN 0 0 0 0 0 0 0 0 0 0 0 1 0 1
EX 0 0 0 0 0 0 0 1 0 0 0 0 0 1

Table 5: Frequencies of best-performing combinations across datasets and LLMs for different prompt strategies and
their combinations. Infly embeddings are used. Each cell indicates the number of times a given strategy achieved
the best performance, with the final column showing totals across datasets. When a column sum exceeds the number
of LLMs (3), it indicates that multiple prompt groups were part of the combination yielding the best performance.

(NQ and HotpotQA). This outcome partially sup-
ports H2, suggesting that scaling model size can im-
prove performance in open-domain tasks; however,
it does not guarantee consistent benefits across all
tasks.

Table 5 examines the effect of different prompt
types, derived from the 5E cognitive model, on re-
trieval performance. The table shows how often a
prompt (combination) achieved the highest abso-
lute retrieval performance across all LLMs consid-
ered. The original corpus outperformed in most
cases; nevertheless, combining it with generated
texts led to non-negligible improvements in many
instances. When comparing the three prompting
categories, EN and EX prompts consistently per-
formed better, in combination with or without the
original corpus, than EL prompts. EN prompts
focus on summarizing the original text, while EX
prompts aim to expand it with knowledge retained

by the LLM, and EL prompts seek to re-elaborate
the original text (e.g., reformulating it with a more
negative stance). These results suggest that summa-
rizing or expanding texts with LLMs can enhance
retrieval performance, particularly when fused with
the original corpus, whereas altering the text (EL)
may not always yield comparable improvements.
These findings suggest that employing a structured
framework—such as the cognitively motivated one
used in this work—can help more effectively lever-
age LLMs’ retained knowledge, yielding expan-
sions that translate into improvements in retrieval
performance. Thus, these observations support H3.

6 Ablations

Given the multitude of factors influencing retrieval
performance, we conduct ablations regarding the
two most important ones: the LLM for generation
and the embedding model for retrieval.
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Original 63.85 42.64 65.95 93.63 66.82 83.41 64.31 38.70 67.91 95.96 47.67 81.72 52.39

Single Prompts (7B) -1.61
(± 2.95)

-7.45
(± 1.56)

-2.70
(± 0.46)

-2.12
(± 3.77)

-6.33
(± 1.94)

-0.93
(± 2.57)

-6.74
(± 3.35)

-0.34
(± 0.96)

-2.87
(± 4.15)

-8.67
(± 4.18)

-3.47
(± 1.05)

1.12
(± 1.34)

-4.06
(± 0.80)

Single Prompts (14B) -1.76
(± 2.41)

-5.68
(± 2.09)

-1.72
(± 1.28)

-2.06
(± 1.63)

-5.64
(± 3.04)

-0.78
(± 0.92)

-8.40
(± 3.21)

-0.18
(± 0.46)

-0.37
(± 2.78)

-9.90
(± 2.17)

-3.62
(± 0.54)

1.45
(± 1.45)

-4.22
(± 1.87)

Prompt Combinations (7B) 1.11
(± 0.87)

-7.44
(± 0.90)

-2.18
(± 0.52)

-0.91
(± 1.51)

-3.40
(± 1.66)

0.32
(± 0.87)

-4.52
(± 1.88)

0.26
(± 0.64)

-1.07
(± 2.58)

-5.07
(± 2.67)

-2.85
(± 0.69)

1.23
(± 1.24)

-2.74
(± 0.67)

Prompt Combinations (14B) 0.22
(± 1.32)

-5.15
(± 0.54)

-1.09
(± 1.18)

-1.64
(± 1.15)

-2.92
(± 1.18)

0.52
(± 0.84)

-6.67
(± 1.38)

0.03
(± 0.54)

1.41
(± 2.55)

-6.37
(± 2.46)

-3.26
(± 0.65)

2.29
(± 0.71)

-3.01
(± 0.47)

Prompt Combinations with Original (7B) 1.80
(± 0.62)

-5.14
(± 1.18)

-1.41
(± 0.48)

-0.01
(± 0.13)

-1.17
(± 0.46)

0.70
(± 0.54)

-2.73
(± 0.88)

0.69
(± 0.44)

0.17
(± 0.86)

-1.24
(± 1.39)

-1.93
(± 0.74)

1.32
(± 1.03)

-1.59
(± 0.28)

Prompt Combinations with Original (14B) 1.13
(± 0.72)

-3.99
(± 0.72)

-1.05
(± 0.89)

-0.34
(± 0.27)

-1.42
(± 0.70)

1.05
(± 0.61)

-4.44
(± 1.66)

0.05
(± 0.42)

1.79
(± 1.54)

-2.53
(± 1.44)

-2.08
(± 0.59)

1.66
(± 0.64)

-1.65
(± 0.30)

Mean difference to Original 0.15
(± 1.51)

-5.81
(± 1.38)

-1.69
(± 0.65)

-1.18
(± 0.90)

-3.48
(± 2.13)

0.15
(± 0.81)

-5.58
(± 2.05)

0.09
(± 0.36)

-0.16
(± 1.71)

-5.63
(± 3.38)

-2.87
(± 0.72)

1.51
(± 0.42)

-2.88
(± 1.13)

Table 6: Averaged nDCG@10 differences (± std. dev.) across all prompts for the different datasets and prompt
combinations for the two largest of the three LLMs, Qwen2.5-7B-Instruct and Qwen2.5-14B-Instruct, with
Infly embeddings. Green indicates improvements, red a decrease, relative to the Original baseline.
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Original (Absolute Values) 28.96 25.65 39.67 82.91 15.24 70.40 21.99 15.52 16.40 93.47 26.79 57.04 37.95

Single Prompts -8.14
(± 5.54)

-5.89
(± 2.17)

0.98
(± 2.91)

-10.74
(± 7.03)

16.74
(± 3.54)

-6.91
(± 5.08)

4.05
(± 3.65)

4.99
(± 2.17)

7.80
(± 6.97)

-32.48
(± 9.22)

-8.39
(± 4.77)

4.37
(± 5.01)

-4.54
(± 3.40)

Prompt Combinations -5.45
(± 3.31)

-4.57
(± 1.63)

4.23
(± 1.54)

-6.12
(± 3.40)

21.22
(± 2.65)

-2.94
(± 2.49)

7.75
(± 2.52)

6.84
(± 1.54)

12.18
(± 6.44)

-20.81
(± 7.56)

-5.83
(± 3.03)

7.37
(± 3.54)

-1.22
(± 1.97)

Prompt Combinations with Original -1.70
(± 3.18)

-3.38
(± 1.04)

3.95
(± 1.38)

-2.48
(± 1.85)

19.41
(± 2.94)

-0.33
(± 0.92)

6.89
(± 1.96)

5.34
(± 1.43)

9.49
(± 6.15)

-7.90
(± 3.35)

-1.53
(± 2.24)

6.98
(± 3.21)

1.01
(± 1.69)

Mean difference to Original -5.10
(± 2.64)

-4.61
(± 1.03)

3.05
(± 1.47)

-6.45
(± 3.38)

19.13
(± 1.84)

-3.40
(± 2.70)

6.23
(± 1.58)

5.72
(± 0.80)

9.82
(± 1.80)

-20.39
(± 10.04)

-5.25
(± 2.83)

6.24
(± 1.33)

-1.58
(± 2.28)

Table 7: Averaged nDCG@10 differences (± std. dev.) across all prompts for the different datasets and prompt
combinations, with semantic similarity computed using gte-Qwen2-1.5B-instruct embeddings. Green indicates
improvements, red a decrease, relative to the Original baseline.

LLMs The following tables reproduce
Table 2 but only considering generation
with the medium-sized LLM and the
larger LLM (Qwen2.5-7B-Instruct and
Qwen2.5-14B-Instruct, Table 6). As tables
show, there is no consistent improvement over all
datasets when using only a larger LLM. When
using combinations of prompts, both models
surpass the other on 50% of the datasets; when
including the original as well, the smaller of the
two models performs favorably in 7 out of 13
cases.

Embedding Model Table 7 reproduces table
2 but with gte-Qwen2-1.5B-instruct embed-
dings. With this embedding model, the baseline
nDCG@10 is lower than with the Infly embed-
dings, and expansion appears to particularly benefit

weaker embedding models. In the main results and
in preliminary (unreported) experiments with E5
(Wang et al., 2022), BGE (Xiao et al., 2023), and
UAE (Li and Li, 2023) embedding models, fusion
that included the original corpus consistently per-
formed best, as one would expect. Interestingly,
with this embedding model, fusion over generated
corpora without the original corpus slightly outper-
forms fusion that includes it.

7 Conclusion and Future Work

The goal of this study was to investigate whether
LLMs, guided by a set of cognitively motivated
prompts, can be used to generate alternative ver-
sions of a given text corpus that enhance perfor-
mance in retrieval tasks. Our results show that
while using single generated texts underperforms
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compared to using the original corpus, retrieval re-
sults obtained using combinations of the generated
alternative corpora can improve performance. The
effect is even more apparent when they are used in
combination with the original corpus. Moreover,
using prompts that expand texts by leveraging the
retained knowledge of LLMs to complement and
summarise the corpus (EN and EX prompts) yields
greater improvements in retrieval performance than
more exotic reformulations of the text (EL prompt),
highlighting that LLMs can act as powerful allies
in retrieval tasks.

However, this study and its findings raise sev-
eral questions that should be addressed in future
work. First, our hypotheses should be validated on
additional datasets, ideally larger than those consid-
ered here. Second, alternative prompting schemes
could be explored: rather than applying a single set
of prompts to a heterogeneous group of datasets,
prompting strategies might be tailored to the spe-
cific domain of each dataset. Third, although us-
ing the 5E Model to guide prompt design yielded
relevant results, it represents only one possible ap-
proach to developing an evidence-based prompting
strategy, rather than the only one. Future work
could therefore investigate alternative prompting
frameworks. Finally, a natural next step would be
to investigate whether these cognitively motivated
expansions can also improve the performance of
dense retrievers.

Limitations

This study has several limitations. First, we rely
on LLMs to generate texts from human-crafted
prompts. Although the 5E framework guided
prompt design, prompt writing remains inherently
subjective, and the results and conclusions reported
here may not hold under alternative prompting
strategies. Moreover, the same fixed set of prompts
is applied to text corpora that differ considerably
from one another. Second, limited computational
resources prevented us from systematically evalu-
ating larger LLMs or using larger datasets. Our ap-
proach is feasable with smaller document corpora
but pose significant computuational challenges for
larger text collections.3 Third, our analysis is ex-

3As an example, in preliminary analyses, using an NVIDIA
Tesla V100 GPU with 16GB of memory, for the (full) FiQa
dataset, which includes more than 57K documents, over 600
queries, and six prompts for text generation, the total runtime
was 44.35 hours. The majority of this time, 30.93 hours
(70%), was dedicated to text generation using the six prompts.

ploratory in nature. For example, when compar-
ing performance differences between generated
texts and the original corpus, we did not conduct
statistical significance tests to assess the robust-
ness of these differences. Finally, when repro-
ducing retrieval results from the MTEB leader-
board (Muennighoff et al., 2023)—without using
any LLMs—the results reported in this study do
not exactly match the leaderboard scores, although
the deviations remain within an acceptable range.
Several factors may have contributed to these dis-
crepancies, including variations in the instructions
used to supplement the input during embedding
computation.
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A Performance for different number of prompts

Figure 2: Averaged nDCG@10 differences (± std. dev.) across all models and prompts for the different datasets
and prompt combinations, with Infly embeddings.
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