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Abstract
Large Language Models (LLMs) are increasingly used to generate
search queries for various Information Retrieval (IR) tasks. However,
it remains unclear how these machine-generated queries compare
to human-written ones, particularly in terms of diversity and align-
ment with real user behavior. This paper presents an empirical
comparison of LLM- and human-generated queries across multiple
dimensions, including lexical diversity, linguistic variation, and re-
trieval effectiveness. We analyze queries produced by several LLMs
and compare them with human queries from two datasets collected
five years apart. Our findings show that while LLMs can generate
diverse queries, their patterns differ from those observed in hu-
man behavior. LLM queries typically exhibit higher surface-level
uniqueness but rely less on stopword use and word form variation.
They also achieve lower retrieval effectiveness when judged against
human queries, suggesting that LLM-generated queries may not
always reflect real user intent. These differences highlight the limi-
tations of current LLMs in replicating natural querying behavior.
We discuss the implications of these findings for LLM-based query
generation and user behavior simulation in IR. We conclude that
while LLMs hold potential, they should be used with caution.
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• Information systems → Information retrieval query pro-
cessing; Evaluation of retrieval results.
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1 Introduction
A defining characteristic of research in IR is its emphasis on users.
Unlike other areas of computer science, where system behavior
can often be formally specified, IR systems must account for user
interactions, which are inherently variable and difficult to model.
As a result, much of the research in this field is empirical. Prior
work has shown that users are a major source of variability in
retrieval effectiveness. Their behavior tends to be inconsistent,
making evaluation challenging—especially in industrial contexts,
where aligning offline and online evaluation remains an open prob-
lem [3, 11, 15, 17, 34].

To reduce the cost of collecting user assessments and construct-
ing new datasets, several studies have proposed using Large Lan-
guage Models (LLMs) to simulate user behavior. These studies have
shown that data and annotations generated by LLMs often align
well with those collected from human users, suggesting that LLMs
could serve as substitutes in some IR tasks [4, 39, 55].

To examine this hypothesis, we used the UQV100 collection,
which contains a diverse set of query variations generated by crowd
workers for information needs originally developed for the TREC
Web Track [10]. We also used a follow-up study in which crowd
workers generated additional queries for the same set of topics.
While collecting real-world queries provides insight into how users
express their information needs, it is difficult to control for varia-
tion, as users often have diverse or ambiguous intents [6]. Since
it’s challenging to isolate queries that correspond to the same un-
derlying need, we follow established methodologies that simulate a
specific information need and ask users to formulate a query accord-
ingly [10]. Collecting queries from different searchers for the same
information need is how researchers have been studying query vari-
ation [3]. Query variation remains an important factor to research
in academia and industry, as it has been shown to significantly
impact retrieval system performance [17, 42].

In total, we evaluated seven widely used LLMs, including GPT-
4o mini, Llama 3.3, and Claude 3.5, using the same information
needs as the crowd studies. We prompted each LLM with multiple
prompt variants to generate query variations. We then compared
the generated queries to those written by crowd workers based on
metrics such as the ratio of unique queries and syntactic structure.
Our results show that the queries generated by the LLMs actually
have a higher uniqueness ratio than those produced by human
workers. Furthermore, the LLM queries exhibit a higher degree of
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syntactic variability, with a greater number of unique syntactic
structures. This suggests that LLMs can produce a wider range of
query formulations than human workers, who tend to rely on a
limited set of syntactic structures. However, it also indicates that
the LLM queries are substantially different from those generated
by humans, which may limit their applicability in IR research, if
the goal is to simulate human behavior.

While LLMs show potential for generating queries, our findings
suggest that they are not yet a suitable replacement for human users
in IR research. The LLM-generated queries differ in variability and
coverage, leading to results that diverge from human-generated
query behavior. This suggests that although LLMs can be valuable
tools in IR experimentation, they should be used with caution and
not as a full substitute for human input.

2 Related Work
LLMs are increasingly used for tasks that traditionally required
human annotation [19, 33, 53, 56]. A key development in this area
is InstructGPT [37], which introduced instruction-based fine-tuning.
This approach first generates labeled examples using human-written
prompts, followed by supervised fine-tuning. Followed by reinforce-
ment learning from human preference rankings, the result is models
that follow instructions and generate coherent responses.

These models are now widely applied in IR tasks [22, 46] and
broader machine learning applications [30]. Empirical studies show
that LLMs often outperform crowdsourced human labeling across
multiple evaluation tasks [22]. MacAvaney and Soldaini [33] demon-
strated that LLMs can be useful to fill gaps in relevance judgments
to provide reliable system rankings, a finding supported by subse-
quent studies [1, 47]. Microsoft has also reported using OpenAI’s
GPTmodels for relevance assessment in the Bing search engine [44].
Building on this, Upadhyay et al. [49] introduced umbrela, an open
source toolkit that uses proprietary OpenAI models to label un-
judged documents, replicating the results of Thomas et al. [44].
More recently, Upadhyay et al. [48] suggested that umbrela could
serve as a viable replacement for human assessors. Extending this
line of work, Alaofi et al. [4] demonstrated that LLMs can auto-
matically generate queries and query variants from an information
need description. Rahmani et al. [39] later proposed using LLMs to
generate fully synthetic test collections, replacing human users in
both query generation and relevance judgment. Along similar lines,
the LiveRAG competition emerged, where questions, answers, and
initial evaluations were all conducted by LLMs [12, 13, 41].

While recent advancements in LLMs have created new oppor-
tunities, their rapid adoption warrants caution. A recent study by
Alaofi et al. [5] showed that LLMs can be manipulated through
query stuffing, highlighting potential vulnerabilities. Despite their
potential, further research is needed to understand LLM limitations.

3 Query Generation Methods
We categorized our query generation methods into two broad types:
context-based and query-based. The context-based methods condi-
tion query generation on user and topic attributes embedded in
the prompts. In contrast, the query-based methods focus on the
structure and quantity of the output queries, giving LLMs more

autonomy in generating queries based on predefined instructions
and examples.

3.1 Generating Queries
Our goal was to simulate the human-generated queries from pre-
vious crowd studies [10, 54]. We developed five query generation
methods. The first two methods attempted to replicate the original
data collection setup used in the UQV100 dataset. In the original
UQV100 collection process, each topic was described using a short
backstory intended to clearly convey the information need. These
backstories were written in a uniform style and presented to crowd
workers in random order. Workers were asked to write one query
per backstory.

To replicate this, we first prompted the LLMs with individual
backstories grouped into shuffled batches of six, repeating this
process 100 times with the same instructions prompt. In a second
setup, we used a fixed topic order and varied the prompt phrasing
across four versions, generating 50 queries per topic. Each prompt
requested a single query per topic, mirroring the one query per
worker setup in the original studies. Despite the structured design,
the outputs showed limited lexical diversity and differed substan-
tially from human-written queries, leading us to discard these two
methods in the following analyses.

We next developed three methods more suited to LLM capabili-
ties, which we summarize below.

Query-based methods:

• CW PV: This method prompted the LLM with a single back-
story at a time, using four prompt variants (PV1-PV4). Each
variant differed in how the required number of queries was
specified: PV1 requested exactly 100 queries, PV2 expected
100, PV3 expected a value between 19 and 101, and PV4 in-
structed the model to generate a random number within that
range. No batching was used.

• CW 500: Each prompt included one backstory and asked
for 500 queries. This number was chosen based on empirical
observations. Requests for 100 queries often resulted in fewer
than expected, while 1,000 queries were returned in multiple
delayed batches. Generating 500 queries was both faster and
more complete. To maximize the token budget for query
generation, we omitted query and topic identifiers from the
prompts.

Context-based method:

• VC: Inspired by Filice et al. [21], this method varied across
four different user search skill levels: expert, intermediate,
beginner, and none. It also considered three levels of topic
knowledge: high, medium, and low, as well as two differ-
ent query styles: natural language and keyword. A total of
24 unique combinations were created for each instruction
prompt, utilizing one backstory at a time, and instructing
the LLM to generate between 2 to 5 queries.

We include prompts, code and results for all methods, including
those that were discarded, in the GitHub repository.1

1https://github.com/rmit-ir/Query-Gen-LLM
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4 Empirical Analysis
This section presents an empirical comparison between the LLM-
generated queries and the human-generated queries. We begin
by examining basic query characteristics, including query length.
Next, we assess the degree of uniqueness in the generated queries
and investigate potential sources of uniqueness, such as stemming,
stopword removal, andword order.We then analyze the distribution
of part-of-speech (POS) patterns to identify systematic differences
in linguistic structure. Finally, we examine how these characteristics
relate to variability in performance in the downstream IR task,
highlighting the practical implications of query formulation on
retrieval effectiveness.

4.1 Experimental Settings
The UQV100 collection is comprised of over 10,000 queries sub-
mitted by 263 crowd workers, with each worker contributing one
query per topic. Following data cleaning, spelling correction, and
normalization, the collection includes 5,721 unique queries. These
queries are associated with the ClueWeb12 Category B document
corpus.2

In a follow-up study, Zendel et al. [54] selected 12 topics from
the original UQV100 dataset and asked crowd workers to submit
queries for each. While their focus was on assessing worker perfor-
mance, we use their collected queries as a comparison set – referred
to as Mturk CW– to evaluate alongside the original UQV100 and the
queries generated by LLMs. Notably, many of the submitted queries
in this subsequent study were not present in the original UQV100
dataset, making them a valuable source of additional query varia-
tion. Each worker contributed one query per topic, as in the original
UQV100 setup. For our study, we restrict our analyses to these 12
topics to ensure consistency and comparability across human- and
machine-generated queries.

Indexing and retrieval are done using the Anserini toolkit [51].
The document collection is indexedwith the Porter stemmer applied
and stopwords removed, following common practice for ad-hoc
retrieval. In all analyses, the original crowd-sourced queries for
the 12 topics from UQV100 are referred to as UQV100 CW, and the
queries collected in the follow-up study are referred to as Mturk
CW.

The LLMs used for query generation in this study includeMixtral
8x7B [27], Mistral Large, Mistral 7B [26], Llama 3.3 70B, Llama
3.2 11B [45], GPT-4o mini [36], and Claude 3.5 Haiku [7]. The
Mistral and Llama models are open-weight and can be run locally,
supporting reproducibility. In contrast, GPT-4o mini and Claude 3.5
Haiku are proprietary models accessible only via their respective
APIs. In this study, all models were accessed through the Amazon
Bedrock API,3 which provides a unified interface for interacting
with multiple LLMs. The OpenAI GPT-4o mini model was accessed
via the Azure API.4 Models accessed via Bedrock were used with
default configurations, without additional fine-tuning or parameter
adjustments. For GPT-4o mini, ‘max_tokens’ was set to 7,000 and
‘top_p’ to 0.95 to increase diversity.

2See http://www.lemurproject.org/clueweb12.php/.
3See https://aws.amazon.com/bedrock/.
4See https://azure.microsoft.com/.

4.2 Query Uniqueness
Table 1 presents the total number of queries generated by each
method, alongwith the number of queries gathered from the human-
generated UQV100 CW and Mturk CW datasets. The table also reports
the percentage of unique queries before and after applying three
standard transformations: stemming, stopword removal, and bag-
of-words (BoW).5 These transformations help isolate the factors
contributing to query uniqueness. Specifically, stemming reduces
words to their base forms, stopword removal eliminates common
function words, and BoW discards word order — mirroring the way
many IR systems, such as BM25, process queries. The uniqueness
percentage is calculated as the number of unique queries divided
by the total number of queries, multiplied by 100. The RBP(0.8) and
Residual columns represent retrieval effectiveness and are discussed
in Section 4.5.

Analyzing the changes in uniqueness after these transformations
helps determine whether differences arise from lexical choices or
word order. Overall, the LLM-generated queries tend to exhibit a
higher percentage of uniqueness compared to human-generated
queries. Interestingly, the UQV100 CW and Mturk CW datasets – de-
spite being collected independently, across different platforms and
five years apart – display similar uniqueness patterns. Among the
LLM configurations, none fully replicate the uniqueness character-
istics observed in human queries. For example, the combination
of Llama 3.2 11B and CW 500 shows a uniqueness rate of 41.9%
after stopword removal, which is close to that of the human queries.
However, this similarity does not hold consistently across transfor-
mations. For instance, when comparing the uniqueness before and
after stopword removal, we see that it has no impact on the Llama
3.2 11B + CW 500 queries. In contrast, in the human datasets, both
stemming and stopword removal reduce uniqueness, with the com-
bination resulting in an 8-10% drop. This suggests that a substantial
portion of uniqueness in human queries stems from variations in
stopword usage and word forms. The only LLM configuration that
shows a somewhat similar pattern is the Mistral Large + CW PV
method, where uniqueness drops by 7% (from 67.6% to 60.5%) after
stemming and stopword removal. However, it further drops to 46.4%
after applying BoW. This indicates that word order accounts for a
large part of the uniqueness in these queries — even more than in
the human-generated queries.

We observe a substantial drop in uniqueness for the human-
generated queries after each transformation. In contrast, the LLM-
generated queries appear less affected by such linguistic elements,
suggesting a different pattern of lexical diversity. Furthermore,
no single method demonstrates consistent behavior with humans
across all transformations. These results highlight that although
LLMs can generate diverse queries, their uniqueness patterns differ
from those observed in real user behavior.

4.3 Query Length
Figure 1 shows the distribution of query lengths across all gener-
ation methods and the human-generated queries, using box-and-
whisker plots. The box represents the interquartile range (IQR), the
line inside the box indicates the median, and whiskers extend to 1.5
times the IQR. Outliers beyond this range are plotted individually.
5Note that the BoW transformation is applied after stemming and stopword removal.
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Table 1: Summary of query counts and uniqueness patterns across 12 topics. The table compares the total queries generated
by seven LLMs and three generation techniques with human queries, showing the percentage of unique queries before and
after applying stemming, stopword removal, and bag-of-words transformations. The columns RBP(0.8) represents retrieval
effectiveness, and the Residual column represents the amount of uncertainty with the existing relevance judgments.

Model Technique Tot. Queries Uniq. Queries Stop Stem StopStem BoW RBP(0.8) Residual

Mixtral 8x7B
CW 500 987 99.3% 99.2% 99% 98.8% 97.1% 0.15 0.41
CW PV 3,196 73.4% 71.4% 71.7% 69.7% 64.2% 0.13 0.50
VC 1,373 60.1% 57.6% 58% 56.6% 53.8% 0.21 0.25

Mistral Large
CW 500 6,783 14.8% 14.2% 14.6% 14% 8.52% 0.23 0.26
CW PV 4,820 67.6% 63.9% 64.4% 60.5% 46.4% 0.21 0.26
VC 1,438 75.4% 71% 71.9% 69.5% 63.7% 0.23 0.21

Mistral 7B
CW 500 721 100% 99.7% 100% 99.7% 99.4% 0.17 0.38
CW PV 1,997 81.7% 79.9% 80.9% 79.2% 74.8% 0.18 0.37
VC 1,439 62.2% 60.4% 60.7% 59.5% 57.1% 0.20 0.23

Llama 3.3 70B
CW 500 4,986 64% 64% 63.9% 63.8% 59.4% 0.12 0.52
CW PV 11,724 39.7% 38.4% 39.1% 37.6% 33.3% 0.16 0.41
VC 1,312 65.2% 64.4% 64.6% 63.7% 61.1% 0.21 0.29

Llama 3.2 11B
CW 500 6,034 41.9% 41.9% 41.8% 41.8% 37.2% 0.14 0.48
CW PV 19,208 30.1% 29.5% 29.9% 29.2% 22% 0.14 0.47
VC 1,440 58.8% 57.6% 57.6% 56.2% 52.4% 0.23 0.24

GPT-4o mini
CW 500 3,767 95.5% 92.9% 93.9% 91.7% 84.2% 0.16 0.42
CW PV 1,362 93.3% 90% 91% 89.4% 87.4% 0.18 0.42
VC 1,424 79.1% 76% 76.5% 74.9% 72.7% 0.23 0.21

Claude 3.5 Haiku
CW 500 1,677 71.2% 71.2% 70.9% 70.9% 69.9% 0.09 0.70
CW PV 3,094 85.3% 84.7% 84.6% 84% 81.8% 0.09 0.71
VC 1,383 87.2% 85.8% 86.9% 85.3% 83.4% 0.17 0.42

Human UQV100 CW 1,305 44.8% 39.5% 39.4% 34.9% 29.7% 0.28 0.03
Mturk CW 2,200 46.3% 41.6% 42.6% 38.2% 33.2% 0.27 0.14

The figure highlights that query lengths from the Mturk CW and
UQV100 CW human datasets are more similar to each other than
to those generated by LLMs. While LLM-generated queries vary
across the different generation technique and models, they are gen-
erally more similar to each other than to human queries, indicating
some consistency in generation patterns. LLM-generated queries
tend to be longer overall, with most methods producing a median
length above five words, compared to a median of four words for
human queries. Among the LLM methods, CW PV (multi-prompt)
generates the shortest queries, whereas VC produces the longest
and most variable in length ones. In particular, the CW PV technique
with Mixtral 8x7B closely matches the human query distribution,
with 50% of queries between three and five words. Additionally, CW
PV with LLaMA 3.3 70B and CW 500 with Mistral 7B and Mistral
Large exhibit similar IQR range to the human queries, though their
distributions are shifted toward longer lengths.

4.4 Part-of-Speech Patterns
To examine the linguistic structure of the queries, we analyzed
their part-of-speech (POS) tag sequences. The goal of this analysis
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Figure 1: Boxplot showing the distribution of query lengths
for each LLM and generation technique. The median is repre-
sented by the line inside the box, while the whiskers extend
to 1.5 times the interquartile range (IQR).

is to assess whether different LLMs produce queries with consis-
tent POS distributions, and whether these distributions differ from
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those found in human-generated queries. We focus on the CW PV
and VC generation techniques, as CW 500 yielded a low number of
queries for Mistral 7B and Mixtral 8x7B (see Table 1). Using two
distinct generation techniques also allowed alignment with the
two human-generated datasets. Queries were tagged using spaCy’s
en_core_web_trf model.6

We computed the most frequent POS tag sequence for each LLM
and for the human-generated queries. Table 2 presents these results.
While we also computed POS patterns at the generation-technique
and (crowd) dataset levels, only the model-level results are shown
for brevity. Interestingly, while the most common POS tag sequence
varied across CW PV and VC, it remained consistent across the two
crowd-sourced datasets. This suggests more stable syntactic pat-
terns in human-authored queries. The CW PV technique produced
more uniform POS patterns, resembling human queries and sug-
gesting higher predictability. In contrast, VC yielded greater POS
diversity. While the primary difference across models is in sequence
length, some models also exhibit distinct syntactic variations. For
example, Claude 3.5 Haiku often starts with an adjective (ADJ),
whereas GPT-4o mini includes an adposition (ADP) in the third
position. The most frequent POS sequence among human queries
(NOUN NOUN NOUN) occurred in 12.4% of cases, compared to just 7.3%
for the most common LLM sequence (Claude 3.5 Haiku). This sug-
gests that human queries are more formulaic – often keyword-based
– while LLMs generate more syntactically varied queries.

To further explore this distinction, we trained a gradient boosting
classifier (CatBoost [38]) to predict the query source based on POS
tag sequences of fixed length 10. Queries shorter than 10 tokens
were padded, and longer ones truncated. We used 2,610 queries per
class, balanced across models and techniques, and split into 80%
training and 20% testing sets with stratified sampling. The classifier
achieved an average F1 score of 0.41. Specifically, human-generated
queries were identified with the highest F1 score of 0.53 (precision =
0.46, recall = 0.62). As shown in Figure 2, the highest diagonal value
in the confusion matrix corresponds to the human class, indicating
a stronger signal for identifying human-written queries. Feature im-
portance analysis (Figure 3) revealed that the POS tags in the third
and fourth positions were most predictive. These findings indicate
that while POS tag sequences alone offer limited classification accu-
racy, they carry useful signals for distinguishing between human-
and LLM-generated queries. Incorporating additional features such
as embeddings or linguistic properties, may further improve classi-
fication performance, which we leave for future work.

4.5 Retrieval Variability
So far, we have shown that there are substantial differences be-
tween human-generated and LLM-generated queries. However, dif-
ferences in linguistic patterns alone are not sufficient grounds to
determine the suitability of using AI-generated queries in IR. In
many scenarios, the goal of generating synthetic data is to par-
tially replace human users in the loop. Therefore, in the following
analysis, we examine the impact of using LLM-generated queries
on the downstream task of retrieval. We perform document re-
trieval using all generated queries. To reduce variability caused by
superficial linguistic differences, we apply Porter stemming and

6https://spacy.io
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remove stopwords using Anserini’s default list. Retrieval is con-
ducted using BM25 with default parameters (𝑘1 = 0.9, 𝑏 = 0.4) on
the ClueWeb12 Category B corpus. For each query, we retrieve the
top 10 documents, which is a common cutoff in user-oriented IR
evaluation.

To evaluate retrieval effectiveness, we compute Rank-Biased
Precision (RBP) scores using a persistence parameter of 0.8 [35],
along with their residuals. Scores are calculated per query, averaged
across queries for each topic, and then macro-averaged over all
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Table 2: Most common POS tag sequences for each LLM and the human-generated queries. The table shows the top most
frequent POS tag sequence, along with their respective frequency in the data and an example query.

Model POS Example Query Frequency

Claude 3.5 Haiku [ADJ, NOUN, NOUN, NOUN] latest schizophrenia treatment options 0.073
GPT-4o mini [NOUN, NOUN, ADP, NOUN, NOUN] coping strategies for schizophrenia patients 0.021
Llama 3.2 11B [NOUN, NOUN, NOUN, ADP, NOUN, ADP, ADJ, NOUN] schizophrenia treatment options for adults with severe ocd 0.039
Llama 3.3 70B [NOUN, NOUN, NOUN, NOUN] schizophrenia medication side effects 0.060
Mistral 7B [NOUN, NOUN, NOUN, NOUN] schizophrenia medication side effects 0.038
Mistral Large [NOUN, NOUN, NOUN, NOUN] schizophrenia treatment drugs list 0.047
Mixtral 8x7B [NOUN] schizophrenia 0.052

Human [NOUN, NOUN, NOUN] drug treatment schizophrenia 0.124

topics. We apply the C/W/L framework [8] for score computation.
The results are presented in Table 1. To be consistent with the Bailey
et al. [10], the authors of UQV100, we use the relevance judgments
from the UQV100 collection, which contains 4,865 topic-document
pairs across the 12 selected topics.

The UQV100 CW query set achieves the highest effectiveness and
the lowest residual. As defined by Moffat and Zobel [35], the RBP
residual quantifies uncertainty due to unjudged documents. It is the
gap between the observed score (assuming unjudged documents are
non-relevant) and the upper bound (assuming they are all relevant).
Note that the effectiveness scores are strongly negatively corre-
lated with the residuals (Pearson’s 𝑟 = −0.98), indicating that lower
effectiveness is associated with greater uncertainty. The overall
mean residual is 0.362, which exceeds any of the RBP scores. This
suggests that, given the current judgments in the UQV100 collec-
tion, differences in evaluation may largely reflect inconsistencies in
judgment coverage across query sets rather than true differences in
retrieval quality. Furthermore, the high residuals indicate that more
commonly used metrics in IR, such as NDCG, which treat unjudged
documents as non-relevant, may be even more misleading. This
observation aligns with prior work showing that topics and queries
are the primary sources of variance in IR evaluation [9, 17, 42].

Nonetheless, it is possible to quantify retrieval variability across
query generation methods by examining the diversity of retrieved
results through a resampling simulation. For each topic, we ran-
domly sample 𝑘 = 15 queries and count the number of unique
documents retrieved across those queries. This process is repeated
1,000 times. The value 𝑘 = 15 is chosen to ensure sufficient cover-
age, as the minimum number of queries per topic across all sets
is 21. There are 54,264 possible combinations to choose 15 queries
from 21, enabling a robust estimate of variability across all methods
and topics based on a sample of 1,000 combinations.

For each query, we retrieve the top 10 documents, so the theoret-
ical maximum number of unique documents retrieved per sample
is 150. However, this number is rarely achieved due to overlap in
retrieved documents across queries. When the number of unique
documents approaches 150, it may indicate that the queries are
diverse and cover a broad range of content. Alternatively, it may
suggest that the queries are poorly aligned with the topic and re-
trieve unrelated documents. Conversely, a low number of unique
documents suggests either high similarity among queries or a nar-
row topic scope, leading to substantial overlap in retrieved results.

We mediate this by generating new relevance judgments, which
we describe in Section 4.6.

To statistically analyze retrieval diversity across query sets, we
apply Tukey’s HSD test for multiple comparisons and report the
mean number of unique documents retrieved along with 95% confi-
dence intervals, as shown in Figure 4. The results show that LLM-
generated queries generally retrieve more unique documents than
human-generated queries. The only exceptions are the combina-
tions of Mistral Large with CW 500 and Mistral 7B with VC, which
retrieve more unique documents than the UQV100 CW set but fewer
than the Mturk CW set. Notably, Mistral Large with CW 500 is the
only configuration that does not differ significantly from any Hu-
man set. In Figure 4, the methods are ordered by the mean number
of unique documents retrieved. However, the lack of a consistent
ranking across models and generation techniques indicates that
retrieval diversity is strongly influenced by the choice of LLM, the
prompt design, and their interaction. No single LLM or generation
strategy performs consistently across all topics, and none can be
considered a universally reliable substitute for human-generated
queries.

While the Mturk CW queries retrieve significantly more unique
documents than the UQV100 CW set, the difference between the two
human-generated sets is smaller than their differences relative to
most LLM-generated sets. This suggests that the Mturk CW queries,
despite being collected independently, exhibit retrieval behavior
more similar to UQV100 CW than to the LLM-generated queries,
even though the two human-generated sets were created five years
apart.

4.6 Retrieval Effectiveness
We have shown that the variability introduced by queries gener-
ated through different GenAI methods often differs from that of
human-generated queries, with LLM-generated queries generally
exhibiting greater variation.We now turn to evaluating the retrieval
effectiveness of these queries. From the perspective of Query Perfor-
mance Prediction (QPP), a query is considered difficult if IR systems
struggle to retrieve relevant documents for it, and easy if standard
systems can retrieve relevant results with high effectiveness [20, 52].
Accordingly, we examine whether LLM-generated queries tend to
be easier or harder than those created by humans. Recent work by
Rahmani et al. [40] suggests that retrieval systems often achieve
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Figure 4: Mean number of unique documents retrieved per method with 95% confidence intervals from Tukey’s HSD test. The
Mturk CW queries (in blue) serve as the reference group. Intervals shown in gray indicate no statistically significant difference
from the Mturk CW set, while red intervals denote significant differences. Statistical significance can be inferred when confidence
intervals do not overlap. Methods are ordered by their mean number of unique documents retrieved.

higher NDCG@10 scores on LLM-generated queries compared to
human-generated ones.

To support this evaluation, we perform automatic relevance as-
sessments using OpenAI’s GPT-4o model,7 which is regarded as a
State Of The Art (SOTA) model for this task [5, 43, 49]. To ensure
consistency and reduce potential bias, we assess all topic-document
pairs, including those previously judged in the UQV100 collection.
We construct a judgment pool by selecting topic-document pairs
that appear in the retrieval results of at least two different queries.
Each query contributes a ranked list, resulting in a pool of 18,472
topic-document pairs (out of 57,966 total) for automatic relevance
assessment. Although GPT-4o can process inputs up to 128,000
tokens, we truncate each document to 1,500 words to reduce com-
putation time andminimize context degradation issues, such as “lost
in the middle” [28, 32].8 The annotation process took approximately
6 hours and incurred a total cost of US$150.87.

While prompt design plays an important role in the quality of
generated judgments, Alaofi et al. [5] found that the gpt-4o model
is generally robust to variations in prompt formulation. Therefore,
we adopt a single prompt in this study rather than exploring alter-
native designs. Specifically, we use the original UQV100 relevance
judgment instructions provided to crowd workers, with minor ad-
justments to ensure suitability for GPT-based annotation. These
adjustments were made with the assistance of ChatGPT, which
helped format the instructions in markdown and improve clarity
and conciseness. The final prompt is available in our code reposi-
tory.9

7gpt-4o (2024-08-06).
8For reference, the average Wikipedia article in 2025 contains 696 words: https://en.
wikipedia.org/wiki/Wikipedia:Size_of_Wikipedia.
9The prompt and model configurations are available in the code repository.

To evaluate agreement between LLM- and human-generated
labels, we compute Cohen’s 𝜅 [14] and Krippendorff’s 𝛼 (ordi-
nal) [31]. Cohen’s 𝜅 measures exact agreement on categorical labels,
while Krippendorff’s 𝛼 accounts for the severity of ordinal disagree-
ments. That is, the penalty for a disagreement between labels is
proportional to the distance between them. Among the 2,788 topic-
document pairs that have both UQV and LLM labels (out of 4,865
UQV-labeled items), we observe moderate agreement:𝜅 = 0.291 and
𝛼 = 0.477. While prior work has reported higher agreement levels
between human and LLM judgments, to the best of our knowledge,
this is the first study to assess such agreement on the ClueWeb12-B
collection. This dataset contains long and noisy general web doc-
uments, which pose greater challenges for LLM-based relevance
assessment. Most existing studies focus on cleaner text passages
and typically rely on binary relevance labels, which are generally
easier for LLMs to assess [43]. Although the observed agreement
is only moderate, it provides a sufficiently reliable signal for com-
paring the relative retrieval effectiveness (or difficulty) of different
query sets.

We compute RBP scores for each query using the LLM-generated
relevance judgments, following the same procedure described in
Section 4.5. The results are shown in Figure 5. The overall mean
residual value is 0.118, indicating that the LLM-generated judg-
ments are more complete than the original UQV100 judgments,
which had a mean residual of 0.362. This lower residual suggests
that the LLM-based assessments offer a more complete signal about
the relative retrieval effectiveness of the queries. Figure 5 presents
the RBP(0.8) scores for each model, grouped by query generation
technique. We observe consistent trends across models: the CW PV
and CW 500 techniques generally yield lower RBP scores than VC,
implying that queries generated using CW PV and CW 500 are harder
for the retrieval system to satisfy. In contrast, the VC technique
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Figure 5: RBP(0.8) distribution per model and generation
technique. The boxplot shows the IQR with the median line
inside the box, and whiskers extending to 1.5 times the IQR.
Outliers beyond this range are plotted individually.

produces queries that are more effective at representing the infor-
mation need, leading to higher retrieval performance.

Among the LLM-based methods, the VC technique produces RBP
score distributions that are most similar to those of the human-
generated queries, though with lower variability – evidenced by
a smaller interquartile range across models. This suggests that VC
generates more consistent queries across different LLMs, while
CW PV and CW 500 exhibit greater variation in query difficulty
depending on the model. These results indicate that VC aligns more
closely with the diversity observed in human queries, although it
does not fully replicate them.

While these findings should be interpreted with caution – as
LLM-based relevance judgments may not fully correspond to hu-
man assessments and could introduce bias [18] – they suggest that
VC is a promising approach for generating queries that better reflect
human search behavior. It is important to note that our analysis is
limited to a single retrieval system (BM25); results may differ when
using other retrieval models, such as dense retrievers or neural
re-ranking systems. We leave this exploration to future work, as it
lies beyond the scope of the present study.

5 Discussion
Some prior studies have reported that LLM-generated queries lead
to higher retrieval evaluation scores compared to human queries [4,
40]. However, these findings are primarily based on the TREC-
DL collections, which consist of short passages and typically in-
clude only a single query per topic. In contrast, our study uses the
ClueWeb12-B13 collection, which contains long, noisy web docu-
ments and we consider multiple queries per topic, following the
approach used by Bailey et al. [10]. These differences in collection
characteristics may explain the discrepancies observed in retrieval
effectiveness results.

We acknowledge that query formulation is inherently variable
among users. The ability to express an information need through
a written query is shaped by contextual and individual factors,
including ambiguity [6], anomalous states of knowledge [3], de-
mographic background, and device usage [2]. These contextual

influences highlight the complexity of modeling user queries. And
were not necessarily captured in the datasets we used, which were
collected under controlled conditions with crowd workers. As a
result, the queries in the UQV100 CW and Mturk CW datasets may
not fully represent the rich diversity of human search behavior.

Another limitation of this study is the age of the datasets: the
UQV100 CW queries were collected over a decade ago, and the Mturk
CW queries in late 2021. Although both are reasonable proxies for
human-generated queries, they are not drawn from live query logs
and may miss recent shifts in search practices, especially with the
rise of generative AI. Future work could incorporate newer human-
generated queries to better reflect current search behavior.

Despite these constraints, the datasets also offer certain advan-
tages. Access to real-world, live query logs is typically restricted
to major search providers, and publicly available logs tend to be
heavily skewed toward short, navigational queries (e.g., “YouTube”
or “Amazon”). In contrast, the queries collected from crowd work-
ers are more representative of exploratory search tasks, where the
user’s goal is to discover and synthesize new information. Such
tasks are of particular interest in IR research, and these datasets
continue to be widely used for training and evaluation purposes.

An additional strength is the timing of the data collection. Both
sets of human-generated queries were produced before the wide-
spread availability of LLMs. This ensures that the queries reflect
unaided human input. This is important in light of recent findings
by Veselovsky et al. [50], who report that LLMs are now commonly
used in crowd work. While their study shows that LLM-assisted re-
sponses are generally high-quality, it also finds that such responses
tend to be more homogeneous than those written without LLM
assistance. Thus, our use of pre-LLM query sets provides a clearer
baseline for understanding differences between human and LLM-
generated queries.

We further believe that several additional factors influencing
query variation remain underexplored. These may include cogni-
tive or physical disabilities, neurodivergence, and physiological
states [24, 25]. While such aspects may have been considered in
disciplines such as psychology and the social sciences [3], they are
seldom addressed explicitly in information retrieval research. It is
also likely that other relevant factors have yet to be identified.

To address the complexity inherent in understanding human
search behavior, researchers have attempted to create synthetic
data [21, 39], personas, and simulations of user behavior [55]. While
these approaches provide valuable frameworks, they raise concerns
regarding the extent to which simulated users accurately reflect
real human behavior. Assessing the validity of such simulations
remains an ongoing challenge. Consequently, conducting differ-
ent types of studies—separately and in combination—is essential.
Each methodology offers unique insights and, collectively, can en-
hance our understanding of how LLMs can be leveraged to generate
synthetic queries and ultimately simulate user behavior more effec-
tively.

User behavioral variability in the context of IR system use has
long been recognized in the information-seeking literature [2, 16, 23,
25, 29]. Research on search behavior has demonstrated clear value in
improving search systems and enhancing user experience. Nonethe-
less, due to the inherent complexity of human behavior, many open
questions remain. Although LLMs may contribute meaningfully to
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end-to-end IR pipelines, the diversity observed in LLM-generated
queries does not necessarily reflect the variability seen in human
querying behavior. This mismatch may stem from the factors dis-
cussed above. As such, relying solely on LLM-generated queries for
training or evaluation may result in systems that are less effective
for real-world users.

6 Conclusions
This paper examined the effectiveness of LLM-based query gen-
eration by comparing machine-generated queries with human-
generated queries from the UQV100 CW and Mturk CW datasets. The
analysis considered both linguistic characteristics: query length,
uniqueness, and part-of-speech (POS) patterns; and retrieval per-
formance: variability and effectiveness. While LLMs can produce
queries that superficially resemble human-written ones, notable dif-
ferences remain. In general, LLMs tend to generate longer queries
with more diverse POS distributions and fewer duplicates. In terms
of retrieval, LLM-generated queries often retrieve a more diverse
set of documents than their human-generated counterparts, with
less variance in effectiveness. This suggests that they may be ex-
pressing information needs in systematically different ways than
humans.

Among the evaluated methods, the CW PV approach—based on
multiple prompt variants—produced queries most similar to human-
generated ones in terms of length. The CW 500method generated the
most unique queries, exceeding the variability observed in actual
human queries. The VCmethod, which incorporates contextual user
and topic information, yielded the longest queries and exhibited the
greatest variation in both length and POS structure. A noteworthy
finding is that smaller, open-weight models often match or exceed
the performance of proprietary and larger models when evaluated
on their similarity to human queries. This observation challenges
the common assumption that larger models inherently produce
more human-like outputs. These results suggest that model size
alone is not a reliable indicator of quality in the context of query
generation, and that methodological choices play a critical role in
shaping the output characteristics of LLMs.

Our findings suggest that while LLMs can assist in generating
queries for different IR tasks, they should not be considered as
replacements for human-generated queries. Queries produced by
LLMs often exhibit different patterns of variability and may lack
the subtle nuances found in human queries, potentially misalign-
ing with real user information seeking behavior. Therefore, their
use should be carefully assessed within the context of the specific
task and dataset to ensure alignment with the intended retrieval
objectives.

Future research should examine task-specific scenarios and inte-
grate contextual or user-centered signals to better identify when
LLM-generated queries are useful, when they may pose risks, and
how to systematically validate their suitability. This includes study-
ing their impact across different retrieval tasks, such as multi-agent
IR and Retrieval-Augmented Generation (RAG), where automatic
query generation may support AI agents in conducting research or
enhance retrieval through diversification and fusion methods. It is
also important to consider diverse user populations and evaluation
settings. Establishing evidence-based guidelines for using LLMs

in query generation will be essential to ensure their responsible
integration into IR systems. Ultimately, a clearer understanding of
the inherent trade-offs will enable more effective and accountable
applications of LLMs in search technologies.
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