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Abstract

Large Language Models (LLMs) are increasingly used in Informa-
tion Retrieval, both within retrieval pipelines and for constructing
evaluation resources. Existing studies on using LLMs for IR evalua-
tion, however, focus almost exclusively on English, leaving their
applicability to other languages, where evaluation resources are
often limited and highly needed, unexplored.

We examine the use of LLMs to generate relevance labels for an
Arabic test collection (ArTest). Using about 10K relevance labels,
generated by three LLMs, and used to order eight automated sys-
tems and nine simulated manual systems, we show that agreement
on binary labels and system ordering is generally high, with no
cases of significant opposite conclusions; however, there are cases
of false or missed improvements and noticeable limitations when
labelling manual, highly performing systems. These findings align
with results reported for English and indicate that LLMs could, with
some caveats, offer a viable approach to supporting IR evaluation
in languages with limited evaluation resources.!
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1 Introduction and Background

The evaluation and development of Information Retrieval (IR) sys-
tems have long relied on the availability, quality, and relevance of
test collections for the retrieval task. Creating test collections is ex-
pensive, with relevance judgements being the most labour-intensive
and costly component. In recent years, LLMs have been explored
as a cost-effective approach to replace human judgements. Prior
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studies have demonstrated their promise; however, this has been in-
vestigated predominantly in English-language settings [1, 4, 11, 27].
In other languages, where IR evaluation resources are limited, using
LLMs to construct test collections has received little attention.

For Arabic, IR test collections are rare, often outdated, and sub-
ject to a range of limitations. To the best of our knowledge, Arabic
IR evaluation has largely relied on two early resources developed
under the TREC Cross-Language tracks of 2001 and 2002 [29, 30],
comprising 25 and 50 topics, respectively. These collections were
constructed for cross-lingual retrieval where queries and documents
are in two different languages, with topics developed in English and
subsequently translated into Arabic to enable performance compar-
ison with a monolingual setting. Therefore, the resulting queries do
not adequately reflect the information needs of the Arabic-speaking
population. Also, the document collections are limited to the news
domain (using Arabic Newswire Part 1). Beyond these early ef-
forts, only one Arabic web search test collection, ArTest, has been
developed [15].

Recent work on using LLMs for relevance labelling generally
concludes that LLM-generated labels — at least those produced by
competitive LLMs — agree with human judgements to a high de-
gree, often comparable to human-to—human agreement, and/or
that retrieval system rankings remain largely stable when evalu-
ated using LLM labels [1, 11, 26, 27]. The community has, how-
ever, warned against LLM evaluation ‘tropes’ [10]. Recent work has
raised concerns about circularity when LLMs are used for both rank-
ing and evaluation [6, 24], bias in favour of LLM-based re-rankers
[5], recency bias [12], and systematic disagreements with human
judgements that are concentrated in specific semantic clusters —
often for definition-seeking, policy-related, or ambiguous contexts
[22]. Additional concerns include failures under adversarial condi-
tions [3], and missing significant or overestimating insignificant
improvements of retrieval systems [4, 23].

While research on the use of LLMs for relevance judgements
in English - as described above — has moved beyond establishing
their potential and now focuses on identifying limitations, the more
fundamental question of whether LLMs can achieve a high level
of agreement with human judgements remains underexplored in
other languages. exception is a study on a non-English collection
with queries translated into Chinese, Russian, and Persian [26],
which found that the LLM performs well across languages despite
variations in the language of the prompt and information need
description.

This work investigates the similarity between LLM relevance
labels and human relevance judgements using intrinsic measures of
per-label agreement, and extrinsic measures assessing the impact
of these labels on system ordering (from best to worst in terms of
performance) for an Arabic test collection. Specifically, we address
the following research questions:
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Topics Variants Judgements (%)
Min Max Avg -1 0 1 2
50 1 7 342 52 694 121 133

Table 1: The number of topics, the minimum, maximum and av-
erage number of query variants per topic, and the distribution
of relevance judgements in the the ArTest collection (over 10,529
judgements).

RQ1. To what extent do LLM- and human-generated relevance
judgements agree?

RQ2. How similar are LLMs and humans in their ordering of
retrieval systems — including both automated and manual?

2 Experimental Design

This section describes the test collection used to examine the use
of LLMs for relevance labelling, the LLMs and their configurations,
and the evaluation methods.

2.1 Test Collection

We used the ArTest test collection [15], which is built on the Ara-
bicWeb16 corpus [25]. To the best of our knowledge, ArTest is the
most recent Arabic IR test collection, constructed from original
Arabic queries sourced directly from Arabic speakers, and the only
one designed for the web search task. This distinguishes it from
prior collections that rely on queries adapted to Arabic and with
limited scope, such as news articles [29, 30], or that designed for
Arabic microblog search [2].

The collection consists of 50 topics, each associated with a de-
scription, a narrative, and multiple query variants that reflect alter-
native formulations of the same information need. These variants
were created and used by the judges to construct the document
pools for relevance judgement, following the premise that query
variants can contribute to pool diversity in a manner comparable
to system runs [21]. Relevance judgements are provided on a four-
point graded scale, from —1 to 2, where —1 denotes empty or spam,
0 not relevant, 1 relevant, and 2 highly relevant. Table 1 provides
key statistics of the collection.

2.2 Relevance Labelling

LLM Selection and Configuration. To enable comparison, we
used GPT-40, which has been used in prior studies and shown to
achieve high agreement with human judges in relevance judge-
ment for English collections [3, 28] and also for Russian, Chinese
and Persian collections [26]. We also included two open-source
LLMs - Llama-3.3-70B-Instruct? and GPT-o0ss-120B® - to support
reproducibility. We used the same parameter setup as Thomas et al.
[27].

Document Pre-processing. Most prior work on using LLMs for
relevance labelling has been conducted on passage-level test col-
lections — mainly using the TREC deep learning tracks, which

2https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
3https://huggingface.co/openai/gpt-oss-120b
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use the MSMARCO corpus of passages. Studies that consider full
HTML web pages do not report their pre-processing steps. We
therefore experimented with two settings: providing the LLM with
raw HTML web pages as-is, and providing cleaned HTML after
removing scripts and non-content tags. While we initially expected
that supplying full HTML would enable the LLM to make better
relevance labelling by exploiting structural cues encoded in markup,
this was not observed in practice. Instead, we obtained higher agree-
ment with human judgements when using cleaned HTML web
pages, and therefore adopted this setting in our experiment.

Prompt. We used the DNA prompt proposed in prior work [27]
including information need Description, Narrative and Aspect. We
provided the prompt in English, following findings that show that
changing the prompt language when labelling non-English docu-
ments does not seem to affect relevance labelling results [26].

2.3 Relevance Label Evaluation

To assess the alignment between LLM-generated labels and hu-
man relevance judgements, we used standard intrinsic agreement
metrics, including Cohen’s « [7] and Krippendorft’s « [18]. These
measures quantify the degree of agreement at the label level. We
further evaluated agreement at ordering retrieval systems (i.e., runs)
using Kendall’s 7 [17] and conducted pairwise comparisons across
systems.

For each system pair (Sy, Sz), outcomes were categorised as
Active Agreement (AA) when both LLM and human judgements
agree on the direction of the comparison (S; > S, or S; > S;) and
both identify a statistically significant difference; Passive Agreement
(PA) when both agree on the direction but neither finds significance;
and Mixed Agreement (MA) when only one identifies significance.
Active, Passive, and Mixed Disagreement (AD, PD, MD) are used
similarly but for comparisons in which the LLMs and human judge-
ments indicate opposite ranking directions [13, 20].

Both automated retrieval systems and manually constructed runs
were included in this analysis to examine whether different types of
systems are treated differently under LLM-based evaluation. That
is, manually constructed runs may exhibit characteristics that differ
substantially from automated systems, and thus may not be treated
equally by automated labelling. Evaluation of system performance
was conducted using the official TREC run_eval script.?

Given the judgement process used to construct ArTest — where
judges developed topic descriptions and narratives, and were en-
couraged to use query variants to identify relevant documents and
judge at least 200 documents without a fixed inspection depth — our
automated runs contained a substantial number of missing judge-
ments, with a minimum of 30% missing judgements per topic for
BM25 (the system used by the judges). Accordingly, we restricted
our corpus to documents that have relevance judgements. This
decision is supported by prior findings showing that sub-sampling
the top-k documents included in relevance judgements can pro-
vide a reliable estimate of system effectiveness [14]. The following
describes how the two types of runs were generated:

Automated Runs. We indexed the HTML web pages — includ-
ing their titles and main content — via Pyserini [19] with Arabic

“https://github.com/usnistgov/trec_eval
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language processing enabled. We generated eight different runs
classified as follows:

e Lexical Models: Using both BM25 and BM25 with RM3 pseudo-
relevance feedback over topic titles. BM25 was configured with
ki =0.9 and b = 0.4, and RM3 used 10 feedback documents and
10 terms with an original topic title weight of 0.5.

e Dense Models: Web pages and topic titles were encoded using
the multilingual E5 encoders (base and large) [31] with FAISS
indexing in Pyserini. Web pages were ranked based on the inner-
product similarity.

e Dense Re-rankers: Similar to the aforementioned dense mod-
els, except that ranking was applied to the top 100 documents
retrieved by the lexical models (BM25 and BM25+RM3).

Manual Runs. Inspired by the synthetic oracle runs created by
Balog et al. [5] to examine potential differences in how LLM labellers
and human judges evaluate synthetic oracle runs relative to LLM-
based re-rankers, we constructed a set of simulated manual runs that
approximate rankings produced by human judges under different
levels of effort and patience. Effort is modelled through the extent to
which query variants are used to locate relevant documents, while
patience is modelled by the depth to which judges inspect ranked
documents. We considered three inspection depths, d € {30, 20, 10},
corresponding to decreasing levels of patience.

For each inspection depth d, the document pool was generated
using BM25 across all available query variants (i.e., maximum ef-
fort), mirroring the judgement process used in the ArTest. We also
considered settings in which we minimise effort by leaving out one
or two query variants, i.e., leave out [ € {0, 1, 2}. Given that the
average number of query variants per topic is approximately three,
excluding two variants represents the most restrictive setting. We
note that Topic 4 has only a single variant; therefore, no variants
were excluded.

The resulting runs were constructed by ordering the pooled doc-
uments according to their human relevance judgements in decreas-
ing order. We refer to these runs as manual runs, parameterised
by the inspection depth d and the number of left out variants I.
These manual runs outperform the automated runs under human
judgement.

Finally, we note that Topics 2 and 5 have no query variants and
were therefore excluded from both the manual and automated runs
for fair comparison.

3 Results and Discussion

This section presents and discusses the results in response to the
two research questions.

3.1 Per-Label Agreement (RQ1)

Table 2 reports the agreement between LLM labels and human rele-
vance judgements, the probability of LLMs for labelling a document
as relevant and the precision of the generated binary labels: relevant
(1) and non-relevant (0).

The observed agreement, as measured by «, is high for both GPT
models when compared with typical inter-annotator agreement be-
tween human judges, which has been reported as 0.52 by Cormack
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LLM K a P(L=1) Prec(L=0) Prec(L=1)
GPT-40 0.58 0.35 0.20 0.88 0.76
GPT-0ss-120B  0.58 0.57 0.31 0.92 0.63
Llama-3.3-70B  0.38 0.27 0.58 0.99 0.43

Table 2: Agreement between LLM-generated labels and human rel-
evance judgements, measured using Cohen’s k and Krippendorff’s
a, together with the probability (P) of assigning a document a rel-
evant label (L) and label-wise precision (Prec). All metrics were
computed using binary labels, where —1 and 0 were mapped to 0
and 1 and 2 were mapped to 1, except for Krippendorft’s a, which
was computed over graded labels.

et al. [8], 0.41 by Hersh et al. [16], and within the range 0.24-0.58
by Damessie et al. [9].

This finding is consistent with prior work using GPT-40 on Eng-
lish test collections, which reported comparable agreement levels
(e.g., 0.42-0.50 on the Deep Learning (DL) tracks from 2019-2023
[28], and 0.50-0.60 across different topic, document, and prompt
languages on the TREC NeuCLIR tracks from 2022-2023 [26]. In
contrast, Llama exhibits considerably lower agreement, although it
still falls within the range reported by Damessie et al. [9].

When considering agreement over graded relevance labels using
a, GPT-oss-12B exhibits substantially higher agreement than other
models. This suggests that, while models may show similar levels
of agreement under binary relevance, they differ in their ability
to make finer-grained distinctions. Notably, GPT-o0ss-12B appears
better able to differentiate — or at least to agree with human judges
- between spam and non-relevant documents. In contrast, GPT-4o0
shows a higher tendency to falsely label non-relevant documents as
spam. This is shown in the confusion matrices shown in Figure 1.

Overall, the « values for Llama and GPT-40 are low relative to
previously reported inter-annotator agreement levels (0.41-0.69
[9]), with GPT-40 performing substantially worse than reported in
prior studies conducted on English test collections (e.g., 0.62 [3]
on DL 2021 and 2022). However, we cannot determine whether
this degraded performance is attributable to language effects, the
increased noise introduced by HTML web pages, or differences in
the labelling scale. Note that previous studies did not experiment
with a scale of relevance that included spam. These factors may
have influenced our comparisons; for example, if previous studies
included a spam label, they might have resulted in comparable a.

In terms of the LLMs’ probability of labelling a document as
relevant (0 or 1), Llama is the most liberal, with a probability of 0.58,
compared with approximately 0.25 for human judges (see Table
1). This behaviour is known for LLMs [1, 3, 26]. The GPT models
are less liberal and more comparable to human judgements, with
probabilities of 0.31 for GPT-o0ss and 0.20 for GPT-40. This behaviour
is reflected in their precision values: high for non-relevant labels
and moderate to low for relevant labels.

3.2 Per-System Ordering Agreement (RQ2)

Figure 2 shows the ordering of systems according to human judge-
ments and different LLM labels, and Table 3 shows Kendall’s 7 and
the proportions of pairwise system comparisons across automated,
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Figure 2: NDCG@10 of retrieval systems evaluated using human
relevance judgments and labels generated by the three LLMs.

Table 3: System ordering agreement using Kendall’s 7 and the
proportions of Active, Passive, and Mixed Agreement (AA, PA, MA)
and Disagreement (AD, PD, MD) for pairwise system comparisons
give only automated (aut), manual (man) and all systems.

LLM T AA PA MA AD PD MD
GPT-40 (aut) 086 057 018 0.14 000 0.11  0.00
GPT-40 (man) 056 025 008 044 0.00 0.03 0.19
GPT-4o (all) 079 046 006 038 0.00 0.05 0.06

GPT-0ss-120B (aut) 086 043 029 021 0.00 071 0.00
GPT-0ss-120B (man) 0.06 019 008 025 0.00 003 044
GPT-0ss-120B (all) 0.72  0.60 008 0.18 0.00 0.02 0.12
Llama-3.3-70B (aut) 086 043 032 0.18 0.00 0.04 0.04
Llama-3.3-70B (man)  0.67 039 0.09 0.19 0.00 0.03 0.14
Llama-3.3-70B (all) 082 0.63 009 019 000 0.01 0.07

manual and all system pairs, i.e., 28, 36, and 136 pairs, using an
independent t-test.

It is clear from Figure 2 that Llama and GPT models exhibit
two different behaviours: scores are overestimated under Llama,
particularly for automated systems, and underestimated under the
GPT models, most noticeably for manual systems. According to

top- and second-ranked systems show no statistically significant
difference under human judgements; therefore, choosing either
system is valid (a case of PD).

Considering pairwise comparisons across all systems (Table 3),
Llama achieves the highest agreement with human judgements in
system ordering, as measured by Kendall’s 7 and the pairwise agree-
ment metrics. Agreement scores are consistently higher when only
automated systems are considered, while performance degrades —
sometimes severely, as in the case of GPT-oss — when evaluation is
restricted to manual systems.

We observe no cases of AD, in which the LLM and human judge-
ments reach opposite ranking conclusions (e.g., S; > Sz vs. S; < Sz)
and both identify a statistically significant difference. We have cases
of PA and PD, but they are of less concern, as no significant differ-
ence is identified and selecting either system is therefore valid. We
do, however, observe cases of MA and MD in which significance is
identified by either humans or LLMs. In most cases, LLMs fail to
detect improvements instead of falsely identifying non-significant
differences as significant. In particular, we find that about 92% of
MA and MD cases (across all systems) in Llama and GPT-oss occur
when humans detect statistically significant differences that LLMs
fail to identify; this increases to about 96.6% for GPT-4o.

4 Conclusions and Future Work

Arabic IR test collections are limited. If LLMs can reliably support
their construction, they offer a promising and cost-effective means
to accelerate resource development and, consequently, advance
Arabic IR research.

We found that agreement on binary labels and on system or-
dering is generally high, aligning with previous results on English
test collections. However, agreement on graded relevance appears
lower in our evaluation. We note that differences in document
format, relevance scales, and collection characteristics may have
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contributed to the observed difference. We also found that LLMs
perform less reliably when evaluating manually constructed sys-
tems. As prior work has not examined using LLMs to judge such
systems, it remains unclear whether this limitation is specific to
Arabic or reflects a broader issue.

Our use of ‘simulated’ manual runs offers a complementary per-
spective for evaluating LLM-generated labels and may be adopted
in efforts to assess the reliability of LLMs as labellers. As these runs
were constructed by sampling documents from the top-k BM25
results retrieved in response to query variants, we expect them to
differ from other automated runs where documents were retrieved
in response to information need titles alone. We believe that this
setup may have resulted in documents that are much harder for
LLMs to label.

This study does not aim to identify the best-performing LLM,
prompt, or parameter configuration for the task. Rather, it investi-
gates whether LLMs, configured in line with prior literature, can
support Arabic IR evaluation at a level comparable to that reported
for English. Our findings indicate that this is largely the case, as we
do not observe sufficiently strong evidence of differences.

Future work will investigate the conditions under which LLM
and human judgements differ, particularly for documents of manual
systems.
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