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Abstract
Relevance judgments can differ between assessors, but previous
work has shown that such disagreements have little impact on
the effectiveness rankings of retrieval systems. This applies to dis-
agreements between humans as well as between human and large
language model (LLM) assessors. However, the agreement between
different LLM assessors has not yet been systematically investi-
gated. To close this gap, we compare eight LLM assessors on the
TREC DL tracks and the retrieval task of the RAG track with each
other and with human assessors. We find that the agreement be-
tween LLM assessors is higher than between LLMs and humans and,
importantly, that LLM assessors favor retrieval systems that use
LLMs in their ranking decisions: our analyses with 30-50 retrieval
systems show that the system rankings obtained by LLM assessors
overestimate LLM-based re-rankers by 9 to 17 positions on average.
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1 Introduction
In Cranfield experiments, sets of information needs, documents, and
relevance judgments are compiled to evaluate the effectiveness of
retrieval systems [37]. Collecting the relevance judgments from hu-
man assessors is typically the most expensive and time-consuming
part of an experiment; a TREC track usually requires six trained
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Figure 1: Agreement between judgement sets created by LLM
and Human annotators measured by Fleiss’ 𝜅. Blue denotes
the comparison between humans and LLMs; orange denotes
the comparison between LLMs and other LLMs.

assessors working for 2-4 weeks [29]. In this respect, decades of re-
search on collecting relevance judgments have shown that, despite
disagreements, a single judgment per query–document pair on a
given topic suffices for reliable systems rankings (see Section 2).

Following the introduction of large language models (LLMs),
recent work has shown that their relevance judgments agree quite
well with those of humans [1, 11, 12, 32, 33], suggesting that LLM as-
sessors might complement or replace human assessors.1 LLM asses-
sors offer several advantages over human assessors, namely that
LLMs are cheaper and faster, not affected by context switching, and
that they potentially allow for greater diversity, e.g., by simulating
panels. However, while a single human assessor may be sufficient to
collect reliable relevance judgments, this has not been established
for LLM-based relevance judgments. It is also not clear which LLM
is best suited for the task and whether the use of different LLMs
(e.g., in independent experiments) leads to comparable results.

In this paper, we address these issues for the first time by in-
vestigating the inter-annotator agreement of different LLMs for
relevance judgments. Just like the study of human agreement in
past IR research, understanding LLM agreement will inform the
design of potential LLM-assisted evaluation paradigms. As a first
1This, in turn, has sparked a discussion about the risks and limitations of fully automat-
ing relevance judgments and its impact on retrieval evaluation [1, 11–13, 18, 29, 32–34].
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step in this direction, we conduct experiments on the TREC Deep
Learning Tracks 2019/2020 [6, 7] and the retrieval task of the TREC
RAG Track 2024 [33] with eight LLM assessors. We compare the
LLMs with each other and with human relevance judgments.

Our results show that LLM assessors consistently agree with
themselves more than with human assessors (Figure 1). On the
one hand, this is positive since we do not need to use multiple
models to produce equally discriminative evaluations. On the other
hand, this highlights the disadvantage recently observed by Clarke
and Dietz [4] (later confirmed by Balog et al. [1]) that retrieval
pipelines with LLMs might be preferred by LLM assessors. We
evaluate this empirically and confirm that relevance assessments of
LLMs overestimate the effectiveness of LLM re-rankers. Therefore,
caution is needed in evaluations with LLM relevance assessments,
as the goal of most retrieval systems should be to satisfy human
users and not LLMs. Our code and data is publicly available.2

2 Related Work
We review related work on the inter-annotator agreement for the
human vs. human and the human vs. LLM scenario.

A Short History on Relevance Judgments in IR. Relevance judg-
ments and their properties have been studied for decades [8, 17, 26].
Relevance is highly subjective [8, 27] and affected by many vari-
ables [31]. This subjectivity is reflected in the inconsistency of rele-
vance judgments across human assessors. The resulting disagree-
ment has negligible impact on systems rankings, though, because
they rely on aggregated values and disagreements often occur on
outlier topics [8, 17, 26, 36]. These observations guided the decision
that a single human annotator is usually assigned per topic [36].

Inter-annotator agreement of humans. The original Cranfield ex-
periments did exhaustive relevance judgments for all documents
and all information needs [5]. As this exhaustive judgment is only
possible for small corpora, pooling the results of all retrieval sys-
tems in the comparison allowed to scale to large corpora under the
assumption that unpooled documents are not relevant [36]. The
assumption that unpooled documents are not relevant forms a trade-
off between coverage of relevant documents and budget. A single
primary annotator is assigned to each topic to reduce the costs [36].
This decision was validated by measuring inter-annotator agree-
ment in relevance assessments under several retrieval evaluation
measures and retrieval scenarios [3, 17, 35]. Relevance is subjective,
and multiple factors influence relevance judgements depending on
the intent and ambiguity of information needs [8, 26]. Nevertheless,
while humans disagree on the relevance of documents due to this
subjectivity, downstream system rankings and not impacted by this
disagreement, i.e., system rankings are highly correlated even when
there is disagreement for individual relevance decisions [3, 17, 35].

Inter-annotator agreement between LLMs and humans. Automated
evaluation of relevance has been in the interest of the community
for more than two decades [21, 30, 38]. However, this research direc-
tion received renewed interest due to improvements in LLMs [28],
ranging to applications of LLM assessors in diverse languages [9],
image retrieval [39], and automatically generated answers across
2https://github.com/webis-de/SIGIR-25

diverse modalities [10, 15, 16, 23, 39]. Faggioli et al. [11] explored
different levels of support of human assessors with LLM assessors,
showing that the agreement between LLM relevance assessments
and humans is good and that the impact of the disagreement on
system rankings is negligible. MacAvaney and Soldaini [18] also
argued that automated judgments should support human annota-
tions and should not replace them. These studies and subsequent
work [24, 34] have observed that evaluation with LLM annotations
produces stable and system rankings that are highly correlated with
that of human annotations. Upadhyay et al. [33] used automated
relevance judgments in the first Retrieval-Augmented-Generation
track at TREC 2024, arguing that automated judgments can replace
human judgments. This was contested by Clarke and Dietz [4] and
Balog et al. [1], showing that there exists a bias in language models
so that runs produced by LLMs are preferred by LLM assessors.
With our work, we aim to expand those observations and verify
if this also happens on a larger scale. Faggioli et al. [12] give a
perspective on how the human-like aspects of language models
may lead them to fail to annotate relevance correctly; we consider
a quantitative assessment similar to those done when Cranfield
testing was an emerging paradigm may shed light on how language
models compare to human annotators.

3 Automated Relevance Assessments with LLMs
We implement automated LLM relevance assessors so that they
take a query and a passage as prompted input to return a relevance
grade. While initiatives such as the LLMJudge shared task [25]
highlight how diverse LLM assessment pipelines can be, we go for
a pipeline as simplistic as possible that we keep constant and only
change the LLM while keeping all other components identical. We
do this so that we focus our experiments on the LLM, i.e., ensuring
that we use the same data, preprocessing, and prompt but only
switch out the LLM. We use ir_datasets [19] for access to queries
and document texts, using the default text of queries (the title
field for the TREC Deep Learning tracks) and the default text of the
passages as implemented in ir_datasets. We embed the query and
the passage into a prompt and submit this prompt to a LLM, asking
for relevance judgments between 0 (not relevant) and 3 (highly
relevant) that we parse from the generated response. We use the
prompt and the response parser of UMBRELA [34].

Many labs do not have the resources to locally run LLMs. Thus,
many use REST-API-based systems served on massive compute.
As such, we use a selection of these systems to allow our investi-
gation to best reflect real use cases. We use multiple models from
many industry providers. Overall, we incorporate 8 LLMs from
4 different providers for our experiments.3 We use 2 models from
the Claude family, the smaller Haiku and the larger Sonnet model
in its 3.0 versions. From the Gemini family, we use Gemini-1.5-flash
and Gemini-1.5-flash-8b. From the GPT family, we use GPT-4o and
GPT-4o-mini. In addition to closed source models, we use Llama-3
and Llama-3.1 with 70 billion parameters, which provides a helpful
comparison as a model that can be served on academic budgets.
3We use: Claude-3-haiku , Claude-3-sonnet , Llama-3 , Llama-3.1 , Gemini-1.5-
flash , Gemini-1.5-flash-8b , GPT-4o , and GPT-4o-mini .
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Table 1: Distribution of relevance judgments for the TREC
Deep Learning tracks in 2019 (DL-19), in 2020 (DL-20), and for
the 2024 Retrieval-Augmented Generation track (RAG-24)
for the eight LLM assessors and human annotations (Official).
Annotator TREC-DL-19 TREC-DL-20 TREC-RAG-24

0 1 2 3 0 1 2 3 0 1 2 3

Claude-3-haiku .283 .173 .227 .317 .380 .192 .209 .219 .136 .293 .297 .274
Claude-3-sonnet .262 .186 .298 .254 .305 .193 .295 .207 .143 .355 .324 .178
Gemini-1.5-flash .278 .290 .292 .140 .373 .297 .230 .100 .095 .324 .521 .060
Gemini-1.5-flash-8b .454 .181 .316 .049 .549 .151 .273 .028 .352 .178 .464 .005
GPT-4o .355 .360 .173 .112 .455 .336 .122 .087 .136 .506 .268 .090
GPT-4o-mini .294 .409 .179 .118 .376 .419 .127 .078 .090 .496 .323 .091
Llama-3 .250 .218 .413 .118 .331 .225 .351 .093 .106 .214 .560 .121
Llama-3.1 .217 .249 .431 .103 .312 .262 .342 .084 .087 .211 .608 .094

Official .557 .173 .195 .075 .683 .170 .090 .057 .373 .311 .230 .086

4 Evaluation
We study the relevance grades generated by 8 LLM assessors with
respect to their (1) relevance distributions, (2) inter-annotator agree-
ment, and (3) the impact on system rankings.

4.1 Experimental Setup
We use the 2019 and 2020 editions of the TREC Deep Learning
tracks [6, 7] on the MS MARCO passage collection [20] and the
2024 TREC Retrieval-Augmented Generation track on version 2.1 of
MS MARCO. Both corpora contain passages extracted from docu-
ments and queries mined from the Bing Search Engine. The rele-
vance judgments for the 2019 and 2020 Deep Learning tracks are
publicly available, and because of the popularity of MS MARCO,
potentially included in the training procedure of LLMs, whereas the
relevance judgments for the 2024 edition were not public during
our experiments and only available to TREC participants. We use
all runs submitted to the 2019/2020 Deep Learning tracks (37 runs
in 2019 and 59 in 2020) for our experiments on system ranking cor-
relations, as those runs are available password protected whereas
the 2024 runs are not available at the time of the experiments.4

Measures. We use several measures of agreement from broader
literature and IR-specific measures of agreement. We report Fleiss’
𝜅 implemented in nltk [2] and the agreement as implemented in
trectools [22] to compare relevance judgments. For comparing sys-
tem rankings, we use Kendall’s 𝜏 and Spearman’s 𝜌 . In this case, we
measure correlation not of the annotations themselves but for all
systems that participated in the TREC Deep Learning track when
evaluating for nDCG@10. This allows us to validate that system
order is stable, which is important as annotators may disagree;
ultimately, if system A is considered better than system B in all
cases, we can disregard annotation discrepancy.

4.2 Results
LLMs are optimistic annotators. We first investigate how, on

densely annotated corpora, an LLM annotates relevance compared
to a human in terms of grade distributions. Table 1 shows the dis-
tribution of relevance judgments of the official human judgments
and our eight LLM assessors. Like prior work of Faggioli et al.
4DL 19: https://trec.nist.gov/results/trec28/deep.passages.input.html
DL 20: https://trec.nist.gov/results/trec29/deep.passages.input.html

Table 2: Comparison of the eight LLM assessors with human
relevance judgments as agreement (Fleiss’ 𝜅, Jaccard similar-
ity) and impact on system rankings (Kendall’s 𝜏 , Spearman’s
𝜌 when possible) on Deep Learning 2019 (DL-19), 2020 (DL-
20), and Retrieval-Augmented Generation 2024 (RAG-24).
Annotator DL-19 DL-20 RAG-24

𝜅 Jacc. 𝜏 𝜌 𝜅 Jacc. 𝜏 𝜌 𝜅 Jacc.

Claude-3-haiku .165 .378 .901 .980 .197 .457 .898 .983 .138 .339
Claude-3-sonnet .153 .369 .874 .973 .155 .391 .928 .990 .172 .382
Gemini-1.5-flash .260 .462 .859 .966 .227 .484 .937 .992 .175 .391
Gemini-1.5-flash-8b .329 .563 .901 .982 .276 .585 .861 .970 .179 .420
GPT-4o .316 .522 .895 .977 .314 .578 .939 .992 .227 .441
GPT-4o-mini .266 .470 .901 .980 .258 .513 .937 .992 .171 .395
Llama-3 .193 .408 .862 .968 .171 .421 .910 .987 .137 .348
Llama-3.1 .195 .401 .838 .954 .181 .422 .943 .993 .125 .341

[11], we observe that LLMs tend to label more documents as rele-
vant (≥ 0). We also observe this trend to overestimation for highly
relevant documents (label 3), as most LLMs assess many documents
as highly relevant, with Claude-Haiku being the most optimistig
with between 21.9 % (for DL-20) and 31.7 % (for DL-19) compared
to 5.7 % and 7.5 % for human judgments. Though we generally ob-
serve overestimation of relevance, Gemini 1.5-flash-8b is an outlier
that most closely follows the human distribution that non-relevant
documents are most frequent. In terms of model families, we find
that the Claude variants tend to overestimate perfect relevance,
with the smaller Haiku variant showing greater overestimation.
In addition, the GPT variants show similar distributions with an
overestimation (relative to humans) of related texts (Label 1). We
primarily see trends in estimation based on model family rather
than model size; possibly due to a similar training distribution.

LLMs disagree with humans but system rankings are reliable.
Decades of research have shown that human relevance judgments
are subjective but that the resulting disagreements have little im-
pact on systems rankings [3, 17, 36]. This has also been observed for
LLM-based relevance assessors [11, 18, 24, 33, 34]. We reproduce
both in our experiments for all our eight LLM assessors.

Table 2 shows the inter-annotator agreement between the official
human relevance judgments and our LLM judgments and their
impact on system rankings (not reported for RAG-24 as no runs are
available at the time of the experiments). The agreement to human
relevance judgments is in line with prior work, with a Fleiss´ 𝜅
between 0.138 (for Claude-Haiku on RAG-24) and 0.329 (for Gemini-
1.5-flash-8b on DL-19). Furthermore, the impact on system rankings
is negligible in all cases (1.0 shows perfect, 0.0 random correlation,
Voorhees [36] reported a Kendall’s 𝜏 between 0.85 and 0.9), with
a minimum Kendall’s 𝜏 of 0.838 (for Llama-3.1 on DL-19) and a
minimum Spearman’s 𝜌 of 0.954 (again for Llama-3.1 on DL-19).

LLM–LLM agreement is greater than LLM–Human agreement.
We compare the inter-annotator agreement of (1) human vs. LLM
judgments and (2) LLM judgments vs. LLM judgments. Figure 1
shows that themedian LLM–LLM agreement is between 0.1 and 0.16
higher than the median human–LLM agreement. The agreement
is even higher for LLMs from the same model family. This high
agreement suggests that using a diverse set of models for creating
relevance judgments does not provide a diverse set of judgments,
especially for models from the same family.

https://trec.nist.gov/results/trec28/deep.passages.input.html
https://trec.nist.gov/results/trec29/deep.passages.input.html
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Figure 2: Fleiss’ 𝜅 agreement between LLM assessors and hu-
man relevance judgments macro-averaged over the 2019 and
2020 TREC Deep Learning and the 2024 TREC RAG tracks.

Figure 2 provides a more fine-grained view of the agreement of
LLMs with one another and the human judgments macro-averaged
over the three collections. We find a comparatively low LLM–
human agreement illustrated by the dark bottom row in the heatmap.
The Claude and Llama models have an especially low agreement
with human judgments, while the Gemini and GPT models show
a higher agreement. This consistent greater agreement with each
other over humans is concerning when coupled with the arguments
of Clarke and Dietz [4]. Since LLMs are increasingly used in re-
trieval pipelines, and they agree with each other more than with
human judgments, retrieval pipelines with LLMsmight be preferred
by LLM assessors and their effectiveness might be overestimated.

LLM evaluators favor LLM re-rankers. We use all eight LLM asses-
sors as re-rankers under different evaluation scenarios to validate if
the high agreement of LLM-based assessors causes that LLM-based
retrieval pipelines are overestimated by LLM assessors. This is re-
ranker setup is common, as expensive models can not run on the
complete corpus [14]. We re-rank all runs submitted to the 2019
and 2020 Deep Learning track (no runs available for TREC RAG
at the time of experiments) with all eight LLM assessors. We use
nDCG@10 as an evaluation measure as this was the primary mea-
sure in the Deep Learning tracks, and we use the system ranking
and nDCG@10 scores from the official human relevance judgments
as ground truth. For every run, we use one LLM as a re-ranker and
another LLM as a relevance assessor, iterating over all combinations
of runs, re-ranker LLMs, and relevance assessor LLMs. For every
triple of a to-be-re-ranked run, an LLM re-ranker, and an LLM as-
sessor, we first re-rank the run with the LLM and then evaluate all
systems (i.e., the re-ranked run and all other, original runs) twice to
create two system rankings. First, the ground truth system ranking
from human judgments, and second, the system ranking generated
by the LLM assessor (that is different from the LLM re-ranker).
We then compare the position of the LLM re-ranker in the ground

Table 3: Overview how LLM-based evaluators overestimate
LLM-based re-rankers (mean, 25 %, and 75% quantiles) in sys-
tem rankings (∆ Rank) and nDCG@10 scores (∆ Score) when
re-ranking pre-trained language models (NNLM), neural net-
works (NN), traditional (Trad), or all approaches submited to
the 2019 and 2020 TREC Deep Learning tracks. We compare
when re-rankers and evaluators come from the same LLM
family (within) or from different LLM families (accross).
Systems DL 19 DL 20

Δ Rank Δ Score Δ Rank Δ Score

25 % Avg. 75 % 25% Avg. 75 % 25% Avg. 75 % 25% Avg. 75 %

W
ith

in

NNLM 9.0 10.5 13.0 .146 .176 .200 9.0 17.5 27.0 .166 .200 .244
NN 9.8 11.2 13.2 .147 .181 .202 10.2 17.5 24.0 .164 .203 .241
Trad 8.8 10.2 13.0 .147 .173 .196 10.8 18.8 28.0 .176 .208 .248

All 9.0 10.5 13.0 .146 .175 .199 9.0 17.8 27.0 .166 .202 .246

A
cc
ro
ss

NNLM 3.0 8.8 12.0 .132 .178 .202 6.0 17.2 27.0 .154 .205 .240
NN 4.0 9.5 13.0 .138 .183 .207 8.5 17.4 26.2 .159 .208 .243
Trad 3.0 8.9 12.0 .121 .176 .201 9.0 18.8 28.0 .167 .214 .251

All 3.0 9.0 12.0 .129 .178 .204 7.0 17.6 27.0 .156 .207 .242

truth system ranking with the position of the LLM re-ranker in
the system ranking derived from the LLM assessor. If LLM-based
relevance assessors favor LLM re-rankers, we would observe that
the position of the re-ranked system is higher in the LLM-evaluated
system ranking than in the human evaluated system ranking.

Table 3 shows how LLM-based evaluators overestimate LLM-
based re-rankers across the three classes of retrieval systems submit-
ted to the deep learning tracks (NNLM systems that use pre-trained
language models, NN systems that use some neural networks with-
out pre-trained models, traditional models such as BM25, and all
systems). We report by howmany ranks the LLM-based re-ranker is
overestimated in the LLM-assessed system ranking (Δ Rank) and the
overestimation in the nDCG@10 scores (Δ Score) on average and
for the 25 % respectively 75 % quantiles. LLM-based re-rankers are
especially overestimated by LLM assessors from the same family;
by 10.5 positions on average for DL-19 (with 37 runs), and 17.8 po-
sitions on average for DL-20 (59 runs). Even across LLM families,
LLM-re-rankers are substantially overestimated by 9.0 positions on
average for DL-19 and 17.6 positions on average for DL-20. This
highlights that LLM-based relevance assessors substantially over-
estimate LLM-based retrieval pipelines, even when the evaluation
LLM differs from the one used in the retrieval system.

5 Conclusion and Future Work
We studied the inter-annotator agreement of LLMs for relevance
assessments. Our experiments showed that the inter-annotator
agreement is substantially higher between LLM assessments than
between humans and LLMs. Furthermore, we showed that this
higher agreement impacts evaluations of retrieval systems, as LLM-
based assessors overestimate the effectiveness of retrieval pipelines
that use LLMs for internal relevance decisions. Interesting direc-
tions for future work could be to identify ways to substantially
increase or decrease the agreement of LLM assessors, depending
on the use-case. Furthermore, it would be interesting to validate if
switching the LLM within a topic yields more realistic automated
assessments as LLMs can easily switch context.
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