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Abstract
Relevance judgments for information retrieval (IR) evaluation, once
the domain of human assessors, are now often produced by Large
Language Models (LLMs). While some studies report alignment
between LLM and human judgments, claims that LLMs can replace
human judges raise concerns about reliability, validity, and long-
term impact. As IR systems increasingly rely on LLM-generated
signals, evaluation risks becoming self-reinforcing, leading to po-
tentially misleading conclusions.

This paper examines scenarios where LLM evaluatorsmay falsely
indicate success, particularly when LLM-based judgments influence
both system development and evaluation. We highlight key risks,
including bias reinforcement, reproducibility challenges, and incon-
sistencies in assessment methodologies. To address these concerns,
we propose tests to quantify adverse effects, guardrails, and a col-
laborative framework for constructing reusable test collections that
integrate LLM judgments responsibly. By providing perspectives
from academia and industry, this work aims to establish best prac-
tices for the principled use of LLMs in IR evaluation.
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1 Introduction
Large Language Models (LLMs) are increasingly used in the evalu-
ation of information retrieval (IR) systems, generating relevance
judgments that were traditionally the domain of human assessors.
Given an information need (or topic) and a set of documents, as-
sessors determine the relevance of each document to the topic. A
process that forms the foundation of retrieval evaluation. However,
due to the vast number of topic-document pairs, traditional assess-
ment relies on pooling methods to identify a subset of documents
for judgment. LLMs offer an alternative approach, with the poten-
tial to scale relevance assessments far beyond the limits of human
annotation. However, Soboroff [75] writes: “Letting the LLM write
your truth data handicaps the evaluation by setting that LLM as a
ceiling on performance.” In this paper we aim for a middle ground
by discussing 14 ways in which LLMs can negatively impact the
evaluation and how to avoid this adverse effect.

Pro. One of the most impactful advantages of LLM-based evalu-
ation is speed. Unlike human assessors, who require coordination,
training, and extensive annotation time, LLMs can generate rel-
evance labels almost instantly. This dramatically lowers the cost
of evaluation, making it possible to assess larger datasets, cover a
wider range of retrieval tasks, and conduct evaluations more fre-
quently. These benefits have led to the rapid adoption of LLMs in
large-scale evaluation pipelines. Microsoft, for example, now uses
OpenAI’s GPT models for relevance assessment in Bing [79]. More
recently, Upadhyay et al. [84] introduced Umbrela, an open-source
toolkit based on a similar prompt that uses proprietary LLMs to
label unjudged documents. Its application in a recent TREC task,
further reinforces the notion that human assessors could be re-
placed [82]. Beyond labeling, LLMs have been proposed for fully
synthetic test collections, where they replace human users in both
query generation and relevance judgment [60].

Con. Although empirical studies demonstrate the effectiveness
of LLM-based judgments, concerns remain regarding their reliabil-
ity, validity, and long-term implications for IR evaluation [29]. The
increasing reliance on LLMs for test collection creation raises funda-
mental questions about reproducibility. At the same time traditional
pooled judgment methodologies are becoming impractical for as-
sessing generative and multi-modal systems. Furthermore, there is
no consensus on how to mitigate the risks associated with these
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models, including biases, inconsistencies, and potential vulnerabili-
ties such as susceptibility to query stuffing [3]. Without a shared
principled framework for responsible adoption, the unchecked use
of LLMs in evaluation studies may lead to misleading conclusions,
where prior work is cited without appropriate consideration of its
limitations.

Below we outline our contributions by specifying questions that
are addressed in this paper.

1.1 Can I Use LLM Judgments in My Next
Research Paper?

Our short answer:
• Yes, if the focus is on improving runtime efficiency.
• It depends, if the goal is to improve result quality.
Focusing on quality evaluation, we highlight key validity chal-

lenges in using LLMs as evaluators for IR.We introduce a set of LLM
Evaluation Tropes in Section 2, a concept that emerged from dis-
cussions at the fourth Strategic Workshop on Information Retrieval
in Lorne (SWIRL 2025) [80], that capture common failure modes,
including circularity and overfitting. We frame these tropes within
a broader evaluation paradigm – both with and without human
involvement – and consider their downstream effects on systems
optimized for LLM-based feedback. We believe that maintaining
scientific rigor requires identifying and recognizing, quantifying,
and safeguarding against these risks. Hence, we propose best prac-
tices, including a set of guardrails for research experimentation,1 to
ensure that LLM-based evaluation remains reliable and meaningful
for IR research.

This paper is not intended as grounds for rejecting re-
search that uses LLM-based evaluation. Rather, our goal is to
support the community by offering a shared terminology and a set
of principles for navigating emerging risks. By making common
pitfalls explicit, we aim to foster transparency and shared expec-
tations among authors, reviewers, and organizers. Delaying this
conversation increases the risk of inconsistent evaluation practices
and unintended consequences as LLM judgments become more
widely adopted.

1.2 What is a Valid Experiment?
We take valid LLM evaluators to mean evaluators whose measure-
ments align with human intuition and quantify the utility for real
people. We follow the guidance from Spärck Jones and van Rijsber-
gen [76]:

“It is apparent in particular that it is most important
that the ideal collection(s) should be a means of relat-
ing valid abstract studies of information retrieval
and those of operational systems and user behaviour.”

In industry, the effectiveness of systems is typically validated
through A/B testing and manual assessments. In academia, eval-
uation helps to determine which approaches constitute research
advances and should be submitted to conferences and shared tasks.
In both industry and academia, it is essential to obtain quantitative
quality measures that credibly reflect relevance while mitigating

1Wehope our recommendations offer a balanced compromise that satisfies both authors
and reviewers.

Figure 1: LLM-evaluation tropes that can lead to invalid con-
clusions about evaluation, systems, and the efficacy of human
judges that oversee the process. Overarching patterns are cir-
cularity⟳, Goodhart’s law ♥, and loss of variety �.

Evaluation Tropes:
⟳ #1 Circularity: Leaking the evaluation signal into the

IR system.
⟳ #2 LLM Evaluator as a Ranker: Using the same

approach in the system and the evaluation.
♥ #3 LLM Narcissism: LLMs prefer text from their

own model.
� #4 Loss of Variety of Opinion: When all judges

think alike.
Meta-Evaluation Tropes:

♥ #5 Ignored Label Correlation: When human and
LLM judges disagree on relevance labels.

� #6 Old Systems: Evaluators need to identify the best
systems of the future.

#7 LLM Evolution: LLMs are not static; they can
improve or degrade over time.

System Tropes:
♥ #8 Test Set Leak: LLMs trained on test collections

create the illusion of quality.
⟳ #9 Self-Training Collapse: Concept drift from

training LLMs on LLM output.
♥ #10 Goodhart-style Overfitting: Strategically gaming

an automatic LLM-based metric.
♥ #11 Adversarial Threats: Bad actors want to

manipulate the systems and evaluation.
Judge Tropes:

� #12 Rubber-Stamp Effect: Lack of critical oversight
when humans blindly trust LLM labels.

#13 Black-box Labeling: When relevance is complex,
labels may be difficult to interpret.

⟳ #14 Predictable Secrets: When human data can be
guessed by an LLM.

unintentional biases, such as test data leakage, which may compro-
mise the validity of drawn conclusions.

In this paper, we discuss conditions under which the use of
LLM evaluators may (inadvertently) threaten the validity of the
experiment.

1.3 Why Does the Old Evaluation Paradigm No
Longer Apply?

The traditional IR evaluation paradigm – rooted in the Cranfield
framework [18] and widely used in TREC,2 CLEF,3 FIRE,4 and
NTCIR,5 – assumes that effective systems retrieve a similar set of
relevant documents. To approximate a comprehensive relevance
set, pooling methods select top-ranked documents from multiple

2https://trec.nist.gov/
3https://www.clef-initiative.eu/
4https://fire.irsi.org.in
5https://research.nii.ac.jp/ntcir/index-en.html
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systems for manual assessment [85]. While this remains founda-
tional, it departs from Cranfield’s original setup, which involved
judging all documents. The scale of modern web collections makes
such exhaustive assessment infeasible. More recently, generative
systems have begun to challenge core assumptions. Rather than
returning fixed documents, they produce paraphrased or alternative
responses, many of which may be equally valid but differ in surface
form. A minor change in wording can shift relevance, and manu-
ally judging all variations is not practical. Even in non-generative
settings, newer retrieval paradigms such as dense retrieval, neu-
ral re-ranking, and query reformulation often return unjudged
documents that fall outside traditional pools, reducing evaluation
completeness [64]. To address these challenges, the IR community
has developed approximation strategies and refined its method-
ologies [33, 50, 53, 54, 66, 68]. Our work extends this prior work
by contributing guidance for developing guardrails and validation
methods in the context of LLM-based evaluation.

1.4 Outline
We start by exploring different ways in which the use of LLMs
in evaluation can inadvertently negatively impact the validity of
the evaluation. Section 3 supports this with case studies from two
companies who identified and overcame validity issues in their
experimentation. We recap a study that demonstrates of how cir-
cularity can arise with data from a recent TREC task in Section 4
and suggest an annual effort to cooperatively build test collections
with recent systems, evaluators, and content modifiers in Section 5,
before concluding the paper.

2 LLM Evaluator Tropes and Guardrails
During system development, various forms of Goodhart’s Law
[37] and test data leakage may compromise evaluation integrity.
A critical hazard is circularity, a feedback loop in which evaluator
assumptions and system design decisions reinforce one another,
distorting evaluation outcomes. As a result, evaluation metrics may
no longer reflect human preferences under realistic conditions,
thereby invalidating the evaluation paradigm.

We present a taxonomy of recurring tropes observed in LLM-
based evaluations (see Figure 1 for an overview). These tropes can
negatively affect different stages of the evaluation process, and we
discuss several types that pose particular challenges to evaluation
validity:

(1) Eval: Tropes that lead to misleading or incorrect evaluation
measurements of systems.

(2) Meta-Eval: Tropes that give the false impression of high
evaluation quality or reliability of LLM evaluation approaches.

(3) System: Tropes that cause an IR system to perform poorly
or unreliably in real-world scenarios.

(4) Judge: Tropes that inadvertently undermine the effective-
ness of human judgment in the evaluation process.

Below, we examine these common trope patterns, highlighting
their pitfalls, and propose guardrails to mitigate their shortcomings.

2.1 Evaluation Tropes
We begin by describing a set of common evaluation tropes that can
undermine the validity of LLM-based evaluation systems. These

issues arise when the design or application of the evaluation pro-
cess produces misleading metrics, circular validation, or inflated
estimates of system performance.

Eval Trope #1: Circularity
– Leaking the evaluation signal into the IR system. –
Circularity arises when the very LLM judge embedded inside an
IR system (for instance as a late-stage re-ranker) is also used as
the official evaluator of that system. Because the optimization and
assessment objectives are identical, such evaluations can become
self-reinforcing rather than genuinely informative [2, 9, 16, 88].

Even when system developers and LLM evaluators work inde-
pendently, unintentional contamination can occur [29]. A system
may unknowingly integrate aspects of an LLM evaluator’s method-
ology, either through training data, algorithmic choices, or shared
heuristics. This accidental feedback loop can result in inflated per-
formance in LLM-based evaluations without corresponding gains
for real-world applications [9, 65, 67, 73].

Repeated circularity, in which systems are trained and evalu-
ated with signals from the same LLM, raises concerns about model
collapse, as captured by the Self-training Collapse trope [71].

Quantify effect. The impact of this trope can be assessed by
comparing against a manual evaluation paradigm and measuring
divergence in leaderboard rankings [10], particularly for systems
that may have been influenced by evaluation signal leakage. We
present one such study in Section 4.

Guardrail. At a minimum, multiple LLM evaluator paradigms
should be included to reduce the risk of accidental circular evalua-
tion. Incorporating fresh human judgments provides an indepen-
dent check against self-reinforcing feedback loops. However, care
must also be taken to avoid the Predictable Secret trope.

Eval Trope #2: LLM Evaluator as a Ranker
– Using the same approach in the system and the evaluation. –
This trope describes a specific form of circularity that arises when
the same LLM evaluator is used both within the ranking system
and as the evaluation metric. It affects any form of self-refinement
procedure [92]. In information retrieval, this occurs when the same
method is used to generate both the ranking scores and the evalua-
tion scores. The result is a superficial alignment that can produce
artificially high evaluation scores – even for systems that perform
poorly under human judgment [9, 16, 35].

A similar failure mode can be illustrated with BM25: if the top ten
documents retrieved by BM25 were assumed to define the ground-
truth relevance, then a BM25 ranker would trivially achieve perfect
P@10. Clearly, no one would accept such a circular and invalid
evaluation paradigm for measuring the relevance of IR systems.

We recognize that system developers will want to include notions
of LLM evaluation in their system [63]. In Section 4 we examine
this scenario in the context of the TREC RAG 2024 track, which
employed the Umbrela LLM evaluator. Figure 2 demonstrates that
reranking submitted runs using Umbrela improves performance
under manual assessment. This is a valid and actionable finding
that supports system-side use of LLM evaluators.
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However, evaluating such reranked systems using the same Um-
brela metric introduces circularity and leads to invalid evalua-
tion outcomes. In our analysis, this reuse of the evaluator causes
significant divergence from human assessments: human and LLM
evaluators disagree on the relative quality of 18% of system pairs–
more than twice as many as found on original systems. Moreover,
while twelve systems score above 0.95 in Umbrela-NDCG, their
manual NDCG scores range from only 0.68 to 0.72.

Quantify effect. This effect can be quantified by repeating the
analysis in Section 4, directly comparing system rankings under
LLM and human evaluation.

Guardrail. Avoid using an LLM evaluation procedure if the same
(or closely related) procedure may be embedded within the system
under evaluation.

Eval Trope #3: LLM Narcissism
– LLMs prefer text from their own model. –
Being languagemodels, LLM evaluators tend to assign higher scores
to text that aligns closely with their own generation patterns, as
they effectively equate textual quality with per-token likelihood.
This leads to a preference for outputs produced by the same model
family. For instance, GPT-4 may systematically favor responses
generated by GPT-4-based systems, even when human assessors
detect no meaningful quality difference [22, 48, 49, 58, 92]. This
results in distorted system rankings and compromises the validity
of the evaluation outcomes.

Models may be optimized to align with the LLM’s biases rather
than real-world relevance assessments, undermining the credibility
of the evaluation.

Quantify effect. The experimental protocol from Liu et al. [48]
can quantify this effect. It involves recording the LLM versions used
in both systems and evaluators, and analyzing how often evaluators
favor systems built with the same underlying model.

Guardrail. One mitigation strategy is to reserve a specific LLM
(or family of LLMs) exclusively for evaluation purposes, ensuring it
is not used in any system under test. However, due to overlapping
training corpora across models, this bias may still persist. A more
robust alternative is to involve multiple LLMs in the evaluation
and aggregate relevance judgments using majority voting, while
omitting the vote of any evaluator that shares lineage with the
system under consideration.

Eval Trope #4: Loss of Variety of Opinion
–When all judges think alike. –
LLM-based evaluations risk homogenizing judgment. Prior work
has shown that LLMs can exhibit gender and cultural biases, often
reinforcing dominant perspectives while penalizing creative, di-
verse, or unconventional—yet valid—outputs [4, 12, 57]. In contrast,
human assessors are better equipped to recognize nuance, novelty,
and contextual diversity, which LLMs frequently overlook [72].

More fundamentally, when LLMs define what is relevant across
the board, they implicitly set a ceiling for what systems can achieve.
This can penalize systems that offer innovative or non-standard
responses that fall outside the LLM’s implicit norms [4, 75].

Figure 2: Reranking with an LLM evaluator (Umbrela) im-
proves performance under human relevance labels. This plot
compares the original and reranked versions of all TREC
RAG 24 systems based on manual assessment.

Quantify effect. This trope’s impact can only be assessed through
independent evaluations involving human judges from diverse
socio-cultural backgrounds.

Guardrail. While human annotation workflows can be designed
to ensure a variety of perspectives, achieving this with LLMs is
far more difficult. Persona-based prompting strategies [81] have
been proposed as a mitigation, but emerging evidence highlights
their limitations [15, 28, 42, 43]. We recommend rigorous quantifi-
cation of this effect before relying on such methods in high-stakes
evaluation.

2.2 Meta-Evaluation Tropes
The quality of different LLM-judge approaches is often validated
through meta-evaluation – a paradigm that measures how well
LLM judgments reproduce either manually created relevance labels
or leaderboard rankings under an official evaluation metric [29, 98].
However, suchmeta-evaluations can foster a false sense of reliability
or progress, masking deeper issues in metrics, methodology, or
evaluator behavior [16, 99].

Meta-Eval Trope #5: Ignored Label Correlation
–When human and LLM judges disagree on relevance labels. –
Meta-evaluations of LLM-based judges often measure the corre-
lation between system rankings or per-query document rankings
derived from evaluationmetrics such as NDCG, using either manual
or LLM-based relevance labels [56, 84]. However, such high-level
agreement can obscure important differences at the level of indi-
vidual judgments.

For example, in the context of conversational systems, Mehri and
Eskenazi [52] demonstrate that even when system-level Spearman
correlation is perfect (i.e., 𝜌 = 1), agreement on individual relevance
labels can vary widely – from as low as 0.12 to 0.61 – depending
on the underlying metric. This highlights the risk of relying solely
on system-level comparisons.

To establish that LLM-generated judgments are reliable, agree-
ment should be assessed directly at the label level; that is, for each
query and document pair. This helps ensure that the evaluation
does not limit the measurable performance of newer systems. If
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the judgments fail to capture certain relevance signals, they may
prevent improved systems from being properly recognized as such.

Quantify effect. To assess the reliability of LLM-generated judg-
ments, measure their agreement with human relevance labels di-
rectly at the label level. Rahmani et al. [61] propose using Bland-
Altman plots [5] to quantify leniency and other biases in label
agreement.

Guardrail. Incorporating label-level agreement analysis along-
side system-level metrics ensures that inconsistencies or biases in
LLM evaluations are not overlooked, providing a more complete
view of evaluator reliability.

Meta-Eval Trope #6: Old Systems
– Evaluators need to identify the best systems of the future. –
The primary goal of evaluation is to identify the next generation
of state-of-the-art systems. Accordingly, meta-evaluations of LLM-
based judges aim to show that these evaluators can correctly iden-
tify the best-performing systems. However, this claim is often tested
on legacy systems, those that were state-of-the-art at the time the
test collection was created.

As new IR paradigms emerge, they are rarely reflected in existing
test collections. As a result, a meta-evaluation on a dataset can only
confirm whether the LLM evaluator recognizes high-performing
systems that era.

Yet such studies are frequently used to argue that LLM eval-
uators will also be effective for future systems. This assumption
remains untested for future systems, which are expected to differ
significantly. Such systems are likely to employ LLMs more exten-
sively, integrate higher-quality models, or adopt innovations that
differ significantly from past approaches. There is a real danger that
LLM evaluators – especially those themselves were evaluated on
outdated LLMs – may fail to recognize these future breakthroughs.

Quantify effect. A simple change in community practice is to
collect implementations of the recent IR systems and release an
expanded judgment pools (such as suggested in Section 5). By re-
peatingmeta-evaluations on these new systems using test collection
artifacts, one can assess whether the LLM evaluator still identifies
best performing systems.

Guardrail. Older TREC collections remain relevant, because of
available manual runs [86]. In addition, the community should
regularly re-run meta-evaluations with updated systems to detect
and mitigate the effects of this trope.

Meta-Eval Trope #7: LLM Evolution
– LLMs are not static; they can improve or degrade over time. –
Meta-evaluations of LLM-based judges often rely on a single prompt
or a single LLM family, despite the wide variety of models available.
Crucially, LLMs are not static – model behavior evolves over time
as new versions are released [14]. Future iterations of an LLM may
judge relevance differently than earlier ones, introducing inconsis-
tencies in longitudinal evaluations. This drift becomes especially
problematic when newer models are trained on data that includes
outputs from earlier versions, potentially leading to feedback loops
and self-training collapse [71].

These issues are compounded by the fact that LLM providers
may seamlessly retire older versions or update models without
notice.6 This makes it difficult – or even impossible – to reproduce
prior evaluation findings using the same version of the evaluator.

Quantify effect. To track the impact of model evolution, meta-
evaluations should be periodically repeated using updated LLM
versions. Key indicators of behavioral drift include changes in the
ranking of top systems, inconsistencies in relevance labels com-
pared to human judgments, and increased variability in the labeling
of previously unjudged documents [1, 6].

Guardrail. Because access to specific model versions cannot be
guaranteed over time, LLM-based evaluation methods must be
continually re-validated. In Section 5, we recommend that the com-
munity adopts a recurring meta-evaluation protocol to ensure the
ongoing reliability and relevance of LLM-based evaluators.

2.3 System Tropes
Next, we examine tropes that degrade IR system performance as
a result of reliance on artifacts such as LLM-generated relevance
labels. While synthetic data and automated evaluators can improve
scalability, their improper use can introduce systemic biases and
encourage overfitting to unreliable or unstable evaluation signals.

System Trope #8: Test Set Leak
– LLMs trained on test collections create the illusion of quality. –
Some LLMs are trained on publicly available test collections used
in IR evaluation [24]. This contaminates evaluation outcomes by
inflating the performance of systems that incorporate such LLMs,
creating the illusion of high accuracy that fails to generalize to
real-world scenarios [91, 97].

There are, however, legitimate reasons to train an LLM on rel-
evance labels, for example, when developing an LLM evaluator
specifically designed to support assessment. Prior work, such as
the AutoTAR evaluation framework [19, 20], demonstrates that
targeted training can yield valid and scalable evaluation systems.

Nevertheless, if such test collections are also used in meta-eva-
luation, training-induced memorization can create a misleading
appearance of alignment between LLM and human judgments,
which would undermine the credibility of the evaluation approach
[23, 90].

Quantify effect. After collecting fresh manual relevance labels
on new topics for the task, a drop in performance on fresh topics
would signal potential overfitting or memorization. The protocol of
Bordt et al. [13], developed in the context of table learning, provides
a useful template for quantifying this effect.

Guardrail. Avoid conducting IR research on test collections likely
to have been included in LLM training data, as this risks measuring
memorization rather than generalization. Regularly collect fresh
human relevance judgments on new topics to track performance
drift. A trusted entity, such as a leaderboard system [34], should
retain a secret subset of the test collection, to be exposed only via
metrics in order to safeguard against future test set leakage.

6https://openai.com/index/gpt-4-api-general-availability/

https://openai.com/index/gpt-4-api-general-availability/
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System Trope #9: Self-Training Collapse
– Concept drift from training LLMs on LLM output. –
The increasing use of LLM-generated content as training data for
other LLMs raises serious concerns about concept drift and long-
term quality degradation [93]. Rather than fostering diversity or
nuance, repeated training on synthetic outputs may entrench biases
and amplify systematic errors [27, 36, 44, 70].

In the context of IR, this phenomenon arises when LLM-based
evaluators are used to generate synthetic training data for IR sys-
tems. The problem compounds when the outputs of these synthet-
ically trained systems are then used to fine-tune the next gener-
ation of LLM evaluators, forming a recursive feedback loop. This
recursive co-training process can amplify subtle biases and lead
to concept drift – and, ultimately, model collapse [71]. This is a
concrete manifestation of unintended circularity during system
development, wherein models achieve high training or evaluation
scores but fail to generalize in real-world scenarios.

Quantify effect. This effect can be quantified [70] by tracking
evaluation performance on a fixed set of held-out, human-labeled
data across multiple rounds of recursive training. A consistent
decline in agreement with manual judgments would signal the
onset of model collapse.

Guardrail. One should adopt guardrails from Reinforcement
Learning from AI Feedback [27] and generative AI [70] to detect
when systems are degrading.

To avoid inadvertently exercising this trope, training data should
be released with proper documentation of how training data was
obtained, and to which extent LLMs were used in the generation.

System Trope #10: Goodhart-style Overfitting
– Strategically gaming an automatic LLM-based metric. –
Goodhart stated that when a metric becomes a target, it ceases to be
a reliable measure of success [37]. Goodhart-style overfitting arises
when developers iteratively probe or train against synthetic evalua-
tion signals produced by LLM evaluators [10]. Systems that imitate
the evaluation labels often record dramatic gains on the chosen
metric (e.g., NDCG or an Umbrela score), while stalling – or even
regressing – on user-centered outcomes such as click satisfaction,
dwell time, and spam resilience [78, 96]. Analogous reward-hacking
failures have been documented in RLHF explainability, where mod-
els are tuned to produce persuasive yet unfaithful rationales [31].
Not even ensembles of LLM judges are immune: clever systems can
overfit to shared blind spots across the LLM evaluator ensemble
[26].

Quantify effect. A practical diagnostic is to measure cross-judge
volatility: each run is scored with a diverse suite of judges consist-
ing of different models, prompts, and synthetic collections. Large
volatility, as in the protocol of Siska et al. [74], signals that a system
is overfitting to the evaluation benchmark rather than capturing
genuine relevance [10].

Guardrail. Robust evaluations should include a set of human-
labeled relevance judgments that remains hidden from system de-
velopers and is used periodically to test IR systems (along with
LLM evaluators). This setup helps detect cases where systems are

narrowly optimized for a specific LLM-derived signal while failing
to generalize across other critical evaluation dimensions [94, 95].

System Trope #11: Adversarial Threats
– Bad actors want to manipulate the systems and evaluation. –
Adversarial behavior is an increasing concern [11, 41] as LLMs
become central to both retrieval and evaluation pipelines. These
models are susceptible to manipulation, particularly via the LLM
Narcisissm Trope, which can be exploited for search engine opti-
mization (SEO) [55].

Recent studies demonstrate that LLMs can be guided to rewrite
content to improve evaluation scores [10, 87]. Such techniques can
distort rankings, spread misinformation, or amplify propaganda.
System developers, who target known evaluation setups, may op-
timize their outputs to align with known evaluator biases – effec-
tively training to pass the test [31, 62] while following their own
agenda. This risk increases when evaluation models and prompts
are publicly disclosed, enabling targeted reverse-engineering.

LLMs can also be deceived into labeling irrelevant documents as
relevant using simple adversarial attacks [3, 59, 69]. These vulnera-
bilities threaten the integrity of evaluation pipelines and call into
question the trustworthiness and reliability of LLM-based assess-
ments.

Quantify effect. This effect can be measured by analyzing perfor-
mance changes when outputs are explicitly optimized for a specific
LLM evaluator, prompt, or configuration [89]. Comparative stud-
ies help estimate to which extent evaluation scores are inflated by
evaluation-aware tuning.

Guardrail. We advocate developing adversarial test inputs, e.g.,
targeted content rewrites, to assess the resilience of evaluation
metrics under manipulation (cf. Section 5).

To reduce vulnerability, evaluation campaigns (e.g., TREC) should
avoid exposing evaluator identities and prompt designs during the
submission phase [10]. Blind evaluation setups, where system de-
velopers are unaware of the specific LLM and prompt, can reduce
gaming. Rotating or ensembling multiple evaluators and using dif-
ferent LLM families adds further robustness. Where feasible, human
judgments should remain part of the evaluation loop to validate
and audit automated assessments [95].

2.4 Judge Tropes
A common solution to many evaluation and system tropes is to
incorporate human judges into the evaluation process. Rather than
relying solely on pristine manual judgments, many current ap-
proaches involve a collaboration between human assessors and
LLMs to generate relevance labels. However, this hybrid setup in-
troduces new risks: subtle forms of bias or priming that can arise
during human verification. We refer to these as “judge tropes”.

While human involvement is often viewed as the gold standard,
misalignment between task design, instructions, or expectations
can inadvertently render human judgments ineffective – or even
misleading. These issues can compromise the integrity of relevance
assessments and, in severe cases, invalidate experimental findings.
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Biases may stem from overreliance on LLM outputs, cognitive fa-
tigue, or inadequate oversight, emphasizing the need for robust
guardrails and diverse, well-calibrated evaluation protocols.

Judge Trope #12: Rubber-Stamp Effect
– Lack of critical oversight when humans blindly trust LLM labels. –
Experimental studies show that when human assessors are shown
LLM-generated answers before making their own judgments, they
are significantly more likely to conform to the model’s assessment,
even when it is demonstrably incorrect [8, 32, 40, 77]. In psychology
this is known as Ash conformity experiments [7, 38]. Moreover, as
assessor fatigue and task repetition set in, human verification of
LLM-generated labels often turns into passive agreement, driven
more by trust than by critical scrutiny. This creates a feedback
loop: despite involving human judges, evaluations increasingly
mirror LLM outputs – evenwhen those outputs diverge from human
intuition or real-world utility.

Quantify effect. This effect can be measured by comparing out-
comes under fully manual relevance labels versus human-verified
LLM labels. Divergence in label quality or ranking decisions will
help quantify the degree of automation bias introduced.

Guardrail. To counteract this effect, we draw inspiration from
vigilance protocols in security contexts [17]. We propose incorpo-
rating vigilance tests in the annotation workflow, by rewarding
annotators for identifying errors in LLM outputs. Randomly flipped
or adversarial labels can be inserted to test whether annotators
are critically engaged. If assessors fail to flag introduced errors,
this signals a breakdown in oversight and provides a measurable
indicator of rubber-stamping behavior.

Judge Trope #13: Black-box Labeling
–When relevance is complex, labels may be difficult to interpret. –
Relevance labels are often used to represent complex judgments
in a simplified form. Whether assigned by humans or LLMs, it can
be difficult to determine why a particular passage received a given
label – especially when the decision is based on multiple, opaque
criteria. This challenge is exacerbatedwhen LLMs provide relevance
judgments without clear or trustworthy rationales, increasing the
risk of uncritical acceptance by human verifiers [39, 45].

Lack of transparency in LLM-generated relevance labels is a con-
cern [80, Section 8]. Although LLM evaluators can generate expla-
nations alongside labels, these rationales may themselves be flawed
and must be critically assessed [71] while avoiding the Rubber-
Stamp trope.

Quantify effect. Variability between independent manual rele-
vance labels and human-verified LLM labels can reveal the extent
of black-box behavior.

Guardrail. To mitigate this issue, complex labeling tasks should
be broken into smaller steps, each with explicit reasoning guide-
lines [30, 51]. Both LLMs and human judges should articulate their
reasoning at multiple stages, which makes decisions more inter-
pretable and auditable. Stepwise reasoning, inspired by chain-of-
thought prompting in GPT models, can increase transparency and
robustness in evaluation [25].

Judge Trope #14: Predictable Secrets
–When human data can be guessed by an LLM. –
Many evaluation paradigms incorporate secrets, information known
only to human judges andwithheld from the system, to prevent eval-
uation leakage. These include human-generated relevance labels,
grading rubrics [30], or nugget annotations [46]. Such mechanisms
are designed to guard against the negative effects of LLM-based
evaluation.

However, these guardrails become ineffective when an LLM can
reliably infer the secret. This introduces inadvertent circularity
and undermines the purpose of human oversight [23]. Predictable
secrets typically signal that test points are too simplistic or follow
an obvious pattern. Evaluation labels generated or structured by
LLMs may exhibit consistent patterns that make them predictable
and leakable. This allows systems to infer and exploit the evaluation
signal, even in good-faith settings [44, 75].

If an IR system can use an LLM to anticipate the secret and
incorporate it into its output, it may achieve inflated scores, despite
the apparent use of human judgment in the evaluation pipeline.

Quantify effect. The guessability of a secret can be measured by
having an LLM predict secrets directly or by computing its per-
token likelihood. Downstream effects can be evaluated by replacing
the manually created secret with the predicted secret and observing
its impact on system rankings.

Guardrails. When validity of the evaluation relies on secret infor-
mation known only to human judges, it is essential to ensure that
the secret is complex and varied enough to resist LLM inference. De-
signing tasks where secrets require true contextual understanding
or subjective reasoning can help maintain this barrier.

3 Case Studies
To demonstrate that our listed LLM evaluation tropes are in fact
real issues, we explore two case studies of LLM evaluation methods
used in industry and which guardrails were implemented to combat
the risks.

3.1 Canva
In this case study (detailed in Cotterill [21]), the LLM evaluator is
used in a known-item or re-finding task. It is particularly valuable
in a private or enterprise search environment, in which queries
and documents are not readily available, let alone viewable by
system developers due to privacy restrictions. Rather than providing
relevance labels over a corpus of items, instead the LLM is used
to synthesize a known-item according to some desired properties.
Any number of additional items are also generated, both ones that
are “distant” from the target item and ones that are “near” to the
target item. It generates one or more queries that represent a user
trying to re-find the target item. The characteristics of items and
queries are derived from anonymized aggregated statistics over
the real user data, thereby grounding the LLM evaluator, avoiding
circularity. In this way, we generated a conventional test collection,
but with the properties that the relevance judgments are known at
inception, rather than requiring subsequent human annotation.

The goals of this setup are three-fold:
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• Eliminate privacy challenges allowing conventional eyes-on
analysis and debugging of search systems.

• Directly construct retrieval and ranking challenges that match
specific areas for product improvement e.g., spell correction.

• Ensure repeatability of evaluation, through archiving of gen-
erated test collections. Changes to the search system are ef-
ficiently and deterministically evaluated offline, accelerating
rejection of bad improvements before testing with people.

Although this offline evaluation was then succeeded by online
interleaving and A/B experiments, we demonstrated that, provided
the improvements we observe in the entirely synthetic LLM eval-
uation framework are directionally aligned to these later-stage
human-centered evaluations, we have no need to also involve hu-
mans in the first stage. Both the known-item task (exactly one right
answer) and involvement of humans at later-stage evaluations de-
risk LLM Narcissism and Circularity; we had no LLM involved in
the search system either.

3.2 Valence
This case study examines AI-assisted enterprise coaching, where
sessions address complex workplace challenges. The system inte-
grates multiple large commercial LLMs with specialized dialogue
components for domain expertise, personalized memory, and user
work profiles.

An LLM-based evaluator assesses dialogue quality at both con-
versational and turn levels, incorporating Client Satisfaction (CSAT)
scores and proprietary coaching effectiveness measures. The evalu-
ation methodology follows a rubric-based framework, similar to Lin
et al. [47] but manually adapted to coaching tasks by subject matter
experts. The evaluation framework serves key purposes including:

• Privacy-Preserving Evaluation: Assesses dialogue quality with-
out exposing sensitive conversations to human reviewers.

• LLM-Based User Simulation: Tests alternative prompts, sys-
tem configurations, and model components through synthetic
interactions.

• LLM as an Autonomous Judge: Enables offline optimization of
coaching effectiveness across key conversational dimensions.

A key challenge is LLM Narcissism, leading to inflated effectiveness
estimates compared to human assessments. To mitigate this, we
use separate LLMs for generation and scoring, calibrated against
human-labeled datasets.

As our system evolves, enhancing LLM-based evaluation is crit-
ical for scalability, privacy, and expert-level assessment quality.
Two emerging challenges stand out: 1) LLM as a Reward Model
for RL Optimization, while promising, risks reward hacking, where
the model optimizes for evaluation heuristics rather than genuine
coaching effectiveness. 2) There is a shift to real-time evaluation
where evaluation moves from offline to online assessment at the
turn-level to enable active interventionwhen dialogue quality drops,
but could further amplify Circularity biases potentially creating
negative feedback loops such as Self-training Collapse and Overfit-
ting.

4 Quantifying Circularity
We summarize findings from Clarke and Dietz [16], which quantify
circularity due to the LLM Evaluator as a Ranker trope, and how it
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Figure 3: Agreement between the Umbrela LLM evaluator and
manual judgments on the top 60 original TREC RAG 2024
systems. A high Kendall’s tau (0.84) confirms the positive
findings for Umbrela when applied to systems that do not
incorporate LLM-based ranking strategies. Red dots indicate
systems known to include such strategies [16].
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Figure 4: Evaluation of systems re-ranked with Umbrela,
showing divergence between manual and LLM-based NDCG
scores. Kendall’s tau drops to 0.63, revealing circularity ef-
fects when the same LLM is used for both ranking and evalu-
ation.

affects the evaluation of retrieval systems using data from the TREC
Retrieval-augmented Generation Track (TREC RAG 2024) [83]. The
study examines 60 top-performing systems and evaluates how the
Umbrela LLM-based evaluator interacts with systems that either
do or do not incorporate LLM-based re-ranking.

Figure 3 shows that Umbrela’s system rankings closely match
human judgments (Kendall’s tau = 0.84) when it is used only as an
evaluator on systems without LLM-based components, corroborat-
ing findings by Umbrela developers [83].

However, circularity becomes a concern when Umbrela is used
in two roles: first to re-rank retrieval results, and then to evaluate
them. As shown in Figure 4, agreement with manual judgments
deteriorates substantially: Kendall’s tau drops to 0.63 for the top 60
systems, and to 0.44 for the top 20. These results correspond to a
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sharp increase in discordant system pairs and signal a breakdown
in evaluation validity.

The study observes that NDCG scores produced by Umbrela-
based evaluation are often inflated, which can mislead researchers
into thinking that systems perform better than indicated by human
judgments.

By using the study’s experimental setup, we can quantify the
effects of circular evaluation that arise when the same LLM is used
for both system optimization and performance measurement.

5 Suggested Experimentation Infrastructure
Comparing LLM-based and traditional evaluation metrics on the
same set of recent IR systems is essential to quantify effects of LLM
evaluators and to reliably identify the best LLM Judge paradigm.

A range of tropes – Old System, LLM Evolution, Test Set Leak, Self-
Training Collapse, and Adversarial Threats – can be systematically
studied through continuous experimentation. We propose a TREC-
style “Coopetition”,7 built around a shared task with predefined
topics. Participants submit in three categories:
1. IR Systems that attempt to solve the task using retrieval-based,
generative, or mixed-modality approaches.
2. LLM Evaluators that assess system outputs, either by ranking
systems by quality or generating relevance judgments.
3. Content Modification Strategies to deliberately alter docu-
ments with the goal of testing system and evaluator robustness,
and also help quantify the effects of Adversarial Threats.

The outcome is a test collection with human-verified relevance
labels and one or more strong LLM-based evaluators. A public
leaderboard system could track evaluation results over time, ensur-
ing stability against the LLM Evolution trope.

Modified content introduces adversarial challenges that stress-
test both retrieval systems and evaluators. This helps identify vul-
nerabilities and develop more robust methods, contributing to the
study of Adversarial Threats.

Beyond identifying top systems, the Coopetition supports long-
term benchmarking. A portion of labels could remain hidden for
blind validation,mitigating Test Set Leak and indicating Self-Training
Collapse.

Collecting implementations. Some evaluation platforms, such as
TIRA [34], support the collection of system implementations to
facilitate reproducibility.

A shared repository of systems, evaluators, and contentmodifiers
enables ongoing meta-evaluation, supports the detection of failures
due to LLM Evolution, and provides a reusable experimental test bed.
The ability to add systems over time helps preventOld System effects
in future meta-evaluations. Simulations allow researchers to study
circularity effects arising from the LLM Evaluator as a Ranker trope.
Ensembles of LLM evaluators may help mitigate LLM Narcissism.
Continuous submissions also make it possible to introduce fresh
judgments to combat Test Set Leak, while keeping labels hidden to
support reproducible research. Finally, this setup ensures that the
best-performing LLM evaluators remain accessible to the broader
research community.
7Coopetition refers to cooperative competition, where research groups collaboratively
compete to identify the most effective LLM-based evaluator, grounded in manual
assessments.

Continuous efforts. We envision the Coopetition as an annual
effort with evolving tasks, topics, adversarial content, and manual
judgments. If a better LLM evaluator emerges, it replaces the cur-
rent one, updating the test collection. This provides a test bed for
studying best practices, failure modes, and evaluation guardrails.

Between iterations, researchers are encouraged to use the cur-
rent best LLM evaluator for experiments, development, and publi-
cations.

6 Conclusions
With this paper we aim to codify the best practices for ensuring that
LLM-based evaluation remains a valid experimentation approach
for IR research. Maintaining scientific rigor requires identifying and
recognizing the risks associated with synthetic training data and
LLM-based ranking, while ensuring they are cross-validated with
human-verified benchmarks. Automatic evaluation methodologies
must be adopted cautiously, treating them as validation tools rather
than definitive measures of system performance.

To address these challenges, we propose a new form of TREC-
style Coopetition which annually identifies the best LLM evaluation
approaches measuring state-of-the-art IR systems on fresh test col-
lections. This would ensure we are using (1) the best LLM evaluators,
and (2) continuously confirm the evaluation validity with manual
judgments.

Can I use LLM-based judgments in my next conference paper?
LLM-based judgments can be used for system evaluation, but only
under conditions that safeguard the validity and integrity of the
evaluation:

• The LLM-based metrics should have been recently validated
against human or user judgments, and used in combination
with diverse, complementary metrics to reduce the risk of
overfitting or bias.

• The evaluation setup must ensure that LLM-based judgments
are not influencing system development in a way that intro-
duces circularity or test signal leakage; such risks should be
demonstrably mitigated.

• Known failure modes and evaluation tropes associated with
the LLM evaluator should be acknowledged, quantified, and
addressed through appropriate guardrails.

Following this framework helps ensure that LLM-based evalu-
ations remain trustworthy, reproducible, and scientifically sound.
This reduces the risk of producing IR systems that offer limited
value to human users.
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