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Abstract

The same LLM judge is now commonly used both as a system com-
ponent in RAG pipelines and as an evaluator on leaderboards. As
judge-style system components proliferate, systems drift toward
outputs the LLM judge recognizes, and meta-evaluation of LLM
judges against a fixed human reference stops being meaningful.
Trustworthy LLM-as-Judge evaluation therefore requires contin-
uous human involvement in each evaluation cycle, anchored by
manual evaluation artifacts. These artifacts allow re-verification of
the current population of systems and LLM judges.
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1 Introduction

A retrieval metric is meaningful only insofar as it tracks human
judgment on the systems being scored. Pooled human relevance
judgments satisfy this requirement by construction. LLM judges
are now increasingly used as substitutes, and reported agreement
with human assessors is strong enough that some work argues they
can replace humans entirely [27]. This paper argues that claims
that "LLM can replace humans" overlook a distinction between two
roles an LLM judge can play in an IR pipeline.

1. LLM-Judge for Evaluation: It is used to predict quality
scores for each system response to obtain a leaderboard of
systems.

2. LLM-Judge as a System Component (RAGE): The same
idea is used as a reranker, a relevance feature, a training-
data filter, a source of self-labeled training data, or when
training with user simulation.

Claims about evaluator reliability rest on meta-evaluation: the
agreement between the LLM judge and human assessors on a val-
idation population Sy, together with the assumption that this
agreement transfers to the judge’s deployment population Sgep. Our
central claim is that widespread adoption of LLM-judge components
undermines that transfer.

2 When LLM-as-Judge Works

Recent work on LLM judges identifies operational conditions under
which evaluator use produces reliable numbers [4, 8-10]. Four
matter here.

(1) Independence between the LLM judge and the system being
scored. When the evaluated system shares model family, prompts,
or training signals with the judge, the score reflects shared signal
rather than relevance. Independence is the precondition for non-
circular meta-evaluation [14].

(2) Decomposition over holistic judgment. Rubric-based methods
such as EXAM and Criteria-Based judgments decompose relevance

into externally inspectable sub-questions, each answered by the
LLM judge as a constrained verification rather than a global score [3,
5,20]. The rubric is human-inspectable, the judge’s task is narrower,
and failure modes are more localized.

(3) Evaluation artifacts that an LLM cannot guess. When the
gold answer or relevance signal can be inferred by the LLM judge
from the query alone, the evaluation reduces to checking that two
LLM approaches agree, even when these are referred to as system
and evaluator. The safeguard is human evaluation artifacts that an
evaluation is based on, such as nugget banks. It is important that an
LLM cannot regenerate these artifacts [1, 7, 23]. We acknowledge
that it is increasingly difficult for humans to provide evaluation
artifacts that “outsmart” the LLM.

(4) Continuous human-anchored audit. Reported correlations ex-
pire as system populations shift. A safeguard is to continuously
supply fresh systems and human evaluation artifacts in each cycle,
rather than a one-time validation that may leak into LLM training
data [12, 25].

Conditions 2-4 are evaluator-side design choices. Condition 1,
by contrast, depends on the system population the LLM judge is
asked to evaluate. The remainder of this paper argues that field-
wide adoption of LLM-judge components will erode condition 1 on
the set of systems Sy, that will be evaluated, but are not available
during meta-evaluation.

3 Why RAGE Adoption Limits Evaluator Use
3.1 Issue: Judging the Judges on Old Systems

LLM judges as evaluators are validated positively whenever an LLM
judge produces the same leaderboard or relevance judgments as
humans. The human judgments are collected on a judgment pool
generated by a limited set of systems Sy,], such as those submitted
to an open challenge.

The general assumption is that a positive meta-evaluation sug-
gests that an LLM judge will also be effective on innovative future
systems Sgep. Hence positive meta-evaluations of the LLM-judge
paradigm (e.g. UMBRELA) lead to widespread adoption for cheap
and fast evaluation. But we need human evaluation to verify this
assumption.

3.2 Adoption of LLM-Judge in Systems

Several studies demonstrate the usefulness of an LLM judge as a
system component against human assessment. These are genuine
improvements measured with human assessments—not an artifact
of circularity in evaluation.

For example, reranking TREC RAG 2024 submissions with UM-
BRELA improves NDCG@10 under manual judgment [4] for several
IR systems. Farzi and Dietz [11] show the same for a multi-criterion
judge. RankVicuna [18] and RankZephyr [19] use the same strategy
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as an LLM judge in order to rank a pool of documents. In fact, this
is also referred to as “LLM-judge as a Ranker” [8].

For retrieval-augmented generation systems, CRUCIBLE incorpo-
rates ideas from Nugget-based LLM judges to drive extraction and
generation [6].

Using LLM-as-a-Judge as a component in IR systems is successful,
because optimizing with LLM-judge-signals often improves outputs
that humans also prefer.

3.3 The Co-Adaptation Spiral

Evaluator use becomes unreliable when the LLM judge evaluates
a system that uses LLM judge ideas as components. This effect
is also referred to as circularity and has been documented empiri-
cally [7, 16, 17, 21]. The resulting evaluation score partly reflects the
system’s access to the judge’s truth signal rather than underlying
relevance as judged by humans.

To offer a tongue-in-cheek analogy: if we were to use the top 20
of a BM25 ranking to define relevant documents, then obviously
BM25 would obtain a perfect evaluation score. But this does not
imply that BM25 is the perfect ranking system.

3.4 The LLM Knowledge Ceiling

The LLM judge can only distinguish systems along dimensions its
own parametric knowledge recognizes as relevant [26]. This could
lead to the systematic leniency of LLM judges, which compresses
observable differences [28].

As IR systems improve at producing outputs that satisfy what the
judge would check, the LLM judge’s ability to detect differences be-
tween the best systems is diminished—not because the systems are
equally good, but because the judge has reached its discriminative
ceiling. This limit is independent of architectural overlap.

This claim can be tested by studying the ability of an LLM judge
to differentiate among better and best systems when these are
improved with LLM-as-a-Judge components.

3.5 Safeguards and Human Judgment

Adoption of LLM-judge ideas in systems changes the system pool
Sdep out of the regime where the LLM judge remains a valid evalua-
tor [8]. This shift is hard to mitigate without also giving up what
makes RAGE-style components useful.

Subversion probes [7] may help to detect such issues. Spiliopoulou
et al. [24] provide a statistical framework for isolating self- and
family-bias on a given judge-system pair.
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While many safeguards are discussed, such as ensembles, hid-
den labels, and prompt variation, all of these interventions can be
incorporated in the system as well—rendering them ineffective.

Human judgment differs in a structural way: it cannot be em-
bedded as a reusable system component in the same way.

Human judgment is different: it cannot be embedded as a reusable
system component. TREC Auto-Judge and TIRA provide useful in-
frastructure for controlled meta-evaluation, but not for one-time
certification.

LLM judges remain useful as system components when their
effect is validated by humans.

3.6 Constructive Outlook

A credible evaluation pipeline re-applies the conditions in every
cycle: renewed meta-evaluation of the LLM judge against fresh
human judgments on current submissions, and probes targeting
the next likely adoption patterns. TREC Auto-Judge supports this
recurring process; meta-evaluation frameworks [13, 15, 22] and
human-in-the-loop tooling [2] provide complementary infrastruc-
ture. Leaderboard scores from the judge are valid only for the certi-
fication context that produced them: a particular cycle, a particular
human reference set, and a particular class of systems for which
condition 1 was verified to hold. Outside that context, they are
extrapolations.

This is the practical limit of LLM-as-Judge evaluation. The judge
reduces evaluation cost when applied within a current, condition-
verified certification context. Without that context, a leaderboard
built on the judge measures systems’ access to the judge’s signal
more than progress on the IR task.

4 Conclusion

We discussed why LLM-as-Judge produces trustworthy numbers
only when its operating conditions are re-established in every eval-
uation cycle. The same widespread adoption that makes LLM judges
effective as components in IR systems is what makes them unreli-
able as evaluators against a fixed reference. The constructive path
is not to reject LLM-as-Judge, but to anchor every leaderboard cycle
to fresh human judgment on current submissions.
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