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Abstract
Information retrieval has long relied on evaluations that measure
system performance. Improvements on standard evaluation pro-
tocols are interpreted as progress in system effectiveness, on the
understanding that improved metrics indicate a better experience.
However, most evaluations are a drastic abstraction and simplifica-
tion of that experience. It is reasonable to inquire after the validity
of our evaluations, or the degree to which they do in fact represent
phenomena we care about. If a metric improves, can we be sure there
is a corresponding improvement in real-world effectiveness?

We discuss practical ways to discuss, measure, and improve the
validity of evaluations in a range of settings. By considering validity,
we can make better choices in evaluation protocols; we have a
chance to make progress if and when evaluating and retrieving
collapse into each other entirely, e.g., with LLM-as-judge; and we
can optimise towards systems that people actually want.

CCS Concepts
• Information systems → Evaluation of retrieval results; •
General and reference → Evaluation; Metrics; Experimentation;
• Human-centered computing→ Natural language interfaces.
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1 Introduction
Evaluation has long been central to Information Retrieval (IR),
and researchers and practitioners have developed a broad set of
evaluation techniques [16, 27, 47, 54, 89, 125]. Each purports to tell

This work is licensed under a Creative Commons Attribution 4.0 International License.
SIGIR ’26, Melbourne, VIC, Australia
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2599-9/2026/07
https://doi.org/10.1145/3805712.3808538

us something about how well a system achieves its designers’ aims:
improvements on an evaluation should lead to a better IR system.

Nevertheless, history charts many examples where careful evalu-
ations led researchers to incorrect conclusions. For example, in early
iterations of the TRECWeb Track, several teams experimented with
hyperlink data but concluded it was at best not helpful and more
likely made things worse [49]. Hyperlink data is in fact extremely
helpful in web search, but the tasks and relevance criteria used in
TREC at the time were not representative of web usage. Similarly,
a poor proxy measure led Netflix to optimise their recommender
incorrectly [46, 101]. In the other direction, search systems clearly
improved in the twenty years to 2009 despite claims that some
metrics were not improving overall [6]. The problems were with
validity, the extent to which an evaluation really reflects what we
care about.

The emergence of retrieval-augmented generation (RAG) and
question answering (QA) systems further expand what is being
evaluated. No longer are documents merely retrieved; systems co-
ordinate searches, synthesise information, and present answers. We
might consider properties such as grounding, coherence, or accu-
racy. Outputs of RAG and QA systems are increasingly assessed
by machines (e.g., LLM-as-a-judge [125]). Further, in the case of a
multi-stage process, we might care about some intermediate quality
even if that’s not directly visible to the searcher. Such properties
might include query generation, retrieval quality, synthesis accu-
racy, and presentation effectiveness.

We define an “evaluation” as being an assessment of some qual-
ity of an information access system. In general, evaluations can
take many forms: predictions of relevance, utility, accuracy, hallu-
cination, coherence, or anything else; an aggregation or a single
thing; pointwise or pairwise or listwise assessments; with data
taken from first-, second-, or third-party assessors and from a range
of instrumentation [105]. Researchers and system designers build
and use evaluations to understand a target quality, assuming that
an improved evaluation (apparent effectiveness) predicts some real
improvement in experience (actual effectiveness). The assumption
holds as long as the evaluation protocol is valid.

Figure 1 illustrates this idea.We care about the actual effectiveness
of a system, the degree to which it agrees with a specified target.
An evaluation protocol gives us apparent effectiveness, a proxy for
actual effectiveness. The validity of this evaluation is the degree
to which it agrees with the target: the more valid, the closer our
apparent effectiveness is to actual effectiveness and the better the
proxy. Of course, we can choose multiple evaluations, and each
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Figure 1: The relationship between system effectiveness (actual and apparent) and validity. Apparent effectiveness is a proxy
for actual effectiveness. A valid evaluation means a better proxy.

will furnish some score (some apparent effectiveness) and will have
some predictive power (some degree of validity), although the actual
effectiveness will be the same in each case.

How large is each gap? The left-hand gap can be measured:
apparent effectiveness tells us exactly how closely a system agrees
with some evaluation. The right-hand gap is harder. Even in the
case of simple measures of document relevance or ranking, we
know it can be substantial (Section 9). In the case of more abstract
targets such as utility or knowledge gain, and even more markedly
in the case of targets for newer technologies such as RAG, we do
not have a good idea what the targets even are (Section 5).

Substantial effort has been devoted to creating new evaluations
and especially to improving apparent effectiveness—closing the
left-hand gap in Figure 1. There has been relatively little effort in
improving validity and closing the right-hand gap, but we argue that
validity’s importance is only growing: it helps us choose evaluations,
helps us make progress as metrics saturate, clarifies the role of
new evaluation techniques, and ensures we are optimising towards
what’s actually important.

We present a systematic framework for assessing whether evalu-
ations actually measure what they aim to measure. The framework
is organised around six core principles that any validity assessment
should address, supported by design guidelines and rubrics that
can be applied in any order.

Perspective. This paper is informed by our experiences evaluat-
ing tools ranging from rankers to conversational agents, in large
industrial and academic settings including in initiatives such as
TREC, in smaller experiments, and with a wide variety of evaluation
styles. We will emphasise the right-hand side of Figure 1, which is
to say the validity of our evaluations: how should we talk about va-
lidity, how can we determine that an evaluation or protocol is valid,
and how can we improve validity over time? We start, however, by
looking where many IR papers focus: the gap on the left-hand side.

2 The Gap Between System and Evaluation
Retrieval and evaluation are the same thing at heart: in both cases
we ask “how good is this result in this situation?”, albeit in different
contexts. That is, the system that we are measuring and the process
performing the measurement are trying to predict the same thing.

Soboroff [99] correctly observes that predictions from the evalu-
ation need to be somehow better than those from the system—more
valid, closer to the phenomena we really care about (utility or task
completion, for example)—or measurement collapses. This differ-
ence between the quality of the system and of the evaluation process
is critically important. In Figure 1, we want the evaluation to be
closer to the target than the system is: i.e., we want the evaluation
to be a better predictor of searcher experience than the system is.

Historically we have maintained this difference, even as retrieval
has improved, by giving the evaluation much more resources. For
example, we insist that retrieval runs in interactive time (< 1s)
while evaluation can take days; retrieval uses only keywords while
evaluation has task descriptions; and most importantly retrieval
has used machines and evaluation has used people. Those extra
resources are reasonably assumed to lead to evaluationsmuch closer
to the searcher’s experience. The task for system designers is to
bring the system closer to the evaluation, even with this imbalance:
that is, to produce better scores and to close the left-hand gap.

2.1 Shrinking the Left-Hand Gap
Many papers in IR assume the evaluation is correct, then operate
on the left side of the figure to increase apparent effectiveness (e.g.,
metric scores). The standard practice is to choose some baseline,
and an evaluation protocol, then introduce a new approach that
outperforms the baseline; typically, we want to see statistically
significant improvements over the baseline, on multiple data sets.
Rarely, we report improvements on several unrelated evaluations.
This approach has led to unequivocal improvement in IR systems,
and is encouraged by leaderboards and publication bias.

There are problems with this approach: notably, selection bias
means that published papers are often using weak baselines or are
just lucky [6]. Nevertheless, we are slow to adopt new baselines and
only big steps forward such as BM25 [87], or neural methods [69],
have changed what is commonly used.

2.2 Saturating Scores
As systems continue to improve, the gap between systems and
evaluation may well be smaller than before: scores will increase,
and start to saturate. This could lead to trouble measuring. For the
time being, we do not see this in practice since practical systems
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are still limited compared to evaluation (in commercial systems,
evaluation still takes hours or days while retrieval is measured
in milliseconds), and arguments from efficiency suggest complete
collapse is some way off, but some risks are apparent.

One particular risk is that as Large Language Model (LLM)-based
assessment gets more efficient, it becomes more and more tempting
to incorporate it holus bolus in running systems: that is, to use the
same LLM-based machinery to produce a result and to evaluate
it. A pre-LLM parallel would be to ask the assessor for a query to
also come up with a ranking, then evaluate the ranking using that
assessor’s labels, and conclude that the assessor’s own ranking was
better than the baseline.

This makes it possible to “cheat” the evaluation. Even allowing
for variance in LLMoutput this will reduce the left-hand gap, andwe
can drive it close to zero as we build arbitrarily expensive systems.
This puts us at the limit of what we can evaluate, perhaps even
stalling improvements while we develop a newway to evaluate [99].

This is not just a theoretical concern. Knowing that the LLM-
based UMBRELA tool [109] was being used in the TREC 2024 RAG
Track, Clarke and Dietz [24] submitted a system which re-ranked
results according to UMBRELA’s output. Unsurprisingly, since the
“retrieval” system and evaluation used the same process, the system
agreed with the evaluation and rated well. With less noise in the
LLM, and more information about the evaluation protocol, it should
be possible to achieve a perfect score. This has led several authors
to urge caution in LLM-based assessment [24, 36, 99].

We observe two possible solutions, and one false “solution”.

No LLMs. A false “solution” to the saturation problem is to out-
law LLM-based evaluation, only using human-based (or non-LLM-
based) evaluation to measure apparent effectiveness. This is a false
solution for two reasons: first, while addressing the problem with
LLMs it does not tell us where we should draw the line (is a system
with an expert human in the loop also out of bounds? If we have a
medical professional providing assessments, and a similarly quali-
fied medical professional helping sort documents, is this allowed?
Are past TREC interactive runs useful?). More importantly, it is
a non-solution because we are not interrogating the evaluation
itself. Any evaluation, no matter how it is built, can be imperfect; as
experimenters, we should investigate the role of LLMs, or any other
new process, in the hope of richer and more powerful evaluations
that can close the right-hand gap.

Cost and practicality. Another response is to consider the cost
of the IR system, and how difficult it is to deploy. The IR field is
known for building practical systems that influence, or are directly
adopted by, full-scale production search services; for example, we
often want to make ranking as cheap as possible so we can scale to
millions or billions of documents. If arbitrarily increasing apparent
effectiveness—increasing scores on standard metrics—needs an ar-
bitrarily expensive system, it may not be viable. We may instead
accept research that closes the left-hand gap as far as possible, but
works within practical bounds. This may rule out adopting evalu-
ation protocols inside systems, particularly as these protocols get
more sophisticated.

Acceptance. A final response is to accept that systems will con-
tinue to improve on whatever metric we use, and may eventually

saturate the metric—even closing the gap completely in some cases,
making the system identical to the evaluation. As a thought ex-
periment we can consider what it means if the system perfectly
agrees with the evaluation, but the evaluation also perfectly agrees
with our target. In this case, we have “solved IR”: we have built a
machine that completely agrees with our goal!

Alternatively, if the metric is saturated but does not agree with
the target—that is, we score 100% but our goal is not perfectly
satisfied—we can still improve the evaluation process to better
agree with the target. Changing the evaluation will both open up
the left-hand gap (i.e., scores will no longer be saturated), and
eventually improve the system overall as we optimise towards a
new and better metric. Once apparent effectiveness is starting to
saturate, we can improve actual effectiveness by improving validity.
In fact, this may be the only tool we have.

No matter how good our systems appear, evaluation problems are
unlikely to go away soon: it is fairly easy to find questionable
assessments, from humans, LLMs, or elsewhere, meaning there are
still plenty of improvements we can make to our protocols. More
importantly, it is still not always clear what we should be measuring
in the first place.

3 The Gap Between Evaluation and Target
An evaluation, in Figure 1, is a proxy for a searcher or other expert—
ideally, it will judge the system as a searcher would. Unfortunately,
the intents and the judgements of searchers are rarely observable.
Usually we need to look at signals such as prompts or queries to
guess at the searcher’s true intent; similarly, we need to look at
interactions such as clicks or abandonment to guess at judgements.
We can ask the searcher to more clearly articulate their thoughts,
but this compromises usability, and in some cases the searcher may
not be fully aware or able to articulate their true intent. We could
instead ask other humans or LLMs to try to guess at the searcher’s
thoughts, but they may draw incorrect conclusions. This can lead
to a systemic gap between the searcher’s intent and the system we
use to evaluate whether it was met.

This gap is acknowledged in the literature on IR metrics, al-
though not often discussed. One positive example is Zobel [126],
who introduces karpos as “the degree of success in achieving a qual-
itative aim”, or in our context how well a system does whatever it is
we want it to do. He also identifies a lacuna between what proxies
indicate, and karpos; this lacuna is a close parallel to what we iden-
tify as the right-hand gap between what an evaluation tells us is
good, and what we would say. Zobel goes on to claim this gap can-
not be closed. This is of course a reasonable hypothesis, but leaves
open important questions of how small a gap is “small enough” and
what we can do to measure it. We take up these challenges here.

3.1 Third-Party Judges and “Gold”
Evaluations abstract and stand in for searchers when we test IR sys-
tems, meaning any errors or bias will lead to unreliable conclusions.
In particular, if the evaluation deviates from what a user values—i.e.,
the evaluation is invalid—then a system users think is better might
be evaluated poorly compared to a system users think is worse.
Speaking in particular of TREC-style efforts, Soboroff [99] notes
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that the “relevance judgments barrier is a fundamental limitation
of evaluations that measure systems against ground truth”.

We therefore need evaluations—whether based on TREC-style
judgements, or on telemetry, or anything else—to represent the true
quality of a result, to a properly qualified person in a real situation
at a real time: we want them to be perfectly valid. Borrowing from
Bailey et al. [10], we will define a “gold” assessor as someone with
topical expertise and who had the information need: that is, a real
user of the system (or a potential user, or an expert in the thing we
are trying to measure) with a real need. Their assessments (which
we will also call “gold”) are as good as we can get, and are the
standard against which we should measure.

In practice, there have been two ways to collect gold assessments.
One is the TREC model, where assessors are contracted first for
topic development, then label system outputs some time later [112]:
this ensures the people providing assessments know exactly what
was meant by each query, and are in the best position to judge
systems. A more common model is to collect feedback from users of
a running system: Kim et al. [59] and Thomas et al. [105] describe
several feedback mechanisms for web search, for example, but we
can also use surveys or apply other instruments in the lab.

Collecting gold assessments can be expensive. Soboroff [99] de-
scribes using six contractors for 2–4 weeks for a TREC track, which
typically only has a few tens of judged queries. To evaluate over
many documents, or information needs, or to make fine distinctions,
we need large-scale data; and as always, we want to get as close
as possible to gold assessments. The most common response is to
use third-party assessors, i.e., assessors who do not have genuine
information needs or sometimes even topical expertise [44, 64].
Bailey et al. call these “silver” and “bronze” assessors, respectively.

3.2 LLMs are Third-party Judges
We therefore have two choices: we can use a small amount of first-
party “gold” assessments, and operate with real restrictions on
scale; or we can use third-party “silver” or “bronze” assessments,
and scale to much larger collections or much more diverse tasks
but at some cost to validity. Demands for scale have generally led
to the second option, including in influential cases such as many
TREC collections.

If we choose not to rely exclusively on gold quality, we can
use any process we like to generate assessments: crowd workers,
researchers themselves, and graduate students have all been used
and there is a good body of research on instructing and working
with crowd assessors in particular [34, 65]. Increasingly, assessment
is being donewith LLMs, and especially by LLMs constructing labels
for query-document pairs (“qrels” in TREC terminology) or RAG
responses (i.e., LLM-as-a-judge [125]).

There is evidence that LLMs can produce qrels which agree
with those produced by people, at vastly reduced cost and time.
They have been used at scale in commercial systems [107] and
have many people interested in practical possibilities [for example
26, 35, 45, 97]. LLMs are prone to documented biases and blind
spots [e.g. 3, 97, 102] and are sensitive to the particular wording of
a prompt [107, 122] and the order that examples are presented [122].
Further, it is not (yet) clear how good LLMs are at truly specialist
evaluation: in our experience they detect spam well, for example,

but they seem poor at evaluatingmedical text [103]. These or similar
charges, however, can be levelled at any third-party judge—certainly
crowd workers have biases and shortcuts [8, 57, 93, 96, 106]—so we
should be able to discuss validity without pre-judging any particular
implementation.1

3.3 Disagreement and Validity
Gold assessments give us the means to measure not just systems,
but evaluations themselves. By comparing our assessments to gold,
we can measure the error induced by the assessment protocol itself.

This is crucially different to merely showing that two sources
(dis)agree. A common argument against using LLMs, for example,
is that run-level evaluations based on LLMs do not look the same as
those based on human labels (e.g., considering Kendall’s 𝜏 over sev-
eral systems), or evaluations have trouble distinguishing between
the best-performing systems [38, 111], or they show unexpected
disagreements [24]: that is, we get different conclusions depending
whether our evaluations use third-party humans or LLMs.

If two evaluations come to different conclusions, however, we
cannot decide that one is right and the other is wrong unless we
measure the validity of each. These objections only hold if we can
show that LLM-based evaluations—or evaluations from any new
protocol—are actually wrong more often than are human-based
alternatives. That is, we cannot just say one process is different and
therefore bad; we need to show that one process is less valid, that
it produces assessments counter to what we really believe. Again:
if we haven’t tested the validity of an evaluation, we have no grounds
for claiming one is “right” when another is “wrong”. As Soboroff
notes: “the assessor is not all-knowing, all-seeing, all-reading with
perfect clarity. Assessors make mistakes” [99].

The best use for discussing (dis)agreement between evaluations
is that if two evaluations agree, and we know something about
the validity of one, we can draw conclusions about the validity of
the other. As a special case of this, if one evaluation is from a gold
source—a real searcher, in a real context—and another evaluation
agrees, then the second is most likely valid. (If evaluation 𝐴 and
the searcher always agree, such as when 𝐴 is “gold”, then any time
evaluation 𝐵 agrees with 𝐴 it also agrees with the searcher.) This
is the argument from Thomas et al. [107] and the basis for their
“superhuman” claims: the LLM agreed with gold labels more often
than did their third-party (human) judges.

4 Talking About, and Testing, Validity
Wehave established that the validity of our evaluations is important,
both for building better metrics and building better software. It
helps us choose between evaluation protocols, it gives us confidence
that we are actually improving the search experience, and it is a
response to fears of model collapse. We will now turn to ways we
can discuss, test, and measure the validity of our evaluations.

The term “validity” covers many distinct properties, all of which
are desirable in our abstractions and measurements.2 For example

1One risk that is unique to LLMs is contamination, or the possibility that the model
has memorised gold sets or other relevant data during pretraining. This need not
undermine validity—gold sets are ground truth after all—but it may point to later
trouble generalising, and it may undermine validity for evaluation on adjacent tasks.
2Some of these properties, unfortunately, have been given different names by different
authors at different times.
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Table 1: Principles for improving evaluation validity.

(1) Define the target construct.
(2) Consider theoretical consistency. Use expert review,

factor analysis; test direction and relationships; test
components.

(3) Consider reliability. Use A/A testing and resampling.
Consider the effect of aggregation.

(4) Consider concurrent validity. Look at related evaluations.
(5) Consider predictive validity. Test against gold labels,

carefully sampled; build controlled degradations.
(6) Examine results carefully. Accept, but examine, some

residual invalidity.

we could (and should) consider external validity (can we learn
about new things, can we generalise to new circumstances?), and
concurrent validity (does this evaluation agree with others that
purport to measure the same thing?). The most important for our
purposes is construct validity, which is pertinent whenever we are
trying to measure something abstract like satisfaction or relevance.3
This asks: are we measuring a real thing? Is it the thing we care
about? Does this assessment provide an accurate measure of the
construct we’re interested in?

There are several core principles we should expect of any eval-
uation (Table 1). Failure to adequately address any of these will
compromise validity. We discuss each of these principles below, in
the context of information retrieval and RAG systems, along with
techniques we can recommend in each case.

5 Defining the Target Construct
The hardest, but most important, part of assessing validity is es-
tablishing and defining the construct that we claim to measure.
Target constructs are often outlined when evaluating new tasks
[4, 110, 120], but the justification of their selection is less often pro-
vided. As we create entirely new styles of generative information
access, we need to be sure that selected target constructs are valid.

Any target may be a unitary construct or a composite of multiple
constructs; each could be latent or directly observable. A construct
may further be a property of a system or its output (e.g., factual
correctness of generated text, citation accuracy), a property of a user
experience or design goal (e.g., whether users felt their question was
answered), or a combination of both (in which case, the theoretical
relationship between them must be specified). System properties
and user outcomesmay diverge: users can be satisfiedwith incorrect
answers, for example, or dissatisfied with correct ones. A validity
framework must account for what is being measured and when to
expect any divergence.

An operational definition of the target construct should be such
that an independent researcher could apply it consistently, but
several common targets in IR research are notably ill-defined. “Rele-
vance” covers a great many distinct concepts [13, 91, 92], not always
carefully distinguished, while “utility” and “satisfaction” are entirely

3The term “construct validity” is largely due to Cronbach and Meehl [32]. See Lissitz
and Samuelsen [67] for a good discussion of past and current understandings of
construct validity and related concepts.

under-examined [18].4 Ambiguity at this stage propagates through
any later validity assessment. Without specifying what, exactly, we
are trying to measure it is hard to trust that our evaluations are
meaningful.

Despite the importance of establishing and defining target con-
structs, there are few published studies that actually do this, one
example is detailed in Garcia-Gathright et al. [42]. The work was
conducted after realising that a commercial recommender system
was being used in ways that were not anticipated in the original
system design, and a new set of target constructs had to be estab-
lished. Garcia-Gathright et al. detail ways in which qualitative and
quantitative researchers worked together to create new constructs,
and to identify ways in which the constructs could be measured
with online metrics. Seeing further examples of such work would
be of value to our community.

Boundaries. In our experience, it is useful to consider the bound-
aries of the evaluation. For example, we can describe what a low-
quality response looks like, and we can generate clear positive
and negative examples as well as identifying ambiguous cases and
specifying how they should be handled. In practice, we have found
that articulating the target construct can be difficult, and it is often
helpful to start with examples of things that are bad, as this can
illustrate examples of things that are good.

6 Theoretical Consistency
A followup question could be: do the concepts in the evaluation—
the inputs to the process, the entities it employs, the properties it
measures—align with what we would expect? Does the evaluation
agree with the relevant theory? Theoretical consistency5 assesses
whether the metric behaves in accordance with expectations about
how quality should work. An evaluation that sometimes moves
in the wrong direction relative to theory indicates fundamental
validity problems, or that the theoretical understanding is flawed.
Textbook methods include expert review of concepts and empirical
testing of relationships between constructs [32, 100].

This idea is well-established in many fields. The Organisation for
Economic Co-operation and Development and the European Com-
mission, for example, insist that “the choice of indicators must be
guided by the theoretical framework” [79]; Spielman et al. [100] ask
for “clear correspondence between the index’s conceptual frame-
work and measurable inputs”.

This seems almost a trivial step—why would we have an eval-
uation that violates our theories?—but has been relevant even to
fundamental IR measures, for example with debate about whether
they have a coherent user model [52] or whether utils are interval
data [39, 75]. IR is a pragmatic field without a lot of generally-
accepted theory: certainly not of some important latent variables
like “relevance”, which has been defined more than once but where
definitions have not overly influenced practice [13, 91].

As IR practitioners, we tend toward pragmatic and ad-hoc def-
initions, or indeed no definition at all, but there have been some
examples of this kind of enquiry. For example, Liu et al. [70] and

4One counter-example is “engagement”, carefully examined by O’Brien [77].
5Cronbach and Meehl [32] call this “construct validity”, although that term has come
to cover more ground.
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Wanner et al. [114] ask whether factuality measures for genera-
tive models should merely measure precision, or whether a “good”
response should also be complete (high recall) and whether dif-
ferent claims should carry different weight. Moffat [74] suggests
axioms for ranking metrics, based on an assumed theory of rele-
vance: for example, a ranking should not be worse if we merely add
more results to the end. From the other direction, Moffat et al. [76],
Carterette [17], and Jones et al. [55] all invite us to consider the
user models implied by common metrics. These are a useful start
but, in every case, need grounding in what a user model or a good
response should look like.

As IR practitioners, we tend toward pragmatic and ad-hoc def-
initions, or indeed no definition at all. If we do not know what it
really is we are trying to measure, it is hard to argue that we are
measuring correctly.

Component contributions. Complex latent constructs, such as
“satisfying a user’s information need”, might be measured with a
composite that combines multiple component signals. These com-
ponents should align in the expected direction. This is not always
the case, as can be shown by examining loadings in a factor analysis
or by checking the rules of combination [100]. If components work
against theoretical expectations, the aggregation method may be
masking fundamental validity problems.

7 Reliability
Reliability assesses whether the evaluation produces stable, repro-
ducible results. If we see substantially different assessments under
minor methodological variations, the evaluation is unreliable. This
is not the same thing as validity (a measure can be reliable but
invalid), but does serve to limit validity (an unreliable evaluation
cannot be valid). Any evaluation involving people or LLMs is non-
deterministic to a degree [94], which is amplified by chains of
models or agents, so reliability is a critical factor.

If different implementations of the same metric on the same
data yield strikingly different results, the metric lacks the reliability
required for valid measurement. Similarly, repeated random sam-
ples of the same system or multiple systems should not change the
perception of quality or ordering of the systems.

Methods to determine reliability can include A/A testing, which
measures test-retest reliability by simply performing the same eval-
uation over the same data twice [61], and resampling, which mea-
sures variance by resampling from some suitable population and
seeing the extent to which the evaluation changes [e.g., 15, 43, 86].
This simply means we need to repeat across samples, or re-run the
same evaluation, and note the variation from run to run. If there is
wide variation, this is a possible source of invalidity: things might
look different on a slightly different sample, and an evaluation
which is unreliable leads to decisions based on luck rather than
evidence.

An alternative approach is making small or inconsequential
changes, to illustrate the robustness of the evaluation to changes in
the mechanics. LLM judges, for example, can be sensitive to small
changes in the text of the prompt [84, 107]. Chatterjee et al. [20]
even show different responses from single-character changes in
prompts, which exposes the uncomfortable possibility that “fixing”

a prompt could make it worse. “Sweeping” across prompts, exam-
ples, guidelines, models, or other components is likely to find more-
or less-reliable alternatives. Interest in LLM variance has led to
methods such as POSIX [20], TARa@N [7], and FormatSpread [95],
but we can also subject our evaluations to standard tests such as
ICC [62], generalisability theory, or even simple ANOVA. We look
forward to seeing more of this work.

Scale sensitivity. If the evaluation aggregates across units (ques-
tions, documents, users), we must assess whether changing the
aggregation level changes conclusions. For example, responses that
individually appear high quality might look different aggregated
across a topic, a session, or a conversation; rankings might not be
stable across different sample sizes. At Microsoft Bing, we found
A/B tests gave results that differed by 20% if they were aggregated
by interaction, by session, or by person, suggesting the metric or
(more likely) the sampling process was unreliable.

These kinds of grouping and ordering effects are well known
(see, e.g., Simpson’s paradox). However, they raise questions about
the validity of an evaluation to the target. These kinds of changes
can occur because the concept that we are trying to measure is
scale dependent, and changing scales alters the definition of the
concept. Alternatively, it could be that the concept is scale-specific
and changing scales does not actually make sense: something that
is valid at, say, the query level might not be valid when aggregated
to the conversation level.

8 Agreement with Other Indicators:
Concurrent Validity

Concurrent validity [32, 67], criterion validity [30] or external con-
sistency [100] is the extent to which two instruments, purporting
to measure the same things, do in fact align. Convergent validity is
similar, when two instruments measure similar things but where we
might expect some differences. For our purposes, the two concepts
are similar. We commonly have two measurements, or two ways
of taking a measurement, claiming to measure the same construct,
and they should correlate. For example, we may have a new metric
that we believe predicts searcher satisfaction: it would be reason-
able to ask whether it correlates with the Net Promoter Score.6
For a new metric which we think overlaps with, but is different to,
topical relevance, we might ask about correlation with TREC-style
labels (and expect high, but not perfect, agreement). Zhang et al.
[124], Azzopardi et al. [9], and Lipani et al. [66] use a similar idea
to argue that some metrics (e.g., RBP, IFT, sRBP) have better models
of searcher attention (correspond better to other indicators) and are
therefore more informative than alternatives; Turpin and Scholer
[108], to the contrary, demonstrate that MAP does not correlate
with time on task nor the number of relevant documents searchers
can find, i.e., has low convergent validity. Other research has sug-
gested both that offline metrics may be valid [e.g., 90], valid but
insensitive [e.g., 2], or simply invalid [e.g., 43, 51, 68], depending
on the other indicator(s) chosen and the research setting.

Smith [98] points out problems with this approach. First, if we
expect our new evaluation (call it 𝐴) to correlate with some other
indicator (𝐵) and it does not, we cannot conclude that𝐴 is invalid. It
6https://fortune.com/longform/net-promoter-score-fortune-500-customer-
satisfaction-metric/
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is of course possible that 𝐵 is invalid instead, or that the supposition
of correlation is wrong. Conversely, if 𝐴 and 𝐵 do correlate, we
cannot conclude that𝐴 is valid—for example we could be measuring
something else entirely, 𝐶 , which just happens to correlate with 𝐵.
As a practical illustration, we might ask whether a relevance metric
agrees with observed behaviours such as clicks. This is a weak
signal (clicks are sparse), but also potentially misleading: a metric
that agrees with clicks might not correlate with relevance, but both
the new metric and the clicks might correlate with something else,
such as having key terms in the title [119]. In this example, both
the new metric and the clicks would in fact be invalid in the same
way—𝐴 and 𝐵 correlating with each other, but not with relevance.

Even if evaluations agree, then, the critical question remains: do
they correlate with user outcomes or other targets we care about?
This motivates predictive validation.

9 Agreement with Target: Predictive Validity
Predictive or empirical validity assesses whether the metric pre-
dicts observable outcomes it should theoretically predict. A metric
with strong theoretical grounding and internal consistency, but no
relationship to user outcomes, has questionable practical value.

To test empirical validity, we need to identify outcomes the met-
ric should predict based on its target construct, then test whether
it does. A simple approach is to measure the correlation between
an assessment and some relevant gold. This is exemplified by Chen
et al. [21], who used offline metrics in the CWLA family and com-
puted correlation with self-reported final satisfaction. The degree
of correlation was interpreted as an indication of the quality of
each metric. This is a loose indication, since CWLA metrics report
information gain rather than satisfaction (this is a test of convergent
validity), but nonetheless Chen et al. reported moderate correlation.

The clear advantage of using gold assessments is that, if collected
correctly, gold assessments are correct. (They may not measure
what we think, and theymay not be useful; but by construction, they
should be correct.) This approach has accordingly been widely used
in the literature, with broadly good correlations between standard
offline metrics and explicit assessments from lab studies [22, 23, 53,
117, 121] and has been used to justify new metrics [e.g., 123].

9.1 Constructing Gold Assessments
Sometimes our policy goal is such that we can construct results
of known quality, without involving “real” participants. This is
practical only when there is a well-defined objective such as “newer
is better” (and where this is supported by data such as document
age). Concepts such as relevance, or satisfaction, are subjective and
constructed examples are not true gold—it is still possible for a valid
assessment to disagree in these cases. This means the technique is
useful for only a subset of concepts we care about. In our experience,
it is still useful to construct assessments of more subjective concepts
such as relevance, but since these are only silver (or even bronze)
judgements we must be careful when interpreting agreement. In
any case, constructing assessments has the advantage that we can
generate any number of examples without involving searchers,
even with entirely synthetic data, while still being confident we are
correct according to our policy.

9.2 Agreement with Pairs
Instead of assigning concrete (pointwise) values, it is often easier
to construct pairs of results where we know one is better than
the other. For example, for news search we might always want to
return the latest version of a story; we know by construction that
a newer story is better than an older one on the same topic, even
if we do not know exactly how good either story is by itself. An
evaluation is valid to the extent that it reflects this difference. This
is the “known groups” process, introduced by Cronbach and Meehl
[32] (who call it “group differences”) and discussed by Hattie and
Cooksey [48].

As a special case of this we can employ controlled degradations.
The idea is the same: if we can construct two outputs, one known
to be better than the other, this gives us a test of our evaluation
protocols. Since we cannot make a system arbitrarily better,7 we
can instead make one worse in a controlled way. Examples will
depend on the design policies but could include injecting known
off-topic documents, adding factual errors; removing known-good
parts of the result; introducing artificial delays [5, 14]; and so on.
In web search for example we have degraded features such as spell
correction, synonym handling, and click data to test relevance
labelling. In conversational RAG, amongst other things, we have
manipulated the style of generated text and removed sources to
test measures of output quality and grounding.

Dmitriev and Wu [37] used a similar idea with an “‘interesting’
corpus” of experiments at Bing. These were “representative exper-
iments from different feature areas, ‘learning’ experiments that
were run for the sole purpose of understanding user behaviour,
experiments that had known bugs negatively impacting users, etc”.
Each experiment in the corpus was reviewed by both the original
experimenter and by evaluation experts, looking at a suite of data
including user studies and first-person feedback, to decide whether
the experiment was good or bad for searchers overall. These high-
quality labels could then be used in the same way as degradations:
an evaluation should be able to tell “good” from “bad”.

Unlike sampling gold assessments from live use, degradations let
us control both the nature and scale of a difference: we can ensure
that a pair of results differs in some particular aspect, and often we
can control how big the difference is (for example, we can control
the extra latency or the amount of spam). This means we can test
not only whether the evaluation chooses correctly, but also how
sensitive it is. If the assessment scale allows, we can also test the na-
ture of its response—for example, whether the measured difference
scales linearly with the real difference or whether there is some
threshold. The combination of validity and sensitivity tests, on con-
trolled features of the search result, make controlled degradations
particularly useful. Since degradations use the running system, they
also provide a partial solution to “stale” gold labels.

9.3 Meta-Evaluation
Comparison with gold also lets us build meta-evaluations, giving
measures for evaluation themselves [105].8 Given ameta-evaluation,
we can use it to refine and improve our evaluations in the same way
as we use metrics like nDCG to improve systems [e.g., 69, 72]. To

7If you know how—please get in touch.
8Thomas et al. referred to “metrics” where we use “evaluation”.
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our knowledge the choice of statistic has not been explored in the
literature, despite the common observation that different statistics
give different results. We have several choices.

When we have pointwise evaluations, we have several good
options. Besides simple accuracy [80], which requires a balanced
test set, probably the most common statistic in this case is Cohen’s
or Fleiss’s𝜅 [28, 40], widely used to compare assessments [19, 31, 33,
38, 50, 82, 107]. Alternatives for categorical data include weighted
𝜅 [29] or macro-average F1; mean absolute error for interval data;
𝑟 2; or Krippendorf’s 𝛼 [63]. Of these, 𝛼 has advantages in that it
is robust to missing data and unbalanced gold, and is defined over
categorical, ordinal, and interval scales.

Given pairs of gold assessments (Section 9.2), we want an eval-
uation to correctly distinguish “good” from “bad” and, where ap-
propriate, estimate the size of the difference. Pairs are by nature
balanced, so a simple approach which we have used to some success
it to measure the area under the ROC curve (ROC AUC). This is
easy to interpret, but for completeness it needs pairs spanning the
whole range of possible values. It has also been useful to report
the average difference between the scores for the better and worse
result. The larger the gap, the more sensitive the evaluation.

It is possible for individual evaluations (e.g., scores for responses)
to generally agree with gold data, but listwise assessments (e.g., a
ranking of responses) to disagree: this can happen, for example, if
individual errors are concentrated in such a way as to influence one
system’s score more than others’ [71, 111]9. There are many rank
correlation measures which are useful to test for this. Kendall’s 𝜏 is
most commonly used, but has two disadvantages: it is insensitive
to the scale of disagreement, and it treats mis-orderings the same
whether they are at the head of the list (the most effective systems,
for example) or the tail (the least effective). In practice we may be
more interested in larger errors and are likely interested in only one
end of the ranking. Better measures include 𝜏AP [118], rank-biased
overlap (RBO) [115], Pearson-rank (𝜌𝑟 ) [41], and compatibility [25],
which variously are sensitive to scale (𝜌𝑟 ), are head-weighted (𝜏AP,
RBO, 𝜌𝑟 , compatibility), or take one ranking as a “correct” reference
(𝜏AP, 𝜌𝑟 , compatibility). All have seen some use in the literature.

Just as we should choose an evaluation to reflect what’s important
to the system, we can and should choose a meta-evaluation to
reflect what’s important in our evaluations. For example, if the
evaluations are used to compare the current version of a system to
some candidate replacement, it is important that we can distinguish
small gaps between systems; a pairwise measure might be best. If
we are selecting amongst many alternatives, a top-weighted list
measure might be appropriate. If our assessments are used to debug
search failures, it is important that every individual case is correct
and an individual-level agreement measure might be more useful.
Having more than one meta-evaluation gives more insight than any
one alone. In practice at Microsoft, we have found that pairwise
meta-measures give us an evaluation that supports experimentation,

9There were earlier concerns this may have happened when neural systems used TREC
data: the neural methods may retrieve previously unjudged documents, according
to the argument, and since these would be considered non-relevant the evaluation
would be biased against new systems. This concern was premature [56, 113], but was
certainly reasonable.

and result-level accuracy gives us an evaluation that better supports
debugging, so we use both.

9.4 Sampling and Controlling for Confounds
Of course, gold labels will only represent a small fraction of all
possible use cases: we cannot produce gold labels for all people,
all information needs, all interaction modes, at all times (or there
would be no retrieval left to do). Equally obviously, if our gold labels
do not represent some subset of uses then we cannot be sure our
evaluations will, either. Any empirical validation must control for
confounds from (at least) people, tasks, information, and responses.

For example, different groups of people will tend to have different
opinions, especially on subjective tasks, and these differences do
translate to machine-learned models [1, 81]. We also see differences
according to demographics [58] and expertise: expert users may
evaluate quality differently than novices [60, 73, 104, 116].

In conventional IR systems, there is also great variance due to
topic (the information need) [86] and query wording (the way the
need is expressed). Rashidi et al. [83] demonstrate that TREC’s
standard queries give different system-level evaluations than do
queries from crowd workers, even though the queries are on the
same topics. Bailey et al. [11] similarly saw more variation in eval-
uation scores due to query wording than due to topic or system.
Some questions, of course, are inherently more difficult to answer
well at all, and some topics have better source material available.

We also note that the particular responses we are evaluating, or
even the sorts of objects we are evaluating, may change over time.
In the case of ranked retrieval, we take a query and return a list
of documents, and shared testbeds like TREC are useful long-term
precisely because this format has changed little over decades. With
RAG systems, that is less true and both the inputs and outputs
are changing rapidly (inputs can be longer as models have larger
contexts, can now be grounded in richer data, and can implicitly
reference remembered facts or past interactions; outputs are longer,
more multi-modal, and denser with links). This can mean that our
sample of gold labels may be “stale”, no longer matching what we
are actually evaluating, and are less useful for testing validity.

The lesson is that while we act as if evaluations based on gold
labels represent a system in the abstract, across all people, needs,
and times, in fact they represent only a subset or sample of possible
uses (and of outputs too, in some cases, e.g., the stochastic outputs
of LLMs). If that sample does not represent some real usage, the
evaluations are not valid; further, we cannot even test their validity.

10 Examining Results: A Caution
The techniques above, especially when used in combination, can
give us confidence that our evaluations are valid—that is, that they
are measuring what we actually care about—as well as insight into
improvements. In our experience, however, there is no replacement
for informed people, knowledgeable in both evaluation and the
search domain, carefully examining both “correct” cases and dis-
crepancies. Most of the time, discrepancies can be attributed to
noise or error, either in the evaluation or the meta-evaluation, but
there can be trends which inform the next iteration of design. From
time to time, the “gold” is in fact in the wrong, which can suggest
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improvements in meta-evaluation and understanding system use
or system policy. We can only distinguish these cases by looking.

A concrete example of this is in work by Alaofi et al. [3], who
were investigating using LLMs to evaluate over query variations.
The overall meta-evaluation looked reasonable: different language
models had different characteristics, but performance roughly cor-
related with assumed model capability and most results were rea-
sonable. However, close inspection of the differences showed that
LLMs were being fooled by simple keyword matching, leading to
discoveries about the current limitations of LLMs. These discoveries
hinged on the original expert cross-checks.

Zobel [126] gives further examples where blindly accepting ag-
gregates would miss important details: “[a]re there subpopulations
of queries that seem to vary together? Are the results influenced by
the chosen effectiveness measure? Is there a relationship to other
artefacts, such as the number of known relevant documents? Are
poor scores due to unjudged documents. . . ?”. Zobel identifies these
as problems of ecological validity.

11 Residual Invalidity
Regardless of our effort, it seems inevitable that there will be some
gap on the right-hand side of Figure 1: there will always be some
disagreement between even the most sophisticated evaluation and
the people who use our systems.

This is true even if we evaluate exclusively with gold labels: even
if we ask the real searcher, at the moment they are searching, they
may be unreliable. Scholer et al. [94] report that judges, given two
near-identical documents and the same information need, agree
with themselves only 76–85% of the time; Thomas et al. [106] re-
port differences due to holidays; Shokouhi et al. [96] and Scholer
et al. [93] report evidence for an anchoring effect; and so on. (See
Azzopardi [8] for discussion of other cognitive biases we might
expect to see.)

Further, there is often limited scope to improve validity since
even gold labels often provide a limited signal. “Thumbs up”-style
feedback does not include any explanation, for example, and ques-
tionnaires only answer the questions we think to ask. Without
knowing why a label was given, it is much harder to close the gap.

We might also choose an evaluation for pragmatic reasons such
as cost or time. An evaluation which is closer to a person might
also be less explainable, or harder to debug and act upon [107].

Over-reliance on an invalid measure—even a “gold” measure—
was at the root of problems with OpenAI’s GPT-4o [78]. Shortly
after launch, users reported the model was prone to sycophancy:
“validating doubts, fueling anger, urging impulsive actions, or rein-
forcing negative emotions”. It transpired that OpenAI trained and
evaluated models on several measures, including expert feedback,
safety evaluations, and thumbs-up/thumbs-down signals from pilot
users. Thumbs-up signals are gold—they are from real users, with
real uses—but not valid measures of OpenAI’s targets. Focussing on
these signals at the expense of others led to a model that failed im-
portant safety criteria. In response, OpenAI committed to “weighing
both quantitative and qualitative signals”.

Similar observations were earlier made at Netflix, where opti-
mising toward clicks did not lead to the real target of subscriber
retention [46, 101], and Facebook, where engagement data led to

radicalisation [85, 88]. In each case, differences between a gold sig-
nal and what really mattered led to substantially poorer products.

It seems that some gap between evaluations and the real searcher
is unavoidable. Of course, we still want to use evaluations as a tool to
improve our systems. An obvious response is to use multiple evalu-
ations, as different as is feasible, to measure the same construct—for
example to use both TREC-style labels and clickthrough data to
estimate the utility of results, or signals from both language and
copy-paste behaviour to estimate the success of a conversational
session. If this portfolio of evaluations are all somewhat invalid,
but in different ways; and if we improve on most or all of them;
then there is a much better chance that the improvement is real.
This argument is similar to that for hold-out test sets in machine
learning, for example: we do not want to over-fit to a flawed goal.

12 Pragmatics
As well as the explicit tests above, we can suggest design practices
that help build and maintain validity.

Documentation. A validity assessment should include explicit
documentation of the evaluation’s valid operating range and known
limitations. For the former, it is useful to specify the conditions
under which the evaluation has been validated: relevant dimen-
sions might include query or task types, response formats, user
populations, topical domains, and scale. If the evaluation is used to
compare systems (rather than individual responses), we should also
document what assumptions are required for valid aggregation: can
we average scores? what sample size is needed? should we weight
different query types or user segments?

For the latter, we should identify conditions under which the
metric breaks down or produces misleading results, especially if
results mean something different in certain contexts.

Competing requirements. The validity of an evaluation must be
weighed against the practical costs of construction maintenance.
A theoretically ideal protocol that is prohibitively expensive to
run may be less useful than a simpler protocol with acceptable
validity. Cost here can mean time and compute (particularly for
LLM-based judges), creating gold-standard reference answers or
evaluation rubrics, scalability constraints, or infrastructure depen-
dencies and their reliability. Evaluations that require human in-
volvement are also constrained by ongoing training and calibration,
budget, and expertise requirements and availability of qualified
evaluators. Thomas et al. [105] discuss these and other tradeoffs.

Again, we should document the relationship between cost and
validity. Can a cheaper approximation achieve acceptable validity?
At what cost threshold does the evaluation become impractical for
its intended use? Understanding these tradeoffs enables informed
decisions about metric selection.

Transparency. Finally, a evaluation’s validity is constrained by
how well it can be understood and scrutinised. Opaque metrics
resist external validation and make it difficult to diagnose when
and why they fail. Can stakeholders understand what a given score
means in practical terms? Are score differences meaningful? Can
we provide explanations or rationales for scores?

We should also consider whether the evaluation can be indepen-
dently replicated (which means full documentation of the methods
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and accessible components), and the extent to which its behaviour
can be audited and challenged: Can specific scoring decisions be
traced back to their causes? Is there a mechanism for identifying
and investigating anomalous scores? Can the metric be stress-tested
by external parties to reveal failure modes?

Evaluations that work as black boxes—particularly those based
on proprietary LLMs or undisclosed methods—present concerns
because their behaviour cannot be fully examined or understood.

13 Discussion
In IR, we optimise systems under some evaluation and simultane-
ously try to ensure the evaluation models real targets. To build an
effective system, then, we need to close gaps on two sides: the
system should agree with the evaluation on what makes a good
result, and the evaluation should agree with the target. If we can
perfectly close these two gaps, we have “solved” IR, since the eval-
uation perfectly represents the target (optimal metric validity) and
the system is perfectly optimised for the metric (optimal measured
performance). This is true regardless of the nature of the system or
of the evaluation protocol.

We suggest that IR, as a discipline, would be well served by closer
attention to metric validity. Most obviously, this gives us confidence
that we are optimising for the right thing. Second, this gives us a
way to talk about evaluations and to help choose between them
when alternatives exist.

Considering validity can also make for novel evaluation. For
example, a detailed examination of searcher behaviour led to the
realisation that the way people search is highly individualistic;
even if they are searching for the same information, the way that
searchers word their queries is different. Such individuality was
missing from existing test collections, hurting validity. This lead to
the development of the UQV100 collection, an entirely new type of
testing resource [12].

Less obviously but most importantly, it forces us to think about
what the “right thing” actually is. Asking about validity makes us
consider what actually serves our goals, and what a real system
could and should look like. We might agree that a good system
is not simply one that maximises nDCG or some other standard
metric (unless of course we have a narrow view of success), but to
discuss validity we need to have a concrete alternative.

Recommendations. This paper argues for discussing, measuring,
and understanding the validity of IR evaluation so we can make
informed choices. This means at least:

(1) Being aware of the gap, i.e., being aware of challenges to the
validity of our evaluations;

(2) Being explicit about what construct we think we are evalu-
ating, and what theory (if any) underpins this;

(3) When proposing a new evaluation regime—a new metric,
a new test set, or a new protocol for example—considering
whether it is supported by theory, is internally consistent,
exhibits convergent validity, and has predictive validity;

(4) Continuing to challenge evaluations with gold data sets,
controlled degradations, and other techniques so we can
understand the limits of our methods; and

(5) Continuing to examine cases individually, and thoughtfully,
instead of relying on aggregates.

Continuing research. From the discussion above we can make
some observations and suggestions for continuing research.

First, nothing here argues against the stereotypical IR study or
paper, introducing a new system and showing improved numbers.
Of course it is acceptable to show that given some evaluation (of
reasonable validity) we can improve system performance.

IR is known for building deployable systems, where developers
can pick up a textbook and learn how to build a practical system.
Sometimes it is impossible to deploy a practical system that contains
an evaluation, for example if it involves human judges or involves
LLM assessments that are too expensive to deploy at scale. In other
cases, the evaluation may have more information than the retrieval
system: for example, it may use a detailed description of user intent.
This leaves plenty of scope for traditional effectiveness papers, and
we would suggest maintaining the IR practice of running multiple
metrics and datasets in each paper, to prove that there was no
overfitting to one metric. These principles hold true whether the
paper uses a diverse set of LLM-based user simulation approaches,
a number of human evaluations, or a mix of both.

Second, nor does anything here compel us to embrace new eval-
uation. It is acceptable to argue, for example, that LLMs-as-judges
should not be used because of a validity gap; for example, by show-
ing that crowd judges are better at modelling the concerns of real
users than an LLM judge. One possible future is that faithfully
modelling a searcher is impossible, and it is always preferable to
use human assessments. Another possibility is that we recognise
that the inherently interactive nature of IR is important, and it is
better to capture this interaction using perhaps a hybrid of human
(setting the goal and topic description) and artificial (simulating the
user’s preferences based on that goal/topic) methods. Even more
likely is that there are multiple evaluations, and both of the above
are valid. These tradeoffs, the “future of metrics” best practices, are
determined in evaluation validity work, in the right-hand side of
Figure 1.
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