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Abstract

Relevance judgments and other truth data for information retrieval (IR) evaluations are
created manually. There is a strong temptation to use large language models (LLMs) as
proxies for human judges. However, letting the LLM write your truth data handicaps the
evaluation by setting that LLM as a ceiling on performance. There are ways to use LLMs
in the relevance assessment process, but just generating relevance judgments with a prompt
isn’t one of them.1
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1 Introduction

The Text Retrieval Conference (TREC) is a community evaluation and dataset construction
activity sponsored by the U.S. National Institute of Standards and Technology (NIST).
TREC has run annually since 1991. TREC is divided into tracks which embody specific
search tasks. The canonical TREC task is adhoc search, with searches against a static set
of documents, each search returning a single ranked list of documents. An individual search
instance is called a topic and expresses the user’s information need in long form rather than
providing a query. The relevance judgments, or qrels, maps each topic to the documents
that should be retrieved for it. The combination of the document collection, the topics, and
the relevance judgments is called a test collection.

The relevance judgments representing ground truth are created collaboratively between
participants and NIST using a process called pooling (Jones and van Rijsbergen, 1975).
TREC participants use their IR systems to return the top K documents for each topic.
The union of the top-ranked k ≪ K documents from each participant system is called the
pool. The documents in the pool are reviewed by the person who invented the topic, and
they decide which documents are relevant and which are not. Using the qrels as labels
we can compute various measures of retrieval effectiveness such as precision and recall.
The test collections let researchers rapidly innovate new search algorithms in a laboratory
setting before deploying them to a live system. More information about TREC can be
found in Voorhees and Harman (2005), a book covering the first ten years of the program.

The process used in TREC descends from the Cranfield indexing experiments con-
ducted by Cyril Cleverdon in the 1960s, and so we say TREC is following the Cranfield
paradigm (Cleverdon, 1967). Central to the Cranfield paradigm is a set of assumptions
that simplify the search problem: the document collection and information needs are fixed,

1. This article reflects the views of the author and not necessarily those of NIST or of the U. S. Government.
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all documents are labeled as relevant or not relevant to every query, relevance is modeled
by topical similarity, the relevance of a document is independent of the relevance of any
other document, there is a single query that is answered with a single ranked list, and the
relevance judgments are representative of the user population (Voorhees, 2001). TREC
can be thought of as a community effort in pushing the bounds of the Cranfield paradigm.
Complete judgments were replaced with the pooling procedure, which has been shown to
be sufficient for measuring the pooled systems and also useful for measuring systems which
were not pooled for evaluation, as long as certain properties are maintained (Harman, 1995;
Zobel, 1998; Buckley et al., 2007). Likewise, many TREC tracks push back on the no-
tion of static documents and information needs (Frank et al., 2014; Carterette et al., 2014),
relevance as topical similarity (Craswell and Hawking, 2004; Balog et al., 2011), single rank-
ings (Owoicho et al., 2022; Aliannejadi et al., 2023), and independent relevance (Soboroff
and Harman, 2005).

Making the relevance judgments for a TREC-style test collection can be complex and
expensive. Relevance assessing at NIST for a typical TREC track usually involves a team of
six contractors working for 2-4 weeks. Those contractors need to be trained and monitored.
Software has to be written to support recording relevance judgments correctly and efficiently.
Experience in both the technical and human aspects of the process counts for a lot, which is
why we run evaluation campaigns rather than everyone building their own test collections.
Evaluation campaigns are infrastructure for IR research.

The recent advent of large language models that produce astoundingly human-like flow-
ing text output in response to a natural language prompt has inspired IR researchers to
wonder how those models might be used in the relevance judgment collection process (Bauer
et al., 2023; Faggioli et al., 2024).

At the ACM SIGIR 2024 conference, a workshop “LLM4Eval” provided a venue for this
work, and featured a data challenge activity where participants reproduced TREC deep
learning track judgments, as was done by Thomas et al. (2024). I was asked to give a
keynote at the workshop, and this paper presents that keynote in article form.

The bottom-line-up-front message is, don’t use LLMs to create relevance judgments for
TREC-style evaluations.

2 Automatic evaluation

The idea of automatic evaluation for information retrieval came from a paper I wrote with
Charles Nicholas and Patrick Cahan in 2001 (Soboroff et al., 2001). I had been reading Ellen
Voorhees well-known SIGIR paper from 1998 (Voorhees, 1998) which shows experimentally
that while people differ in their judgments of relevance, those differences don’t affect the
relative ordering of systems in a TREC evaluation. Surprised by this result, I wondered
what would happen if the relevance judgments were randomly sampled from the pools.
Certainly, TREC relevance judgments aren’t random, but how much can they vary towards
random and still rank systems equivalent to the official system ranking?

A representative example result from that work is shown in Figure 1. The single +’s are
official scores from TREC, and the ×’s with whiskers up and down are scores obtained with
random documents from the pool labeled as relevant. The points are ordered according to
their official TREC scores. The key point to notice is that, using random judgments, the
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Figure 1: Sample result from Soboroff et al. (2001), TREC-8, TREC-style pooling to depth
100.

best systems (those with the highest MAP, on the left) look like the worst systems (on the
right).

Automatic evaluation in this sense means making relevance judgments using an algo-
rithm rather than people, as opposed to inducing relevance from implicit behavior cues or
history. In published papers proposing automatic evaluation methods for IR, the quality
of these methods is quantified by comparing the ordering of systems induced by the au-
tomatic method to the official TREC ranking based on manual assessments. That is, the
qrels are used to score each system using some metric, and the systems are then ordered by
their score. The common metric used is Kendall’s tau (τ), a correlation measure between
rankings. Some researchers also use the more familiar Spearman’s rho (ρ), a correlation
measure that takes into account the distance between the points and not just their rank
order. Others have proposed versions of these correlations that emphasize the upper part
of the ranking (i.e. the best systems) (Yilmaz et al., 2008). I have heard a discussion of
a variation of tau where a swap in position between two systems only happens if they are
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significantly different according to some statistical test, which would take advantage of the
fact that the points in the ranking represent average performance over a set of topics.

Aslam and Savell (2003) published a short paper that explained my 2001 results. No
matter how many systems retrieve a given document, it is only added to the pool once.
There are many more nonrelevant than relevant documents, so a given relevant document
was likely to have been retrieved by more than one system. (The mean number of systems
retrieving a nonrelevant document in TREC-8 is 3, versus 11 for a relevant document.) By
selecting the relevant documents at random, I was implicitly selecting documents retrieved
by many systems. So my 2001 paper shows the results of a popularity contest. Under
this approach, the worst systems and the best systems both look bad, because they fail
(or succeed) by retrieving documents that other systems don’t find. Another way to think
about Aslam and Savell is that by using the output of a system as the ground truth, I am
measuring the similarity of the two systems, how close the retrieval system is to the model
that created the ground truth.

Around that time, the BLEU automatic metric for machine translation (Papineni et al.,
2002) and the ROUGE automatic metric for summarization (Lin, 2004) were published.
These measures compare system-generated outputs, such as translations and summaries,
by the overlap of word n-grams with a model or reference output. ROUGE worked well for
extractive summarization, where a summary is produced by cutting and pasting sentences
from the source documents, but less well in a generative setting where word choice could
vary quite a bit from the original documents.

3 Machine learning and predicting from examples

A more successful method of imputing relevance comes in the form of relevance feedback
and more sophisticated machine learning algorithms. In these cases, examples of relevant
(and possibly nonrelevant) documents are used to train a model to predict the relevance of
other documents.

Relevance feedback (RF) in the vector space model, developed by Joseph Rocchio and
Eleanor Ide in the mid to late 1960s as part of the SMART system (Salton and McGill,
1983), may be the first on-line machine learning algorithm.2 In RF, the user executes an
initial search and identifies one or more documents in the search results as being relevant
or irrelevant. The terms in the query are augmented and reweighted based on the feedback,
and the refined query is executed to rank the remaining documents in the collection. Since
then, it has been adopted as a general IR technique rather than a specific algorithm and
has been instantiated within nearly every ranking model. Currently, the most common
implementation of RF uses the BM25 ranking algorithm with the RM3 method of term
weighting (Jaleel et al., 2004). Pseudo-relevance feedback (PRF) is a modification in which
instead of indicating relevance by the user, some number of documents ranked highest in
the initial ranking are assumed to be relevant for a round of relevance feedback (Buckley
et al., 1994). Relevance feedback is one of the most successful techniques in information
retrieval, producing large improvements in performance. PRF is somewhat similar except
that for some topics it fails because the initial retrieval is off base for some reason.

2. Rocchio did not describe his method as machine learning, but he did develop a theory that his relevance
feedback method builds an optimal query.
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Büttcher et al. (2007) proposed using the TREC relevance judgments to predict the
relevance of unjudged documents retrieved by unpooled systems, and also as a method
for expanding the set of relevance judgments overall. They use the qrels to train a binary
classifier and then apply that to documents that were not judged but were ranked above the
pool depth of TREC’s pools. Anecdotally, this technique did not perform as well when all
retrieved documents (down to rank 1000) were predicted, so there is something to restricting
predictions to those documents that are already ranked highly by the search ranker.

Rajput et al. (2012) describe an iterative method using nuggets. A nugget here is a man-
ually selected passage from a relevant document. Starting with manual nuggets, the process
identifies new high-probability shingles as new nuggets and uses those to predict the rele-
vance of other documents. Their use of the term “nugget” is different than how the term
is used for evaluation of summarization and question answering; summarization nuggets
are atomic pieces of information which must be manually aligned to the generated sum-
mary, whereas these nuggets, being strings or shingles, are automatically matched. Nuggets
in (Rajput et al., 2012) are essentially lexical patterns that identify relevant documents.

The BERTScore metric (Zhang et al., 2020) computes token similarity between a gen-
erated and reference output using BERT embeddings. We can think of this as the LLM
equivalent of BLEU, using embeddings instead of n-grams.

4 LLM-based predictions of relevance

Modern large language models (LLMs) have inspired a new approach, where a topic and
document are embedded in a prompt, which is then fed to an LLM that outputs some
indicator of relevance. LLMs may be fine-tuned with relevance examples, or other relevant
documents may be included in the prompt, but otherwise no examples are used as in the
supervised learning methods above.

Thomas et al. (2024) describe using LLMs to predict relevance in TREC collections as
well as for search results from a major commercial search engine. They develop prompts
at a number of levels of richness. In their web search results, they find that the generated
judgments “have proved more accurate than any third-party labeler, including staff; they
are much faster end-to-end than any human judge, including crowd workers; they scale
to much better throughput; and of course are many times cheaper.” The paper describes
results on TREC data in greater detail, and there is an extended discussion of their prompts
and their evolution.

MacAvaney and Soldaini (2023) used nearest-neighbors, classifiers, and LLM prompts to
elicit relevance judgments to supplement judgments in MS-MARCO (Nguyen et al., 2016),
a collection where there is only a single manually-adjudicated relevance judgment per query.
By basing a system’s performance measurement on more than one document, IR metrics
are found to be more stable.

Alaofi et al. (2024) investigated the agreement between LLMs and TREC assessors and
found that LLM false positive decisions seemed to be related to the presence of query terms
in the passage being assessed. A false positive is where the LLM votes that the passage
is relevant, but the human assessor judged it to not be relevant. In many of these cases,
the false positive passages included terms from the query, despite not being relevant. This
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seems to imply that despite the richness of the language model, lexical cues can influence
the decision more than the true meaning of the text.

Outside of the information retrieval domain, researchers seem to be eagerly jumping on a
bandwagon for LLM-based automatic evaluation. As one example, Lin and Chen (2023) em-
ploy prompts to gauge generated responses in open-domain dialogues, and compare results
to other automatic evaluation techniques, some of which use the LLM to identify properties
of good responses (Mehri and Eskenazi, 2020b,a) and others which use the LLM to directly
assess dialog responses (Chen et al., 2023; Fu et al., 2024). None of the comparison metrics
is validated against manual labels of the dialogues in question.

The search for automatic metrics is long and has made use of new algorithms as they
have been developed. There is a real need for automatic metrics, because manual assessment
is slow and hard to scale. When the labels are created zero-shot, specifically meaning that
the evaluation model is operating at the same degree of data exposure as the systems
being measured, the evaluation reduces to comparing the performance of the system to
the model, not to human performance. When the evaluation model has more knowledge
than the systems being measured, for example relevance judgments on the topics in the test
set, then the model may produce an evaluation that can stand as a useful measurement,
a comparison to something more than just another system. When the evaluation model
is making use of outside knowledge, for example in Mehri and Eskenazi (2020a), then the
situation depends on the systems being measured. The following sections elaborate this
argument.

5 Retrieval and evaluation are the same problem

Asking a computer to decide if a document is relevant is no different than using a computer
to retrieve documents and rank them in order of predicted degree of relevance. In both
cases, the algorithm makes the assessment of relevance.

A retrieval system, or a relevance model, is a model of relevance given available data.
The system is trying to predict which documents are relevant and which documents are not.
Even though real systems might try to optimize a pairwise or listwise output or compute a
degree of relevance of a document or a search engine result page, it is useful to think of all
these processes as predicting relevance.

During relevance assessment, we are asking the assessor to decide whether documents
are relevant or not. This, too, is essentially a prediction of relevance. It’s a well-informed
prediction since the person is reading the document and often composed the information
need, but since the task is artificial, the assessor is basically saying that they would include
this document in a report on the topic, a report which they don’t ever actually write. We
can call that a prediction too.

We use one set of predictions, the relevance judgments, to measure the performance
of the other set of predictions, the system outputs. In doing so, we declare the relevance
judgments to be truth. In fact, you can switch the two sets of predictions, declare the
system output to be truth, and measure the “effectiveness” of the assessor compared to
that of the system. All evaluations which compare a system output to an answer key are
making a measurement with respect to the answer key, not with respect to the universe.
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Since both retrieval systems and relevance assessors are making predictions of relevance,
evaluation and retrieval are the same problem. We can imagine a very slow system that
would have a human read every document and assess its relevance given a query.

John Searle’s “Chinese Room” thought experiment3 posits a person in a box who receives
questions through a slot and delivers answers out the slot. The questions and answers
are in Chinese, a language which the person does not read or speak. Rather, the person
follows a sophisticated set of instructions for generating an answer from a question, in
Chinese, by manipulating symbols on the paper. Thus, the box appears to understand and
communicate in human language but is basically a computer. A mechanical Chinese Room
can be implemented with an LLM chatbot. Construct a prompt of a topic statement and a
document and ask for the LLM to say relevant or not, for every document in the collection.
Asking the language model about relevance is the mirror of evaluation.

If we believed that a model was a good assessor of relevance, then we would just use it as
the system. Why would we do otherwise? We don’t use human assessors that way, because
it doesn’t scale. LLMs in 2024 don’t scale, but that feels like an engineering problem more
than something fundamental; we will probably solve this with better hardware and smaller
models.

Since both retrieval and evaluation are prediction activities it seems natural to apply
machine learning to both. The predictions don’t happen in isolation: systems know about
collection frequencies and click patterns that inform the ranked list, and assessors have
experience and world knowledge that informs their labels. Machine learning, the field
where we train prediction systems by example, clearly has a role to play here.

As with any prediction, there are errors of omission and commission (or false negatives
and false positives if you prefer), and those errors represent a maximum discriminative
ability of those relevance judgments to distinguish systems. I will dive into this in more
detail in the next section.

6 The ceiling on performance

Whatever we use as the answer key represents both an ideal solution and a ceiling on mea-
surable performance. No system can outperform the evaluation’s answer key. When the
answer key is made up of human-assigned labels, then we are saying that human perfor-
mance is the ideal we are aiming for, and we can’t measure something better than that
performance. Likewise, when the answer key is created by a machine learning model or
some other mechanical process, we are saying that the model represents the idea we are
aiming for, and we can’t measure something better than the performance of that model.
This is the critical flaw with LLM-sourced relevance judgments.

An IR test collection is a 3-tuple:

C = {D,S,R}

where D is a set of documents, S is a set of search needs, and R is a function R : S 7→ D
that maps search needs to relevant documents. In the original Cranfield collections, there
is a value of R for every document d and search need s. In the TREC collections, most of

3. https://en.wikipedia.org/wiki/Chinese_room
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those pairs are unknown and pooling lets us assume that an unjudged document is likely
not relevant.

A retrieval model produces a ranking of documents dn : dn ∈ D in order of predicted
relevance to the search need s:

A(s,D) = {dn ∀ dn ∈ D}

where the set here is an ordered set, a sequence of documents where each document appears
once. The entire document collection is ranked although in practice we cut off the ranking
much earlier.

An evaluation function E(A,R) computes a real number from a k-prefix of the ranked
list Ak. Often in TREC k = 1000 but some measures set k much lower to focus on the
top of the list. If the number of relevant documents for sRs >= k, then a system can
produce a ranking whose prefix consists only of relevant documents. Thus in practice we
try to have search needs with many fewer relevant documents, and a fundamental difficulty
with enormous collections like ClueWeb is that we can easily find thousands of relevant
documents and still worry that we have not found them all (Buckley et al., 2007).

The relevance judgments in a Cranfield experiment are a model of human behavior, and
since we are trying to build systems that understand information needs and documents as
well as humans do, they model ideal retrieval performance. The evaluation function E is
typically defined to be maximized by an ideal ranking, for example if all relevant documents
are ranked ahead of any irrelevant documents. If you take the relevance judgments and turn
it into a run by first listing all the relevant documents and then padding the listing to k
with irrelevant documents, it gets perfect scores on the appropriate metrics.

Historically, this was the goal of IR performance. IR systems are meant to augment
people by scaling up their ability to understand information, and so the performance of
people is the ideal.

This ideal is also a limit on what Cranfield can measure. Under R, the best possible
ranking

A(s,D) 7→ {+,+,+,+, ...−,−,−}

orders the relevant documents ahead of any irrelevant documents. The order of relevant
documents among themselves, and irrelevant documents among themselves, are not impor-
tant: there is a very large number of equivalently ideal rankings by permutations among the
relevant and irrelevant documents. For graded relevance regimes, this ranking orders docu-
ments by their rated degree of relevance, where those degrees are positive integers, zero for
not relevant, and perhaps negative numbers for other poor outcomes like spam, and within
each relevance degree or category the documents can be permuted to create equally ideal
ranked lists. If two or more categories are equivalently valuable, we can replace them with a
superset including all equivalently valuable documents. Without loss of generality, moving
forward I will assume that rankings can have all the relevant documents ahead of all the
irrelevant documents for any relevance construct.

Theorem 1 (ideal rankings) Let C be a test collection (D,S,R) where R : s 7→ d maps
search needs to relevant documents {+,+,+, ...}. Let A(s,D) be a ranking function that
produces a ranking of documents {dn ∈ D} for a search need s. Let E : A(s,D), R 7→ R be
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an evaluation metric that computes a real number representing the quality of the ranking A
given the relevance judgments R. Then, we can define the ideal ranking as

A(s,D) 7→ {+,+,+,+, ...−,−,−}

the ranking the places the relevant documents ahead of any irrelevant documents. The ideal
ranking maximizes E, and there does not exist any ranking A′ that obtains a higher value
than A of E subject to R.

Proof Suppose a ranking A′ that has one or more relevant documents that are not in ideal
ranking A. For A′ to be ideal, these extra relevant documents must appear at the head of
the ranking. However, the ideal is defined subject to R, the full set of relevance judgments,
and A is already defined to be ideal. If there are extra relevant documents missing from A,
then A is not ideal. If the new “relevant” documents are not in R, then A′ can’t be ideal
either. So A and A′ must have the same set of relevant documents in their ranking, and
E(A,R) and E(A′, R) are equal and maximize E.

If we imagine we have a system that is better than a human, for example by finding
relevant documents that are not in the relevance judgments or correctly ranking a docu-
ment which was assessed incorrectly, that system will score less than perfectly when we
score it using the human relevance judgments. This must be the case, because unjudged
documents are assumed to be not relevant, and the documents found by this novel system
are either absent from the relevance judgments or judged non-relevant when they should
have been marked relevant. The system has retrieved documents which according to the
evaluation relevance judgments are not relevant. And so this top-performing system is
measured as performing less well than it does.

This is reflected in my 2001 paper, and with other papers that came later, but exem-
plified by Figure 1 above. The (true) top systems are under-ranked by the “model” of
relevance. This must be true for any model of relevance that generates relevance judg-
ments, be it human or machine. We cannot measure a system that is better than the
relevance judgments. Or, rather, the evaluation can’t distinguish such a system from one
that performs less than perfectly.

As a counterexample, Büttcher et al. (2007) trained a model using an incomplete set
of manual judgments to classify a larger set of documents automatically, improving the
collection. In this case the evaluation model is privileged in comparison to the runs, in that
it has relevance information that they do not. Relevance feedback nearly always improves
performance, so we would expect a hybrid set of judgments like these to have the possibility
of outperforming evaluation using the shallow judgments. This is outperforming the original
human but only doing so by retrospective use of human relevance data.4

And so when the relevance judgments are created by a person, the model can’t exceed
the human ideal. If we had a model that had “super-human” performance, we would just
make our IR system use that model. In the current state of the art, the most advanced

4. We still have a grounding problem, in that you may not believe that the model makes accurate predictions.
The process can be improved by doing a second stage of relevance assessments on the classifier outputs
in order to estimate the classifier error rates.

37



Ian Soboroff

LLMs are used as components of systems that may be hypothetically measured by relevance
judgments generated from the same models. Those systems cannot perform better than the
model generating the relevance judgments.

Obviously, the human that created the relevance judgments is not entirely ideal. The
assessor is not all-knowing, all-seeing, all-reading with perfect clarity. Assessors make mis-
takes, and TREC participants are fond of finding them. More importantly, the assessor
is only one person; someone else with the same information need would make different
judgments. If we compared the assessor’s judgments to those of a secondary assessor by
pretending that secondary assessor is a run, it would necessarily perform less than perfectly.

That means that even if we imagine that systems exist which perform better at the
task than humans do, we can’t see that improved performance in a Cranfield-style evalu-
ation. This follows from the ideal ranking theorem above. It must also be true for any
evaluation where we are comparing a system output to a “gold standard,” for example
in machine learning or natural language processing, because the gold standard represents
ideal performance, and by the ideal ranking theorem, no ranking can be measured as better
than the truth data.

The so-called “super-human” performance observed on benchmark datasets5 is actually
just measurement error. Super-human performance would be scored as less than ideal by the
established ground truth, because performing better than a human entails making different
decisions than those in the ground truth.

Some benchmarks are capable of showing super-human performance by differentiating
between the humans performing the task and the humans that create the answer key. For
example, an LLM may perform better than many people on a standardized test, but we can
measure that because the humans taking the test are not the source of the correct answers.
Likewise tests of solving analogies or complex math problems. In IR evaluations, we are
only comparing to the answer key, not another person’s attempt to recreate the answer key.6

To summarize, you should not create relevance judgments using a large language model,
because:

• You are declaring the model to represent ideal performance, and so you can’t measure
anything that might perform better than that model.

• The model used to create relevance judgments is certainly also used as part of the
systems being measured. Those systems will evaluate as performing poorly even if
they actually improve on the model, because improving on the model means retrieving
new relevant unjudged documents that aren’t in the answer key.

• When the next shiny model comes out, it will measure as performing less well than the
old model, because it necessarily must retrieve unjudged documents or ones judged
incorrectly as not relevant. And so the relevance judgments can only measure systems

5. For example, https://openai.com/index/planning-for-agi-and-beyond/ and https://venturebea

t.com/ai/google-deepmind-unveils-superhuman-ai-system-that-excels-in-fact-checking-sav

ing-costs-and-improving-accuracy/ For a contrasting view, see Tedeschi et al. (2023).
6. We wouldn’t do that because assessor disagreement is reality. There are no absolutely correct answers

outside the Cranfield room.
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that perform worse than the state of the art at the time the relevance judgments were
created.7

7 Limitations

The argument in this paper makes the case that using an LLM to generate the ground truth
for an IR evaluation results in a substandard evaluation. However, it could certainly be
the case that LLMs could play different roles in the evaluation process than inventing the
answer key.

LLMs can be used to create the answer key if they have more knowledge about relevance
than the systems being measured. If the evaluation model has access to privileged infor-
mation, for example by being fine-tuned on manual relevance judgments on the evaluation
topics, then those relevance judgments should still be able to measure systems that use the
untuned model. While it might be tempting to assume that the LLM has information about
relevance in the training data, we should avoid this assumption since we don’t have access
to the training data.

Blessing the evaluation model with extra relevance information is what makes Büttcher
et al’s (Büttcher et al., 2007) results work: the model is trained on relevance data, and
so the trained model has the advantage over any system it is measuring that doesn’t have
access to that relevance data.

We actually already knew this: the fact that relevance feedback improves retrieval is a
basic result in IR. If we have relevance information gleaned from many systems as we do
when pooling, the outputs will perform better than any individual system and thus we can
measure any individual systems with less information about relevance than the collective
pool.

This still has the problem that the evaluation isn’t future-proof: we might have a new
model that outperforms the relevance feedback of the prior generation. We haven’t seen
this yet when the collections are pooled from older systems only, if the collection is well-
judged (Voorhees et al., 2022). Or new models might have TREC triples (topic, document,
relevance) as an explicit component in their training data and be able to make use of that
in a retrieval setting.

One simple idea that seems promising is to employ a LLM to follow the assessor and look
out for mistakes. This can’t be done by simply asking, “Did you mean ‘relevant’ instead?”
since people are primed to trust the computer more than they should (Logg et al., 2019;
Bogert et al., 2021).8 But it may be possible to automate a quality-control process using a
model.

There are evaluation activities that don’t involve creating an answer key. For example,
in a user study, researchers observe user behavior and analyze those observations to draw
conclusions about the experiment. LLMs might be useful in supporting the observational

7. This might be a good thing. Since new models will look worse than old models, when their developers
run them through leaderboard-style benchmarks they will cast them aside because they seem to perform
poorly. Then we won’t ever have to worry about having a new model.

8. Logg et al. (2019) is also interesting as much behavioral literature four to five years prior seemed to
find that people distrusted algorithmic recommendations. Perhaps our perspectives are changing with
exposure. But see also Sparrow et al. (2011) on search’s effects on memory.
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process (perhaps by transcribing mouse movements and clicks in a readable way) or the
analysis process (much as we use statistical models to determine significance).

At the SIGIR workshop, a questioner asked if an LLM-generated evaluation might still
be useful even given its flaws. For example, Thomas et al. (2024) found LLM judgments
to be as useful as crowdsourced judgments, but not better than curated judgments from a
trained team. In their setup, crowd judgments represented a low rung in a tiered hierarchy of
relevance judgments and system measurements. If the judgments are not meant to support
a rigorous evaluation but rather as noisy training data, then the LLM judgments may be
useful. But if the LLM creating the truth data is part of the search system, or is of an
older generation than the search system, the results may under-report performance and
not be able to distinguish improvements, as shown above. In all cases it should be kept
in mind that the ideal used as a comparison point is not human performance, but model
performance.

8 Conclusions

I have discussed the limitations of using models to create relevance judgments. You don’t
want to do that, because then you have limited what you can measure to the level of the
generating model. If the generating model is also part of the evaluated systems, you are
stuck in a loop, or perhaps falling into a bottomless pit.

This is similar to model collapse (Guo et al., 2024). When you train the model using
its own outputs, the performance of the model decreases. The collapse mechanism is the
measurement error that comes from generating the truth data using the evaluated system.
In this case, evaluation is a loss function computed based on the generated truth data.

This doesn’t mean that LLMs can’t allow us to do amazing things. As someone who got
his start in IR working with LSI (Deerwester et al., 1990), which is essentially an optimal
linear embedding, I am very excited by the idea of nonlinear embeddings. IR systems that
use LLMs to surmount the vocabulary boundary have enormous promise for real users.

All models have limits, and humans do too. If we want to use the model to evaluate
performance, we first need to consider if we are doing something past the ability of the model
as used in that evaluation paradigm. The relevance judgments barrier is a fundamental
limitation of evaluations that measure systems against ground truth.
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