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Abstract

With the emergence of Large Language Models
(LLMs), new methods in Information Retrieval
are available in which relevance is estimated
directly through language understanding and
reasoning, instead of embedding similarity. We
argue that similarity is a short-sighted interpre-
tation of relevance, and that LLM-Based Rel-
evance Judgment Systems (LLM-RJS) (with
reasoning) have potential to outperform Neu-
ral Embedding Retrieval Systems (NERS) by
overcoming this limitation. Using the TREC-
DL 2019 passage retrieval dataset, we compare
various LLM-RJS with NERS, but observe no
noticeable improvement. Subsequently, we an-
alyze the impact of reasoning by comparing
LLM-RJS with and without reasoning. We
find that human annotations also suffer from
short-sightedness, and that false-positives in the
reasoning LLM-RIJS are primarily mistakes in
annotations due to short-sightedness. We con-
clude that LLM-RIJS do have the ability to ad-
dress the short-sightedness limitation in NERS,
but that this cannot be evaluated with standard
annotated relevance datasets.

1 Introduction

Information Retrieval (IR) is the task of finding
relevant information in a pool of numerous docu-
ments, where a document can be any retrievable
unit like a webpage or text fragment. IR meth-
ods have constantly been evolving (Kazi et al.,
2025). Vector Space Models (Salton, 1965; Salton
et al., 1975) use sparse vector representations of
term weights, where each weight represents the
frequency of the term in the given document. Doc-
uments are ordered by relevance to the query, by the
means of an ordering function, such as the BM25
(Robertson et al., 2009, Chapter 3.4). Modern IR
methods rely on dense vector representations of
text, known as “embeddings”, which are learned
by Neural Networks (Huang et al., 2013). We will
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Figure 1: Motivation for LLM-RJS. The query and
document are not similar, so embedding similarity is too
short-sighted for IR. The document is the correct answer,
but requires reasoning about relevance to identify as a
match.

refer to these methods as Neural Embeddings Re-
trieval Systems (NERS). In NERS, documents are
ordered by their similarity with the query, which is
given by a distance metric such as Euclidean Dis-
tance, or Cosine Similarity (Wang and Dong, 2020).
Karpukhin et al., 2020 showed that NERS outper-
form sparse vector representation approaches.

More recently, Large Language Models (LLMs)
have been proposed as a different approach to judg-
ing how relevant a document is to a query (MacA-
vaney and Soldaini, 2023; Faggioli et al., 2023;
Abbasiantaeb et al., 2024). Alaofi et al., 2024
showed that LL.Ms’ relevance judgments are sim-
ilar to those of humans. This has the potential to
outperform NERS models, as NERS models are
limited by retrieving documents that are similar to
the query. Similarity tests whether the semantics
of a document and query match, but dissimilar con-
tents may still be relevant with some extra thought.
An example of NERS being short-sighted is shown
in Figure 1.

For the scope of this paper, we will call a sys-
tem that uses an LLM’s generated relevance score
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for matching an LLM-Based Relevance Judgment
System (LLM-RJS). While LLM-RJS have been
shown to be effective (Alaofi et al., 2024), to the
best of our knowledge a 1-to-1 comparison against
NERS is missing. Additionally, IR applications of
reasoning models that are equipped with Chain of
Thought (CoT) capabilities, such as GPT-o1 (Jaech
et al., 2024) remain unexplored. As reasoning ca-
pabilities become cheaper and available in open
models (Guo et al., 2025), examining its impact on
document relevance judgments becomes increas-
ingly important and broadly applicable.

With this, we make the following contributions:

* We evaluate NERS and multiple LLM-RJS
models on the TREC-DL 2019 passage re-
trieval benchmark to compare their perfor-
mances in relevance ranking. We see that top
LLMs perform on par with NERS, but do not
yield demonstrably better rankings.

* We evaluate the impact of “reasoning effort”
for LLM-RJS at directly estimating the rele-
vance scores. We propose that this can help to
overcome the short-sightedness of NERS. We
find that adding reasoning results in higher
relevance ratings than the human relevance
scores, and that the LLM-RIJS overall shows
higher relevance ratings.

* We explain the difference in relevance ratings
as short-sightedness in the ground-truth anno-
tations, showing examples of documents that
have low relevance ratings in the human anno-
tation, but that are highly relevant. From the
94 false positives, 89 are actually mistakes in
the annotation because the passages are rele-
vant but not similar.

* We conclude that the empirical capabilities of
zero-shot methods for Information Retrieval
may be underestimated due to short-sighted
annotations, making short-sighted similarity
models appear better than more capable rea-
soning models. LLM-RJS have the ability
to overcome the short-sighted limitation of
NERS, but this does not lead to better metrics
when evaluated on human annotations.

2 Related Work

We describe previous research on NERS and LLM-
RJS models. While NERS stem from a long line
of existing research in text embeddings (Mikolov
et al., 2013; Pennington et al., 2014), we specifi-
cally focus on embeddings from Neural Networks.
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NERS Neural Embedding Retrieval Systems
(NERS) rely on pre-trained language models to
create a dense vector representation of text. These
language models are Neural Networks trained us-
ing objectives such such as Masked Language Mod-
eling (Devlin et al., 2019) or Contrastive Learning
(Gao et al., 2021). The penultimate layer of the
Neural Network therefore has a dense representa-
tion of the semantic meaning of the text, capturing
properties like synonymy (Karpukhin et al., 2020).

NERS models work by computing the embed-
ding representation of the query and the document,
and evaluating the distance between them, typically
through cosine similarity. When a document and a
query describe similar concepts they get a higher
similarity score. Document relevance is therefore
ranked by similarity to the query.

We consider this a fundamental limitation of IR
systems that rely on embedding similarities. While
similarity between query and document is a good
heuristic for relevance, it is not exactly the same.
Similarity scores assess relevance based on whether
the semantics match, but sometimes it is possible to
link the document and the query with extra thought,
as the example in Figure 1. It is not similar, but
with some extra thought can still be highly relevant.
Even with ever-improving embedding models (Tra-
belsi et al., 2021), this necessarily gives a limitation
of NERS.

LLM-RJS Large Language Model-Based Rele-
vance Judgement Systems (LLM-RIJS) instead use
the generated answers from an LLM to establish
relevance. In this work, the LLM is prompted with
query and document, and instructed to quantify
how “relevant” the document is in line with the
human annotations, though many variations for
prompting exist (Arabzadeh and Clarke, 2025).

Faggioli et al., 2023 found that LLMs can per-
form comparably to humans in identifying irrele-
vant information but struggled to consistently rec-
ognize relevant pieces of information. In their re-
sults GPT-3.5 showed a higher false negative rate
than humans.

Evaluating the goodness of document relevance
assigned by LLMs can be directly compared to
human-labeled query-document pairs are used as
the “ground truth”. However, humans are not con-
sistent in rating document relevance (Bailey et al.,
2008). To evaluate LLMs fairly, Alaofi et al., 2024
posed the issue as “if LLMs produce labels that
agree with humans to the same extent that humans



Query

Passage

Rel.

axon terminals or synaptic
knob definition

definition declaratory
judgment

difference between a
mcdouble and a double
cheeseburger

do goldfish grow

At the end of the axon’s branches and form synapses with the dendrites of other neurons.

That is especially true in situations where a non-practicing entity has sent a licensing offer
to a potential infringer. Cases finding declaratory judgment jurisdiction. A patent owner
wrote to its licensee alleging that a product sold by the licensee was subject to a license
agreement. The licensee paid the requested royalties under protest and filed a declaratory
judgment suit.

Although we previously reported that the McDouble would be on the Dollar Menu, in
Manhattan the cheeseburger appears on the Dollar Menu while the McDouble is $1.39 and
the double cheeseburger is $1.49.

A: The conditions goldfish are kept in plus their diet determine how large they will grow. I
have seen goldfish grow ridiculously large in very small containers when their water was
changed frequently. Goldfish will not grow if water conditions are poor. Fancy goldfish
don’t grow as large as Common goldfish. A good size would be around 5 inches body

length for most fancy varieties, 8 inches for Comets and 12 inches for Common Goldfish.

0

1

These sizes are usually only attained by pond grown fish.

Table 1: TREC-DL 2019 examples. Relevance: 0 = Irrelevant, 1 = Related, 2 = Highly relevant, 3 = Perfectly

relevant.

agree with each other (human-to-human range), we
can conclude that they are sufficiently reliable for
use”. Their results show that larger LLMs, such as
GPT-4, GPT-40, and LLaMA70B give results in the
human-to-human range. Only GPT-4 and GPT-40
were robust to the prompt variations. However, this
perspective cannot show when LLMs might outper-
form humans in the ability to estimate relevance.

Because LLM-RJS systems are zero-shot models
and are not trained as supervised learning systems
on the human annotations, we should consider that
it has the potential to outperform human annota-
tions. Additionally, with reasoning models (Wei
et al., 2022), we can generate reasoning processes
that show relevance in a way that has more depth
than simple similarity scores, and might have more
depth than the human labels.

3 Dataset

TREC (Text REtrieval Conference) datasets are
commonly used in the IR field (MacAvaney and
Soldaini, 2023; Faggioli et al., 2023; Alaofi et al.,
2024). Similarly to Alaofi et al., 2024, we use
queries and passages from the test set of the passage
retrieval task dataset of the Deep Learning Track
of TREC 2019 (TREC-DL 2019) (Voorhees et al.,
2020). TREC-DL 2019 contains triples of form
(query, passage, relevance score).

The passage corpora of TREC-DL 2019 are de-
rived from the MS MARCO dataset. MS MARCO
is a large-scale dataset of real web search queries
and web text originally sampled from Bing search
logs. Queries in MS MARCO are real user queries
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and passages are extracted from web documents ob-
tained via Bing search results. Table 1 gives some
examples of (query, passage, relevance) triples.

The relevance scores of TREC-DL 2019 are eval-
uated by human assessors. The scores (Voorhees
et al., 2020, Section 2.2) are integer values using a
4-point scale (0-3) where:

3. Perfectly relevant: The passage is dedicated
to the query and contains the exact answer.
Highly relevant: The passage has some an-
swer for the query, but the answer may be
a bit unclear, or hidden amongst extraneous
information.

1. Related: The passage seems related to the
query but does not answer it.

Irrelevant: The passage has nothing to do
with the query.

For both experiments, the LLMs are instructed to
only output the relevance score of the (query, doc-
ument) pair. Any response that could not be cast
to an integer between 0 and 3 was considered a
failed response. All others are successes. For each
model, the (query, document) pairs were divided
into successes and failures. The intersection of all
successful pairs was kept for final analysis.

2.

4 Experiment 1

To evaluate whether LLM-RJS can outperform
NERS, and therefore attempt to address the short-
sightedness issue of NERS, we compare the perfor-
mance of NERS with LLM-RIJS in document rank-
ing. As a baseline we evaluate the BM25 model.
We first describe the implementation details of the
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Figure 2: Overview of Experiment 1. Documents are ranked (ordered) based on the “relevance score” with respect
to the query assigned by each system. The rankings are compared to the ranking yielded by humans labelers, via

NDCG. The mean NDCG is used as final evaluation.

Model Provider = Open Weights
GPT-5.1 OpenAl No
Sonnet 4.5 Anthropic No
Gemini 2.5 Pro  Google No
gpt-0ss:20b OpenAl Yes
gpt-0ss:120b OpenAl Yes
llama3.2:1b Meta Yes
1lama3.2:3b Meta Yes
llama3.1:8b Meta Yes

Table 2: LLMs used in Experiment 1 (OpenAl, 2025;
Anthropic, 2025; Google, 2025; Ollama, 2024; Meta,
2024b,a).

three models, and then how they are evaluated. The
overall setup of Experiment 1 is demonstrated in
Figure 2.

LLM-RJS All models were asked to estimate
the relevance of (query, passage) pairs on a 4-point
scale pair, using the prompt found in Appendix A.
The prompt describes the task and provides the rel-
evance score convention. The models were also
given examples of (query, document, relevance)
triples, as examples are known to enhance LLM
performance (Brown et al., 2020). We use both
closed state-of-the-art (at the moment of writing),
as well as open-weights models. Table 2 provides
an overview of the LLM models evaluated. The
temperature hyperparameter (Ackley et al., 1985;
Peeperkorn et al., 2024), controls the amount of
“randomness” in LLM token generation. The tem-
perature was set to O for all models, to ensure re-
producibility and because higher temperatures have
been shown to have a moderate correlation with in-
coherence (Peeperkorn et al., 2024). The reasoning
efforts of GPT-5.1 was set to “none”. The open-
weights models were run using Ollama’.

"https://ollama.com/
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Neural Embedding Retrieval Systems: For
NERS, we used a closed model and an open-
weights one. The closed model, gemini-
embedding001, is the state-of-the-art from Google,
showed to outperform most of the current embed-
ding models (Lee et al., 2025). The open model
is nomic-embed-text:v1.52. It is an extension of
nomic-embed-text:vl (Nussbaum et al., 2024) that
uses Matryoshka Representation Learning (Kusu-
pati et al., 2022). The base model, nomic-embed-
text:vl, showed better performance (Nussbaum
et al., 2024) than similarly sized embedding mod-
els and established models like GloVe (Pennington
etal., 2014).

BM2S baseline: BM?25 is a probabilistic scoring
function that ranks documents based on query term
frequencies while balancing the effects of term fre-
quency and document length.

The BM2S5 scoring function is defined as:

fr,a(k1+1)
fo.ath (1—b+b

BM25(d, ) = Yy, IDF(t)

ld|
avgdl

)

where ¢ is the query, f; 4 is the frequency of term
t in document d, k; controls the degree of term-
frequency saturation, |d| is the length of document
d, avgdl is the average document length in the col-
lection, and b € [0, 1] controls the strength of doc-
ument length normalization.

The inverse document frequency (IDF) reduces
the weight of common terms while increasing the
importance of rarer terms across the collection:

N —n;+0.5

where N is the total number of documents and 7,
is the number of documents containing term ¢.

“https://huggingface.co/nomic-ai/nomic-embed-text-v1.5
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Figure 3: Performance of LLM-RJS and NERS models in relevance ranking, measured by NDCG@k. Top
LLM-RIJS models perform on par with NERS models, but do not appear to outperform them. Results are in line
with previous research from Hofstétter et al. (2021); Xing et al. (2023), reporting mean NDCG @ 10 of 0.72 and 0.73

respectively.

Similarly to Voorhees et al., 2020, BM25 with
the default parameters (k; = 1.5, b = 0.75) was
chosen as a baseline ranking system. The rank-
ings yielded by both LLM-RJS and NERS will be
compared to the one of BM25.

Model evaluation: The relevance estimates from
NERS and BM25 cannot be directly compared to
ground truth relevance scores, due to different rep-
resentations of relevance. Instead, the document
rankings, i.e. the set of documents ordered by their
relevance to the query, yielded by the different sys-
tems can be directly compared.

The Normalized Discounted Cumulative Gain
(NDCG) (Wang et al., 2013) is a measure of rank-
ing quality, which we will use to compare the rank-
ings obtained by different retrieval systems.
NDCQG is defined as:

~ DCG(A)

NDCG(A) 5CGT

o hidy)
DCG(R) = ; gl 3 1)

where [ is the ideal ranking and h(d;) is the rele-
vance of document d at position ¢ in the ranking.
NDCG ranges from O to 1, with 1 corresponding
to the ideal ranking induced by human relevance
judgments.
NDCG@k is NDCG evaluated for the sub-ranking
that consists of the first £ documents in the initial
ranking.

Since each query yields a ranking, and the
dataset consists of multiple queries, the average
NDCG and NDCG@k with £ = 5 and k£ = 10
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over queries will be computed as final evaluation
metrics.

4.1 Results and Discussion

For each query, all the passages in relation with it
have been ranked, and the NDCG, NDCG@5 and
NDCG@10 has been computed for the rank yielded
by each model. Figure 3 shows the results of Ex-
periment 1 as a violin plot with NDCG, NDCG@5
and NDCG @10 of all models.

The NERS and LLM-RJS models per-
formed on par with previous models ?hofs-
tatter202 1 efficiently, xing2023query).  These
previous models are purposely trained dense
retrievers, unlike the models analyzed by this
paper, which are zero-shot.  The presented
NDCG @10 of these previous models was reported
in the respective papers and not implemented here.

For this experiment, only Llama3.1:8b,
Llama3.2:1b and Sonnet 4.5 had any failures,
out of which, Llama3.2:1bs and Sonnet 4.5 have
been excluded for having failed more than 2/3 of
all data points (lack of instruction compliance,
see Appendix A. Table 5 provides an example of
failure for each model.). The models failed to only
output one integer between 0 and 3. Expectedly,
one of the excluded models is Llama3.2:1b, the
smallest model in the selection, with 8312/9260
failed responses. Surprisingly, the other one
was Sonnet 4.5, the state-of-the-art (at the time
of writing) of Anthropic, which failed to only
give relevance scores for 7473/9260 data points.
Llama3.1:8b only failed 84/9260 data points.

Overall, NERS are still most proficient for rank-
ing documents, and perform the task better for only



Documents

a ™

’ Humans rate document relevance w.r.t. query

N
D1 Dzj ﬁ

’ LLM-RJS without reasoning rates relevance

Query ’

LLM-RJS with reasoning rates relevance

Relevance Ground Truth

D1 D;[ Dg
R:0 R:3 R:2

— — = Compare
D1 D2 D3
R:1 R:2 R:3

J

D D )
D1 D2 D3
R:2 R:1 R:2 Compare

-

Figure 4: Overview of Experiment 2. The LLM estimates relevance of (query, document) pairs in “high reasoning”
and “low reasoning” conditions. The mean absolute error between LLM and human assessment in the two conditions

is used as evaluation metric.

a fraction of the cost, and a fraction of the time. The
price per 1 million tokens strongly favors NERS,
with Gemini Embeddings costing 0.15$ per 1 mil-
lion tokens. On the other side, GPT-5.1 costs 1.25$
per 1 million input tokens and 10$ per 1 million out-
put tokens. Albeit financially undesirable, LLMs
do not leave much on the table, when it comes to
ranking (query, document) pairs.

The proprietary models consistently outperform
the open models. The bottom line is, if one is
looking for the best option, Gemini Embeddings is
the winning model. If, aside performance, running
the retrieval system locally is also a consideration,
nomic-embed-text:v1.5 is a viable option.

5 Experiment 2

Chain of Thought (CoT) reasoning (Wei et al.,
2022) has been shown to yield substantial improve-
ment in LLM capabilities on a variety of tasks. It
works by letting the LLM generate a longer series
of tokens as “reasoning” before giving the final an-
swer. This strategy has been shown to lead to better
results in image Information Retrieval (Wu et al.,
2025), and is therefore also promising for having
LLM-RIJS outperform NERS models.

We prompt GPT-5.1 to estimate the relevance
of (document, query) pairs with the prompt de-
scribed in Appendix A. To compare the reasoning
against the non-reasoning conditions we change
the “reasoning effort™, which controls the amount
of reasoning tokens before the output. A visual
overview of the experiment is shown in Figure 4.

The same experiment was also performed with
gpt-0ss:20b, a smaller open-weights model, with

3https://platform.openai.com/docs/guides/reasoning#get-
started-with-reasoning
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similar results reported in Appendix C, suggesting
that the findings are consistent.

Since the LLM-RJS can directly estimate prompt
relevance under the same definitions as the human
annotations, the relevance estimates are compared
directly, instead of by the ranking. Figure 5 shows
the confusion matrices of the non-reasoning and
reasoning LLM-RJS relevance rating compared to
human relevance ratings.

We observe reasonable agreement between the
LLM-RIJS systems and the human annotations,
but find that in many cases the LLM-RIJS assigns
higher relevance ratings than the humans anno-
tations. This is particularly visible in the large
number of cases where the human rating has rel-
evance 0 (irrelevant), while the LLM-RIJS has rel-
evance 1 (related). This difference increases for
the reasoning model, which identifies yet more
(document, query) pairs as related. These higher
ratings are also reflected in the average relevance
ratings, where the average human rating is 0.79,
LLM-RJS without reasoning is 1.03, and with rea-
soning is 1.23.

Human Rating

0 1
LLM Rating

2

LLM Reasoning Rating

Figure 5: Differences between human and LLM rele-
vance ratings with and without reasoning for GPT 5.1.
The LLMs overall are more likely to see relevance in
documents, especially with reasoning.



Query

Passage

Human Reasoning No Reasoning NERS

axon terminals or
synaptic knob defini-
tion

causes of left ventricu-
lar hypertrophy

cost of interior con-
crete flooring

definition declaratory
judgment

difference between
a mcdouble and a
double cheeseburger

difference between rn
and bsn

do goldfish grow

example of mono-
tonic function

exons definition biol-
ogy

how long is life cycle
of flea

The small bulges at the end of the axon that send
messages to other neurons are called

Heart hypertrophy is a condition where the muscu-
lar wall of the heart becomes thickened. [...] It can
thicken as a result of high blood pressure [...]

Polished concrete pricing and cost per square metre
for concrete polishing can range from as little as £20
to as much as £150 per metre square [...]

n. a judgment of a court which determines the rights
of parties without ordering anything be done or award-
ing damages [...]

One slice of cheese instead of two. It’s twenty cents
more to get a double cheeseburger for $1.19. [...]

Once you graduate, you have your BSN, but to be-
come an RN, you have to take state boards and pass
them before you are an RN. [...]

average ones are four to six inches (10 -15 cm) long,
but they can grow up to 7 inches [...]

[...] Since then, this proportion has grown steadily
and monotonically with each successive election to
43% in 1996, 54 % in 2000, 58 % in 2004 |...]

A portion of DNA that codes for a section of the
mature messenger RNA obtained from that DNA [...]

[...] Adults live about 7 to 10 days and deposit eggs
on the moist soil surface or in soil cracks |[...]

0 3 2 0.48
0 3 2 0.52
0 3 2 0.46
0 3 3 0.53
0 3 3 0.43
0 3 3 0.57
0 3 2 0.35
0 3 2 0.14
0 3 2 0.55
0 3 2 0.38

Table 3: First 10 query-IDs where GPT5.1 gave rating 3 while the humans gave 0. The annotations suffer from
short-sightedness, while GPT-5.1 with reasoning correctly identifies relevance. Of the 94 such cases only 5 were
genuine false positives (shown in Appendix B). The NERS similarity averages 0.44 for these 94 cases, while it is
0.50 for true positives (higher is more similar). Bold highlights key examples of the short-sightedness limitation.

Particularly interesting is that the reasoning con-
figuration, which would be expected to perform bet-
ter, has double the incidences where human ratings
identify a pair as irrelevant (0), while the LLM-RJS
identifies the pair as perfectly relevant.

Table 3 shows examples from these cases. Pre-
dominantly, the passages are actually highly rele-
vant, but might not be immediately obvious. The
“difference between a mcdouble and a double
cheeseburger” is indeed one slice of cheese instead
of two. This may not be obvious to human anno-
tators or short-sighted NERS models that evaluate
similarity, but in these cases the reasoning LLM-
RIS outperforms the benchmark. Overall the re-
sults from Experiment 2 show that the addition of
reasoning allows the model to identify relevance
that is not obvious, beyond the human annotations.
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6 Conclusion

We proposed that the short-sightedness problem of
NERS may be resolved with relevance reasoning
LLM-RJS. Similarity is not always sufficient for
relevance. In Experiment 1, we evaluated whether
these LLM-RIJS outperform NERS on a ranking
task, and do not find improvement. In Experiment
2 we added reasoning, and directly compared the
LLM-RIS relevance rantings to the human rantings.
This showed the LLM-RJS was able to identify
more documents as relevant than the human annota-
tions. This suggests that the human annotations suf-
fer from similar short-sightedness as the NERS sys-
tems, explaining why the LLM-RJS do not reach a
noticeable improvement compared to NERS when
evaluated on NDCG with short-sighted human an-
notations as ground truth.

System trade-offs The primary downside to
LLM-RJS systems is the added cost compared to



embedding models. The price-per-token of top per-
forming LLMs is roughly 10x that of equivalent em-
bedding models. Additionally, for NERS systems
implemented at scale, each document only needs to
be embedded once even for multiple queries, and
all document embeddings can be stored in a vec-
tor database for efficient retrieval. The LLM-RIJS
system demonstrated here requires LLM inference
for each (query, document) pair and therefore does
not scale well. A solution may be found in CoT
re-ranking (Wu et al., 2025), where an embedding
model is used to make a first selection of docu-
ments that are similar, and then the reasoning-LLM
selects the relevant documents from the subset of
similar documents. However, this only addresses
the problem where similar documents are not rel-
evant, but would still fail in cases as the example
in Figure 1, where the document is relevant but not
similar.

Future work The presented results suggest, but
do not definitively show that LLM-RJS models
can outperform human annotations. To establish
the performance difference between human rele-
vance and LLM-RIJS relevance re-annotation may
be done where trained annotators compare exist-
ing labels and LLM-RIJS relevance judgements and
establish which is correct. This can be supported
by additionally providing the reasoning chain from
the LLM-RIJS, to provide argumentation for the
judgment.

We have established in this instance of an In-
formation Retrieval a mismatch between similarity
and relevance, and show this as a short-sightedness-
bottleneck for embeddings. However, for a variety
of different Information Retrieval tasks, a variety
of retrieval requirements exist beyond “relevance”.
In tasks further conditions apply such as prefer-
ring high-quality documents, while in other tasks
specifically similarity might be preferred over rele-
vance (e.g. for detecting copyright infringement).
With advanced Information Retrieval capabilities
of LLM-RJS models, soft requirements can be con-
sidered, and there are more possibilities to deviate
from ‘similarity’ or requirements that can be quan-
tified. Evaluating LLM-RJS against human anno-
tations still appears to be the standard (Arabzadeh
and Clarke, 2025), and efforts are needed to re-
specify what the (sub)tasks of Information Re-
trieval problems are, and how LLM-RJS models
can be evaluated.

In conclusion, we found that the short-
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sightedness motivation presented in the illustra-
tive Figure 1 is a valid limitation of NERS models
that can be addressed by LLM-RIJS. However, as
shown with the examples of short-sighted annota-
tions in Table 3, human annotations suffer from
the same short-sightedness limitation, they present
as false-positives for a confusion matrix in Figure
5. Therefore, under a standard annotated bench-
mark evaluation as shown in Figure 3, they do not
demonstrably outperform NERS, while they still
could be giving better relevance judgments.

7 Limitations

We have introduced short-sightedness as a fun-
damental problem of embedding similarity and
demonstrate through examples that it exists. How-
ever, the concept of short-sightedness lacks a for-
mal definition, making it difficult to identify exactly
which false-negatives are due to short-sightedness
and which are not. Not all examples in Table 3 are
necessarily due to the short-sightedness problem,
and there may be short-sighted examples that the
LLM-RIS also fails to identify as relevant. We
therefore cannot quantify the scale of this problem,
and further theoretical analysis of short-sightedness
is needed.

We should consider that the short-sightedness in
human annotations is not universal for all datasets.
We have shown cases of short-sightedness in this
dataset, but expert annotators or more effortful
annotation may not suffer from the same short-
sightedness problem. Since LLM-RJS do not need
large training datasets, efforts can be focused on
only creating test sets.

Declaration on Generative AI: For this paper,
OpenAi’s GPT-5, GPT-5.1 and GPT-5.2 models
were used for minor reformulations and spelling
checking, and LaTeX formatting.
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A  Prompt
The prompt that was used for all LLMs was:

You are an automatic passage relevance judge for information retrieval.
Your task is to rate how relevant a single passage is to a given query.

Follow these instructions:

- Carefully read the query and the passage.
- Decide how relevant the passage is to the query only, ignoring any external knowledge you might have.
- Assign exactly one integer relevance score using this 4-point scale:

3 - Perfectly relevant:
The passage is clearly dedicated to the query and contains the exact answer or all key information
— needed to answer it. No important part of the answer is missing.

Example:

Query: "What is chocolate?”

Passage: "Chocolate is a food made by roasting and grinding cacao seeds.”
Score: 3

2 - Highly relevant:

The passage contains some answer to the query, but the answer may be partially unclear, incomplete,
< indirect, or mixed with a lot of extraneous information. Still, it provides clear help in

— answering the query.

Example:

Query: "Labrador breed”

Passage: "Labradors are friendly dogs often used as guide animals.”
Score: 2

(Passage is about Labradors but doesn't define the breed fully.)

1 - Related:
The passage is about a topic clearly related to the query, but it does not actually answer the query.
— It may provide background, context, or tangential information only.

Example:

Query: "What is chocolate?”

Passage: "Cacao trees grow in tropical

climates.”

Score: 1 (Related ingredient, but no definition of chocolate.)

@ - Irrelevant:

The passage has nothing to do with the query or is only extremely weakly related, and it does not help
< answer the query at all.

Example:

Query: "Labrador breed”

Passage: "The Eiffel Tower is in Paris.”
Score: @

Output format:

You must always return a single integer score between @ and 3 and NOTHING else.
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B Genuine False Positives in GPT 5.1 with reasoning

Query Passage Human Reasoning No Reasoning NERS
exons definition biol- [...] precursor mRNA (pre-mRNA) is transcribed by 0 3 2 0.67
ogy RNA polymerase II in the nucleus. pre-mRNA is then

processed by splicing to remove introns, leaving the
exons in the mature messenger RNA (mRNA). [...]

is cdg airport in main  CDG may refer to: [...] 2 Charles de Gaulle, French 0 3 2 0.52
paris general and politician. IATA code for Charles de
Gaulle Airport, in Paris, France.
Ips laws definition Lipopolysaccharides (LPS), also known as lipogly- 0 3 1 0.66
cans and endotoxins, are large molecules consisting of
alipid [...]
Ips laws definition Bacterial lipopolysaccharides (LPS) are the major 0 3 1 0.69

outer surface membrane components present in almost
all Gram-negative bacteria [...]

why did the us volun- The United States in World War I declared war on the 0 3 2 0.56

terilay enter ww1 German Empire on April 6, 1917. The U.S. was an in-
dependent power and did not officially join the Allies.
It closely cooperated with them militarily but acted
alone in diplomacy.n January 1917 Germany resumed
unrestricted submarine warfare. The German Foreign
minister, Arthur Zimmermann invited revolution-torn
Mexico to join the war as Germany’s ally against the
United States in the Zimmermann Telegram.

Table 4: The 5 false positives where GPT 5.1 with reasoning gave a relevance rating of 3, while the human
annotations gave a relevance of 0. While many passages are partially relevant, we believe they do not fully answer
the query and should receive a lower rating. All other 89 false positives are due to mistakes in the annotations, not
mistakes of the LLM-RIJS.

C Reasoning experiment with GPT-OSS

In Figure 6 we reproduce Experiment 2 with an open-source reasoning model. Again we see that the
model is more likely to give higher relevance ratings than the humans, and that this effect is larger for
the reasoning model. Compared to GPT 5.1, we do see an increase in false-negatives (lower triangular)
suggesting that this model might also have generally increased errors.
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Figure 6: Differences between human and LLM relevance ratings with low and high reasoning for gpt-oss:20b. The
LLMs overall are more likely to see relevance in documents, especially with reasoning.
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D Examples of LLM-RJS failure

LLM Query Passage LLM output
Sonnet 4.5 anthropological defini-  Man and environment reciprocal re- 1
tion of environment lationship. The relationship between The passage discusses the relationship
humans and environment has varied between humans and environment
from the early periods of human set- from an anthropological perspective,
tlement on the earth to the present day. which is related to the query topic.
The relationship between environment However, it does not actually provide a
and human beings has also being vary- definition of “environment” in anthro-
ing from place to place at any given pological terms. It only describes how
period of time. the human—environment relationship
varies across time and space, which is
contextual information rather than a
definition.
llama3.2:1b cost of interior concrete 1 To have a professional complete You must assign exactly one integer
flooring the epoxy flooring, the price can vary  relevance score.
anywhere from $5 to $13 per square Score: 1
foot. 2 An average two car garage can
cost anywhere from $2,000 to $5,000
to complete.3 To get an exact price for
an installation job, consider using free
services such as HomeAdvisor.com.
For example, a water-based epoxy
paint can retail for $20 to $40. 2 To
have a professional complete the epoxy
flooring, the price can vary anywhere
from $5 to $13 per square foot. 3
An average two car garage can cost
anywhere from $2,000 to $5,000 to
complete.
llama3.1:8b do goldfish grow The dolphin fish is the fastest grow- You want me to rate the relevance of

ing wild fish species known to man.
When the conditions are right, the
dolphin fish can grow as fast as 1.3 to
2.7 inches in a week!That means that
in about 1 year, the fish can grow to
four feet long and could be as heavy
as 40 pounds. Studies have shown

that females rarely go over 40 pounds
while males can grow to as much as 60
pounds. As a fast-growing fish species,
it is also among those which mature
early. In fact, dolphin fish are sexually
mature in as early as 3 months, some
even maturing at just 14 inches long.

the passage to the query “do goldfish
grow".

After carefully reading both the query
and the passage, I assign a score of:
Score: 2

The passage provides clear informa-
tion about the growth rate of dolphin
fish, including their potential size and
weight. The passage also mentions that
studies have shown females rarely ex-
ceed 40 pounds while males can reach
up to 60 pounds, which is relevant to
the query.

However, the passage does not directly
answer whether goldfish grow or not.
It provides general information about
dolphin fish’s growth rate but does not
provide any direct evidence or exam-
ples of goldfish growing. Therefore, I
assign a score of 2 instead of 3, indi-
cating that the passage is related to the
query but does not provide a definitive
answer.

Table 5: Examples of outputs of models that failed to comply to the prompt. The models fail to only give the
relevance score and provide additional justification.
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