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Abstract

Retrieval-augmented generation (RAG) enables large language mod-
els (LLMs) to generate answers with citations from source docu-
ments containing “ground truth”. A crucial factor in RAG evaluation
is “support”, or whether the information in the cited documents
supports the answer. We conducted a comparative study of sub-
missions to the TREC 2024 RAG Track, evaluating an automatic
LLM judge (GPT-40) against human judges for support assessment.
We considered two conditions: (1) fully manual assessments from
scratch and (2) manual assessments with post-editing of LLM pre-
dictions. Our results indicate good agreement between human and
GPT-4o predictions. Further analysis of the disagreements shows
that an independent human judge correlates better with GPT-40
than a human judge, suggesting that LLM judges can be a reliable al-
ternative for support assessment. We provide a qualitative analysis
of human and GPT-4o0 errors to help guide future evaluations.
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1 Introduction

Retrieval-Augmented Generation (RAG) has recently gained pop-
ularity in both academic and industrial settings (e.g., Bing Search
[14] and popular frameworks like LangChain [2]). In RAG, large lan-
guage models (LLMs) generate answers to user queries that include
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citations to source documents as necessary [1, 8, 9, 11]. RAG sys-
tems improve factuality and verifiability, reducing hallucinations
observed in “closed-book” LLM generation [7, 10, 11, 13, 21].

Document-level citations for supporting facts in LLM-generated
answers are integral to any deployed RAG system. Therefore, sup-
port evaluation assesses whether a RAG answer factually supports
the information present in the cited documents, which is crucial
for evaluating the quality of a RAG system. Prior work on support
evaluation in the RAG literature [3, 6, 12, 19, 20, 22, 23] relies on
an automatic judge, i.e., an LLM as a proxy judge. However, it is
unknown whether an LLM judge can potentially replace a human
judge for support evaluation.

This paper examines results from the TREC 2024 RAG Track,
assessing 45 participant systems on 36 information-based queries.
A sample query and answer are shown in Table 1. We conducted
a large-scale comparative study between human and LLM judges
using resources provided by the National Institute of Standards and
Technology (NIST) to better understand whether support assess-
ment can be automated. Unique to the TREC setup, we contrast
our automatic judgment process using a strong LLM judge (like
GPT-40) against a manual process under two conditions: (1) manual
from scratch, where human annotators perform assessments from
scratch and (2) manual with post-editing, where human annotators
are shown GPT-4o predictions during the evaluation process.

In this paper, we focus exclusively on support, i.e., whether the
information in an answer sentence is supported by the cited docu-
ments, which we consider as the “ground truth”. Our experimental
results indicate that GPT-40 and human judgments perfectly match
56% of the time in the manual from-scratch condition, increasing to
72% in the manual with post-editing condition. These results show
promise in using LLM judges for support assessment in both condi-
tions. We measured support of a system’s overall answer in terms
of two metrics: weighted precision and weighted recall, where pre-
cision penalizes overcitation, and recall penalizes undercitation. We
observe a high correlation at the run level (above 0.79 Kendall 7)
between GPT-40 and human judges, providing evidence that LLMs
can potentially replace human judges for support evaluation.

In addition, to better understand the discrepancies between GPT-
40 and human judges, we conducted an unbiased disagreement
study with an independent human judge who carefully re-assessed
537 randomly sampled pairs, including both assessment conditions.
Our results surprisingly show that the independent judge agrees
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Topic: how taylor swift’s age affects her relationships

Answer: Swift’s relationships have frequently involved notable age gaps, which have
sometimes led to complications [ ]. For instance, her relationship with John Mayer,
who was 11 years her senior, reportedly strained due to the age difference and Mayer’s
reputation as a playboy, leading to Swift feeling taken advantage of [0, 3, 4]. This
relationship inspired her song "Dear John," reflecting her emotional turmoil [3, 4]. [. . .]
As she matured, her understanding of relationships evolved, making her less naive and
more discerning in her romantic choices [8]. In summary, Taylor Swift’s age has played
a crucial role in shaping her relationships, influencing both the dynamics and outcomes
[8, 1].

Answer Sentence: This relationship inspired her song “Dear John,” reflecting her
emotional turmoil.

Passage ID [3]: msmarco_v2.1_doc_35_202251892#8_427548986

Title: Timeline Of Taylor Swift’s Age-Inappropriate Romances | Business Insider
Text: [...] 2010: Taylor Swift, 21, & John Mayer, 321 / 12 And then the inappropriateness
of Swift’s dating habits peaked [...] and then the heartbroken young Swift penned
the song ‘Dear John’ about the break up. Earlier this year, Mayer admitted that he felt
‘humiliated” when he heard the song, but Swift refuses to admit it’s about him, telling
Glamour magazine it was ‘presumptuous’ of him to think the song was about him.

Human Judge: Full Support GPT-40 Judge: Full Support

Answer Sentence: As she matured, her understanding of relationships evolved, making
her less naive and more discerning in her romantic choices.

Passage ID [8]: msmarco_v2.1_doc_48_737500982#1_1325021022

Title: What Went Wrong With Jake Gyllenhaal And Taylor Swift?

Text: Taylor Swift and Jake Gyllenhaal dated from October to December 2010. [...]
“He said he could feel the age difference,” a source told Us Weekly. [...] “When Jake
broke her heart, she was so inexperienced she didn’t know how to deal with it. She
wasn’t used to all the head games and the lies but now she’s way less naive.”

Human Judge: No Support GPT-40 Judge: Partial Support

Table 1: Examples of support evaluation with GPT-40 and
human judges for the Taylor Swift topic. The citations in the
answer and the fragment of the passage that supports the
answer sentence are highlighted.

better with GPT-40 than the human judge (e.g., Cohen’s k of 0.27
vs. 0.07). For a much more thorough analysis of support evaluation
results, please refer to Thakur et al. [21]. Finally, we discuss annota-
tion errors to help improve future iterations of support evaluation.

2 Background and Related Work

In our work, we evaluate support at the sentence level in the answer
as defined in Thakur et al. [21]. We assume an answer r is segmented
into n sentences, r = {a1, cee ,an}, where each answer sentence a;
can contain a maximum of m document citations, a; = {d;, - -+ ,dm},
each of which is a document drawn from the corpus. Support is
calculated as the function f(a;,d;) = s; j where f can be a human
or LLM judge that generates a scalar value s; j, indicating the extent
that the cited document d; provides support to sentence a;. A few
examples of support evaluation are shown in Table 1.

Previous work on support evaluation in RAG used different
automatic judges: examples include an natural language inference
(NLI) model [7], LLM with prompting [6], or even fine-tuned custom
LLMs [20] as the automatic judge. Wu et al. [22] evaluated the tug
of war between an LLM’s internal prior over supporting wrong
context information. Similar to our formulation, Ming et al. [15]
provided an evaluation benchmark consisting of academic question
answering (QA) datasets with human validation, and Liu et al. [12]
evaluated the quality of proprietary search engine outputs with
crowdsourced human judges.
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s . . Support level
Condition #Topics #Annotations PS NS
(1la) Manual from scratch (Human) 22 6,742 2,752 1,652 2,338
(1b)  Automatic (GPT-40) 22 6,742 3,110 2421 1211
(2a) Manual with post-editing (Human) 14 4,165 1,812 1,076 1,277
(2b)  Automatic (GPT-4o) 14 4165 2,045 1330 790

Table 2: Descriptive statistics for support judgments for the
(1) manual from-scratch condition and (2) manual with post-
editing condition for 45 participant submissions on 36 topics.

3 Track Description & Assessment

3.1 TREC 2024 RAG Track

The context for this work is the TREC 2024 RAG Track! [17, 21],
where many teams participated, organized by the Text Retrieval
Conference (TREC). Therefore, our human and LLM judges were ex-
posed to multiple answers and cited documents during the support
evaluation. The track required that answers generated for topics
be segmented into sentences, and that each sentence is associated
with citations to passages from the corpus (e.g., Table 1).

Passage collection. The MS MARCO V2.1 segment collection
contains 113,520,750 passages, derived from a deduplicated version
of the MS MARCO V2 document collection [4] by removing near-
duplicate documents using locality-sensitive hashing (LSH) with
MinHash and 9-gram shingles.

Topic collection. For the TREC 2024 RAG Track topics (queries),
we leveraged a fresh scrape of Bing Search logs containing non-
factoid queries that are multifaceted and subjective, warranting
RAG systems to provide long-form answers [17, 18].

3.2 Support Assessment

Consistent with previous support evaluations in RAG [7, 12], we
used a three-level grade, with the following associated descriptions?
for each support level:

FS Full Support: All of the information in the answer sentence is
factually consistent with and supported by the cited passage.

PS Partial Support: Some of the information in the answer sen-
tence is factually consistent with and supported by the cited
passage, but other parts of the sentence are not supported.

NS No Support: The cited passage is completely irrelevant and
does not support any part of the answer sentence.

Next, to evaluate the quality of LLM judges in contrast to human
judges, we conducted our support assessment with human judges
under two conditions: (1) manual from scratch and (2) manual with
post-editing. We describe both conditions below:

Manual from scratch. A human judge is provided the answer
sentence and the cited passage, who assigns one of the labels above.

Manual with post-editing. Same as above, except that the human
judge is additionally given the label from the LLM judge.

For automatic labeling, we utilized GPT-40 as an automatic judge.
We ran inference using the Microsoft Azure API [16]. The GPT-
40 judge is presented with each sentence and its cited passage
and asked to determine the support label without any explanation

ITREC 2024 RAG Track website: https://trec-rag.github.io
2An edge case is a sentence with zero citations: We automatically consider the support
assessment to be “no support”, as the sentence does not cite any retrieved passage.
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Figure 1: Correlations between weighted precision and recall scores from human and GPT-4o judges for the manual from-scratch
and manual with post-editing conditions. Red markers show run-level scores, yellow triangles show per-topic averages, and
blue dots or green boxes show all individual topic/run combinations. Each plot contains rank correlations showing Kendall’s 7.

(full support, partial support, or no support). The prompt used for
support evaluation with GPT-4o is described in Thakur et al. [21].

3.3 Computational Cost & Evaluation Tradeoffs

In the TREC 2024 RAG Track, we allowed participants to provide
citations for up to 20 passages per answer sentence. To judge each
sentence and its cited passage, our protocol requires a human judge
to read the answer sentence and a relatively long text passage
(typically, 500-1000 characters). Thus, conducting an exhaustive
evaluation of all cited passages for every answer sentence across
multiple participants was not feasible given our budget.

Therefore, we had to choose between sparse and dense annota-
tions. Dense annotations would provide fewer judged topics, but
each answer sentence would be evaluated against k cited passages.
On the other hand, sparse annotations would provide higher diver-
sity in judged topics. We opted for sparse annotations to achieve
more judged topics, at the cost of judging fewer cited passages for
each answer sentence. We fixed both the human and GPT-40 judge
to evaluate only the first cited passage of every answer sentence
for all participants. NIST provided the resources to perform human
evaluations based on the guidance of the track organizers (i.e., us).
NIST first trained every human judge to understand the task, and
then each human judge evaluated each topic sequentially.

3.4 Support Evaluation Metrics

Support can be evaluated across two dimensions, similar to Liu
et al. [12]: (1) weighted precision, accounting for how many cor-
rect passage citations are present in the generated answer, and (2)
weighted recall, accounting for how many sentences in the answer
are supported by passage citations We define both metrics below:

Weighted precision. This metric measures the weighted propor-
tion of citations that support each answer sentence. We assign a
weight to s(aj, d;) of 1.0 to Full Support (FS), 0.5 to Partial Support
(PS), and 0 to No Support (NS) for the answer sentence and passage.

Weighted recall. This metric measures the weighted proportion
of answer sentences that are supported by their cited passages. We
assign the same weights as defined above in weighted precision.

4 Experimental Results

For the TREC 2024 RAG Track, human judges completed judgments
for 36 topics from 45 participant runs, sparsely annotated: 6,742
annotations on 22 topics in the manual from-scratch condition and
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4,165 annotations on 14 topics in the manual with post-editing
condition (detailed statistics are provided in Table 2).

4.1 Weighted Precision and Recall

Figure 1 shows scatter plots of weighted precision and recall scores.
Run-level scores (X) are strongly correlated (above 0.79 Kendall’s
7) between GPT-40 and human annotations. Per-topic averages (A)
vary on both axes, where certain topics achieved a higher weighted
precision and recall score than humans over GPT-40, and vice versa.
Individual participant scores (O or O) showed a high variance in
both weighted precision and recall scores. This was likely due to the
mismatch of human annotators preferring “no support”, whereas
GPT-40 prefers “partial support”. Overall, we observed high scores
in the bottom right triangle, which showed that humans took a
more conservative approach and provided lower levels of support.

4.2 Confusion Matrices

Next, to better understand how often the GPT-40 judge agrees with
the human judges, we plot the confusion matrices in Figure 2.
Manual from-scratch condition. For 56% (13.7% + 11.9% + 30.4%),
GPT-40 and the human judge perfectly agreed on their support judg-
ment on 22 topics. Both “full support” and “no support” categories
have higher percentages (30.4% and 13.7%), showing that humans
and GPT-4o as judges agreed more on both ends of the spectrum.
For 15.1%, the GPT-40 judge considered an annotation as “partial
support”, which the human judge annotated as “no support”. An
important observation was that GPT-40 was more likely to provide
a higher support label than the human judge (upper right triangle
has a higher combined percentage over the lower left triangle).
Manual with post-editing condition. From the previous condi-
tion, we saw an increase in perfect agreement rise to 72.1% (15.9%
+ 18.7% + 37.5%) on 14 topics annotated with post-editing GPT-40
labels. Therefore, sentences and cited passages with “partial sup-
port” that led to disagreements earlier in the manual from-scratch
condition were now reduced. In this condition, human judges were
likely to agree with GPT-40 unless it is a mistake, i.e., when the
GPT-40 judge considered an annotation to be “full support” and the
human judge considered it to be “no support” (increased to 6.3%
from 5.9% in the manual from-scratch condition).

5 Annotator Disagreements

In the experiments reported in Section 4, we observed frequent
disagreements between the human and GPT-4o judge. To further
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Figure 2: Confusion matrices comparing predictions from hu-
man and GPT-4o0 judges for the manual from-scratch condi-
tion (left) and the manual with post-editing condition (right).

Manual from scratch Manual with post-editing

Cohen’s Kappa
GPT-40 Human GPT-40 Human
(1) Expert (human) 0.29 -0.03 0.27 0.07
(2) LLAMA-3.1(405B) 0.60 -0.20 0.46 -0.06

Table 3: Inter-annotator correlation score (Cohen’s Kappa)
for an unbiased study on disagreements between GPT-40 and
human annotators on both manual conditions.

I Expert HEE Human GPT-40 HEE |LLAMA-3.1

o
o
o~

o
Full Support

Figure 3: Support label prediction by different judges for each
category (FS, PS, NS) in the disagreement analysis.

Partial Support  No Support

study this, we performed unbiased annotations from scratch by
carefully re-assessing the support judgment of randomly sampled
disagreements between the human and GPT-4o judge, with an in-
dependent human judge and another LLM judge using LLAMA-3.1
405B [5] (with the same prompt as GPT-40). We randomly sampled
15 disagreement pairs per topic, re-assessing 537 sentences and
their first cited passages, including both assessment conditions: (1)
manual from scratch and (2) manual with post-editing.

Results. As shown in Table 3, we interestingly found the inde-
pendent human judge to be better correlated with GPT-4o than the
human judge provided by NIST (Cohen’s k of 0.29 and 0.27 versus
—0.03 and 0.07) in the manual from-scratch condition. The indepen-
dent judge fully matched 31% of the time with the human judge
and 51% of the time with the GPT-4o judge. Similarly, in the manual
with post-editing condition, the independent judge fully matched
37% of the time with the human judge and 52% of the time with the
GPT-40 judge. LLAMA-3.1 405B had a stronger correlation with
another LLM (GPT-40) over human judges (Cohen’s k of 0.60 and
0.46 versus —0.20 and —0.06), demonstrating the high likelihood of
different LLMs providing similar prediction labels.

From the label distributions shown in Figure 3, we observed that
both LLMs (LLAMA-3.1 405B and GPT-40) labeled about 49-51%
of sentences and their cited passage as “partial support”, whereas
the human judge labeled 47% of the sentences as “no support”. The
independent judge labeled 50% of the sentences as “full support”.
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Qualitative analysis. We further assessed examples qualitatively
to understand failure cases, for example, when a human or GPT-
40 judge makes mistakes during support evaluation. Overall, we
summarize a few of the following errors made by GPT-4o: (1) GPT-
40 can confuse words or phrases with similar meanings; for example,
it is unable to distinguish between police and security specialists. (2)
GPT-40 can miss out on evaluating the whole sentence (especially
information present at the end of the sentence), biasing towards the
“full support” label, and (3) GPT-4o0 can label “partial support” if the
theme in the answer sentence is similar, but the passage does not
support any text present in the answer sentence, i.e., “no support”.

On the other hand, human judges make mistakes due to not
reading the passages carefully. In some cases, answer sentences
directly stated in the middle or at the end of a passage, or mentioned
in parts of the passage, were surprisingly unnoticed by a human
judge, causing judgment “no support” instead of “full support”. We
also observe that a human judge occasionally labels an answer
sentence as “full support” even though the passage doesn’t provide
any support information. We suspect this is due to an inherent
bias relying on the human judge’s memory or understanding of the
topic, instead of strictly relying on the actual passage text.

6 Conclusion

In this work, we evaluated support in RAG answers by analyzing
submissions from the TREC 2024 RAG Track in a large-scale com-
parative study involving both humans and LLMs as judges. We
critiqued and evaluated strong LLM judges, like GPT-40, against
human annotators for support assessment. Our results show a high
level of agreement between GPT-40 and human judgments. We
observe that disagreements between humans and LLMs mainly
occur for sentence—passage pairs indicating partial support, i.e., in
the middle of the support evaluation spectrum.

To better understand these disagreements, we conducted an
unbiased evaluation by carefully re-assessing judgments with an
independent human judge and a different LLM. Interestingly, in
cases of disagreements, both the independent human judge and the
LLAMA-3.1 judge agreed more with the GPT-40 judge than with
the human judge, providing evidence for widely divergent opinions
and perhaps the veracity of using LLMs for support evaluation. Fur-
ther research could explore the nuances of disagreements between
human and LLM judges and investigate limitations of both humans
and LLMs to improve future iterations of support assessment.
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