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Abstract

Large Language Models (LLMs) have significantly enhanced the
capabilities of information access systems, especially with retrieval-
augmented generation (RAG). Nevertheless, the evaluation of RAG
systems remains a barrier to continued progress, a challenge we
tackle in this work by proposing an automatic evaluation frame-
work that is validated against human annotations. We believe that
the nugget evaluation methodology provides a solid foundation
for evaluating RAG systems. This approach, originally developed
for the TREC Question Answering (QA) Track in 2003, evaluates
systems based on atomic facts that should be present in good an-
swers. Our efforts focus on “refactoring” this methodology, where
we describe the AutoNuggetizer framework that specifically applies
LLMs to both automatically create nuggets and automatically assign
nuggets to system answers. In the context of the TREC 2024 RAG
Track, we calibrate a fully automatic approach against strategies
where nuggets are created manually or semi-manually by human
assessors and then assigned manually to system answers. Based
on results from a community-wide evaluation, we observe strong
agreement at the run level between scores derived from fully auto-
matic nugget evaluation and human-based variants. The agreement
is stronger when individual framework components such as nugget
assignment are automated independently. This suggests that our
evaluation framework provides tradeoffs between effort and quality
that can be used to guide the development of future RAG systems.
However, further research is necessary to refine our approach, par-
ticularly in establishing robust per-topic agreement to diagnose
system failures effectively.
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1 Introduction

This paper tackles the challenge of evaluating long-form responses
from retrieval-augmented generation (RAG) systems built on top
of large language models (LLMs), as part of the TREC 2024 RAG
Track. We feel that the evaluation of RAG output remains deficient
from many perspectives, and the lack of a standardized evaluation
methodology presents a barrier to continued progress in informa-
tion access, and more broadly, NLP as well as AL

Our central hypothesis is that the nugget evaluation methodol-
ogy [46,47] provides a solid foundation for evaluating RAG systems.
This methodology was originally articulated more than two decades
ago in the context of the TREC Question Answering (QA) Track
for evaluating answers to free-form “definition questions”. This
matches our RAG setting, where for a given query, there are atomic
facts (i.e., nuggets) from different documents that a system must
synthesize into a fluent and cohesive natural language response.

Given this starting point, our efforts have focused on “refactor-
ing” the original nugget evaluation methodology in light of LLMs.
Specifically, we leverage LLMs to both automatically create nuggets
(nugget creation) and automatically assign nuggets (nugget assign-
ment) to system-generated answers. We implement our nugget
evaluation methodology in the AutoNuggetizer framework. While
this is not the first attempt to automate nugget evaluations [21, 22],
the advent of LLMs provides opportunities that did not exist before.

We explored the following research questions:

RQ1 For RAG systems, how well does our fully automatic nugget
evaluation framework correlate with different manual nugget
evaluation strategies (that vary in human involvement)?

RQ2 Does automating only nugget assignment result in stronger
agreement with manual evaluations compared to fully au-
tomating the entire evaluation (including nugget creation)?

RQ3 Are there any noticeable differences between nugget assign-
ments by humans versus LLMs?
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In this work, we analyzed diverse runs from the TREC 2024 RAG
Track, a community-wide evaluation that attracted participation
from dozens of teams around the world. Our findings can be sum-
marized as follows:

e For RQ1, we find that scores from our fully automatic (end-to-
end) nugget evaluation framework show strong correlations with
manual nugget evaluations at the run level. This suggests that our
approach can potentially serve as a good surrogate for manual
evaluations in assessing RAG systems.

For RQ2, we find that automating only nugget assignment leads
to stronger agreement with manual evaluations, compared to
a fully automated evaluation where nuggets are constructed
automatically.

For RQ3, our analyses suggest that LLM assessors appear to be
more strict than NIST assessors in nugget assignment. Addition-
ally, the use of LLMs to provide “draft” nuggets in the nugget
creation step does not appear to noticeably increase alignment
with human nugget assignment.

The biggest advantage of our approach is minimal reinvention
of the wheel, in that we can leverage the existing body of work
that has gone into exploring the nugget evaluation methodology,
e.g., [7, 23, 24]. For aspects that are not directly impacted by our use
of LLMs, we can continue to assert findings from the literature with-
out needing to carefully validate those claims again. Furthermore,
and unique to the TREC setup, we calibrate our fully automatic
evaluation results against alternative strategies that involve NIST
assessors to varying extents, representing different design choices
in an overall evaluation framework (e.g., fully manual nugget cre-
ation vs. post-editing automatically generated nuggets).

The contribution of this work is, to our knowledge, the first large-
scale study of automating the nugget evaluation methodology using
LLMs for RAG systems. We demonstrate that system rankings de-
rived from our fully automatic nugget evaluation process strongly
correlate with those obtained from manual or semi-manual eval-
uations by human assessors. This validation of automatic nugget
creation and assignment represents an advance in the practical eval-
uation of RAG systems, offering a scalable and efficient alternative
to labor-intensive manual assessments. Preliminary findings from
our nugget evaluation were shared with the community in Pradeep
et al. [32], but here we provide a much more thorough analysis of
evaluation results.

It is important to emphasize that this work focuses exclusively on
evaluating the recall of information nuggets within RAG answers.
There are, of course, other important aspects of RAG evaluation,
such as the assessment of citation support and the fluency of an-
swers. These are important to the overall evaluation picture, but
beyond the scope of this paper, as it is impossible to tackle every-
thing all at once.

2 Background and Related Work

RAG Systems and Benchmarks. RAG in the context of LLMs has
been used to generate entirely new, non-extractive answers to
user queries [3, 12, 16, 20], where integrating external knowledge
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improves factual accuracy and mitigates issues such as halluci-
nation [11, 18]. To better understand the nuances of these sys-
tems, RAG benchmarks have been developed to evaluate their ef-
fectiveness on different tasks, ranging from factoid QA [6, 51] to
long-form answer generation [13, 50]. Additionally, RAG bench-
marks have been developed to explore various sources: knowledge
graphs [10, 30], multilingual documents [40, 41], coding [42, 49],
structured tabular data [17], and images [15].

LLM-as-a-Judge Evaluation. Using LLM judges [52] in place of
human judges has gained popularity for evaluating different aspects
of RAG, such as factuality [19], retrieval quality [36], and robust-
ness [39] for specific aspects such as contextual faithfulness [28].
Researchers have also taken advantage of LLMs to directly perform
pairwise comparisons between RAG responses [13, 31, 33] and have
suggested incorporating grading rubrics with strong LLMs [48].

Existing RAG frameworks assess responses along multiple di-
mensions. For example, RAGAs [8] introduced several metrics to
evaluate faithfulness, answer relevance, and context relevance in
RAG, leveraging LLMs (such as ChatGPT) for automatic evaluation
based on custom prompts. ARES [35] demonstrated that fine-tuning
an open-source LLM with a small amount of training data suffices
to produce an effective automatic judge. Related, eRAG [36] utilizes
the LLM in the RAG system itself to evaluate retrieval effectiveness.

Nugget Evaluation Methodology. Introduced in the TREC QA
Track in 2003 [47], the nugget evaluation methodology emphasized
the identification of nuggets, or essential facts relevant to a good
answer. Voorhees [46] demonstrated the importance of constructing
nuggets to evaluate definition questions, thereby aligning complex
question answering with retrieval-augmented generation. In both
cases, queries require coherent answers drawn from information
present in multiple relevant documents.

Further studies have refined and extended the basic nugget eval-
uation methodology. For example, nuggets served as the basis
for Summarization Content Units (SCUs) [27] to evaluate sum-
maries in the Document Understanding Conferences. Further re-
finements for question answering evaluation were introduced in
later work [7, 23, 24]. Lin and Demner-Fushman [21, 22] explored
automated approaches for nugget evaluation. Pavlu et al. [29] in-
troduced a nugget-based methodology for evaluating retrieval, ad-
dressing scalability and reusability issues inherent in traditional
document-level relevance judgments.

Recently, the advent of LLMs has enabled researchers and prac-
titioners to perform more reliable nugget evaluation automatically,
an observation noted in concurrent papers [1, 25, 42]. In this work,
we incorporate these ideas into the TREC 2024 RAG Track.

Related Nugget Evaluation Frameworks. We can identify several
attempts to build RAG evaluation frameworks around the notion of
nuggets. For example, FactScore [26] proposed to evaluate system-
generated biographies from Wikipedia in terms of the percentage
of atomic facts that are supported. Farzi and Dietz [9] introduced
the LLM-based RUBRIC framework, which evaluates the quality of
system answers based on a rubric. In a similar vein, Arabzadeh and
Clarke [2] used subtopics, which are corpus-independent predicates
generated by an LLM, to evaluate relevance, and Mayfield et al. [25]
used question and answer pairs as nuggets, manually identified by
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Query: how taylor swift’s age affects her relationships

Answer: Taylor Swift’s age has played a significant role in her relationships, often influencing public perception and the
dynamics of her romances. Throughout her dating history, Swift has been involved with partners of varying ages, demonstrating

that she does not discriminate based on age.

[... ] In summary, Taylor Swift’s age has influenced her relationships in various ways, from public scrutiny over age differences
to the emotional experiences that have fueled her songwriting. Her willingness to date partners of different ages, both younger
and older, demonstrates her openness in her love life, despite the challenges and criticisms that come with it.

Table 1: Sample answer from the TREC 2024 RAG Track for topic 2024-79081. Note that here we have purposely omitted citations
in the answer since this paper does not cover support evaluation. The answer has been elided for length considerations.

assessors. Concurrently, Thakur et al. [42] used an LLM to generate
nuggets from reference answers, which are then used to assess
document relevance. As most of these methods were primarily
validated against ad hoc retrieval tasks, it is unclear if they can be
directly applied to RAG answer evaluation in our context.

In contrast, our nugget evaluation framework directly tackles
long-form LLM answers. Although the entire process can be auto-
mated with AutoNuggetizer, we support various degrees of human
involvement to provide a tradeoff between effort and quality. Our ex-
periments are grounded in the MS MARCO V2.1 segment collection,
reflecting real-world search with greater fidelity than (for example)
Wikipedia alone (the target corpus of many other studies). Further-
more, we feature a “fresh” set of queries, thus reducing the risk of
data pollution. Finally, our study includes correlations against high-
quality human annotations from NIST assessors, to validate and
calibrate automated LLM-based processes for nugget creation and
assignment. Complementing these results, Sharifymoghaddam et al.
[38] established correlations between nugget-based and human
preferences in side-by-side comparisons of LLM answers.

3 The Setup of the TREC 2024 RAG Track

The TREC 2024 RAG Track comprises three distinct but inter-
connected tasks: Retrieval (R), Augmented Generation (AG), and full
Retrieval-Augmented Generation (RAG). Participants were given
301 queries (topics); the system task is to return, for the AG and
RAG tasks, well-formed answers for each individual query (up to a
maximum of 400 words). The Retrieval (R) task can be viewed as
an intermediate product in a full RAG pipeline.

Throughout this paper, we use topic 2024-79081 “how tay-
lor swift’s age affects her relationships” as a running example. A
system-generated answer is provided in Table 1; in this case, the
answer was generated using GPT-4o [31]. We have purposely omit-
ted citations from this answer: actual submissions took the form of
structured JSON data wherein systems explicitly attempted to link
each answer sentence to passages in the corpus that (purportedly)
provide evidence for the assertions made in the sentence. This pa-
per does not consider the evaluation of support, i.e., attempts to
assess the veracity of the citations.

The Retrieval (R) task adopts a standard ad hoc retrieval setup,
where systems are tasked with returning ranked lists of relevant
passages from the MS MARCO V2.1 segment collection, comprised
of 113 million passages [31, 32, 43]. The top-ranked passages re-
trieved for each query can then serve as grounding in the prompt
input for LLM-based answer-generation systems. In the Augmented
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Generation (AG) task, the organizers provided the participants with
a fixed list of 100 retrieved results from which to generate their
answers. In the retrieval-augmented generation (RAG) task, partici-
pants were free to do whatever they wished in terms of retrieval
from the corpus. This paper focuses on analyzing the results of
system-generated answers from only the AG and RAG tasks.

Our evaluation used queries (topics) sourced from Bing search
logs, specifically selecting non-factoid queries that require compre-
hensive, multi-faceted, and potentially subjective responses [34].
The set of test queries was constructed near the submission dead-
line (late July 2024), rather than reusing queries that had already
been publicly released in Rosset et al. [34]. This strategy primar-
ily addresses concerns about relevance judgment contamination,
though we note that the corpus is likely to be already contained in
LLM pretraining data given its web-based nature and open-source
availability. After additional curation by NIST, we arrived at the
final test set of 301 queries.

4 The Nugget Evaluation Methodology

The nugget evaluation methodology comprises two main steps,
which we paraphrase from Voorhees [47], developed for the TREC
2003 QA Track:

(1) The assessor first creates a list of “information nuggets”, where
an information nugget is defined as a fact for which the assessor
can make a binary decision as to whether a response contains
the nugget. At the end of this step, the assessor decides which
nuggets are vital—nuggets that must appear in a response for
that response to be good.

(2) The assessor then proceeds to the second step once the nugget
list is created. In this step, the assessor goes through each sys-
tem response and marks (whether or not) each nugget appears
in the response.

Our AutoNuggetizer framework represents a “refactoring” of this
decades-old nugget evaluation methodology, incorporating the lat-
est advances in LLMs. While there have been previous attempts
to automate nugget evaluations [21, 22], this effort represents the
first since the advent of modern LLMs, which provide capabilities
that did not previously exist. In more detail, the nugget evaluation
methodology comprises two main steps:

Nugget Creation. This corresponds to the first step in the
nugget evaluation methodology described by Voorhees [47], of-
ten dubbed “nuggetization”. These nuggets capture elements of
what should be in a good answer, divided into “vital” and “okay”
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Automatic nugget creation (AutoNuggets) using UMBRELA qrels

Swift’s naivety was taken advantage of by older partners (vital)
Age gaps have strained Swift’s relationships (vital)

Swift dated John Mayer at 19, he was 32 (vital)

Swift dated Jake Gyllenhaal at 20, he was 29 (vital)

Swift’s relationships often end in songs (okay)

Automatic nugget creation (AutoNuggets) using NIST qrels

Swift’s age gaps in relationships are significant (vital)

Swift’s maturity level impacted her relationships (vital)
Swift’s relationships often involve commitment issues (vital)
Swift’s relationships often involve learning experiences (vital)
Swift’s relationships often end in songs (okay)

Post-edited nuggets (AutoNuggets+Edits) using NIST qrels

Swift’s maturity level impacted her relationships (vital)

Swift’s relationships often involve personal growth (vital)

Swift’s relationships often involve prioritizing friends and family (vital)
Swift’s heartbreaks influenced her music (vital)

Swift’s relationships often involve learning experiences (okay)

Table 2: Comparison of five sample nuggets for the query
“how taylor swift’s age affects her relationships” from three
conditions: AutoNuggets using UMBRELA and NIST qrels,
and AutoNuggets+Edits (i.e., after human post-editing).

Nuggets Assignment
Automatic nugget creation (AutoNuggets) using UMBRELA grels AutoAssign
Swift’s naivety was taken advantage of by older partners (vital) Not Support
Age gaps have strained Swift’s relationships (vital) Support

Swift dated John Mayer at 19, he was 32 (vital)
Swift dated Jake Gyllenhaal at 20, he was 29 (vital)
Swift’s relationships often end in songs (okay)

Not Support
Not Support
Support

Post-edited nuggets (AutoNuggets+Edits) using NIST qrels
Swift’s maturity level impacted her relationships (vital)

Swift’s relationships often involve personal growth (vital)

Swift’s relationships often involve prioritizing friends and family (vital)
Swift’s heartbreaks influenced her music (vital)

Swift’s relationships often involve learning experiences (okay)

ManualAssign
Partial Support
Not Support
Not Support
Support

Not Support

Table 3: Comparison of nugget assignment across different
nugget creation approaches for the answer in Table 1.

categories. “Vital” nuggets are those, as Voorhees [47] articulates,
must be present in a good response, while “okay” nuggets are “good
to have”, but are not absolutely necessary.

Nuggets must be created from an input set of documents under
consideration; the input set is a design choice that we detail below.
In the original implementation of the evaluation methodology from
2003, NIST assessors manually formulated these nuggets based on
documents in the pool that they assessed to be relevant. That is,
nugget creation followed relevance assessment (via pooling). In
our AutoNuggetizer framework, we have attempted to automate
this entire process, using UMBRELA [44] to generate relevance
assessments for the pool and LLMs to generate what we call Auto-
Nuggets (see Section 4.1.1).

It is important to note that while nuggets manifest as short
natural language phrases or sentences, they are formulated at the
semantic or conceptual level, and thus may or may not correspond
to phrases or other lexical realizations in the sources.

Nugget Assignment. This corresponds to the second step in
the nugget evaluation methodology described by Voorhees [47].
After the nuggets have been created, the list can be treated like an
answer key. The assessor then reads the answer of each system to
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SYSTEM: You are NuggetizeLLM, an intelligent assistant that can update a list of atomic
nuggets to best provide all the information required for the query.

USER: Update the list of atomic nuggets of information (1-12 words), if needed, so
they best provide the information required for the query. Leverage only the initial
list of nuggets (if exists) and the provided context (this is an iterative process).
Return only the final list of all nuggets in a Pythonic list format (even if no updates).
Make sure there is no redundant information. Ensure the updated nugget list
has at most 30 nuggets (can be less), keeping only the most vital ones. Order them
in decreasing order of importance. Prefer nuggets that provide more interesting information.
Search Query: {query}

Context:

[1] {seg1}
[2] {seg2}

[10] {seg10}

Search Query: {query}

Initial Nugget List: {n;_1}

Initial Nugget List Length: {len(n;_1)}

Only update the list of atomic nuggets (if needed, else return as is). Do not explain. Always
answer in short nuggets (not questions). List in the form ["a", "b", ...] and a and b are strings
with no mention of ".

Updated Nugget List:

LLM: [n; 1, ...]

Figure 1: Prompt for the iterative nuggetization at turn i.

perform nugget assignment, which is a determination of whether
each nugget appears in the response. That is: does the answer
contain this particular nugget? In our AutoNuggetizer framework,
nugget assignment is performed automatically by an LLM (see
Section 4.2.1).

It is important to note that the nugget assignment process is
performed at the semantic or conceptual level, not merely based on
lexical matching (and hence requires understanding, inference, and
reasoning). In particular, a nugget can be assigned to an answer (i.e.,
appears in the answer) even if there is no lexical overlap between
the nugget itself and the system answer.

As a concrete example, the nuggets for topic 2024-79081 “how
taylor swift’s age affects her relationships” are shown in Table 2
(top). In this case, the nuggets were automatically created from
documents considered by UMBRELA to be at least related to the
topic (more details in Section 4.1.1).

After the nugget assignment process, we arrive at a record of
which nuggets are found in which systems’ answers. For the sample
answer in Table 1, the outcome of this is shown in Table 3 (top).
At this point, it is straightforward to compute various metrics to
quantify the quality of an answer and the overall score of a run. We
refer interested readers to Voorhees [47] for details on how final
scores were computed previously; we adopt a different approach to
quantifying answer quality in our evaluation (see Section 4.4).

4.1 Nugget Creation

4.1.1  Automatic Nugget Creation. The AutoNuggetizer framework
begins by extracting a list of nuggets, or atomic information units,
from a set of input documents. This nugget creation process, dubbed
“nuggetization”, characterizes the information that should be con-
tained in a high-quality answer to the user query.
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SYSTEM: You are NuggetizeScoreLLM, an intelligent assistant that can label a list of
atomic nuggets based on their importance for a given search query.

USER: Based on the query, label each of the (len(nf)} nuggets either a vital or okay
based on the following criteria. Vital nuggets represent concepts that must be present in a
“good” answer; on the other hand, okay nuggets contribute worthwhile information about
the target but are not essential. Return the list of labels in a Pythonic list format (type:
List[str]). The list should be in the same order as the input nuggets. Make sure to provide a
label for each nugget.

Search Query: {query}

Nugget List: {n }

Only return the list of labels (List[str]). Do not explain.

Labels:

LLM: ["vital", "okay", ...]

Figure 2: Prompt for determining the importance of nuggets.
At each turn, at most 10 nuggets are passed to the LLM.

To perform nuggetization, we employ GPT-40 through the Azure
endpoint. This process is run over all documents that are judged to
be at least “related” to the query (grade > 1). Note that, depending
on the actual evaluation condition (see below), these relevance
judgments are either provided by NIST assessors (manual) or by
UMBRELA [44] (automatic). Details about relevance assessments
are discussed in Upadhyay et al. [43]. Examples of these differences
are shown in Table 2, comparing the top vs. the middle portions
of the table. There are minor differences, but overall the resulting
nuggets are quite similar.

Using the prompt in Figure 1, the LLM iteratively updates a list
of nuggets that collectively represents key facts required to fully
answer the query, conditioned on the provided contexts (passages).
The first iteration for each query begins with an empty list. Our
prompt design encourages the model to produce comprehensive
and diverse nuggets, ensuring broad coverage of different aspects
of the user’s information need. This iterative approach allows for
the generation of a rich set of nuggets, capturing both explicit and
implicit information requirements derived from the query. Auto-
Nuggetizer aims to generate nuggets that are neither too broad
nor too specific. Informed by previous implementations of nugget
evaluations, we limited generation to at most 30 nuggets.

Once we have generated a set of nuggets for a query, the next
step is to assess the importance of each nugget. We again use GPT-
40: the LLM is asked to assign an importance label of either “vital”
or “okay” (see Section 4) using the prompt shown in Figure 2.

At this point, we sort the nuggets in descending order of impor-
tance and select the first 20 nuggets. This approach usually trims a
few “okay” nuggets and, less frequently, some “vital” nuggets (when
there are over 20 of them). Note that these nuggets are ordered by
decreasing importance, as imposed by the prompt in Figure 1. The
resulting nugget set, we dub AutoNuggets.

4.1.2  Semi-Manual Nugget Creation. In the condition that we de-
note as AutoNuggets+Edits, NIST assessors post-edit nuggets that
have been proposed by AutoNuggetizer as a “rough draft”. Here,
we start with the set of documents that have been manually judged
by NIST assessors to be at least “related” to the query (grade > 1),
which serves as the input to AutoNuggetizer to create nuggets
automatically (per above). Note that in this case, the input set of
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SYSTEM: You are NuggetizeAssignerLLM, an intelligent assistant that can label a list of
atomic nuggets based on if they are captured by a given passage.

USER: Based on the query and passage, label each of the {len(nf)} nuggets either as
support, partial_support, or not_support using the following criteria. A nugget that is fully
captured in the passage should be labeled as support. A nugget that is partially captured in
the passage should be labeled as partial_support. If the nugget is not captured at all, label it
as not_support. Return the list of labels in a Pythonic list format (type: List[str]). The list
should be in the same order as the input nuggets. Make sure to provide a label for each
nugget.

Search Query: {query}

Passage: {p}

Nugget List: {n ¢}

Only return the list of labels (List[str]). Do not explain.
Labels:

LLM: ["support”, "not_support", "partial_support”, ...]

Figure 3: Prompt for nugget assignment. At each turn, at
most 10 nuggets are passed to the LLM.

documents has already been judged by humans to be at least related
to the user’s query, unlike with the UMBRELA labels, which are
generated automatically.

The automatically generated nuggets that we provide to NIST
assessors are prepared in a slightly different way: for each query,
we created a set of 30 nuggets without any indication of importance.
This over-generation is deliberate. These nuggets are then edited
by NIST assessors, who may add, eliminate, or combine nuggets.
The NIST assessors perform this task by concurrently considering
the list of relevant documents for that topic. Based on our logs, this
process takes roughly an hour per topic on average, which suggests
that the NIST assessors are not merely “rubber stamping” automati-
cally generated nuggets, but are actually carefully deliberating over
how they are formulated.

An example of this process is shown in Table 2 for our run-
ning example. On the top, we have the automatically generated
nuggets using automatically generated UMBRELA relevance judg-
ments; in the middle, we have automatically generated nuggets
using manually generated relevance labels; and on the bottom, we
have post-edited nuggets generated using manually generated rele-
vance labels. Despite some differences, resulting nuggets from the
different approaches are quite similar semantically.

4.1.3  Manual Nugget Creation. In the condition that we denote as
ManualNuggets, NIST assessors examine the documents that have
been manually judged to be at least “related” to the query (grade
> 1) to create a set of at most 20 nuggets with their importance.
This followed the same procedure as the TREC 2003 QA Track;
manual nugget creation is known to be a time-consuming and
labor-intensive task. Each topic required substantial assessor effort
to thoroughly analyze the relevant passages and to synthesize the
contents of those passages into a concise set of nuggets. This took
roughly 2.5 hours per topic, based on our measurements.

4.2 Nugget Assignment

4.2.1 Automatic Nugget Assignment. The final component of our
AutoNuggetizer framework, AutoAssign, automatically assigns
nuggets to systems’ answers. We adopt a listwise approach to
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nugget assignment, where the LLM is used to analyze an answer
and determine if each nugget is fully supported (support), partially
supported (partial_support), or not supported (not_support) by
the answer. Again, we employ GPT-4o through the Azure endpoint,
with the prompt shown in Figure 3. We iteratively prompt the model
with at most 10 nuggets to evaluate assignment at each step.

4.2.2  Manual Nugget Assignment. In the manual nugget assign-
ment process, we leveraged the expertise of the original NIST asses-
sor involved in creating the list of nuggets (i.e., the same assessor
performed nugget creation and nugget assignment). The assessor
examines each answer, assigning each nugget one of three labels
based on the extent of its support: support, partial_support, and
not_support (same as with automatic assignment). It is worth clar-
ifying that assessors in this step are not shown any LLM output, so
this is a fully manual process.

By involving the same assessor responsible for nugget creation,
we ensure consistency in nugget interpretation. This continuity
helps maintain reliability across the nugget assignment process, as
the assessor applies the original context and intent behind each
nugget to the assessment process.

An example is shown in Table 3: on the top, we show fully auto-
matic assignment (AutoAssign) of automatically created nuggets
(AutoNuggets) using UMBRELA qrels; on the bottom, we show
manual assignment (ManualAssign) of post-edited nuggets (Auto-
Nuggets+Edits) using NIST qrels. The answer being evaluated is
the one shown in Table 1.

4.3 Evaluation Strategies

Within our general AutoNuggetizer framework, we can instantiate
a number of variants combining different design choices for nugget
creation (Section 4.1) and nugget assignment (Section 4.2). In this
work, we considered the following combinations:

(1) Automatic nugget creation with manual post-editing and man-
ual nugget assignment (AutoNuggets+Edits / ManualAssign).
Nuggets are initially generated automatically from passages
judged relevant by NIST assessors and then refined by human
assessors. Nugget assignment is performed manually by NIST
assessors. This represents semi-manual nugget creation with
manual assignment.

Manual nugget creation and assignment (ManualNuggets /
ManualAssign). NIST assessors manually create nuggets from
relevant passages and manually assign them to system answers.
This is a fully manual evaluation baseline, mirroring the original
TREC QA approach.

Fully automatic nugget creation and assignment (AutoNuggets
/ AutoAssign). Nuggets are automatically generated from docu-
ments assessed relevant by UMBRELA, and nugget assignment
is performed automatically using AutoAssign. This represents
fully automated, end-to-end evaluation.

Semi-manual nugget creation with automatic nugget assign-
ment. In this condition, we use the nuggets from conditions
(1) and (2), which involve human assessors in nugget creation
(AutoNuggets+Edits and ManualNuggets, respectively). How-
ever, we replace manual nugget assignment with automatic
nugget assignment using AutoAssign, i.e., AutoNuggets+Edits
/ AutoAssign and ManualNuggets / AutoAssign, respectively.
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This condition isolates the impact of automating only the nugget
assignment step.

4.4 Scoring

By now, we have already completed nugget creation and nugget
assignment. For each query, we have a list of nuggets, and for each
system answer, we have a record of which nuggets it contains, in
terms of a three-way judgment: support, partial_support, and
not_support (either manual or automatic nugget assignment).

The final step is to compute the score for a system answer to a
query g. The score of a run is simply the mean of the score for each
query. We compute the following scores per query:

All Strict (Astrict). We calculate a score based on all nuggets in
an answer, but with strict nugget matching. For a given nugget i:

if assignment = support

1
- 1
pi {0 otherwise W

The “All Strict” score is then calculated as:
i pi

Astrict =
strict Nnuggets

Vital Strict (Vstricr). This score, used as the primary evaluation
metric, applies the same strict matching criterion as p; above, but
only over the vital nuggets, p}. The score is calculated as:

2ip]

Vstrict =
Nyital nuggets

We emphasize that the scores presented here focus exclusively on
evaluating the recall of nuggets in RAG answers. This analysis does
not encompass other crucial aspects of RAG evaluation, such as the
assessment of citation support or fluency, which are important but
are outside the scope of this paper.

5 Results

5.1 Descriptive Statistics

For the TREC 2024 RAG Track, NIST received 93 runs from 20
groups for the RAG task and 53 runs from 11 groups for the AG
task. Given resource constraints, the NIST annotators were able
to evaluate only the two highest priority submissions from each
group across the RAG and AG tasks, which translates into 31 runs
from 18 groups for RAG and 14 runs from 9 groups for AG.

To be clear, our analyses are over 56 topics that have been fully
judged across the 31 RAG runs and 14 AG runs discussed above.
Of these, 36 topics were under the AutoNuggets+Edits / Manual-
Assign condition and 20 topics were under the ManualNuggets
/ ManualAssign condition. Descriptive statistics for nugget cre-
ation and assignment are presented in Table 4, broken down by the
various experimental conditions. Naturally, since condition (3) in
Section 4.3, corresponding to row (4) in the table, is fully automated,
we were able to evaluate all topics, whereas for the other conditions
we were constrained by available human resources.

Examining the nugget characteristics, we observe that conditions
employing AutoNuggets, rows (2a), (2b), and (4), tend to generate
a higher average number of nuggets per topic (around 18) com-
pared to conditions using AutoNuggets+Edits or ManualNuggets
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iee . avg avg nugget % nuggets % assigned
Condit #t

ondition opies nuggets length vital okay | NS PS N
(1a)  AutoNuggets+Edits / ManualAssign 36 14.1 7.0 61.1 389 | 579 6.6 356
(1b)  ManualNuggets / ManualAssign 20 13.7 8.5 59.0 41.0 | 629 35 336
(2a)  AutoNuggets / AutoAssign (1a subset) 36 18.2 6.8 66.2 338 | 509 220 27.0
(2b)  AutoNuggets / AutoAssign (1b subset) 20 18.7 7.2 70.3 29.7 | 47.1 249 28.0
(3a) AutoNuggets+Edits / AutoAssign 36 14.1 7.0 61.1 389 | 541 187 272
(3b) ManualNuggets / AutoAssign 20 13.7 8.5 59.0 41.0 | 57.8 17.6 24.6
(4)  AutoNuggets / AutoAssign (Overall) | 301 18.7 6.8 | 725 275 | 509 236 255

Table 4: Descriptive statistics for nugget creation and assignment under different conditions.

(around 14). Interestingly, the average nugget length remains rela-
tively consistent across all conditions, hovering around 7-8 tokens,
suggesting a stable granularity in nugget extraction regardless of
the automation level in nugget creation. Furthermore, humans tend
to be more conservative in assigning the label of “vital” importance,
likely due to a stricter evaluation of what constitutes essential
information within the context of a topic.

Focusing on nugget assignment, a clear distinction emerges be-
tween manual and automatic assignment. Conditions employing
manual assignment, (1a) and (1b), exhibit a substantially lower per-
centage of nuggets categorized as “Partial Support”. In contrast, the
automatic assignment conditions, especially the directly compara-
ble ones, (3a) and (3b), see higher percentages. This shift suggests
that automatic assignment tends to distribute some human-deemed
“Support” assignments to “Partial Support”, potentially indicating a
different interpretation or application of support criteria compared
to manual assignment. However, this behavior could simply be the
result of the current prompt that we are using.

5.2 Fully Automatic Nugget Evaluation

To address RQ1, we examine the correlation between our fully au-
tomatic nugget evaluation methodology and variants that require
manual intervention to various degrees, as detailed in conditions
(1) and (2) in Section 4.3. We reiterate that the AutoNuggets / Auto-
Assign condition is fully automatic, requiring no manual interven-
tion (specifically, nuggetization is based on automatically generated
relevance labels).

Here, we adopt the meta-evaluation methodology common in the
information retrieval literature dating back several decades [4, 5, 14,
37, 45, 53]. We evaluate runs both with our fully automatic nugget
evaluation methodology and with the other variants involving
humans. Rank correlations (in terms of Kendall’s 7) between the
system orderings induced by the different approaches capture the
quality of our automatic metric. Our goal is to obtain high rank
correlations against human-based metrics.

Figure 4 presents scatter plots of scores derived from the various
experimental conditions. In the left column, we show Vet and in
the right column, Agyict. In all these plots, the x-axes show the Auto-
Nuggets / AutoAssign score. The top row shows the comparison
against the AutoNuggets+Edits / ManualAssign condition, where
nuggets are automatically generated and post-edited by humans,
while assignment is manual. The bottom row shows the comparison
against the ManualNuggets / ManualAssign condition, where both
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Figure 4: Scatter plots between manual vs. automatic Vet
and Agqrict scores for AG and RAG runs. The x axes show
scores from AutoNuggets / AutoAssign and the y axes show
scores from different manual conditions. Red circles (RAG
runs) and orange squares (AG runs) represent run-level
scores. Blue circles (RAG runs) and purple squares (AG
runs) show all topic/run combinations. The bottom-right
box reports Kendall’s 7 correlations at the run level (red cir-
cles/orange squares), over all topic/run combinations (blue
circles/purple squares), average of per-topic correlations.

nugget creation and assignment are fully manual. Red circles and
orange squares represent run-level scores for RAG and AG tasks,
respectively. Blue circles (RAG runs) and purple squares (AG runs)
represent all topic/run combinations for the same.

We compute Kendall’s 7 in three different ways: (1) run-level
correlations (i.e., we first compute run scores by averaging topic
scores, and then compute correlations); (2) average of per-topic
correlations (per-topic avg), where we compute correlations per
topic, and then average those; (3) correlation across all topic/run
combinations (all topics/runs), where each topic/run combination is
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considered an independent observation, and we compute Kendall’s
7 across all these observations.

For the AutoNuggets+Edits / ManualAssign condition (top row),
we observe a strong run-level Kendall’s 7 correlation of 0.887 for
Vistrict and 0.901 for Agtrict- In IR meta-evaluations, these would be
sufficient to “validate” a metric. For the ManualNuggets / Manual-
Assign condition (bottom row), the run-level Kendall’s 7 correla-
tions drop to 0.727 for Vstyict and 0.758 for Agtrict. The correlations
are slightly lower, but still good. This can be partly explained by
the much smaller topic count of 20: experimenting with a 20 topic
subset of AutoNuggets+Edits results in correlations of 0.826 for
Vitrict and 0.838 for Agict- This drop could perhaps be explained
by fully manual nuggets “looking different” due to the assessors
being anchored by the automatically generated nuggets (in the post-
editing condition). Nevertheless, results suggest good agreement
between automatic and manual metrics at the run level.

However, examining the scatter of blue circles and purple squares
representing individual topic/run combinations in all the scatter
plots, we observe a greater dispersion compared to the run-level
scores. The Kendall’s 7 correlation across all topic/run combinations
is much lower, ranging from 0.297 to 0.438. The average per-topic
Kendall’s 7 correlations fall to between 0.360 and 0.539. This in-
dicates that while run-level rankings are well-preserved by our
automatic evaluation, there is more variability at the topic level.

In summary, to answer RQ1:

RQ1 We find that scores from our fully automatic (end-to-end)
nugget evaluation framework show strong correlations with
manual nugget evaluations at the run level. This suggests
that our approach can potentially serve as a good surrogate
for manual evaluations in assessing RAG systems.

We observe stronger correlations with AutoNuggets+Edits than
ManualNuggets, but Kendall’s 7 remains quite high even with fully
manual nuggets. We emphasize that while we achieve good run-level
correlations, per-topic correlations are quite low, suggesting that
our evaluation framework is inadequate for fine-grained debugging
of individual answers.

5.3 Automatic Nugget Assignment

To investigate RQ2, we analyze whether automating nugget assign-
ment in isolation, an expensive annotation step, leads to stronger
agreement with manual evaluations compared to fully automating
the entire framework. That is, we hold the nuggetization approach
constant, but vary the assignment method.

Figure 5 compares scores with automatic vs. manual nugget as-
signment. The top row shows the AutoNuggets+Edits / AutoAssign
condition against AutoNuggets+Edits / ManualAssign, isolating the
effect of automating assignment when nuggets are post-edited by
humans. The bottom row compares ManualNuggets / AutoAssign
against ManualNuggets / ManualAssign, isolating the effect of au-
tomating assignment when nuggets are manually created.

Comparing the top row of Figure 5 to the top row of Figure 4,
we observe that automating only nugget assignment (AutoNuggets-
+Edits / AutoAssign vs. AutoNuggets+Edits / Manual Assign) con-
tinues to show strong agreement at the run level. Additionally, it
results in a higher per-topic average and all topics/runs Kendall’s 7
correlations for both Vit and Aggrict. Specifically, for Vygict, the
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Figure 5: Scatter plots showing correlations designed to an-
swer RQ2, isolating the effects of nugget assignment. Overall
organization is identical to Figure 4.

per-topic average Kendall’s 7 increases from 0.490 in the fully auto-
matic (AutoNuggets / AutoAssign in Figure 4) to 0.662 when only
nugget assignment is automated (AutoNuggets+Edits / AutoAssign
in Figure 5). Similarly, the all topics/runs Kendall’s 7 improves
from 0.328 to 0.599. For Agyict, we observe comparable improve-
ments. These metrics are arguably more sensitive to the nuances of
topic-level evaluation, as they capture agreement across individual
queries rather than just at the aggregate run level. The substantial
increase in correlations suggests that automating nugget assign-
ment while maintaining human-curated nuggets is perhaps a way
forward to evaluate a large number of system responses, given that
the assignment step occupies a lot of the assessment budget.

When we examine the bottom row of Figure 5, where nuggets are
manually created, we see a similar pattern of improvement. Com-
paring ManualNuggets / AutoAssign to ManualNuggets / Manual-
Assign, we observe increases in per-topic average and all top-
ics/runs Kendall’s 7 correlations for both Vg it and Aggyict. This
further reinforces the finding that automating nugget assignment,
regardless of whether nuggets are automatically generated and post-
edited or manually created from scratch, leads to a better alignment
with manual evaluations, particularly at the topic level.

To answer RQ2:

RQ2 We find that automating only nugget assignment leads to
stronger agreement with manual evaluations, compared to a
fully automated evaluation where nuggets are constructed
automatically.

Our framework is not an “all or nothing” proposition. Instead, there
is a vast design space that supports different tradeoffs between
effort and quality at the run- and topic-level.
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Figure 6: Confusion matrices showing agreement between
automatic and manual nugget assignment strategies.

5.4 Nugget Assignment Confusion Matrices

To address RQ3, we investigate quantitative differences between
human and LLM nugget assignment. Figure 6 presents confusion
matrices that quantify agreements (and disagreements) in nugget
assignment labels between automatic (AutoAssign) and manual
(ManualAssign) approaches. The left matrix compares AutoAssign
against Manual Assign when using AutoNuggets+Edits nuggets, and
the right matrix compares them when using ManualNuggets. Each
matrix shows the percentages and counts of nugget assignments
falling into different categories.

Examining the diagonal elements of both confusion matrices,
we observe substantial agreement between automatic and manual
nugget assignment, particularly for the “Support” and “No Support”
labels. For AutoNuggets+Edits nuggets (left matrix), 47.6% of the
(response, nugget) pairs resulted in both AutoAssign and Manual-
Assign labeling a “No Support” and 23.8% a “Support”. For Manual-
Nuggets (right matrix), we see 54.0% of the distribution with “No
Support” and 22.1% with “Support”. Partial support appears to be a
source of disagreement in both conditions, as evidenced by only a
small mass of the distribution contained in the central element of
the matrices.

Off-diagonal elements reveal disagreements. In both matrices, we
observe a tendency for AutoAssign to assign “Partial Support” more
frequently than ManualAssign. In general, we see a slightly larger
mass of the distribution in the lower triangle part of both matrices
compared to the upper triangle, indicating that LLM assessors are
a bit stricter compared to NIST assessors.

The use of LLMs to provide “draft” nuggets in the prior nugge-
tization step (AutoNuggets+Edits vs. ManualNuggets) does not
appear to drastically alter the alignment across labeling in nugget
assignment, as the confusion matrices for both nugget types exhibit
similar patterns of agreement and disagreement.

To answer RQ3:

RQ3 Our analyses suggest that LLM assessors appear to be more
strict than NIST assessors in nugget assignment. Addition-
ally, the use of LLMs to provide “draft” nuggets in the nugget
creation step does not appear to noticeably increase align-
ment with human nugget assignment.

Two points of caution here, though: These findings are specific to
the current implementation. For example, it is entirely possible that
a different LLM or a different prompt might elicit different behav-
ior. Another gap in our current understanding is the relationship
between inter-annotator agreement and LLM-human differences.
This analysis only compares one set of nugget assignments between
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an assessor and a particular LLM implementation. We do not know
the variations exhibited by different human assessors and differ-
ent LLMs and how they compare, which would be an interesting
question to tackle in the future.

6 Conclusions

While we are certainly not the first to propose a RAG evaluation
methodology, we view our efforts as having two main distinguish-
ing characteristics:

First, by building on the nugget evaluation methodology dating
back over two decades, we minimize reinvention of the wheel. The
information retrieval literature has a long tradition of deliberate and
careful meta-evaluations that validate evaluation methodologies,
and much work has examined different aspects of nugget evalua-
tions. For aspects of the evaluation that are not dependent on LLMs,
we can simply build on existing findings.

Second, we have demonstrated that our AutoNuggetizer frame-
work, which leverages LLMs for automatic nugget creation and
assignment, achieves strong run-level agreement with manual and
semi-manual evaluations, suggesting its viability as a scalable alter-
native for assessing RAG systems.

Under the AutoNuggets / AutoAssign condition in our Auto-
Nuggetizer framework, we are able to provide evaluation scores
for all runs submitted to the TREC 2024 RAG Track, across all 301
topics—at only the cost of LLM inference, while doing the same with
human assessors would have been prohibitively expensive. Our in-
sights reveal that automating nugget assignment in isolation yields
stronger agreement, especially at the per-topic level, with manual
evaluations than with full framework automation, highlighting the
potential of a hybrid approach to provide meaningful cost-quality
tradeoffs. Nevertheless, we find that LLMs apply stricter assignment
labels than human assessors, indicating the need for calibration.

Overall, our framework has the potential to enable rapid itera-
tion on improving RAG systems with varying degrees of human
involvement, while providing some confidence that the automati-
cally generated metrics have some degree of correlation to answer
quality as determined by human assessors. For RAG, we can now
potentially climb hills quickly and in a meaningful way!
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