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Abstract

Across all fields, respected experts cite
their sources. While large language mod-
els (LLMs) excel at synthesizing informa-
tion, they do not reliably cite sources, mak-
ing it difficult to verify provided informa-
tion. In contrast, search engines make
sources readily accessible but burden users
with synthesizing information. To rigor-
ously examine the interplay between verifi-
ability and utility, we build on classic theo-
ries of abstraction to propose an extractive-
abstractive spectrum for cited generations;
we define five operating points that span
the extreme endpoints of extractive search
engine outputs and abstractive LLM gen-
erations without reliable citation. We per-
form an analysis of the drawbacks and ben-
efits of seven systems across the spectrum
in the QA settings of search queries, infor-
mation simplification, multi-hop reasoning,
and health advice. As outputs become more
abstractive, our human evaluations find that
the proportion of properly cited sentences
decreases by as much as 50%. Simultane-
ously, perceived utility improves by as much
as 200% and users take up to 3 times as
long to verify cited information. We recom-
mend operating points for specific task set-
tings and our failure analysis informs meth-
ods for citation identification, information
retrieval, and multi-operating point systems.

1 Introduction

Large language models (LLMs) are increas-
ingly capable of effectively answering questions
(Ouyang et al., 2022; OpenAI et al., 2024).
However, current LLMs lack accuracy in long-
tail knowledge settings (Sun et al., 2023), align
with unreliable sources1 (Anagnostidis and Bu-
lian, 2024), and disseminate bias and misinfor-

1BBC news article: "Glue pizza and eat rocks: Google AI
search errors go viral"

mation (Urman and Makhortykh, 2023). There-
fore, it is critical to equip users in verifying LLM-
generated claims, especially as users become more
dependent on LLMs across different domains.

To achieve verifiability, generative search en-
gines, including Google Gemini, Perplexity, and
Microsoft Copilot, have combined LLMs with
search engines to provide citations. However,
these systems have poor citation quality; Liu et al.
(2023) show that 25.5% of citations fail to support
a claim they are expected to support and 48.5% of
generated sentences requiring citation are not fully
cited, across several widely-used deployed sys-
tems.2 In scientific literature reviews researched
and written by OpenAI’s o3 DeepResearch and
GPT-4.1, GPT-o3, Llama-4-Scout, and Gemini 2.5
Pro given web search capabilities, more than 50%
of provided citations fail to support a claim they
are expected to support and over 50% of gen-
erated sentences are not fully cited (Patel et al.,
2025). Consequently, search engines remain ap-
pealing for users prioritizing verifiability. Search
engine outputs are verifiable because users obtain
information from sources directly but they sacri-
fice the fluency, concision, and synthesis of LLM
responses; search engine users must open web-
pages, identify relevant information, and synthe-
size information across sources.

Our preliminary survey finds that users care
about the differences between search engines
and LLMs. Surveyed users prefer search en-
gines to LLMs without citations, like ChatGPT,
for answering high-stakes questions about health
and taxes, while they prefer LLMs for research-
intensive tasks with lower stakes, like trivia and
explaining complex science to an inquisitive child

2Liu et al. (2023) consider all sentences about the external
world, including common knowledge, as verification-worthy.
However, questions (e.g. "Would you like to learn more?")
and self-referential statements (e.g. "I’m not sure.") are not
considered to require citation.
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Figure 1: 200 users prefer to use search engines more
for high-stakes topics, than for low-stakes queries. The
error bars represent 95% confidence intervals.

(Figure 1). Furthermore, user preferences are in-
formed by a lack of trust in LLMs. Users prefer
search engines for the variety of sources, infor-
mation provenance, and information reliability, in
contrast to preferring LLMs for convenience and
personalized answers (Figure 2A). There is an ex-
citing opportunity to design trustworthy LLM sys-
tems preferred by users for low- and high-stakes
queries alike.

In this work, we interrogate whether we can
achieve verifiability while retaining the benefits
of LLM responses by studying the extractive-
abstractive spectrum. Search engines are extrac-
tive with respect to known sources in that they an-
swer queries with snippets and urls of the sources
themselves. Citations are inherent to search en-
gine outputs. In contrast, LLMs are abstractive
in that they synthesize content across disparate
sources, often without providing citation. Our
work defines five operating points that span the
extractive-abstractive spectrum for cited genera-
tions and make distinct guarantees to users (Figure
2). For instance, the quoted operating point takes a
step from extraction toward abstraction by extract-
ing direct quotations from multiple sources and in-
corporating them into a single cited response. An-
other operating point is the entailed generation,
where each sentence in the response is textually
entailed by cited quotes from sources.

Despite intense scrutiny over citation systems
(Nakano et al., 2021; Gao et al., 2023; Menick

et al., 2022; Thoppilan et al., 2022; Slobodkin
et al., 2024), existing work predominantly seeks
to achieve a single operating point—the entailed
generation. At the same time, quotation and para-
phrase have received relatively little attention in
cited generation systems, despite having long been
quintessential in journalism and media (Gibson
and Hester, 1999).

We perform careful human evaluations of seven
different systems.3 An ideal system provides help-
ful and fluent answers that are verifiable, i.e., en-
tailed by citations that users can verify with min-
imal effort. To this end, we obtain human eval-
uations of answer quality, citation quality, and
the complexity of verification. Our results show
trade-offs in fluency, perceived utility, and ver-
ifiability––we observe as much as a 200% in-
crease in perceived utility and 50% decrease in
the proportion of properly cited sentences from
extractive to abstractive systems, in addition to
users taking up to three times as long to verify
cited information. Popular deployed systems face
these trade-offs as well; despite having high util-
ity, 85.0% of verification-worthy sentences gener-
ated by the Google Gemini chatbot contain uncited
information.4 We also use a validated auto-
matic evaluation pipeline to study trade-offs across
the extractive-abstractive spectrum for three addi-
tional open and closed source models––we find the
trends are robust.

We evaluate four query distributions that reflect
real world question-answering (QA) tasks. These
tasks include answering Google Search queries
(Kwiatkowski et al., 2019), simplifying the style
in which information is presented relative to the
original sources (Jeblick et al., 2024; Choi et al.,
2016), multi-hop reasoning (Ho et al., 2020), and
providing medical advice (Zhu et al., 2020). We
provide recommendations for specific applications
informed by the extractive-abstractive trade-offs
for these query distributions. We also identify fail-
ure modes that reveal opportunities in identifying
citations after generation, task-specific informa-
tion retrieval, and multi-operating point systems.

Our main contributions are: (1) We define the
extractive-abstractive spectrum with five notable
operating points that make distinct guarantees to

3Code and human evaluation data are made available here.
4We use Google’s Vertex API to exclude sentences that

are not of a factual nature, such as "Here is what I found.",
and questions, such as "Would you like to learn more?", and
find they are uncommon.
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Figure 2: (A) User survey results regarding the reasons behind search engine and LLM preferences; search engines
are desired for their ability to provide sources directly whereas LLMs are appreciated for their ability to synthesize
information. (B) As generations become more abstractive, human evaluations of perceived utility increase with
the relative time needed to evaluate whether sentences are properly supported by citation. (C) Examples of oper-
ating points across the extractive-abstractive spectrum from the reference implementations. While more extractive
generations closely reflect the original source text (improving verifiability), more abstractive generations are more
concise and customized to the query.

users. (2) We empirically characterize the trade-
offs between generation quality and verifiability
for four models and seven system implementations
spanning the extractive-abstractive spectrum, us-
ing human and automatic evaluation. (3) We cate-
gorize and analyze the failure modes of cited LLM
systems to inform directions for future work. (4)
We recommend distinct operating points for dif-
ferent settings and discuss future work to improve
verifiable LLM systems.

2 Cited Generation Formalization

We consider the task of cited generation for
queries in the open-ended QA setting (example
provided in Table 1). Given a user-provided nat-

ural language query, x, the systems we study pro-
duce a natural language generation y that con-
tains inline citations to sources. The generation
y is partitioned into n attributable units, U =
{u1, ..., un}, which our work defines as passages
of text, often sentences. Attributable unit ui is
cited to mi quotes, Qi = {qi,1, ..., qi,mi}, where
qi,j is a direct quote from a known source. Ac-
cordingly, any claim contained within qi,j is in-
terpreted in the context of its original source. We
refer to the set of source texts from which quotes
across all Qi originate as S. Lastly, Qi does not
contain any cited quotes if ui does not require ci-
tation. The cited source quotes Qi, interpreted in
their original source context, should support infor-
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mation in ui.

x
What is the diameter of Jupiter’s
largest moon?

y Great question!︸ ︷︷ ︸
u1

Jupiter’s largest moon,︸ ︷︷ ︸
u2

Ganymede, has a diameter of︸ ︷︷ ︸
u2

5,268 km︸ ︷︷ ︸
u2

[1][2].

Q1 ∅

Q2

[1] "Jupiter’s moon Ganymede is the
largest moon in our solar system, big-
ger than the planet Mercury
and & dwarf planet Pluto."
[2] "Ganymede has a diameter of
3270 miles (5,268 km) and is larger
than the planet Mercury."

S

[1] Text of https://science.nasa.gov/
jupiter/moons/ganymede/facts/
[2] Text of https://coolcosmos.ipac.
caltech.edu/ask/201-What-is-the-
largest- moon-in-the-Solar-System

Table 1: Sample input and outputs of the cited genera-
tion formalization.

Cited sources should be trustworthy and up-to-
date. In this work, we assume that sources from
the top Google search results meet these criteria
within reason. Our work studies citation quality
and relative perceived response utility, rather than
absolute response accuracy. Applications that re-
quire high response accuracy should further filter
internet search results using task-specific domain
expertise for even higher quality sources.

3 The Extractive-Abstractive Spectrum

A text is grounded in sources if the sources se-
mantically entail the text. Different texts may be
grounded in the same sources with varying degrees
of abstraction with respect to the sources. We be-
lieve these varying degrees of abstraction should
be distinguishable to the human users for whom
grounded generations are designed. However, pre-
vious approaches to framing and measuring ab-
straction are not necessarily intuitive to humans.

Early works on automatic summarization frame
abstraction as an indicator of the coherence of gen-
erated text (McKeown et al., 1999; Knight and
Marcu, 2002). Other works measure the abstrac-
tion of generated text with respect to sources us-

ing n-gram based metrics (Ladhak et al., 2022;
Dreyer et al., 2023; Zhang et al., 2025b). However,
neither coherence measures nor n-gram–based
metrics capture meaningful differences in how
generated text semantically relates to a source
from a human reader’s perspective. In con-
trast, Jing and McKeown (1999) study how hu-
mans use paraphrase and information removal
to write abstractive summaries. Consistent with
this approach, we define operating points (OPs)
across the extractive-abstractive spectrum that cor-
respond to different meaning relations between
generations and cited source quotes. Our def-
initions correspond to distinct user experiences
and also draw from work on meaning relations
(Gold et al., 2019) applied to cited generations by
Worledge et al. (2024). Figure 2C provides an ex-
ample of each OP.

Extractive Output: An extractive output is a
set of quotes from the sources. We refer to these
quotes as snippets, as in Google Search. Citations
are inherent to this OP. Formally, ∀ ui, |Qi| =
1, ui = qi,1, where ui may be multiple sentences.

Quoted Generation: A quoted generation
achieves grounding by incorporating quotes of
claims from known sources inline with un-
quoted words used sparingly to facilitate flu-
ency. The quotes are taken word-for-word
from the sources, are not misrepresented from
the original context, and are clearly demarcated
from non-quoted text. Formally, ∀ ui, Qi ⇔
ui and every qi,j is a quoted substring of ui.

Paraphrased Generation: A paraphrased gen-
eration rephrases information from cited source
quotes. Each sentence conveys the same informa-
tion as its cited source quotes; the generation does
not remove any information, contract logical steps
of reasoning, nor add new claims, relative to the
cited quotes. Formally, ∀ ui, Qi ⇔ ui.

Entailed Generation: An entailed genera-
tion achieves grounding by rephrasing, removing,
and logically transforming information relative to
cited source quotes. Each sentence conveys no
more information than its cited source quotes; the
generation may remove extraneous information
and contract logical steps of reasoning, but does
not add new claims. Formally, ∀ ui, Qi ⇒ ui.

Abstractive Generation: Each sentence of
an abstractive generation may contain uncited
claims (ui,uncited claims) and claims that are cited
(ui,cited claims). A sentence may convey more in-

2452

https://science.nasa.gov/jupiter/moons/ganymede/facts/
https://science.nasa.gov/jupiter/moons/ganymede/facts/
https://coolcosmos.ipac.caltech.edu/ask/201-What-is-the-largest-moon-in-the-Solar-System
https://coolcosmos.ipac.caltech.edu/ask/201-What-is-the-largest-moon-in-the-Solar-System
https://coolcosmos.ipac.caltech.edu/ask/201-What-is-the-largest-moon-in-the-Solar-System


formation than the cited source quotes. Formally,
if ui,cited claims ̸= ∅, then Qi ⇒ ui,cited claims.

The OPs correspond to familiar user experi-
ences or bridge the gap between them. Search
engines provide extractive responses. LLM gen-
erations are abstractive, where there are no cited
claims (ui,cited claims = ∅). We speculate that gen-
erative search engines implement the entailed or
abstractive OPs. Most prior work implements the
entailed OPs (Section 10.1).

4 Cited Generation Implementations

We design comparable reference OP implementa-
tions for studying the extractive-abstractive spec-
trum by grounding responses to a query in the
same source quotes. By grounding each OP gen-
eration for a query in the same quotes, we en-
sure that performance differences reflect the OPs
instead of variations in information.5 We imple-
ment four versions of the OPs below with GPT-
4, GPT-5, Sonnet 4.5, and DeepSeek-V3.2, each
hereafter referred to as “the model”. We disable
web search tools for all model calls and validate
that our OP implementations are competitive with
alternate implementations in Appendix A.3.5.

The quoted generation is generated from the
model with few-shot examples, the query, and
source snippets provided in-context. We denote
this implementation as Mquoted(x, S). We prompt
the model to respond to the query using word-for-
word quotes from the snippets. Citations are iden-
tified by string-matching generated quotes to snip-
pets. The extractive output is the list of snippets
that contain the quotes in the quoted generation.

The paraphrased, entailed, and abstractive
generations are revisions of the quoted gener-
ation; we prompt the model with few-shot ex-
amples, the query, and the corresponding quoted
generation. The paraphrased implementation is
Mparaphrased(x, Mquoted(x, S)), with the same
function signature applying to Mentailed and
Mabstractive. The paraphrased prompt requests a
rewrite, the entailed prompt requests a more con-
cise generation, and the abstractive prompt per-
mits the model to add relevant information not
found in Mquoted. For each sentence, few-shot
prompting with the model is used to cite quotes
from the quoted generation. Quotes are then cited
within their original snippet.

5We hope to see future implementations that optimize in-
dividual OPs.

We also study two publicly available methods.
The GPT-4 + Vertex generation is another in-
stantiation of the abstractive OP. The response to a
query is generated using GPT-4 without in-context
sources. Using Google’s Vertex API, we find ci-
tations for generated sentences from snippets re-
trieved from Google.6 We refer to these citations
as post hoc because the cited sources are not used
in response generation and are instead retrieved
using the generation itself. Our two implemen-
tations of the abstractive OP reflect model gen-
erations without cited generation constraints. Be-
cause we do not control the quantity of uncited in-
formation in abstractive generations across differ-
ent models, abstractive results are not necessarily
comparable across different models.

Lastly, we evaluate Google Gemini as a widely-
used deployed system baseline. Like our im-
plementations, Gemini cites sentences within
sources, unlike other deployed systems that cite
sources. While Gemini conditions generations on
retrieved sources, some citations are post hoc.7,8

5 Human Evaluation

We conduct human evaluations of the GPT-4 ref-
erence, GPT-4 + Vertex, and Gemini generations
for five quality and verifiability metrics over four
query distributions. The exact questions and in-
structions shown to annotators are available in the
project’s Github repository.

5.1 Metrics

An ideal cited generation addresses the query flu-
ently, effectively, and verifiably. We remove ci-
tation markers to evaluate fluency, the extent to
which a generation is grammatically correct, co-
herent, and has smooth transitions, and perceived
utility, the extent to which a user believes the gen-
eration concisely addresses the query in an appro-
priate style. Both are rated on three-point scales,
three being high quality.

We measure verifiability with the precision of
each citation, the citation coverage of each sen-
tence, and the time to verify each sentence. First,
we exclude sentences that do not require citation
according to Google’s Vertex check grounding

6“Google Vertex AI Check Grounding”
7“Google Cloud expands grounding capabilities on Vertex

AI”
8“View related sources & double-check responses from

Gemini Apps”
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API.9 The Vertex API indicates whether each sen-
tence in a response contains information of a fac-
tual nature, including common knowledge. Self-
referential statements and questions are not con-
sidered by the API to require grounding.10

Citation precision is the proportion of citations
that support at least one claim in the sentence
they follow. An imprecise citation is either irrel-
evant to or disagrees with its corresponding sen-
tence. In Table 1, say u2 was accompanied by a
third citation: [3] "Ganymede has mountains, val-
leys, craters and old lava flows." Then, citation [3]
would not be precise because the cited information
is irrelevant to u2.

Citation coverage is the proportion of sen-
tences that are fully supported by their cited source
quotes. In Table 1, say citation [2] did not ex-
ist. Then, u2 would not have complete citation
coverage because its only cited quote does not en-
tail the claim that Ganymede’s diameter is 5,268
km. Precision and coverage are judged by the in-
tuitive test for meaning-level consistency where
cited quote(s), Qi, supports claim(s), ui, if the an-
notator believes it is truthful to say, "According to
Qi, ui" (Rashkin et al., 2023). We leave the task of
identifying claims within a sentence to the discre-
tion of the human annotators and their experience
as information-seeking users.

Time-to-verify (T2V) is the wall clock time it
takes a human to determine the coverage of a cited
sentence. We define T2V for coverage because it
reflects the user experience of ensuring that all in-
formation is supported by citations, unlike perfect
precision which permits uncited information. To
account for variable reading speeds, we report rel-
ative T2V; each T2V value is normalized by its
annotator’s average T2V from quoted generations.

5.2 Query Distributions
We obtain human evaluations of seven cited gen-
erations for 480 open-ended queries from four
information-seeking QA distributions. We use re-
trieved sources from Google for NQ and Eta3G
and gold-standard sources, i.e. sources with an-
swers, provided by 2WikiMH and MASH.

Natural Questions (NQ) (Kwiatkowski et al.,
2019) is composed of real Google Search queries.
Explain to a Third Grader (Eta3G) is a variant

9“Google Vertex AI Check Grounding”
10Examples of statements flagged as not requiring ground-

ing by the API include "I’m unable to help, as I am only a
language model" and "Here is what I found."

of NQ where queries are prepended with "Explain
to a third-grader:". Text written for a third-grade
level relies more on simple and compound sen-
tences, commonplace vocabulary, and explicit rea-
soning with fewer inferences than text written for
mature readers. Accordingly, many sources from
the internet are not written at a third-grade level
and may contain advanced topic material.11

Answers to queries from Wikipedia and Wiki-
data Multi-Hop (2WikiMH) (Ho et al., 2020)
combine premises from multiple sources to draw
conclusions not present in any individual source.
The queries are about entity relations e.g. "Who
is the paternal grandfather of Prince Alexander Of
Imereti?" Lastly, queries from Multiple Answer
Spans Healthcare (MASH) (Zhu et al., 2020)
seek medical advice, a setting where misinforma-
tion has high-stakes consequences.

5.3 Evaluation Procedure

Thirty-one Amazon Mechanical Turk (MTurk) an-
notators were admitted to the study after passing
a screener and receiving personalized feedback.
Throughout the study, we maintained an active
presence through email and a dedicated channel
on the Turker Nation Slack workspace.

Each annotator evaluated an equal number of
each reference OP and an equal number of GPT-
4 + Vertex and Gemini generations. To avoid
familiarization with the queries and sources, no
annotator evaluated the same query twice. We
provide further details, inter-annotator agreement
rates, and results from a pilot study performed be-
fore the MTurk evaluations in Appendix A.2.

6 Results and Analysis

6.1 Results across all query distributions

Fluency and perceived utility increase as gener-
ations become more abstractive (Figure 3). The
quoted OP significantly improves fluency from the
extractive output and fluency further benefits from
the flexibility of the more abstractive OPs. The
quoted OP significantly improves perceived util-
ity from the extractive snippets by discarding ir-
relevant content. While the paraphrased OP fur-
ther improves perceived utility, a more significant
increase is achieved by the entailed OP. This in-
crease is likely because both paraphrased and en-

11Examples of text written for a third-grade reading level
can be viewed on Khan Academy’s 3rd Grade Reading &
Vocabulary Course.
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Figure 3: Human evaluation results averaged over the four query distributions. Fluency and perceived utility
increase with abstraction, while citation precision and coverage decrease. Annotators take longer to evaluate
coverage as generations become more abstractive. The error bars represent 95% confidence intervals.

tailed generations customize generated language
to the query, but only the entailed generations can
remove information and draw conclusions.

In contrast, citation precision and coverage de-
grade as generations become more abstractive
(Figure 3). Citation precision is relatively similar
(95%-100%) across the reference OP generations,
but is significantly lower for the GPT-4 + Vertex
and Gemini generations. These results indicate
that conditioning response generation on predeter-
mined source quotes improves citation precision,
relative to the post hoc citation approach used in
the GPT-4 + Vertex generations and likely em-
ployed by Gemini. While coverage drops signif-
icantly for the reference abstractive generations,
which occurs by definition, coverage is even lower
for GPT-4 + Vertex and Gemini generations, at
43.4% and 15.0% respectively.

Humans take longer to verify cited sentences
for more abstractive generations (Figure 3). The
quoted OP significantly expedites human verifi-
cation; rewording quoted generations to be para-
phrased increases T2V by over 40%. Some ab-
stractive generations take up to three times as long
to verify. The trend in T2V is not solely driven
by per-sentence citation count (Appendix Table
8). Absolute T2V, T2V over covered sentences,
and T2V over entire responses also trend upward
with abstraction (Appendix Figures 8 and 7). We
observe that the model’s overall coverage score
roughly correlates with T2V; it is possible that
users take more time verifying information when
they observe more frequent citation failures.

Gemini generations are dominated by entailed
generations on citation precision, coverage, and

relative T2V. Despite similar fluency and per-
ceived utility, Gemini exhibits over 80% lower
coverage and over 14% lower citation precision,
with humans taking significantly longer to ver-
ify its cited sentences (Figure 3). Gemini’s ex-
ceedingly low coverage (15.0%) suggests that cost
and latency may hinder coverage in deployed sys-
tems. More broadly, high perceived utility paired
with low coverage is concerning: responses seen
as helpful but lacking citations may lead users
to accept information without relevant ground-
ing, potentially increasing the risk of misinformed
decision-making.

6.2 Results by query distribution

For each query distribution, perceived utility in-
creases, fluency increases, citation precision and
coverage decrease, and T2V increases with gener-
ation abstraction (Appendix Figure 9). Perceived
utility stagnates between the quoted and para-
phrased OPs for 2WikiMH and MASH queries.
Section 8.1 provides insight into these perceived
utility failures by query distribution.

7 Automatic Evaluations and Additional
Model Evaluations

While human evaluation is ideal and reflects user
experiences with system shortcomings, we use au-
tomatic evaluation to extend our analysis to gener-
ations from additional models. Human evaluations
are resource intensive and training crowd-sourced
workers is logistically challenging. In order to de-
termine whether trade-offs across operating points
hold for generations from models besides GPT-4,
we designed and validated automatic evaluation of
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fluency, perceived utility, citation precision, and
coverage. We find that evaluations from GPT-
5 strongly correlate with human evaluations for
each metric (Table 2). We do not include an au-
tomated T2V evaluation because T2V reflects dis-
tinctly human behaviors such as cognitive fatigue.

Metric Correlation (r) p-value

Fluency 0.962 0.003
Utility 0.965 0.010
Coverage 0.977 0.003
Precision 0.949 0.004

Table 2: The Pearson correlation coefficients between
human and automated evaluations show that automated
evaluations of our metrics for generation and citation
quality are reasonable substitutes for human evalua-
tion. Correlation is measured across the average human
evaluation and average automated evaluation paired by
cited generation type. The p-values correspond to a
null distribution where the average evaluations are ran-
domly permuted, rather than paired by cited generation
type, and are calculated with a finite sample correction.

Using automatic evaluation, we show that the
operating points generated by GPT-5, Claude Son-
net 4.5, and DeepSeek-V3.2 are subject to the
same trade-offs across response and citation qual-
ity as GPT-4 generations (Figure 4). As fluency
and perceived utility increase with abstraction, ci-
tation precision and coverage trend downward.

Coverage results for the abstractive operating
point are not comparable across models; we do not
control the extent of uncited information across
abstractive implementations (Appendix Example
A.1). However, abstractive generations are com-
parable to other generations from the same model;
abstractive generations are model responses cre-
ated without the constraint of citing information.

8 Failure Analysis

The inherent properties of the operating points
lead to unique failure modes. We categorize and
report the frequency of observed failure modes for
fluency, utility, precision, and coverage by operat-
ing point for GPT-4 generations. By understand-
ing the failures flagged by human reviewers, we
provide insight into the strengths and weaknesses
of each operating point from the user’s perspective
for practitioners and future work (Section 9.2).

Example 8.1: Abstraction improves fluency

ETa3G Query: Explain to a third-grader: when
does the next allegiant movie come out

Quoted Generation: "The Divergent Series:
Allegiant – Part 1" [1] was released on March
18, 2016, and there will not be a next movie as
"Ascendent, but the film never saw the light of
day" [2].

Paraphrased Generation: The movie "The
Divergent Series: Allegiant – Part 1" came out
on March 18, 2016 [1]. There won’t be another
movie called "Ascendent" because it was never
made [2].

8.1 Fluency and utility failures

Most fluency and utility failures (any generation
without the highest rating) in quoted generations
are addressed by their paraphrased and entailed
counterparts. Accordingly, we discuss fluency and
utility failure modes of the quoted OP. Appendix
Table 7 reports failure frequency by type.

Example 8.2: Concision improves with abstraction

MASH Query: How often should I check my
blood sugar if I have diabetes?

Quoted Generation: "When you have
diabetes, you may need to check your blood
sugar throughout the day" [1]. "Give yourself a
blood sugar test as often as your doctor
advises" [2]. "To do it, you use a gadget that
pricks your finger with a tiny needle" [3]. "You’ll
put a drop of blood onto a test strip" [4]. "The
strip goes into a handheld device that
measures your blood sugar level" [5]. "A1c
Test: This is a blood test you’ll get in your
doctor’s office at least twice a year, or as often
as he recommends" [7]. "The results show your
average blood sugar control for the past 2 to 3
months" [8].

Entailed Generation: If you have diabetes,
check your blood sugar as frequently as
recommended by your doctor using a blood
glucose meter, which involves pricking your
finger for a blood sample [1][2][3]. Additionally,
undergo an A1c test at least twice a year to
monitor your average blood sugar over the past
few months [7][8].

Disfluent quote integration: Incorrect gram-
mar arising from the clumsy integration of inline
quotes frequently leads to fluency failures, even
when the original sources themselves are gram-
matically correct. This failure is often corrected
in the paraphrased output (Example 8.1). An-
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Figure 4: Automatic evaluation averaged over the four query distributions. Fluency and perceived utility increase
with abstraction, while citation precision and coverage decrease. The error bars represent 95% confidence intervals.

other common fluency failure of quoted generation
is the abrupt transition between sentences, espe-
cially when quotes originally written for different
sources are used in the same generation.

Verbose: Quoted generations containing irrele-
vant information occur for all query distributions.
For instance, 80% of MASH perceived utility fail-
ures contain unnecessary information, perhaps due
to the use of gold sources with a plethora of tan-
gentially topical information. Example 8.2 shows
a quoted generation that includes extensive infor-
mation about how to perform a medical test de-
spite the question asking how often to seek the
medical test; the entailed generation removes irrel-
evant information about how to perform the test.
On average, the entailed generations are shorter
than both the paraphrased and quoted generations
(Appendix Table 8).

Premises without the conclusion: A low-
utility generation may only enumerate premises
without drawing the query’s sought-after conclu-
sion. This failure is most common for 2WikiMH
quoted queries where conclusions are not explic-
itly stated in the sources. The quoted and the para-
phrased generations in Example 8.3 only enumer-
ate premises to address the query, while the en-
tailed generation presents the desired conclusion,
"No".

Example 8.3: Entailment enables reasoning

2WikiMH Query: Do both films La Vuelta De
Martín Fierro and Joy Division (2006 Film) have
the directors from the same country?

Quoted Generation: "La Vuelta de Martín
Fierro is a 1974 Argentine film directed by
Enrique Dawi" [1]. "Enrique Dawi( 1927- 1988)
was an Argentine film director and screenplay
writer" [2]. "Joy Division is a 2006 British-
German- Hungarian film directed by Reg
Traviss" [3]. "Reginald Stephen’ Reg’ Traviss(
born 12 February 1977) is a British film director
and writer" [4].

Paraphrased Generation: ’La Vuelta de
Martín Fierro,’ a film from Argentina released in
1974, was directed by Enrique Dawi [1].
Enrique Dawi (1927-1988) was recognized for
his contributions to Argentine cinema as both a
director and a screenwriter [1][2]. On the other
hand, ’Joy Division,’ a film produced in
collaboration between Britain, Germany, and
Hungary in 2006, was helmed by Reg Traviss
[3][4]. Reginald Stephen ’Reg’ Traviss, born on
February 12, 1977, is known for his work in the
British film industry as both a director and a
screenwriter [3][4]

Entailed Generation: No, ’La Vuelta de Martín
Fierro’ was directed by Argentine Enrique Dawi,
while ’Joy Division’ was directed by British
filmmaker Reg Traviss [1][3][4].

Unsuitable style: Quoted generations with low
utility may lack the style required by the query.
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This failure mode is most common in Eta3G
quoted generations; relatively few internet sources
are written for third-graders. Example 8.4 shows
a quoted generation that uses challenging vocab-
ulary, such as "bicameral", "interim", and "syn-
odical". In contrast, the paraphrased generation
simplifies vocabulary and the entailed generation
further simplifies the presented information.

Example 8.4: Entailment enhances style change

ETa3G Query: Explain to a third-grader: what
is the hierarchy of the episcopal church

Quoted Generation: "In contrast, the
Episcopal Church puts an emphasis on shared
authority" [1]. "It operates under a polity that
includes both episcopal and synodical
governance" [2]. "The Episcopal Church is
governed by a bicameral General Convention,
which meets every three years, and by an
Executive Council during interim years" [3].
"The General Convention consists of the House
of Bishops and the House of Deputies" [4].

Paraphrased Generation: The Episcopal
Church focuses on everyone having a say in
how things are run [1]. It uses a system that
combines leaders making decisions and groups
of people coming together to decide things [2].
This church is led by a big meeting called the
General Convention that happens every three
years, and by a group called the Executive
Council in the years in between [3]. At the
General Convention, there are two main
groups: one is made up of bishops, and the
other is made up of deputies [4].

Entailed Generation: The Episcopal Church is
like a big team that makes decisions together
[1]. It has leaders called bishops and other
members who meet every three years to decide
on important things [3]. They work together to
make sure everyone agrees [1].

Failure to interpret sources in-context:
Sometimes, quoted generations fail to quote the
answer from in-context sources. This failure mode
affects any response conditioned on in-context
sources and is more common if sources are re-
trieved, rather than gold-standard. In Example 8.5,
the retrieved sources contain the answer, but the
quoted generation fails to identify it. The abstrac-
tive generation uses parametric knowledge to pro-
duce the answer. A similar failure occurs if infor-
mation retrieval fails to find sources that address
the query.

Example 8.5

NQ Query: who plays jack’s mom in 30 rock 2

Quoted Generation: "From 2007 to 2012, she
had a recurring role as Colleen Donaghy on the
NBC sitcom 30 Rock, a role that won her a third
Emmy in 2007" [1].

Abstractive Generation: Elaine Stritch played
Jack Donaghy’s mother, Colleen Donaghy, on
the NBC sitcom "30 Rock" from 2007 to 2012, a
role that earned her an Emmy in 2007 [1].

Source: https://www.vulture.com/20...
Tonight’s 30 Rock contained a few things [...]
Jack’s harpy mom, Colleen, played for seven
seasons by the great Elaine Stritch [...]

8.2 Citation precision failures

We categorize different types of citation precision
failures for the quoted, entailed, GPT-4 + Vertex,
and Gemini generations. Appendix Table 5 con-
tains the relative frequency of each failure mode.

Claim taken out of context: Even if the cited
portion of a source appears to provide support for
a claim, other parts of the source may indicate oth-
erwise. This is the only precision failure of quoted
generations because cited quotes can only be mis-
represented by being taken out of context (Zhang
et al., 2023). The quoted generation in Example
8.6 quotes an answer option for a multiple choice
question, however, the quote is not presented as
the truth in the context of the source.

Example 8.6: Quote taken out of context

NQ Query: right to property according to the
constitution of india is a

Quoted Generation: "Right to property is legal
right but not a Fundamental Right" [1].

Source 1:
https://www.toppr.com/ask/question/the-rig...
Consider the following statements [...]: 1. [1]
Right to property is legal right but not a
Fundamental Right. 2. Article 300 A was
inserted in the Constitution of India by the 44th
Constitutional Amendment. Which of the
statements given above is/are correct

Keywords mistaken for entailment: Some
precision errors are due to misjudging a seman-
tically similar quote as entailing the target sen-
tence. This error is common in the GPT-4 + Ver-
tex (67.6%) and Gemini (75.0%) precision fail-
ures, likely because the citations are post hoc.
This error is less frequent for quoted (0%) and en-
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tailed (34.8%) precision failures, which generate
responses from cited quotes. In Example 8.7, ci-
tation 3 is about the International Organization for
Standardization language (ISO), rather than plain
English, likely due to their similar function.

Example 8.7: Citation only contains relevant words

NQ Query: explain what is meant by plain
english and why is it used

GPT-4 + Vertex Generation: Plain English is a
style of writing that uses simple, straightforward
language to communicate clearly [0]. It is used
to ensure that information is accessible and
easily understood by a wide audience [1][2][3].

Source 1:
https://www.iso.org/ISO-house-style.html .........
[...] writers adopt different approaches. [3] The
priority for ISO documents is to be easily
understandable and unambiguous. Use [...]

Supporting claim is highly relevant, but not
specific enough: Some precision errors result
from citing a source quote that makes a broader
claim than the generation. This error is most com-
mon for entailed precision failures (60.9%) be-
cause rewording the source quote can distort the
original claim to be more specific. In Example 8.8,
the generation specifies the "coxal bone" but cita-
tion 1 discusses "the hip", a more general term.

Example 8.8: Cited source quote highly relevant yet
misses a detail

NQ Query: the joint between a coxal bone of
the pelvis and the sacrum

GPT-4 + Vertex Generation: The joint between
a coxal bone of the pelvis and the sacrum is
known as the sacroiliac joint [1]. This joint plays
a crucial role in transferring weight and
movement between the upper body and legs.

Source 1: https://www.spine-health.com/...
[1] The unique sacroiliac articulation between
the sacrum and the hip provides a transition
between the spine and the pelvis. While [...] .

8.3 Citation coverage failures

A sentence lacking citation coverage either lacks
citation completely, has precise citation only par-
tially covering the sentence, or only has imprecise
citation. The former two failure modes are the
majority of coverage failures; Appendix Table 6
shows the prevalence of these three failure modes.

No citations: A complete lack of citation is
the most common case of the GPT-4 + Vertex

(67.7%), and Gemini (83.8%) precision failures,
underscoring the challenges of identifying post
hoc citations. This failure mode is not as common
for the reference abstractive generations.

Partial coverage: Some coverage errors re-
sult from precise citations that do not support all
claims in the sentence. In contrast to quoted
(26.1%), the majority of paraphrased (58.6%) and
entailed (67.0%) coverage failures result from par-
tial coverage. Increasingly abstractive generations
often synthesize information across more sources,
requiring more citations for coverage.

9 Discussion

The trade-offs across the extractive-abstractive
spectrum analyzed in Section 6 provide insight for
domain-specific system design choices. We also
recommend directions for future work informed
by the our failure analysis (Section 8).

9.1 Optimal operating point differs across
tasks

Due to the observed trade-offs across the
extractive-abstractive spectrum, there is no one-
size-fits-all OP across applications. The trade-
offs motivate a segmentation of QA settings into
three categories discussed below. Model develop-
ers should consider the priorities of their applica-
tion area and implement favorable OPs.

In the first setting, high-stakes queries require
searching a refined corpus for information al-
ready written in an appropriate form, but dispersed
across sources. LLMs can help process retrieval
queries and generate responses that stitch together
source quotes. Due to the importance of verifi-
ability, these settings are best served by extrac-
tive and quoted generations. LLM tools that as-
sist lawyers in research for legal writing exemplify
this setting. Errors in legal documents have seri-
ous consequences, including suspension of legal
licenses and reputational harm.12,13 Because veri-
fiability is critical, current tools include Harvey’s
LLM-based instantiation of the extractive OP for
law firms.14 With lawyers formulating the legal
arguments, more abstractive OPs may be unneces-
sary and risk unverifiable information.

12https://www.cbsnews.com/colorado/news/colorado-
lawyer-artificial-intelligence-suspension/

13https://www.cbsnews.com/news/chatgpt-judge-fines-
lawyers-who-used-ai/

14https://www.harvey.ai/
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The second setting requires reformulating infor-
mation from original sources into a different style,
without a need for verifiability. In fact, tasks like
creative writing (Mirowski et al., 2023) and brain-
storming (Shaer et al., 2024) require novel content
not necessarily found in existing sources; only the
abstractive OP can achieve this goal.

In the third setting, queries require reformu-
lating information across sources into a different
style while providing high verifiability. This is
the most challenging setting; no OP is optimal
for both generation quality and verifiability. Tasks
such as transforming clinical patient dialogue into
medical notes (Biswas and Talukdar, 2024; Leong
et al., 2024) require grounding in the original di-
alogue and substantive style change from layper-
son diction to medical terminology. Similarly,
tasks such as simplifying patient medical records
for layperson understanding (Jeblick et al., 2024;
Choi et al., 2016) and simplifying legal contracts
for lower reading levels (Ali et al., 2024) also
require high verifiability and style change. The
paraphrased and entailed generations can provide
a balance between these goals. Regardless, the
consequences of an error require experts to verify
generations, underscoring the importance of low-
complexity verification (Ali et al., 2024; Mathews,
2024; Jeblick et al., 2024).

9.2 Recommendations for future work

Our failure analysis informs three areas for im-
proving cited generations across the extractive-
abstractive spectrum.

Leveraging different OPs within the same
system: To best serve users across all QA settings,
we recommend that general-purpose systems re-
spond with different OPs for different queries. A
thoughtful method for routing queries to differ-
ent points across the extractive-abstractive spec-
trum must leverage personalized verifiability pref-
erences or a nuanced model of the downstream
consequences of human decisions. Alternatively,
systems could provide users with a choice between
different OP generations for any given query.

We also recommend the use of multiple OPs
within a single generation. For example, pertinent
information may need to be more verifiable, e.g.,
quoted, unlike other parts of the generation, simi-
lar to the use of quotations in journalism to com-
municate important points from relevant sources.
This approach requires a method that recognizes

certain sentences or claims as requiring more ver-
ifiability than others. By leveraging multiple OPs
within the same system or generation, developers
can design systems to provide useful and verifiable
generations for diverse queries.

Improving source identification for multi-
hop reasoning: While improving natural lan-
guage inference (NLI) capabilities would improve
precision for post hoc citations, improving the ci-
tation coverage of post hoc citations requires ad-
dressing the combinatorial challenge of finding a
set of sources that together entail a given text. For
instance, the claim “The maternal grandfather of
X is Z” is only entailed by the union of sources
that state “The mother of X is Y” and “The father
of Y is Z”; neither source entails the claim alone.

The high prevalence of GPT-4 + Vertex and
Gemini sentences without citation (Section 8.3) is
possibly due to both systems only citing a source
if it entails a sentence individually. To address
these post hoc citation failures, future work may
consider decomposing sentences into sub-claims
to cite individually. Min et al. (2023) and Wanner
et al. (2024) show that such decompositions im-
prove fact verification. Further work is required
for effective claim decompositions, especially for
multi-hop generations with implicit sub-claims.

Outside of post hoc citation, the combinato-
rial challenge of identifying the correct set of
sources to cite is also relevant when condition-
ing multi-hop reasoning response generation on
predetermined source quotes. In this approach
to cited response generation, the difficulty in re-
trieving the correct combination of sources may
impact the utility of generations. Ammann et al.
(2025) show that decomposing questions into rel-
evant sub-questions leads to better source retrieval
and downstream question-answer accuracy. While
the correct question decomposition may be appar-
ent from the initial question for simple reasoning
tasks, other complex tasks may require methods
that condition new sub-questions on sources re-
trieved for previously identified sub-questions.

Specialized information retrieval: System de-
velopers should implement specialized informa-
tion retrieval (IR) systems for three distinct tasks
in cited output generation. The first task of
query-source retrieval is already broadly recog-
nized and identifies sources likely to contain an
answer, given a query. The relevance of the
quoted operating point for high-stakes queries mo-
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tivates a second IR task of fine-grain query-quote
retrieval that identifies specific quotes within a
source that answer a given query. This task is crit-
ical for the quoted OP and the "attribute-first-then-
generate" paradigm from Slobodkin et al. (2024).
While similar to query-source retrieval, query-
quote retrieval may consider additional objectives
for quotes beyond relevance to the query, such as
concision and ease of inline integration.

The third task of text-source retrieval identifies
sources that entail a given text. This task is rele-
vant for post hoc citation and is often implemented
with semantic similarity retrieval followed by NLI
re-ranking. We find that the predominant precision
failure for GPT-4 + Vertex and Gemini citations
is when semantic similarity between a source and
generated text is misinterpreted as entailment––
improving retrieval with NLI re-ranking requires
NLI capabilities that are specifically designed to
be robust against mistaking semantically similar
texts for entailment.

10 Related Works

10.1 Operating point implementations

Many works achieve the entailed OP (Nakano
et al., 2021; Menick et al., 2022; Shao et al., 2024;
Jiang et al., 2024; Zhang et al., 2025a). Gao et al.
(2023), Chen et al. (2023), and Li et al. (2024) re-
vise and cite responses with entailing sources re-
trieved after initial generation. Slobodkin et al.
(2024) propose the "Attribute First, then Gener-
ate" paradigm, in which specific source quotes are
designated as citations for each sentence before
the response is generated. We use this strategy in
our reference implementation. While prior works
implement individual OPs, we study multiple OPs
spanning the extractive-abstractive spectrum.

Extractive generations have long been consid-
ered for QA (Kolomiyets and Moens, 2011). No-
tably, Schuster et al. (2024) propose a method
in which extracted dates, entities, and statements
are “glued together” with generated text. Both
Weller et al. (2024) and Zhang et al. (2025b) pro-
pose quoting pre-training data, using a metric that
accepts short quotes. This line of work is fur-
thered by Liu et al. (2025), who identify verba-
tim matches of LLM generations in the training
data within seconds. While these works require
quotes to be substrings of the source, our quoted
OP specifies that the quotes should entail the gen-
erated sentences in which they are used.

10.2 Faithfulness in relation to abstraction

Prior work in automatic text summarization shows
that the abstraction of a summary with respect to
the original text is correlated with the unfaithful-
ness of the summary (Ladhak et al., 2022; Dreyer
et al., 2023). These works reason about abstrac-
tion with n-gram metrics, rather than distinct lev-
els of abstraction for different user experiences.
Also, these works do not consider citation genera-
tion nor verification complexity.

In studying deployed citation systems that im-
plement the entailed OP, Liu et al. (2023) show
positive correlation between citation precision and
generation extractiveness relative to cited sources
and negative correlation between citation preci-
sion and perceived utility. This work explores
trade-offs within a single OP, while we study the
entire extractive-abstractive spectrum.

10.3 Evaluating time-to-verify

The wall clock time of citation evaluation has been
considered by prior works. Schuster et al. (2024)
reports annotation duration timed across multiple
tasks, including those unrelated to citation accu-
racy evaluation. Most similar to our work, Slobod-
kin et al. (2024) record annotator completion times
for entire responses across only the citation cover-
age task as a measure of citation verification com-
plexity. Rashkin et al. (2023) observes that annota-
tors became faster at coverage evaluation through-
out their study. In order to account for this effect
in addition to variation in annotator reading speed,
we propose normalizing each annotator’s T2V by
their average T2V on a baseline task included in
every annotation session.

11 Limitations

Our reference implementations are not designed
to meet the efficiency criteria in deployed set-
tings. Because citation generation requires ad-
ditional retrieval and inference, deployment con-
straints would likely reduce citation coverage. Our
assumption that retrieved sources are trustworthy
is another limitation. Additionally, our study fo-
cuses on citation accuracy and not on the extent
to which citations effectively assist users in down-
stream tasks. These limitations reflect directions
for future work in building low latency systems,
identifying trustworthy sources, and understand-
ing the impact of citation on decision-making.
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12 Conclusion

Trade-offs across the extractive-abstractive spec-
trum show that different tasks are best served by
different styles of cited generation. Users find ab-
stractive generations more useful, but citation cov-
erage drops by 50%, and human verification takes
three times longer, relative to the quoted operat-
ing point. Automatic evaluation of generations
from GPT-5 and Sonnet 4.5 also show that flu-
ency and perceived utility increase while citation
coverage and time to verify worsen for more ab-
stractive operating points. Our failure analysis rec-
ommends incorporating multiple operating points
into the same system, identifying sub-claims and
sub-questions for citing multi-step reasoning, and
designing custom retrieval for citation tasks.

Verifiability is critical to navigate our world
where disinformation abounds, knowledge
evolves, and LLMs retain bias, even as their
capabilities scale. While citation coverage and
precision may improve with LLM capabilities,
the same may not hold true for verifiability.
We emphasize the need to control verification
complexity, especially as models continue to im-
prove. The extractive-abstractive spectrum equips
future systems to thoughtfully balance utility
and verifiability given the stakes and information
transformation required of domain-specific tasks.
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A Design Details

A.1 Human Preference Survey

Our survey first asks participants whether they
have used both search engines and LLMs, referred
to as "chatbots (e.g. ChatGPT, Claude)" in the
survey. We only consider results over participants
who have used both. We then ask which platform
they would use for: (Question A) a personal med-
ical issue, (Question B) a trivia question, (Ques-
tion C) filing taxes, and (Question D) explaining
science to a child. We also ask:

Question E: What are your reasons to use
search engines (e.g. Google, Bing) instead of chat-
bots (e.g. ChatGPT, Claude) when seeking infor-
mation to answer a query?

Question F: What are your reasons to use chat-
bots (e.g. ChatGPT, Claude) instead of search en-
gines (e.g. Google, Bing) when seeking informa-
tion to answer a query?

For all questions, we randomize the answer
choice order across individuals to eliminate bias
arising from the order in which answer choices
are presented. Questions A-D have the mutually
exclusive answer options of:

1. A traditional search engine (e.g. Google and
Bing Search)

2. A hybrid search engine and chatbot (e.g. Per-
plexity, Gemini, and CoPilot)

3. A chatbot (e.g. ChatGPT and Claude)

Because relatively few study participants have pre-
viously interacted with a hybrid system, we re-
port the proportion of participants who chose tra-
ditional search engine or chatbot out of these two
categories.

We chose the mutually inclusive answer options
for Questions E and F by consolidating free-text
input from survey respondents in a trial run. The
answer options are as follows: (1) Reliability of
provided answers, (2) Convenience of obtaining
an answer, (3) Knowing where the answer comes
from, (4) For the entertainment factor of interact-
ing with the underlying technology, (5) The vari-
ety of sources made available, and (6) Seeking a
highly personalized answer.

We solicit survey responses through the Prolific
platform and compensate workers at $13.71/hr.

A.2 Human Evaluation Details
A.2.1 Pilot Evaluation Results
Before running any human evaluations through
MTurk, we performed pilot evaluations of all
seven systems across 20 queries for each of the
four query distributions ourselves. Figure 6 shows
the pilot results across query distributions.

A.2.2 Order of Experiments
Citation coverage, precision, and T2V results
were obtained across two batches: one evaluat-
ing the reference OP implementations (five query-
generation pairs per HIT, one per OP), and one
evaluating GPT-4 + Vertex and Gemini genera-
tions (three pairs per HIT, covering GPT-4 + Ver-
tex, Gemini, and quoted generations, with the
latter re-evaluated to normalize T2V). Since av-
erage quoted fluency and utility ratings differed
across batches—suggesting annotators calibrated
their evaluations to each batch—we re-ran fluency
and utility evaluation over all OP implementations
simultaneously (seven pairs per HIT) to obtain
consistent final ratings. Across both citation eval-
uation rounds, no annotator saw the same query
twice, preventing familiarization effects on T2V.

A.2.3 Annotation Quality Control
US-based MTurk workers with HIT success rates
above 96% were invited to read the annotation
guidelines15 and complete a screener HIT. Of
52 candidates, 31 were admitted; each received
personalized feedback on their screener results.
We maintained contact via email and a dedicated
Turker Nation Slack channel. Due to a month-long
gap between the first and second batches (Section
A.2.2), we ran a second screener to refresh anno-
tators before the second batch; 14 original annota-
tors continued. Again, personalized feedback was
sent and acknowledged. Throughout the study, an-
notators who failed spot checks or rushed through
the interface were dropped. Annotators agreed on
three-point Likert scale ratings for fluency and per-
ceived utility for 76.6% and 70.2% of responses,
respectively. We report agreement rate rather than
Cohen’s kappa because different annotator pair-
ings evaluated different responses.

A.2.4 Annotator Compensation
Annotators were paid $16/hr. HITs with 5 util-
ity/fluency + citation evaluation tasks were com-
pensated at $2.55/HIT, those with 3 utility/fluency

15Available in the project Github repository.
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+ citation evaluation tasks at $1.75/HIT, and those
with 7 utility/fluency tasks at $0.50/HIT. Screener
HITs were compensated at $2.55/HIT with a $4
bonus if accepted into the study.

A.2.5 Annotation interface
Annotators were directed from MTurk to a cus-
tom interface, where after logging in they were
assigned one query-generation pair per OP imple-
mentation in the batch. For each pair, annotators
first rated fluency and utility, then annotated cover-
age and precision for each sentence; both citation
screens display sources with highlighted quotes on
the right. T2V is measured from when the an-
notator advances past the fluency/utility screen to
when they advance past the coverage screen.

A.3 Further Implementation Details
A.3.1 Operating Point Implementation
To retrieve snippets given a query, we scrape text
from the top 50 Google Search results for the
query, chunk the text into snippets about 1000
characters long, and select the ten most relevant
snippets to the query using query-document dense
passage retrieval (Karpukhin et al., 2020).

The quoted generation is generated from GPT-
4 with few-shot examples, the query, and relevant
source snippets provided in-context. We instruct
the model to respond to the query using word-for-
word quotes from the provided sources. Citations
are identified by matching quotes in the generation
with their word-for-word counterparts in the snip-
pets provided in-context, using string matching.
We generate each reference quoted generation 10
times and keep the generation with the fewest un-
quoted words. Across our evaluated queries, 82%
of words in quoted generations are quoted and on
average, quotes are 14.5 words long. We found
that breaking up the query (e.g. "Where was the
director of film Out All Night (1933 Film) born?")
into sub-queries (e.g. "Who directed the film Out
All Night (1933 Film)? Where were they born?")
was especially helpful for queries with multiple
components, such as those from 2WikiMH, for
GPT-4.

We validate the quality of our model-generated
quoted responses by comparing the automatic flu-
ency and perceived utility ratings to those for
human-generated quoted responses. We col-
lected human-generated quoted responses for 360
queries over the four query distributions from Me-
chanical Turk workers. For each question, we pro-

vide the workers with the same sources as those
used by the models. We discarded a response if it
did not include quotes, contained a quote that was
not found word-for-word in the provided sources,
or contained five or more consecutive non-quoted
words.

Model Quoted Generation Win Rate
Model Fluency Perceived Utility

GPT-4 0.50 (0.45, 0.55) 0.56 (0.51, 0.61)
GPT-5 0.51 (0.46, 0.56) 0.56 (0.51, 0.61)
Sonnet 4.5 0.50 (0.45, 0.55) 0.54 (0.49, 0.59)

Table 3: The rates at which the quoted responses
generated by models are ranked higher on fluency
and perceived utility by automatic evaluation than the
quoted responses generated by a human. We break
ties evenly. Binomial proportion 95% confidence inter-
vals are presented in parentheses. The results are over
360 queries—90 queries from each of the NQ, Eta3G,
MASH, and 2WikiMH query distributions.

Our reference implementation of the quoted op-
erating point achieves quoted generations from
GPT-4, GPT-5, and Sonnet 4.5 that are compara-
ble in fluency and excel in perceived utility, rela-
tive to human-generated quoted responses (Table
3). While quoted responses could likely be im-
proved beyond our reference implementation, we
observe that the best-of-3 human-generated flu-
ency and perceived utility ratings for quoted re-
sponses are 2.53 and 2.60 on average, respectively.
However, even these ratings for a strong quoted
operating point baseline fall short of the automatic
quality ratings for the entailed and abstractive gen-
erations of GPT-4, GPT-5, and Sonnet 4.5 (Figure
4). Given model-generated quoted responses, Sec-
tion 8 illuminates distinct failures of the quoted
operating point that limit fluency and perceived
utility.

A.3.2 Prompts
The prompt instructions for each operating point
and citation identification are shown below. Each
operating point is generated using an equal num-
ber of few-shot examples specific to each query
distribution. Each citation is identified with few-
shot examples specific to different query distribu-
tions. All few-shot examples are available in the
Github repository.

Quoted OP: Instruction: Respond

to the following query using

word-for-word quotes from the
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sources provided below. The

following sub-questions will help

you answer the query; be sure that

your response to the query answers

each sub-question using a quotation

from a source. Clearly indicate the

quotes to avoid plagiarizing! Be

concise in your response and focus

on information that responds to the

query. Do not refer to the sources

in your response.

<few-shot examples>

Query: <query>

Sub-questions: <sub-questions>

Sources: <sources>

Response:

Paraphrased OP: Instruction: Respond

to the following query by building

off of the response below.

Specifically, rephrase each sentence

in the response using a more fluent

and useful wording to convey

the same information. In other

words, paraphrase each sentence

of the response as an improved new

sentence, with respect to the query.

Do not refer to the response in your

revised response.

<few-shot examples>

Query: <query>

Response: <quoted response>

Paraphrased Response:

Entailed OP: Instruction: Respond

to the following query by building

off of the response below.

Specifically, rephrase and combine

the sentences in the response by

paraphrasing them, cutting out

extraneous or redundant information,

and simplifying details that are

too fine-grained with respect to the

question. Also, simplify premises

to their logical conclusions to

more directly answer the query. Do

not refer to the response in your

revised response.

<few-shot examples>

Query: <query>

Response: <quoted response>

Revised Response:

Abstractive OP: Instruction: Respond

to the following query by building

off of the response below.

Specifically, rephrase and combine

the sentences in the response by

paraphrasing them, cutting out

extraneous or redundant information,

and simplifying details that are

too fine-grained with respect to the

question. Also, simplify premises

to their logical conclusions to more

directly answer the query. Most

importantly, use accurate outside

information to make the revised

response a more useful answer to

the query. If the provided response

is not an accurate or useful answer

to the query, then extensively

revise it with accurate outside

information. Respond in no more

than about 100 words. Do not refer

to the response in your revised

response.

<few-shot examples>

Query: <query>

Response: <quoted response>

Revised Response:

Citation identification: Instruction:

Examine the text and numbered quotes

below. The text was likely written

from one or a few of the quotes.

Which of these quotes, if any, could

have been used to write the text?

It may be none of the quotes, one

quote, or several of the quotes.

Do not provide redundant quotes.

Respond with the number of the

quote(s) in brackets.

<few-shot examples>

Text: <sentence from operating

point response>

Quotes:

<list of numbered quotes used in the

quoted response>

Answer:

The citations provided by all reference genera-
tions are both corroborative and contributive attri-
butions; they provide users with sources that both
support claims in the generation and contributed
to the creation of the generation (Worledge et al.,
2024).
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A.3.3 GPT-4 + Vertex Implementation
We prompt GPT-4 to generate a response (with-
out retrieved sources) in paragraph form, prompt-
ing for the response length to approximately match
the average entailed generation length per dataset
(Table 4). We then retrieve supporting snippets
( 1000 characters) from the top 50 Google Search
results using a semantic similarity model,16 pool
these with sources from the quoted generation and
any gold-standard snippets, and cite the generation
using Google’s Check Grounding Vertex API.17

The Vertex API’s citation threshold α ∈ [0, 1]
controls citation confidence, with higher values
yielding fewer citations. We calibrate α per
dataset via grid search to match the average cita-
tion count per sentence of entailed cited genera-
tions, yielding thresholds of 0.5, 0.25, 0.05, and
0.25 for NQ, Eta3G, 2WikiMH, and MASH, re-
spectively.

A.3.4 Gemini Generation Details
We obtained Google Gemini generations by pass-
ing in an instruction specifying response format
and target length (the same used for GPT-4 +
Vertex generation) and the query. We used the
"Double-check response" feature18 on Google’s
Gemini web app to access citations to supporting
source quotes. Gemini provides at most one cita-
tion per sentence in the response. We scrape the
website of each cited quote and use a 1000 char-
acter span centered on the cited quote as the cita-
tion’s source. The responses were generated from
August 15th to September 6th, 2024.

A.3.5 Alternate Implementations
In addition to the implementation used for our
main results, we explore three additional cited re-
sponse implementations described below:

Rubric Prompt: We write an outer rubric
prompt with the definitions and evaluation rubrics
for fluency, perceived utility, citation precision,
and citation coverage. We concatenate this rubric
prompt with the original prompt specifying the de-
sired operating point. We also tried adding the
definitions for citation precision and coverage to
the start of the citation prompt, but ultimately re-
verted this change, as it degraded the ability of the

16https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2

17Google Vertex AI Check grounding with RAG
18“View related sources & double-check responses from

Gemini Apps”

LLM to output citations in the specified format for
automatic evaluation, without improving citation
quality.

Optimized Prompt: We implement TextGrad
prompt optimization and validation pipelines and
train for 12 batches over queries from all datasets
with a batch size of 3, using TextGrad’s text
loss, to update outer generation and citation
prompts. Both prompts were initialized to con-
tain the metric definitions and rubrics. Dur-
ing training and inference, we concatenate the
outer generation prompt with the original oper-
ating point prompt specifying the desired operat-
ing point. We used gpt-4-0314 for the for-
ward pass and gpt-4.1-2025-04-14 to pro-
vide feedback for improving the prompt. For each
query, we concatenate the text losses over all oper-
ating point responses before backpropagation. Af-
ter each iteration, we run a validation loop and
only keep the new prompts if the performance was
better than the previous iteration.

One-Step Prompt: We wrote an alternative
pipeline for cited response generation where one
LLM call both generates and cites an operating
point response. We use the same TextGrad prompt
optimization training procedure as above to
optimize an outer prompt. We initialized the outer
prompt to contain the metric definitions and dur-
ing training and inference, concatenate this outer
prompt with the original operating point prompt
and the instruction “In your response,
cite individual sentences from
the sources using the appropriate
citation marker (e.g., [3]).”. To
assist the model in directly citing sentences from
the sources, we provide citation numbers before
every sentence in the provided sources.

Figure 5 shows that results from using the
rubric prompt, optimized prompt, and one-step
prompt all show similar trends as the original im-
plementation in fluency, perceived utility, citation
precision, and citation coverage. Not only are the
trends consistent across results, but the original
implementation is competitive with, if not better
than, the alternate implementations across all met-
rics and operating points. In all prompts, we pro-
vide few-shot examples to ensure the LLM gen-
eration follows the specified format necessary for
evaluation.
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NQ ELI3G 2WikiMH MASH
Entailed Generation 30.1 +/- 2.8 30.2 +/- 2.9 16.7 +/ 1.2 55.2 +/- 3.7
GPT-4 + Vertex Generation 29.5 +/- 0.5 31.2 +/- 0.5 14.9 +/- 0.3 61.8 +/- 0.8

Table 4: Average number of words per generation with 95% confidence intervals. The average GPT-4 + Vertex
generation length matches that of the entailed generations.

Figure 5: Automatic evaluation averaged over the four query distributions for the original, rubric prompt, optimized
prompt, and one-step cited generation implementations. For all implementations, fluency and perceived utility
increase with abstraction, while citation coverage decreases. The original implementation is comparable if not
stronger than the other implementations across all metrics. The error bars represent 95% confidence intervals.

Example A.1: GPT-5 and Sonnet 4.5 often provide
more uncited information than GPT-4 in abstractive
generations

NQ Query: who wrote the song mary had a
little lamb

GPT-4 Abstractive Generation: The song
"Mary Had a Little Lamb" was originally
published as a poem titled "Mary’s Lamb" by
Sarah Josepha Hale in 1830 [1].

GPT-5 Abstractive Generation: Sarah
Josepha Hale wrote the nursery rhyme
(published 1830) [1]. A local story credits
schoolboy John Roulstone with earlier lines, but
there’s no reliable evidence. The melody
commonly used for the song is usually
attributed to composer Lowell Mason (1830s).

Sonnet 4.5 Abstractive Generation: Sarah
Josepha Hale wrote "Mary Had a Little Lamb"
as a poem in 1830 [2]. The following year,
composer Lowell Mason set it to music,
transforming it into the popular nursery rhyme
we know today [3]. The song is based on a
reportedly true story about a girl named Mary
Sawyer whose lamb followed her to school in
Massachusetts.

We also consider an implementation where web
search is enabled for each operating point. We
might expect more abstractive operating points to
have an advantage in leveraging additional infor-
mation content, leading to a larger trade-off in per-
ceived utility than observed in our experiments.
Fluency and citation quality seem less likely to
change, as the relevant failure modes we identify
in our manuscript (e.g., claim taken out of con-
text) are likely unaffected by the presence of addi-
tional information. Lastly, optimized implemen-
tations for individual operating points may bene-
fit from different types of sources; for example,
extractive generations may best be served by con-
cise sources while entailed generations could ben-
efit from lengthy sources, as long as they contain
relevant information.

B Complementary Results
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Overall
imprecision
prevalence

Claim
taken out
of context

Keywords
mistaken for
entailment

Claim
too

specific

False
positive:
Ignores
context

False
positive:

User error

False
positive:
Evaluates
coverage

Quoted 16/1466 3/16 0/16 0/16 7/16 6/16 0/16
Entailed 40/998 1/40 8/40 14/40 1/40 8/40 8/40
GPT-4+Vertex 40/191 5/40 23/40 6/40 5/40 0/40 1/40
Gemini 40/229 1/40 21/40 6/40 3/40 2/40 7/40

Table 5: The left column provides the overall prevalence of imprecise citation annotations from sampled citations,
while the remaining columns show occurrences of specific failure categories. Despite observing false positives, we
still expect the ordering of the OP instantiations by citation precision to hold; generations from each instantiation
are subject to the same errors in annotator judgment

Overall coverage
failure rate

Sentences with
no citation,
i.e., Qi = ∅

Sentences only with
imprecise citation,

i.e., Qi ̸= ∅,
ui,cited claims = ∅

Sentences partially
covered with

precise citation,
i.e., ui,cited claims ̸= ∅

Quoted 134/1381 67.9% 6.0% 26.1%
Paraphrased 145/1288 29.0% 12.4% 58.6%
Entailed 115/776 20.0% 13.0% 67.0%
Abstractive 216/907 42.1% 6.0% 51.9%
GPT-4 + Vertex 520/920 67.7% 11.7% 20.6%
Gemini 1157/1391 83.8% 5.5% 10.7%

Table 6: The left column contains overall coverage failure rate out of all sentences. The other columns provide the
percentage of the specified failure from that row, with the most common in bold.

Overall
prevalence of

low utility
Verbose

Premises
without

conclusions

Unsuitable
style

Failure to
interpret sources

in-context

Failure in
information

retrieval

NQ 40/131 37.5% 10% 2.5% 25.0% 27.5%
Eta3G 39/141 43.6% 7.7% 71.8% 12.8% 5.1%
2WikiMH 40/153 62.5% 52.5% 0% 2.5% 2.5%
MASH 25/129 80% 8% 0% 4% 8%

Table 7: The left column provides the overall perceived utility failure rate in sampled quoted generations, while
the other columns show occurrences of specific failures, with prevalent categories for each row in bold. Categories
are not mutually exclusive. The information retrieval failures for 2WikiMH and MASH were due to faulty gold
sources.
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Generation
Total
Word
Count

Sentence
Word
Count

Citations
per Cited
Sentence

Snippet 236 27 –
Quoted 57 18 1.19
Paraphrased 60 22 1.33
Entailed 33 20 1.90
Abstractive 38 20 1.75
GPT-4+Vert. 34 18 3.14
Gemini 48 15 1.00

Table 8: Total response word count and sentence word
count do not have a strong trend with abstraction. Cita-
tions per sentence generally increase with abstraction.
Gemini sentences have fewer citations yet still higher
relative T2V than the reference generations.

Figure 7: Time to verify entire responses by OP, rel-
ative to each annotator’s time to verify entire quoted
responses. While the results are noisier, T2V trends
upward alongside abstraction (with the exception of
the paraphrased generation), even though average en-
tailed and abstractive generation word counts are sub-
stantially lower than those of the quoted and para-
phrased generations. Results are aggregated over re-
sponses where each sentence is cited. It is possible that
such responses are those that are the easiest to cite (and
thereby verify).

Figure 6: Pilot human evaluation results averaged over the four query distributions. Similar to the MTurk eval-
uations, fluency and perceived utility increase with abstraction, while citation precision and coverage decrease.
While a single researcher provided annotations for the pilot study, the 31 MTurk evaluators rated the extractive
operating point far more harshly on average or fluency. T2V increases with generation abstraction. The error bars
represent 95% confidence intervals.
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Figure 8: (A) Figure 3 (right) copied for convenience. Over all sentences, relative T2V increases alongside gen-
eration abstraction. (B) Over sentences with citation coverage, relative T2V increases as generation abstraction
increases. (C) Over all sentences, absolute T2V increases as generation abstraction increases. Absolute T2V is the
wall clock time in seconds taken to verify a cited sentence.

Figure 9: Human evaluation results by query distribution. As generations become more abstractive, fluency in-
creases similarly for all query distributions, while perceived utility increases at different OPs for different query
distributions. Citation precision and coverage decrease while relative T2V increases across each query distribu-
tions as generations become more abstractive. The error bars represent 95% confidence intervals.
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