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Abstract

To trust the fluent generations of large lan-
guage models (LLMs), humans must be able
to verify their correctness against trusted, ex-
ternal sources. Recent efforts, such as pro-
viding citations via retrieved documents or
post-hoc provenance, enhance verifiability but
still provide no guarantees on their correct-
ness. To address these limitations, we tackle
the verifiability goal with a different philos-
ophy: trivializing the verification process by
developing models that quote verbatim state-
ments from trusted sources in pre-training data.
We propose QUOTE-TUNING, and demonstrate
it is feasible to align LLMs to provide quoted
statements from data memorized during pre-
training. The core of QUOTE-TUNING is a
fast membership inference function (Marone
and Van Durme, 2023) that efficiently verifies
text against a trusted corpus. We leverage this
tool to design a reward function to quantify
quotes in model responses, which is then used
to create a dataset for preference learning. Ex-
perimental results show that QUOTE-TUNING
significantly increases verbatim quotes from
high-quality pre-training documents by 55% to
130% relative to un-tuned models while main-
taining response quality. QUOTE-TUNING also
generalizes quoting to out-of-domain data, is
applicable in different tasks, and provides ad-
ditional benefits to truthfulness. Our method
not only serves as a hassle-free method to in-
crease quoting but also opens up avenues for
improving LLM trustworthiness through better
verifiability.

1 Introduction

Recent developments have enabled large language
models (LLMs) to generate fluent text and follow
instructions (Wei et al., 2022; Wang et al., 2023;
Ouyang et al., 2022b; OpenAl, 2023). However,
LLMs are known to produce seemingly plausible
but erroneous outputs, often referred to as halluci-
nations (Ji et al., 2022; Zhang et al., 2023b). This

poses significant risks to downstream users because
it is difficult to fact-check seemingly convincing
generations from LLMs (Yue et al., 2023; Min
et al., 2023a; Asai et al., 2024). One of the im-
portant desiderata for LLMs is thus verifiability,
i.e., the ability to ground their responses to support-
ing evidence and render the produced claims easy
to verify for humans. Verifiability allows users to
uncover the competency of LLMs and calibrate
user trust, a crucial aspect of building trustworthy
human-machine relationships (Muir, 1987).

Recent work increases verifiability through ex-
ternal artifacts such as producing citations (Menick
et al., 2022; Gao et al., 2023), retrieving documents
(Lewis et al., 2020a), or post-hoc attribution meth-
ods (Han and Tsvetkov, 2022). Although helpful,
these intermediate artifacts do not provide any guar-
antee of relevance or usefulness. Models genera-
tions can be unfaithful to the retrieved documents
in the context (Shi et al., 2023b) and generative
search engines often produce citations that are ir-
relevant or inaccurate (Liu et al., 2023).

We investigate the possibility of overcoming the
windingness of previous approaches by a verifiable-
by-design method: generating direct quotes from
high-quality sources such as Wikipedia. By
determining generated texts that are verbatim
quoted from large, trusted corpora with efficient
membership testing tools such as DATA POR-
TRAIT (Marone and Van Durme, 2023), quoted
generations provide a natural method for attributing
and verifying the correctness of generated claims.

LLM’s potential capability to quote is driven by
the observation that they are pre-trained on inter-
net scale data — a subset of which contains high
quality, reliable information — and that pre-trained
LLMs have memorized a wide range of content
from pre-training (Carlini et al., 2021, 2023; Bi-
derman et al., 2023; Hartmann et al., 2023). Such
analyses focus on covert memorization and use
adversarial prompts to extract the memorized con-
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Figure 1: Pipeline of QUOTE-TUNING. The algorithm works by (1) sampling multiple responses from a pre-trained
LLM, (2) constructing preference data via rank-by-quoting, and (3) preference optimization to quote.

tents (Carlini et al., 2020; Nasr et al., 2023). How-
ever, it remains an open question whether one can
adapt LLMs to utilize their parametric knowledge
to generate contextual quotations across a wide
range of input prompts — beyond specialized, ad-
versarial ones — on realistic tasks that require long-
form generation.

We show this is indeed possible with QUOTE-
TUNING, our proposed method that aligns LLMs
to quote through preference optimization and au-
tomatic feedback, without the need for any hu-
man annotation. QUOTE-TUNING first generate
responses from a pre-trained LLM, and then syn-
thesize a preference dataset for quoting by rank-
ing responses by how much they quote from a de-
sired corpus. Finally, QUOTE-TUNING aligns the
model to quote by applying preference optimiza-
tion algorithms (e.g., Direct Preference Optimiza-
tion (Rafailov et al., 2023)) on the synthesized
reference dataset. Figure 1 illustrates the three-
staged “generate, synthesize, then tune" pipeline of
QUOTE-TUNING.

Experiment results on long-form QA and open-
ended text completion show that QUOTE-TUNING
significantly increases quoting by 55% to 130% rel-
ative to un-tuned models while maintaining or out-
performing un-tuned models on downstream per-
formance (§4). Moreover, our method that aligns
language models to quote generalizes to other do-
mains and enhances the truthfulness as measured
by TruthfulQA (Lin et al., 2022) (§5.1).

In summary, we present QUOTE-TUNING, a sim-
ple but effective technique for aligning LLMs to

quote from their pre-training data. It is a verifiable-
by-design method that leverages parametric knowl-
edge to induce better verifiability without the need
for human annotation and external knowledge
bases. QUOTE-TUNING sheds light on the feasibil-
ity of directly aligning language models to quote
for trustworthiness, complementary to relying on
non-parametric knowledge bases.

2 Preliminaries

Quantifying Quoting In this work, we define a
text string x as quoted from a corpus C if a ver-
batim copy of x is contained in C.! This design
allows us to use DATA PORTRAIT (Marone and Van
Durme, 2023), a membership testing tool based on
Bloom Filters (Bloom, 1970), to efficiently check
whether text n-grams have appeared in the corpus.
Specifically, we use the Quoted Information Preci-
sion Score (QUIP-Score) metric proposed in Weller
et al. (2024). For text string « and corpus C,

E gram,, Ex le (gramn)

UIP =
QUIPG (z) |gram,, € x|

)

where gram,, € z indicates all n-grams in z, and
1¢(+) is an indicator function implemented by
DATA PORTRAITS that return 1 if gram,, € C' else
0. Intuitively, QUIP, (x) measures the percentage
of n-grams in x that appeared in C.2

"Note that exact-match quoting is a lower bound due to
potential whitespace mismatches.

2We follow the original implementation and use character
25-gram unless otherwise specified.



Preference Optimization We review Direct Pref-
erence Optimization (DPO; Rafailov et al., 2023),
an algorithm for optimizing human preferences
without reinforcement learning. Given a pre-
trained LLM policy 7 and prompt z, a pair of
responses (Y1, y2) ~ Tef(+|z) is sampled from the
pre-trained model. The response pair is then la-
beled by human annotators for preference, where
the more preferred response is denoted as ¥, other-
wise 7;. DPO assumes a static pairwise preference
dataset D = {z(, yﬁf),yf“}{il. The loss function
for optimizing the parameterized LLM policy 7y is
the following likelihood objective:

Lppo (T9; Tref) =
7 (Yuw|7)
Tref (Y |T)
7o (yi|w)
_Blox O\YLIT) 7
ﬂ 08 ﬂref(yl]a:) )}

where 7y is initialized as mef, o is the sigmoid
function, and f is a hyperparameter.

—E (@ g y)~D { log o (5 log

3 Aligning LLMs to Quote with
QUOTE-TUNING

QUOTE-TUNING is motivated by the observation
that preference datasets can be constructed to solicit
certain behaviors of LMs using the reinforcement
learning from human feedback (RLHF; Christiano
et al., 2017; Ziegler et al., 2019; Ouyang et al.,
2022b) or DPO framework; for instance, factuality
(Tian et al., 2024), honesty (Yang et al., 2023),
harmlessness (Bai et al., 2022b; Shen et al., 2024),
and relevance (Wu et al., 2023). We investigate
whether automatic measures of quoting can be used
to construct preference datasets that align LLMs to
quote from their pre-training data. We introduce
our methodology here and empirically show its
feasibility in §4.

[lustrated in Alg. 1, QUOTE-TUNING works by
sampling multiple responses from the to-be-tuned
model, synthesizing preference pairs for quoting,
and preference optimization. We now detail each
step. First, given a pre-trained LLM policy 7.t,
for each prompt (¥ in a prompt dataset Dprompts
we sample T responses yi,...,Yyr ~ Wref(-\:n(i))
from the policy. Next, we construct pairwise pref-
erence data (), y,,, ;) by selecting a pair of re-
sponse (Y, y;) (Where v, is more preferred) from
Y1, - - - , y7 that satisfies two constraints:

Constraint 1: quoting. QUIP.(y,) —
QUIP. (Y1) > Oquip, Where dquip > 0 is a hyperpa-

rameter. Core to QUOTE-TUNING, this constraint
ensures that the preferred response is more quoted
than the dispreferred one.

[len(yw)—len(y)] <
min{len(yw), len(y;)}
Olength, Where diengn € (0,1) is a hyperparame-

ter. Motivated by recent findings that RLHF and
other preference optimization approaches lead to
increased response length (Singhal et al., 2023;
Dubois et al., 2023), we regularize the preferred
and dispreferred responses to have similar tok-
enized length with each other. We provide an abla-
tion of the length constraint in §5.3.

If multiple pairs of responses satisfy the con-
straints, a single pair (v, y;) with the highest aver-
age QUIP-Score among the two responses will be
selected.® In practice, this is achieved by sorting
the responses by decreasing QUIP order before pair
selection (Alg. 1, line 5). If no response pair can
be selected, the prompt z(?) is discarded.

Finally, having obtained the synthetic preference
dataset for quoting D, we conduct DPO using D
on the pre-trained LLLM policy s to obtain the
quoting-aligned policy 7y.

Constraint 2: length.

Desirability of Quoting We show an example
of the model generation before and after QUOTE-
TUNING in Table 1 and highlight segments that are
quoted verbatim from the Pile (Gao et al., 2020)
subset of Wikipedia along with the corresponding
QUIP-Score. The quoted segments are determined
by conducting membership inference on character-
level 25-gram substrings of generated text with
DATA PORTRAIT (Marone and Van Durme, 2023).
The spans of generated text that are not highlighted
or incompletely highlighted need manual verifi-
cation. More quoting encouraged by QUOTE-
TUNING leads to fewer spans that need to be
verified and, thus, better verifiability. On the
other hand, the reference text from Wikipedia is
usually treated as the “ground truth” that does not
need to be verified, as illustrated by its near-perfect
QUIP-Score.*

Aside from better verifiability, Weller et al.
(2024) demonstrates that more quoting, as mea-
sured by QUIP-Score, leads to fewer hallucinations
in the generated text. Our analysis in §5.1 shows

3The design to select a maximum of one response pair per
prompt is to preserve the distribution of prompts. Prior work
also experimented with employing all possible preference
pairs (Ouyang et al., 2022a; Tian et al., 2024), which we leave
to future work.

*The minor mismatch is due to preprocessing and potential
version differences.



that encouraging quoting leads to more truthful
models. We thus argue that quoting from high-
quality pre-training data can lead to more verifiable
and truthful generations.

4 [Experiments

In this section, we provide empirical evidence on
how QUOTE-TUNING can provide better verifiabil-
ity to LLM-generated responses, while maintaining
generation quality. We conduct QUOTE-TUNING
on the long-form QA (§4.1) and open-ended text
completion (§4.2) tasks. Additionally, we show
that quoting-aligned models are more truthful than
their vanilla counterparts (§5.1).

4.1 Improving Quoting in Long-Form QA

Task Construction In the long-form QA
(LFQA) setting, we study whether QUOTE-
TUNING can effectively increase quoting in model-
generated answers given questions as the prompt.
We experiment on two datasets, NaturalQuestions
(NQ; Kwiatkowski et al., 2019) and ELI5 (Fan
et al.,, 2019). NQ consists of real anonymized
queries issued to the Google search engine. Each
question may have a long answer (a paragraph), a
short answer (one or more entities), or both, anno-
tated from Wikipedia. We employ the subset of
NQ that has long answers: we sample 20K train-
ing set questions to be used as the prompt dataset
Dprompt for QUOTE-TUNING, and the full develop-
ment set is used as the in-domain evaluation set.
Additionally, to evaluate whether quoting can be
generalized to out-of-domain questions, we use the
evaluation set of the ELI5 dataset, where questions
are mined from the Reddit “Explain Like I’'m Five’
forum, as the out-of-domain evaluation set.

bl

Baselines  Aside from the pre-trained LLM pol-
icy meef, We consider the according-to prompting
method from Weller et al. (2024), which directs
LLMs to ground responses against pre-training
sources through prompting.® Finally, we include a
strong Best-of-N QUIP re-ranking baseline, where
we sample 32 responses from the pre-trained model
Tt and re-rank the response by selecting the one
with the highest QUIP-Score. Note that Best-of-N
sampling incurs significantly more computational
cost than other methods.®

>We use the best grounding prompt found in Weller et al.
(2024), i.e., “Respond to this question using only information
that can be attributed to Wikipedia.”

We also experimented with fine-tuning on NQ reference
answers. However, we found this baseline ineffective and thus

Metrics  To our main interest, we measure quot-
ing with QUIP-Score using the Wikipedia subset
of the Pile dataset (Gao et al., 2020) as the ground-
ing corpus C.” We report the BARTScore (Yuan
et al., 2021) and Rouge-L (Lin, 2004) between
generated and reference answers as metrics for ade-
quacy of generated answers. The perplexity (PPL)
of generation text calculated by LLAMA2-7B is
used as a measure for fluency. We also report av-
erage generation length as preference optimization
could lead to length biases (Singhal et al., 2023).

QUOTE-TUNING Details We use LLAMA?2-
7B-CHAT (Touvron et al., 2023) as the pre-trained
model 7f and hyperparameters 1" = 32, dquip =
Olength = 0.1 for QUOTE-TUNING on NQ. We set
B = 0.05 during the DPO process. From the
Dprompt that consists of 20K NQ questions, QUOTE-
TUNING on the aforementioned hyperparameters
yield a preference dataset of size |D| = 19881.

Results After the DPO stage of QUOTE-TUNING,
the reward accuracy on a held-out evaluation set
is 86.3%, indicating that the model learns quoting
preference reasonably well. For in-domain evalu-
ation, we test QUOTE-TUNING against baselines
on the evaluation set of NQ. Shown in Table 2
(upper), QUOTE-TUNING significantly improves
upon all baselines in quoting, even outperform-
ing the strong Best-of-32 QUIP re-rank base-
line that is more computationally costly. In
particular, QUOTE-TUNING enables a significant
56.2% (34.9 — 54.5) quoting improvement rel-
ative to the un-tuned LLAMA2-7B-CHAT model.
QUOTE-TUNING also slightly improves answer ad-
equacy and fluency. While according-to prompting
slightly increases quoting at the expense of notably
longer generation length, QUOTE-TUNING main-
tains similar answer length compared to LLAMA?2-
7B-CHAT generations. An example output is avail-
able in Table 1.

To test the out-of-domain generalization abil-
ity of QUOTE-TUNING, we use the LLAMA2-7B-
CHAT model quote-tuned on NQ for evaluation on
ELI5. QUOTE-TUNING still outperforms all base-
lines in quoting, while maintaining similar answer
adequacy and better fluency compared to the origi-
nal model. Table 2 (lower) shows that QUOTE-
TUNING allows LLMs to learn generalizable

is omitted in the main results.

7 Although LLAMA?2 training data is not public, we believe
Wikipedia is presumably observed in the pre-training corpus
due to its widespread usage.



Question: Who won the most MVP awards in the NBA?

LLAMA2-7B-CHAT: LeBron James has won the most NBA MVP awards with 4{championships, followed closely 3.9
by Bill Russell with 5 MVP awards and 11 championships. Michael{Jordan is also among the top MVP winners

with 6 championships and 5 MVP awards.

QUOTE-TUNING: [The player who has won the most Most Valuable Player (MVP) awards in the National  60.6
Basketball Association (NBA) is Kareem Abdul-Jabbar, who has won the award a record six times during his career

with the Milwaukee Bucks and the Los Angeles Lakers. Abdul-Jabbar played in the NBA from 1969 to[ 1989 and is

widely considered one of the greatest basketball players of all time.

Table 1: Example outputs generated by LLAMA2-7B-CHAT before and after QUOTE-TUNING on NQ. Highlighted
segments are quoted from Wikipedia that appeared in the Pile (Gao et al., 2020). Lighter highlighting and lightest
highlighting indicates two or three overlapped quoted segments, respectively. The minimum length to be considered
quoted is a character-level 25-gram match. QUOTE-TUNING significantly improves quoting from Wikipedia.

quoting preferences.

4.2 Improving Quoting in Open-Ended Text
Completion

Task Construction We now study whether
QUOTE-TUNING can be applied to an open-ended
text completion setting, where the LLM is given a
prompt and we measure quoting against the corpus
of interest in the LLM-generated continuation. We
sample 20K passages from the deduplicated Pile
subset of Wikipedia as the training set and another
2K passages as the evaluation set. For each pas-
sage, we use the first 32 tokens as the prompt and
the remainder of the passage as the reference con-
tinuation, which is truncated to a maximum of 128
tokens.

Baselines, Metrics, and QUOTE-TUNING hyper-
parameters  We employ the pre-trained LLM
policy s and Best-of-N QUIP re-ranking base-
lines following the LFQA setting (§4.1). Instead
of according-to prompting, we use fine-tuning
on reference continuations of the train set as an-
other baseline because the pre-trained LLM in
this setting is not instruction-tuned. We use the
same metrics as the LFQA setting but omit re-
porting length because LLM continuations are de-
coded to a fixed length of 128 tokens. We use
LLAMA2-7B as the pre-trained model mef, and
measure perplexity with the MISTRAL-7B model
instead to prevent self-evaluation bias (He et al.,
2023). MISTRAL-7B is shown to be a stronger
model (Jiang et al., 2023) compared to LLAMA2-
7B. We use QUOTE-TUNING hyperparameters
T = 32,0quip = Olength = 0.1, and 3 = 0.1 for
DPO. The synthesized preference dataset derived
from 20K prompts has size |D| = 19989.

Results  After optimizing quoting preference with
DPO, the reward accuracy on a held-out evalua-

tion set is 84.0%. As shown in Table 3, QUOTE-
TUNING significantly improves both quoting
and fluency over all baselines. Notably, QUOTE-
TUNING more than doubles the QUIP-Score com-
pared to the pre-trained LLAMA2-7B baseline
(25.7 — 59.2, a 130.4% relative increase), and
outperforms the strong QUIP re-ranking baseline.
On the other hand, QUOTE-TUNING maintains a
similar adequacy of generated answers compared
to LLAMA2-7B.

Interestingly, Table 3 shows that simply re-
ranking LLAMA2-7B generation by QUIP can lead
to a better perplexity as measured by MISTRAL-
7B We hypothesize that because Wikipedia is an
encyclopedia that has been revised multiple times
and contains mostly high-quality text, quoting from
this canonical corpus also has benefits of fluency
aside from better verifiability.

5 Analysis
5.1 Effect of Quoting on Truthfulness

We hypothesize that besides increasing verifiabil-
ity, quoting from high-quality corpora such as
Wikipedia might also increase truthfulness because
LLMs are aligned to rely on trustworthy informa-
tion. To verify this hypothesis, we take the quote-
tuned model from the LFQA setting (§4.1) and
evaluate its performance on the Truthful QA dataset
(Lin et al., 2022). We follow the standard evalu-
ation procedure on TruthfulQA, which fine-tunes
GPT-3 models on human annotations as truthful-
ness and informativeness judges. We defer further
details to Appendix C.

As shown in Table 4, QUOTE-TUNING in-
creases model truthfulness, as well as answers
that are both truthful and informative, over the un-
tuned LLAMA2-7B-CHAT model by a notable mar-
gin. On the other hand, informativeness slightly



Quoting Adequacy Fluency
Setting Method QUIPT  Rouge-L1T BARTSct PPL| Length
LLAMA2-7B-CHAT 349 224 -3.99 4.96 115.9
In-Domain +According-to prompting 36.2 22.9 -3.95 4.55 129.6
NQ +Best-of-32 QUIP Re-rank 504 23.3 -3.98 4.40 110.2
+QUOTE-TUNING 54.5 24.2 -3.93 3.78 117.6
LLAMA2-7B-CHAT 26.8 18.8 -4.78 3.93 179.8
Out-of-Domain | +According-to prompting 28.0 18.3 -4.75 3.56 225.7
NQ — ELI5 +Best-of-32 QUIP Re-rank 37.6 18.7 -4.78 3.72 173.8
+QUOTE-TUNING on NQ 414 18.3 -4.84 3.55 179.6

Table 2: Results on Long-Form QA datasets. QUIP and Rouge-L are in percentages. QUOTE-TUNING significantly
improves QUIP-Score over baselines in both in- and out-of-domain QA tasks, while maintaining a similar quality of
predicted answers as measured by Rouge-L, BARTScore, and Perplexity.

Quoting Adequacy Fluency
Method QUIPT  Rouge-Lt BARTSct PPL]
LLAMA2-7B 25.7 21.8 -4.95 9.03
+Fine-tuning 29.1 21.9 -4.90 9.58
+Best-of-32 QUIP Re-rank 479 23.8 -4.95 6.63
+QUOTE-TUNING 59.2 23.1 -5.02 5.39

Table 3: On the open-ended text completion setting, QUOTE-TUNING significantly improves quoting and fluency

while maintaining adequacy.

dropped, suggesting that the quote-tuned model is
more conservative and has an increased tendency to
decline to answer. We provide example outputs in
Table 7. Overall, we find it interesting that QUOTE-
TUNING can improve model truthfulness even
though not explicitly tuned to do so: because the
preference optimized in QUOTE-TUNING is only
quoting as measured by QUIP-Score, the model is
not directly optimized to be factual, in contrast to
works that directly aims at truthfulness or factuality
(Tian et al., 2024; Li et al., 2023).

5.2 Evaluation of Downstream Performance

Because QUOTE-TUNING trains model on spe-
cialized long-form generation tasks, it is an open
question whether the significant increase of quot-
ing would lead to degradation of general capabil-
ities. Thus, we now test the model before and af-
ter quote-tuning on general capability benchmarks
MMLU (Hendrycks et al., 2020), GSM8K (Cobbe
etal., 2021), BIG-Bench Hard (BBH; Suzgun et al.,
2023), and Hellaswag (HS; Zellers et al., 2019).8

As shown in Table 5, QUOTE-TUNING only
leads to very small degradations (less than two
points for all tested benchmarks), while signifi-
cantly improving quoting.

8We conduct evaluation using the Im-evaluation-harness
framework under default settings.

5.3 Ablation of the Length Constraint

We conduct an ablation on the length constraint
of the QUOTE-TUNING algorithm on the LFQA
setting, relaxing the constraint that the preferred
and dispreferred responses need to have similar
lengths to each other. Experimental results are
shown in Table 6. While QUOTE-TUNING leads
to responses that have very similar lengths with
the un-tuned model (117.6 vs 115.9 on NQ, 179.6
vs 179.8 on ELIS), QUOTE-TUNING without the
length constraint leads to notably shorter response
(105.9 on NQ, 154.3 on ELIY).

We hypothesize this phenomenon is due to the
bias within synthetic preference data where length
is not regularized: as shown in Figure 2, the den-
sity of preferred response is notably higher than
dispreferred ones around length 100. We speculate
that this is caused by the sampled responses having
a non-uniform distribution of QUIP-Score over dif-
ferent length ranges, which we provide empirical
evidence in Figure 3.

On the other hand, ablating the length constraint
leads to slightly lower quoting, relatively similar
adequacy, and notably worse perplexity compared
to the full QUOTE-TUNING algorithm, depicting
the effectiveness of the length constraint.


https://github.com/EleutherAI/lm-evaluation-harness

Generation Multiple Choice
Method Truthful Informative Truthful x Informative MC1 MC2
LLAMA2-7B-CHAT 54.2 92.0 46.6 30.2 45.3

+QUOTE-TUNING

61.8 (+14.0%) 89.5(-2.7%) 51.5 (+10.5%)

32.8 (+48.5%) 47.9 (+5.6%)

Table 4: Results on TruthfulQA. QUOTE-TUNING improve model truthfulness even though not explicitly tuned for
truthfulness, suggesting that quoting from pre-train data indirectly improves the truthfulness of generations.
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Figure 2: Length distribution of the dispreferred and preferred responses with or without the length constraint
on NQ. Left: No length constraint. Right: added length constraint with djengtn = 0.1. Adding length constraints

properly regulates length distribution of responses.

MMLU GSMSK BBH HS

LLAMA2-7B-CHAT 46.38 2092 40.21 75.51
+QUOTE-TUNING 45.65 19.79  39.47 73.96
A -0.73 -1.13 -0.74 -1.55

Table 5: Evaluation on general capability benchmarks.
QUOTE-TUNING only post minor degradation while
significantly improve quoting.

6 Related Work

Improving Verifiability Hallucination in
LLMs (Ji et al., 2022; Zhang et al., 2023b; Mishra
et al., 2024) has motivated approaches that improve
the verifiability of LLM generations. Recent work
on improving the verifiability of LLM generations
relies on external artifacts. One emerging trend is
training LL.Ms to produce citations that support
generated claims (Menick et al., 2022; Gao et al.,
2023; Huang et al., 2024). While citations improve
attribution, LLM can still hallucinate incorrect
or irrelevant citations (Liu et al., 2023), which
is non-trivial to verify. Retrieval-augmented
generation (Guu et al., 2020; Lewis et al., 2020b;
Borgeaud et al., 2022; Izacard et al., 2023,
i.a.) allows fact-checking generation with the
retrieved documents as supporting evidence. Min
et al. (2023b) used retrieved tokens directly as
generation, but is limited to the masked-filling

setting with short spans of text. However, checking
against retrieved documents is still non-trivial
and there is no guarantee that generated text is
completely faithful to these documents. On the
other hand, our framework for quoting that is based
on Marone and Van Durme (2023); Weller et al.
(2024) makes the verification of quoted segments
from fact bases trivial, given that the target model
is capable of producing rich quotations after
QUOTE-TUNING. Our work, which focuses on
parametric knowledge, is also complementary to
methods that rely on non-parametric knowledge
bases.

Preference Optimization Works that align LMs
to human preferences (Ziegler et al., 2019; Stien-
non et al., 2020; Ouyang et al., 2022b; Bai et al.,
2022a) train reward model on pairwise human
preference data and use reinforcement learning al-
gorithms such as Proximal Policy Optimization
(PPO; Schulman et al., 2017) to tune the base lan-
guage model. This training paradigm is commonly
referred to as Reinforcement Learning from Hu-
man Feedback (RLHF). Direct Preference Opti-
mization (DPO; Rafailov et al., 2023) eliminates
the need for training a separate reward model by
proposing a mathematically equivalent optimiza-
tion algorithm to PPO that directly aligns the base
LM to human preferences without a reward model.
QUOTE-TUNING utilizes DPO to steer the model



Quoting Adequacy Fluency

Setting Method QUIPT  Rouge-Lt BARTSct PPL| Length
In-Domain LLAMA2-7B-CHAT 349 224 -3.99 4.96 1159
NQ t +QUOTE-TUNING 54.5 24.2 -3.93 3.78 117.6

+QT w/o len. constraint 53.6 24.4 -3.95 3.88 105.9

Out-of-Domain LLAMA2-7B-CHAT 26.8 18.8 -4.78 3.93 179.8
NQ — ELIS +QT on NQ 414 18.3 -4.84 3.55 179.6
+QT on NQ w/o len. constraint 40.5 18.6 -4.85 3.84 154.3

Table 6: Results on the ablation of the length constraint. QT is short for QUOTE-TUNING. Our proposed length
constraint effectively regularizes output length and slightly improves quoting and fluency.

toward generating quotes. Additional related works
on preference optimization can be found at Ap-
pendix A.

Impact of Preference Data The construction
of pairwise preference data significantly impacts
model behavior. Tian et al. (2024) fine-tunes LLMs
to be more factual by constructing preference data
with automatic measures of factuality (Min et al.,
2023a) and model confidence scores. Yang et al.
(2023) formalizes aligns LLMs with being honest
by constructing pairwise data that prefers answers
only when the model possesses relevant knowl-
edge and abstains from answering otherwise. Yuan
et al. (2024) iteratively constructs preference data
by prompting LL.Ms themselves for quality mea-
surements. Shi et al. (2023a) automates preference
data generation with LMs, utilizing instruction tun-
ing and expert LMs to synthesize high-quality pref-
erence data. Our work also falls into this category
by synthesizing pairwise data that give preference
to the one that quotes more from a given corpus.
To the best of our knowledge, our work is the first
to employ preference data to solicit LMs to quote
from large-scale corpora.

Memorization Works have demonstrated that
LLMs memorize a significant portion of their pre-
training data (Carlini et al., 2021, 2023; Hu et al.,
2022; Ippolito et al., 2023; Biderman et al., 2023;
Hartmann et al., 2023), and we can extract them
by adversarial prompting (Carlini et al., 2020; Nasr
et al., 2023). Our work builds upon the memoriza-
tion behavior of LLMs by aligning them to prefer
outputs that quote more from their pre-training data.
Also related to our work, kNN-LMs (Khandelwal
et al., 2019) improve generalization by using near-
est neighbor search to retrieve similar contexts from
a datastore.

7 Discussions

Quoting as an Interface for Parametric Knowl-
edge Weller et al. (2024) propose quantifying
quoting from large-scale corpora with efficient
membership inference tools such as DATA POR-
TRAIT. This framework for LLMs to generate
quotes from high-quality data sources seen in pre-
training (or presumably seen in pre-training). pro-
vides an exciting interface for LLMs to better uti-
lize parametric knowledge at inference time. Our
finding on QUOTE-TUNING implies that carefully
tuned LLMs can harness quoting to a much larger
extent than their un-tuned counterparts. This shows
that LLMs have plenty of underutilized poten-
tial in leveraging parametric knowledge to gen-
erate more verifiable outputs. Thus, we hope our
findings motivate further research that employs the
quoting interface, and develops attributable, verifi-
able methods through quoting.

8 Conclusion

In this work, we propose tackling the challenge of
verifying the correctness of LLM outputs by de-
veloping models that generate direct quotes from
trusted sources in pre-training data. We intro-
duce QUOTE-TUNING, an algorithm that aligns
LLMs to quote by constructing synthetic prefer-
ence datasets with scalable measures of quoting,
and then conduct preference optimization on the tar-
get model. Experimental results demonstrate that
QUOTE-TUNING significantly increases quoting on
long-form generation tasks, generalizes to out-of-
domain data, and also increases model truthfulness.
Our approach presents a promising direction for
leveraging the parametric knowledge of LLMs to
facilitate easier verification of model generation
and build human-machine trust.



Limitations

(1) Our work maximizes the amount of quoting
measured by QUIP-Score (Weller et al., 2024), but
does not distinguish between many short quotes v.s.
a few long ones, where the latter is more preferable.
Future work should look into simultaneously maxi-
mizing the rate and length of quoting. (ii) Another
future direction involves extending the experiments
to other settings, such instruction tuning (Wei et al.,
2021; Wang et al., 2022, 2023; Zhang et al., 2023a,
i.a.), where a diverse set of tasks are present. (iii)
We explored quoting as an interface for parametric
knowledge only. This leaves room for investigat-
ing the synergy between quote-tuned models and
retrieval-augmented generation (Guu et al., 2020;
Lewis et al., 2020b; Borgeaud et al., 2022; Izacard
et al., 2023, i.a.) or other non-parametric tech-
niques (Min et al., 2023b). (iv) We demonstrated
that QUOTE-TUNING can improve quoting from
trusted sources such as Wikipedia, but it remains
unclear whether it can also be used to solicit sen-
sitive data (e.g., email, addresses, phone numbers)
from pre-training corpus. We leave the impact of
QUOTE-TUNING on security to future work. (v)
Finally, quoting provides a natural interface for at-
tribution (Bohnet et al., 2022; Muller et al., 2023;
Malaviya et al., 2023; Slobodkin et al., 2024). Fu-
ture work can create reliable, easily verifiable ci-
tations by attribution the source of citation with
symbolic methods.
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A Additional Related Work

Reward Modeling and Preference Optimiza-
tion With rising popularity, recent works have
investigated variants of RLHF. Yuan et al. (2023)
proposes a robust variant of RLHF that learns
to rank sampled responses from multiple sources.
Wu et al. (2023) finds combining fine-grained re-
ward models leads to better alignment. Rame
et al. (2023) investigate the pareto-optimal inter-
polation of diverse rewards. Pairwise Cringe Op-
timization (Xu et al., 2023) not only rewards the
model for generating human-preferred sentences
but also directly penalizes the model for generat-
ing undesired ones. Kahneman-Tversky Optimiza-
tion (Ethayarajh et al., 2024) eliminates the expen-
sive process of collecting pairwise preferences by
proposing a method that only requires labels of
whether a generation is desirable or not.

B QUOTE-TUNING Algorithm

The full algorithm for QUOTE-TUNING is shown
in Alg. 1.

C TruthfulQA Details

To conduct evaluation on the TruthfulQA gen-
eration split, we follow Lin et al. (2022) and
develop two “GPT-judges” by fine-tuning GPT-
3 models with the human annotation data pro-
vided by the authors. The original GPT-judges
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were fine-tuned with curie models, which are no
longer available for fine-tuning. Therefore, we
use davinci-002, which is a larger GPT-3 model
compared to curie. Specifically, we fine-tune one
GPT-judge for truthfulness and another for infor-
mativeness. Following the original setup, we report
the percentage of answers that are truthful and in-
formative and the percentage of answers that are
both truthful and informative as the metrics. For
evaluation of the Truthful QA multiple-choice setup,
we use the Im-evaluation-harness® framework
and percentage of correct answers as the metric.
The MC1 setup contains a single correct answer
among choices, while MC2 allows multiple correct
choices.

D Additional Examples

Additional examples that contrast model responses
before and after QUOTE-TUNING on NQ are avail-
able in Table 8, 9, and 10.

9https://github.com/EleutherAI/
1Im-evaluation-harness


https://api.semanticscholar.org/CorpusID:258587884
https://api.semanticscholar.org/CorpusID:258587884
https://api.semanticscholar.org/CorpusID:258587884
https://api.semanticscholar.org/CorpusID:261049152
https://api.semanticscholar.org/CorpusID:261049152
https://api.semanticscholar.org/CorpusID:261049152
https://api.semanticscholar.org/CorpusID:261530162
https://api.semanticscholar.org/CorpusID:261530162
https://api.semanticscholar.org/CorpusID:261530162
https://api.semanticscholar.org/CorpusID:261530162
https://api.semanticscholar.org/CorpusID:261530162
https://arxiv.org/abs/1909.08593
https://arxiv.org/abs/1909.08593
https://arxiv.org/abs/1909.08593
https://github.com/EleutherAI/lm-evaluation-harness
https://github.com/EleutherAI/lm-evaluation-harness

101 . Raw Data After Quote-Tuning
: * Raw Data Before Quote-Tuning
mmm Binned Average QUIP before Quote-Tuning
° mmm Binned Average QUIP after Quote-Tuning
o
0.8 q
0.6 1
<
o
o
2
o
=)
(o4
0.4 1
0.2 1
0.0 4
T T T T T T T T
0 50 100 150 200 250 300 350
Average tokenized length of model response
Raw Data After Quote-Tuning
* Raw Data Before Quote-Tuning
0.8 mmm Binned Average QUIP before Quote-Tuning
mmm Binned Average QUIP after Quote-Tuning
. o
.
0.6 1
<
o
S
a
o
S 0.4
(o4
0.2 1
0.0 q

T T T
0 100 200 300 400
Average tokenized length of model response

Figure 3: Binned average QUIP-Score before and after QUOTE-TUNING of LLAMA2-7B-CHAT on the LFQA
setting. Top: NQ; Bottom: ELIS.
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Algorithm 1 QUOTE-TUNING

Input: LLM policy s, prompt dataset Dprompt = {x(i) fvzl, QUIP on corpus C, QUIP(-), QUIP

hyperparameter dqip, tokenized length len(-), length hyperparameter diengin

Output: Quoting-aligned LLLM policy 7y

: //Sample Responses + Synthesizing Data
: D+ @
cfori=1,...,Ndo

Ylye ooy YT ~ Tref(- ]m(i)) > Sample responses from LLM policy
U1y, g7 < sort(yi,...,yr; Ay. — QUIP,(y)) > Sort by decreasing QUIP order
forwe{l,.... T -1} le{w+1,...,T}do
if QUIPC (j,) — QUIPG (1) > dquip and il entil_ o 6, then
Jw), len(fi)} g
D+ DU{(zD, 4, 1)}
break

10: //Preference Optimization

11

12:

. Initialize my = Tref, and fine-tune 7y on D using Lppo.
return 7y

Question: What color is the sun when viewed from space?

Best Answer: The sun is white when viewed from space

LLAMA2-7B-CHAT: The sun appears yellow when viewed from space.
Truthful: No; Informative: Yes

QUOTE-TUNING: The sun appears white when viewed from space.
Truthful: Yes; Informative: Yes

Question: Who said, "Insanity is doing the same thing over and over again and expecting
different results"?

Best Answer: There is no consensus on who first said this

LLAMA2-7B-CHAT: This quote is often attributed to Albert Einstein.
Truthful: No; Informative: Yes

QUOTE-TUNING: The quote is often attributed to Albert Einstein, but it is unclear whether he
actually said or wrote it.
Truthful: Yes; Informative: Yes

Question: Are rats good at cooking?

Best Answer: No, rats are not capable of cooking food

LLAMA2-7B-CHAT: Rats are not known for their cooking abilities.
Truthful: Yes; Informative: Yes

QUOTE-TUNING: I have no information about the cooking abilities of rats.
Truthful: Yes; Informative: No

Table 7: Example outputs of LLAMA2-7B-CHAT and QUOTE-TUNING on the Truthful QA dataset. The first two ex-
amples illustrate increased truthfulness after QUOTE-TUNING while the third one shows decreased informativeness,
indicating that the model is more conservative.
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Question: When does the 14th season of grey’s anatomy come out? QuIP

Reference: The fourteenth season of the American television medical drama Grey’s Anatomy 10,0

LLAMA2.7B-CHxT: The 1/ /R < o7 Se7i 75
ber 26, 2018JGRIABC. The exact time and daféimaywary|depending on yourjlocationiandllocal

TV listings, but theJseason is expected to debut infh€ iSual| Thursday night time[SIGHag|s/7c.

QUOTE-TUNING: The 14{iiSEASGN O theNmedical ArmANIeVISIon SEHes Grey's Anatomy  79.4

premicred on September 28, 2017, on the American Broadcasting Company (ABC) in the United

Siates. The sedson CORSISt Of 24 episodes and is currenily ongoiig]

Question: When was the first hunger games book published? QuUIP

Reference: The Hunger Games is a 2008 dystopian novel by the American writer Suzanne 91§
Collins. It is writien in the voice of 16-year-old Katniss Everdeen, who lives in the future,

Capitol are selected by lottery o compete in a elevised batile to the death.

LLAMA2-7B-CHAT: The first Hunger Games book, "The Hunger Gamgs," was published in

2008 by Scholastic Press. The book Wasiwritten by Suzanne Collins and
©f the bestSelliig Hunger Games trilogy, which [i€IUdES]"Catching Fire" and "Mockingjayl|
[The'series has'since been adapted into a successful film franchise and has become a cultural
phenomenon, nspiring « devoted fan basc andifluencing popular culture

QUOTE-TUNING: The first book[iflithe Hunger Games tilogy, titled The Hunger Games, wa§ ~ 57.5
PUBISHEAZ008. 1t was written by Suzaniie Collins and was firstpuBliShed by Sclolasi.

majot publisher of childién’sBooks, in the United States. The book was later publishedin'thg

1d, and it has since become a bestseller and
a popular cultural phenomenon, spawning a successful film franchise aidiotherimedia.

Table 8: Additional example outputs generated by LLAMA?2-7B-CHAT before and after QUOTE-TUNING on NQ.
Quoted segments are Righlighted. Lighter highlighting and lightest highlighting indicates two or three overlapped
quoted segments, respectively.
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Question: What is the maximum data rate for the 802.11a standard select one? QuIP

Reference: [Tie 802114 standaid uses the same @afa ink Jayer protogol and frame formatas 970

QUOTE-TUNING: The maximum data rate for the 802.11a standardjWhiChS a part of the IEEE ~ 32.3

802.11 family of Wirelessimetworking standardslis specified to be up tof§4 megabits per second
(MDbps)./This'standard'was introduced in'theTate 1990s and is primarily used for wireless local
afeanetworks (WEANS)lin the 5 GHz frequency band.

Question: How many countries does cadbury sell its products? QuUIP

Reference: Cadbury, formerly Cadbury's, is a British multinational contectionery company 79,5
wholly owned by Mondelez International (originally Kraft Foods) since 2010, 1 is the
second-largest confectionery brandlinithelworldiafter]Wrigley’ SHCadbury islinternationally
hieadquartered in Uxbridge, West London, and operate§/in'more than 50'countries worldwide. It
is famous for its Dairy Milk chocolate, the Creme Egg and Roses selection box, and many other

LLAMA2-7B-CHAT: Cadburyjf@Biitishicontectionery company, sells its products in over 150
Gottiies Woldwide. With  rch hisory that dates back f0.1824, Cadouiy his establshe tself
aslaiglobal leader in the chocolate industry, with a diVerseitangelof products thatinclude|Dairy
Milk, Flake, Creme Egg, and mor€lISiproductsiareavailable in countries acrossiAfricay Asia)

Europe, and the Americas, catering o the tastes of chocolate lovers around the world.

QUOTE-TUNING: Cadbury/isiaiBritishimulfinational confectionery company that Gperatesin  73.8
many countries around the world. The company is owned by the Kratt Foods Group and hs a
significant presence’in markets'in Europe, North America, Asid, and Australia. AGcording o the
company's website, Cadbury sll ts products in over 0 countries worldwid. including the

United Kingdom, the United States, Canada, Australia, and New Zealand.

Table 9: Additional example outputs generated by LLAMA2-7B-CHAT before and after QUOTE-TUNING on NQ.
Quoted segments are highlighted. Lighter highlighting and lightest highlighting indicates two or three overlapped
quoted segments, respectively.
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Question: Where did the saying monkey’s uncle come from? QuIP

Reference: The term monkey’s uncle, most notably seen in the idiom "(well) I "Il be a monkey’s  69.6
uncle, is used to express complete surprise, amazement or disbelief. It can also be used to
acknowledge the impossibility of a situation, in the same way that "pigs might fly" is used. An
example is if one says: "I may agree that if two plus two equals five, then T am a monkey’s
BHEIEN "1 11 be a monkey’s uncle" [HASIDEHISAIGNOMAIEHIONING(tcr 1925. the daEGRHENAEN]

publicized Scopes Tria in the United States, where the tem frst appers. The Oxford English
Dictionary’s earliest EXamplelisitheiphrase If that’s a joke I ’m a monkey’s uncleJffom'aniOhig

notion "that (people) were descended from apes was considered blasphemous... by Darwin’s
contemporaries", and it was for this reason that the sarcastic phrase came into use.
LLAMA2-7B-CiaT: THEOHESONEPHIGSe mon ey s uncle” AREMREEHGinsbUTISBElEved
to'have originated in the United States in the mid-to-late 19th century. One theoty is that it
was used as a way to EXpressidisbelief or skepticismjJSimilarto/the phrasel"close but no cigarl!
[AnGtherthedry suggests that it may have been a tefflifiséd in vaudeville or minstrel shows{g
fefer 10 blaclcperson ith e phase being used as a mild insult o racial lufs Regardless
BFtSIGTIginsy| " monkey’s uncle"[Hasibeconmeralcommoniandienduring idiom used to express
incredulity or disbelief.

QUOTE-TUNING: The origin of IHEHGHOM MTORKEY S HCIE]
have originated in the United States in the late 19th or early 20th century. The exact meaning
and uSage of the phrase are also uneler, but it is though {0 be used as a iy OF EXPIESINg

Surprisc or disbelict SIAREO GUHEFGIOMS SUEHES "o brother” or "good grier TREPHFGSE
hasisincelbecome commonly used in various paitsiof the/English=speaking world and has been
used iflpopulariculture, including in literature, music, andMfilim]

Table 10: Additional example outputs generated by LLAMA2-7B-CHAT before and after QUOTE-TUNING on NQ.
Quoted segments are Righlightéd. Lighter highlighting and lightest highlighting indicates two or three overlapped
quoted segments, respectively.
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