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Abstract

Despite the recent progress in language gen-
eration models, their outputs may not always
meet user expectations. In this work, we study
whether informational feedback in natural lan-
guage can be leveraged to improve generation
quality and user preference alignment. To this
end, we consider factual consistency in summa-
rization, the quality that the summary should
only contain information supported by the in-
put documents, as the user-expected preference.
We collect a high-quality dataset, DeFacto,
containing human demonstrations and informa-
tional natural language feedback consisting of
corrective instructions, edited summaries, and
explanations with respect to the factual consis-
tency of the summary. Using our dataset, we
study three natural language generation tasks:
(1) editing a summary by following the human
feedback, (2) generating human feedback for
editing the original summary, and (3) revising
the initial summary to correct factual errors by
generating both the human feedback and edited
summary. We show that DeFacto can provide
factually consistent human-edited summaries
and further insights into summarization factual
consistency thanks to its informational natural
language feedback. We further demonstrate
that fine-tuned language models can leverage
our dataset to improve the summary factual
consistency, while large language models lack
the zero-shot learning ability in our proposed
tasks that require controllable text generation.

1 Introduction

While recent natural language generation (NLG)
models (Radford et al., 2019; Lewis et al., 2020;
Raffel et al., 2020; Brown et al., 2020) have made
significant progress on the generation quality, they
cannot always generate outputs that meet the user
needs. For example, while state-of-the-art summa-
rization systems can generate fluent and relevant

*Most of the work was done while the first author was an
intern at Microsoft Research.
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Figure 1: Three NLG tasks studied using our dataset.
The Editing model aims to improve the initial system-
generated summary given human feedback. The Critic
model aims to predict human feedback according to a
user-required quality. The Editor model aims to auto-
matically correct factual errors by predicting both the
human feedback and edited summary.

summaries, recent work (Goyal and Durrett, 2021;
Tang et al., 2022) have shown that they still make
errors on fine-grained qualities such as factual con-
sistency.! These errors can lead to serious risks to
the intended users and make it difficult for them to
trust the systems for their decision-making.

Such failures in satisfying the user needs have
an intrinsic reason — the large benchmark datasets
that are used to train NLG models are usually
not collected according to pre-defined user needs,
which results in a discrepancy between model
behaviors and user expectations. For example,
XSum (Narayan et al., 2018), one of the most
commonly used summarization datasets, contains
a large portion of reference summaries with hal-
lucinations.? As a result, summarization models
trained on XSum dataset generate many non-factual

"Following Goyal and Durrett (2021), we define factual
consistency as the summary quality that all the information of
the summary can be supported by the source document.

*Maynez et al. (2020) reports that around 76.9% reference
summaries on the XSum dataset contains hallucinated contents
that are not supported by the source documents.
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Input document

Reports on Wednesday suggested more than one iguana was actually filmed,
with scenes then stitched together. But the BBC has said only one animal was
chased by the snakes - with other iguanas only filmed for close-ups. ... But
the BBC defended the Sir David Attenborough-fronted programme, with
a spokeswoman saying: “The BBC strongly refutes any suggestion that
the award-winning iguana v snakes sequence was ‘faked’.” The final
iguana chase in which one iguana escapes the snakes was - unusually for
natural history filming - shot using two cameras, allowing us to follow both
the individual iguana and the snakes’ point of view.

Initial System Summary

The BBC has “strongly refuted” claims that the iguana v snakes scene in
Planet Earth IT was faked.

Explanation
Planet Earth II was not mentioned in the source text.

Evidence

“The BBC strongly refutes any suggestion that the award-winning
iguana v snakes sequence was ‘faked’.”

Instruction
Remove the information about Planet Earth II from the summary.
Edited Summary

The BBC has “strongly refuted” claims that the iguana v snakes
scene was faked.

Figure 2: Data example in DEFACTO. The initial summary contains a factual error about the name of the program
Planet Earth II. The annotator provided an explanation about why the initial summary is not factually consistent,
evidence (i.e., a sentence in the input document) to support their claims, instructions on how to correct the summary,
and an edited summary (a demonstration) without the factual error.

contents, more than models trained on datasets
such as CNN/DailyMail (Hermann et al., 2015)
dataset (Goyal and Durrett, 2021). Unfortunately,
it can be prohibitively expensive to collect new,
large-enough datasets to train NLG models accord-
ing to user needs, as they can be diverse, personal,
and ever-changing over time.

Instead of aligning an existing NLG model to
a specific user need, we explore adjusting model
outputs according to the user needs through human
demonstrations and feedback. Specifically, we
investigate three scenarios (Fig. 1): (1) an Editing
model that aligns initial system outputs to human
demonstrations based on the user feedback; (2) a
Critic model that predicts user feedback of initial
system outputs according to the user requirements;
(3) an Editor model that automatically aligns the
initial system outputs to user needs by predicting
both the user feedback and edited summary.

We choose factual consistency of system-
generated summaries as the user-required quality
to study the aforementioned application scenarios.
To this end, we collect a high-quality, informa-
tional dataset containing human demonstrations
and feedback. Specifically, the annotators are pre-
sented with initial system-generated summaries and
asked to make changes to the summaries to make
them factually consistent if they find errors in them.
Apart from the human-edited, factually consis-
tent summaries, the annotators are also required
to provide instructions on how to change the ini-
tial summaries (i.e., if they find errors in them) and
explanation on why the initial summaries are fac-
tually consistent or not. An example of our dataset
is shown in Fig. 2. Using the collected dataset,
we show that (1) the Editing model can effectively
leverage human feedback to adjust the initial sys-

tem outputs towards human demonstrations; (2) the
Critic model can learn to generate meaningful feed-
back that can be used by the Editing model; (3) the
Editor model can automatically correct factuality
errors without explicit human intervention. More-
over, we find that the Editor model achieves better
performance than the baseline model that only gen-
erates the edited summary, which indicates that
natural language feedback can be beneficial for
training models for the corresponding task.

Our contributions can be briefly summarized as:
(1) we collect DeFacto,® a high-quality dataset
containing human Demonstrations and Feedback
for improving factual consistency of text summa-
rization; (2) we conduct comprehensive analyses
on the collected dataset, which provides further
insights about factual consistency in text summa-
rization, such as the relation between the type of
factual errors and the type of editing operations;
(3) we provide strong baseline models for the pro-
posed three NLG tasks — summary editing (Editing
model), feedback generation (Critic model), and
automatic factuality error correction with feedback
prediction (Editor model), which illustrates meth-
ods of leveraging natural language feedback for
aligning model outputs with user expectations. (4)
we present two case studies with large language
models (LLMs) such as GPT-3.5 (Ouyang et al.,
2022b), showing that LLMs still lack the control-
lable text generation ability in our proposed tasks.

2 The DEFACTO Dataset

Our dataset, DEFACTO, contains human demon-
strations and feedback w.r.t. the factual consistency
of system-generated summaries. We choose XSum

3We make the DeFacto dataset publicly available at https:
//github.com/microsoft/DeFacto.
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dataset as the target dataset to conduct the data
collection because it is the most commonly studied
dataset for summarization factual consistency. For
the system-generated summaries, we select PEGA-
SUS (Zhang et al., 2020), a top-performing sum-
marization model to generate summaries on both
the validation and test set of the XSum dataset.

2.1 Annotation Process

Our annotation process follows the following steps:
(1) Detect errors: The annotator is required to
evaluate a summary given the source document and
decide if the summary is factually consistent.
(2) Categorize errors: If the annotator decides
the summary is not factually consistent, they are
required to categorize the factual errors in the
summary as either intrinsic or extrinsic.* We note
that both error detection and categorization are de-
fined at the summary level.

(3) Give explanation: The annotator is required to
provide a natural language explanation on why
the summary is factually consistent or not.

(4) Provide evidence: The annotator is required to
select a sentence from the source document as
evidence to support their claims described in (3).
(5) Write corrective instruction: The annotator is
required to provide instructions of how to correct
the original summary if they think it is not factually
consistent. To enforce uniformity and reduce the
noise in the instructions, we provide six templates
for the annotators corresponding to different op-
erations: Remove, Add, Replace, Modify, Rewrite,
and Others. The annotators need to fill in the tem-
plates to generate the instructions. The details of
the templates are in Appendix A.1.

(6) Correct summary: Following the instruction
in (5), the annotator is required to edit the initial
summary to make it factually consistent with min-
imal, necessary modifications.

We provide annotated examples in Appendix A.2.

2.2 Data Collection

We conduct our data collection on Amazon Me-
chanical Turk® (MTurk) platform. The MTurk an-
notators need to pass a qualification test to be able
to accept our assignments. The qualification test

“Following Goyal and Durrett (2021), we define intrinsic
errors as errors that arise as a result of misinterpreting infor-
mation from the source article and extrinsic errors as errors
that hallucinate new information or facts not present in the
source article.

5https ://www.mturk. com/

Train Val Test All

All 1000 486 1075 2561
w/ Errors 701 341 779 1821

Table 1: Numbers of data points in DEFACTO dataset.
71.1% of annotated summaries contain factual errors.

includes three actual annotation tasks, and we man-
ually checked the correctness of the answers of the
annotators and assigned them scores accordingly.

For the actual tasks, we collected one annotation
for each example (i.e., a document-summary pair),
and collected around 1000 examples on the test set
and 1500 examples on the validation set. To esti-
mate the inter-annotator agreement, we additionally
collect two more annotations for 100 examples on
the test set. We require the annotators to be located
in the United States. Depending on the difficulty of
the assignments, the annotators are compensated
with 1.2 - 2.0 US dollars per assignment accord-
ingly based on a $12/hour pay rate.

To check the inter-annotator agreement on steps
(1) Detect Errors and (2) Categorize Errors in §2.1,
we calculated the Krippendorff’s alpha (Krippen-
dorff, 2011), and found that the agreement score
is 0.5552, 0.1899, 0.5260 for if the summary con-
tains extrinsic factual errors, intrinsic factual errors
and any factual errors respectively. For human-
written explanation, instructions, and edited sum-
mary in step (3), (5), (6) in §2.1, we calculated
the ROUGE (Lin, 2004) score among the answers
provided by different annotators, and found the av-
erage ROUGE-1 F-score to be 30.52, 50.96, 71.77,
respectively. Lastly, for the evidence in step (4), we
consider two sentences as equivalent if the ROUGE-
1 score between them is above 90. We found the
match rate among different annotators to be 0.4403.

3 DEFACTO Analysis

With the collected annotations, we further split the
data collected on the validation set of XSum dataset
into a training set and a validation set for the fol-
lowing experiments. We perform data analyses
with different aspects of the collected dataset. The
basic dataset statistics are in Tab. 1. Out of all the
examples, 71.1% of them contain at least one fac-
tual error, 58.8 % of them contain extrinsic errors,
22.0% of them contain intrinsic errors, and 9.63 %
of them contain both types of errors.
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DAE QAFactEval
Reference 0.6176 1.549
System-output  0.6904 1.826
Human-edited 0.8975 2.540

Table 2: Automatic factuality scores on the reference
summaries, initial system outputs and human edited
summaries. The human edited summaries in DEFACTO
dataset have significantly higher (p < 0.01) factual con-
sistency according to the automatic factuality metrics.

R1 R2 RL

Ref. v.s. Sys. 48.01 25.54 4045
Ref. v.s. Human 4030 1822 33.86
Sys. v.s. Human 75.79 66.17 74.89

Table 3: Textual similarity. R1, R2, RL stand for the
ROUGE-1/2/L F1 scores respectively. Ref. denotes ref-
erence summaries, Sys. denotes initial system outputs,
and Human denotes the human-edited summaries.

3.1 Edited Summary

For the edited summaries written by the annotators,
we evaluate (1) their factual consistency; (2) their
textual similarity with either the reference sum-
maries or the initial outputs; (3) other aspects of
their intrinsic quality (Grusky et al., 2018; Bom-
masani and Cardie, 2020).

Factual Consistency To evaluate the factual consis-
tency, we use two automatic metrics, DAE (Goyal
and Durrett, 2020) and QAFactEval (Fabbri et al.,
2022a), which achieve strong performance on the
XSum dataset (Tang et al., 2022).5 The results
are in Tab. 2, showing that the human-edited sum-
maries are more factually consistent than both the
reference summaries and initial system outputs.

Text Similarity For textual similarity, we com-
pare human-edited summaries against both the ref-
erence summaries and initial system outputs in
Tab. 3. We note two observations: (1) There is
a high-degree similarity between the initial sys-
tem outputs and human-edited summaries, indicat-
ing that the annotators only made small changes
to the initial outputs. (2) Compared with the ini-
tial system outputs, the human-edited summaries
have lower similarity with the reference summaries,
which suggests that the reference summaries and
initial system outputs may share similar factual
errors, leading to higher textual similarity.

® Automatic metric setting details are in Appendix B.

Coverage Novelty Compression
Ref. 0.633 0.851 14.82
Sys. 0.699 0.788 17.84
Human 0.787 0.703 20.61

Table 4: Intrinsic evaluation of summary quality. Cover-
age is negatively correlated with abstractiveness while
Novelty has a positive correlation. Compression is the
ratio of the summary length against the article length.

Error Type
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Figure 3: Distribution of six different types of instruc-
tions. removing information and replacing information
are the most frequent types. Extrinsic errors are more
likely to be corrected by removing while Intrinsic errors
are more likely to be corrected by replacing.

Intrinsic Evaluation We evaluate two intrinsic
summary qualities: the compression rate (Grusky
et al., 2018) and the abstractiveness (Bommasani
and Cardie, 2020). In particular, compression rate
measures the length difference between the input
text and the summary. And to evaluate abstractive-
ness we use two features, (1) Extractive Fragment
Coverage (Grusky et al., 2018), which measures
the extent to which the summary can be “copied”
from the input text, (2) Novelty, which measures
the ratio of words in the summary that are not in
the input text.” The statistics in Tab. 4 suggest that
the human-edited summaries are less abstractive
than the initial system outputs and reference sum-
maries. This finding is coherent with Xiao et al.
(2022) which found that there exists a tradeoff be-
tween faithfulness and abstractiveness. However,
we note that the decrease of abstractiveness can
result from removing non-factual information from
the summary, which is the most common operation
for correct extrinsic errors, as we will show next.

"More details can be found in Appendix C.1.
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3.2 Instructions

The annotators need to provide instructions on how
to make changes to the initial system outputs to cor-
rect factual errors. We find that the editing can take
more than one instruction and the average number
of instructions is 1.52. We show the distribution
of the number of instructions in Appendix C.2. As
for the distribution of instruction types (Fig. 3), we
found that removing information and replacing
information to be the most frequent operations. In-
terestingly, fine-grained analysis in Fig. 3 shows
that extrinsic errors are more likely to be corrected
by the replacing operation while intrinsic errors
can require more diverse types of operations.

4 Summary Editing for Improving
Factual Consistency

With DEFACTO, we propose a new NLG task: edit-
ing the initial summary based on human feedback.

4.1 Methods

We formulate the summary editing task as a
sequence-to-sequence (Seq2Seq) (Sutskever et al.,
2014) problem. Specifically, a Seq2Seq model g
learns a mapping from an input sequence X to a
target output sequence Y: Y + g(X).

For this specific task, the input X has three com-
ponents: input document, initial system-generated
summary and human feedback, while the target out-
put is the human-edited summary (Fig. 1). The
human feedback consists of the instructions and ex-
planation. To concatenate the different components
of the input sequence, a short “prompt” is appended
at the beginning of each component, then the entire
input sequence becomes: “Article: input document;
Candidate: initial system-generated summary; In-
struction: human instructions; Explanation: human
explanation”. While recent work (Sanh et al., 2022;
Bach et al., 2022) has shown that prompt design
can affect the model performance, for simplicity
we use simple text snippets for the baseline models.

We instantiate the Seq2Seq model using a family
of pre-trained Encoder-Decoder models, TS5 (Raf-
fel et al., 2020) and TO (Sanh et al., 2022), which
are widely used for transfer learning and few-shot
learning where the data is scarce. To achieve better
performance, the model is fine-tuned on the train-
ing set of DEFACTO using Maximum Likelihood
Estimation (MLE) under the training paradigm of
teacher forcing (Williams and Zipser, 1989). We
note that we only used the subset of data in which

R1 R2 RL DAE QFE
Sys. 7598 6632 7505 0.704 1.837
Human. 100 100 100 0905 2.550
D+S 77.04 6796 76.03 0.835 2.248
S+I 8748 81.72 86.16 0.857 2.289
D+S+I 88.74 83.16 87.48 0904 2470
D+S+E 81.83 74.10 8036 0.899 2437
D+S+I+E  89.22 83.64 87.92 0911 2.465

Table 5: Editing model performance (TOpp) with differ-
ent variants of input. R1, R2, RL stand for the ROUGE-
1/2/L F1 scores calculated against the human-edited
summary. DAE is the DAE (Goyal and Durrett, 2020)
factuality metric while QFE is the the QAFactEval (Fab-
bri et al., 2022a) metric. Sys. denotes initial system out-
puts, and Human denotes the human-edited summaries.
D, S, I, E stand for input Document, initial Summary,
human-written Instructions, human-written Explanation
respectively. The combinations of D, S, I, E stand for
different input variants.

the initial system output contains factual errors.

4.2 Experiments

Implementation Details To initialize the Ediz-
ing model, we use T5-3B and two variants of
TO models, T0-3B and TOpp.® We compare the
model performance with different variants of in-
put (e.g., with or without the human-written ex-
planation). To evaluate the quality of the model
output, we focus on two aspects: textual similarity
with the human-edited summary, as evaluated by
ROUGE (Lin, 2004), and factual consistency with
the input document, as evaluated by DAE (Goyal
and Durrett, 2020) and QAFactEval (QFE) (Fabbri
et al., 2022a). The checkpoints are selected based
on their performance on the validation set.

Experimental Results Tab. 5 shows the perfor-
mance of fine-tuned TOpp with different input vari-
ants. We note the following observations: (1) Com-
pared with the initial system-generated summaries,
the Editing model is able to generate summaries
more similar to the human-edited summaries and
more factually consistent with the input document.
(2) Both the human-written instructions and ex-
planation can provide meaningful guidance to the
Editing model, and the model with both of them
as input (the D+S+I+E variant) achieves the best
performance. (3) Without the input document, the
Editing model (the S+I variant) can still improve

875-3B  (https://huggingface.co/t5-3b), TO0-3B
(https://huggingface.co/bigscience/T0_3B), and
TOpp (https://huggingface.co/bigscience/TOpp) have
around 3, 3, and 11 billion parameters respectively.
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Topp T0-3B T5-3B
R1 R2 DAE QFE Rl R2 DAE QFE Rl R2 DAE QFE
D+S 77.04 67.96 0.835 2248 7610 66.66 0.821 2.168 7599 6635 0.784  2.063
S+I 8748 8172 0.857 2289 8730 81.00 0.852 2263 8759 8150 0.844 2237
D+S+I 88.74 8316 0.904 2470 8836 82.16 0.894 2489 8642 8056 0.876 2411
D+S+E 81.83 7410 0.899 2437 7985 7141 0902 2510 79.09 7120 0877 2373
D+S+I+E  89.22 83.64 0.911 2465 88.69 8244 0899 2477 87.03 8077 0865 2375

Table 6: Performance with different variants of the Editing model. R1, R2 stand for the ROUGE-1/2 F1 scores.
DAE is from Goyal and Durrett (2020) while QFE is from Fabbri et al. (2022a). D, S, I, E stand for input Document,
initial Summary, human-written Instructions, human-written Explanation respectively, of which the combinations
stand for different input variants. The best results with each input variant are italicized.

the initial system-generated summaries by follow-
ing the instructions. However, taking the input
document as part of the input helps the model (the
D+S+1 variant) to achieve better performance, es-
pecially for better factual consistency.

In Tab. 6, we compare the performance of TOpp,

TO-3B and T5-3B with different kinds of inputs.
We found that (1) the findings on TOpp (Tab. 5) are
generalizable to TO-3B and T5-3B with few excep-
tions. (2) TOpp outperforms TO-3B across different
input variants according to different automatic met-
rics except for the QAFactEval metric. (3) TO-3B
generally outperforms T5-3B, likely thanks to the
pre-training of TO which is designed for performing
zero-shot learning with instructions.
Human Evaluation We conduct a human evalua-
tion on the quality of model-edited summaries. We
ask the annotators two questions: (1) Are the gener-
ated summaries more factually consistent than the
original summaries (yes/no); (2) Do the generated
summaries follow the instructions (yes/partly/no).
We randomly sampled 100 examples from the test
set, and have each generated summary annotated by
three MTurk annotators. The generated summaries
are from the trained checkpoint of TOpp with the
input containing input document, initial system-
generated summaries, and human-written instruc-
tions. Under major voting (with ties ignored), we
found that 97% of model-edited summaries are
more factually consistent than the original system
outputs, and 91% of them follow the provided
human-written instructions.

4.3 Case Study of LLM Summary Editing

As a case study, we evaluate the zero-shot learning
ability of GPT-3.5° for summary editing. We apply
it to two settings, (1) editing without instructions
and (2) editing by following instructions, in a zero-

9OpenAI’s gpt-3.5-turbo-0301: https://platform.
openai.com/docs/models/gpt-3-5.

Model  Input Rl R2 DAE QFE
Sys. - 75.98 6632 0.704 1.837
Human. - 100 100  0.905 2.550
TOpp D+S  77.04 6796 0.835 2.248
TOpp D+S+I  88.74 83.16 0.904 2.470
GPT-3.5 D+S 3675 2198 0892 2351
GPT-3.5 D+S+I 7222 6053 0910 2.651

Table 7: Performance of GPT-3.5 for summary editing.
R1, R2 stand for the ROUGE-1/2 F1 scores calculated
against the human-edited summary. Sys. denotes initial
system outputs, and Human denotes the human-edited
summaries. D, S, I stand for input Document, initial
Summary, human-written Instructions.

shot learning manner.'® The results in Tab. 7 show
that (1) GPT-3.5 is able to leverage the editing in-
structions; (2) Compared with the fine-tuned model
(TOpp), GPT-3.5 can generate edited summaries
with higher factual consistency but it is worse at
maintaining the content similarity with the original
summary, which suggests that it still struggles with
controllable text generation.

5 Generating Feedback for Improving
Factual Consistency

We investigate if it is possible to train a model to
generate feedback from a given document and sum-
mary pair to correct factual errors, and we name
the subsequent model as a Critic model.

5.1 Methods

Similarly to §4.1, we formulate the Critic model
as a Seq2Seq model. The input sequence is a con-
catenation of the input document and the initial
system-generated summary while the target output
is the human-written instructions (Fig. 1)."" We use

19The prompts we used can be found in Appendix D.2.

""While it is also possible to require the Critic model to gen-
erate the explanation, we choose human-written instructions
as the target output as it works better at helping the Editing
model to improve the initial outputs (§4.2).
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Rougel Rouge2 RougeL
TOpp 52.55 37.41 51.00
T0-3B 51.70 36.56 50.33

Table 8: Critic model performance with respect to the
textual similarity between the system output and human-
written instructions.

Method  Critic R1 R2 DAE QFE
Sys. - 7598 6632 0.704 1.837
Human. - 100 100 0905 2.550
D+S - 77.04 6796 0.835 2.248
D+S+I - 88.74 83.16 0.904 2.470
D+S+I* TOpp 75.10 65.15 0.859 2.296
D+S+I* TO0-3B  73.01 62.15 0.859 2278

Table 9: Editing model performance (TOpp) with the
instructions generated by the Critic model. R1, R2
stand for the ROUGE-1/2 F1 scores calculated against
the human-edited summary. Sys. denotes initial sys-
tem outputs, and Human denotes the human-edited
summaries. D, S, I stand for input Document, initial
Summary, human-written Instructions. I* stands for the
instructions generated by the Critic model.

TO as the startpoint to fine-tune the Critic model
with MLE training on the subset of DEFACTO in
which the initial summary contains factual errors.

5.2 Experiments

Experimental Results Tab. 8 shows the textual
similarity between the instructions generated by
the Critic model and the human-written instruc-
tions. To have a more intuitive understanding of
the model performance, in Tab. 9 we evaluate the
performance of the Editing model with the instruc-
tions generated by the Critic model. We found
that (1) While the generated instructions cannot
work as well as the human-written instructions,
they are helpful to the Editing model to improve the
factual consistency of the initial system-generated
summaries. (2) Compared with the Editing model
that only takes the input document and initial sum-
mary as input (D+S), the Editing model (D+S+I*)
that also uses the generated instructions achieves
better performance with respect to factual consis-
tency, but its outputs have lower textual similarity
with the human-edited summaries. It indicates that
the Critic model can generate useful instructions.
Meanwhile, the lower textual similarity may result
from the fact that there can be more than one way

Method Critic R1 R2 DAE QFE
Sys. - 7598 6632 0.704 1.837
Human. - 100 100 0905 2.550
D+S+I* TOpp 75.10  65.15 0.859 2.296
D+S+I*  GPT-3.5 6048 48.18 0.868 2.566
D+S+I* GPT-4 63.60 51.15 0.860 2.604

Table 10: Case study of instruction generation with
LLMs. Instructions generated by the Critic models are
used to instruct the Editing model.

to correct the factual errors,'? and the Critic model
can generate instructions for a way of correction
different from the human-edited summary.

Human Evaluation To further evaluate the qual-
ity of model-generated instructions, we ask hu-
man annotators two questions: (1) Are the gen-
erated instructions equivalent to human-written in-
structions (yes/partly/no); (2) Are the generated
instructions useful for correcting the factual errors
(yes/partly/no). Similar to §4.2, we randomly sam-
pled 100 examples from the test set, and have each
generated instruction annotated by three MTurk
annotators. For the first question, we found that
the annotators think 24% of the generated instruc-
tions are exactly equivalent to the human-written
instructions while 45% of them are partly equiva-
lent. For the second question, we found that 39%
of the generated instructions are useful for correct-
ing factual errors while 31% of them are partly
useful. As a result, we found that it is easier for
the Critic model to generate useful instructions
than generating instructions that are equivalent to
human-written instructions. We hypothesize this
is because there can be more than one way to edit
the initial summary therefore the human-written
instructions represent only one acceptable solution.

5.3 Case Study of LLM Critic

As a case study, we evaluate the zero-shot learning
ability of GPT-3.5 and GPT-4!3 for instruction gen-
eration. The results in Tab. 10 show that, compared
with fine-tuned models, instructions generated by
both GPT-3.5 and GPT-4 lead the editing model
to generate summaries that are more factual but
less similar to the original summaries. This finding
shows a similar trend as in §4.3, that LLMs in a
zero-shot learning setting lack the ability of con-

"ZFor example, one may choose to remove a factual error or
replace the error with factual information when appropriate.

13OpenAI’s gpt-4-0314: https://platform.openai.
com/docs/models/gpt-4.

15150


https://platform.openai.com/docs/models/gpt-4
https://platform.openai.com/docs/models/gpt-4

Method R1 R2 DAE QFE System R1 R2 RL DAE QFE

Sys. 7598 6632 0.704 1.837 Pegasus 4735 2461 39.59 0.763 2.029

Human. 100 100 0.905 2.550 Human 41.94 1949 3497 0905 2.550

Editing 77.04 6796 0.835 2.248 CCGS 45.11 21.06 36.60 0.760 1.847

TOpp Editor; 78.01 69.01 0.804 2.108 CLIFF 46.40 2338 3838 0.780 2.068

Editorr 7846 68.70 0.867 2.309 ReDRESS 4350 19.77 3528 0.830 2.065

Editing 7610 66.66 0821 2.168 FactPega§us 3895 1599 31.68 0.882 1.941

. CompEdit 42.69 19.06 3473 0.850 2.113

T0-3B  Editor; 77.40 68.29 0.808 2.112 Editor 4514 2227 3789 0833 2.250

Editory  77.27 67.92 0.838 2.241 : . : : .
T5.3B gg@:ing ;;(9)‘95 gggg 8;33 5(1)82 Table 12: Editor model performance (T0-3B) on the
- itory K . . . .

Editory 7682 6742 0796 2114 entire DEFACTO test set. R1, R2, RL stand for the

Table 11: Editor model performance. R1, R2 stand
for the ROUGE-1/2 F1 scores calculated against the
human-edited summary. Sys. denotes initial system out-
puts, and Human denotes the human-edited summaries.
Editing is the model in §4 with only the input document
and initial system-generated summary as input. Editor;
is the Editor model that generates both the instructions
and edited summary, while Editorg is the one that gen-
erates both the explanation and edited summary.

trollable text generation. For example, GPT-3.5
responded with “No editing instructions needed”
23.9% of the time, despite being directly instructed
to edit a factually inconsistent summary.'4

6 Summary Editor with Feedback
Generation and Editing

We define the third NLG task as to predict both the
human feedback and the edited summary given the
input document and initial system-generated sum-
mary. We name this model the Editor model be-
cause it needs to both evaluate the initial summary
and make edits according to its own assessments.

6.1 Correcting Known Factual Errors

Similar to §4.1 and §5.1, we fine-tuned the pre-
trained TO and T5 models for our experiments. The
two parts of the target output, the human feedback,
and the edited summary are indicated by textual
tags as specified in §4.1. We investigate two spe-
cific scenarios: (1) generating both the instructions
and the edited summary; (2) generating both the
explanation and the edited summary.

We present the experimental results in Tab. 11.
Compared with the Editing model that takes only
the input document and the initial system-generated
summary as the input, the Editor models have bet-
ter performance in textual similarity, and the one
that generates the explanations also achieves higher

“Prompts and more details are in Appendix D.3.

ROUGE-1/2/L F1 scores calculated against the refer-
ence summary. DAE is the DAE (Goyal and Durrett,
2020) factuality metric while QFE is QAFactEval (Fab-
bri et al., 2022a). The initial system outputs are from
Pegasus, and Human are the human-edited summaries.

factual consistency. The results suggest that learn-
ing to predict related information of a target gen-
eration task can be beneficial to the performance
of language generation models, echoing the recent
findings in chain-of-thought prompting (Wei et al.,
2022; Huang et al., 2022; Jung et al., 2022).

6.2 Detecting and Correcting Factual Errors

While in the previous experiments the models are
trained to edit the initial system outputs with known
factual errors, the Editor model can also be used
on arbitrary system outputs where it is required to
edit the initial output only when it identifies factual
errors in it. To this end, we use the entire DEFACTO
in this experiment with the following modifications
to the target output: (1) the target summary is set
to the original system output when it contains no
factual errors, and to the human-edited summary
otherwise; (2) only explanations are used as part of
the target output because it is always available.

We fine-tune T0-3B in this experiment and com-
pare its results with several recently introduced
summarization systems that are specifically trained
to improve the summary factual consistency: (1)
CCGS (Chen et al., 2021), (2) CLIFF (Cao and
Wang, 2021), (3) ReDRESS (Adams et al., 2022),
(4) FactPegasus (Wan and Bansal, 2022), (5) Com-
pEdit (Fabbri et al., 2022b). More details about
these systems can be found in Appendix D.1.

The results in Tab. 12 show that the Editor can
achieve competitive performance compared with
the baseline systems and yield a balanced perfor-
mance between the content similarity with the refer-
ence summary and the factuality consistency. Since
the Editor model is trained on much fewer data than
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the other systems, its strong performance indicates
the effectiveness of utilizing human demonstrations
and feedback for improving factual consistency.

7 Related Work

Factual Consistency in Text Summarization Fac-
tual consistency is an important quality of text
summarization systems (Kryscinski et al., 2020;
Maynez et al., 2020; Fabbri et al., 2021). Related
work has proposed various methods of improving
the factual consistency of summaries by (1) train-
ing abstractive summarization models with factu-
ality metrics (Goyal and Durrett, 2021; Cao et al.,
2022), (2) introducing new training objectives and
multi-task learning for model training (Cao and
Wang, 2021; Zhu et al., 2021; Aralikatte et al.,
2021; Zhang et al., 2022; Xu and Zhao, 2022), (3)
post-editing or re-ranking the initially generated
summaries to improve the factual consistency (Cao
et al., 2020; Chen et al., 2021; Balachandran et al.,
2022; Fabbri et al., 2022b), (4) designing factuality-
aware pre-training (Wan and Bansal, 2022).

To facilitate the evaluation of summarization
models and automatic factuality metrics that eval-
uate the factual consistency of summaries, vari-
ous benchmark datasets have been collected by
the related work (Kryscinski et al., 2020; Wang
et al., 2020; Huang et al., 2020; Fabbri et al., 2021;
Goyal and Durrett, 2021; Pagnoni et al., 2021). In
these benchmarks, system-generated summaries
are evaluated by human annotators with either nu-
merical quality scores, binary labels, or binary la-
bels with fine-grained error taxonomies. In contrast,
our dataset contains more detailed human feedback
with natural language descriptions and provides
error-free, human-edited summaries.

Neural Text Editing Neural text editing mod-
els (Malmi et al., 2022) are suitable for appli-
cation scenarios where there is a significant tex-
tual overlap between the input and output se-
quences (Awasthi et al., 2019; Malmi et al., 2019;
Stahlberg and Kumar, 2020; Mallinson et al., 2020;
Reid and Zhong, 2021; Mallinson et al., 2022),
such as grammatical error correction, text sim-
plification, and text style transfer. Instead of au-
toregressive generation, text editing can also be
achieved by predicting and performing edit opera-
tions (Stahlberg and Kumar, 2020; Mallinson et al.,
2020) or through non-autoregressive text genera-
tion (Gu et al., 2019; Agrawal and Carpuat, 2022).
Unlike most of the related work, we propose a

text editing task that requires the editing models
to follow the editing instructions. Faltings et al.
(2021) introduces a similar dataset as ours contain-
ing single-sentence edits and the associated natu-
ral language commands crawled from Wikipedia.
However, our dataset is different from theirs as we
define a specific target quality, summary factual
consistency, for the text edits and instructions.
Improving Neural Models through Human Feed-
back Leveraging human feedback to improve neu-
ral models has become a recent research focus.
InstructGPT3 (Ouyang et al., 2022a) use human
feedback to improve initial predictions from a
GPT3 model for better user preference alignments.
Madaan et al. (2021) propose the interactive MER-
CURIE system, where users interactively correct
the explanations generated by a reasoning sys-
tem. In Xu et al. (2022), a generic chatbot is con-
tinuously trained using various forms of human
feedback including natural language comments.
Schick et al. (2022) propose a collaborative lan-
guage model, PEER, which imitates a draft writing
process and interactively refines a language gener-
ation task through human feedback. For text sum-
marization, prior works (Stiennon et al., 2020; Wu
et al., 2021; Nguyen et al., 2022; Scheurer et al.,
2022) have studied training summarization models
through human feedback in the form of numerical
scores of summary quality and thus different from
natural language feedback used in our work.

8 Conclusions

Using summary factual consistency as a target qual-
ity, we study improving text generation with human
demonstrations and feedback. We demonstrate the
usages of human feedback in three proposed NLG
tasks using the collected dataset, DEFACTO, and
show that human feedback can be used to improve
summary factual consistency. We believe that our
proposed tasks can be extended to other important
text qualities beyond factual consistency, and utiliz-
ing natural language feedback for improving text
generation can be a promising path for future work.
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Limitations

The annotation task we proposed in this work, i.e.,
detecting factual errors in summaries and providing
human demonstrations and feedback for correcting
the identified errors, can be complicated and time-
consuming. During our recruiting phase for MTurk
annotators, we found that the ratio of annotators
who were qualified after finishing the qualification
test was relatively low. Therefore, it can be diffi-
cult to scale up the annotated dataset given the time
and budget limitations. As a result, our dataset is
of a relatively small scale and we only used one
summarization dataset (XSum) and one base sum-
marization model (Pegasus).

In this work, we view summary factual consis-
tency as an example of user-expected quality to
study leveraging natural language feedback for
aligning system outputs with user preferences.
However, user preferences can be diverse and per-
sonal and some user-expected output quality will
be less well-defined and objective than summary
factual consistency, which further increases the dif-
ficulty and ambiguity of data annotation and model
evaluation. Therefore, it can be challenging to di-
rectly apply the methods we proposed in this work
to such subjective quality aspects, and we leave it
for future work to explore generalizing our methods
to more diverse user expectations and preferences.
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A Data Collection Details

We used the XSum dataset for our data collection.
It is released under the Apache 2 license and con-
tains news articles written in English.

A.1 Instruction Templates

We provide six templates for the annotators cor-
responding to different operations: Remove, Add,
Replace, Modify, Rewrite, Others:
(1) Remove the information about __ from the sum-
mary.
(2) Add the information about __ to the summary.
(3) Replace the information about __ with the in-
formation about __.
(4) Modify the information about ___ in the sum-
mary.
(5) Rewrite the summary entirely by __.
(6) Other instructions: __.

We note that sometimes it takes more than one
instruction to edit the original summary.
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A.2 Annotated Examples

We provide the following annotated examples.
Example 1

Original Summary: A Wirral biscuit factory is
to close with the loss of 342 jobs.

Explanation: Location is in Moreton (Morton?),
not Wirral, and 342 families will be affected but
that technically doesn’t translate to 342 jobs.

Instruction: Replace the information about
Wirral with the information about Moreton. Re-
place the information about loss of 342 jobs with
the information about affect 342 families.

Edited Summary: A Moreton biscuit factory is
to close, affecting 342 families.

Example 2

Original Summary: Two teenage girls have
appeared at Teesside Crown Court accused of mur-
dering a woman in Middlesbrough.

Explanation: The Teesside Crown Court was
not mentioned by name, only the Youth court. The
woman was found in Stephen Street and not Mi-
dlesbrough.

Instruction: Replace the information about Mid-
dlesbrough with the information about Stephen
Street. Replace the information about Teesside
Crown Court with the information about Teesside
Youth Court.

Edited Summary: Two teenage girls have ap-
peared at Teesside Youth Court accused of murder-
ing a woman in Stephen Street.

Example 3

Original Summary: Michael O’Halloran be-
lieves St Johnstone manager Tommy Wright will
get the best out of him following his release by
Rangers.

Explanation: the first name info in summary is
not found in the source text. St Johnstone info is
also not mentioned in the source.

Instruction: Remove the information about the
first names of both people from the summary. Re-
move the information about Wright being the St
Johnstone manager from the summary.

Edited Summary: O’Halloran believes Wright
will get the best out of him following his release by
Rangers.

Example 4

Original Summary: Aberdeen’s Royal Concert
Hall is to sell off hundreds of items of memorabilia
as part of building work.

Explanation: The source text doesn’t state the
name of the concert hall.

Instruction: Replace the information about Ab-
erdeen’s Royal Concert Hall with the information
about Aberdeen Performing Arts.

Edited Summary: Aberdeen Performing Arts
is to sell off hundreds of items of memorabilia as
part of building work.

Example 5

Original Summary: Lancashire County Coun-
cil’s decision to stop composting waste has been
criticised as “catastrophic”.

Explanation: The original summary strongly
implies that the decision to stop composting was
“catastrophic” but the original text strongly implies
that the composting program itself was a catas-
trophic failure versus stopping the program.

Instruction: Replace the information about the
stoppage of the composting program being catas-
trophic with the information about how the com-
posting program was a catastrophic failure.

Edited Summary: Lancashire County Coun-
cil’s decision to stop composting waste shows the
program has been a “catastrophic” failure.
Example 6

Original Summary: Alex Goode and Ollie De-
voto have been called up to England’s Six Nations
training squad.

Explanation: The source text does not mention
the name of England’s training squad.

Instruction: Remove the information about the
name of England’s training squad from the sum-
mary.

Edited Summary: Alex Goode and Ollie De-
voto have been called up to England’s training
squad.

B Factuality Metrics Setting

We use two factuality metrics, DAE (Goyal and
Durrett, 2020) and QAFactEval (Fabbri et al.,
2022a), in our experiments. For DAE, we trans-
fer its dependency-level predictions into summary-
level scores. Specifically, following the notation
of Goyal and Durrett (2021), we use d(S) to de-
note the dependency-parse of a summary S. For
each arc a in d(5), the DAE metric predicts a label
1Yo representing if this dependency is entailed by
the input document (y, = 1 means entailment.)
Then, we define a summary-level factuality score
fs using the predictions:

)]
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Figure 4: Number of instructions to correct a factually
inconsistent system-generated summary.

For QAFactEval, we directly use its prediction
scores since they are summary-level scores.

C DEFACTO Analysis

C.1 Intrinsic Summary Evaluation

In §3.1, we use three metrics to evaluate the sum-
mary’s intrinsic quality.
(1) Compression rate (Grusky et al., 2018) is de-
fined as the ratio of the number of words in the
input document D and in the summary S
COMPRESSION(D, S) = ||l;|| 2)
(2) Extractive Fragment Coverage (Grusky et al.,
2018) is defined with extractive fragments (Grusky
et al., 2018), F/(D, S), which is a set of word se-
quences shared between the input document D and
the summary S. Then, the Extractive Fragment
Coverage is defined as

COVERAGE(D,S)—‘; P ©)
fEF(D,S)

(3) We define a word-level novelty between the
input document D and the summary S as

DN
5]

C.2 Human-written Instructions

NOVELTY = 1 )

‘We find that it can take more than one instruction
to perform the summary editing. Fig.4 shows the
distribution of the number of instructions.

D Experimental Details

We use T5-3B and two variants of TO models, TO-
3B and TOpp in our experiments.'> For the 3B

5T5-3B  (https://huggingface.co/t5-3b), TO-3B
(https://huggingface.co/bigscience/T0_3B), and
TOpp (https://huggingface.co/bigscience/TOpp) have
around 3, 3, and 11 billion parameters respectively.

models, it takes one 40GB GPU to train the model,
and the training time is around 8 hours. For the
11B models, it takes eight 32GB GPUs to train the
model, and the training time is around 20 hours.
All the experiments converged in 50 epochs.

D.1 Baseline Summarization Systems

In §6.2, we compare the performance of Editor
model with the following summarization systems:
(1) CCGS (Chen et al., 2021), which is based on
contrastive candidate generation and selection.

(2) CLIFF (Cao and Wang, 2021), which is trained
with contrasting learning and synthetically gener-
ated contrastive examples.

(3) ReDRESS (Adams et al., 2022), which is a
summary post-editor that learns to remove factual
errors through contrastive learning.

(4) FactPegasus (Wan and Bansal, 2022), which is
pre-trained and fine-tuned with factual-consistency-
aware training objectives.

(5) CompEdit (Fabbri et al., 2022b), which is
a compression-based post-editing model that re-
moves the non-factual entities from the original
summary by performing summary compression.

D.2 Setting of LLM Case Study for Summary
Editing

We use GPT-3.5 for the summary editing experi-

ment with LLMs. To ensure stable results, we set

the sampling temperature to 0. The prompt for

summary editing without instructions is as follows:

You will be given an article and a sum-
mary of the article, which is not factually
consistent with the article. That is, the
summary contains information that is not
supported by the article.

Your task is to edit the summary to make
it factually consistent with the article.
The correction should preserve most of
the summary and only adapt it. Please
only make the necessary changes to the
summary. However, if you find all the in-
formation in the summary is not correct,
please write a new summary of the entire
article instead.

The edit operations are: 1. Remove Infor-
mation, 2. Add Information, 3. Replace
Information, 4. Modify Information, 5.
Rewrite Summary 6. Others.

The summary should contain only one
sentence. Please keep the style of the
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summary unchanged, and the length of
the summary should be similar before
and after your edits.

Article: {{Article}}
Summary: {{Summary}}

Please edit the summary accordingly:

The prompt for summary editing with instruc-
tions is as follows:

You will be given an article and a sum-
mary of the article, which is not factually
consistent with the article. That is, the
summary contains information that is not
supported by the article.

You will be given instructions about how
to edit the summary to make it factually
consistent with the article. Your task is
to follow the instructions and edit the
summary accordingly. The correction
should preserve most of the summary
and only adapt it. Please only make nec-
essary changes to the summary, and keep
the summary length close to the origi-
nal length. The summary should contain
only one sentence.

Article: {{Article}}
Summary: {{Summary}}
Instructions: {{Instruction}}

Please edit the summary accordingly:

D.3 Setting of LLM Case Study for

Instruction Generation

The prompt we used for instruction generation is
as follows:

You will be given an article and a sum-
mary of the article, which is not factually
consistent with the article. That is, the
summary contains information that is not
supported by the article.

Your task is to generate instructions for
editing the summary to make it factually
consistent with the article. The correc-
tion should preserve most of the sum-
mary and only adapt it. Please only make
the necessary changes to the summary.

The edit operations are: 1. Remove In-
formation, 2. Add Information, 3. Re-
place Information, 4. Modify Informa-
tion, 5. Rewrite Summary 6. Others.

2

Please note that “Remove Information’
and “Replace Information” should be the
majority of the operations. “Add Infor-
mation” comes next.

The summary should contain only one
sentence. Please keep the style of the
summary unchanged, and the length of
the summary should be similar before
and after the editing.

Example:

Summary: A coalition of US civil rights
groups has called on Facebook to do
more to protect black people from racist
abuse on the social network, saying the
site is "racially biased".

The summary is not factually consistent
because the source text does not contain
the information called on Facebook to do
more to protect black people, which is
stated in the summary.

Instructions: Replace the information
about the claim of the coalition with in-
formation about better moderation on the
platform.

More instruction examples (summaries
omitted):
- “Instruction 17

- “Instruction 2”

Input:
Article: {{Article}}
Summary: {{Summary}}

Please generate the editing instructions
for the summary to make it factually con-
sistent with the article:

As discussed in §5.3, LLMs still lack the ability
of controllable instruction generation. For example,
GPT-3.5 responded with “No editing instructions
needed” 23.9% of the time, despite being directly
instructed to edit a factually inconsistent summary.
Conversely, GPT-4 only made such mistakes in
1.8% of examples.
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