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Abstract

In this paper, we propose GOLD-FACTUAL, a
new training framework for text summariza-
tion that addresses the hallucination problem
in abstractive summarization. The framework
is built upon GOLD (Pang and He, 2021), an
existing offline reinforcement learning training
framework that is originally designed to alle-
viate long-standing problems in conventional
maximum likelihood estimation (MLE) train-
ing. Instead, GOLD-FACTUAL leverges the
offline training of GOLD and human evalu-
ation feedback of factuality annotations that
significantly improves the factual consistency
of generated summaries. More specifically, a
non-factual penalty reward is designed based
on the factuality annotations of sub-optimal
summaries generated by pre-trained text sum-
marization models. Training on these offline
demonstration summaries, GOLD-FACTUAL
can improve factual consistency in the gener-
ated summaries and even outperform human
reference summaries 1.

1 Introduction

Reinforcement Learning (RL) algorithms are devel-
oped to solve sequential decision making problems,
where an agent has to achieve the goal by making
not only one decision, but a sequence of decisions
that influence the outcomes of a long future tra-
jectory. Similar problems that deal with sequential
output have been widely researched in the literature
of Natural Language Processing (NLP) such as con-
ditional text generation. Provided by the sequential
nature of these problems, some prior works have
applied RL algorithms in NLP problems (Wu et al.,
2018; Ziegler et al., 2019; Cao et al., 2021). In this
project, we plan to investigate in depth under the
context of conditional text generation, which by

1The video recording is at https://youtu.be/
y6BD0nXkAcc.

A total of 387 people were arrested between 
February 2016 and February 2017 - up from 255 the 
previous year. Meanwhile more than half of cabin 
crew who responded to a survey said they had 
witnessed disruptive drunken passenger behaviour at 
UK airports. …  

The number of people arrested for drink-driving at 
UK airports has more than doubled in the past year, 
according to figures obtained by BBC Panorama. 

The number of people arrested at UK airports on 
suspicion of drinking alcohol in duty-free shops has 
risen, according to police figures obtained by 
Panorama.

Article:

BART Summary:

GOLD-FACTUAL Summary:

Figure 1: An example of summarization outputs from
BART and GOLD-FACTUAL for a news article in
XSum. Orange and red text highlights the support and
inconsistency for the highlighted sentence in the source
article.

nature is a sequential decision making problem that
requires a model to generate texts conditioned on
some prefixes.

Current approaches to conditional text genera-
tion largely rely on autoregressive language mod-
els trained with maximum likelihood estimation
(MLE). However, this paradigm leads to two com-
mon challenges: (1) MLE tends to over-generalize,
assigning large probability mass to both high-
quality as well as low-quality and noisy sequences
(Cao et al., 2021; Huszár, 2015); (2) MLE causes
exposure bias problem: during training, the autore-
gressive model conditions on the ground truth his-
tory/prefix; however, at inference time it conditions
on model-generated history.

To alleviate the aforementioned two challenges,
Pang and He (2021) formulated text generation as
an offline RL problem with expert demonstrations

https://youtu.be/y6BD0nXkAcc
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(i.e., the reference) and introduced GOLD, a new
offline RL training framework, which is shown to
address the two challenges by both qualitative anal-
ysis and empirical results.

Our work builds on Pang and He (2021) and
the GOLD framework 2. GOLD is an offline policy
gradient algorithm, which does not necessarily use
expert demonstrators as the behavior policy. There-
fore, GOLD framework has the potential to directly
learn a text generation policy from near-optimal hu-
man demonstrations as long as appropriate reward
labels are given. In this work, we propose GOLD-
FACTUAL that addresses the hallucination problem
in abstractive summarization. Factual hallucina-
tion in the generated text is hard to avoid under
the MLE training objective. Several works (Böhm
et al., 2019; Stiennon et al., 2020) tackle this prob-
lem via learning a reward function to approximate
human preference over summary pairs. Instead,
GOLD-FACTUAL seeks to directly optimize the text
summarization model from sub-optimal demonstra-
tion but with ground truth reward labels from hu-
man. Specifically, we leverage several datasets that
have token-level human annotations of factuality
errors and then train a model to generate less hal-
lucinated text. Extra factuality labels on human
reference summaries is shown to improve the per-
formance of summarization models by learning a
reward function that measures the factuality (Cao
et al., 2021). In summary, GOLD-FACTUAL uses
factuality labels from generated summaries and
the GOLD framework to learn the text generation
model in an offline fashion.

2 Related Work

Conventional NLP approaches train the text gener-
ation models to maximize the likelihood estimation
of human reference data, which can be thought of
as simple behavior cloning approaches that clone
human text generation from a perspective of imita-
tion learning. Instead, we focus on the approaches
that explicitly solve the text generation problem
with RL approaches. These approaches can either
be offline training frameworks that still learn from
fixed demonstration data but more explicitly tackle
the sequential nature of the problem (Section 2.1),
or online training frameworks that learn from mod-
els’ own generations and compute rewards based
on existing text generation metrics (Section 2.2).

2Code available at https://github.com/yzpang/
gold-off-policy-text-gen-iclr21.

In addition, Section 2.3 introduces approaches with
human evaluation feedback to encourage the model
to generate texts that better matches human quality.
In the end, Section 2.4 briefly introduces factual
hallucinations, a well-known problem text genera-
tion that can be solved with the proposed approach.

2.1 Offline Training Framework
Pang and He (2021) proposed GOLD, an offline pol-
icy optimization framework, which treats the expert
text generation as a behavior policy and performs
off-policy policy gradient update with the trajecto-
ries from the behavior policy. Those trajectories
are pre-collected and fixed without an explicit re-
ward label, so the whole framework falls in the
paradigm of imitation learning. To guarantee op-
timizing the optimal policy, the policy is updated
with importance weighting under some necessary
approximations. Even though the framework does
not employ an external reward function, it designs
a reward function R(at, st) = pMLE(at, st) based
on pMLE, the maximum likelihood probability pre-
trained supervisely that approximates a truth hu-
man probability phuman. Intuitively, this reward
function not only encourages the agent to choose
the human-like action at the current time step, but
also encourages the agent to increase its chances
to match the human-like actions at the future time
steps.

In this project, we plan to use the same offline
framework. Instead of using only the optimal hu-
man demonstrations to train the agent, sub-optimal
demonstrations with possible factual errors will
also be included. Based on the rich factuality an-
notations, we can explicitly design a reward func-
tion that discourage the agent to generate halluci-
nated text. Our whole training framework can be
thought of as an offline training framework with
sub-optimal demonstrations.

2.2 Online Training Framework
Online training usually use evaluation metrics di-
rectly as rewards. In abstractive summarization, ref-
erence summaries, or human demonstrations, may
not be the only valid summaries of documents. To
capture the translation-invariant of generated text,
Paulus et al. (2017) designed a reward loss func-
tion where the objective is to directly maximize the
ROUGE score (Lin, 2004, one evaluation metric
of text generation) of the generated text against the
reference summary. They mixed the reward loss
function with the standard MLE loss function to

https://github.com/yzpang/gold-off-policy-text-gen-iclr21
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encourage the fluency of the generated text. Simi-
larly, BLEU metric (Papineni et al., 2002) is used
for RL approaches to improve the quality of neural
machine translation (Wu et al., 2018).

2.3 Learning from Human Feedback

Learning from human feedback has been explored
in RL literature (Abbeel and Ng, 2004; Knox and
Stone, 2010) and has been recently adopted in NLP
(Ziegler et al., 2019; Böhm et al., 2019; Stiennon
et al., 2020). Böhm et al. (2019) introduced a new
form of reward function learned from extra data
of pair-wise human evaluation score. More specif-
ically, for each document in the dataset, different
text sequences are generated based on four pre-
trained summarization systems. Human evalua-
tion scores are then provided for each pair of the
text sequences to rank the generation quality. Us-
ing these ranked text sequences, a reward function
for ranking can be learned supervisely. Based on
this learned reward function, the RL-based sum-
marization systems are proved to generate more
human-appealing summarizations. Similar results
are shown in Stiennon et al. (2020).

In comparison, we propose to (1) leverage avail-
able datasets that have fine-grained token level an-
notation on machine generated summaries instead
of a preference score over summaries; (2) assign
the reward based on the annotated summaries, and
does not explicitly learn a parameterized reward
function which may not generalize to the new his-
tories generated by the RL system.

2.4 Factual Hallucinations

Abstractive summarization models are subject to
hallucinated content that is commonly inconsistent
with respect to the source. Hallucinations consists
of intrinsic hallucinations and extrinsic halluci-
nations (Maynez et al., 2020). Intrinsic hallucina-
tion happens when models lack an understanding
of the source and therefore misuse part of its infor-
mation. Extrinsic hallucination is caused by adding
external information that cannot be inferred from
the source but may be factually correct due to the
knowledge learned during model’s pre-training.

Evaluation of Factual Consistency Although
metrics such as ROUGE (Lin, 2004) and BLEU
(Papineni et al., 2002) are measurements of con-
tent informativeness of the generated text to some
extent, there are not well-correlated with factual
consistency (Falke et al., 2019; Kryscinski et al.,

2020) which is a crucial aspect especially for text
summarization. Models with training objectives
involving these n-gram based metrics may improve
the performance in terms of n-gram overlap but
may fail to address the hallucination problem.

To overcome the hallucination problem in ab-
stractive summarization, Cao et al. (2021) trained
a summarization model with factuality-based re-
wards. Specifically, they used a trained factuality
classifier to identify non-factual entities from the
training set human demonstrations and assigned
a negative reward to the next token (action) if it
is classified as non-factual. A positive reward is
assigned for the next token (action) using probabil-
ity under MLE otherwise. An earlier work (Zhang
et al., 2020b) combines both ROUGE reward and
factuality reward in generating more fluent and
faithful summaries of clinical notes. Compare to
these methods, we train our model by leveraging a
set of sub-optimal machine generated summaries
which have rich human factuality annotations.

3 Task Formulation

The present work aims to improve the factual con-
sistency of generated summary via RL in text sum-
marization. Given pairs of source articles and hu-
man references (D,Y ), text summarization learns
to generate a concise and informative summary
y′ by distilling the most salient information from
a new source document d. Mathematically, text
summarization models the conditional likelihood
p(y′|d) =

∑
t p(y

′
t|y

′
<t, d), where y

′
<t denote gen-

erated tokens before time step t.
Rather than the standard training procedure that

uses (d, y) pairs from (D,Y ), we leverage a pre-
trained summarization model and keep fine-tuning
on it using pairs of document d and SOTA-model
generated summaries y′. In addition, we provide
token-level factual consistency labels l for each
token in y′ to encourage model to not generate
factually inconsistent words. In section 3.1, we
describe how we construct our train and test data.

3.1 Dataset Construction

CNN/DM (Nallapati et al., 2016) and XSum
(Narayan et al., 2018) are two typical text summa-
rization datasets. We choose XSum for the present
work as it consists of more abstractive summaries
and contains more factual hallucinations compared
to CNN/DM. Previous works constructed annotated
summarization datasets by sampling and annotat-



GOLD-FACTUAL Demonstration dataset 

Figure 2: Framework of GOLD-FACTUAL. Text highlighted in red represents factually inconsistent span.

ing model generated summaries from the test set of
XSum. We now describe several annotated datasets
that we leverage in our experiments.

CLIFF CLIFF (Cao and Wang, 2021) has word-
level factuality annotations on summaries. Each
word in a summary was annotated as correct, ex-
trinsic, intrinsic or world knowledge, where the
consensus was reached by two experienced annota-
tors. The dataset consists of 150 summaries each
for both CNN/DM and XSum from BART (Lewis
et al., 2020) and PEGASUS (Zhang et al., 2020a)
(150×2×2 summaries). Both models are state-of-
the-art summarization models. We only consider
the summaries generated by BART as part of our
training data.

GoyalDurrett2021 Goyal and Durrett (2021)
manually identified all hallucinated text spans for
each summary and classified hallucination types
into {intrinsic, extrinsic} × {entity, event, noun
phrase, others}. The dataset consists of 50 and 100
summaries from BART for CNN/DM and XSum,
respectively.

Cao2021 Cao et al. (2021) extracted all entities
from 700 XSum summaries generated by BART
and manually labeled each entities with one of the
labels from {Non-hallucinated, Non-factual Hallu-
cination, Intrinsic Hallucination, Factual Halluci-
nation}.

Dataset construction To buildup our training
data, we use the XSum portion of CLIFF and Goy-
alDurrett2021 and the entire annotated dataset from
Cao2021. There are 950 examples in total in our
constructed training set. Further, based on the fine-
grained annotations from these datasets, we con-
struct word-level factuality labels l for each model

generated summary y′. Specifically, we label words
that are not included in any hallucinated span as
factually consistent, and factually inconsistent oth-
erwise. If any word has a hallucination label, then
the entire summary is factually inconsistent, and
consistent otherwise. We randomly sampled 1,000
instances (d, y) from the XSum test set that do not
overlap with our training dataset as our test set 3.

4 Method

In this section, we discuss each component of our
framework (Figure 2).

4.1 Markov Decision process (MDP)

Text summarization can be considered as a MDP
without reward orM := (S,A, T,R, γ). At each
time-step t, the state st = (y<t, d) ∈ S consists of
the source document d and the previously generated
tokens y<t. The agent, which is the text generation
model, takes an action by generating a new token
at from vocab V = A. Depending on the action
taken, the agent deterministically transitions to the
next state st+1 = (y<t+1, d) and receives a reward
of R(st, at). Here, y<t+1 is the previous generated
token y<t attached with the new token at. γ is the
discount factor. the overall objective is to find an
optimal policy π∗ = arg maxπ Eτ∼π[J(τ)], where
J(τ) is the return of a trajectory τ .

In the present work, we formulate the learn-
ing of text generation problem as an offline
RL problem that assumes that the agent has
the access to the trajectories generated by
behavior policies, for example, human ex-
perts or other text generation models. Let

3Since using the entire XSum test set requires much longer
time for our experiments and evaluations, we decide to only
sample a subset of the test set.



D = {〈(s0, a0, r0), (s1, a1, r1), ..., (sj , aj , rj)〉1
, ..., 〈(s0, a0, r0), (s1, a1, r1), ..., (sj , aj , rj)〉Ni=1},
sj ∈ S, aj ∈ A, and i, j,N ∈ N be a set of
demonstrated trajectories.

4.2 GOLD-FACTUAL

We introduce GOLD-FACTUAL an offline training
framework similar to (Pang and He, 2021) that
updates the policy by an off-policy policy gradient
as follows:

∇θJθ = Eτ∼πb [
∑
t

ωt∇θ log πθ(at, st)Q̂(st, at)]

where ωt = Πt
t′=0

πθ(at′ |st′ )
πb(at′ |st′ )

is the importance
weight and πb is the behavior policy. After ap-
plying the per-action approximation that considers
the sampling weight of current time step only, the
importance weight becomes ωt = πθ(at|st)

πb(at|st) . In ad-
dition, since the behavior policy πb is not available,
πb is approximated by assuming all the trajectories
to have equal probabilities to be sampled from the
demonstration D, and all the state-action pair are
unique in its trajectories. In this way, πb can be ap-
proximated as πb ≈ 1/N with N the total number
of trajectories in D. After the approximations, the
policy is updated by a policy gradient as follows:

∇θJθ ≈

Eτ∼D[
∑
t

πθ(at, st)∇θ log πθ(at, st)Q̂(st, at)]

4.3 Reward Function
Our reward function is designed to reduce the num-
ber of factual errors in a summary without sacri-
ficing the quality of the summary. To discourage
the factual error, we assign a negative non-factual
penalty −λ for each non-factual token generated
in a summary. If a generated token is factual, we
assign a positive reward pMLE(y′t, y

′
<t, d) that ap-

proximates human probability of generating a to-
ken y′t given the history y′<t and source document
d (the same reward function used by Pang and He
(2021)). The reward function is formally defined
as follow:

R(at, st) =

{
−λ if st is non-factual
pMLE if st is factual

Considering an offline training scenario with possi-
bly sub-optimal demonstration trajectories, such a
reward function discourages the model to generate

the same non-factual token in the demonstration,
and encourages the model to generate the factual
tokens as similar to human as possible. 4

4.4 Evaluation Metrics

ROUGE We first use the standard ROUGE
scores (Lin, 2004) and report the F1 scores for
ROUGE-1, ROUGE-2, and ROUGE-L, which com-
pare the word-level unigram, bigram, and longest
common sequence overlap between the generated
and the human reference summary, respectively.

Factual Consistency We use SUMMAC-CONV

(Laban et al., 2022) for factual consistency evalua-
tion. SUMMAC-CONV is one of the state-of-the-art
factuality models. Given a document and a gener-
ated summary, it outputs a score based on the aggre-
gation of sentence-level entailment scores for each
pair of input document and summary sentences.
Since our goal is to evaluate whether generated
summaries are factually consistent, we need to con-
vert the scores from SUMMAC-CONV to binary
labels, which requires setting up a threshold. We
choose the threshold based on our training data.
Specifically, we first run SUMMAC-CONV on our
training set and obtain a score for each summary.
We then calculate the accuracy of predicted labels
using the annotated binary factuality labels under
different thresholds. We choose the one that leads
to the highest accuracy and directly use it to convert
scores to binary labels in the test set.

5 Experiments and Results

In the experiments, the pre-trained Facebook
models are fine-tuned for 6 epochs on the pro-
posed training set from Section 3.1 by the
GOLD-FACTUAL with non-factual penalty λ =
0.1, 0.5, 1, 2, 5. The models are then evaluated on
the test set, and the ROUGE scores and factual con-
sistency accuracy are reported in Table 1. In the
remaining part of this section, we analyze the fac-
tual consistency of the text summarizations of both
human and models, and investigate the trade-off
between factual consistency and informativeness
by sweeping the non-factual penalty λ.

4In the actual implementation, one word that is not in the
vocab V can be represented by more than one tokens and we
tried to only assign the non-factual penalty for the first token
in a word. However, our experiments shows that this does not
work as well as simply assigning the non-factual penalty for
all tokens of a word. Unless stated otherwise, we assume the
latter scenario.



Original λ = 0.1 λ = 0.5 λ = 1 λ = 2 λ = 5 Human

ROUGE-1 42.4 37.4 37.1 35.8 33.8 26.9 -
ROUGE-2 17.6 13.9 13.6 12.4 10.8 7.7 -
ROUGE-L 35.3 30.4 30.3 29.0 27.3 21.8 -
FC accuracy % 49.3 43.8 47.0 47.1 49.7 60.2 54.2

Table 1: The three ROUGE scores and the factual consistency accuracy of the summaries by generation models
trained by GOLD-FACTUAL with non-factual penalty λ = 0.1, 0.5, 1, 2, 5 and, by the original Facebook model.

5.1 Factual consistency of human reference

As shown in Table 1, human reference summaries
contains numerous factual hallucinations. This ob-
servation agrees with the findings from Maynez
et al. (2020), where they manually annotated XSum
summaries and found that only a small portion of
human reference summaries have no hallucinations.
This is due to the construction of the XSum dataset,
where the first sentence of each news article is cho-
sen as the summary of the article and those “sum-
maries” commonly contains external information
that is not explicitly mentioned in the article.

5.2 Effects of hyperparameters

As we raising the non-factual penalty factor λ for
each non-factual token generated in a summary, the
F1 scores for ROUGE-1, ROUGE-2, and ROUGE-
L monotonically decreases in general and the qual-
ity of those summaries in terms of factual consis-
tency improves and even outperforms reference
summaries. Since our model receives the MLE
reward pMLE(yt, y<t, d) by using the model gener-
ated text instead of human reference, we encourage
the model to assign higher probabilities to model
generated summaries. This would lead to the de-
crease of the ROUGE scores on the test set. As
the penalty λ increases, our model fails to maintain
its capability of generating human-like summaries
while out-weighting the importance of generating
factual text.

5.3 Human Evaluation

To understand how the reward function affects
the quality of generated summaries in terms of
ROUGE and factual consistency, we conducted
human evaluation as well. We sampled 20 exam-
ples from the test set and compared the generated
summaries from the original model and our model
trained with penalty λ = 5. The result is shown
in Table 2. In around half of examples (55%), our
model generates alternative and acceptable sum-

maries compared to the summaries from original
model. For example, in the third row of Table 2, all
summaries discussed the earthquake in Japan but
with unique but verifiable details about the earth-
quake. Notice that these alternative but valid sum-
maries may not overlap as many with the human
reference summary, which leads to lower ROUGE
scores. Our model is also capable of generating
factual consistent summaries that were previously
factually inconsistent. For example, in the first
row of Table 2, the original model generates “the
number of people arrested for drink-driving at UK
airports has more than doubled in the past year”.
The actual sentence discussing this phenomenon in
the source article is “A total of 387 people were ar-
rested between February 2016 and February 2017
- up from 255 the previous year”. Apparently the
number of arrested peopled are not doubled. Our
model instead generates that the number of arrested
people is raising. Although this is not as detailed
as what is claimed in the human reference sum-
mary have risen by 50%, it is a factual consistent
summary.

However, in several cases (30%) our model gen-
erates worse summaries as well. A representative
example is in the second row of Table 2, where our
model generates a ungrammatical sentence with
lots of repetitions. The repetition problem is more
common in the earlier language models but less
frequent recently due to the raise of powerful large
transformer-based language models. The high pro-
portion of such repetitive summaries generated by
our model may caused by our designed reward
function, where our model may find a trick of ob-
taining higher factual rewards but down-weight its
capability of generating grammatical sentences.

6 Limitations

There are a few limitations of our work. First, we
only have limited amount of token-level annotated
BART summaries for training. However, our ex-



Reference Original λ = 5λ = 5λ = 5

Right
Correction
(10%)

Arrests of passengers suspected of
being drunk at UK airports and on
flights have risen by 50% in a year,
a Panorama investigation has re-
vealed.

The number of people arrested for
drink-driving at UK airports has
more than doubled in the past year,
according to figures obtained by
BBC Panorama.

The number of people arrested at
UK airports on suspicion of drink-
ing alcohol in duty-free shops has
risen, according to police figures ob-
tained by Panorama.

Repetition
(30%)

BHP Billiton and Vale have agreed
a deadline of 30 June to consoli-
date and settle claims resulting from
Brazil’s Samarco dam disaster in
2015.

The owners of Brazil’s Vale and
BHP Billiton have agreed a deal
with prosecutors over the collapse
of a dam at their Minas Gerais mine
in 2014.

The companies that run BHP and
other script script script scripts
script script Script script script
screenplay script scriptscript script
...

Alternative
Summaries
(55%)

A more powerful earthquake has
rocked the southern Japanese city
of Kumamoto in the middle of the
night, a day after an earlier tremor
killed nine people.

A powerful earthquake has struck
south-east Japan, hours after a pow-
erful quake struck the same area on
Thursday, causing extensive damage
and chaos.

A huge earthquake has hit a re-
gion of Japan, similar to that hit the
country on Thursday night, which
sparked a huge tsunami and nuclear
meltdown.

Not Main
Idea (5%)

The government has rejected an on-
line petition, signed by more than
4.1 million people, calling for a sec-
ond EU referendum to be held.

More than 100,000 people who
signed a petition calling for a second
referendum on the UK’s EU mem-
bership have been told by the For-
eign Office it will not be considered
for debate by MPs.

A petition calling for a re-run of the
EU referendum if the turnout for
the vote for Brexit was “less-than-
expected” has been submitted to the
Foreign Office.

Table 2: Comparison of four types of representative examples between human reference, summaries generated by
the original model, and by our model trained with penalty λ = 5. Factuall inconsistent spans are highlighted in
red. The source article is not shown in the table due to the length constraints.

periments shows the promising directions of using
sub-optimal summaries to improve the factual con-
sistency. Second, the current evaluation of factual
consistency relies on an imperfect factuality sys-
tem and a small scale error analysis. A larger-scale
of human evaluation, such as the number of misla-
beled examples, could bring more insights. Third,
we finally raises the degree of factual consistency
of generated summaries, but this also leads to some
problems such as ungrammatical text and less in-
formative summaries.

7 Conclusion

In this study, we propose a new training frame-
work GOLD-FACTUAL for text summarization to
addresses the hallucination problem in abstractive
summarization. We systematically analyze the per-
formance of GOLD-FACTUAL in terms of ROUGE
and a factual consistency metric. We show that
our framework has the potential to generate bet-
ter summaries compared to human reference sum-
maries. A small-scale human evaluation shows that
there is still a trade-off between factual consistency
and other factors that measures the quality of sum-
maries. Lastly we point out several limitations of
our work and shed light on the future directions in
leveraging sub-optimal summaries to improve the
factual consistency.
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