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Abstract

Abstractive summarization using large lan-
guage models (LLMs) has become an essen-
tial tool for condensing information. Despite
their ability to generate fluent summaries, these
models often produce texts that are unfaithful
to the original documents, manifested through
hallucinations of specific words, phrases, or
concepts. Current approaches to mitigating un-
faithfulness typically involve post-processing
corrections or contrastive learning from syn-
thetically generated negative samples, which do
not fully address the spectrum of errors that can
arise in LLM-generated summaries. In this pa-
per, we introduce a novel approach to fine-tune
LLMs specifically to reduce the occurrence of
unfaithful spans of text in generated summaries.
We first annotate span-level hallucinations in
LLM-generated summaries using automatic la-
beling with GPT-4. We then fine-tune the LLM
using both summaries with no hallucinations
and spans of hallucinated text to improve the
faithfulness of the model. This paper intro-
duces a dataset labeled to distinguish between
faithful and unfaithful content and compare
the performance of three techniques: gradient
ascent, unlikelihood training, and task vector
negation. Our experimental results show that
unlikelihood training can effectively use span-
level annotations to enhance summary faithful-
ness, reducing the number of summaries with
hallucinations from 31% to 13%, a reduction
of 58% on the CNN summarization dataset and
from 33% to 20%, a reduction of 39% on the
SAMSum dataset.

1 Introduction

Abstractive summarization aims to condense text
into a shorter version by distilling the key infor-
mation from the source text and rewriting it in a
concise manner. Recent advances in large language
models (LLMs) such as GPT-4 (OpenAl et al.,
2024) Llama 2 (Touvron et al., 2023), and Mis-
tral (Jiang et al., 2023) have significantly enhanced

the capability of summarization systems to pro-
duce fluent and coherent summaries. Additionally,
the growing adoption of retrieval-augmented gen-
eration (RAG) (Lewis et al., 2020; Siriwardhana
et al., 2023; Zhang et al., 2024) has underscored
the role of summarization as a critical component
of modern interactive natural language systems.

However, despite the strong capabilities of
LLMs, they still suffer from the problem of hal-
lucination (Huang et al., 2023; Ji et al., 2023; Jiang
et al., 2024), often referred to as unfaithfulness in
summarization (Maynez et al., 2020; Goyal and
Durrett, 2021; Kryscinski et al., 2020). This issue
arises when the generated summary contains in-
formation that is neither grounded in nor aligned
with the source document, which limits the practi-
cality of deploying summarization systems in real
applications. Figure 1 shows an example SAMSum
dialogue and its corresponding generated summary
that contains a span of hallucinated text.

A number of approaches have attempted to al-
leviate unfaithfulness with post-processing. For
instance, Dong et al. (2020) and Cao et al. (2020)
have suggested methods to edit and correct factual
inaccuracies in summaries post-generation. Simi-
larly, Madaan et al. (2023); Akyurek et al. (2023)
employ the critique-and-refine process that gener-
ates critical feedback on the initial summary as a
guide for the summarizer to refine the summary.
Although effective, the extra post-processing steps
required induce high latency and increase the com-
putational demands during inference, restricting
their applicable use cases.

Another option is to learn from negative samples.
Cao and Wang (2021); Tang et al. (2022); Zhang
et al. (2023) synthetically create negative samples
of unfaithful summaries. These samples are de-
rived from reference summaries using strategies
that mimic common error types. However, there
are three problems with this approach:

1. Human reviewers generally prefer LLM sum-
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Source:

Pam: Hey Robert, you said you could help with
Tom’s birthday?

Robert: Sure, what do you need?

Pam: I have to go shopping, cook, and clean, and
I figured out I don’t have time to pick up the
balloons.

Robert:  From where?

Pam: There’s this store in the city centre that sells
these awesome floating balloons.

Robert:  No problem, just text me the address.

Pam: Bless you!

Robert: 3)

Summary:

Pam asked Robert for help with Tom’s birthday cele-

bration, as she needs to go shopping, cook, and clean,

and doesn’t have time to pick up floating balloons from

a store in the city centre. Robert agreed to help by

providing the address of the store .

Figure 1: An example SAMSum dialogue and its cor-
responding model-generated summary that contains a
hallucination span shown as highlighted text.

maries over standard reference summaries,
even for large and well-established summa-
rization datasets (Sottana et al., 2023; Goyal
et al., 2023), rating them highly across all as-
pects of evaluation. This preference reveals
the poor quality of reference summaries, rais-
ing concerns about the effectiveness of fine-
tuning models on reference summaries and
their perturbed version.

2. Synthetic negative samples generated from
common approaches often fail to replicate
the actual errors observed in model-generated
summaries. Furthermore, the error distribu-
tions in generated summaries can vary signifi-
cantly across different domains, rendering syn-
thetic negative sample generation approaches
insufficient to cover the wide variety of error
types (Goyal and Durrett, 2021).

3. Contrastive learning approaches (Cao and
Wang, 2021; Tang et al., 2022; Zhang et al.,
2023) lack utilization of detailed, span-level
information that could potentially improve
summary faithfulness more effectively (Goyal
and Durrett, 2021). In cases of unfaithful-
ness within LLM-generated summaries, typ-
ically only a few specific text spans are un-
faithful. Only these problematic spans should
be specifically targeted as negative examples
during model training.

To address the above problems, we propose to an-
notate span-level hallucinations of LLM-generated

summaries and then update the model using this
fine-grained, span-level information. Our contribu-
tions in this paper are threefold: (1) we construct
a dataset that contains both faithful and unfaithful
summaries labeled at the span level; (2) we com-
pare the effectiveness of three approaches (gradient
ascent, unlikelihood training and task vector nega-
tion) that use span-level information to improve the
faithfulness of the model, and (3) we demonstrate
that unlikelihood learning is the most effective of
the three approaches we compared.

2 Related Work

2.1 Improving Summarization Faithfulness

A number of prior approaches to improving faithful-
ness focus on post-processing. Dong et al. (2020)
uses QA span fact correction models to revise enti-
ties in generated summaries to boost factual consis-
tency. Similarly, Cao et al. (2020) corrects factual
errors in generated summaries by training a correc-
tor model on artificially created error data.

Other prior works leveraged synthetic negative
sample summaries to improve faithfulness. Cao
and Wang (2021) surveyed common errors that
summarization models tend to make and designed
strategies for constructing negative samples (e.g.,
entity swap, mask and regenerate) that corrupt the
reference summaries. They then used contrastive
learning to better discriminate between positive and
negative examples, improving the representation
and faithfulness during generation. Similarly, Tang
et al. (2022) designed a linguistically informed tax-
onomy of factual errors for dialogue summaries
and created synthetic negative samples based on
the taxonomy before applying contrastive learn-
ing to improve faithfulness. Laban et al. (2023)
proposed a cost effective protocol to create more
natural sounding and manually verified synthetic
negative samples, which can be used as training
data for contrastive learning.

Chen et al. (2021) proposes to generate multiple
contrastive candidate summaries featuring different
entities from the source document, subsequently
employing a discriminative model trained to differ-
entiate between faithful summaries and synthetic
negative ones, effectively ranking the candidates.
Goyal and Durrett (2021) tried to tackle the prob-
lem from the perspective of training data. They
demonstrated an approach to improve faithfulness
by identifying unsupported facts in the training
summaries and ignore the corresponding tokens
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during training. Goyal et al. (2022) took a closer
look at the training dynamics and found that longer
training on noisy datasets contributes to factual
inconsistency. They show that using token sub-
sampling to dynamically modify the loss compu-
tation during training, down weighting high-loss
tokens, can substantially improve factual consis-
tency.

Some more recent methods have focused on the
critique-and-refine approach. Akyurek et al. (2023)
implemented a reinforcement learning framework
where a critic model provides feedback on gener-
ated summaries. The summarizer then refines its
output based on this feedback, with the summariza-
tion task metric serving as a reward for the critic
model. This process enables the critic to guide
the summarizer towards improving specific per-
formance metrics, fostering a cycle of continuous
improvement.

2.2 Span-level Hallucination Labeling

A great amount of studies have been conducted on
evaluation metrics for summarization faithfulness
(Zhang* et al., 2020; Yuan et al., 2021; Liu et al.,
2023; Zha et al., 2023). However, the study of span-
level hallucination labeling remains relatively un-
derexplored. Zhou et al. (2021) proposed a task to
predict token-level hallucinations in summarization
and machine translation and introduced methods
to create and fine-tune on synthetic data to solve
the task. Goyal and Durrett (2021) presented an ap-
proach to label hallucinations in summaries at the
dependency arc level, providing more fine-grained
information. Though not specific to summarization,
Liu et al. (2022) introduced a token-level reference-
free hallucination detection benchmark and created
multiple baselines.

3 Methods

3.1 Problem Formulation

As illustrated in Figure 3, training data comprises
of both positive and negative samples of document-
summary pairs. For each positive sample, the
document D has a corresponding positive sum-
mary S, where S, = (2p1, Zp2, ..., Tpr). Simi-
larly, each negative sample includes a document
D paired with a negative summary .S,, where S,
= (Zn1, Tn2, ..., Tnr). Here, x denotes a token in
the summary, and 7" denotes the number of tokens
in the summary. Note that not all x,, tokens are
considered hallucinated. Therefore, we use H,, to

denote the set of hallucinated tokens in a negative
sample summary S, and H,, C .S,,.

3.2 Methods Studied

We study three methods that can take advantage
of both positive faithful summaries and negative
unfaithful summaries with span-level hallucination
labels. To manage the influence of positive and
negative samples, we introduce a hyperparame-
ter ¢ € [0, 1] to distribute the weights assigned
to each type of summary. Specifically, e specifies
the weight of negative samples, and its complement
1 — e specifies the weight of positive samples.

Gradient Ascent Recent research by Yao et al.
(2024) has demonstrated that unlearning undesir-
able behaviors in LLMs through gradient ascent
is an effective alignment technique. This method
has been used to steer LLM outputs away from
harmful content, copyright infringements, and to
reduce hallucinations. In our study, we apply gra-
dient ascent to decrease hallucinated content in
summarization by minimizing the probability of
generating unfaithful tokens. This is achieved by
reversing the sign of the cross-entropy loss. We
define the gradient ascent loss as follows:

—(1—¢€) > logpg(xpl.) if S,
J— TpESp
ga = )
e >, logpe(zy.) if S,

Tn€Hn

Here, pg represents the model parameterized by
0. The loss computation varies depending on the
sample type: for a positive sample S, the nega-
tive log-likelihood (NLL) loss is calculated with
a weight of (1 — €); for a negative sample S,,, the
loss is computed as the negative NLL, multiplied
by the weight e.

Unlikelihood Training Unlikelihood training,
initially introduced by Welleck et al. (2020), was
designed to mitigate common issues such as dull
and repetitive outputs from language models while
maintaining perplexity. Subsequent studies (Li
et al., 2020) have demonstrated its effectiveness in
addressing problems like excessive copying from
context, frequent word overuse, and logical incon-
sistencies in generated texts. The adaptability of
this method allows for its application across various
tasks, particularly in reducing undesirable outputs.
In this method, the model is trained to assign lower
probabilities to unwanted generations by maximiz-
ing the complement of the probability of generating
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Sp | .. come| to | meet | Alice

Faithful Positive Sample

S, | .. | have dinner| with

Hallucinated Negative Sample

Source NG
Document | = 0% ) —> | Model-generated ,:\_L I:I:I:I
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GPT-4 span labeling
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D

Figure 2: Training data construction: summaries of the source documents used for model training are generated
using an LLM model (in our case Llama 2). Spans of text in the generated summaries that are unfaithful to the
source document are automatically labeled using GPT-4 (using the prompt in Appendix A.3). Summaries that have
no unfaithful spans labeled in their output are treated as positive training samples, and summaries that contain
unfaithful spans are treated as negative training samples.

Xpl Xp2 XpT
Sp | .. come to | meet Alice Gradient Ascent
WG NG
0@ > ‘ Unlikelihood Trainin ‘ > C?Q
Xnl Xn2 - .- XnT 2. g >
B Model
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‘ Task Vector Negation ‘
H

n

Figure 3: Model update: a base model is updated using both the faithful positive example summaries and the
unfaithful negative example summaries with hallucination spans using one of three approaches we compare in this

paper (1) Gradient Ascent, (2) Unlikelihood Training or (3) Task Vector Negation.

such tokens. For our specific application in sum-
marization, we focus on minimizing the generation
of hallucinated tokens. We define the unlikelihood
loss as follows:

—(1—¢€) > logpg(xp|.) ifSy
Ly = TpESp
—e > log(l—py(znl.)) if Sp
Tn€Hy

This configuration computes the negative log-
likelihood (NLL) for positive samples, weighted by
(1 — ¢), and for negative samples, it calculates the
NLL of the complement probability (1 — pg(zy|.))
weighted by e. This approach ensures a strategic
penalization of unfaithful tokens, thus aiming to
enhance the overall faithfulness of the generated
summaries.

Task Vector Negation Task vector arithmetic
offers a straightforward method for modifying a
pre-trained model to promote desired behaviors, as
outlined by Ilharco et al. (2023). This technique
involves calculating a task vector, 7, for a specific
task ¢ by subtracting the weights of the base pre-
trained model (6,,.) from the weights of a model
that has been fine-tuned on that task (6;). For-
mally, the task vector is defined as 7; = 0, — Opre.
Building on this concept, Ilharco et al. (2023)

demonstrated that negating a task vector fine-tuned
on toxic language can effectively diminish the gen-
eration of toxic outputs. Inspired by this, we ap-
ply a similar approach to address the generation
of unfaithful summaries. We define the resulting
model’s weights as:
Ores = gpre + (1 - 6)Tpos — €Tneg

Here, 7,5 represents the task vector derived from
fine-tuning on positive, faithful sample summaries,
while 7,¢4 is obtained from fine-tuning on nega-
tive hallucinated summaries. This method allows
us to manipulate the model composition to reduce
the production of unfaithful summaries by strategi-
cally negating the influence of the undesired traits
encoded in 7y,q.

4 Data

Recent studies (Sottana et al., 2023; Goyal et al.,
2023) have found that even open-source LLMs out-
perform the gold standard reference summaries of
large and well-established datasets. Human evalua-
tors scored highly of LLM summaries on relevance,
fluency, coherence, and consistency, all four com-
mon aspects of summarization evaluation, while
rating the reference summaries as the worst on all
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Source:

Pam: Hey Robert, you said you could help with
Tom’s birthday?

Robert: Sure, what do you need?

Pam: I have to go shopping, cook, and clean, and
I figured out I don’t have time to pick up the
balloons.

Robert:  From where?

Pam: There’s this store in the city centre that sells
these awesome floating balloons.

Robert:  No problem, just text me the address.

Pam: Bless you!

Robert: 3)

Baseline Summary:

Pam asked Robert for help with Tom’s birthday cele-
bration, as she needs to go shopping, cook, and clean,
and doesn’t have time to pick up floating balloons from
a store in the city centre. Robert agreed to help by

providing the address of the store .

Gradient Ascent Summary:

Pam asked Robert for help with Tom’s birthday celebra-
tion, including picking up floating balloons from a store
in the city centre. Robert agreed to help and requested
the store’s address.

Unlikelihood Summary:

Pam asked Robert if he could help with Tom’s birthday
celebration, specifically asking for his assistance in pick-
ing up floating balloons from a store in the city centre.
Robert agreed to help and requested the store’s address.
Task Vector Negation Summary:

Pam asked Robert for help with Tom’s birth-
day celebration, including shopping, cook-
ing, and cleaning.  Robert agreed to help and

Pam provided the address of a store in the city centre

where she needed him to pick up floating balloons .

Figure 4: An example of SAMSum dialogue and its
corresponding summaries generated from models fine-
tuned with four approaches. Unfaithful spans are high-
lighted in pink .

metrics, indicating the poor quality of reference
summaries in publicly available datasets. Addition-
ally, previous approaches of synthetically construct-
ing negative samples with strategies inspired from
common types of errors (Cao and Wang, 2021;
Tang et al., 2022; Zhang et al., 2023), do not align
with the actual errors made by generation models
(Goyal and Durrett, 2021). Moreover, the actual
error distributions vary significantly across differ-
ent summarization domains. Thus, generating syn-
thetic negative samples from reference summaries
is both poor in quality and insufficient in cover-
age. To combat these two limitations, we construct
a new dataset consisting of LLM-generated sum-
maries that contain hallucinations labeled at the
span level.

Pos Neg Avg. hallu toks
£ SAMSum 2774 2774 6.5%
= CNN 2774 2774 2.7%
2 SAMSum 50 50 6.7%
= CNN 50 50 2.5%

Table 1: Statistics of constructed dataset. Each category
of training set consists of 2774 samples, and the corre-
sponding test set consists of 50 samples. On average,
6.5% of tokens in SAMSum summaries are unfaithful,
and that for CNN summaries is 2.7%.

4.1 Dataset Construction

The dataset construction process is illustrated in
Figure 2. We construct the training and test set from
CNN (Nallapati et al., 2016) and SAMSum (Gliwa
et al., 2019), each belonging to news and dialogue,
two of the most studied domains of summarization
research. Summaries of their source documents
were generated using L1ama-2-7b-chat (Touvron
et al., 2023) with top_p = 0.7 and temperature =
0.01 to minimize randomness. The prompts used
to generate summaries are in A.1 and A.2).

Sottana et al. (2023) shows that GPT-4 (Ope-
nAl et al., 2024) correlates highly with human
judgments when acting as a reviewer. Expanding
upon this prior work we use GPT-4 to label LLM-
generated summaries to identify "spans of text that
are inconsistent with the source document." The
prompt we use to label these spans is provided in
A.3). When a summary has no labelled span in it’s
output, it is considered a positive example of a sum-
mary; if a span has been labeled as "inconsistent
with the source document” the summary is treated
as a negative example.

After filtering out noisy outputs and balancing
the data between positive and negative examples,
we obtained 11,096 training samples and 200 test
samples, half of which come from the CNN dataset
and the other half from SAMSum. Positive and neg-
ative examples were selected to provide an even
50/50 distribution across the data as shown in Ta-
ble 1. On average, SAMSum has a higher rate
of hallucinated tokens at 6.5% while CNN has a
hallucinated token rate of 2.7%.

5 Experimental Setup
5.1 Model and Training

All experiments are performed using the
Huggingface implementation of Llama2-7b
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(meta-1lama/Llama2-7b-chat-hf)!. For effi-
cient fine-tuning, we adopt Low-Rank Adaptation
(LoRA Hu et al., 2022) and apply low-rank update
matrices to all linear modules, with rank r = 64,
o = 128, and dropout probability of LoRA layer
= 0.05. With these settings, 2.3% of the model
parameters are trainable. The training processes
use an AdamW optimizer with a learning rate set
to 5e-5. We train all models on two RTX 6000
Ada GPUs. To avoid out-of-memory errors, we
set step size = 1, use bfl6 precision, gradient
checkpointing, and gradient accumulation steps =
8, making the effective batch size 16, and we train
for 1 epoch on the training set for each experiment.

The baseline for comparison is a Llama2-7b
model fine-tuned only on the positive portion of
training data with regular cross-entropy loss, with
no information from negative samples.

Figure 4 shows an example SAMSum dialogue
and its corresponding summaries generated from
the baseline model and three other models each
fine-tuned using one of the methods studied in this

paper.
5.2 Automatic Evaluation

For evaluation, we use the updates models to gener-
ate summaries (with the same settings as in Section
4.1) on the test set and employ the same labeling
process to label hallucination spans with GPT-4
as in Section 4.1. Summaries that were incom-
plete or degenerate into repetitions (Holtzman et al.,
2020) were automatically detected and considered
as unfaithful summaries. We note this method as
GPT4SL (GPT-4 span labelling) in our results.

In addition to GPT4SL, we employ two
reference-free metrics to assess the quality of the
generated summaries G-Eval and AlignScore. G-
Eval (Liu et al., 2023) is a GPT-based metric that
leverages Chain-of-Thought (CoT Wei et al., 2022)
prompting to generate evaluation steps before com-
puting an evaluation score. We use GPT-4 as the
LLM for this metric and report the its consistency -
the factual alignment between the summary and the
source (Fabbri et al., 2021) in our results. Align-
Score (Zha et al., 2023) is a non-LLM-based fac-
tual consistency metric based on a unified text-to-
text information alignment function. This metric
measures the factual alignment between the sum-
mary and the source text. Both metrics have demon-
strated high correlations with human judgments,

"https://huggingface.co/meta-llama/Llama-2-7b-chat-hf

GPT4SL G-Eval AlignScore
SAMSum 67.0 4.631 0.696
CNN 69.0 4.897 0.800

Table 2: Average scores of the baseline model according
to GPT-4 span labeling (GPT4SL), G-Eval, and A-Score.
GPT-4 span labeling is computed as the percentage of
summaries that are faithful (no hallucinations).

providing reliable automated evaluation.

5.3 Human Verification

To further validate the results, we performed hu-
man verification on the summaries generated by
the baseline and unlikelihood model for the SAM-
sum testset. We provided annotators with a simple
guideline that stated:

if a span contains  inconsis-
tent/contradictory  information  to
the source, then label as hallucination;
if a span contains new information not
present in the source and cannot be
verified by a Google search, then label
as hallucination.

This way, we do not falsely label true information
that provides additional world knowledge that is
important for summary comprehension (Cao et al.,
2022). Labeling was performed in two passes, an
initial pass was performed by a single annotator
for each summary, and then a second validation
pass was performed where the team of annotators
reviewed the labeling of each summary together.

6 Results and Discussion

6.1 Automatic Evaluation Results

The results for the baseline system, in which the
model has only been updated using faithful sum-
maries (S,) are shown in Table 2. The results of
the three model update methods explored in this
paper are shown in Table 3 for different values of
€. Results are presented for three automatic met-
rics, GPT-4 span labeling (GPT4SL), G-Eval and
AlignScore (A-Score). For the SAMSum dataset,
the unlikelihood model with € = 0.1 improves the
GPT4SL metric from 67% to 80%, which corre-
lates to reducing the number of summaries with
hallucinations from 33 down to 20, a 39% re-
duction. On the CNN dataset, the unlikelihood
model increases the GPT4SL score from 69% to
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. Gradient Ascent Unlikelihood Task Vector
GPT4SL G-Eval A-Score GPT4SL G-Eval A-Score GPT4SL G-Eval A-Score
0.1 64.0 463  0.6867 80.01 463  0.7403 65.0 456 07127
g 03 130 2967 0.6964 71.0 470  0.7331 68.0 451  0.7165
& 05 0.0f 2267 0.48621 76.0 4.71 0.7380 69.0 454  0.7293
5 0.7 0.0 2.49t  0.4885% 67.0 472 0.7394f 68.0 460 0.7184
“ 09 0.0 1.13t  0.3710f 57.0 4100 0.7355 69.0 453  0.7083
1.0 - - - - - - 72.0 458  0.7208
0.1 520t 459" 0.7662 87.0 490  0.8151 73.0 4.84"1  0.7909
0.3 2.0f 2.697  0.7982 83.0 4.91 0.8129 64.0 486  0.7891
Z 0.5 0.0 2251 0.71141 72.0 484  0.8295 73.0 491  0.7852
% 0.7 0.0 2441 07217 57.0 459t 0.7942 87.0 486  0.7586'
0.9 0.0 0.697 0.1661T  45.0f 3.81T  0.7894 84.0f 489  0.7950
1.0 - - - - - - 83.0f 487  0.7940

Table 3: Average summary-level scores of three studied methods according to GPT-4 span labeling (GPT4SL),
G-Eval, and AlignScore (A-Score) with different € values. GPT-4 span labeling is computed as the percentage
of faithful summaries (no hallucinations). The best result in each metric is in-bold. Results that are statistically
significantly different from the baseline (p < 0.05) are indicated with {.

SAMSum CNN

Baseline 4.22 1.29
Gradient Ascent 11.84 23.45
Unlikelihood 1.74 0.42
Task Vector 3.82 0.51

Table 4: Average percentage of tokens that are labeled
as hallucinations by GPT-4 span labeling. Each value is
the lowest number for that method across all € values.

87%, which correlates to reducing the number of
summaries with hallucinations from 31 down to
13, a 58% reduction. The best task vector nega-
tion model reduces SAMSum hallucinated sum-
maries by 15%, lower than that of the unlikelihood
approach, and it reduces CNN hallucinated sum-
maries by 58%, matching the performance of the
unlikelihood method. The gradient ascent models
performed more poorly than the baseline due to
the instability of training with gradient ascent. The
outputs generated by the gradient ascent-trained
models tended to degenerate into repetitions (espe-
cially for high €), negatively impacting faithfulness.

The G-Eval and AlignScore metrics show a sim-
ilar ranking of model performance, showing that
the unlikelihood approach is the top performing
method for the SAMSum dataset, and on the CNN
dataset the task vector negation and likelihood mod-
els have similar performance.
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Table 4 shows the average percentage of hallu-
cinated tokens according to GPT-4 span labeling.
The token-level results align with the summary-
level results in Table 3, namely, unlikelihood is the
most effective method, reducing hallucinated to-
kens by 59% on SAMSum and 67% on CNN, while
task vector negation is less effective, reducing the
number of hallucinated tokens by 9% on SAMSum
and 60% on CNN. Gradient ascent negatively im-
pacts performance, generating hallucinated tokens
more than the baseline.

6.2 Human Verification Results

Following the protocol in Section 5.3, we man-
ually annotated 200 SAMSum summaries: 100
from the baseline model and 100 from the unlikeli-
hood model with ¢ = 0.1. After excluding model
refusals, 95 dialogues remained with summaries
from both models.

Table 5 reports faithfulness results on these 95
paired examples. For G-Eval and AlignScore, we
convert scalar scores into binary labels by select-
ing thresholds that maximize correlation with hu-
man judgments. Human annotations show that un-
likelihood training increases faithful summaries
from 57 to 67 and reduces hallucinated summaries
from 38 to 28, a 26% reduction. This supports our
automatic-metric findings that unlikelihood train-
ing reduces hallucinations.

All three automatic metrics also indicate fewer



Baseline  Unlikelihood
Human 57 67
GPT4SL 64 75
G-Eval 77 80
AlignScore 50 67
MCC with Human
GPT4SL 0.669 0.572
G-Eval 0.373 0.543
AlignScore  0.043 0.088

Table 5: Results on 95 dialogues summarized by the
baseline model and unlikelihood model with e = 0.1.
The upper section is the number of summaries that are
faithful according to each metric. G-Eval threshold =
4.7 and AlignScore threshold = 0.7. The lower section
is Matthew’s correlation coefficient (MCC) between
automatic metrics and human judgments.

hallucinated summaries after unlikelihood train-
ing, with estimated reductions of 35% from GPT-4
span labeling, 16% from G-Eval, and 37% from
AlignScore. Compared with human annotations,
however, these estimates differ by roughly 10%.

To assess metric reliability, we compute
Matthews correlation coefficient (MCC) against
human labels, shown in the lower part of Table 5.
GPT4SL achieves the strongest correlation, with
MCC scores of 0.669 on baseline summaries and
0.572 on unlikelihood-trained summaries, outper-
forming G-Eval and AlignScore. This supports the
effectiveness of GPT4SL for evaluating summary
faithfulness.

At the token level, unlikelihood training reduces
hallucinated tokens from 5.09% to 3.95%. GPT4SL
obtains a token-level MCC of 0.553 against human
annotations.

6.3 Discussion

€ and Model Performance: One prominent phe-
nomenon we observe in Table 3 is the negative
correlation between ¢ and model performance. In
gradient ascent and unlikelihood training, the gen-
eral trend is the higher the weight to put on negative
samples the worse the model would perform. We
manually verified some sample generations and
found high € values decimate a models language
modeling ability, rendering its generation useless.

GPT-4 as a span labeler: The improved sum-
mary faithfulness shown in Section 6.1 combined
with the high correlations with human judgements

shown in Section 6.2 shows the effectiveness of us-
ing GPT-4 as a span labeler to automatically iden-
tify hallucinations in LLM-generated summaries.
The token-level Cohen’s « agreement between hu-
man labels and GPT4SL is 0.544, which indicates
moderate agreement. In future work, we plan to
investigate the effectiveness of GPT-4 to automat-
ically label spans of hallucinated text in LLM-
generated summaries and explore it’s potential as a
fine-grained faithfulness metric.

The instability of gradient ascent: In this work
we observed that gradient ascent is prone to insta-
bility during training, indicated by its jagged loss
curves (shown in Appendix B) and it’s sensitivity
to the hyperparameter €. In our experimentation,
the majority of the models trained with gradient
ascent could not generate complete summaries and
thus this approach performed more poorly than the
baseline on both the SAMSum and CNN datasets.
Further investigation into the cause of gradient as-
cent’s instability is required.

Comparison with Contrastive Learning: Cao
and Wang (2021) uses summary-level faithfulness
information to improve faithfulness and find con-
trastive learning works the best. Being more fine-
grained, our work focuses on leveraging span-level
information. However, to perform contrastive learn-
ing on span (token)-level, we would need a corre-
sponding positive token for each negative token,
which our current dataset does not have. As a future
line of work, we will investigate means of making
contrastive learning work on the token-level.

7 Conclusion

In this study, we introduce a novel approach to im-
prove summarization faithfulness by fine-tuning an
LLM on a dataset of automatically labeled negative
sample summaries. Our methodology involves con-
structing a dataset with both positive and negative
samples, achieved by first generating summaries us-
ing an LLM, followed by labeling span-level hallu-
cinations in these summaries with GPT-4. We then
study three fine-tuning methods: gradient ascent,
unlikelihood training, and task vector negation that
can take advantage of both positive and span-level
negative samples. Our findings suggest that unlike-
lihood training is particularly effectively at using
span-level annotations to reduce the occurrence of
unfaithful summaries, thereby enhancing summary
faithfulness.
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8 Limitations

This work explored the effectiveness of span-
labeling in combination with gradient ascent, un-
likelihood training, and task vector negation to
reduce the occurrence of hallucinations in LLM-
generated summaries. The majority of the evalua-
tions in this work were performed with automatic
metrics, including metrics proposed in prior works
(G-Eval (Liu et al., 2023) and AlignScore (Zha
et al., 2023)) and a novel metric used in this pa-
per GPT4SL (GPT-4 span labelling) which was
required to identify specific spans of text in the
generated summary that were likely unfaithful to
the source document.

To evaluate the performance of these metrics
we manually created a small set of gold annota-
tions for summaries generated with the baseline
and unlikelihood approaches for the SAMSum test-
set. Due to limited resources we did not create
similar annotations for task vector negation or the
CNN testset. Although we have shown that the
automatic metrics used in this work correlate well
with the human labels, we observe that both the
GPT4SL and G-Eval metrics tend to underestimate
the true occurrence of hallucinations. Additionally,
during the annotation of the SAMSum dataset we
found that a number of summaries were very dif-
ficult to label as the situational context in which
the dialog occurred could mean that a phrase in
the summary could be interpreted as being either
faithful or unfaithful to the source.

Although the metrics and manual annotation
used in this work are not the main contribution
of this paper, we acknowledge that a more rigorous
evaluation of these metrics are required to support
our findings. We intend to do this in future work.
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A LLM prompts used in experimentation

A.1 Prompt for LLM-generated summarization - SAMSum dataset

System prompt: You are an accurate summarizer that always writes concise summaries
of text that is as consistent with the source text as possible. You will be given a
dialogue conversation in the user prompt, and you need to provide a concise summary
of the conversation in 2 sentences. Do not start your response with "Sure”.

User prompt: {source_doc}

A.2 Prompt for LLM-generated summarization - CNN dataset

System prompt: You are an accurate summarizer that always writes concise summaries
of text that is as consistent with the source text as possible. You will be given a
piece of news article in the user prompt, and you need to provide a concise summary
of the article as a response. Do not start your response with "Sure”.

User prompt: {source_doc}

A.3 Prompt for GPT-4 Span Labeling (GPT4SL)

System prompt: You will be given a source text and a summary of that text. Your
job is to identify spans of text in the summary that is inconsistent to the source text.

The source text and summary are wrapped in XML tags like so: <source>source
text</source> and <summary>summary text</summary>, and you should return the summary
with the inconsistent part wrapped in XML tags like this: <summary>This is a summary
with <hallu>inconsistent or hallucinated text</hallu></summary>.

If there are no inconsistencies in the summary, simply return the summary.

User prompt: <source>{source_doc}</source>
<summary>{model_summ}</summary>
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B Loss Curves from Model Training
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Figure 5: Unlikelihood € = 0.1 loss curve Figure 6: Gradient ascent € = 0.1 loss curve
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Figure 7: Unlikelihood € = 0.3 loss curve Figure 8: Gradient ascent € = 0.3 loss curve
train/loss train/loss
0
0.6 2
0.5 -4
0.4 -6
0.3 -8
0.2 -10
01 -12 /_/\ )
0 Step -14 . Step
0 20 40 60 80 0 10 20 30 40
Figure 9: Unlikelihood € = 0.5 loss curve Figure 10: Gradient ascent € = 0.5 loss curve
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