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Abstract

Dialogue summarization involves summariz-
ing long conversations while preserving the
most salient information. Real-life dialogues
often involve naturally occurring variations
(e.g., repetitions, hesitations), and in this study,
we systematically investigate the impact of
such variations on state-of-the-art open dia-
logue summarization models whose details are
publicly known (e.g., architectures, weights,
and training corpora). To simulate real-life
variations, we introduce two types of pertur-
bations: utterance-level perturbations that mod-
ify individual utterances with errors and lan-
guage variations, and dialogue-level perturba-
tions that add non-informative exchanges (e.g.,
repetitions, greetings). We perform our analy-
sis along three dimensions of robustness: con-
sistency, saliency, and faithfulness, which aim
to capture different aspects of performance of
a summarization model. We find that both fine-
tuned and instruction-tuned models are affected
by input variations, with the latter being more
susceptible, particularly to dialogue-level per-
turbations. We also validate our findings via hu-
man evaluation. Finally, we investigate whether
the robustness of fine-tuned models can be im-
proved by training them with a fraction of per-
turbed data and find that this approach does not
yield consistent performance gains, warranting
further research. Overall, our work highlights
robustness challenges in current open models
and provides insights for future research.

1 Introduction

Real-life conversations often exhibit a wide range
of language variations, including typographical er-
rors, grammatical mistakes, and certain exchanges
such as repetitions and speaker interruptions, which
are unrelated to the primary purpose of the con-
versation (Sacks et al., 1974). However, existing
dialogue summarization datasets, which are used
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Any news on what happened to the 9.13am train? It was delayed, 
now it appears to have disappeared.

Hi there. There were animals on the line so the train had to
bypass the station at a reduce speed.

[....] How do I formally complain?

Sorry for the inconvenience. We always try to impact as few
customers as possible. Make a complaint by emailing __ email__

sorry, couldn’t hear you, can you repeat?

Sure, we try to impact as few customers as possible
and you can make a complaint by emailing  __ email__

Request to repeat 

Customer is complaining about the
delay in the train. Agent states that
there were animals on the line and

train had to bypass at reduced speed. 

Customer is complaining about the delay
in a train. Agent states that they always

try to impact as few customers as
possible and requests to make a

complaint by emailing 
Summary of the perturbed dialogue Summary of the original dialogue 

Summarize Summarize

Figure 1: An example dialogue drawn from the Tweet-
Sum dataset, with a repeated utterance introduced as
a perturbation. While the reference summary for the
original dialogue includes the agent’s explanation about
the train delay, the summary of the perturbed dialogue
includes information from the repeated utterance.

to train current summarization models, do not ad-
equately capture these variations, as they are typi-
cally constructed by annotators simulating specific
scenarios (Yuan and Yu, 2019) or extracted from
English-speaking practice websites (Gliwa et al.,
2019). Even the datasets consisting of real-life
conversations (Feigenblat et al., 2021) can exhibit
only a limited range of variations owing to practi-
cal limitations posed by the data collection process
(e.g., high or low prevalence of conversations from
different social demographics). Consequently, dia-
logue summarization models deployed in business
scenarios encounter diverse variations not observed
during training. This raises a crucial question: Can
current dialogue summarization models effectively
handle conversations with naturally occurring vari-
ations that are legitimate inputs but not observed in
the training data?

In this work, we study the impact of naturally



occurring variations on the performance of the
state-of-the-art open dialogue summarization mod-
els (with publicly known architecture, weights,
and training corpus) using three publicly avail-
able datasets. We examine the performance of
encoder-decoder Transformer models in two setups
a) fine-tuned on specific dialogue summarization
datasets (Lewis et al., 2020; Zhang et al., 2019;
Raffel et al., 2020b), and b) instruction-tuned mod-
els which have shown impressive zero-shot perfor-
mance more recently (Gupta et al., 2022; Chung
et al., 2022). Such models are often preferred
in high-stakes business settings (e.g., medical, le-
gal, and customer support) over proprietary models
(e.g., ChatGPT), owing to user privacy concerns.

To simulate variations we design two kinds of
perturbations: (a) utterance-level perturbations,
and (b) dialogue-level perturbations (defined in
Section 3), which are inspired by common real-life
interaction patterns from the Natural Conversation
Framework (Moore and Arar, 2019). We evaluate
the performance of summarization models along
three conceptually distinct robustness dimensions—
consistency, saliency, and faithfulness—and elabo-
rate on their empirical relationship.

Our analysis reveals that both fine-tuned and
instruction-tuned models are impacted by utterance
and dialogue-level perturbations. Instruction-tuned
models are impacted more than fine-tuned models
and are also more susceptible to dialogue-level per-
turbations than utterance-level perturbations. Both
types of models show a preference for information
from repeated, long, and leading utterances in the
dialogue. Figure 1 shows an example where the
model includes repeated utterances in the summary,
whereas the non-repeated original utterance wasn’t
included in the summary before perturbation. We
also validate our findings via human evaluation.

Finally, we investigate whether fine-tuned mod-
els improve by training with perturbed data. We
find that this approach does not consistently en-
hance performance, and different perturbations re-
quire varying amounts of training examples for
gains. Thus, further research is needed to address
these robustness challenges.

2 Related Work

Prior work has investigated the robustness of lan-
guage understanding models mainly focusing on
classification tasks (Moradi and Samwald, 2021).
Some dialogue-related classification tasks have

also been explored, including dialogue act predic-
tion (Liu et al., 2021), intent detection and slot
tagging (Einolghozati et al., 2019; Sengupta et al.,
2021), state tracking and dialogue modeling (Cho
et al., 2022; Tian et al., 2021; Zhu et al., 2020; Kim
et al., 2021; Peng et al., 2020).

Some studies have also investigated the robust-
ness of neural language generation models, includ-
ing neural machine translation (Niu et al., 2020;
Karpukhin et al., 2019; Vaibhav et al., 2019), ques-
tion answering (Peskov et al., 2019), and open do-
main multi-document summarization (Giorgi et al.,
2022). However, some of these studies consider
perturbations that are of extreme nature (e.g., ran-
dom shuffling and deletion of words) and may oc-
cur rarely in the real world. Ganhotra et al. (2020)
investigated the impact of natural variations on re-
sponse prediction tasks in goal-oriented dialogues.

For summarization task in particular, previous
studies focused on summarizing news articles and
documents (Jing et al., 2003; Meechan-Maddon,
2019; Krishna et al., 2022). However, the nature
of noise in a multi-party dialogue differs signifi-
cantly from noise in documents. While some types
of noise (e.g., spelling mistakes, grammatical er-
rors) could occur in both, the patterns such as rep-
etitions, reconfirmations, hesitations, and speaker
interruptions (Sacks et al., 1974; Feng et al., 2021;
Chen and Yang, 2021) are peculiar to dialogues,
posing unique challenges for accurate and robust
summarization. The focus of this work is to assess
the robustness of dialogue summarization models
in the presence of naturally occurring variations,
which has been understudied in the prior literature.

3 Simulating Naturally Occurring
Variations

To introduce naturally occurring variations in con-
versations, we consider two kinds of simulated
perturbations, utterance-level and dialogue-level.
We apply each perturbation individually to a dia-
logue to study its impact systematically. Our per-
turbations are inspired by the Natural Conversation
Framework (Moore and Arar, 2019), created after
analyzing real-world conversations across various
use cases and provides common interactive pat-
terns that occur in real life.1 Appendix A.2 lists
examples for each perturbation.

1Some examples include patterns such as C1.0 (opening
greeting agent), C4.6 (closing success check), B2.1.0 (repeat
request), A2.8 (hold request).



3.1 Utterance-level Perturbations

The utterance-level perturbations modify a single
utterance and are adapted from (Liu et al., 2021).
We perturb each utterance of the dialogue. For per-
turbations where multiple words in an utterance
can be perturbed (e.g., spelling mistake, character
casing), we consider only low-modification levels
(i.e., perturb a word with 0.2 probability), which
also cause a considerable change in model perfor-
mance.2

Typographical Errors Typographical errors oc-
cur when participants try to type quickly in chat-
based interactions. We use simple regex-based
perturbations, e.g., punctuation marks removal,
whitespace removal or addition, changing letter
casing, and substitutions of common expansions
and contractions. We introduce spelling errors fol-
lowing the approach of Yorke3 as used in Mille
et al. (2021), replacing random letters with other
letters closely co-located on the keyboard positions.
We ensure that mistakes are not introduced in a
proper-noun phrase (e.g., restaurant name) to avoid
changes in important information.

Grammatical Errors We focus on two frequent
grammatical errors: dropping determiners and
subject-verb disagreements. To drop determiners,
we drop all the words in a sentence with the DET
tag. To introduce subject-verb disagreement, we
identify auxiliary verbs (via AUX tag) and convert
between plural and singular forms as appropriate,
keeping the tense unchanged.

Language-use Variations Users can vary in their
choices of dialect and vocabulary. We consider
three language-use perturbations: substituting ad-
jectives with synonyms, inflectional variations, and
synthetic African American Vernacular English
(AAVE) dialect. For synonym substitution, we sub-
stitute adjectives in an utterance with their WordNet
(Miller, 1998) synonyms. To introduce inflectional
variations, we follow the approach proposed in
Dhole et al. (2021), where we lemmatize each con-
tent word in an utterance, randomly sample a valid
POS category, and re-inflect the word according to
the chosen category. To transform an utterance to
synthetic AAVE dialect, we use the set of lexical
and morphosyntactic transformation rules proposed
by Ziems et al. (2022).

2Appendix B.2: Analysis with different perturbation rates.
3https://github.com/alexyorke/butter-fingers

3.2 Dialogue-level Perturbations
We introduce new utterances that contribute no
additional information, to test a model’s ability to
focus on the overall meaning of a conversation and
identify salient information.

Repetitions Repeating and rephrasing occur
commonly in real-life spoken conversations. In
this perturbation, we randomly select an utterance
to repeat.4 We then inject a synthetic utterance
requesting the other participant to repeat the in-
formation (e.g., ‘Sorry, I couldn’t hear you, can
you repeat?’).5 Since humans tend to rephrase the
original message slightly instead of repeating it
verbatim, we paraphrase the original utterance be-
fore including it as a response to the request for
repetition. We use Qian et al. (2019)’s paraphraser
for this task. The rest of the dialogue remains un-
changed. This perturbation allows us to examine
repetition bias; i.e., does the model consider re-
peated utterances more significant, even when they
do not contain important information?

Time delays A participant may ask the other
party to wait while they gather information. To
simulate this, we add three synthetic utterances
consecutively: a request to wait (e.g., ‘Just give
me a few minutes.’), an acknowledgment from the
other participant (e.g., ‘Sure’), and an expression
of gratitude from the first participant (e.g., ‘Thanks
for waiting.’). These utterances are inserted after
a randomly selected utterance from the participant
being asked to wait.

Greeting and closing remarks It is also com-
mon to begin a conversation with a friendly greet-
ing and end with some closing remarks. For the
greetings perturbation, we insert a greeting as the
first utterance, such as ‘Hi! I am your customer
support assistant. How may I help you today?’ in
customer support dialogues and ‘Hey there!’ in
open-domain chit-chat. For the closing remarks
perturbation, we insert a final message: ‘Thank
you for contacting us.’ in customer support dia-
logues and ‘Cool, talk to you later!’ in open domain

4See Appendix B for targeted perturbations, where we
select an utterance to repeat based on its saliency.

5We use this utterance to operationalize the repetition per-
turbation, inspired by spoken dialogues. However, repetitions
can also appear in written dialogues (e.g., sending the same
message multiple times to ensure communication, emphasiz-
ing points, or dealing with technical issues.). Furthermore,
models trained on written dialogues are often deployed to sum-
marize transcripts of spoken dialogues, where such utterances
are more common.

https://github.com/alexyorke/butter-fingers


chit-chat. Each perturbation is applied individually
to a dialogue. Both of these perturbations help
us investigate structural biases present in dialogue
summarization models, also known to impact news
summarization models (Xing et al., 2021; Jung
et al., 2019). For instance, the greeting perturba-
tion helps examine lead bias (preference for the
first utterance), and closing remarks perturbation
helps examine recency bias (preference for the last
utterance).

Split and combined utterances In chat-based
conversations, participants can have varying prefer-
ences for either conveying information over multi-
ple consecutive utterances or sending one long mes-
sage. To simulate split utterance perturbation, we
divide a randomly sampled utterance into consec-
utive utterances by splitting it at every five words.
Conversely, to simulate combined utterance per-
turbation, we identify sequences of consecutive
utterances from a single participant in a dialogue
and concatenate them. We combine consecutive ut-
terances from only one participant at a time. Each
perturbation is applied individually to a dialogue.
Both these perturbations allow us to examine long
bias (the model’s preference to include a long utter-
ance over shorter utterances, even when multiple
short utterances include salient information).

3.3 Quality evaluation of perturbed dialogues

We conduct a human validation of the perturbed
dialogues. The goal of this evaluation is to ensure
that our perturbations do not alter the dialogue’s
meaning or introduce new information, thereby
validating the quality of our perturbed test set. We
sample 20 dialogues and their summaries from each
of the three datasets (§5.1) and perturb each dia-
logue with all of the utterance and dialogue-level
perturbations, resulting in a total of 480 dialogues.
Two annotators are asked to determine whether
the reference summary for the original dialogue re-
mains valid for all the perturbed dialogues (see Ap-
pendix A.1 for details on annotation guidelines). In
cases of disagreement, a third annotator breaks the
tie. The annotators marked 97.5% of the perturbed
dialogues as being reasonably summarized by the
summary of the original dialogue, thus validating
the use of proposed perturbations to investigate the
robustness of dialogue summarization models. Our
human evaluation also suggests that our perturba-
tions do not drastically alter the dialogue and the
dialogues remain readable and semantically con-

sistent. Otherwise, for an altered dialogue, the
original summary would have been marked invalid.

4 Quantifying Robustness

For tasks involving text generation, such as di-
alogue summarization, measuring robustness in-
volves determining the relationship between differ-
ent pairs of natural language texts. As a result, the
robustness of generative tasks is less well-defined,
compared to a classification task (Liu et al., 2021)
and can manifest in several ways. We consider
three dimensions for measuring robustness issues
that can arise in dialogue summarization.

Let x denote the original dialogue, yr be the
reference summary of the original dialogue, f be
the summarization model trained on (x, yr) ∼ D,
and f(x) be its prediction over x. Let x′ = x +
δ denote the perturbed dialogue and f(x′) be its
predicted summary.

Consistency A model is consistent (and hence
robust) under a perturbation (δ) if the two sum-
maries, f(x) and f(x′ = x+ δ), are semantically
similar, resulting in minimal change. We quantify
the change in model-generated output as follows,

∆zc =
|SCORE(f(x), f(x))− SCORE(f(x), f(x′))|

SCORE(f(x), f(x))
(1)

further simplified as,

∆zc = 1− SCORE(f(x), f(x′)) (2)

where SCORE is any text similarity metric (e.g.,
BERTScore) that assigns a value of 1 for identical
inputs and 0 for dissimilar inputs. By definition,
∆zc ∈ [0, 1]. Note that consistency is sufficient but
not necessary for robustness: a good summary can
be expressed in diverse ways, which leads to high
robustness but low consistency.

Saliency Assuming that the reference summary
includes the most salient information conveyed
in the input dialogue, we compute the change
in salient information captured by the model-
generated summaries (before and after perturba-
tion) w.r.t the reference summary as follows:

∆zs =
|SCORE(yr, f(x))− SCORE(yr, f(x

′))|
SCORE(yr, f(x))

(3)

where SCORE is any text similarity metric (e.g.,
BERTScore). Since ∆zs measures the normalized
change in similarity scores, ∆zs ∈ [0, 1].



Faithfulness Faithfulness refers to the extent
to which the generated summary is supported by
the content of the input dialogue, thus accurately
reflecting the information without introducing spu-
rious or fabricated details, commonly termed as
hallucinations. We compute the change in faithful-
ness as follows:

∆zf =
|SCORE(x, f(x))− SCORE(x, f(x′))|

SCORE(x, f(x))
(4)

where SCORE is any text-based precision met-
ric measuring the fraction of information in the
summary (f(x)) supported by the input dialogue
(x) (e.g., BERTScore-Precision). Since ∆zf mea-
sures the normalized change in precision scores,
∆zf ∈ [0, 1]. Note that, the second term in the
numerator compares x with f(x′) since we are
interested in measuring the fraction of summary
information supported by the ‘original dialogue.’
Furthermore, since our added perturbations do not
add any new information to the dialogue, x and
x′ would essentially contain the same information.
Clearly, for all three dimensions, the higher the ∆z,
the lower the robustness of the model.

5 Evaluating Robustness

We present our key observations on how various
perturbations impact the model performance.

5.1 Implementation Details

Datasets We consider two task-oriented dia-
logues, TWEETSUMM (Feigenblat et al., 2021) and
TODSum (Zhao et al., 2021), both consisting of
conversations between an agent and a customer.
TODSum comprises dialogues from multiple sub-
domains (restaurants, movies, etc), collected via
crowdsourcing where annotators are tasked to gen-
erate dialogues based on a given scenario. In con-
trast, TWEETSUMM focuses solely on customer sup-
port conversations occurred at Twitter. We also
include SAMSUM (Gliwa et al., 2019), a corpus of
chit-chat dialogues between two or more friends.

Models We analyze the robustness of three Trans-
former based encoder-decoder models for dialogue
summarization, Pegasus-large (568M parame-
ters) (Zhang et al., 2019), BART-large (400M
parameters) (Lewis et al., 2020) and T5-base
(220M parameters) (Raffel et al., 2020a), whose
details are publicly available. All models have

a comparable number of parameters. We fine-
tune each model on the train split of the respec-
tive dataset. We use beam search6 with size 5 to
generate summaries. We also investigate the robust-
ness of instruction-tuned versions of two of these
models, DIAL-BART0 (406M parameters) (Gupta
et al., 2022) and FLAN-T5-large (783M parame-
ters) (Chung et al., 2022), used as zero-shot sum-
marizers, without fine-tuning on the three dialogue
summarization datasets considered in this work.

Metrics We evaluate summaries using
BERTScore (Zhang et al., 2020), which has
been shown to better correlate with human judg-
ment (Fischer et al., 2022). BERTScore calculates
precision, recall, and F1 scores by comparing a
model-generated summary to a reference summary.
We use F1 to compute consistency and saliency,
and precision to compute faithfulness. To
validate observed trends, we additionally evaluate
summaries using ROUGE-L metric (Lin, 2004),
which measures lexical overlap, and SummaC
metric (Laban et al., 2022), which measures
factual consistency. For all the reported results, we
observe similar trends via ROUGE-L and SummaC
(Tables 11,12,13 in Appendix B.4). While we
report results using these metrics, the three
robustness dimensions can be computed using
any evaluation metric. For each reported result,
we use a non-parametric bootstrap (Wasserman,
2004, ch. 8) to infer confidence intervals (CIs). We
utilize 104 bootstrap samples of the dialogues to
report 95% bootstrap CIs via the normal interval
method (Wasserman, 2004, ch. 8.3).

5.2 How robust are fine-tuned models?

Fine-tuned dialogue summarization models are
affected by both utterance and dialogue level
perturbations Table 1 shows the change in con-
sistency, saliency, and faithfulness owing to utter-
ance and dialogue level perturbations on all three
datasets. All three models are equally impacted by
various perturbations. Models trained on TweetSum
and SAMSum are impacted equally by both utterance-
level and dialogue-level perturbations. TODSum
is the least impacted, since this dataset contains
template-based summaries where only entities from
the dialogue are required to be filled. We see a ma-
jor impact on faithfulness, with the highest impact
on the model trained on the TODSum dataset.

6Nucleus sampling omitted to avoid sampling variance.



Dataset Model Utterance Perturbations Dialogue Perturbations
∆zc% ∆zs% ∆zf% ∆zc% ∆zs% ∆zf%

TweetSum
BART 17.48±0.32 13.37±0.68 24.68±1.98 16.77±0.40 10.25±2.04 14.48±1.98
Pegasus 16.73±0.42 17.18±1.04 29.51±5.20 16.67±0.42 11.33±1.97 21.03±5.20
T5 17.89±0.37 14.44±0.82 16.67±2.94 17.02±0.38 11.78±1.35 9.81±2.94

TODSum
BART 7.26±0.24 3.87±0.16 51.71±17.09 5.85±0.24 2.70±0.42 19.07±15.06
Pegasus 5.20±0.21 3.50±0.17 37.85±10.74 3.26±0.17 1.74±0.32 22.92±19.33
T5 7.19±0.26 3.86±0.17 35.25±11.46 5.12±0.23 2.11±0.34 28.13±29.91

SAMSum
BART 13.06±0.36 6.57±0.25 11.39±0.73 22.05±0.52 5.11±0.65 6.62±1.28
Pegasus 14.21±0.39 6.59±0.26 8.21±2.05 20.59±0.54 4.35±0.5 6.74±5.52
T5 13.58±0.36 6.72±0.28 4.08±2.77 21.18±0.49 4.5±0.48 4.78±2.22

Table 1: Robustness scores of fine-tuned models using BERTScore. Higher the score, the lower the robustness.

Impact of utterance perturbations Table 2
shows that these perturbations have a compara-
ble impact (shown averaged over all three models).
Models trained on TODSum exhibit little change in
consistency and saliency, but a significant change
in faithfulness. This is expected since the TODSum
summaries are extractive, following a pre-defined
template, and only require substituting entity infor-
mation extracted from the dialogue. Since the tem-
plate is fixed and the summaries can only change
in entity information before and after perturbation
and w.r.t reference summary, we see a small change
in consistency and saliency. However, we observe
a large change in faithfulness, as this dimension
focuses on the factual correctness of the summary.

Impact of dialogue perturbations: Table 3 re-
ports the impact of dialogue-level perturbations
(averaged over all models) and shows significant
changes for repetition, time delays, greetings, and
split utterances. For instance, when subjected to
repetitions, the models tend to include repeated
utterances in the summary, even if they were pre-
viously deemed unimportant (repetition bias; Fig-
ure 1). Additionally, the models demonstrate a
preference for the first utterance in a dialogue (lead
bias), rendering them susceptible to greetings per-
turbation. This observation aligns with prior find-
ings for news summarization, where sentences at
the beginning of an article are more likely to con-
tain summary-worthy information. Similarly, in
customer-support conversations, the first utterance
frequently addresses the primary issue faced by the
customer. Consequently, models trained on such
datasets exhibit lead bias. Finally, the models pre-
fer lengthy utterances in the summary (long bias),
by being more affected by split perturbations, and
less affected by short utterances combined.

5.3 Effect of model size on robustness

Table 4 shows the change in consistency for models
with different number of parameters: BART-base,

Dimension Dataset Typographical Grammar Language Use

∆zc%
TweetSum 24.65±0.54 23.32±0.87 20.43±0.69
TODSum 9.97±0.30 5.82±0.38 5.73±0.28
SAMSum 16.27±0.36 16.93±0.71 17.78±0.48

∆zs%
TweetSum 16.27±1.93 16.93±2.7 17.78±1.96
TODSum 5.59±1.32 3.12±1.04 2.96±0.89
SAMSum 7.38±2.23 7.44±1.54 7.38±1.13

∆zf%
TweetSum 28.01±6.43 26.13±9.42 19.55±8.14
TODSum 36.73±6.76 25.30±9.81 30.31±8.82
SAMSum 11.17±1.75 9.98±1.83 8.97±1.57

Table 2: Impact of utterance perturbations. Models are
equally impacted by different perturbations.

BART-large, T5-base, and T5-small. The mod-
els are almost equally affected by perturbations,
irrespective of size, suggesting that robustness is-
sues cannot be mitigated by scaling the model size.

5.4 How robust are instruction-tuned models
when used as zero-shot summarizers?

DIAL-BART0 and FLAN-T5-large are instruction-
tuned on multiple tasks, with DIAL-BART0, in
particular, is instruction-tuned on dialog-specific
tasks. However, neither model was trained on the
TweetSum dataset, providing a zero-shot setting
to evaluate their dialogue summarization capabil-
ities. As depicted in Table 5, both DIAL-BART0
(∆zc=30.37% for utterance and 34.30% for dia-
logue) and FLAN-T5 (∆zc=38.23% for utterance
and 44.12% for dialogue) are much more sensitive
to perturbations compared to their fine-tuned coun-
terparts (∆zc=17.36% for utterance and 16.82%
for dialogue, averaged over three models).

In contrast to fine-tuned models, the zero-shot
models are affected more by the dialogue-level
perturbations (∆zc=34.30% for DIAL-BART0 and
∆zc=44.12% for FLAN-T5) than utterance-level
perturbations (∆zc=30.37% for DIAL-BART0 and
∆zc=38.23% for FLAN-T5). Among utterance-level
perturbations, similar to the fine-tuned models,
zero-shot models are also impacted equally by all
perturbations. Among dialogue-level perturbations
as well, similar to the fine-tuned models, zero-shot
models are most impacted by repetitions, greetings
and split utterances (Appendix B.1).



Dimension Dataset Repetitions Time Delays Greetings Closing Remarks Split Combine

∆zc%
TweetSum 18.04±0.59 14.15±0.85 20.01 ±1.34 9.80±1.0 16.71±0.83 6.77±0.36
TODSum 5.96±0.39 4.31±0.4 6.61±0.59 2.02±0.4 4.38±0.36 -
SAMSum 27.32±0.46 22.19±0.67 32.89±0.99 16.29±0.89 11.63±0.59 7.80±0.52

∆zs%
TweetSum 12.49±3.45 10.53±1.47 15.23±5.98 6.03±2.23 11.13±1.45 5.40±1.34
TODSum 3.31±0.98 2.20±0.67 3.48±0.88 1.10±0.66 2.19±1.11 -
SAMSum 10.87±0.23 8.38±0.98 12.63±0.95 6.04±1.14 14.65± 0.96 7.05±1.26

∆zf%
TweetSum 19.34±5.91 15.81±1.2 18.31±9.23 6.99±8.28 15.11±7.47 8.65±1.42
TODSum 64.74±6.67 22.74±1.66 50.98±9.51 10.52±9.89 23.37±8.23 -
SAMSum 17.99±8.91 12.76±2.44 21.25±0.91 10.28±0.95 16.05±5.91 10.21±1.91

Table 3: Robustness to dialogue perturbations. Models are most susceptible to repetitions and time delays (repetition
bias), greetings (lead bias), and split utterances (long bias). TODSum dataset has no consecutive utterances from the
same speaker, thus we do not perform combine utterance perturbation on this dataset.

We additionally consider a recent instruction-
tuned large language model, Llama-2-70B, with
only publicly available weights. This model is also
significantly larger (70B) than the other models
(<0.9B). Our results show high sensitivity to per-
turbations for this model (∆zc=47.10% for utter-
ance and ∆zc=54.53% for dialogue perturbations),
though we leave detailed human evaluation of the
outputs of this model for future work.

5.5 Validity of findings with human evaluation

We conduct another human evaluation to con-
firm the trends observed with automatic similar-
ity metrics. Specifically, we collect similarity
scores between summary pairs using human an-
notations instead of automated similarity metrics
(e.g., BERTScore). The goal is to ensure that ro-
bustness trends observed with automated metrics
are similar to those from human evaluation.

We use the consistency dimension for this eval-
uation for two main reasons: 1) Empirically, the
three robustness dimensions exhibit a strong cor-
relation (Table 10). Thus, using any of the three
dimensions would suffice for human evaluation,
and (2) Among the three dimensions, consistency
is easiest to use for human evaluation since it only
requires the comparison of two summaries.

We collected annotations via the Appen platform
(https://appen.com/), asking annotators to com-
pare summaries of the perturbed and unperturbed
dialogue, ranking their similarity on a Likert scale
of 1 (dissimilar) to 4 (identical or paraphrases). To
collect annotations, we used the same set of 20 dia-
logues as in §3.3 from the TweetSum dataset. Each
dialogue was perturbed with one of the eight cate-
gories (utterance- and dialogue-level), yielding 160
summary pairs to be annotated.

We collected 3 annotations per summary pair,
totaling 480 annotations; after filtering out noisy
annotations, we conducted our analysis on the re-

Figure 2: Comparison of consistency scores obtained
via human annotations of similarity and the automatic
metric on the TweetSum dataset. While the absolute
values of ∆zc differ, the relative impact of different
perturbations on the model is similar.

maining 314 examples (Appendix A.3 provides an-
notation procedure and guidelines). We aggregate
annotations using majority voting to get similar-
ity scores. To compute consistency scores (equa-
tion 1), we map the Likert scale to continuous nu-
meric scores from 0 to 1. We compute mean scores
across all pairs for a given dataset and perturbation.

As shown in Figure 2, we observe similar trends,
with models exhibiting repetition, long, and lead
biases, and that models are affected nearly equally
by all utterance perturbations. While the absolute
values of ∆zc differ between calculations using au-
tomatic metrics and human annotations, the relative
impact of different perturbations on the model is
similar. For instance, combined utterances and clos-
ing remarks have the least impact than repetition,
greetings, and split utterance perturbations.7

5.6 Relationship among dimensions
While theoretically, three dimensions (§4) measure
different aspects of robustness, empirically they ex-
hibit a strong correlation of > 84% across datasets
and models (details in Table 10 in Appendix).

7Except time delays, owing to noise in human annotations.

https://appen.com/


Model Parameters Utterance Perturbations Dialogue Perturbations
∆zc% ∆zs% ∆zf% ∆zc% ∆zs% ∆zf%

BART-large 440 17.48 ±0.33 13.37±0.68 24.68±0.85 16.77±0.40 10.25±2.01 14.48±1.98
BART-base 140 18.2 ±0.30 16.42±0.58 25.78±0.89 18.2±0.30 13.28±1.84 15.6±2.29
T5-base 220 17.89 ±0.37 14.44±0.82 16.67±2.94 17.02±0.38 11.78±1.35 9.81±2.94
T5-small 60 19.15 ±0.32 14.18±0.53 25.31±2.16 19.15±0.32 8.03±2.72 18.64±5.69

Table 4: Evaluating robustness of different sized fine-tuned models on the TweetSum dataset.

Utterance Perturbations Dialogue PerturbationsModel
∆zc% ∆zs% ∆zf% ∆zc% ∆zs% ∆zf%

DIAL-BART0 30.37±0.39 21.80±3.54 37.09±2.57 34.30±0.44 26.44±8.31 47.13±7.51
FLAN-T5 38.23±0.57 41.36±9.10 46.80±14.53 44.12±0.71 39.89±9.09 48.23±11.44
LLAMA-2-70B 47.10±0.17 35.16±0.01 33.19±0.09 54.53±0.48 33.59±0.03 31.69±0.02

Table 5: Robustness of zero-shot summarizers on the TweetSum dataset.

This observation can be conceptually explained
to some extent. For instance, high saliency implies
high consistency: if summaries before and after per-
turbation are similar to the reference summary, they
will be similar to each other, leading to low ∆zs
and thus low ∆zc. Similarly, high saliency implies
high faithfulness: if the model-generated summary
is similar to the reference summary, it will also be
factually consistent with the input dialogue, lead-
ing to low ∆zs and thus low ∆zf . However, if
∆zs is large, the model could remain faithful un-
der perturbation (small ∆zf ): summaries can be
different from the reference summary yet consis-
tent with the input dialogue. Thus, conceptually,
the relation can be explained in only one direction,
but empirically the dimensions are highly corre-
lated. Nevertheless, our findings are insightful in
their own right, suggesting that the high correlation
among all dimensions could be valuable for future
robustness studies. For instance, the consistency
or faithfulness dimension can serve as reference-
free measures of robustness. Consistency is also
the easiest to use for human evaluation, as it only
requires comparing two summaries.

6 Improving Robustness

One solution to address robustness issues could be
to employ reverse heuristics to remove perturba-
tions from dialogues. However, not all perturba-
tions can be easily discovered and removed. For
example, in repetition or time delay perturbations,
the repeated utterance may include less information
or be paraphrased compared to the original. While
greetings and closing remarks might be simpler
to remove, we include these perturbations as they
offer a systematic approach to investigating model
behavior, such as potential lead and recency biases.

Another potential solution to address robustness
issues can be to use recent large language models to

pre-process dialogues by removing errors and rep-
etitions. However, this approach suffers from two
challenges: (1) During deployment, additional pre-
processing could increase latency, and (2) language
models may hallucinate content, posing the risk of
introducing factual errors in the input dialogue.

Finally, we examine if training with perturba-
tions can help to mitigate robustness issues. We
fine-tune BART on the training data augmented with
perturbations and re-evaluate its performance. We
create multiple training datasets, each modified by
a specific kind of perturbation (typographical errors
and language use variations for utterance level; rep-
etitions, split utterances, and greetings for dialogue
level), using TweetSum’s training split. These mod-
ified datasets, with 5-50% of dialogues perturbed,
are used to fine-tune BART, which we then test on a
similarly altered TweetSum’s test split.8 We hypoth-
esize that training with more perturbed dialogues
will initially improve performance until a threshold,
after which overfitting may reduce effectiveness.

Figure 3 shows the change in model consistency
when fine-tuned with perturbations. The lower the
change in consistency, the higher the model robust-
ness to the perturbations. One takeaway is that
different perturbations necessitate varying amounts
of perturbed examples in the training set to achieve
maximum performance gain. For example, typo-
graphical errors and language use variations yield
the largest drop in ∆zc when approximately 40%
and 45% of the dialogues are perturbed during train-
ing. In contrast, dialogue-level perturbations re-
quire significantly less perturbed data during train-
ing, with approximately 30% split-utterances, 15%
greetings, and only 5% repetitions being sufficient.
Overall, the results demonstrate that fine-tuning

8We experimented with training and evaluating a single
model on data with all perturbations. However, since different
perturbations can have varied impacts on model performance,
we found perturbation-wise analysis more interpretable.
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Figure 3: Impact of fine-tuning with perturbations.

with perturbed data does not yield consistent per-
formance improvements, warranting more detailed
exploration as part of future work.

7 Conclusion

We investigate the impact of naturally occurring
variations on state-of-the-art dialogue summariza-
tion models using three publicly available datasets.
To simulate variations, we introduce utterance-level
and dialogue-level perturbations. We conduct our
analysis using three dimensions of robustness: con-
sistency, saliency, and faithfulness, which capture
different aspects of the summarization model’s per-
formance. Our results show that both fine-tuned
and instruction-tuned models are affected by pertur-
bations, with instruction-tuned models being more
susceptible, particularly to dialogue-level perturba-
tions, spurring the need for future research.

8 Limitations

We list some of the limitations of our study which
researchers and practitioners would hopefully ben-
efit from when interpreting our analysis. 1) Our
analysis uses automatic metrics to measure seman-
tic similarity. Established metrics such BERTScore
are imperfect (Deutsch et al., 2022). However, they
are widely used in the summarization literature,
and also correlate with human judgements of sum-
mary quality, and thus are useful for comparing
system-level performance. To validate our findings,
we also conduct a human evaluation to better under-
stand trends observed due to various perturbations.
The investigation of better-automated metrics for
natural language generation is an active field of re-
search, and we hope to integrate novel performance
metrics in future work. (2) While our perturbations
are motivated by real-life scenarios, they are still
synthetic in nature. However, we take care wher-

ever possible to avoid unrealistic changes to the di-
alogues. (3) Our study limits to only open-sourced
models and does not investigate the robustness of
proprietary LLMs (e.g., ChatGPT), which may be
more robust. We decided to limit our study to open-
sourced models as it allows us to carefully control
what is in the training data, which is not possible
with proprietary LLMs and the possibility of data
contamination also makes it hard to draw conclu-
sions. (4) Our study mainly focuses on text-based
dialogue summarization datasets and does not in-
clude spoken conversations, which would bring in
very different and diverse nuances of spoken con-
versations compared to text-based conversations,
and is currently out of the scope of this paper. (5)
Our study proposes one possible method to mea-
sure robustness, and we acknowledge that there
can be many other viable ways to quantify robust-
ness. However, quantifying the robustness of tasks
involving text generation (e.g., summarization) is
an active area of research (Wang et al., 2022) and
we hope our work will spur further investigation
as part of future work. (6) We did not investigate
the robustness of models under both utterance and
dialogue level perturbations occurring together in
a single dialogue, as that would result in a large
number of possible combinations to consider. We
leave this for future work.

9 Ethics Statement
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A Appendix

A.1 Details of annotation guidelines for
quality validation of perturbed examples
(§5.2)

For annotation collection, we only allowed anno-
tators proficient in English from a small group of
the most experienced annotators adjudicated by the
Appen platform; from any country. We also used
hidden test questions for quality control and re-
quired annotators to maintain at least 80% accuracy
throughout the job on these hidden test questions.
These test questions are pre-labeled and are used
before and during the task to quiz the annotator. We
selected 15 test questions from the validation split
of each dataset ensuring that these questions do not
overlap with questions seen by the annotators for
the actual annotation task. Figure 4 shows the an-
notation guidelines and Figure 5 shows examples
provided for this task.

Figure 4: Annotation guidelines for quality validation
of perturbed dialogue-summary pairs.

Figure 5: Examples provided as part of annotation
guidelines for quality validation of perturbed dialogue-
summary pairs

A.2 Examples of Perturbations
Table 6 provides examples of each perturbation
studied in this work.

A.3 Details of annotation guidelines for the
validity of trends (§5.6)

Quality Control: For this task, as well we only
allowed annotators proficient in English from a
small group of the most experienced annotators
adjudicated by the Appen platform; from any coun-
try. We also used hidden test questions for quality
control and required annotators to maintain at least
80% accuracy throughout the job on these hidden
test questions. Figure 6 shows the annotation guide-
lines, and Figure 7 shows examples provided for
this task.

Number of annotations: In the main task, each
annotator was shown 5 examples per page with one
hidden test example. For each example, we col-
lected three annotations. In cases where there was
no agreement among the initial three annotations,
we obtained additional annotations. A maximum
of five annotations was considered.

Noise Filtering: Before computing consistency
scores, we took several steps to filter out noisy an-
notations. The Appen platform estimates the trust
score for each worker (by calculating accuracy on
hidden test examples) and also marks examples
as tainted if it is annotated by an annotator whose
accuracy score has fallen below the minimum accu-
racy threshold. To retain only the highest quality an-
notations, we remove annotations that were marked
as tainted and only keep annotations from workers
whose trust score is 100%. On qualitatively exam-
ining the annotations we also found cases where
the two summaries were word-by-word the same,
yet the annotator did not give a rating of 4 (highly
similar or exact match). Since this is a case of ob-
vious noise, we remove such cases. If an example
has less than 3 annotations left after the filtering
step, we drop the example. After this filtering, we
finally use 314 annotations to conduct our analysis.

B Targeted dialogue perturbations to
investigate the repetition bias

To delve deeper into the repetition bias observed in
the models, we conducted targeted perturbations,
where we repeat utterances based on whether the in-
formation conveyed in those utterances was consid-
ered important by the reference summary. Specif-
ically, we identify utterances that are highly rele-
vant and least relevant to the reference summary.
To measure relevance, we compute semantic simi-



Perturbation Type Perturbation Category Perturbation Name Examples

Utterance Level

Typographical Errors

remove punctuation great!→ great
remove/add whitespace Customer → Custo mer
change letter casing action→ actIon
common substitutions expansions n’t → not
common substitutions contractions I am → I’m

Grammatical Errors dropping determiners a, the, an
subject-verb disagreements She likes apples. → She like apples.

Spoken Language Errors

homophone swaps their → there

filler words and disfluencies

uhm, uh, erm, ah, er, err,
actually, like, you know
I think/believe/mean, I would say
maybe, perhaps, probably, possibly,
most likely

Dialogue Level

Repetitions N/A ‘Sorry, I couldn’t hear you, can you repeat?’

Time Delays N/A
‘Just give me a few minutes..’
‘sure’, ‘yup!’
‘Thanks for waiting.’

Greeting and closing remarks

greeting (Customer Support) ‘Hi! I am your customer support assistant. How may I help you today?’
greeting (friends) ‘Hi!’ or ‘Hey there!’

closing (Customer Support) ‘Thank you for contacting us. Have a nice day!’
closing (friends) ‘Cool, talk to you later!’, ‘Bye.’

Table 6: Examples of each perturbation

Figure 6: Annotation guidelines for the validity of
trends; to collect similarity annotations for pair of sum-
maries.

larity9 between each utterance and each sentence
in the reference summary. For each summary sen-
tence, we then determine the most (least) relevant
utterance by selecting the one with the highest (low-
est) similarity with the summary sentence. When
perturbing the most relevant utterance, we perturb
the utterances that were identified as relevant to
at least one summary sentence. When perturbing
the least relevant utterance, we perturb the utter-
ances that were identified as least relevant to all the
summary sentences.

As shown in Table 7, we observe that the model
exhibits the highest change in saliency scores when
we perturb the least relevant utterance, which fur-
ther demonstrates the model’s tendency to consider
repeated information as important, even though it
was not considered important as per the reference
summary. In contrast, repetition of the most rele-
vant utterance shows the least change in the scores,
since the model already focuses on the most rele-

9using sentence transformers (Reimers and Gurevych,
2019)

Dataset Model Repeated Utterance
Most Relevant Least Relevant Random

TweetSum
BART 12.40 14.53 14.46
Pegasus 13.49 16.68 14.22
T5 9.26 11.46 10.84

TODSum
BART 1.94 4.32 3.52
Pegasus 2.05 2.05 2.92
T5 1.85 3.66 3.50

Table 7: Saliency scores of fine-tuned models with tar-
geted perturbations. Perturbing the least relevant utter-
ance results in the highest change in saliency, suggesting
that the model exhibits repetition bias.

Model Perturbations

repetitions time
delays greetings closing

remarks
split

utterances
combined
utterances

DIAL-BART0 35.30 31.15 35.02 23.07 35.10 18.31
FLAN-T5 45.65 32.88 60.10 48.11 41.45 20.34

Table 8: Change in consistency scores due to dialouge-
level perturbations on instruction-tuned models when
used as zero-shot summarizers. Models are more af-
fected due to repetitions, time-delays, greetings, and
split utterances compared to closing remarks and com-
bined utterances.

vant information before perturbation and after re-
peating that utterance, it still remains important to
be included in the summary.

B.1 Perturbation-wise impact on zero-shot
models

Table 8 and Table 9.

Model Perturbation
typographical grammar language_use speech_recognition

DIAL-BART0 33.74 32.26 27.53 30.33
FLAN-T5 42.60 48.03 39.75 33.86

Table 9: Change in consistency scores due to utterance-
level perturbations on instruction-tuned models when
used as zero-shot summarizers. Models are equally
affected due to all perturbations.



Figure 7: Examples provided as part of annotation guidelines to collect similarity annotations for pair of summaries.

Figure 8: Consistency scores for spelling error perturba-
tion, when varying the percentage of words perturbed
per utterance. We perturb all utterances in a dialogue.
A perturbation rate of 20% also causes a considerable
drop in model performance.

B.2 Sensitivity to perturbation rate

See Figure 8 and Figure 9.

B.3 Correlation analysis

Table 10 shows the Pearson correlations between
pairs of dimensions on the three datasets.

Dataset Model Pair of dimensions
(∆zc , ∆zs) (∆zc , ∆zf ) (∆zf , ∆zs)

TweetSum
BART 0.89 0.91 0.85
T5 0.94 0.93 0.89
Pegasus 0.86 0.85 0.84

SAMSum
BART 0.96 0.96 0.95
T5 0.96 0.81 0.94
Pegasus 0.96 0.81 0.91

TODSum
BART 0.99 0.65 0.61
T5 0.98 0.50 0.51
Pegasus 0.99 0.70 0.69

Table 10: Pearson correlations between pairs of dimen-
sions on all three datasets.

Figure 9: Consistency scores for spelling error perturba-
tion, when varying the percentage of words perturbed
per utterance. We also vary the number of utterances
being perturbed. Perturbing more than 30% utterances
also causes a considerable drop in model performance.

B.4 Analysis using ROUGE-L and SummaC
metrics

Table 11, Table 12, and Table 13 shows results
using ROUGE-L and SummaC metrics.



Model Utterance Perturbations Dialogue Perturbations
Consistency Saliency Faithfulness Consistency Saliency Faithfulness

BART Large 14.00±0.22 10.91±0.01 9.18±0.01 14.37±0.37 10.37±0.01 8.97±0.01
BART Base 14.18±0.29 10.65±0.01 9.60±0.01 15.40±0.31 9.74±0.01 9.04±0.09
Pegasus 13.50±0.46 13.24±0.01 11.29±0.02 14.78±0.39 12.14±0.02 9.80±0.01
T5 Base 14.72±0.36 13.43±0.01 11.01±0.01 13.88±0.42 12.27±0.02 9.79±0.01
T5 Small 14.66±0.33 14.40±0.01 10.11±0.01 15.75±0.31 10.99±0.01 8.72±0.08
DIAL-BART0 29.72±0.36 22.70±0.01 20.53±0.01 34.09±0.30 26.3±0.02 23.29±0.01
FLAN-T5 34.06±0.55 34.63±0.01 36.67±0.02 39.84±0.53 36.98±0.03 40.82±0.06
LLAMA-2 47.1±0.17 35.16±0.01 33.19±0.09 54.53±0.48 33.59±0.03 31.69±0.02

Table 11: Results on TweetSum using ROUGE-L

Model Utterance Perturbations Dialogue Perturbations
Consistency Saliency Faithfulness Consistency Saliency Faithfulness

BART Large 19.18±0.35 6.66±0.01 3.37±0.01 20.85±0.60 7.70±0.02 2.11±0.01
BART Base 19.35±0.41 6.67±0.01 4.23±0.02 21.08±0.47 5.34±0.02 3.07±0.01
Pegasus 19.67±0.50 8.33±0.02 3.75±0.01 21.70±0.53 7.43±0.03 3.67±0.03
T5 Base 19.20±0.50 7.81±0.03 3.87±0.03 21.40±0.58 7.76±0.04 3.44±0.01
T5 Small 20.77±0.55 8.44±0.06 3.69±0.01 21.17±0.63 5.93±0.01 2.38±0.04
DIAL-BART0 43.05±0.52 12.8±0.03 4.55±0.01 51.75±0.47 16.05±0.02 6.32±0.03
FLAN-T5 39.54±0.64 14.96±0.00 5.95±0.01 45.93±0.65 15.35±0.04 7.72±0.02
LLAMA-2 45.05±0.44 20.51±0.04 18.06±0.02 56.32±0.43 20.58±0.11 12.79±0.06

Table 12: Results on TweetSum using SummaC

Dimension Repetitions Time Delays Greetings Conclusion Split Utterances Combine Utterances
Consistency 31.03±0.52 25.73 ±0.77 36.89±1.07 18.17±0.95 13.34±0.75 8.7±0.62
Saliency 12.16±0.66 9.64±0.97 16.72±2.36 5.62±0.73 11.63±1.05 6.62±0.77
Faithfulness 10.17±0.45 7.54±0.58 10.84±0.93 5.3±0.69 8.96±0.6 5.33±0.49

Table 13: Impact of Dialouge Perturbations on TweetSum using ROUGE-L
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