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1 Introduction

Out of all possible mental states that a human can ascribe to oneself or to others (Premack and
Woodruff, 1978), a human may often need to deduce the belief state of another human by using
persuasive techniques. Humans tend to use a unique set of characteristic behaviors or strategies,
verbal and non-verbal, in social interactions when they want to lie to, hide the truth from, or
persuade someone to believe their statements or to engage in some behavior. These strategies
have the potential desired effect of instilling new or changing previously held beliefs of the
intended audience, hence affecting their belief state (Lonigro et al., 2017). However, the verbal
and non-verbal cues for such persuasion strategies are arguably more implicit than for other social
phenomena. Moreover, data for the use of persuasion strategies in real-world social interactions
is not readily available because such strategies are usually utilized in private or intentionally
covert social interactions. These issues make it difficult to collect reliable conversational data
from realistic social interactions in open-ended, uncontrolled domains for the study of persuasion.
Hence, the need arises for designing automated social deduction systems with the capability of
recognizing the use of persuasion strategies in human social interactions and inferring the belief
state of the target audience. Such systems can accelerate the study and detection of the social
dynamics of persuasion and collaborative decision-making processes in realistic conversations.

Inspired by previous works like (Peskov et al., 2020) that focuses on the study of deception
in Diplomacy, the aforementioned problems encourage us to turn toward conversations in
multiplayer social deduction games like One Night Ultimate Werewolf, where the overarching
self-serving motive of every player is to win the board game by any means which are within
the scope of the game rules that call for them to employ deceptive and persuasive tactics. We
can reliably collect realistic, rich dialog data from conversations in such game-based domains
so that we can conduct an effective computational study of linguistic persuasion strategies
without privacy concerns, that can be applicable to other domains characterized by persuasion
in social interactions. Peskov et al. (2020) present a self-annotated dataset that does not allow
for identification of specific linguistic strategies of deception beyond the detection of lies and
their dataset is collected from a constrained environment where players play an online version
of Deception with each other. In contrast, Chawla et al. (2021a) investigate identifying specific
negotiation strategies in dialogues between pairs of participants acting as campsite neighbors
negotiating with each other for additional camp resources, but their corpus consists of more
artificial dialogues collected from a more heavily constrained online environment with an
imagined scenario and set of items as the basis for negotiations. Most such previous works
studying persuasion, deception or negotiation strategies capitalize solely on linguistic verbal
cues in text. However, the multimodal nature of social interactions warrants also analyzing
non-verbal cues like gestures in the visual modality for a more comprehensive study of such
social phenomena. Furthermore, the indirectly observable belief states of participants are not



captured in datasets for most related previous works.

Therefore, to fuel reliable computational studies of the language of persuasion, we introduce a
large, rich corpus of videos and conversation transcriptions of recorded in-house playthroughs
of the role-based social deduction board game One Night Ultimate Werewolf among familiar
players mostly consisting of close friends and family members who engage in naturalistic social
interactions and behaviors without any inhibitions. This dataset is presented with annotations of
identified strategies for every utterance by a speaker that exhibits the annotated strategies from a
taxonomy of predefined 6 persuasion strategies commonly used in social deduction games. The
dataset is also annotated with annotations of the final voting decision of every player in every
game playthrough, that serve to model the belief state of every player, along with annotations of
the players’ actual game-based roles.

As a step towards the realization of aforementioned practical automated social deduction
systems, we will present two primary prediction tasks for the study of persuasion in social
deduction games, as well as baseline models and results for the same. Our first primary task is
the task of predicting the possible persuasion strategies exhibited in an utterance by a player,
based on the text of the utterance and immediately previous conversational context of varying
lengths. A key subtask of this task incorporates multimodal (linguistic and visual) cues for
strategy prediction, requiring additional input in the form of the corresponding extracted video
frames spanning the duration of the utterance. Our second primary task is that of predicting
the belief state of every player at the end of a game playthrough in the form of predicting their
final voting decision, based on players’ dialogues, their game roles, and the persuasion strategies
employed by every player in every utterance.

2 Related Work

Chawla et al. (2021a) present CaSiNo, a rich corpus of negotiation dialogues between pairs of
participants acting as campsite neighbors negotiating for additional camping resources. They
also present a multi-task model architecture based on a common BERT-base encoder for the
task of prediction of 9 possible negotiation strategies in such dialogues. The language used for
negotiation has a lot of similar linguistic aspects and styles to the language used for persuasion,
albeit the striking difference between negotiation and persuasion is the motivation and the
possible outcomes, that is further delineated in the differing contexts of campsite negotiations
and conversations in social deduction games. So we use a similar annotation schema as in this
work, with 6 identified persuasion strategies specific to persuasive tactics commonly used in
such social deduction games. Data for CaSiNo is collected from a constrained environment
based on a digital chat interface for an imagined campsite negotiation scenario, and Chawla
et al. (2021a) recognize that this does not promote a reliable study of free-form, open-ended
negotiation dialogues that truly resemble realistic scenarios. On the other hand, our data is
collected from natural conversations in social deduction games amongst friends and family,
where the rules of the game naturally incentivize players to employ strategies of persuasion
in their language as a means to win the game, without any reservations. Similarly to CaSiNo,
a large majority of utterances in our dataset are annotated with a "No Strategy" label. So we
propose an adaptation of the BERT-based multi-task learning framework as presented in this
work, which allows for parameter sharing in order to address the problem of high asymmetry in
our dataset.

Peskov et al. (2020) present a dataset of dialogues for the study of deception in language,
collected from players playing an online version of Diplomacy, a social deduction board game
of strategic conquest of territories by countries based on "diplomatic phases" often marked by
persuasive or deceptive language. This work presents a model trained on this dataset for learning



to detect lies and what can be perceived as lies in such dialogues in Diplomacy. Although
lying is a key characteristic in deceptive language, the dataset does not allow for the study of
the more nuanced strategies and tactics that characterize the language of deception, like the
negotiation strategies identified by Chawla et al. (2021a) or the persuasion strategies we identify
for our strategy prediction task for similar social deduction games including One Night Ultimate
Werewolf. According to Peskov et al. (2020), previous work identifies that it is a difficult and
intractable task to collect data from the use of deception in language in real-world scenarios
where deception is used much more discreetly for obvious reasons, rather than in short-term
artificial contexts like games. This attests to the capability of games to be used as powerful
test-beds to further Al research on social phenomena that are too covert in real-world scenarios
to collect ample and reliable data from.

Fornaciari et al. (2021) present methods of incorporating conversational context information
for detecting deception in Italian criminal proceedings with the help of language models, and
an elaborate evaluation of their results with respect to the added value of BERT-based models
and contextual information. Based on their results, Fornaciari et al. (2021) hypothesize that the
best approach to fully leverage contextual information for similar prediction tasks with models
based on pre-trained models like BERT is to combine such models with attention mechanisms
to pinpoint the stylometric cues that characterize such strategies. This further validates our
proposal to use the BERT-based models for our strategy prediction task. Peskov et al. (2020)
hypothesize that the lack of observed performance improvement on account of the BERT encoder
in their results can be attributed to their Diplomacy dialogue dataset being too small. However,
Fornaciari et al. (2021) provide an alternate hypothesis based on their contrasting promising
results with BERT-based models that the Diplomacy dialogues collected by Peskov et al. (2020)
from an online version cover a narrow and restricted range of topics diminishing the possibility
of leveraging BERT’s broad knowledge for additional value. This exposes a potential limitation
of using BERT-based models for our dataset for similar social deduction games where topics of
conversation are likely to be less varied and more game-specific, albeit the major Ego4D subset
of our dialogue data was collected by Grauman et al. (2022) from traditional game-night settings
accompanied by spontaneous and naturalistic social behaviors.

Chawla et al. (2020) present a novel task of predicting negotiation outcomes with respect to
the most likely final agreed price, based on a fraction of buyer-seller negotiation dialogues and
task-specific features like product category, the buyer’s target price. They propose a relatively
straightforward approach to addressing the problem of intractability of training pre-trained
language models like BERT on data with linguistic and non-linguistic task-specific features
in the embedding space, by concatenating via a separator token all dialogue utterances with
a “scenario” of multiple sentences of a predefined structure representing all the non-linguistic
task-specific features to form the input for BERT. While our task entails a much more complex
representation for the non-linguistic input with embeddings for multiple players, their true
game-based identities and sequences of persuasion strategies, this serves as a good foundation to
build the input for BERT for our task of predicting the voting decision for every player, with
modifications to account for the increased complexity of our feature representation. This work
also presents an interesting probing technique with a simple neural network to predict language
features on both the buyer’s and the seller’s side that mainly contributed to the final agreed price
prediction by the fine-tuned BERT model, using classifier tokens before and after training the
model for the task. We can apply this technique for our social deduction task as well to predict
not only the language features but also the persuasion strategies on both the voter’s and the
predicted voted player’s sides that mainly contribute to the voting decision prediction.

Chen and Yang (2021a) present a taxonomy of very generalizable persuasion strategies and



a large multi-domain text corpus of dialogues along with strategy annotations, spanning three
domains. While the presented generic taxonomy applicable to multiple contexts and domains
sets this work apart from previous related studies on persuasive language and our work, our goal
of understanding persuasive language is specific to the domain of social deduction game settings
among close acquaintances, where broad persuasion strategies in the presented taxonomy like
"Politeness" and "Scarcity" are much less likely to be employed. On the other hand, the more
frequent outright accusations and the claims of players’ own identities due to the emphasis on
deducing hidden game-based identities of players in this domain warrant incorporating more
specific persuasion strategies in our taxonomy like "Accusation" and "Identity Declaration" for
our task objective. Nonetheless, the other strategies in the taxonomy presented by Chen and
Yang (2021a) most notably serve as an inspiration for a handful of the identified persuasion
strategies in our taxonomy, especially "Evidence" and "Call for Action".

Girlea et al. (2016) present a task of deception detection in One Night Ultimate Werewolf - one
of the two social deduction games represented in our dataset - by predicting which players possess
the game-based role of the werewolf. Girlea et al. (2016) present simple approaches of basic
machine learning algorithms that do not involve any neural architectures or language models,
like logistic regression, SVM and decision trees, based on 19 handcrafted psycho-linguistic
features extracted from every player’s utterances in the entire game, relating to stylometric
features characterizing deceptive language based on previous literature. The presented task
of werewolf role prediction entails similar inputs and feature representations as our social
deduction task of predicting vote outcomes, although we incorporate utterances in their raw
form instead of handcrafted linguistic features in addition to non-linguistic features of players’
roles, positional embeddings, and the persuasion strategies they used throughout the game as our
input to a complex BERT-based language model. Regardless, the results achieved by Girlea et al.
(2016) are very promising given the simplicity of their approaches, which give good grounds for
expecting that our BERT-based language models would perform even better, with a potential
information gain in our more complex and arguably more cohesive input feature representations
compared to handcrafted features.

Grauman et al. (2022) present Ego4D, a massive high-quality egocentric video dataset of
hundreds of scenarios and activities spanning multiple domains. One of the two major sources of
our original social deduction game video dataset to fuel our tasks is the subset of Ego4D collected
by Georgia Tech of egocentric (first-person view) videos of friends and family members playing
social deduction games of One Night Ultimate Werewolf or The Resistance: Avalon with each
other and partaking in eating and drinking behaviors in their own homes in traditional game-night
settings. As pointed out by Grauman et al. (2022), the realistic game-night setting promoted
more free-flowing conversations and social behaviors richly captured in both the visual modality
from the first-person perspective of every player and the auditory modalities, inclusive of realistic
verbal and non-verbal, visual cues of social phenomena. Thus, the Ego4D subset allows us to
obtain very rich textual transcriptions of realistic and free-flowing conversations in playthroughs
of social deduction games for the study of social phenomena, setting our dataset of game
dialogues sourced from Ego4D for the study of persuasion apart from other dialogue datasets
for the study of similar social phenomena, like the CaSiNo corpus collected by Chawla et al.
(2021a) or the Diplomacy game dialogue dataset collected by Peskov et al. (2020). Furthermore,
with access to the rich visual modalities in high quality from the first-person perspective of
every player, we take advantage of the egocentric video features for our sub-task of the strategy
prediction task, aimed at using a multimodal approach for more accurate prediction of persuasion
strategies by incorporating the potential information gain from non-verbal cues, on top of the
utterance-level verbal cues.



Ta et al. (2022) present a collected dataset of message threads from the »/ChangeMyView
subreddit, an online public forum for Reddit users to initiate debates with each other to try
and change each others’ views, and the tasks of identifying the handcrafted linguistic features
with the most influence on the perceived persuasiveness of such messages. An interesting
argument provided by Ta et al. (2022) is that their self-annotated dataset serves as a more
effective and reliable dataset for the study of linguistic persuasion because persuasiveness in
r/ChangeMyView is evaluated in terms of completely changing another’s beliefs from their
previous held beliefs, rather than simply coercing another to engage in a specific behavior or
change their behavior without necessarily challenging their inherent beliefs. Changing one’s
usually previously long-standing beliefs is highlighted as a more effective and reliable metric of
persuasiveness because it entails a more sophisticated and calculated use of persuasion strategies,
supported by previous literature. This sets their dataset apart from other similar datasets like
the multi-domain dataset in (Chen and Yang, 2021a) or the CaSiNo corpus in (Chawla et al.,
2021a) involving domains where linguistic persuasion or negotiation strategies are used in the
context of convincing others to engage in more surface-level behaviors like making or borrowing
loans, or lowering personal stakes in a negotiation. Our dataset of dialogues are sourced from
playthroughs of social deduction games where persuasion strategies are used for strengthening
or changing players’ beliefs about the true game-based roles held by players in order to win,
naturally enforced by the rules and the maintenance of a high degree of ambiguity about true
roles of players in a game. Thus, our dataset similarly promotes a reliable study of most effective
persuasion strategies of changing one’s beliefs.

Pérez-Rosas et al. (2015) present one of the first few works on multimodal detection of
deception in realistic scenarios in the textual, verbal and visual, non-verbal modalities. Pérez-
Rosas et al. (2015) implement three types of handcrafted verbal features. Engineering and
extracting such handcrafted linguistic features from transcripts provides a focused yet trimmed
linguistic feature representation that mollifies the need for excessive training data for simple
classifiers like the ones proposed here to learn relatively quickly from. Neural architectures like
the ones that we propose, require more training data to learn linguistic features of deception
from transcripts in their raw form without any feature engineering, but can capture and learn
from the more subtle and complex linguistic cues of deception from utterance-level data that
cannot be captured by handcrafted features or learned by the proposed simple models. Pérez-
Rosas et al. (2015) also propose a scheme to manually label video data with handcrafted visual,
non-verbal features of deception including hand gestures and facial expressions in terms of the
most frequently observed cues. This proposed scheme of handcrafted feature engineering for
the visual cues is not only time-consuming and tedious, requiring further annotation work and
overhead costs, but also unreliable because annotators are required to make subjective, estimated
guesses of the most frequent visual cues. For our multimodal strategy prediction subtask, we
do not propose any handcrafted feature engineering techniques for the visual cues, but instead
propose first learning the most relevant visual feature representations with pre-trained video
transformers from clips of video frames in their raw form corresponding to an utterance. During
training with baseline BERT-based models, we propose a simple concatenation of the output
linguistic feature representation from BERT with this learned visual feature representation, which
forms the input for a subsequent fully connected layer.

Morio et al. (2019) present annotations on conversational persuasion data extracted from
the same domain as the dataset in (Ta et al., 2022) - the r/ChangeMyView subreddit - with
combinations of 5 types of identified "elementary units" (EUs) or persuasion strategies. They also
present baseline neural models for a sequence tagging task to identify the employed persuasion
strategies at the sentence-level and the post-level, along with positional information of the



identified strategies. Unlike Ta et al. (2022) for the same /ChangeMyView domain, Morio et al.
(2019) do not advocate for handcrafted feature engineering and instead propose neural models
for directly processing sentences or posts in their raw form to capture more complex feature
representations. Morio et al. (2019) elaborate on their supporting analysis of the positional roles
of EUs as persuasion strategies in themselves at the post-level, indicating with strong evidence
showing that specific persuasion strategies can be strategically used earlier or later in a single
post, affecting the persuasiveness of the post and in turn the likelihood of the post changing
the views of the original poster. This is a valid argument for extending the persuasion strategy
classification task to a sequence tagging task, warranted by the »/ChangeMyView domain where a
greater emphasis is laid on the post-level analysis rather than the sentence-level analysis because
entire posts are marked as having changed the views of the original poster rather than single
sentences. On the other hand, our domain of conversational data in social deduction games, is
composed of a larger number of more granular "utterances" of fewer and shorter sentences in
every game’s dialogue transcript, where positional information of persuasion strategies within
every utterance by a speaker is much less relevant to our task, supporting our decision to consider
a persuasion strategy prediction task only at the utterance-level without any sequence tagging.

Chiu et al. (2021) present multiple experiments with GPT-3, the largest Transformer language
model built by OpenAl, in different settings of zero-, one-, and few-shot learning for one and
both of the sexist and racist categories, for the tasks of detection of hate speech and classification
of identified hate speech as racist or sexist. Chiu et al. (2021) notably observe from their results
that sub-par accuracy and F-1 scores were reported for the tasks using GPT-3 in the zero-shot,
one-shot and single-category few-shot learning settings whereas impressive scores were reported
in the multi-category few-shot learning setting. They attempt to find evidence to explain these
observations by showing that GPT-3 tended to incorrectly classify a number of examples of
online comments with intentionally or unintentionally misspelled words that retain the same
semantic context in the eyes of a human. This leads Chiu et al. (2021) to make the conclusion
that this exposes a potential downside of using GPT-3 in that it fails to recognize more current
patterns that might emerge in the language data, if those patterns were not captured in GPT-3’s
pretrained knowledge base in the time before GPT-3 was pre-trained, with unique trends of
linguistic usage arising very frequently over time, especially in racist and social contexts on
online platforms. Comparatively, our conversational data is manually transcribed from videos,
ensuring no misspellings or typos in the language. Moreover, conversational themes in this
domain are not likely to be focused on more current affairs that can cause GPT-3 to mis-classify
utterances. Therefore, we propose similar approaches for our strategy prediction task, with the
GPT-3 model in zero-shot, one-shot and few-shot settings.

3 Dataset

3.1 Data collection

Our dataset is curated from two major sources of videos that capture complete play-throughs
of social deduction games. In both sets of videos, the games are played by groups of friends
of family members in traditional game-night settings while engaging in naturalistic group
conversations and various social behaviors. To ensure that our dataset can be used for training
models for the game outcome deduction task, all videos in both sets have fully visible game
outcomes.

Egod4D: Our first source is a subset of the publicly released Ego4D Social benchmark dataset,
capturing 7.3 hours of aggregate footage of 40 complete games of One Night Ultimate Werewolf
and 8 games of The Resistance: Avalon. Although the Ego4D dataset features egocentric first-



“During troublemaker? Wait, no no we can “I'm a seer, and | looked in there and |
do this because | was the robber.” “What are you?” forgot what the card was.”
(Interrogation and Identity Declaration) (Interrogation) (Identity Declaration and Evidence)

Vote

Starting Role & Ending Role
(werewolf = seer)
(seer = werewolf)
(troublemaker = robber)
player4 (robber = troublemaker)

“Apparently, he’s troublemaker.” “There's no way | know I'm the “Okay you guys want to vote already.”
(Accusation) werewolf right now.” (Defense) (Call for Action)

Figure 1: Demonstration of the six persuasion strategies included in our dataset and the corresponding
video of a group playthrough of One Night Ultimate Werewolf. This figure also appears in a publication
of this work (Lai et al., 2022).

person videos from the perspective of every player, we leverage only the third-person videos
from this dataset. This ensures that every player is visible in a frame for generating transcripts
and visual experiments. Since the Avalon subset is of a relatively small size, we use Avalon
game data only for the purpose of testing our models’ generalization ability when applied on
data from different kinds of games.

YouTube: We leverage the public YouTube Data API V3 to programmatically scrape the web
for candidate YouTube videos. By making API GET requests from the YouTube Data API V3
(Developers), we collect, filter, and download task-relevant video files for around 400 YouTube
videos of group game play-throughs of One Night Ultimate Werewolf, with search keyboards like
“one night ultimate werewolf” and “ultimate werewolf”. We finally shortlist a dataset comprising
14.8 hours of video footage spanning 151 clips of completed games in similar settings as Ego4D.

3.2 One Night Ultimate Werewolf

Since majority of the video data captured in our dataset are based on playthroughs of One Night
Ultimate Werewolf, it is imperative that we provide a description of the game. In this game,
there are two teams competing with each other- Villagers and Werewolves. Their team roles
are determined by the cards they are dealt. At the start of the game, nobody knows what role
the other players have been dealt with. This status continues for most players and only some
special role players are asked to identify themselves without the others” knowledge. One player
is the ‘Announcer’ and this player calls out the instructions for the others to follow. Upon the
order by the Announcer, all the players close their eyes (this is the ‘night phase’) and depending
on the role they have been assigned, some players are asked by the Announcer to take some
actions in the night phase (eg. the “Robbers” are asked to open their eyes and swap their cards,
the ‘Werewolves’ to look for their fellow werewolves etc.). During the ‘Night Phase,” some
players may have their roles changed without their knowledge, while some special role players
are in the loop. Once the Announcer asks all players to open their eyes, the negotiations and



Ego4D YouTube

Label E 1
abe xampre Count | AUL o Count | AUL a
Identlt?/ T’11 just come 01‘1t and say [ Wa.s a villager, 203 987 | 090 1066 1043 | 087
Declaration so I have no idea what’s going on.”
Accusation “So James might be the werewolf.” 669 11.28 | 0.74 | 2830 11.06 | 0.67
Interrogation “Who did you rob?” 695 7.56 | 0.80 | 3407 7.66 | 0.90

“We shouldn’t vote to not kill anyone.

Call for Action And then there could also be no werewolf” 236 999 | 0.78 | 1163 9.53 | 0.71
“I think that you accused me of
Defense . . . 570 10.04 | 0.62 | 2696 9.75 | 0.80
being a Werewolf very quickly.
“If s h
Evidence you swapped these two, 489 | 1145 | 075 | 1740 | 9.80 | 0.60

he is not the werewolf.”

Table 1: Utterance-level persuasion strategy annotations. AUL refers to the average utterance length
in terms of the number of words in an utterance and « refers to Krippendorff’s alpha. This table also
appears in a publication of this work (Lai et al., 2022).

persuasion strategies come into play. Using our six proposed persuasion tactics, Villagers try to
discover who are the Werewolves, who, in turn, use their negotiation and persuasive skills to
refute accusations by Villagers and try to mislead them so that their true identity remains hidden.
Players are then asked to vote out one other player whom they suspect to be the Werewolf. The
player with the maximum votes is declared ‘dead’ and quits the game. The game ends when at
least one Werewolf player is voted out-this is declared a win for the Villagers. However, if a
Villager is voted out and at least one player is a Werewolf and no Werewolf is voted out/ killed,
then the Werewolf team wins.

3.3 Data Annotation

Dialogue Transcription: Using the automatic transcription service offered by rev.com, we
upload videos and specify names and roles of speakers in every game. In this way, the tool
generates transcripts with every utterance labelled with the speaking player’s name and the
timestamp. Upon visual inspection, annotators carefully align the generated transcripts to the
videos, making corrections where necessary.

Persuasion Strategy Annotation: We now introduce the persuasion strategy taxonomy and
corresponding definitions adopted in our paper. Persuasion and negotiation strategy taxonomies
from related works (Chawla et al., 2021b; Yang et al., 2019; Chen and Yang, 2021b) guided our
proposed persuasion strategies enumerated as follows.

* Identity Declaration: State one’s own role or identity in the game. Such claims of one’s own
role or identity are enforced frequently in persuasive conversations in our dataset due to the
nature of social deduction games.

* Accusation: Claim someone has a specific identity or strategic behavior. Chawla et al. (2021b)
categorises a similar proself tactic as "Undervalue-Partner".

* Interrogation: Questions about someone’s identity or behavior.

* Call for Action: Encourage people to take an action during the game. This strategy definition
is derived from the prosocial tactic of "Coordination" for persuasion as defined by Chawla
et al. (2021b).

* Defense: Defend oneself or someone else against an accusation or defend a game-related
argument. For instance, a player’s utterance would be categorized as a "Defense" strategy



when the player uses persuasive tactics like citing credentials to establish trust or rationalize
their own or another player’s choices. Similar strategies have been referenced in previous
works under the categories of "Credibility" (Wang et al., 2019) and "Commitment" (Yang et al.,
2019).

» Evidence: Provide a body of game-related fact or information. This strategy is also described
under the term "Concreteness" (Yang et al., 2019)

Similar to (Chawla et al., 2021b), we label and analyze persuasion strategies at the more granular
utterance level. This helps to easily identify and analyze linguistic cues of persuasion. By
analyzing utterances in context and by correlating these with visual cues, we try to understand
how different persuasion strategies are used in different situations and with different audiences.
We adapted the annotation interface employed by (Hayati et al., 2020) for our annotators. The
annotators were first tasked with annotating a common set of utterances. The results were
then analyzed for the degree of agreement amongst the three annotators by the metric of the
Krippendort’s alpha (Krippendorff, 2018). The discrepancies among the annotators’ versions
were then discussed together after which we strategized a standard set of rules to refer to
whenever such discrepancies arise during the annotation process. This process was repeated until
a Krippendorf’s alpha value greater than 0.6 was attained for each strategy (Refer to Table 1).
Following this training, each of the annotators annotated the remaining transcripts in the dataset,
working independently of each other.

Game Dynamics: Much of the video footage in our dataset revealed participants playing more
than one game per clip. This necessitated annotating the start and end times of every game.
The annotators also label each player’s starting role, ending role, and voting decision. These
annotations are essential for the game outcome deduction task.

Annotation Statistics: Of the 5, 815 utterances transcribed from the Ego4D data, more than
49.2% are annotated with "No Strategy" vis-a-vis only 37.9% of the 20, 832 utterances in the
YouTube subset. We hypothesize that this difference arises because Ego4D games were played
in a more intimate social setting whereas players in YouTube games tend to be more focused on
game-based social interactions.

4 Strategy Prediction Task

Humans rely on both verbal and visual clues to assess the speaker’s intent. Besides these cues,
utterances need to be assessed within the context of past utterances as well. Keeping these points
in mind, we propose that our models will be able to make predictions effectively when the visual
and verbal cues are correlated in tandem. In light of this, we examine a given utterance and
its corresponding visual in our experiments with the aim of predicting persuasion strategies
exhibited.

We encode the input utterance to extract the corresponding word embeddings using pre-trained
large language models such as BERT (Devlin et al., 2019; Liu et al., 2019) and RoBERTa (Liu
et al., 2019). As for extracting the visual feature representation from the video segment, we use
a vision transformer (Fan et al., 2021) as a video encoder. The concatenation of these visual and
textual representations forms the basis for classifying the speaker’s persuasion strategies. We
also conduct experiments for the strategy prediction task by incorporating context of previous
utterances in the input.

4.1 Methodology

Modeling with single utterance: As pointed out by (Chawla et al., 2021b) and as exemplified
in Figure 1, an utterance from naturalistic conversations can exhibit several persuasion or



negotiation strategies. So we approach this task primarily as a binary classification problem
for each persuasion strategy. An utterance is labelled with "No Strategy" if negative labels are
predicted for each strategy. We introduce a Base model, the pre-trained language model that we
fine-tune for this task.

Modeling with Context Embedding: For some persuasion strategies defined in our taxonomy,
especially "Defense" and "Evidence", often the verbal cues most likely lie in immediately
preceding utterances in the game rather than in the current utterance itself. In the case of
"Defense" and "Evidence", the speaker of the current utterance may defend their position against
possible accusation in a prior utterance or provide evidence to support a claim (Fornaciari et al.,
2021). To tackle such cases, we also present a model denoted as Base + C, incorporating context
of prior utterances for each utterance in the input.

Modeling with Video Representation: In Base + V, we utilize visual, non-verbal cues from
corresponding video segments, in addition to verbal cues of current utterance, to improve
modelling of persuasion strategies. With the help of a fine-tuned pre-trained vision transformer,
we extract visual feature representation of video segment, which is combined with the textual
feature representation of the utterance. This aggregate of multimodal features is then fed into a
classification layer, as shown in Figure 2. We call this model "Base + V". Dropout is adopted
to mitigate overfitting. During training, the vision encoder is frozen and all other modules are
trained end-to-end.

Modelling with Video and Context Encodings: We finally present the Base + C + V model,
utilizing both video features and context cues for persuasion strategy prediction. This model
features a simple late fusion layer that aggregates the context representation output of Base + C
and the visual representation output of Base + V at the decision level.

4.2 Model Details

BERT and RoBERTa were found to be the best-performing models by (Dimitrov et al., 2021)
for the detection of persuasion techniques in multimodal data like memes. Such promising
results support our proposal to employ the pre-trained transformers of BERT (Devlin et al.,
2018) implemented with bert-base-uncased and RoBERTa (Liu et al., 2019) implemented
with roberta-base from Huggingface (Wolf et al., 2020) as baseline models for the text encoder.
For the video encoder, we use the MViT-B-24 model (Fan et al., 2021) pretrained on Kinetics-
400 (Kay et al., 2017).

Moreover, as an additional baseline, we also implement MT-BERT, a multi-task framework
based on a common BERT-base encoder (Chawla et al., 2021b) for simultaneous prediction of
multiple persuasion strategies rather than binary classification of a single strategy. This model
features a task-specific self-attention mechanism, which allows for parameter sharing between
the different prediction tasks in order to address the problem of imbalance of non-strategic and
strategic utterances in our dataset. Six heads are set for the six strategies, while the backbone is
shared. We add the fusion layer right after the last self-attention layer in each head in the same
way as independent models. Context and video features are also incorporated into MT-BERT
similarly.

Base Model: In these models, only the text of the current utterance forms the input 7. 7 is input

into the BERT-based or RoOBERTa-based text encoder ¢ the output of which is then fed into a
classifier to obtain the strategy prediction.

Base + C: The context C' is formed by the concatenation of k previous utterances C', Cs, - - - , Cl,
alternating with [EOS] tokens as delimiters. The final input 7 of the Base + C model is formed
by the concatenation of this context C with the current utterance U, separated by a [SEP] token.



“| started out as the
seer and | looked at

these two cards and —> E—
| saw a werewolf
here and then the — ¢(T)
drunk here.”
Text Encoder ¢ D

Evidence (Y/N) €——

Classifier
Fusion Layer

Figure 2: Architecture of the independent model for each strategy. We fix the parameters in the
video encoder and train the other modules end-to-end. @ denotes the concatenation of two feature
representations. This figure also appears in a publication of this work (Lai et al., 2022).



Formally, input 7 is represented as below:

C = C, [EOS] C, [EOS] - - - Cy, (1
T = C [SEP] U. 2)

Base + V: Visual representation /()) of the video segment ) corresponding to the current
utterance is extracted by the video encoder 1. During training, the parameters of the video
encoder are fixed and the concatenation of ¢()) and text representation ¢(7) of the current
utterance is fed into a fusion layer with a linear mapping function W and an activation function
Tanh(-). The prediction logits are finally obtained by applying a linear classifier W, as follows:

logits = W} - Tanh (WE (o(T) @ ¢(V))) , 3)

where @ denotes vector concatenation.

Base + C + V: Here, we late fuse the softmax output P of Base + C with softmax output P, of
Base + V, formulated as below:

FPey = (1 =X\ FPc+ APy, “4)

where ) is a scalar that balances Pr and Py

4.3 Training Details

1. Loss function: Cross-Entropy Loss

2. Learning Rate: {le — 5,3¢ — 5,5¢ — 5}

3. Batch Size: {16, 8}

4. Optimizer: AdamW (Loshchilov and Hutter, 2017)

We perform grid search over the ranges of learning rates and batch sizes mentioned above for
training each Base model with the cross-entropy loss function and finalize the best hyperparame-
ters found for training the corresponding Base + C, Base + V, Base + C + V models. We run
every experiment for three trials and report the mean and standard deviation over all trials of
average F-1 scores.

4.4 Experiment Results, Analysis and Discussion

We report and evaluate performance of our models on the respective test sets in all experiments
in terms of the Average F-1 score for every persuasion strategy individually as well as over
all strategies, and Joint Accuracy. As defined by Chawla et al. (2021b), Joint Accuracy is the
percentage of utterances for which the model predicts all the strategies correctly.

Ablations on Additional Context: We present in Table 2 and Figure 3 the average F-1 score
results achieved for persuasion strategy prediction by every Base model with no previous context
and the corresponding context model Base + C with different context lengths of 1, 3, 5, 7
and 9 previous utterances, each trained on the Ego4D Werewolf and YouTube subsets of our
dataset. This ablation study shows how different context lengths may improve the performance
of persuasion strategy prediction. We can see that for every one of the three baseline models,
incorporating some previous context can boost the performance of persuasion strategy prediction
but incorporating context of too many previous utterances can trip up the model possibly due to
accumulation of too much irrelevant information. Instances of the latter are observed especially
in utterances exhibiting persuasion strategies that can be confidently predicted based only on the
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Figure 3: Ablation study of adopting different context lengths for persuasion strategy prediction. This
figure also appears in a publication of this work (Lai et al., 2022).

current utterance. We consistently achieve the best improvement in performance with a context
length of 5 for every baseline model, so for all other experiments incorporating context, whether
with Base + C or Base + C + V, we use a context of 5 utterances as a default setting.

Ablations on Visual Features: We present in Table 2 the average F-1 score results achieved
for persuasion strategy prediction by Base models with no video feature embeddings, Base + V
models with visual features of corresponding video segment as well as Base + C + V models
with visual features and context of previous 5 utterances. Incorporating video features in BERT +
V notably showed an improvement of 0.8% over BERT for both Ego4D and YouTube domains
but in the case of ROBERTa for the YouTube domain, the video model improves by only 0.2%.
We hypothesize that this can be attributed to the significantly larger size of the YouTube dataset,
which reduces the information gain from additional video features. We empirically observe that
participants tend to engage in more frequent non-verbal communication by pointing to each other,
raising hands, etc. during utterances exhibiting “Accusation”, “Interrogation”, and “Call for
Action”. This could explain the larger improvement in model performance for these persuasion
strategies by incorporating video features.

Off-the-shelf GPT-3 Inference: We also experiment with large language models off-the-shelf
for direct inference for our strategy prediction task after seeing none or a very few examples
from our dataset. Particularly, we experiment with GPT-3-175B (Brown et al., 2020) on our
dataset under three settings: zero-shot, one-shot and five-shot. We obtain deterministic inferences
by GPT-3 using the text-davinci-0@2 engine from OpenAI’s API' with temperature 0. The
average F-1 score results of GPT-3 on the strategy prediction task are shown in Table 3. We can
see that GPT-3 performs moderately well, and improves with more input examples, although
outperformed by our fine-tuned baseline models.

Data Domain Generalization: Figure 4 shows average F-1 score results showcasing the gen-
eralization ability of our models across data source domains for persuasion strategy prediction
based in the text modality. Particularly, we evaluate our Base and context-based Base + C models
trained on the much larger YouTube subset but tested on Ego4D without and after fine-tuning
with Ego4D. We observe that these models outperform models only trained on Ego4D due to the
larger size of training data in the YouTube subset. This implies that there is not much difference
between the Ego4D and YouTube domains in the text modality. After fine-tuning, the models
show a small performance boost. These promising results give us hope that we can reliably
implement transfer learning for persuasion modelling in social interactions, with the extensive

"https://beta.openai.com/



Method Identity Accusation Interrogation Call for Action Defense Evidence| Avg F1  Joint-A

BERT 82.6+1.1 48.844.8 82.840.2 39.449.6 29.345.5 54.2+2.5|56.2+2.5 65.1+£1.6

BERT + C 79.9+1.6 52.043.3 81.041.1 49.543.2 33.840.5 57.1+£1.6 | 58.9+0.6 65.0+0.2

BERT +V 81.54+3.5 52.1+1.9 83.3+1.6 42.443.8 28.4+5.1 52.841.0 | 56.7+1.2 64.54+1.2
BERT+C+V 84.5+4.6 52.842.0 82.74+0.4 47.3+3.4 34.5+1.7 54.9+1.1 | 59.441.6 66.5+0.3

| ROBERTa  |81.7+2.6 b51.7+0.9  83.4+0.9  43.3+87  33.142.2 51.742.1|57.541.4 63.440.5

% RoBERTa + C 81.540.7 59.4+2.4 83.5+1.1 43.743.7 33.043.1 52.442.9 | 58.9+1.2 64.6+0.7
Ry RoBERTa + V 79.840.6 51.441.0 82.842.1 50.145.3 31.34£3.1 54.6+£3.2 | 58.3+£0.7 64.0+£0.9
RoBERTa+C +V | 82.74+0.2 58.542.3 83.841.2 46.14+4.5 35.4+3.4 53.4+3.3|60.0+0.8 66.140.9

| MT-BERT  |80.9+1.3 51.5+3.3  83.0£1.3  56.6+2.3  25.9+420 53.641.3 |58.640.3 65.540.8
MT-BERT + C 79.842.2 54.440.8 83.2+0.7 50.8+7.2 36.5+2.8 61.5+2.2 | 61.0+1.1 66.3+1.4
MT-BERT +V [ 79.9+1.6 51.940.8 84.8+2.4 53.944.5 35.4+2.2 53.34+1.0 | 59.8+0.7 62.1+3.4
MT-BERT + C+ V| 80.7+1.9 55.2+0.9 83.640.6 50.040.8 36.1+£2.7 60.5+1.0 | 61.04+0.3 66.3+1.0
BERT 80.2+1.6 64.7+1.1 89.640.4 77.242.5 43.54+1.0 58.340.7 | 68.94+0.0 64.6+0.8

BERT + C 82.64+0.7 66.7+1.0 89.6+1.5 78.14+2.4 45.7+1.1 59.7+1.1 | 70.44+0.3 64.4+1.0

BERT + V 82.440.5 65.4+1.4 89.7+0.1 78.040.8 45.342.8 58.441.3|69.94+0.4 66.2+0.5
BERT+C+V |[83.64+0.1 67.24+1.2 90.2+1.0 78.54+1.6 46.6+1.1 59.941.0 | 71.0£0.2 66.740.5

o| ROBERTa  |84.3+0.1 67.240.6 89.4+0.1  78.240.8  44.3£04 59.041.7 |70.4£0.2 64.840.7
é RoBERTa + C 82.440.3 67.04+1.1 90.2+0.0 77.1£1.0 46.140.7 59.940.7 | 70.54+0.3 64.7+0.6
2 RoBERTa + V 83.440.4 66.440.3 89.5+0.1 78.7+2.0 46.640.6 59.0+1.0 | 70.6+0.1 65.3£1.2
” RoBERTa+ C+V | 83.740.6 67.4+0.4 89.840.3 78.541.2 48.2+0.7 60.440.8 | 71.3+0.2 66.4+0.7
| MT-BERT  |80.7+04 651415 88.5+08  76.2+22  42.3+15 57.4+13 |68.4403 65.6+1.1
MT-BERT +C |83.1+1.1 65.0+1.5 90.1+0.3 74.6+£2.4 46.540.8 59.240.3 | 69.7+0.6 66.7+0.5
MT-BERT +V | 82.84+0.6 68.5+1.0 89.3+0.7 75.6+£2.8 47.840.3 59.640.8 | 70.6+0.8 66.9+0.4
MT-BERT + C+ V | 84.4+0.6 68.4+1.0 89.5+0.6 76.5+2.1 47.340.5 60.6+0.2 | 71.1+0.5 68.1+0.2

Table 2: Experimental Results on incorporating visual features and prior context for persuasion strategy
prediction. This table also appears in a publication of this work (Lai et al., 2022).

. Ego4D YouTube
Setting
AvgF1 Joint-A AvgFl Joint-A
Majority 0 52.5 0 38.8

Zero-Shot 354 58.5 40.3 52.0
One-Shot 40.7 56.3 472 532
Five-Shot 47.0 59.7 49.6 53.7

Table 3: GPT-3 direct inference results on Ego4D and YouTube. This table also appears in a publication
of this work (Lai et al., 2022).

and ever-increasing video data at our disposal online. We also observe that multi-task models
(MT-BERT) may not generalize well.

Game Domain Generalization: Figure 5 shows average F-1 score results showcasing the gener-
alization ability of our models across game source domains for persuasion strategy prediction
based in text modality. Specifically, we report testing performance of our Base and Base + C
models trained without any finetuning on games of One Night Ultimate Werewolf in Ego4D
but tested on the small set of games of The Resistance: Avalon in the larger Ego4D subset.
We observe that our models achieve relatively poor but overall passable performance on the
new domain of Avalon games. The relative performance drop across the two domains can be
explained by the large domain gap that arises because of the significantly different rules and
winning criteria in both games. For example, One Night Ultimate Werewolf enforces only one
voting round in every game whereas The Resistance: Avalon has multiple.
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Figure 4: Data domain generalization experiments. We report testing performance (Average F-1) on
Ego4D using models trained only on YouTube (w.o. Fine-tuning), and trained on YouTube and further
fine-tuned with Ego4D (w. Fine-tuning). We also report performance (refer to Table 2) of models trained
only on Ego4D (Ego4D Only) here for easy comparison.

5 Game Outcome Deduction

Finally, we show how persuasion strategies used in a game can be used to predict the game-level
outcome. In this task, we try to predict the voting outcomes for each possible voter-candidate
pair of players in the game. In other words, we try to predict whether the voter would vote for
the particular candidate at the end of the One Night Ultimate Werewolf game, when players vote
for one person to die in the game. To provide for a larger dataset size, we merge data points from
the YouTube data and the Ego4D Werewolf data. We then partition the enlarged data set into
train/val/test sets of 2741/427/827 data points, respectively.

5.1 Method

We formulate the input features for our voting outcome prediction task for every voter-candidate
pair as follows: a 26-dimensional block feature vector formed by the concatenation of two
7-dimensional vectors representing the distribution of persuasion strategies (inclusive of "No
Strategy") adopted by the voter and candidate in order, and a 12-dimensional one-hot vector
representing the voter’s starting role out of 12 possible roles designated in One Night Ultimate
Werewolf. With such an input encoding, we run experiments for the binary classification task of
whether or not a voter would vote for a candidate by training a simple logistic regression model
with weighted binary classification loss.

5.2 Experiment Results, Analysis and Discussion

We report an average F-1 score of 32.7% and an AUC (area under ROC curve) of 54.7% achieved
by our logistic regression model for the voting outcome deduction task. Comparatively, with
random prediction, we obtain an average F-1 score of 28.6% and an AUC of 50.0%. Our obser-
vations hence speak to the importance of the use of persuasive language in determining outcomes
of social deduction games. Using a model accepting only persuasion strategy embeddings in
the input, we observe a negligible reduction in performance (by 0.5% in F-1 score and 0.1% in
AUQC). This strengthens the argument that compared to role embeddings, persuasion strategy
embeddings are more conducive to inferring human belief states.

Visualizing the weights of our model as in Figure 6, we find that when a voter is predicted to
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Figure 5: Game domain generalization experiments. We report testing performance (Average F-1) on
Ego4D Avalon data using models trained only on Ego4D Werewolf data.

vote out a candidate, the candidate’s behavior has a greater weight in the prediction. This shows
that the persuasive behavior of the candidate has more impact on the voting outcome than that
of the voter, as expected. More interestingly, we observe that evidence is the strategy having
the greatest weight in predicting that a voter will not vote for a particular candidate. This points
to the importance of sharing of evidence and collaboration among players in implicating the
werewolf.

Voter Candidate __

"~ No éir_a_tééy_/ No Strategy
Identity Declaration @ |[dentity Declaration
Accusation Accusation
Interrogation Interrogation
Call for Action @ Call for Action
Defense Defense
Evidence Evidence

Figure 6: Weights visualization of candidate and voter persuasion strategy distributions in logistic
regression. The transparency of connecting lines corresponds to the relative magnitude of the weights of
the model and hence the relative degree of contribution to the prediction. This figure also appears in a
publication of this work (Lai et al., 2022).



6 Conclusion

In this paper, we present the first benchmark dataset for persuasion modelling that is based in
multiple modalities and that includes annotations of persuasion strategies at the utterance level.
We build and train models that use both textual and visual representations to identify social
persuasive behaviors. According to our research, visual signals can improve a model’s ability to
predict persuasive tactics. We encourage more research on the potential use of the audio modality
in persuasion modelling.

We only use commercially available, pre-trained video transformers to build the visual rep-
resentation of the input. Other models, however, may be used in a more specialised manner to
further enhance performance, similar to MT-BERT. The Ego4D collection also includes useful
egocentric films and demographic data that we have not been able to incorporate in our models
but that might provide richer, more predictive information for the task. We realize the need for
a much larger dataset with many more completed games to achieve better and more practical
results for the voting outcome deduction task, although this might prove to be more tedious and
expensive. However, we can possibly overcome this issue with data augmentation techniques.
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