Modeling Empathy and Human Conversation Dynamics

Run Chen

Submitted in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy
under the Executive Committee
of the Graduate School of Arts and Sciences

COLUMBIA UNIVERSITY

2026



© 2026
Run Chen

All Rights Reserved



Abstract

Modeling Empathy and Human Conversation Dynamics

Run Chen

Empathetic communication is essential for supporting human well-being, improving social
connectedness, and enabling effective dialogue in emotionally charged situations. As
conversational Al systems become embedded in daily life, the ability to recognize, interpret, and
respond to human emotion responsibly has become a central goal for the field. Yet, existing
approaches often rely on text-only inputs and simplistic approximations of supportiveness, making
them insufficient for modeling the nuance and complexity of real human empathy. This dissertation
advances a holistic framework for empathetic conversational Al that integrates structural
conversational dynamics, multimodal signals from speech, scalable learning with large language
models, and proactive safeguards against coercive interaction.

The first component of this work strengthens the foundations of conversational understanding. We
address long-standing transcription and timing discrepancies in the widely used Switchboard
Dialog Act corpus by producing the Re-Aligned Switchboard Dialog Act (RASWDA) dataset,
improving alignment between lexical and acoustic-prosodic cues and enabling more accurate dialog
act classification. We also develop new quantitative analyses of prosodic and lexical entrainment in
task-oriented settings, revealing how behavioral coordination serves as a precursor to rapport and
mutual understanding.

Building on these foundations, the second component investigates empathy as a more specialized
and emotionally collaborative form of conversation. We present EMPSPEECH, a speech-based
empathy corpus annotated at the segment level to capture acoustic-prosodic markers of supportive
behavior—representing one of the first resources in computational empathy centered on spoken

communication in English. We further examine empathy’s inherent complexity through multimodal



learning and model disagreement analysis, demonstrating how conflicting cues across modalities
expose the ambiguity and interpretive demands present in real interactions.

To scale empathetic response generation in the age of large language models, we introduce
SYNTHEMPATHY, a psychotherapy-informed corpus of 106k empathetic dialogues produced
without crowdsourcing. Using Chain-of-Empathy prompting, we show improvements in emotional
alignment and contextual appropriateness while enabling customizable and domain-adaptable
empathetic behavior. Together, these contributions demonstrate that effective empathy modeling
requires recognition, interpretation, and expressive alignment across modalities and conversational
context.

The final component addresses a critical ethical challenge: ensuring that emotionally aware Al
remains trustworthy and protective of users. We develop speech-based detection of mental
manipulation using multi-speaker synthetic audio and few-shot learning, illustrating how systems
can identify harmful persuasive strategies and prevent coercive influence in vulnerable moments.
Overall, this dissertation presents a unified path toward empathetic and responsible conversational
Al from foundational interaction modeling, to scalable development of emotional intelligence, to
proactive safety measures that preserve user autonomy. By advancing empathetic and
conversational Al research resources, multimodal modeling, robust analysis techniques, and ethical
frameworks, this work contributes essential scientific and practical foundations for conversational
technologies that are not only more capable and adaptive, but genuinely supportive of human

emotional well-being.
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Chapter 1: Introduction and Background

Human communication is fundamentally interactive and social. In everyday conversation,
people coordinate meaning, build rapport, and provide emotional support through a combination of
words, tone, timing, and shared context. Empathy plays a central role in these processes: it shapes
how individuals perceive others' emotions, establish trust, and respond supportively across social,
clinical, and professional settings [1, 2, 3, 4]. As conversational Al systems become increasingly
embedded in daily life — from mental health support and education to customer service and socially
aware agents [5, 6] — the ability to understand and respond to emotion safely and effectively has

become both a scienti ¢ challenge and a societal necessity.

1.1 Computational Empathy in NLP and Speech

Computational empathy aims to model the perception and expression of empathy from text,
speech, and multimodal inputs. Early work explored empathy in counseling and supportive dialogue
[1, 6], active listening [3], healthcare [4], and socially aware conversational agents [5, 2]. Shared
tasks such as the WASSA series on Empathy, Emotion, and Personality have further catalyzed
research by providing benchmark datasets and evaluation protocols for empathy prediction [7, 8,
9, 10]. These efforts helped establish empathy as a distinct target for modeling, beyond generic
sentiment or affect detection.

Several surveys have taken stock of this emerging area. Early work on arti cial empathy focused
on how agents can simulate or elicit empathic responses in interaction with humans [11]. Later, [12]
provided a critical re ection on empathy in NLP, highlighting that many text-based studies either left
empathy unde ned or con ated it with loosely related affective constructs, leading to low construct

validity and limited reproducibility. [13] surveyed techniques, datasets, and metrics up to 2022,



calling for clearer de nitions, larger datasets, integration of non-verbal cues, and more principled
evaluation. More recently, [14] presented the rst broader survey spanning textual, auditory, visual,
and physiological signals for empathy detection, arguing for multimodal approaches but also noting
the scarcity of labeled multimodal empathy data.

In parallel, the rapid transition toward large language models (LLMs) and large audio-language
models (LALMs) has reshaped the landscape of empathetic NLP. Recent work has introduced
large empathy datasets and scalable synthetic empathy generation using LLM prompting [15,
16], multimodal benchmarks leveraging speech and vision, and LLM-based empathetic response
generation and evaluation [17]. In speech and audio research, studies have expanded empathy
modeling using acoustic and prosodic features [18], expressive text-to-speech (TTS) [19], and
multimodal integration, re ecting a growing recognition that voice carries critical cues for emotional

attunement.

1.2 Limitations of Existing Approaches

Despite this progress, several limitations persist. First, much of the prior work on computational
empathy remains predominantly text-focused. Many systems are trained and evaluated on datasets
such as EMPATHETICDIALOGUES [5] and related text-only corpora, which lack prosodic or paralin-
guistic cues and often treat empathy as a single umbrella label. As [12] argue, empathy is frequently
approximated through emotion labels or generic “appropriate response” judgments, rather than
grounded in psychological accounts of cognitive, emotional, and compassionate components. A
large portion of work effectively uses emotion as a proxy for empathy, focusing on matching or
transforming emotional labels [20, 21, 22], which can obscure the distinction between emotional
similarity and genuinely empathic concern.

Second, while surveys such as [14] highlight the importance of multimodal signals, available
multimodal and speech-based empathy datasets are still relatively scarce, domain-speci ¢, and often
not publicly accessible. Many corpora in the spoken domain originate from therapeutic, educational,

or service-oriented settings and are constrained by privacy or licensing [23, 24, 25, 26, 27, 28, 29,



30, 31]. This has led to a eld where empathy is largely studied in text, even though speech provides
rich acoustic and prosodic correlates that are central to human empathic communication [18, 32].
Cross-lingual and cross-cultural work also remains limited, with relatively few explicit comparisons
across languages or code-switched settings, despite evidence that empathy is shaped by cultural
norms and interaction styles.

Third, evaluation remains a major challenge. Existing benchmarks tend to rely on single-turn
ratings, emotion classi cation accuracy, or generic dialogue quality metrics. Recent analyses of
LLM-based empathetic dialogue [33, 34, 35] show that large models often rely on stock empathetic
phrases, can be highly sensitive to prompts, and may appear empathetic while failing to offer sub-
stantive or safe support. Sycophantic behavior — where models over-accommodate or uncritically
agree with users — is particularly concerning in mental health or high-stakes contexts [36, 37].

Finally, the ethical implications of emotionally capable Al have only recently begun to receive
systematic attention. While some work examines how empathetic responses in uence user trust,
engagement, and perceived support [38, 39], relatively little research has focused on detecting and
mitigating manipulative or coercive behaviors in conversational systems, especially in speech-based
settings. This creates a gap between systems' growing expressive power and the mechanisms needed

to ensure their responsible deployment.

1.3 Thesis Goals and Contributions

This dissertation addresses these limitations by advancing empathetic conversational Al along

three interconnected directions:

» Conversational Dynamics. We strengthen foundational interaction modeling by improving
how systems represent discourse structure and coordination. This includes creating the Re-
Aligned Switchboard Dialog Act corpus (RASWDA) [40], which corrects long-standing
alignment issues and enables accurate use of acoustic-prosodic cues for dialog act modeling,

and new analyses of lexical and prosodic entrainment in task-oriented speech [41].



» Empathetic Modeling and Generation in Speech and Multimodal Settings. We investigate
empathy as a specialized, emotionally collaborative form of conversation, focusing on speech
as a primary but underexplored modality. We introduce EMPSPEECH [18], a segment-level
speech-based empathy corpus, and study multimodal model disagreement to expose the inher-
ent ambiguity of empathy across modalities [42]. We further present SYNTHEMPATHY
[15], a psychotherapy-informed synthetic corpus of 106k empathetic dialogues generated
without crowdsourcing, demonstrating how empathetic capabilities can be scaled in the age

of LLMs.

* Ethical Safeguards and Mental Manipulation. We develop methods for detecting mental
manipulation in speech using multi-speaker synthetic audio and few-shot modeling, showing
how emotionally capable systems can identify harmful persuasive strategies and protect users

from coercive in uence in vulnerable moments [43].

Across these three directions, this dissertation contributes new datasets, models, and analyses
that foreground speech and multimodality in a eld historically dominated by text. It articulates
empathy as a composite of recognition, interpretive reasoning, and expressive alignment, rooted in
the same conversational mechanisms that govern everyday interaction. At the same time, it argues
that empathetic behavior must be matched with rigorous evaluation and safety mechanisms to avoid
sycophancy and manipulation.

Although modern large language and audio-language models support zero-shot and few-shot
inference, curated datasets remain essential. Rather than serving solely as training data, datasets
now play a critical role in evaluation, grounding, and safety assessment. Tasks such as empathy
detection, conversational entrainment, and mental manipulation rely on subtle prosodic, temporal,
and multimodal cues that are not reliably captured by web-scale pretraining alone. High-quality
annotated corpora therefore provide the structured supervision needed to de ne constructs, measure
progress, and identify failure modes. Throughout this dissertation, dataset construction is treated
not as auxiliary engineering, but as a foundational scienti ¢ contribution that enables reliable study

of conversational behavior.



By integrating insights from conversation analysis, computational empathy, and recent advances
in large language and audio-language models, this work proposes a uni ed trajectory for empathetic
and responsible conversational Al: from understanding how people communicate, to modeling

supportive behavior at scale, to safeguarding users as systems grow more emotionally capable.



Part |

Understanding Human Conversations



Overview

Human conversation is structured, adaptive, and interactive. Long before speakers express
empathy, they must coordinate meaning — deciding when to speak, how to sighal agreement
or disagreement, and how to collaborate on shared goals. These mechanisms are not optional
embellishments but the fundamental substrate on which all social behaviors — including empathy
— are built. In other words, empathy represents a special case of conversational collaboration,
one where alignment and understanding must extend not only to information exchange but also to
another person's emotional state.

This rst part of the dissertation investigates two fundamental components of conversational
dynamics: the dialog act structures that govern discourse progression and the behavioral entrainment
patterns that demonstrate mutual adaptation.

Chapter 2 presents a re-examination of the Switchboard Dialog Act corpus, identifying long-
standing alignment aws between transcripts and speech. These inaccuracies have limited the eld's
ability to jointly model lexical and prosodic cues for dialog act understanding. We develop and
validate a new Re-Aligned Switchboard Dialog Act (RASwWDA) corpus and show that leveraging
accurate timing and audio improves dialog act classi cation performance. This effort not only
enables more robust modeling of interaction structure, but also contributes a high-impact resource
for the broader research community.

Chapter 3 examines how speakers adapt to one another in task-oriented dialogues. Through
measurements of lexical and acoustic-prosodic entrainment, we reveal how alignment occurs even in
short, goal-directed interactions. Our ndings show that speakers dynamically adjust pitch, energy,
lexical choices, and dis uencies based on their partner and role in the interaction — illustrating
how rapport and ef ciency emerge through behavioral coordination.

Together, these studies demonstrate that successful human conversation relies on a pairing

7



of structure and adaptation: dialog acts provide a roadmap for how interaction unfolds, while
entrainment signals engagement, cooperation, and shared attention. These contributions underscore
a key thesis of this dissertation: empathy is not a standalone behavior, but an extension of the
same mechanisms that allow conversational partners to understand and align with each other. By
strengthening the foundations of dialog structure and interactional alignment, Part | provides the
necessary groundwork for modeling empathy in Part || and safeguarding emotionally intelligent

systems in Part Ill.



Chapter 2: Dialogue Acts in Human Conversations

Revisiting and Re-aligning the Switchboard Dialog Act Corpus

2.1 Introduction

Dialog Act (DA) prediction and production is of seminal importance today in research, gov-
ernment and industry, as more and more dialog systems are being built to interact with people for
training, education, decreasing human workload in call centers, and providing problem-solving ad-
vice. While many corpora have been developed and annotated for building machine learning models
in DA prediction or generation tasks, only a few have been transcribed in speech. Many others
were annotated using domain-speci ¢ DAs or are limited in the number or length of conversations.
Among the annotated DA corpora, only the Switchboard Dialog Act (SwDA) Corpus [44] includes
domain-independent spoken conversations between two speakers, making it unique for modeling
the type of interactions that are primary in most systems used today, such as information services
and online chats.

Although the SwDA corpus is widely used for DA prediction and generation tasks, it suffers from
a critical limitation: inaccurate alignments. The corpus consists of transcripts and speech derived
from the larger Switchboard corpus [45], which were originally aligned using a GMM-HMM speech
recognition system. However, these alignment results are unreliable, making it extremely dif cult
to use both speech and text data to accurately predict or generate DAs. There is very little evidence
that the use of speech features from the currently aligned corpus signi cantly improves their results
in any way and sometimes even leads to worse performance [46, 47, 48, 49].

Previous attempts to re-segment the Switchboard corpus, upon which SwDA is built, have

LPortions of this chapter previously appeared as R. Chen, E. Lin, et al., “RASWDA: Re-Aligned Switchboard Dialog
Act Corpus for Dialog Act Prediction in Conversations, "14th International Workshop on Spoken Dialogue Systems
Technology (IWSDS 2024), 2024.



resulted in completely different transcriptions and utterance boundaries that do not coincide with
those in the SwDA [50]. While the NXT-format Switchboard Corpus links the transcriptions in
SwDA with the alignments from [50], it does so for only 642 of the 1,155 conversations in SWDA
[51]. To date, no one has produced a full realignment of all 1,155 SwDA conversations.

Our project aims to create an improved, Re-Aligned Switchboard Dialog Act (RASwWDA)
corpus for DA tasks by manual re-alignment and validation by experts on both sides of all SwDA
conversations to correct the errors introduced by the early automatic alignment. Our goal is to 1)
produce a more accurate RASWDA corpus for DA prediction and generation tasks and 2) set a
new benchmark for identifying DAs using machine learning models that incorporate both text and
speech features. We demonstrate that this new version of the SwDA corpus provides more useful
information in both text and speech for DA identi cation models by comparing the new results to
models built on the earlier version of the corpus. To encourage the wider community to make use
of the fully re-aligned corpus, we will make it publicly available, thereby facilitating the current

research efforts focused on modeling human-human and human-machine convetsation.

2.2 Related Work

2.2.1 Dialog Act Labeled Corpora

Many corpora, including SWDA, have been annotated for DAs. They vary in domains, languages,
types of interactions, and the number and type of annotated DAs. While some corpora were
annotated using small tag sets, such as the DCIEM Map Task [52], the AMI Meeting [53] (under
20), and the Columbia Games Corpus (only 7) [54], others were annotated using tag sets with
hundreds of tags, such as DIHANA [55] and NESPOLE [56]. Furthermore, some corpora, including
the DCIEM Map Task, SWDA, SCHISMA [57], ICSI-MRDA [58], and AMI Meeting, utilized
domain-independent tag sets suitable for annotating various corpora. On the other hand, corpora

such as VERBMOBIL [59], NESPOLE, DIHANA, LEGO [60], TourSG [61], Ubuntu IRC [62],

2Data will be available through Linguistic Data Consortium (LDC), which currently provides many earlier versions
of this corpus.
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MultiwOz and its multiple updated versions [63, 64, 65], and Audio Visual Scene-Aware Dialog
(AVSD) [66] were annotated using domain-dependent tag sets. Notably, many corpora did not
include speech data, such as DSTCG6 corpora (Twitter, WOCHAT) [67], Ubuntu IRC, and MultiwOz.
Among these DA corpora, SwDA is particularly valuable for investigating how speech and
transcripts synergize to facilitate DA modeling in conversations. The corpus contains a substantial
number of annotated segments and provides both speech and transcripts with domain-independent
data, distinguishing itself from others with a limited number of annotations, such as SCHISMA and
DCIEM Map Task. Although ICSI-MRDA and the AMI Meeting corpus also offer sizable annotated
speech data in multi-participant meetings, only SWDA exclusively comprises dialogs between two
individuals, making it particularly relevant for modeling the types of two-party interactions prevalent
in conversational systems today. However, the limitation of SwDA lies in its inaccurate alignment of
speech and transcripts, which cannot be used to identify or generate appropriate acoustic-prosodic

features, such as pitch, intensity, speaking rate, and voice quality.

2.2.2 The Switchboard Dialog Act Corpus

The original Switchboard Corpus is a corpus of 2,400 two-sided telephone conversations, each
between two native speakers of American English from different parts of the United States, and
was collected in 1990-91 by Texas Instruments. The initial goal for this corpus collection was
to develop speech processing algorithms, particularly speaker veri cation algorithms [45]. The
SwDA corpus [44] was created from a portion of the Switchboard corpus, speci cally LDC's
Switchboard-1 Release 2 (LDC97S62) [45]. It consists of 1,155 conversations out of the original
2400 conversations, ranging from 1.5 to 10 minutes, comprising a total of 205,000 utterances and
1.4 million words.

SwDA was labeled with an augmented version of the Discourse Annotation and Markup System
of Labeling (DAMSL) tag-set [68], the SWBD-DAMSL label set of 42 DA labels. The DA labels
include items such as Statement-non-opinion, Acknowledge, and Statement-opinion, which represent

over two thirds of the 42 DA items annotated; the full list is shown in Table 2.1.
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The SwDA conversations were initially force-aligned with the participants' speech in the 1990s
using a GMM-HMM Switchboard recognition system to identify the start and end times of speech
segments [69, p. 454]. However, due to the limited reliability of ASR systems used during that
era and various challenges posed by the recordings and the transcripts, much of this alignment
contained major errors, so it is impossible to perform accurate prosodic analysis on the DAs from
their poor alignment with the audio.

Problems with this speech aligner included misalignment of reduced and low-energy speech.
Based on manual inspection of hundreds of audio les, we have also found that background noise
from sources such as static, telephones ringing, children crying, music, radios, and TV's has also
reduced the original alignment quality. Problems with the conversations' transcripts at the time
included mis-transcribed or simply missing words (some had been excised in a previous transcription
task as “not useful words”). Only a small subset of these alignments were corrected to create a

small DEV test set. The rest of the corpus was left in its original, poorly aligned state.

2.3 SwDA Alignment Diagnosis

While the SwDA corpus has been widely used to build models to detect different DAs, studies
have observed that incorporating the audio information from SwDA does not improve DA prediction
or generation scores, and can sometimes even worsen them. This is likely due to the poor alignment
of the audio with transcripts and dialog act labels. [46, 47] showed that integrating prosodic
information with transcripts improved DA prediction accuracy only for a couple of selected DAs,
while having negative or no effects on the rest. The DA recognition model that incorporates prosody
reported a lower F1 score, compared to the model trained solely on transcripts [48]. Similarly, [49]
found that removing pitch and energy features resulted in only a marginal decrease in accuracy (1%
and 0.6%, respectively) for their end-to-end DAC model on the SwDA corpus.

Transcripts and their aligned speech were often completely incorrect. We have found 27
conversations in which speakers were recorded on the wrong channel, resulting in incorrect speaker

identi cations when we attempt to match speaker audio with transcripts. Overlapping speech
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DA Description Count (Full) | % (Full) | Count (RASWDA)| % (RASwWDA)
sd Statement-non-opinion 75145 34.26 32406 24.53
b Acknowledge 38298 | 17.46 16297 12.34
(Backchannel)
sv Statement-opinion 26428 12.05 11762 8.90
% Abandoned, Tum-Exit, o 4 55 7.09 6729 5.09
Uninterpretable
aa Agree/Accept 11133 5.08 4973 3.76
X Non-verbal 3630 1.65 3591 2.6
ay Yes-No-Question 4727 2.15 2053 1.55
ba Appreciation 4765 2.17 1799 1.36
ny Yes answers 3034 1.38 1252 0.95
fc Conventional-closing 2582 1.18 1056 0.80
qw Wh-Question 1979 0.90 874 0.66
nn No answers 1377 0.63 595 0.45
bk Response 1306 0.60 555 0.42
Acknowledgement
h Hedge 1226 0.56 507 0.38
- Declarative
qy " d Yes-No-Question 1219 0.56 472 0.36
bh Bac"Cha?grer:]i” question 4453 0.48 445 0.34
bf Summarize/reformulate 952 0.43 444 0.34
"q Quotation 983 0.45 427 0.32
fo_ o fw " by bc Other 883 0.40 408 0.31
na Afrmative non-yes 847 0.39 351 0.27
answers
go Open-Question 656 0.30 310 0.23
"2 Collaborative Completion 723 0.33 308 0.23
b™m Repeat-phrase 688 0.31 283 0.21
ad Action-directive 746 0.34 282 0.21
gh Rhetorical-Questions 575 0.26 265 0.20
“h Hold before 556 0.25 219 0.17
answer/agreement
ar Reject 346 0.16 141 0.11
ng Negative non-no answers 302 0.14 137 0.10
br Signal-non-understanding 298 0.14 137 0.10
no Other answers 286 0.13 121 0.09
fp Conventional-opening 225 0.10 117 0.09
qrr Or-Clause 209 0.10 98 0.07
arp_nd Dispreferred answers 207 0.09 91 0.07
“g Tag-Question 92 0.04 53 0.04
00_CO_cc Offers, Options, Commits 110 0.05 52 0.04
t1 Self-talk 103 0.05 44 0.03
bd Downplayer 103 0.05 43 0.03
aap_am Maybe/Accept-part 105 0.05 40 0.03
gw " d Declarative Wh-Question 80 0.04 37 0.03
fa Apology 79 0.04 34 0.03
t3 3rd-party-talk 117 0.05 32 0.02
ft Thanking 78 0.04 28 0.02

Table 2.1: Comparison of the original SwDA DA counts (“Count (Full)”) and our realigned corpus

RASwWDA DA counts (“Count (RASwWDA)"). Original counts from [70].
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segments also cause confusion in the automatic alignment process. In many cases, shorter DAs such
as backchannel or simple “yes” or “no” responses are missed entirely by the aligner. Furthermore,
the presence of numerous simple timing errors in earlier parts of the conversations can propagate
throughout the rest. These issues further highlight the challenges and limitations of DA modeling

based on the SWDA corpus, underscoring the urgent need for its correction and improvement.

2.4 Re-alignment Methods

To produce high-quality alignments between the audio and transcripts of SWDA, we employ
a two-step process. First, for conversations among the 642 conversations which are included
in the NXT-format Switchboard Corpus [51], we parse time-aligned SwDA transcripts from the
NXT-provided XML les into TextGrid format. For conversations not included in the NXT-format
Corpus, we parse each conversation's transcript into separate transcripts for each speaker. We also
take advantage of the fact that speakers are recorded on separate channels to separate the audio for
each conversation into two WAV les, one with each speaker's speech [71]. Then (for transcripts
not sourced from NXT-format Switchboard) we compute the forced alignment for each utterance in
each speaker transcript and conversation with the aeneas library [72], shown in Figure 2.1a. Based
on manual inspection, we nd that further manual realignment is still necessary to correct forced
alignments generated with aeneas, as many of the issues that affected the original forced alignments
(e.g. background noise) also affect the accuracy of the aeneas alignment.

Second, we manually correct the TextGrids produced both from the NXT-format Switchboard
Corpus alignments and the aeneas forced alignments (Figure 2.1b). We use the Praat speech analysis
interface, which allows expert aligners to easily manipulate audio and transcripts simultaneously
[73]. Speci cally, we convert each SwDA transcript into a TextGrid, a text le format commonly
used for annotating audio in Praat.

In addition to correcting the transcript alignment, aligners are also instructed to mark speaker
overlap and laughter with the special “SIL” anddughter” tokens, and correct mis-transcriptions,

segmentation errors, and omissions in the transcript. We attempt to resolve mis-transcriptions and
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segmentation errors marked by the original SwDA annotators themselves for correction at a later
date [44]. Our aligners included 2 high school students, 15 undergraduates, and 8 graduate students
in computer science, linguistics, and mathematics, some compensated for their time in either course

credit or a stipend.

2.5 Results

Our Re-Aligned Switchboard Dialog Act (RASwWDA) corpus currently consists of 537.5 manu-
ally realigned and validated conversations (1075 single speaker transcripts) from the 1155 SwDA
conversations. Our nal goal is to create a new, correctly aligned version of the entire SWDA corpus
that is publicly available and to demonstrate the effect of adding correct acoustic-prosodic features
for DA prediction.

Table 2.1 presents the counts of different DA tags in the original SWDA corpus as compared to
our RASwWDA. The original corpus consists of 203,801 dialog acts [70], while our realigned subset

of RASWDA contains 98,274 dialog acts and 42,231 silence segments.

2.5.1 DA Classi cation

By training dialog act classi cation (DAC) models on 55,049 utterances from RASWDA, we
have achieved 59.53% accuracy on a 13,762-utterance validation set constructed from RASWDA, a
2.56% improvement over the 56.97% accuracy reported by [49] on a 4,088-utterance test set from
the original SWDA corpus using their state-of-the-art end-to-end neural model trained on 192,768

utterances from the original SwDA corpus (Table 2.2).

Model [49] Ours
Dataset | SwWDA | RASWDA
Accuracy | 56.97 59.53
Train 192,768 55,049
Validation | 3,196 13,762
Test 4,088 -

Table 2.2: Dialog act classi cation accuracy on speech from SwDA and RASwWDA corpora, along
with sizes of training, validation, and test splits in numbers of utterances.
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Our model uses a convolutional neural network (CNN) and treats DAC as an image classi cation
task on spectrograms of the speech signal, as this has proven a successful approach for applications
such as emotion recognition [74]. The input to the CNN26& 256 3 spectrogram of the speech
signal, computed with matplotlib.The CNN consists of three convolutional layers usthe3
kernels, each followed by a ReLU layer, normalization, a max pooling layer wAth2za window,
and another normalization sequentially. The rst convolutional layer consists of 32 kernels with a
stride of2 pixels. The second convolutional layer consists of 64 kernels with a stritieTdfe third
convolutional layer consists of 128 kernels with a stridé.oAfter applying the ReLU non-linearity,
normalization, and pooling, the output of the third convolutional layer is attened i3@7/68 1
vector. This vector is then passed through three fully connected layers with normalization. Finally,
the softmax function is applied to produce the prediction. We train on a 55,049-utterance subset
of RASwWDA and validate on a held-out 13,762-utterance subset. We believe that as we continue
to build RASwWDA by realigning the rest of the SwDA conversations, the model performance will

further improve with a larger, more accurate dataset.

2.6 Conclusion

We have identi ed inaccuracies in the current automatic alignments of the Switchboard Dialog
Act (SwWDA) corpus and have undertaken a manual realignment process for a subset of 537.5 out
of 1155 conversations. Our Re-Aligned Switchboard Dialog Act (RASWDA) subset has already
demonstrated improved performance of state-of-the-art models on the dialog act classi cation task.
We plan to continue the realignment process for the remainder of the SwDA corpus and make it

publicly available for the wider speech community.

3https://matplotlib.org/stable/api/_as_gen/matplotlib.pyplot.specgram.html
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(a) Automatic alignment.

(b) Automatic alignment + manual correction.

Figure 2.1: A section of a SWDA transcript in the Praat interface (a) before and (b) after manual

correction of the automatic alignment generated by aeneas. Praat allows aligners to view the
waveform and spectrogram of the speech signal (top two sections of display) and a TextGrid
transcript (bottom section of display) simultaneously.
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Chapter 3: Identifying Entrainment in Human Task-oriented Conversations®

3.1 Introduction

Human interlocutors often adapt their behavior to each other in conversations through entrain-
ment, also called accommodation or alignment. People adapt in syntax, word choice, pronunciation,
and prosody, as well as in facial expression, posture, and socio-cultural behavior. Studies have
found that people who entrain to others are perceived as more socially attractive, more competent
and intimate [75, 76]. Entrainment leads subjects to like their conversational partners more and to
perceive interactions as more successful [77, 78], and is a good predictor of task success [79]. So
producing entrainment in dialog systems is useful in producing more attractive, competent, and
intimate conversations that users will enjoy more and consider more successful. To move toward
developing entraining dialog systems, we analyze entrainment in human-human conversations
collected in a Wizard-of-Oz scenario where two speakers play the user and the agent roles in a
task-oriented setup.

Our data is from the DSTC10 Track 2 dataset [80] representing real conversations that a user is
expected to have with a task-oriented dialog system. In the context of task-oriented dialog systems,
entrainment behaviors can occur in both users and agents. Users may deviate from their typical
speech, in sync with what they perceive from the agent and agents may change how they talk to
accommodate users: if the user is speaking very slowly, the agent may slow their speech accordingly;
if the agent refers to the parking lot as the parking space, the user may also adopt such wording.

As speakers may entrain in both text and speech, we extract acoustic-prosodic features and

lexical frequencies to test for proximity, convergence and synchrony aspects of entrainment. We

“4Portions of this chapter previously appeared as R. Chen, S. Kim, et al., “Identifying Entrainment in Task-Oriented
Conversations, "ICASSP 2023 - 2023 IEEE International Conference on Acoustics, Speech and Signhal Processing
(ICASSP), 2023. pol: 10.1109/ICASSP49357.2023.10095543
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conduct signi cance tests that reveal changes in speech pitch and frequent words as important
indicators of entrainment. We also note the effect of duration and speaker roles on entrainment. We

expect these ndings will guide us in developing dialog systems to entrain the users.

3.2 Related Work

Much research on entrainment has been done in a variety of conversational settings, including
discussions of married couples about problems in their relationships [81], children adapting their
amplitudes to that of an animated character [82], as well as human-computer interactions. Several
studies have reported promising results when entrainment between the users' and system's voices
took place: [83] reported gains in ASR accuracy when entrainment of speech rate was induced; [84]
also found gains in learning when entrainment between humans and a tutoring system occurred in
pitch and intensity; and [85] showed that entrainment improved rapport and naturalness when a
system shifted the pitch contour of the synthesized speech by the mean pitch of the user. A positive
link was found between entrainment and trust for humans using conversational avatars [86] and
entraining the system's lexical choices to those of user's increased the dialog success rate [87]. Our
study reports evidence of entrainment in a more realistic setup for task-oriented dialog systems,
which are typically much shorter than previously studied entrainment datasets. This makes it much
more challenging to identify entrainment since the degree of entrainment correlates with the length

of conversations [88, 89].

3.3 Dataset

To study the entrainment behaviors in human-human conversations, we analyzed the DSTC10
Track 2 dataset [80], which includes about 45 hours of recordings of 917 spoken task-oriented
dialogues about touristic information for San Francisco. Each dialogue session was collected by
two participants, a user and an agent. While the user-side participant was given a set of speci c
goals to be achieved in each session, the agent-side participant had access to a database to look up

relevant information to provide for particular user requests. Entrainment has been documented in
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longer conversations such as the Columbia Games corpus, in which sessions between two speakers
averaged 45 minutes long [88, 89]. However, our task-oriented conversations are much shorter, with
an average of 24.7 turns (min 5 and max 60), and 3 minutes (min 0.45 and max 7.33). Therefore,
identifying whether entrainment occurs in much shorter conversations is important to help us

incorporate entrainment capabilities into task-oriented human-computer dialogue systems.

3.4 Methods

3.4.1 Entrainment Measures

Following the methods proposed in [88], we evaluate three aspects of entrainment, i) proximity
(do speakers in the same conversation sound more similar?), ii) convergence (do speakers entrain
more over time?), and iii) synchrony (do speakers' behaviors vary in tandem?) For proximity, we
compare the feature differences between partners (participating in the same conversation) with
non-partners via a t-test. If a speaker does not entrain, they are expected to sound uniformly talking
to any random speaker, whereas when entrainment occurs, the partners within the same conversation
adopt each other's text and speech, reducing the feature differences. The partner differences are
therefore smaller than the difference between a random non-partner speaker from the dataset.

The turn-level features are extracted and averaged over all turns within a dialog for both the
agent and the user as session-level featgeesA partner differenceq partneris de ned as the
absolute session-level feature difference between partners in the same conversation. Non-partner
differencesq nonpartner@re calculated by feature differences between any two speakers that are not
in the same conversation. &

Jsth-turj Speaker = B (3.1
8=1

ag=

Inile

q partner= jd8 g wj for B and Bn the same dialog

d nonpartner= jdp g @j for B and Bot in the same dialog
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For convergence, we split each conversation into two halves by the number of turns and compare
partner differences between the rst and the second halves. If speakers entrain more over time, we
expect feature differences to decrease in the second half of the conversation. The half-session-level
featuresq._gare averaged turn-level features in théh half session. We calculate half session
partner differencesy - = jq._g q ._gj and juxtapose those from the same conversations in a
pair-wise t-test.

We calculate the Pearson's correlation coef cient for the turn-level feature differences between
adjacent turns and the rest for levels of synchrony. If speakers entrain over time in synchrony,
speakers may adjust their speech and language in accordance with those of their conversational
partner. For example, if Speaker A's pitch rises, Speaker B's will too and follow similar patterns in

pitch and other features over the course of the conversation.

3.4.2 Speech-based Entrainment Analysis

The acoustic-prosodic features represent the pitch, energy, voice quality and speaking rate of
speakers through 12 features: pitch mean, minimum, maximum, and standard deviation, intensity
mean, minimum, maximum, and standard deviation, jitter, shimmer, harmonics-to-noise ratio (HNR),
and speaking rate [88, 90]. These features are extracted with praat [91] and parselmouth [92] tools
on default parameter settings. The pitch and intensity features are z-score normalized by speaker.

The speaking rate is measured by words per second from human transcripts.

3.4.3 Lexical Entrainment Analysis

Our lexical features include linguistic inquiry and word count (LIWC) [93] category frequencies
as well as the 25 most frequent word counts for the corpus (MFC), the agents (MFA) and the users
(MFU), accounting for the roles of the speakers. Only 25 frequent words are used here due to
the short length of the conversations and thus the sparsity of the text. We use LIWC2015 for the
lexical categories covering linguistic dimensions, psychological processes, personal concerns and

spoken categories [93]. These features are interpretable and shown to be useful representations
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Observation  LIWC Categories

proximity Total function words, 1st person plural, 3rd person plural, Conjunctions, Com-
parisons, Quanti ers, Anger, Sadness, Social processes, Family, Friends, Fe-
male references, Male references, Cognitive processes, Causation, Tentative,
Differentiation, Perceptual processes, Hear, Biological processes, Body, Health,
Ingestion, Power, Relativity, Space, Time, Work, Leisure, Home, Money, Reli-
gion, Death, Swear words, Netspeak, Assent

no proximity  Total pronouns, Personal pronouns, 1st person singular, 2nd person, Impersonal
pronouns, Articles, Prepositions, Auxiliary verbs, Common Adverbs, Nega-
tions, Common verbs, Common adjectives, Interrogatives, Numbers, Affective
processes, Positive emotion, Negative emotion, Anxiety, Insight, Discrepancy,
Certainty, See, Feel, Drives, Afliation, Achievement, Reward, Risk, Past
focus, Present focus, Future focus, Motion, Informal language, Non uencies

convergence 1st person singular, 1st person plural, Impersonal pronouns, Articles, Preposi-
tions, Auxiliary verbs, Interrogatives, Family, Friends, Causation, Tentative,
Certainty, Differentiation, Perceptual processes, See, Biological processes,
Health, Ingestion, Achievement, Power, Past focus, Future focus, Motion,
Space, Leisure, Home, Money, Non uencies

no convergence Total function words, Total pronouns, Personal pronouns, 2nd person, Common
Adverbs, Negations, Common verbs, Common adjectives, Quanti ers, Affec-
tive processes, Positive emotion, Negative emotion, Social processes, Male
references, Discrepancy, Feel, Drives, Reward, Risk, Present focus, Relativity,
Time, Work, Informal language, Assent

Table 3.1: t-test results for LIWC categories. The table shows the categorie8 Wih05 The
rows list the LIWC categories that show proximity, no proximty, convergence, and no convergence,
respectively.

for multi-party entrainment [94]. We calculate the percentage of total words in a conversation that
match each of the LIWC dictionary categories. Because of the sparsity of lexical features, we
only perform analysis of lexical entrainment using session-level proximity and convergence, not

turn-level synchrony.

3.5 Results

Entrainment is found in both the speech and the content of conversations. Despite the brevity of
the conversations, speakers assimilate in their pitches, intensity variations and HNR and converge

on their intensity variations. They also entrain on the frequency of words that are in many LIWC
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Feature Proximity | Convergenge
min pitch 003735 116309
max pitch 8+96402** 132656
mean pitch 383764** |  721694**

sd pitch 3e28754** | 2460738**

min intensity 1.79504* 185953*
max intensity 09323 Qo4 7257+
mean intensity 045932 7°96386*F
sd intensity 24062165**| Qe34142**
jitter 031599 7+99437**

shimmer 045399 205374**

HNR 26°02003** | 280482**
speaking rate 1-00623 4e47165**

Table 3.2: t-test statistics for speech entrainment. *Fo¥ 01 ** for ? Y 0-05and bold for
entrainment. Negative for proximity and positive for convergence.

categories and the most frequent word list.

3.5.1 Entrainment in Speech and Text

Signi cant levels of entrainment are observed in the speech data (Table 3.2). The differences
between partners in the same conversation are smaller than those between non-partners across most
speech features (negative t-statistics for proximity). The t-test indicates signi cant proximity in
pitch max, mean, and standard deviation, intensity standard deviation, and HNR. The t-test on the
same speech features shows less entrainment observed in the convergence measure than proximity,
which may be due to the short length of the conversations in the dataset. The speakers do not have
enough time to produce similar signi cant levels of entrainment as do longer conversations, which
typically exhibit higher assimilation. In Table 3.2 convergence column, a positive t-statistic means
that the second half of these conversations has smaller differences, i.e. speakers converge, whereas
a negative t-statistic means that they diverge. We only observed convergence in intensity standard
deviation at the session level. Most of the other features signi cantly diverge.

For lexical entrainment, as shown in Table 3.1, among the LIWC categories, we nd proximity
in linguistic dimensions (function words, conjunctions), psychological processes (anger, sadness),

personal concerns (work, home) and spoken categories (assent). The high level of proximity in
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Observation 25 Most Frequent Words

proximity MFC: that, the, for, 's, okay, can, have, yeah, there
MFA: that, the, for, 's, okay, yeah, have
MFU: the, that, for, can, 's, okay, have, if, of, there

no proximity ~ MFC: vyou, i, and, me, is, a, it, so, one, uhhh, let, to, do, ummm, in, go
MFA: is, me, you, one, i, let, so, and, it, go, do, see, ahead, right, four, all,
sure, check
MFU: you, i, a, uhhh, and, ummm, to, in, do, place, me, 'm, is, great, it

convergence  MFC: you, i, that, the, and, for, me, is, a, it, so, one, uhhh, 's, let, to, do, can,
ummm, in, have, go, yeah, there
MFA: that, is, me, you, one, i, let, so, and, it, the, for, 's, go, do, see, ahead,
right, yeah, all, sure, have
MFU: the, you, i, a, that, uhhh, for, and, ummm, to, in, can, 's, do, place, me,
'm, have, is, if, of, there, it
no convergence MFU: great

Table 3.3: t-test results for 25 most frequent words for the corpus (MFC), the agents (MFA), and the
users (MFU). The table shows the words wittY 0-05 No words found to signi cantly diverge
for MFC and MFA.

the “assent” category also con rms our speculation that cooperative expressions correlate with
entrainment. Similarly, we observe lexical convergence in a few LIWC categories such as linguis-
tic dimensions (pronouns, articles) and spoken categories (non uencies). The lesser degree of
convergence in lexical features aligns with our nding in speech: both are restricted by the short
duration of the conversations. The frequent words show high convergence and some proximity
(Table 3.3). Top words such as “that" and “you" appear in all three MFC, MFU and MFA groups,
also overlapping with the LIWC categories. Conversational partners assimilate frequencies for
assent words such as “okay" and “yeah" but dissimulate those of pronouns and dis uencies, and
speakers tend to converge on frequent words rather than diverge.

Some categories, such as pronouns, function words, and auxiliary verbs, plausibly re ect stylistic
coordination between speakers and are consistent with prior work on linguistic alignment. These
features are less semantically tied to topic and therefore more likely to indicate conversational
entrainment. In contrast, several content-heavy categories (e.g., Leisure, Money, Work) likely re ect

topical coherence within a task-oriented dialogue rather than entrainment per se. For example, when
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Feature Agent User All Short Long
min pitch 0.09629**| 0.09344** 0.06669*% 0.07204*r 0.06308**
max pitch 0.21015* 0.1765**| 0.18478* 0.22395*F 0.15574**
mean pitch 0.01656| 0.04185% 0.02708%* 0.04359+* 0.01674*

sd pitch 0.10931** 0.10655* 0.09609*% 0.12639* 0.07436%*

min intensity | 0.04438** 0.04382*% -0.00024 -0.0110% 0.00202
max intensity | 0.05345*% 0.04854*f  0.01153] 0.02685f* 0.00759
mean intensity  0.00818 0.00712 0.00088 0.00334 -0.00011
sdintensity | 055497*% 0e55977*F 0045446%* 045526f* 045096**
jitter 0.14807** | 0.13655**| 0.0574** | 0.0677**| 0.04929*}
shimmer 0.12693*% 0.12929*% 0.10921*F 0.09844** 0.11501%*
HNR 0041778**| 0°41613** 0°38746*F 0e3763*] (00392927%*
speaking rate| 0.01459  0.02538f*  0.00933 0.00409 0.01204

Table 3.4: Pearson's correlation test for turn-level speech synchrony entrainmen® ¥fos 1, **

for ? Y 0-05 The columns show correlation coef cient for agent entraining to user, user entraining
to agent, speaker-agnostic synchrony for all turns, short conversatfo8s {urns), and long
conversations ( 25 turns), respectively. jAj 03 moderate or strong correlation are in bold.

both speakers discuss booking tickets or pricing, increased similarity in “Money” terms may arise

from shared task context rather than adaptive behavior.

3.5.2 Entrainment and Speaker Roles

As the speakers play different roles in the conversations, we explore whether and how their roles
affect the degree of entrainment. For agent entrainment, we compare an agent's speech difference
from their user partner's and a corpus averaged agent's speech. We found that the agents entrain to
the users in intensity standard deviation. In a similar method, we found that the users entrain to the
agents in intensity max. In addition to proximity entrainment, we also tested whether an agent's
speech varies with their user partner's. We computed the Pearson's correlation coef cient by pairing
an agent's turn-level speech with a previous turn uttered by the user (the rst column of Table
3.4). The agents' speech is correlated with their respective users' speech in most acoustic-prosodic
features, most notably intensity standard deviation and HNR. Meanwhile, the users also entrain to
their agents (the second column of Table 3.4) and the most correlated features are also intensity

standard deviation and HNR.
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3.5.3 Entrainment and Duration

Prior studies report association of entrainment levels with conversation length. To verify that
longer conversations indeed lead to stronger entrainment, we split the dataset into two bins based on
number of turns: the short conversation set, with 24 turns or fewer (511 conversations), and the long
conversation set, with 25 turns or more (406 conversations). Partner differences are signi cantly
smaller for long conversations in session level pitch max and mean, jitter and HNR, con rming
that longer conversations indeed show higher levels of speech entrainment. We also found weak
correlation between number of turns and partner similarity in features such as pitch, intensity
standard deviation, jitter and HNR. For convergence, short conversations converge in the same
speech features as all data in Table 3.2. Long ones converge on a slightly different set of features,
converging in min intensity but not on pitch standard deviation, shimmer and HNR; otherwise they
are the same as the short conversation set and all data. We compare synchrony entrainment between
short and long conversations, nding results comparable to global turn-level synchrony (Table
3.4). Speech features such as intensity standard deviation and shimmer show moderate positive

correlation.

3.6 Conclusion

Our analysis of entrainment in the DSTC10 dataset demonstrates that entrainment does occur
between speakers in task-oriented but shorter human-to-human conversations, which differ from
previously studied corpus in style, domain and length. Based on the features of speech and lexical
entrainment we have identi ed, we aim to improve the performance of state-of-the-art dialog system
models for similar conversations. For our next step, we will explore other potential factors that
may affect the degree of entrainment in dialogs. It has been shown that the purpose of the turn also
correlates with lexical entrainment levels, and that people tend to entrain more in certain dialog acts,
such as conventional-opening and closing [95]. We hope to identify similar results for dialog acts in

speech data in our future research.
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Part |l

Empathetic Conversations
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Overview

While all human conversation requires coordination and mutual understanding, empathetic
interaction represents a deeply collaborative case: one where alignment is not only structural and
behavioral but also emotional. To respond supportively, an interlocutor must recognize another
person's affective state, comprehend its context, and provide responses that validate and help
regulate that state. Building such capabilities in conversational Al remains a core challenge in
socially aware language technologies.

This part explores computational empathy across multiple dimensions: perception, interpretation,
and response generation. In Chapter 4, we investigate how empathy manifests in speech through
acoustic-prosodic cues and lexical choices, and construct a segment-level multimodal model that
distinguishes empathetic from neutral responses. This work shows that the voice is a critical
channel for emotional attunement and provides insights into how empathy is communicated in real
interactions.

In Chapter 5, we introduce a deeper examination of the inherent complexity of empathy itself.
Empathy is not always expressed consistently across modalities: tone may convey warmth even
when wording is neutral, or facial expressions may contest what is said. Through a framework
based on multimodal model disagreement, we identify and analyze cases that are ambiguous or
contextually nuanced — the very situations where empathy is most needed. Rather than treating
disagreement as error, this work reframes it as a lens into subtle human emotional dynamics and a
driver for more robust empathetic modeling.

In Chapter 6, we shift from understanding empathy to enabling it at scale, addressing the
rapidly evolving landscape of large language models (LLMs) by developing scalable methods for
empathetic data generation. We introduce SYNTHEMPATHY, a psychotherapy-grounded corpus

of 106k rst-person narratives and empathetic responses generated without crowdsourcing. Through
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Chain-of-Empathy prompting, we demonstrate improvements in ne-tuned models' emotional
reaction capabilities and provide a generalizable framework for creating domain-speci ¢ synthetic
data in low-resource areas. This work re ects a broader shift in NLP toward leveraging synthetic
data and instruction-guided models to tackle social understanding tasks that were previously limited
by annotation cost.

Altogether, these contributions advance the view that empathy is not a monolithic signal but a
composite of recognition, interpretation, and expressive alignment. Part [l shows how computational
models can learn to perceive and generate the emotionally collaborative aspects of conversation
— directly building on the structural and interactional foundations established in Part I. This sets
the stage for Part 111, where we consider how these emotionally capable systems can be protected

against misuse and grounded in responsible deployment.
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Chapter 4: Detecting Empathy in Speech

4.1 Introduction

Much research has been done in the past 15 years on creating empathetic responses in text, facial
expressions and gestures in conversational systems. However, little has been done to identify the
speech features that can create an empathetic sounding voice. Empathy is the ability to understand
another's feelings as if we were having those ourselves [96]. It can take several forms: cognitive
empathy or “perspective-taking”, being able to put yourself in another's place — a particularly
useful skill for managers; emotional empathy, actually feeling another person's emotion, also called
“emotional contagion”, which can be overwhelming; and compassionate empathy — understanding
another's pain as if we are having it ourselves and taking action to mitigate problems producing
it [97, 98]. This third category has been found especially useful in dialogue systems and robots,
since empathetic behavior can encourage users to like a speaker more, to believe the speaker
is more intelligent, to actually take the speaker's advice, and to want to speak with the speaker
longer and more often. Compassionate empathy can also be used to improve success in health-care
advice-giving, as well as in negotiations and con ict resolution. Even when humans know that they
are dealing with a computer system, if that system behaves empathetically, users will still like and
trust it more [99].

Producing empathetic responses requires rst identifying a user's emotions to understand the
need for such responses as well as the type of emotion the user is expressing and the reason for
that emotion. Much research has been done to recognize the user's emotion and its cause from the
user's words and sometimes from their speech. Much has also been done to create the appropriate

emotional content of the system response — in some research projects also to provide appropriate

SPortions of this chapter previously appeared as R. Chen, H. Chen, et al., “Detecting Empathy in Speech, "Interspeech
2024, 2024. pol: 10.21437/Interspeech.2024-347
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facial expressions and gestures. But very little work has been done to discover what vocal cues can
be used to create an empathetic-sounding voice. For empathy is more than simple agent emotional
responses: to encourage users to connect with a conversational agent, that agent must present itself
as empathetic even before the user expresses a need.

Our goal is to identify the acoustic-prosodic as well as lexical aspects of speech that convey
empathy — beyond merely producing appropriate emotion to address a user's particular issue or
entraining to the user. We collect a new dataset of empathetic videos. We compare empathetic
speech segments with neutral ones for changes in pitch, intensity, voice quality and speaking rate.
We report empathetic lexical categories, speci city and readability levels. We also study how the

speech features interact with the lexical content through ML modeling.

4.2 Related work

Previous work focused on developing multimodal avatars to produce feelings of engagement
with the user, using different forms of listening behavior: backchannels, turn-ending identi cation,
gestures, eyebrow raising, and other facial expressions. These include [100]'s Rea, a conversational
agent; [101] and [102]'s Virtual Laboratory Exercise Agents, created to improve daily exercise
interactions; [103] and [104]'s Rapport Agents with human-like listening behavior including
backchannels, turn-ending identi cation, smiles and nods; [105]'s Greta, used to evaluate different
methods of combining emotional facial expressions to produce empathy; [106]'s Jade Semantics
Agents which added more empathetic emotions beyond happy and sad in email messages to the
mix; [107]'s development of more rapport-building strategies using non-verbal behavior.

While text-based empathetic chatbots have been created to detect and address users' negative
emotions [108] and generate empathetic responses [5], little work has been done focusing on
the speech aspect of empathy. Multimodal approaches incorporating text, audio, and speaker
information have proven effective in predicting session-level empathy ratings [27, 109]. For turn-
level empathy, [110] discovered that both pitch and intensity (loudness) were lower for both male and

female speakers in empathetic speech than in neutral speech on their collected corpus of empathy
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and emotion labels on Italian call center conversations. More recent studies have investigated
empathy in Cantonese [111], and Japanese [29], yet no publicly available speech dataset in English
has been released.

In this work, we aim to identify empathetic speech using both acoustic-prosodic and lexical
features of English YouTube video data. We have collected a large number of these and annotated
segments in them as empathetic, neutral, or anti-empathetic in what is said and how it is said, as
well as many other features of the videos to identify which are most watched and liked as well as
different stages of empathetic speech. In contrast to previous empathy studies where training data
were con dential, our dataset is sourced from publicly available video platform and will be made

accessible for future research.

4.3 Dataset

4.3.1 Data Collection

We have collected an empathetic dataset consisting of 346 English videos and about 53 hours in
total® The key dataset statistics are summarized in Table 4.1. These were manually collected from
Youtube through keyword searches, such as “empathy"” and “empathetic training" from 2020 to
2022. They include empathy training videos, acted therapy sessions, TV shows, movies, interviews
and TED Talks. The videos comprise 38% spontaneous and 62% acted speech. We identify
metadata from video platform APIs, including video and channel information and viewer likes and
comments. We also annotate additional information such as video category, speaker number and
gender, language, intended audience, and emotions expressed. Each video is rated by at least three

expert annotators as “empathetic”, “neutral” or "anti-empathetic" and taken the majority vote.

6Code and data are released at: https://github.com/run-chen-nlp/empathy
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