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Abstract001

Prosodic features such as pitch, timing, and002
intonation are central to spoken communica-003
tion, conveying emotion, intent, and discourse004
structure. In text-based settings, where these005
cues are absent, emojis act as visual surrogates006
that add affective and pragmatic nuance. This007
study examines how emojis influence prosodic008
realisation in speech and how listeners inter-009
pret prosodic cues to recover emoji meanings.010
Unlike previous work, we directly link prosody011
and emojis by analysing human speech data col-012
lected through a controlled elicited production013
task1. Using Bayesian multilevel modelling,014
we show that speakers systematically adapt015
their prosody based on emoji cues, and that016
listeners can recover intended meanings sig-017
nificantly above chance. Furthermore, our re-018
sults reveal a clear hierarchy in prosodic shifts:019
greater semantic differences between emojis020
correspond to increased prosodic divergence.021
These findings suggest that emojis are mean-022
ingful carriers of prosodic intent that bridge the023
gap between digital text and spoken production.024

1 Introduction025

In spoken language, prosody, encompassing pitch,026

rhythm, and intonation, and other paralinguistic027

features, plays a crucial role in conveying linguis-028

tic nuances and socio-emotional cues (Cole, 2015;029

Hellbernd and Sammler, 2016; Ward and Levow,030

2021). Acting as a dynamic carrier of information,031

prosody enriches spoken communication by mod-032

ulating affect, signalling discourse structure, and033

shaping listener expectations. However, the shift to-034

ward computer-mediated communication presents035

challenges: text-based interaction strips away vital036

non-verbal elements like intonation, gesture, and037

facial expression, essential to holistic interpretation038

(Archer and Akert, 1977; Crystal, 2001).039

To compensate for this loss, users of digital com-040

munication platforms increasingly rely on emojis,041

1The data will be publicly released for research purposes.

Figure 1: Prosodic variations for the sentence “The text
‘I miss you’ got me dying” across three emoji contexts.
Each subplot displays the pitch (solid blue, Hz) and
intensity (dashed orange, dB) contours.

which enrich digital communication by offering a 042

visual medium for expressing emotions (Gülşen, 043

2016) and conveying semantic meanings (Na’aman 044

et al., 2017), transcending textual constraints. Their 045

interpretive flexibility, however, raises intriguing 046

questions about their relationship to prosody. Prior 047

research has shown that prosodic features cannot be 048

fully recovered from text alone (Wolf et al., 2023). 049

This leads to a compelling inquiry: can emojis, em- 050

bedded in otherwise static written language, serve 051

as mediators for prosodic intent, compensating for 052

the absence of vocal cues? Specifically, we investi- 053

gate the following research questions: 054

RQ1: Do emojis influence how prosodic fea- 055

tures are expressed in spoken language? 056
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RQ2: Can listeners interpret prosodic cues to057

recover intended emoji meanings in speech?058

RQ3: How does inter-speaker similarity in059

prosodic realisation relate to listener interpretation060

of emoji meaning?061

RQ4: Is there a correlation between the seman-062

tic distance of emojis and the magnitude of the063

prosodic shift in their vocal delivery?064

To investigate these questions, we conducted065

four online experiments to collect a dataset of066

emoji-enriched speech and listener perception data067

(Figure 1). We employed a design that holds lexical068

content constant across emoji conditions to isolate069

the influence of emojis on prosody, thereby pre-070

venting confounding effects from varying syntax071

or vocabulary. While this involves reading specific072

sentences rather than recording spontaneous con-073

versations, we do not instruct participants on how074

to deliver the text or focus on the emojis. This075

approach captures a broad range of naturalistic ex-076

pressive strategies while ensuring that observed077

prosodic shifts reflect authentic interpretations of078

emoji meaning.079

Our results demonstrate that emojis consistently080

invite prosodic modulation across diverse speakers,081

even with constant verbal content. This variation082

is often sufficient for listeners to recover intended083

emoji meanings significantly above chance. We084

find that prosodic convergence, where different085

speakers independently produce similar contours086

for the same emoji, significantly boosts listener suc-087

cess. This suggests that shared prosodic intuitions088

facilitate robust interpretation. Finally, our analysis089

reveals a hierarchy in prosodic shifts. The mag-090

nitude of prosodic change correlates with emoji091

semantic distance, as greater semantic dissimilar-092

ity between emojis leads to systematically larger093

prosodic divergence.094

2 Background095

2.1 Emoji Interpretation096

Emojis constitute a pervasive form of digital par-097

alanguage: graphical cues that represent the non-098

verbal behaviours, such as facial expressions and099

gestures, intrinsic to face-to-face interaction (Al-100

shenqeeti, 2016). From a psychological perspec-101

tive, emojis do not merely decorate text but ac-102

tively modulate affective processing. They have103

been shown to trigger cognitive responses in the104

receiver similar to those elicited by physical facial105

expressions, thereby influencing social attributions 106

of the sender, such as perceived warmth, trust, and 107

sincerity, and promoting a sense of social presence 108

(Boutet et al., 2021). 109

Beyond their social impact, emojis serve criti- 110

cal pragmatic functions by acting as illocutionary 111

force indicators. They allow users to clarify intent 112

and manage face-threatening acts, such as soften- 113

ing a critique or signalling irony, which are tasks 114

typically reserved for vocal nuance (Li and Yang, 115

2018; Holtgraves and Robinson, 2020). However, 116

this interpretive process is fraught with ambiguity. 117

While literal meanings are relatively stable across 118

languages, figurative is closely intertwined with 119

the sentiment of the context (Zhou et al., 2024a). 120

Despite the presence of contextual cues intended to 121

clarify intent, empirical evidence shows that misin- 122

terpretation persists, suggesting that emojis remain 123

a high-variance channel that context alone cannot 124

resolve (Miller et al., 2017; Czkestochowska et al., 125

2022). 126

2.2 Prosody in Speech Processing 127

Prosody encompasses the suprasegmental features 128

of speech that operate beyond individual phonemes, 129

such as intonation, rhythm, pitch, and timing 130

that structure discourse and convey speaker intent 131

(Lehiste and Lass, 1976; Gerken and McGregor, 132

1998). While speech processing systems often pri- 133

oritise lexical cues, especially in cascade pipelines 134

where prosodic nuance is lost during transcrip- 135

tion (Zhou et al., 2024b; Tsiamas et al., 2024), 136

research shows that these cues can independently 137

support tasks like spoken question-answering, emo- 138

tion recognition, and speaker profiling (Hirschberg, 139

2002; Chi et al., 2025). 140

This importance extends to speech synthesis, 141

where naturalness depends on accurate prosodic 142

modelling. Recent efforts have focused on this by 143

implementing expressive prosody transfer (Skerry- 144

Ryan et al., 2018) and modelling human-like 145

rhythm to improve listener engagement in Text- 146

to-Speech (TTS) systems (Kane et al., 2024). 147

2.3 Prosody and Emojis 148

Given that emojis function as pragmatic substitutes 149

for non-verbal cues, they present a unique oppor- 150

tunity to recover the prosodic intent lost in text. 151

Prior research suggests conceptual parallels, liken- 152

ing emojis to written intonation or visual facial ex- 153

pressions (James, 2017) that highlight information 154

focus or compensate for a lack of vocal expressivity 155
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(Wagner, 2016; Hu et al., 2019; Kaiser, 2021).156

Despite these theoretical links, empirical analy-157

sis of how emojis influence the acoustic realisation158

of speech is limited. While some work has pro-159

posed emojis as graphical surrogates for prosody160

based on surveys (Alnuzaili et al., 2024), or used161

emoji-enriched speech to increase the variance of162

TTS systems (Tuttösí et al., 2025), research has163

yet to characterise the systematic prosodic adapta-164

tions human speakers make in response to differ-165

ent emoji semantics. In contrast, our study exam-166

ines how speakers naturally modulate their acoustic167

prosody when encountering emoji-enriched utter-168

ances. By analysing real human speech, we provide169

empirical evidence that emoji semantics directly170

influence prosodic expression, bridging the gap171

between symbolic digital cues and spoken produc-172

tion.173

3 Methods174

3.1 Data Collection175

To investigate our research questions, we conducted176

four online experiments2, with each experiment em-177

ploying a unique pool of participants. To isolate the178

influence of emojis on prosody, we employed a de-179

sign that holds lexical content constant across con-180

ditions. While this involves elicited speech rather181

than spontaneous conversation, this approach is182

necessary to generate the parallel data required to183

compare how the same lexical string is transformed184

by different emoji contexts, a phenomenon rarely185

captured in naturalistic corpora.186

The experimental framework is built upon a base187

corpus of 230 unique utterances, each of which188

originally contained at least one emoji. These were189

manually selected and edited from publicly avail-190

able user-generated textual content to cover a broad191

range of topics (e.g., music, gaming, film) and di-192

verse emoji usage. All selected utterances were193

specifically screened to ensure they remained natu-194

ral when spoken aloud.195

Experiment 1: Utterance-Emoji Stimulus196

The objective of Experiment 1 was to construct a197

collection of utterances with identical lexical con-198

tent but varying emoji usage. Participants were199

presented with the base utterances (with original200

emojis removed) and instructed to create up to five201

variations per sentence by inserting different emo-202

2Appendix G for full instructions and Appendix B for data
summaries.

jis to alter the emotional tone or interpretation. To 203

ensure variety, they were advised against using 204

emojis with highly similar meanings for the same 205

utterance. Each utterance was annotated indepen- 206

dently by two annotators, resulting in 1,595 unique 207

emoji-augmented stimuli. 208

Experiment 2: Emoji-Influenced Prosodic Data 209

We collected a corpus of emoji-influenced speech 210

by asking participants to read a subset of the stimuli 211

annotated in Experiment 1. Each speaker recorded 212

approximately 25 utterances, ensuring they pro- 213

duced at least two distinct variations of each base 214

sentence (including a non-emoji control version). 215

To minimise bias in prosodic expression, partic- 216

ipants were not informed of the focus on emo- 217

jis. Following the recordings, participants sum- 218

marised the perceived meaning of each emoji in 219

one word to verify their engagement and interpre- 220

tation. The final dataset comprised 3,153 valid 221

recordings from 129 speakers. To account for po- 222

tential sources of variance in our analysis, we also 223

collected demographic data, including age, gender, 224

and self-reported general emoji usage (measured 225

on a scale of 1–5). Additionally, participants re- 226

ported their recording hardware (headset, mobile 227

device, or built-in computer microphone). 228

Experiment 3: Judging Prosodic Variation 229

Within Speakers 230

To test listeners’ perception of prosodic changes 231

within the same speaker, we sampled 645 recording 232

pairs which had identical lexical content. These 233

pairs represented two distinct contrast types: Dual 234

Emoji, comparing two emoji renditions (e.g., Text + 235

vs. Text + ) and Single Emoji, comparing an 236

emoji rendition against an emoji-free baseline. For 237

each pair, listeners: judged whether the recordings 238

differed in prosodic realisation (RQ1), and matched 239

each recording to its corresponding emoji (RQ2). 240

Listeners were instructed to focus on vocal expres- 241

siveness and ignore recording artefacts. Each pair 242

received judgments from an average of three anno- 243

tators. Consistent with Experiment 2, we collected 244

demographic data from these listeners, including 245

age, gender, and general emoji usage (scale 1-5). 246

Experiment 4: Identifying Shared Prosody 247

Across Speakers 248

Experiment 4 investigated whether inter-speaker 249

similarity in prosodic realisation, or prosodic con- 250

vergence, facilitates the interpretation of emoji 251
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Predictor Est. (β) 95% CI

(Intercept) -0.25 [-0.66, 0.15]
Age -0.04 [-0.16, 0.07]
Gender (Female) 0.16 [-0.12, 0.44]
Mic (Headset) 0.10 [-0.26, 0.46]
Mic (Mobile) -0.15 [-0.42, 0.12]
Emoji Use 0.18 [0.06, 0.30]
Contrast Type (Dual) 0.29 [0.03, 0.55]

Table 1: Model 1 results for perceived prosodic differ-
entiation. Bold indicates 95% Credible Intervals that
strictly exclude zero.

meaning (RQ3). To ensure sufficient expressive252

range, we excluded speakers who demonstrated253

low prosodic variation in Experiment 3 (see Sec-254

tion 4.2). The final stimulus set comprised 49255

inter-speaker audio pairs, each consisting of record-256

ings of the same sentence and emoji produced by257

two different speakers. Participants performed two258

tasks: judging the prosodic similarity of the record-259

ings, and matching each recording to either the tar-260

get emoji or a random distractor. Crucially, while261

both recordings in a pair shared the same target262

emoji, participants were not informed of this fact.263

Each pair received judgments from an average of264

four annotators. As in Experiments 2 and 3, we265

collected demographic data from these listeners,266

including age, gender, and general emoji usage.267

3.2 Statistical Analysis268

To evaluate our research questions, we imple-269

mented Bayesian linear mixed-effects regression270

models (Appendix A). This framework allows us271

to directly quantify the strength of evidence for272

our hypotheses by estimating the full probability273

distribution of our parameters. We modelled the274

influence of emoji cues on both vocal production275

and listener perception, including the accuracy of276

recovering intended meanings. By including ran-277

dom effects for speakers, listeners, and specific278

utterances, we ensured that our results account for279

individual expressive variability and the inherent280

prosodic differences between sentences.281

4 Prosody in Emoji-Enriched Speech282

4.1 Speaker Variation in Prosodic Expression283

Our first inquiry examines whether emojis elicit284

prosodic variation (RQ1). We analysed data from285

Experiment 3, where listeners compared pairs of286

recordings produced by the same speaker. To quan- 287

tify this effect, we modelled listener judgments 288

using a Bayesian multilevel logistic regression: 289

Model 1: PerceivedVariation ∼ Age + 290

Gender + Mic + EmojiUse + ContrastType + 291

(1 | Utterance) + (1 | Listener) 292

In this model, PerceivedVariation is the bi- 293

nary response variable (whether the two recordings 294

sounded different or not), while ContrastType 295

(Single vs. Dual Emoji comparisons), self-reported 296

EmojiUse, and speaker demographics serve as the 297

fixed effects. 298

The results, detailed in Table 1, provide a nu- 299

anced answer to RQ1. The influence of emojis 300

appears to be a capacity that varies significantly 301

between individuals. While most speakers ex- 302

hibit moderate variation, there is significant spread, 303

with clear tails of highly expressive and highly 304

monotonous speakers (see Appendix B.1). Model 305

1 helps explain this variance through EmojiUse 306

(β = 0.18, CI[0.06, 0.30]). The positive effect 307

suggests that for frequent emoji users, the parallel 308

between emoji semantics and prosody is stronger, 309

leading to more distinct acoustic signals. Further- 310

more, ContrastType systematically influenced de- 311

tectability. The positive coefficient for Dual Emoji 312

trials (β = 0.29, CI[0.03, 0.55]) indicates that lis- 313

teners were significantly more likely to detect a dif- 314

ference when comparing two distinct emojis than 315

when comparing an emoji utterance against a neu- 316

tral baseline. This implies that the prosodic modifi- 317

cations speakers make are not binary. Instead, the 318

signal is graded, becoming most acoustically dis- 319

tinct when speakers must actively differentiate be- 320

tween conflicting states. These findings verify the 321

existence of the parallel proposed in RQ1: emojis 322

can and do influence prosodic expression. However, 323

this influence is not uniform. Instead, emojis func- 324

tion as an expressive resource that is modulated by 325

the speaker’s digital fluency and the communicative 326

necessity of the contrast. 327

4.2 Listener Interpretation of Prosodic 328

Variation 329

Beyond mere production, we investigated whether 330

these variations effectively communicate symbolic 331

intent and allow listeners to recover intended emoji 332

meanings (RQ2). We tested this using a second 333

model: 334

Model 2: IdSuccess ∼ SpeakerExpressivity 335

+ ContrastType + (SpeakerEmojiUse × 336
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Predictor Est. (β) 95% CI

Model 2: Intra-speaker Identification (RQ2)
(Intercept) -0.16 [-0.45, 0.11]
Speaker Expressivity 0.24 [0.10, 0.38]
Contrast Type (Dual) 0.03 [-0.27, 0.32]
Speaker Emoji Use 0.05 [-0.09, 0.19]
Listener Emoji Use -0.15 [-0.31, 0.01]
Speaker×Listener Use 0.09 [-0.05, 0.23]

Model 3: Inter-speaker Identification (RQ3)
(Intercept) -1.79 [-3.38, -0.17]
Perceived Similarity (Yes) 2.42 [1.66, 3.22]

Table 2: Model 2 (intra-speaker) and Model 3 (inter-
speaker) results for emoji identification success. Bold
indicates 95% Credible Intervals that strictly exclude
zero.

ListenerEmojiUse) + (1 | Utterance) +337

(1 | Listener)338

In this model, IdSuccess denotes the cor-339

rect assignment of emoji meanings to both340

recordings in the pair. Key predictors in-341

cluded SpeakerExpressivity (a proxy for ex-342

pressive bandwidth derived from Experiment 3),343

ContrastType (Dual vs. Single), and the inter-344

action between speaker and listener EmojiUse to345

test for shared digital fluency effects. Model 2346

(Table 2) revealed a baseline identification proba-347

bility of P (IdSuccess) ≈ 0.46 (Intercept = −0.16).348

Although the intercept coefficient includes zero (in-349

dicating a probability near 50%), this value sits350

significantly above the 25% chance level3, confirm-351

ing that the task was generally performable.352

The primary driver of communicative success353

was Speaker Expressivity: for every standard de-354

viation increase in a speaker’s prosodic differenti-355

ation, the log-odds of correct emoji identification356

increased reliably (β = 0.24, CI[0.10, 0.38]). In-357

terestingly, while Contrast Type was a major factor358

in the perception of differences (Model 1), it did359

not reliably impact identification success in Model360

2 (β = 0.03, CI[−0.27, 0.32]). This suggests that361

once a prosodic difference is detected, the intended362

meaning is equally recoverable whether comparing363

two different emojis or an emoji against a neutral364

baseline. Additionally, the lack of a reliable inter-365

action between speaker and listener emoji familiar-366

ity indicates that this communication is mutually367

intelligible regardless of digital background, rely-368

3Chance performance is 25% based on the four possible
emoji assignment combinations available to the listener (Log-
odds ≈ −1.1).

ing instead on universal expressive mechanisms. 369

These findings address RQ2 by demonstrating that 370

while listeners can interpret prosodic cues to re- 371

cover emoji meanings significantly above chance, 372

the success of this communication is not universal; 373

rather, it is a high-variance channel that depends 374

largely on the individual speaker’s ability to encode 375

pragmatic intent into vocal variation. 376

4.3 Prosodic Convergence and Emoji 377

Interpretation 378

RQ3 shifts focus to the inter-speaker dynamics ex- 379

plored in Experiment 4. Specifically, we investi- 380

gated whether prosodic convergence, defined as 381

instances where different speakers independently 382

produce similar contours for the same emoji, fa- 383

cilitates higher listener accuracy. To test this, we 384

modelled the relationship between the listener’s per- 385

ception of similarity and their ability to correctly 386

identify the emoji using a third Bayesian model: 387

Model 3: IdSuccess ∼ PerceivedSimilarity 388

+ (1 | Utterance) + (1 | Listener) + 389

(1 | SpeakerA) + (1 | SpeakerB) 390

The fixed effect PerceivedSimilarity is a 391

binary predictor indicating whether the listener 392

judged the recordings from the two speakers as 393

sounding prosodically similar. Random effects 394

account for variance across utterances, listeners, 395

and the two unique speakers involved in each 396

pair (SpeakerA and SpeakerB). The regression 397

results, presented as Model 3 in Table 2, con- 398

firm that perceived similarity is a robust predic- 399

tor of successful emoji recovery. The model 400

found a significant positive effect for similarity 401

(β = 2.42, 95% CI [1.66, 3.22]). This result sug- 402

gests that listeners are approximately 11 times 403

more likely to achieve discriminative success when 404

speakers converge on a shared prosodic signature. 405

Even after controlling for random variation, the 406

evidence for this effect remained extreme with a 407

posterior probability of 1.0. These findings pro- 408

vide a direct answer to RQ3 by demonstrating that 409

inter-speaker similarity in prosodic realisation is 410

fundamentally tied to listener interpretation suc- 411

cess. When speakers independently converge on 412

a shared prosodic strategy, listener recovery of 413

intended meaning improves significantly. How- 414

ever, communicative success is notably more frag- 415

ile when prosodic strategies diverge. In such cases, 416

listeners often perceive the recordings as sounding 417

different and prefer to assign distinct emoji mean- 418
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ings to each, reflecting the increased uncertainty419

caused by a lack of prosodic agreement (further420

details in Appendix B.3). Thus, while emoji vocal-421

isation reflects a stable and shared paralinguistic422

code that can ensure semantic intent remains recov-423

erable across different voices, its effectiveness is424

largely contingent on whether speakers align their425

prosodic intuitions.426

5 Prosodic Distance and Emoji Semantic427

Variations428

This section investigates how emoji semantics in-429

fluence prosodic variation. To address RQ4, we test430

the hypothesis that prosodic differences are greater431

when associated emojis belong to distinct semantic432

categories than when they share a category. Addi-433

tionally, we examine whether the inclusion of an434

emoji in a previously emoji-free sentence induces435

greater prosodic change than switching between436

emojis within the same semantic group.437

5.1 Emoji Semantic Categories438

Accurately categorising emojis poses a challenge439

because standard groupings, such as Unicode emoji440

groups and subgroups4, do not always reflect the441

communicative or semantic similarities perceived442

by users (e.g., and belong to the “face-443

affection” subgroup). To address this, we de-444

rived emoji embeddings from participant intents445

(Experiment 1) and interpretations (Experiment446

2). Despite individual variation, these embeddings447

showed strong correlations between intents and448

interpretations, indicating a substantial shared un-449

derstanding of the communicative roles of emojis450

(see Appendix E for detailed analysis).451

To identify meaningful semantic groups, we per-452

formed unsupervised clustering on the interpre-453

tation embeddings using HDBSCAN (Campello454

et al., 2013) with a minimum cluster size of 3 (see455

Appendix F for further discussion). Based on these456

clusters, we established three experimental con-457

ditions for our prosodic analysis: recording pairs458

where emojis belong to different semantic clusters459

4https://unicode.org/Public/emoji/16.0/emoji-test.txt

(Diff); recording pairs where emojis belong to the 460

same semantic cluster. (Same); pairs consisting 461

of an emoji-free recording matched with an emoji- 462

enriched version of the same utterance (Added). 463

All relevant recording pairs were extracted and 464

categorised accordingly, excluding speakers with 465

minimal prosodic differentiation (≤ 30%, as iden- 466

tified in Section 4.1). 467

5.2 Methodology 468

For each recording, we extracted multiple prosodic 469

features to capture variation across several dimen- 470

sions. Pitch contours were estimated using the 471

FCNF0++ model (Morrison et al., 2023), and in- 472

tensity was calculated via the Praat Parselmouth 473

interface (Jadoul et al., 2018). To account for vary- 474

ing recording lengths, we employed Dynamic Time 475

Warping (DTW) to align pitch and intensity con- 476

tours. From these paths, we derived a Temporal 477

Warping metric defined as the percentage of non- 478

diagonal steps in the alignment to quantify rhyth- 479

mic divergence and local temporal distortion. Ad- 480

ditionally, we calculated the absolute difference in 481

speech rate (characters per second) as a measure 482

of global articulation speed via the Stopes toolkit 483

(Seamless Communication et al, 2023). 484

Beyond raw acoustic features, we extracted 485

prosodic embeddings from the 7th layer of the 486

Masked Prosody Model (Wallbridge et al., 2025). 487

These frame-wise, 256-dimensional representa- 488

tions are explicitly trained to model pitch, energy, 489

and voice activity. Distances between these se- 490

quences were computed using multivariate DTW 491

to capture holistic prosodic divergence across these 492

latent dimensions. 493

To determine if the magnitude of the prosodic 494

shift varies systematically according to emoji se- 495

mantic relationships (RQ4), we employed Bayesian 496

linear mixed-effects regression. We fitted separate 497

models for each acoustic feature using the follow- 498

ing specification: 499

Model 4: ProsodicDistance ∼ 500

SemanticRelation + (1 + SemanticRelation 501

| Speaker) + (1 | Utterance) 502

The dependent variable, ProsodicDistance, 503

represents the calculated acoustic difference be- 504

tween the recordings. To satisfy normality assump- 505

tions and facilitate direct comparison across fea- 506

tures, all distance metrics were log-transformed 507

and Z-standardised prior to fitting. The fixed ef- 508

fect, SemanticRelation, categorises the pairing 509
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Hypothesis Est. (β) 95% CI ER

Embeddings
Distinct > Added 0.10 [0.05, 0.14] >100
Same < Added 0.05 [-0.03, 0.13] 0.2
Distinct > Same 0.05 [-0.02, 0.12] 6.2

Intensity
Distinct > Added 0.06 [0.02, 0.11] 63.0
Same < Added -0.01 [-0.09, 0.08] 1.2
Distinct > Same 0.07 [-0.01, 0.15] 12.1

Character Speech Rate
Distinct > Added 0.09 [0.00, 0.19] 21.2
Same < Added -0.01 [-0.20, 0.18] 1.1
Distinct > Same 0.10 [-0.07, 0.28] 5.1

Temporal Warping
Distinct > Added 0.04 [-0.04, 0.12] 3.3
Same < Added -0.08 [-0.22, 0.06] 5.1
Distinct > Same 0.12 [-0.01, 0.25] 12.9

Pitch
Distinct > Added 0.02 [-0.05, 0.09] 2.2
Same < Added -0.01 [-0.13, 0.11] 1.3
Distinct > Same 0.03 [-0.08, 0.15] 2.2

Table 3: Model 4 results for prosodic shifts across se-
mantic conditions relative to the ‘Added’ baseline. ER
= Evidence Ratio. Bold indicates 95% credible intervals
that strictly exclude zero (certainty of non-zero magni-
tude). Underline indicates ER > 3 (substantial evidence
for directionality).

as Added Emoji (Baseline), Same Category (Con-510

gruent), or Distinct Category (Divergent). The ran-511

dom effects structure included random intercepts512

for speakers and utterances, as well as by-speaker513

random slopes for SemanticRelation to capture514

individual variability in prosodic strategies.515

5.3 Results516

Table 3 summarises the posterior estimates and ev-517

idence ratios for each acoustic feature. Given the518

high inter-speaker variability inherent in prosodic519

realisation, we provide both 95% Credible Inter-520

vals (CI) and Evidence Ratios (ER) to distinguish521

between certainty of effect magnitude and proba-522

bility of effect direction. Following Jeffreys’ scale523

(Jeffreys, 1998), we interpret an ER > 3 as “sub-524

stantial” and > 10 as “strong” evidence for a direc-525

tional shift, allowing for the identification of con-526

sistent trends in cases where high variance causes527

the 95% CI to overlap zero.528

We observed a clear hierarchy where prosodic di-529

vergence was largest for Distinct Category pairings,530

while Same Category pairings clustered near the531

Feature - - -

Embeddings 6.03 6.14 6.18
Intensity 0.58 0.58 0.53
Speech Rate 1.28 1.68 0.58
Temp. Warp 4.38 4.48 4.45
Pitch 1.49 2.67 2.60

Table 4: Prosodic distances between three recordings
of the sentence “The text ‘I miss you’ got me dying”,
spoken by a single participant with different emoji cues.
Bolded values indicate the highest distance within each
row.

Added Emoji baseline. This “conflict effect” was 532

supported by very strong directional evidence in 533

the Prosodic Embeddings (β = 0.10,ER > 100), 534

driven by a robust increase in Intensity (β = 535

0.06,ER = 63.0) and a high directional probabil- 536

ity for increased Speech Rate (ER = 21.2) relative 537

to the baseline. Crucially, speakers also differen- 538

tiated conflict from congruence: Distinct pairs ex- 539

hibited greater Temporal Warping (ER = 12.9) 540

and Intensity (ER = 12.1) than Same pairs, indi- 541

cating moderate to strong directional evidence for 542

prosodic differentiation. Conversely, synonymous 543

emojis functioned as prosodic stabilisers, showing 544

negligible deviation from the baseline (ER ≈ 1.2) 545

and even a potential reduction in temporal warp- 546

ing (β = −0.08,ER = 5.1). Notably, while raw 547

Pitch Distance showed the expected directionality 548

(Distinct > Added), the evidence was inconclu- 549

sive due to high variance (ER ≈ 2.2). This stands 550

in contrast to Intensity, which provided a robust 551

univariate signal, and the Prosodic Embeddings, 552

which showed very strong differentiation. This dis- 553

crepancy likely stems from the acoustic fragility 554

of raw pitch tracking: features like creaky voice 555

or irregular phonation, which are common in ex- 556

pressive speech, introduce noise that obscures the 557

DTW signal. 558

6 Discussion 559

6.1 Prosodic Differentiation Across Emojis 560

Figure 1 illustrates prosodic modulation (RQ1) for 561

the sentence “The text ‘I miss you’ got me dying” 562

across three emoji contexts. 563

The and versions exhibit comparable 564

high, sustained pitch contours, though is more 565

compressed in duration. In contrast, the version 566

diverges with a rising pitch on “you” and a sarcas- 567

tic profile reinforced by a loudness spike on “got”. 568
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These observations align with the log-transformed569

distances in Table 4. The semantically similar570

– pair shows minimal prosodic distance, while571

the – pair exhibits the highest divergence572

in temporal alignment and pitch contours. These573

results align with the broader hierarchy identified574

in Model 4 regarding the overall magnitude of di-575

vergence. While the general model indicates that576

distinct categories drive larger shifts globally, this577

specific case illustrates the divergence primarily578

through pitch and timing.579

6.2 Semantic Overlap and Expressive580

Limitation581

While many speakers modulate prosody in re-582

sponse to emojis, others produce similar patterns583

across different emoji conditions. These overlaps584

raise questions about whether they stem from mean-585

ingful semantic similarities or individual expressive586

limitations, a distinction that is particularly chal-587

lenging when lexical content implies a dominant588

tone.589

Semantic redundancy often explains this lack of590

contrast. For instance, in utterances like “Happy591

birthday, have a great day” or “He started salsa592

dancing,” the inherent positivity of the text aligns593

closely with emojis such as , , or . In594

these cases, the lack of prosodic differentiation595

likely reflects shared affective intent or semantic596

alignment rather than a failure to encode the cue.597

Conversely, other examples suggest expressive con-598

straints. The sentence “Welp, this is gonna hurt599

to watch” was read in an emotionally flat manner600

for both and despite their divergent tones601

of nervous tension and sadness. Such instances602

may reflect a difficulty or unwillingness to encode603

nuanced emotional distinctions in prosody, or a604

mismatch between the emoji and the speaker’s per-605

sonal interpretation.606

Together, these examples highlight a central chal-607

lenge for RQ1: similar prosody across conditions608

may reflect semantic overlap, speaker limitations,609

or the deliberate downplaying of emoji cues. Dis-610

entangling these factors is methodologically diffi-611

cult and would require detailed manual inspection612

alongside speaker-level analysis.613

6.3 Prosodic Divergence and Interpretation614

Failure615

Finally, we consider a case where prosodic strate-616

gies fail to support accurate listener interpretation617

(RQ2/RQ3) involving the sentence “I’m not sur-618

prised ”, where is the intended emoji and 619

the random alternative in Experiment 4. 620

The first speaker produced a lowering pitch con- 621

tour with a subtle lengthening on “surprised”, giv- 622

ing the utterance a flat, resigned tone signalling 623

emotional detachment rather than shock. Post- 624

hoc interpretation revealed the speaker viewed the 625

emoji as representing “shame,” indicating a mis- 626

alignment between their internal representation of 627

and its conventional use. The second speaker 628

used a faster tempo and sharper accents that were 629

perceived as sarcastic rather than alarmed. Listen- 630

ers in both cases favoured the emoji, likely due 631

to the mismatch between these prosodic cues and 632

the semantics of the target emoji. 633

This example highlights several key challenges. 634

Prosodic strategies vary widely between speakers 635

and may not always align with shared semantic 636

expectations. Furthermore, listener interpretation 637

depends not only on prosodic cues but also on cul- 638

turally or contextually anchored understandings of 639

emoji meaning. Even when prosody is used expres- 640

sively, its communicative intent can remain opaque 641

without a clear shared mapping between prosodic 642

form and emoji semantics. These failures reinforce 643

our Model 3 findings, demonstrating that success- 644

ful communication is contingent on speakers and 645

listeners aligning their paralinguistic intuitions. 646

7 Conclusion 647

This work provides the first systematic evidence 648

linking emoji semantics to prosodic expression and 649

interpretation in speech. We establish that emo- 650

jis act as mediators of prosodic intent, allowing 651

speakers to encode pragmatic nuance into other- 652

wise static text. Our results reveal a hierarchy in 653

this process: the magnitude of prosodic divergence 654

is systematically governed by the semantic distance 655

between emojis, with intensity and timing serving 656

as primary acoustic carriers of emoji-driven intent. 657

Finally, we demonstrate that these modulations en- 658

able listeners to recover intended meanings with 659

accuracy significantly above chance. 660

Beyond these findings, this study highlights emo- 661

jis as a structured paralinguistic layer bridging the 662

gap between digital text and spoken production. 663

Future work could leverage these emoji–prosody 664

mappings to enhance multimodal embeddings or 665

drive acoustic emoji prediction, positioning emojis 666

as vital tools for modelling the nuances of human 667

communication. 668
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Limitations669

While our empirical analysis establishes a robust670

baseline for emoji-driven prosody, this study repre-671

sents an initial exploration rather than an exhaus-672

tive account. First, we prioritised lexical control673

via elicited reading over spontaneous conversation.674

Although participants received no instructions to675

focus on emojis, the resulting prosody may be more676

deliberate than in casual speech. Second, untrained677

speakers exhibited significant variation in expres-678

sivity. While our Bayesian models accounted for679

individual baselines, we observed that the clarity680

of prosodic cues is graded and varies by speaker,681

rather than being uniform across the population.682

Furthermore, our curated stimuli may introduce683

selection bias, and we did not control for cross-684

platform emoji rendering. Finally, as this work685

is restricted to British English, findings may not686

generalise to languages with distinct prosodic or687

pragmatic norms.688

Ethical Considerations689

This research was approved by a departmen-690

tal ethics board (details are omitted to preserve691

anonymity), with all participants providing explicit692

informed consent for the use and release of their693

recordings and annotations for research purposes.694

Recruitment was conducted via Prolific at a com-695

pensation rate of £9/hour, adhering to fair pay and696

living wage standards. To maintain privacy, data697

was anonymised at the source using Prolific IDs,698

ensuring no direct identifiers were collected. To699

verify data integrity and safety, we utilized an Auto-700

matic Speech Recognition (ASR) model (Whisper)701

to ensure recordings matched the target stimuli and702

contained no personally identifying information.703

This automated process was supplemented by man-704

ual audits of a subset of recordings and annotations705

to verify the absence of harmful content.706
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A Model Specifications898

All models were implemented in R (R Core899

Team, 2025, version 4.5.2) using the brms pack-900

age (Bürkner, 2021), which interfaces with the901

Stan probabilistic programming platform. Binary902

outcomes for interpretation and perception trials903

(RQ1, RQ2, and RQ3) were modelled using a904

Bernoulli distribution with a logit link function.905

Continuous prosodic distance measures (RQ4)906

were modelled using Gaussian distributions.We907

applied weakly informative priors to the fixed ef-908

fects (Normal(0, 0.5)) to provide regularisation909

and ensure stable posterior convergence. This910

prior choice reflects a conservative assumption that911

large effect sizes are relatively unlikely. Centred912

around a null effect of zero, these priors help pre-913

vent the models from over-fitting to noise in the914

high-variance speech data. Following the princi-915

ple of the maximal random effects structure (Barr916

et al., 2013), we included random intercepts for917

speakers, listeners, and utterances to account for918

the non-independence of observations. Where ex-919

perimental design permitted, specifically in Model920

4, we included random slopes for semantic con-921

ditions by speaker. This accounts for individual922

variability in how speakers adapt their prosodic923

strategies to different emoji cues, ensuring that our924

population-level estimates are robust to speaker-925

level idiosyncratic behaviour.926

Figure 2: Readers (Experiment 2) grouped by the pro-
portion of recordings judged as prosodically different
(Experiment 3). Each bin represents a 10% range (e.g.,
0%–9%), from least to most prosodically varied speak-
ers.

Figure 3: Listener (Experiment 3) accuracy in emoji
assignment for prosodically distinct pairs, grouped by
speaker variation. Bars show correct, incorrect, and
skipped responses from least to most prosodically varied
speakers.

B Data statistics 927

B.1 Speaker Expressivity 928

The distribution in Figure 2 categorises speakers 929

by the proportion of their recording pairs judged as 930

prosodically distinct. While 20 readers exhibited 931

minimal differentiation (0–30%), the majority (81 932

speakers) showed moderate variation (31–70%), 933

and a notable subset (28 speakers) consistently pro- 934

duced distinct renditions (71–100%). These re- 935

sults demonstrate that while individual variability 936

is present, the prevalence of distinct recordings sup- 937

ports the conclusion that emoji cues systematically 938

influence how prosody is realised. 939

B.2 Listener Accuracy - Intra Speaker 940

Figure 3 illustrates how a speaker’s expressiveness 941

directly impacts communicative success. A Spear- 942

man’s rank correlation revealed a significant pos- 943

itive relationship between speaker variation and 944

correct emoji identification (ρ = 0.90, p = .037) 945
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Response Overall Correct Partial Incorrect

Same 34.74% 66.67% 6.06% 27.27%
Different 65.26% 14.75% 74.59% 10.66%

Table 5: Results from the inter-speaker experiment
showing how listeners judge prosodic similarity be-
tween two recordings and how these judgments affect
their accuracy in assigning each recording to the correct
emoji.

and a significant negative correlation for incorrect946

assignments (ρ = −0.90, p = .037). For the most947

expressive speakers (95% bin), accuracy reached948

62.50%, significantly exceeding both the incorrect949

rate (25.52%) and a random-choice baseline. Con-950

versely, in the lowest variation group (30%), correct951

(41.09%) and incorrect (39.11%) rates were nearly952

equal, indicating that listeners were reduced to ran-953

dom guessing. While skip rates dropped from 20%954

to 11.98% in the highest bin, this trend was not955

statistically significant (ρ = −0.10, p = .87).956

B.3 Listener Accuracy - Inter Speaker957

Results in Table 5 show that 34.74% of inter-958

speaker pairs were judged as sounding similar,959

while 65.26% were judged as different. This sug-960

gests that speakers often employ flexible prosodic961

strategies for the same emoji. In this experiment,962

listeners were presented with two recordings and963

two emoji options, allowing for four possible as-964

signment combinations. We define Correct as the965

proper identification of the target emoji for both966

recordings, while Partial correctness occurs when a967

listener assigns the target emoji to only one of the968

two recordings. Incorrect reflects a failure to iden-969

tify the target emoji in either instance. When listen-970

ers perceived prosodic similarity, they achieved full971

correctness 66.67% of the time, indicating strong972

interpretive agreement when prosody converges.973

For pairs judged as different, the high partial cor-974

rectness rate (74.59%) reflects increased uncer-975

tainty; listeners often successfully “recovered” the976

emoji for one speaker while failing for the other.977

However, even when prosody differed, the full cor-978

rectness rate (14.75%) still exceeded the incorrect979

rate (10.66%), suggesting that divergent realisa-980

tions can still convey intended meaning, albeit with981

less reliability.982

Predictor Est. (β) 95% CI

(Intercept) -1.867 [−2.279,−1.492]
Speaker Expressivity -0.182 [−0.368, 0.003]
Contrast Type (Single) 0.196 [−0.203, 0.591]
Speaker Emoji Use -0.045 [−0.233, 0.135]
Listener Emoji Use 0.151 [−0.184, 0.481]
Speaker × Listener Use -0.063 [−0.257, 0.126]

Table 6: Bayesian multilevel logistic regression results
predicting the probability of a “semantic tie” (assigning
the same emoji to both recordings)

C Analysis of Perceptual Overlap - RQ2 983

To further investigate the mechanics of communica- 984

tive success, we analysed the likelihood of “seman- 985

tic ties.” These represent instances where a listener 986

assigned the same emoji to both recordings within 987

a single trial, modelled as a “Skip” in Figure 3. 988

A high rate of semantic ties indicates perceptual 989

overlap, where the speaker’s prosodic modulation 990

is insufficient to signal a change in symbolic intent. 991

We modelled the probability of such ties using a 992

Bayesian multilevel logistic regression: 993

Model 5: SemanticTie ∼ 994

SpeakerExpressivity + ContrastType + 995

(SpeakerEmojiUse × ListenerEmojiUse) + 996

(1 | Utterance) + (1 | Listener) 997

The results in Table 6 show a strongly negative 998

intercept (β = −1.87, CI[−2.28,−1.49]), indicat- 999

ing that the baseline probability of a semantic tie 1000

is very low (P ≈ 0.13). This suggests that listen- 1001

ers are naturally predisposed to seek out prosodic 1002

distinctions rather than perceiving the recordings 1003

as identical. The primary driver of further reduc- 1004

ing this perceptual ambiguity was Speaker Expres- 1005

sivity (β = −0.18, CI[−0.37, 0.003]). While the 1006

credible interval narrowly overlaps zero, the neg- 1007

ative trend suggests that higher expressive band- 1008

width effectively helps listeners to recognise dis- 1009

tinct meanings. By producing more distinctive 1010

prosodic signals, highly expressive speakers suc- 1011

cessfully disambiguate the potential semantic tie, 1012

making it easier for listeners to identify that two 1013

different meanings were intended. This finding re- 1014

inforces the conclusion that the interpretability of 1015

emoji-enriched speech is directly contingent on the 1016

speaker’s ability to vocalise pragmatic contrasts. 1017
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Ambiguity Correct Partial Incorrect

0.1577 25.0 75.0 0.0
0.1707 83.3 16.7 0.0
0.2131 0.0 100.0 0.0
0.2443 66.7 33.3 0.0
0.3750 0.0 20.0 80.0
0.4630 100.0 0.0 0.0
0.5158 66.7 0.0 33.3
0.5410 22.2 44.4 33.3
0.6593 0.0 50.0 50.0

Table 7: Examples illustrating emoji ambiguity and
Experiment 4 listener interpretation accuracy (in per-
centages), sorted from low to high ambiguity.

D Listener Accuracy and Emoji1018

Ambiguity1019

Table 7 presents a subset of emojis from Experi-1020

ment 4 alongside listener interpretation accuracy1021

and ambiguity scores derived from the semantic1022

variation metrics reported by Czkestochowska et al.1023

(2022). These scores reflect cross-participant vari-1024

ability in emoji interpretation when presented with-1025

out context, where higher values indicate greater1026

semantic ambiguity. Although the sample size pre-1027

cludes statistical generalisation, the examples illus-1028

trate a qualitative trend: emojis with lower ambigu-1029

ity scores tend to yield fewer incorrect interpreta-1030

tions, whereas highly ambiguous emojis result in1031

greater listener disagreement.1032

Specific emojis revealed distinct patterns within1033

the data. Emojis such as and demonstrated1034

clear prosodic convergence alongside high accu-1035

racy. In contrast, emojis like and were1036

reliably recognised despite divergent prosody, sug-1037

gesting that inherent semantic context may at times1038

override prosodic mismatch. Conversely, for1039

, , and , prosodic similarity did not consis-1040

tently ensure accurate interpretation.1041

Qualitative comparison with existing ambigu-1042

ity scores suggests that while semantic ambiguity1043

does not dictate the degree of prosodic convergence,1044

emojis with lower inherent ambiguity tend to result1045

in fewer incorrect interpretations. These tentative1046

patterns suggest that higher semantic ambiguity1047

may reduce the recoverability of emoji intent from1048

prosody alone, as listeners lack a stable semantic1049

“anchor” to which they can map vocal variations.1050

Figure 4: Mean Pearson correlations between emoji
meaning spaces (Intent vs Interpretation vs Unicode De-
scriptions). Error bars indicate 95% confidence intervals
computed using Fisher z-transformation.

E Emoji Meaning Analysis 1051

To analyse the semantic consistency of emoji usage, 1052

we compared three meaning representations for 1053

each emoji: the intent (from Experiment 1), the 1054

interpretation (from Experiment 2), and the official 1055

Unicode description. 1056

For each emoji, we aggregated the most 1057

frequent annotations and merged them into a 1058

representative string per meaning type. We 1059

then generated sentence embeddings using the 1060

sentence-transformers/all-mpnet-base-v2 1061

model (Reimers and Gurevych, 2019; Song et al., 1062

2020). This yielded one embedding per emoji for 1063

each semantic category. 1064

We applied UMAP (McInnes et al., 2018) to 1065

reduce the embeddings to two dimensions for vi- 1066

sualisation. Emojis were plotted directly in 2D 1067

space using their glyphs, after normalising repre- 1068

sentations (e.g., removing skin tone and gender 1069

modifiers) to avoid redundancy and improve clarity 1070

(Figure 5). 1071

We evaluated the alignment between the three 1072

emoji meaning spaces by computing pairwise Pear- 1073

son correlation coefficients between correspond- 1074

ing emoji embeddings. To assess the reliability of 1075

these correlations across the dataset, we applied the 1076

Fisher z-transformation, which stabilises the vari- 1077

ance of correlations and enables us to compute sta- 1078

tistically sound confidence intervals for the mean. 1079

Figure 4 shows the mean correlation and associated 1080

95% confidence intervals across all emojis with at 1081

least five annotations. We observe the strongest 1082

alignment between intent and interpretation em- 1083

beddings (mean r = 0.752, CI: [0.660, 0.823]), 1084

reflecting high agreement between what users in- 1085

tend and how others interpret emoji use. In contrast, 1086

the unicode description space shows significantly 1087
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Figure 5: Emoji embeddings reduced with UMAP. Clus-
ters computed with HDBSCAN (on 49 components).
Labels are top 3 keywords among the words used to
describe the emojis.

weaker alignment with both intent (r = 0.424, CI:1088

[0.260, 0.564]) and interpretation (r = 0.359, CI:1089

[0.188, 0.510]), reinforcing prior findings that Uni-1090

code definitions often fail to capture how emojis1091

are actually used in communicative context.1092

F Emoji Clustering1093

To explore emergent semantic groupings among1094

emojis, we performed unsupervised clustering on1095

the embeddings derived from Experiments 1 and 2,1096

as well as from the emoji Unicode descriptions. We1097

first applied Principal Component Analysis (PCA)1098

to determine the intrinsic dimensionality of the em-1099

bedding space. Based on the explained variance,1100

we selected 49 dimensions to preserve approxi-1101

mately 90% of the variance.1102

Clustering was performed using HDBSCAN1103

(Campello et al., 2013, Hierarchical Density-Based1104

Spatial Clustering of Applications with Noise), a1105

density-based algorithm that can identify an opti-1106

mal number of clusters based on the density dis-1107

tribution of the data. HDBSCAN does not require1108

the number of clusters to be predefined and is ro-1109

bust to noise and outliers. Emojis that did not be-1110

long to any cluster were labelled as noise. We set1111

min_cluster_size to 3 to allow for finer-grained1112

clusters, and used Euclidean distance as the simi-1113

larity metric.1114

Figure 5 shows the two-dimensional projections1115

Cluster Comparison ARI NMI

Int. vs Inter. 0.249 0.613
Int. vs Desc. 0.077 0.431
Inter. vs Desc. 0.062 0.443

Table 8: Adjusted Rand Index (ARI) and Normalized
Mutual Information (NMI) between clusterings based
on different semantic spaces.

of the resulting embeddings and clusters. The 1116

Figure shows labels for each cluster derived from 1117

the most frequent emoji interpretations within the 1118

group. These derived clusters serve as our semantic 1119

categories in subsequent analyses. 1120

To assess the alignment between emoji clusters 1121

derived from different semantic spaces (Intent, In- 1122

terpretation, and Description), we computed the 1123

Adjusted Rand Index (Hubert and Arabie, 1985, 1124

ARI) and Normalized Mutual Information (Vinh 1125

et al., 2010, NMI) between each pair of clusterings. 1126

These metrics quantify the similarity of cluster as- 1127

signments while accounting for chance (ARI) and 1128

shared information (NMI). 1129

The ARI scores suggest moderate agreement be- 1130

tween Intent and Interpretation clusters (ARI = 1131

0.249), whereas clusterings involving Description 1132

show weak alignment (ARI < 0.1). NMI re- 1133

sults are consistent with this pattern: the Intent 1134

and Interpretation spaces share more information 1135

(NMI = 0.613) than either does with the Descrip- 1136

tion space (NMI ≈ 0.43). These findings indicate 1137

that user-generated intentions and interpretations 1138

exhibit a shared semantic structure that is not well 1139

captured by official Unicode descriptions. 1140

G Instructions and Trial Samples 1141

G.1 Experiment 1 1142

Participants were given the following instructions:“ 1143

1. Select ONE emoji and place it in any suitable 1144

position within the provided sentence. Only 1145

use emojis and spaces, avoiding inserting any 1146

other elements. 1147

2. Describe how the chosen emoji modifies the 1148

sentence. Keep it short! One word should be 1149

enough. 1150

3. Repeat until you have filled out at least two 1151

forms with a suitable emoji and its corre- 1152

sponding descriptions. 1153
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Avoid choosing multiple emojis that are too similar.1154

For instance, if you select a happy emoji, con-1155

sider avoiding another happy emoji to add diversity1156

to your selections.”1157

Figure 6a shows an example of a trial page for1158

Experiment 1.1159

G.2 Experiment 21160

Participants were asked to complete the Recording1161

Tasks first, and then provide their interpretation1162

of the encountered emojis. Here, the instructions1163

given to the participants.1164

G.2.1 Recording Task1165

“Click on the mic icon to start recording audio, then1166

click again to stop.1167

You will be able to playback your recording. You1168

can confirm by pressing ’Continue’ or try again1169

by pressing ’Record again’ (it will start recording1170

immediately).1171

Try to record in a quiet environment.”1172

Figure 6b shows the recording interface.1173

G.2.2 Annotation Task1174

“In this second (and last) part, you will be asked to1175

describe how you interpreted the emoji used in the1176

previous section.1177

Keep it short! One word should be enough.1178

Leave blank if there wasn’t any emoji.”1179

G.3 Experiment 31180

Figure 6c shows an example of the interface for1181

Experiment 3. The same interface was presented1182

for experiments with Inter and Intra-Speaker Data.1183

G.3.1 Inter-Speaker Data1184

“In this study, you will listen to pairs of recorded1185

speech. Each pair will contain the same words,1186

but they may differ in how they are spoken. For1187

example, in rhythm, intonation, intensity, use of1188

pauses and so on. Your task is to determine whether1189

there are intentional variations between the two1190

recordings. Please disregard any differences that1191

do not seem deliberate. For example, small lexical1192

variations or stutter.1193

You will be provided with transcriptions of the1194

recordings, which may contain different emojis or1195

none at all. Your task is to match each recording to1196

the transcription that best corresponds to it.1197

Try to assign each recording to a different tran-1198

scription first!”1199

G.3.2 Intra-Speaker Data 1200

“In this study, you will listen to pairs of recorded 1201

speech from two different speakers. Each pair will 1202

contain the same words, but they may differ in 1203

how they are spoken, for example, in rhythm, in- 1204

tonation, intensity, use of pauses and so on. Your 1205

task is to determine whether there are intentional 1206

variations between the two recordings. Please dis- 1207

regard any differences that do not seem deliberate. 1208

For example, small lexical variations or stutter. 1209

You will hear two recordings of the same sen- 1210

tence, spoken by different speakers. 1211

Your task is to listen carefully to each recording 1212

and choose the emoji that best matches its tone. 1213

Each speaker produced their recording based on 1214

an emoji prompt. 1215

You can assign the same emoji to both record- 1216

ings, or a different one to each, depending on what 1217

you perceive.” 1218
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(a) Experiment 1 - Emoji Annotation Task

(b) Experiment 2 - Recording Task

(c) Experiment 3 and 4 - Listening Task

Figure 6: Example of trials’ main page for the online experiments.
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