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Abstract001

Backchannels (e.g., ‘yeah’, ‘mhm’, and ‘right’)002
are short, non-interruptive feedback signals003
whose lexical form and prosody jointly convey004
pragmatic meaning. While prior computational005
research has largely focused on predicting006
backchannel timing, the relationship between007
lexico-prosodic form and meaning remains un-008
derexplored. We propose a two-stage frame-009
work: first, fine-tuning large language models010
on dialogue transcripts to derive rich contextual011
representations; and second, learning a joint012
embedding space for dialogue contexts and013
backchannel realizations. We evaluate align-014
ment with human perception via triadic similar-015
ity judgments (prosodic and cross-lexical) and016
a context–backchannel suitability task. Our re-017
sults demonstrate that the learned projections018
substantially improve context-backchannel re-019
trieval compared to previous methods. In ad-020
dition, they reveal that backchannel form is021
highly sensitive to extended conversational con-022
text and that the learned embeddings align023
more closely with human judgments than raw024
WavLM features.025

1 Introduction026

Conversational feedback refers to short, non-027

interrupting responses signaling, e.g., attention, un-028

derstanding, and surprise (Allwood et al., 1992).029

These responses streamline communication by es-030

tablishing common ground (Clark and Schaefer,031

1989; Fusaroli et al., 2017) and replacing explicit032

metalinguistic exchanges — for instance, substitut-033

ing full answers to the question “Did you under-034

stand?”, such as “Yes, continue” or “No, please re-035

peat”, with simple tokens like “yeah!” or “sorry?”,036

respectively. Feedback is typically multimodal, in-037

volving vocalizations, gaze, and gestures (Bertrand038

et al., 2007; Truong et al., 2011; Ferré and Re-039

naudier, 2017). Modeling these signals is crucial040

for building rapport in conversational systems (Ax-041

elsson et al., 2022). Vocal instances, such as042
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Figure 1: Architecture of the joint context-backchannel
model. In this version of the model, both the context
transcript and the context audio are passed through their
respective encoders (fine-tuned LLM and pre-trained
WavLM) before being concatenated and projected to a
lower-dimensional space to form a context embedding.

‘yeah’, ‘uh-huh’ or ‘wow!’, are commonly termed 043

backchannels (Yngve, 1970). 044

Computational work has prioritized backchannel 045

placement and timing (Heldner et al., 2013; Ruede 046

et al., 2019; Ortega et al., 2020; Ishii et al., 2021) 047

but the link between form and meaning is often 048

overlooked. Prior work (Beňuš et al., 2007) shows 049

that lexical choice and prosody both shape the prag- 050

matic interpretation of backchannels — e.g., when 051

distinguishing ‘yeah!’ from ‘yeah?’. Consequently, 052

inadequate use of backchannel forms risks resulting 053

in pragmatically inappropriate responses. 054

To use and interpret backchannels effectively, ro- 055

bust representations are required. One promising 056

approach embeds backchannel signals in a contin- 057

uous space where distance reflects similarity. Ear- 058

lier work (Qian and Skantze, 2024) showed that 059

this is feasible using a contrastive learning frame- 060

work that projects past context and feedback into 061

a shared space. However, that work relied on sim- 062

plistic mean-pooled text embeddings (e.g., BERT 063

by Devlin et al., 2019) to encode dialogue context, 064

limited to the last 4 seconds of the previous turn. 065

We extend this method by fine-tuning an autore- 066
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gressive large language model (LLM) on dialogue067

transcripts (Section 4.1); the hidden state preced-068

ing a backchannel serves as a dense semantic rep-069

resentation of the context. This is fused with a070

WavLM (Chen et al., 2022) encoding of the last071

second of the corresponding speech (Section 4.2).072

The resulting architecture is shown in Figure 1.073

Our contributions are fourfold. First, we show074

that fine-tuning an autoregressive LLM on spoken075

dialogue data substantially improves context en-076

coding, which is needed for effective backchannel077

representations. Second, we highlight the impor-078

tance of context length for these representations,079

indicating that the choice of backchannel form is080

a pragmatically complex phenomenon. Third, we081

bridge model and human semantics via downstream082

evaluation tasks grounded in perception data, show-083

ing that the learned representations align with hu-084

man perception. Finally, we demonstrate that inter-085

pretable affective dimensions — Energy, Surprisal,086

and Polarity — can be recovered from the learned087

representations through linear projections.088

2 Related work089

Research on conversational feedback and backchan-090

nels has historically focused on placement and091

timing, utilizing concepts such as “feedback rel-092

evance spaces” (Heldner et al., 2013; Howes and093

Eshghi, 2021) and identifying backchannel-inviting094

cues (Gravano and Hirschberg, 2011). While early095

approaches relied on rule-based acoustic feature096

extraction (Koiso et al., 1998; Bertrand et al., 2007;097

Heldner et al., 2010; Poppe et al., 2010), more098

recent computational work has shifted toward neu-099

ral methods, diversifying the potential tasks that100

can be solved, i.e., those based on backchannel101

form and meaning. Neural methods include pre-102

diction and classification tasks (Ruede et al., 2017;103

Wang et al., 2024; Park et al., 2024; Inoue et al.,104

2025; Fukunaga et al., 2025), contrastive learn-105

ing frameworks (Qian and Skantze, 2024), textless106

generation (Mai and Carson-Berndsen, 2025), and107

multi-task learning approaches (Jang et al., 2021;108

Liermann et al., 2023).109

Recent efforts have also targeted the collec-110

tion, annotation, and analysis of backchannel data.111

Boudin et al. (2021) labeled feedback attributes (ex-112

pectedness, valence, and specificity); Figueroa et al.113

(2022) provided annotations of feedback functions114

for Switchboard (Godfrey et al., 1992); Müller115

et al. (2022) focused on backchannels in multi-116

modal groups; and Lin et al. (2025b) created a 117

tri-modal dataset with backchannel and turn shift la- 118

bels. Studies have also examined relative feedback 119

perception (Qian et al., 2025) and virtual agent 120

backchanneling behavior (Poppe et al., 2013). 121

Transformer-based large language models 122

(LLMs) have been shown to capture long-range 123

context and pragmatic cues essential for turn-taking 124

(Ekstedt and Skantze, 2020) and response gener- 125

ation (Zhang et al., 2020). While modern LLMs 126

power sophisticated chatbots (OpenAI’s ChatGPT, 127

Google’s Gemini, etc.), these systems typically op- 128

erate sequentially with clear turn demarcations, of- 129

ten lacking the naturalness required for real-time 130

conversational feedback. Furthermore, these mod- 131

els are text-based and therefore cannot capture the 132

prosodic aspects of contextual cues and backchan- 133

nel forms. 134

In parallel, neural speech models have advanced 135

the representation of prosody, which is critical 136

for pragmatics (Ward et al., 2025). Models like 137

wav2vec 2.0 (Baevski et al., 2020), HuBERT (Hsu 138

et al., 2021), and WavLM (Chen et al., 2022) are 139

trained in a self-supervised manner to learn continu- 140

ous representations of speech. Recently, generative 141

spoken language models (SLMs) have emerged as 142

systems capable of processing and generating audio 143

directly (Nguyen et al., 2023; Défossez et al., 2024), 144

sometimes in a “full-duplex” fashion. Some fused 145

SLMs combine text and speech embeddings (Arora 146

et al., 2025). While promising, current SLMs often 147

struggle to generate frequent, semantically con- 148

trolled backchannels, and it is unclear whether they 149

understand the nuances of backchannels coming 150

from the user (Lin et al., 2025a). 151

Our work sits at the intersection of these fields. 152

As the potential space of backchannel forms (con- 153

sidering both lexical choice and prosody) is very 154

large, it is hard to discretize them in a meaningful 155

way for pure next-token prediction. While previ- 156

ous research has shown how contrastive learning 157

can be used to project context and backchannels 158

into a shared space, it relied on simplistic context 159

representations (Qian and Skantze, 2024). Our ap- 160

proach leverages the semantic depth of LLMs to 161

capture the long-range pragmatic constraints of the 162

preceding context while using audio embeddings 163

to capture the prosodic nuances of both the end of 164

the context and the backchannel response, directly 165

addressing the gap between form and meaning in 166

backchannels. 167

Learned context and backchannel embeddings 168
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enable several practical applications. First, cosine169

similarity between contexts and backchannels can170

be used to rank candidate responses. Second, align-171

ing the embedding space with interpretable dimen-172

sions (e.g., Energy, Surprisal, and Polarity) poten-173

tially enables semantic control for backchannel syn-174

thesis. Finally, projecting user backchannels into175

the same space allows for inferring their pragmatic176

meaning in a dialogue system setting.177

3 Datasets178

We use Fisher Part 1 1 (Cieri et al., 2004) — a preva-179

lent dataset consisting of 5,850, 3-to-10-minute-180

long telephone calls between native U.S. English181

speakers — for training, evaluation, and the percep-182

tion study, utilizing its time-aligned transcripts for183

backchannel extraction. The other dataset forming184

the source of backchannels is FiCa (Figueroa et al.,185

2024; Carol Figueroa, 2024), which is a set of reen-186

acted and spontaneously produced backchannels187

uttered by a single native English speaker, thereby188

eliminating speaker-dependent effects. FiCa was189

used for evaluation and comparison, in the form190

presented in Qian et al. (2025).191

The set of backchannels included was chosen192

based on the frequency of their lexical form in193

the Fisher corpus: ‘absolutely’, ‘ah’, ‘cool’, ‘def-194

initely’, ‘exactly’, ‘good’, ‘mhm’, ‘mm’, ‘oh’,195

‘okay’, ‘really’, ‘right’, ‘sure’, ‘uh-huh’, ‘wow’,196

‘yeah’, ‘yep’, ‘yes’. Unlike Qian et al. (2025),197

we do not include responses in the form of ‘no’198

and direct displays of non-understanding (‘pardon’,199

‘sorry’, ‘what’) because these, under certain circum-200

stances, are not regarded as backchannels but rather201

as full turns, answers, and clarification requests.202

4 Models203

Model training consisted of two stages. First,204

LLMs were fine-tuned on transcripts of Fisher con-205

versations to learn textual context representations206

(Section 4.1). Second, a joint context–backchannel207

architecture was fine-tuned, leveraging text and208

speech for context modeling and speech alone for209

backchannel generation (Section 4.2).210

The first stage corresponds to fine-tuning the211

LLM encoder, as illustrated in Figure 1, while the212

second stage involves fine-tuning the projection213

layers. Although the LLM fine-tuning stage does214

not capture prosodic variations of backchannels,215

1https://catalog.ldc.upenn.edu/LDC2004T19,
https://catalog.ldc.upenn.edu/LDC2004S13

we assume it learns how different conversational 216

contexts shape expectations over the probability 217

distribution of lexical backchannel forms (which 218

carry distinct semantics). This enables the joint 219

training stage to associate these lexical expectations 220

with a richer representation of both prosodic and 221

lexical realizations. 222

4.1 Fine-tuning LLMs for contextual semantic 223

features 224

In this step, we compared the capability of open- 225

source, state-of-the-art LLMs to model context se- 226

mantics and to see how the length of prior context 227

(expressed in number of turns) affects this. We 228

compared Gemma 3 (Gemma Team et al., 2025; 229

Google Deepmind, 2025), LLaMA 3.1 (Grattafiori 230

et al., 2024; Meta AI, 2024), Qwen2.5 (Yang et al., 231

2025; Qwen, 2024) and Mistral (Jiang et al., 2023; 232

Mistral AI, 2024). All models were fine-tuned for 233

causal language modeling with a fixed set of hy- 234

perparameters (batch size = 2, max token length 235

= 1024), using QLoRA (attention dimension = 32, 236

alpha = 64, dropout = 0.05). 237

We split the 83,047 Fisher transcript snippets 238

into training and test sets of equal size. First, we 239

trained the models on the training set, with each 240

transcript consisting of up to 50 turns including 241

backchannels. To evaluate the models, we com- 242

pared their average perplexity over all backchan- 243

nels found in the test set by feeding in different 244

numbers of preceding turns (1, 3, and 5). For com- 245

parison, this was also applied to the corresponding 246

pre-trained models (with 5 preceding turns). The 247

formatting of the transcripts and the calculations 248

are described in Appendix A. The results of our 249

experiments are shown in Table 1. 250

Average perplexity was computed based on the 251

first token of each backchannel; the relative re- 252

sults were comparable when using a weighted aver- 253

age over all tokens, including those in multi-token 254

words. Perplexity consistently decreased as con- 255

text length increased, highlighting the importance 256

of rich context for determining backchannel form. 257

The three larger fine-tuned models exhibited sim- 258

ilar performance, whereas the fine-tuned Gemma 259

3 4B yielded slightly higher perplexity, likely due 260

to its smaller size. The pre-trained models showed 261

considerably higher perplexity, demonstrating the 262

necessity of fine-tuning; this was anticipated given 263

the specific formatting of the data. 264

3

https://catalog.ldc.upenn.edu/LDC2004T19
https://catalog.ldc.upenn.edu/LDC2004S13


Model 1 3 5 5 (pre)

Gemma 3 4B 11.45 9.88 9.30 54.35
LLaMA 3.1 8B 10.19 8.68 8.19 32.83
Qwen2.5 7B 10.37 8.87 8.40 55.33
Mistral 7B 10.87 9.30 8.76 30.91

Table 1: Average perplexity on the backchannels in the
test set using 1, 3, and 5 preceding turns as context,
across fine-tuned LLMs. For comparison, the perplexity
scores by the corresponding pre-trained models are also
included (for 5 turns). Perplexity is calculated on the
first token of each backchannel word. For more details,
see Appendix A.

4.2 Joint contrastive learning of context and265

backchannel embeddings266

For contrastive learning, we created a joint architec-267

ture that projects context and backchannel vector268

representations into a shared space, forming joint269

embeddings, as illustrated in Figure 1. For context,270

we take the final layer’s hidden representation that271

is used by the LLM head to predict the next token272

(the first token of the backchannel). This is con-273

catenated with the last second of audio from the274

interlocutor’s channel (ending at the onset of the275

backchannel), encoded with WavLM (Chen et al.,276

2022) and mean-pooled over its final layer. For277

ablation, we also compare this with using only the278

LLM or WavLM embeddings. These embeddings279

are then projected with an MLP to a context em-280

bedding (Zctx). For the backchannel embedding281

(Zbc), we simply used the mean-pooled WavLM282

encoding of the audio with a linear projection.283

Loss We use a symmetric InfoNCE-style con-284

trastive loss, similar to the objective introduced in285

Oord et al. (2018) and later adopted in a symmetric286

form by Radford et al. (2021). Given a set of N287

pairs (a batch), the loss maximizes the cosine simi-288

larity between the representations of the matching289

(positive) pairs and minimizes the similarity for the290

non-matching (negative) pairs:291

L =
1

2

(
Lcontext + Lbackchannel

)
Lcontext =

1

N

N∑
i=1

CE(Si,:, i)

Lbackchannel =
1

N

N∑
j=1

CE(S:,j , j)

292

CE is the cross-entropy loss, and S is a293

temperature-scaled N × N cosine similarity ma- 294

trix containing similarity scores between the joint 295

embeddings of all contexts (rows) and all backchan- 296

nels (columns). Considering that the goal is to max- 297

imize the diagonal, i.e., the similarity score of the 298

ground truth pairs, this matrix can also be viewed 299

as logits from the joint model; in this case, the task 300

can be framed as a multiclass classification problem 301

where the number of classes is equal to the number 302

of true pairs (N ). For each context, the model max- 303

imizes the score of the true backchannel among N 304

candidates; the same applies to the backchannels 305

trying to optimize the score of their own contexts. 306

As can be seen, this method is largely affected by 307

the batch size N . 308

Dataset Using the backchannel forms listed 309

in Section 3, 105,209 samples, i.e., context- 310

backchannel pairs, were found in the Fisher dataset. 311

Ground truth context-backchannel pairs form posi- 312

tive samples, while all other combinations serve as 313

negative samples. Batches (sets of pairs) are shuf- 314

fled and include multiple speakers for robustness 315

and generalizability. We used an 80-10-10% train- 316

validation-test split with mutually exclusive speak- 317

ers and dialogues and ensured that the validation 318

and test data were not used for LLM fine-tuning. 319

Hyperparameters With a predefined tempera- 320

ture of 0.07 (as used in Radford et al., 2021), we 321

tuned the following hyperparameters within each 322

category of text embedding (fine-tuned Gemma, 323

LLaMA, Qwen, and Mistral, as well as the baseline 324

GTE (Li et al., 2023)): the number of layers in 325

the context encoder’s MLP (1, 2, 3, 4), embedding 326

size (64, 128, 256), and batch size (1024, 2048, 327

4096, 8192). GTE (General Text Embedding) oper- 328

ates with mean-pooled deep contextualized embed- 329

dings; it was used as a baseline due to its perfor- 330

mance in Qian and Skantze (2024). We also found 331

that projecting the feedback with a linear layer is 332

sufficient, and larger MLPs decrease performance 333

due to the simplicity of the feedback embeddings; 334

therefore, no hyperparameter search was needed on 335

the feedback side. We checked the best validation 336

results within 20 epochs, based on top-10% accu- 337

racy (see Metrics below). The best hyperparameter 338

configurations can be found in Appendix B. 339

Metric Optimizing cosine similarity scores can 340

be viewed as a ranking task; for each context, the 341

joint model provides a list of predictions in order of 342

similarity. As mentioned before, this is equivalent 343
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Context modality

Text
embeddings Audio + text Text Audio

Gemma 3 4B 45.6 43.3

29.4
LLaMA 3.1 8B 49.8 44.2
Qwen2.5 7B 46.3 39.7
Mistral 7B 44.7 46.4

GTE baseline 33.4 21.2 -
random 10.0 10.0 10.0

Table 2: Top-10% test accuracy on the test set, in rela-
tion to context embedding modality and text embedding
type (irrelevant for the last column). Here, the context
consists of 5 turns.

to N -class classification, where the classes are the344

backchannels in the given batch, making accuracy345

a fitting metric. However, since backchannels are346

often very similar and batches are large, we con-347

sider top-k accuracy. Since this metric is relative348

to batch size, we use top-k% accuracy, similarly to349

Qian and Skantze (2024), which yields a random350

baseline of k%. In this paper, we report k = 10.351

Best hyperparameters Models favored mid-to-352

large batch sizes (2048, 4096) and generally353

smaller embedding sizes (64, 128), with no consis-354

tent pattern in number of layers. This suggests that355

dense, sometimes shallow embeddings suffice for356

modeling the context-backchannel relationships in357

our dataset. The preference for larger batch sizes358

was expected, as they improve discrimination be-359

tween positive and negative pairs (Radford et al.360

(2021), for example, used a batch size of 32,768),361

but the question of why the largest chosen batch362

size (8192) is relatively underrepresented remains.363

Results The top-10% test accuracy results are364

shown in Table 2. Autoregressive LLMs clearly365

outperform the SSL models in Qian and Skantze366

(2024), where HuBERT combined with GTE367

achieved 36.45%. Our GTE baseline performs368

slightly worse, likely due to a somewhat different369

selection of backchannels. Consistent with prior370

findings, combined modalities yield the best repre-371

sentations (with some fluctuations). There were no372

significant differences among the LLMs, suggest-373

ing that small LLMs are sufficient for this problem.374

For ablation, we also examined the impact of375

context length (1, 3, and 5 turns) and LLM fine-376

tuning, as shown in Table 3. These results reflect377

Model 1 3 5 5 (pre)

Gemma 3 4B 40.1 40.3 45.6 40.9
LLaMA 3.1 8B 39.9 46.5 49.8 41.4
Qwen2.5 7B 39.7 42.4 46.3 40.9
Mistral 7B 37.3 43.6 44.7 41.3

Table 3: Top-10% test accuracy on the test set, for the
full (audio + text) model, depending on how many pre-
ceding turns were given to the LLM. Pre-trained base-
lines with a context length of 5 turns are also provided.

the perplexities of the LLMs reported in Table 1, 378

reinforcing the finding that LLM fine-tuning is an 379

important first step, and that longer contexts are im- 380

portant to consider in order to predict backchannel 381

forms. The best-performing architecture is hence- 382

forth referred to as the joint model. 383

5 Downstream tasks 384

While the results from the contrastive learning 385

demonstrate internal alignment between context 386

and backchannel embeddings, they do not guar- 387

antee that the learned embeddings correspond to 388

human perception of semantic similarity, neither 389

within or across the embedding spaces. To assess 390

external validity, we collected human perception 391

data for downstream evaluation. 392

5.1 Human perception data 393

First, we used the dataset presented by Qian et al. 394

(2025), where participants had compared triplets of 395

feedback responses with identical lexical forms and 396

without context (from the multi-speaker Fisher and 397

the single-speaker FiCa datasets), selecting the two 398

most similar in terms of prosody and semantics. 399

Using this dataset, we assessed representational 400

quality by expecting the selected pair to be the clos- 401

est in the embedding space, measured using cosine 402

similarity. We call this the prosodic backchannel 403

similarity task, as the lexical forms are identical. 404

We collected another perception dataset using 405

Fisher samples that were not included in the train- 406

ing set for the LLM fine-tuning or the joint model. 407

Participants evaluated a continuous, uninterrupted 408

single-turn context (auditory and textual, 4-80 s) 409

against three audio-only backchannels: one ground 410

truth and two distractors from different speakers 411

in different dialogues. Unlike the previously men- 412

tioned experiment, the candidate responses differed 413

in lexical form. The participants were given three 414

different tasks for each combination of context and 415
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three responses, henceforth referred to as stimulus416

set (for details, see Appendix C and D):417

Cross-lexical backchannel similarity task This418

is a triadic comparison task in which participants419

select the most similar pair of backchannels. It420

differs from the prosodic backchannel similarity421

task in that different lexical forms are presented.422

Here, too, perceived similarity is expected to align423

with proximity in the embedding space. Results of424

this task and the prosodic backchannel similarity425

task are reported in Section 5.2.426

Context-backchannel matching task Partici-427

pants rate each backchannel’s suitability and natu-428

ralness in the given context (on a scale of 1-5). We429

leverage the ground truth to compare human accu-430

racy against the model, evaluating the alignment of431

context and backchannel embeddings. Results are432

reported in Section 5.3.433

Affective rating task Participants rate backchan-434

nels (1–5) on Energy (how energetic the re-435

sponse sounds), Polarity (how positive the re-436

sponse sounds), and Surprisal (how surprised the437

backchannel speaker sounds). These names were438

chosen to be fairly easy for annotators to under-439

stand. Polarity and Energy correspond to the no-440

tions of valence and arousal, commonly used in441

psychology, psycholinguistics, and affective com-442

puting (Kuppens et al., 2013; Warriner et al., 2013;443

Mollahosseini et al., 2019). Surprisal (the level444

of surprise) was chosen due to its importance as a445

backchannel function (Figueroa et al., 2022) and446

because it is not clearly captured by the other two447

dimensions — although they are slightly correlated,448

as we show later. We evaluate how well linear449

probes on projected backchannel embeddings pre-450

dict these dimensions. Results are in Section 5.4.451

In total, we collected 2100 data points (consist-452

ing of replies to all three tasks), with 6300 indi-453

vidual ratings of 1260 unique backchannels in 420454

unique contexts.455

5.2 Backchannel similarity tasks456

For the similarity tasks, we selected samples (stim-457

ulus sets) with ≥ 80% rater agreement on which458

backchannels are the most similar. We applied the459

best joint model’s backchannel encoder to obtain460

embeddings (Zbc), identified the most similar pair461

via cosine similarity, and calculated the agreement462

rate with human consensus. As a baseline, we use463

the mean-pooled WavLM embeddings fed into the464

backchannel projection layer, allowing us to isolate 465

and quantify how much the projection improves 466

the representational space. 467

The results, shown in Table 4, indicate that 468

the projection indeed makes the space more dis- 469

criminative for backchannel similarity. In partic- 470

ular, embeddings produced by the joint model’s 471

projection layer yield substantially higher agree- 472

ment with human judgments than the mean-pooled 473

WavLM baseline, demonstrating that the projec- 474

tion reshapes the acoustic representations in a way 475

that better aligns with perceptual similarity. This 476

suggests that the improvements are not merely due 477

to the underlying pre-trained speech features, but 478

rather to the task-specific structures learned during 479

joint training. Overall, these results support the 480

effectiveness of the backchannel projection in cap- 481

turing fine-grained similarities that are salient to 482

human listeners. 483

Prosodic Cross-lexical

Fisher FiCa Fisher

Joint model 69.7 75.9 66.3
WavLM 61.7 70.8 56.6
Random 33.3 33.3 33.3

Table 4: Proportions of correct selections in the triadic
backchannel similarity tasks (%).

5.3 Context-backchannel matching task 484

For the context–backchannel matching task, we 485

computed the cosine similarity between the context 486

and backchannel embeddings produced by our con- 487

text and backchannel encoders (Zctx and Zbc), se- 488

lecting the backchannel with the highest similarity 489

score for a given context. We measured the propor- 490

tion of cases where the model correctly identified 491

the ground truth backchannel, using 1 or 5 context 492

turns. To compare with human performance, we 493

averaged rater scores for each backchannel option, 494

selecting the backchannel with the highest mean 495

assigned score. We then calculated how often this 496

choice matched the ground truth. 497

Results (Table 5) show that the model, sur- 498

prisingly, substantially outperforms humans, even 499

when it only has access to 1 context turn (just like 500

humans had in the experiment). An alternative 501

interpretation is that the relatively low human “per- 502

formance” indicates that the same conversational 503

context can allow for multiple valid backchannel 504
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responses. Thus, treating the actual backchannel as505

ground truth should be done with caution.506

Rater type Score

Joint model (5 turns) 72.3
Joint model (1 turn) 62.0
Human (1 turn) 47.4
Random 33.3

Table 5: Proportions of correct selections in the context-
backchannel matching task (%).

5.4 Affective rating task507

Figure 2 displays the distributions of median rat-508

ings for each backchannel: Energy is centered but509

Surprisal skews lower, which is consistent with510

how many continuers (e.g., ‘mhm’, ‘yeah’, and511

‘right’) do not express surprise. Polarity is predom-512

inantly neutral or positive, reflecting the fact that513

backchannels are less frequently used to express514

negative sentiments (Jurafsky et al., 1998). The cor-515

relation between these dimensions is also shown in516

Figure 2; this indicates that Surprisal and Polarity517

correlate the least, while Energy captures some as-518

pects of both. For a more detailed analysis grouped519

by lexical category, see Appendix E.520

To measure how well the backchannel embed-521

dings (Zbc) capture these dimensions, we split the522

samples (50/50 train/test) at random and fitted a523

linear ridge regression probe (α = 1.0). We com-524

pared this against four baselines: raw mean-pooled525

WavLM embeddings, one-hot encoded lexical to-526

kens, basic prosodic features (pitch range in semi-527

tones, duration in number of voiced frames), and528

the combination of lexical categories and prosodic529

features. Pitch was extracted using Reaper.530

The results (Table 6) show that our learned em-531

beddings capture these perceived dimensions better532

than WavLM, while simple prosodic features per-533

form the worst. This indicates that the distributed534

representations integrate lexical and prosodic infor-535

mation more effectively than low-level acoustics536

or lexical identity alone. Consistent with our ear-537

lier findings in this paper, the backchannel projec-538

tion layer further reshapes the embedding space in539

a way that improves alignment with human judg-540

ments.541

6 Analysis of backchannel embeddings542

The downstream tasks demonstrate the utility and543

validity of the learned context and backchannel544

R2

Energy - Polarity 0.45
Energy - Surprisal 0.39
Surprisal - Polarity 0.09

Figure 2: Distribution of median affective ratings over
backchannels and correlation between mean ratings.

Energy Polarity Surprisal

Joint model 0.465 0.341 0.552
WavLM 0.406 0.287 0.502

Lexical 0.193 0.204 0.432
Prosody 0.118 0.028 0.156
Lex. + Pros. 0.240 0.237 0.473

Table 6: Linear probe fit
(
R2

)
on the test set in the

affective rating task.

embedding spaces. To investigate this further, we 545

developed a tool to visualize backchannel embed- 546

ding projections in different ways and listen to 547

their prosodic realizations for both the Fisher and 548

FiCa datasets (https://feedbackembeddings. 549

github.io/demo1/). 550

Figure 3 shows a scatterplot of the representation 551

space created by the tool. The backchannel embed- 552

dings are projected onto the Surprisal and Polarity 553

affective dimensions (the least correlated dimen- 554

sions) using the learned probes from Section 5.4. 555

For clarity, we only show ‘yeah’, ‘mm’, ‘exactly’, 556

and ‘really’. The tool can also provide prosodic 557

analysis over a region of backchannels, which is 558

shown as rectangles in the plot. The reported met- 559

rics are average duration and average pitch range, 560

as defined in Section 5.4. 561

The four lexical tokens exhibit distinct semantic 562

tendencies: ‘really’ conveys high Polarity and Sur- 563

prisal, whereas ‘exactly’ signals strong Polarity but 564

low Surprisal. Both ‘mm’ and ‘yeah’ show weaker 565

Polarity (with ‘yeah’ slightly stronger), while ‘mm’ 566

generally expresses higher Surprisal than ‘yeah’. 567

Despite these lexical tendencies, there is substantial 568

variation driven by prosodic realization, leading to 569

considerable overlap between lexical clusters. Al- 570

though higher Surprisal and Polarity are broadly 571
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Pitch length: 89.1
Pitch range: 14.5

Pitch length: 68.2
Pitch range: 5.7

Pitch length: 106.5
Pitch range: 10.2

Pitch length: 87.0
Pitch range: 5.9

Figure 3: Backchannel samples from the Fisher cor-
pus, embedded through the model, and projected to the
Surprisal and Polarity affective dimensions. Rectangles
show average pitch length (in voiced frames, 100 Hz)
and pitch range (in semitones) for a certain region and
for a specific lexical form.

associated with longer durations and wider pitch572

ranges, Table 6 shows that simple prosodic features573

alone are insufficient predictors, suggesting that574

the relevant prosodic cues are more nuanced. A575

more detailed analysis of the central tendencies576

and dispersion of lexical forms with respect to the577

affective dimensions is provided in Appendix E.578

7 Discussion579

The findings in this work reinforce the view of580

backchannels as pragmatically conditioned signals581

whose lexical and prosodic forms are important582

for their appropriateness and nuanced meaning.583

The strong effect of context length suggests that584

backchannel choice depends on discourse-level585

structure and expectations rather than solely on586

local acoustic or lexical cues, and that such depen-587

dencies can be effectively captured by fine-tuned588

autoregressive language models.589

The joint contrastive framework provides a use-590

ful abstraction for modeling backchannels in con-591

tinuous space. Improvements over raw acoustic rep-592

resentations in perceptual similarity tasks indicate593

that the learned embedding space emphasizes prag-594

matically salient variation while down-weighting595

speaker- and token-specific idiosyncrasies. This is596

particularly evident in the cross-lexical similarity597

results, where different lexical forms are grouped598

according to perceived functional similarity rather 599

than surface form alone. 600

As discussed earlier, while current generative 601

SLMs should, in principle, be able to handle 602

backchannels, they often struggle to generate and 603

understand them correctly (Lin et al., 2025a). 604

SLMs are trained to predict or synthesize the next 605

segment of speech end-to-end, which entangles 606

backchannel behavior with many other factors (lex- 607

ical content, speaker identity, channel conditions) 608

and makes fine-grained control of short feedback 609

signals challenging. In contrast, we learn prag- 610

matically meaningful representations in a joint em- 611

bedding space that aligns dialogue contexts with 612

backchannel realizations via a contrastive objective. 613

This representation-centric formulation supports ef- 614

ficient retrieval/ranking, interpretable analysis (e.g., 615

affective axes), and direct validation against hu- 616

man perceptual similarity — capabilities that are 617

difficult to obtain from generation-focused objec- 618

tives alone. Our approach could also be comple- 619

mentary to generative SLMs and could serve as a 620

lightweight backchannel selection/control module 621

within a more modular spoken dialogue system. 622

8 Conclusion 623

In this paper, we address the undermodeled link be- 624

tween the lexical–prosodic form of backchannels 625

and their pragmatic appropriateness and interpre- 626

tation in context. We introduced a two-stage ap- 627

proach that (i) fine-tunes an autoregressive LLM 628

on spoken dialogue transcripts to obtain richer con- 629

textual representations and (ii) learns a shared em- 630

bedding space that aligns dialogue contexts with 631

acoustic backchannel realizations via contrastive 632

learning. In retrieval-style evaluations, longer con- 633

versational context consistently improved perfor- 634

mance, indicating that backchannel choice depends 635

on pragmatics that extend beyond the immediately 636

preceding turn. 637

Crucially, the learned projections produced 638

backchannel embeddings that better match human 639

perceptual structure than raw WavLM features: 640

agreement increased in both prosodic and cross- 641

lexical triadic similarity judgments. Linear probes 642

further showed that the embedding space supports 643

interpretable affective dimensions (Energy, Polar- 644

ity, Surprisal), suggesting a path toward control- 645

lable feedback generation and pragmatic inference 646

of user feedback in conversational systems. 647
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Limitations648

Modeling backchannels remains challenging due to649

their personality-dependent (Warriner et al., 2013)650

and idiosyncratic nature (Blomsma et al., 2024), as651

well as their dependence on specific dyadic dynam-652

ics (Cavalcanti and Skantze, 2025). Furthermore,653

usage varies by language (Heinz, 2003; Beňuš,654

2016; Liesenfeld and Dingemanse, 2022), di-655

alect (Wong and Peters, 2007; Kraaz and Bernaisch,656

2022), and speaker proficiency (Cutrone, 2005;657

Shelley and Gonzalez, 2013; Cutrone, 2014; Lee,658

2020; Heinz, 2003). In this work, we disregard659

these factors, experimenting with data collected660

from native speakers of United States English, ir-661

respective of dialect. In the Fisher dataset, most662

participants did not know each other, making their663

dynamics more general and less clouded by previ-664

ous acquaintance; however, we believe that future665

work needs to address individual, dyadic, and de-666

mographic differences to create more universally667

adaptive conversational agents.668

While previous work on joint embeddings of669

backchannels (Qian and Skantze, 2024) has inves-670

tigated different speech encoders, we have con-671

sistently used WavLM over alternatives such as672

wav2vec 2.0 and HuBERT, due to its superior per-673

formance on the SUPERB benchmark (Yang et al.,674

2021) and its robust capacity for modeling paralin-675

guistic features (Chen et al., 2022). We also kept676

the audio context length short (1 second), given that677

the simple temporal mean-pooling we used can-678

not capture complex temporal dynamics or longer-679

term acoustic dependencies anyway. Furthermore,680

we kept the WavLM weights frozen throughout681

the training process to focus specifically on the682

alignment mechanism. While fine-tuning the audio683

backbone or employing different self-supervised684

speech models (or layers) might yield higher ab-685

solute performance metrics, we assume that the686

relative trends and the efficacy of the contrastive687

framework observed in this study would likely re-688

main consistent.689

Due to resource constraints, we fine-tuned690

smaller LLMs (4B and 7B), requiring 1-2 days691

on 8 NVIDIA RTX 3090 GPUs per model. We692

avoided LLM hyperparameter tuning, as the per-693

formance differences between model sizes were694

negligible. Focusing on context representations,695

we did not heavily optimize backchannel encod-696

ing; however, we found that a linear projection of697

audio-only encodings performed best.698

Ethical considerations 699

As far as we are aware, our methods do not have any 700

harmful effects, biases, or risks, apart from what 701

can generally be expected from machine learning- 702

based models (such as introducing demographic or 703

linguistic biases). We did not develop new foun- 704

dation models, nor have we created large-scale 705

datasets that can be mass-deployed to cause in- 706

tentional harm. 707

For data collection, participants were informed 708

that we do not intend to store personal or sensi- 709

tive data and that the information they provide is 710

anonymized. No ethics approval was needed. 711

All coding was done in Python using Pytorch, 712

and pre-trained models were downloaded from 713

Hugging Face. The code and the dataset will be 714

made public after the review process. AI assis- 715

tants (ChatGPT and Gemini) were used to correct 716

grammar and reformulate sentences in the paper. 717

Additionally, they were used for coding in some 718

instances. 719
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A Transcripts for LLM fine-tuning1057

A.1 Spoken dialogue transcripts1058

For LLM fine-tuning, we used unpunctuated low-1059

ercase transcripts based on the ones provided with1060

the Fisher dataset. A set of special characters were1061

used to indicate speaker shifts and overlapping1062

speech, however these were treated as ordinary1063

characters from the perspective of the language1064

model, so that no new tokens had to be introduced:1065

• <A> and <B>: the beginning of Speaker A or1066

B’s turn, respectively1067

• Slash (/): turn shift1068

• Braces ({}): the part of a given turn (Turn1069

A) that overlaps with parts of the next turn1070

(Turn B). There is always a corresponding1071

part surrounded by square brackets in the next1072

turn (Turn B), unless the current turn (Turn A)1073

is the last one in the transcript.1074

• Square brackets ([]): the part of a given turn1075

(Turn B) that overlaps with parts of the pre-1076

vious turn (Turn A). There is always a cor-1077

responding part surrounded by braces in the1078

previous turn (Turn A), unless the current turn1079

(Turn B) is the first one in the transcript.1080

Backchannels were located by searching for1081

complete turns that consisted only of the backchan-1082

nels we are investigating (see Section 3) and only1083

once, i.e., we identified them only if they were1084

surrounded by two turn shifts and a speaker token1085

(with occasional braces and brackets).1086

Here are two example transcripts, with backchan-1087

nels marked in bold:1088

Example transcript 11089

<B> hi / <A> hello / <B> hi / <A> oh okay um my1090
name is brandon um you / <B> right um my name’s1091
rajul mm / <A> okay okay so uh what do you think1092
/ <B> um i didn’t quite catch the topic i mean1093
i got the gist of it but um can you hear the1094
topic of the day / <A> okay basically um how has1095
corporate scandals affected you or do you think um1096
what is what is the affect of corporate scandals1097
on america um do you believe it’s responsible for1098
the m the mild recession that we we been having1099
lately mm / <B> right / <A> mhm / <B> um well1100
uh personally for me to the the solution and uh1101
you know the aftermath of the uh uh the uh tech1102
boom and the uh bubble thereafter because i think1103
um probably um because uh i think because of my1104
ignorance at that point in time about / <A> mhm1105
mhm / <B> um about probably what i would call uh1106
the truth as i see it wh what actually goes on1107

in in the um in in the stock market as well as 1108
uh uh the biggest uh financial institutions uh in 1109
america um but initially e i i i really could not 1110
believe uh um things that were coming out uh in 1111
in the newspapers you know arthur anderson and uh 1112
citibank merrill lynch you know just n name a all 1113
those groups were like uh um being charged for um 1114
um for misguiding and misleading uh the investors 1115
/ <A> mhm mhm / <B> and and thereby um in my words 1116
uh duping people uh of their money uh uh pretty 1117
blatantly { knowing } / <A> [ mhm ] / 1118

Example transcript 2 1119

<A> and you know we we uh all / <B> yeah / <A> 1120
of us hurt uh because of that and i believe it’s 1121
contributed to the recession it’s i mean the recess 1122
recessions happen because they happen i mean they 1123
they come in waves but / <B> right / <A> i don’t 1124
i don’t think that me i don’t think that america 1125
takes white collar white collar crimes seriously 1126
and { it } / <B> [ right ] / <A> doesn’t it doesn’t 1127
try to it doesn’t try to stop it at all i don’t i 1128
think i don’t know { h } / <B> [ right ] / <A> uh if 1129
you have a theory behind that because also i think 1130
the main people who are running the / <B> mhm / 1131
<A> the country the main people who are actually 1132
contributing to politicians who run the countr the 1133
country are all these companies { who are } / <B> 1134
[ right ] / <A> so rich and have all this money and 1135
so if they you know if they embezzle a few million 1136
dollars it doesn’t hurt anyone cause we’re still 1137
in power { th } / <B> [ right ] / <A> these are the 1138
um the people in power who are talking you know 1139
we’re st we’re still in power and like they’re 1140
still paying us off so it doesn’t really matter 1141
but everyone { but } / <B> [ right right ] / <A> 1142
everyone else hurts in the long run so i don’t 1143
know / 1144

In Example transcript 1, the penultimate turn 1145

overlaps with the last turn, which means that { 1146

knowing } is uttered at the same time as [ mhm ] 1147

in the original audio. Other vocalized dialogue phe- 1148

nomena are included, e.g., repetitions and repairs, 1149

without special markers. 1150

A.2 Defining the context 1151

When restricting the number of past turns to, e.g., 2, 1152

the contexts corresponding to some of the above ex- 1153

amples appear as follows (where everything before 1154

the backchannel in bold is treated as context): 1155

<B> um i didn’t quite catch the topic i mean i 1156
got the gist of it but um can you hear the topic of 1157
the day / <A> okay basically um how has corporate 1158
scandals affected you or do you think um what is 1159
what is the affect of corporate scandals on america 1160
um do you believe it’s responsible for the m the 1161
mild recession that we we been having lately mm / 1162
<B> right 1163

<A> okay basically um how has corporate scandals 1164
affected you or do you think um what is what is 1165
the affect of corporate scandals on america um do 1166

13



Context modality

Text
embeddings Audio + text Text

Gemma 3 4B 4, 128, 2048 2, 128, 4096
LLaMA 3.1 8B 3, 64, 4096 3, 128, 4096
Qwen2.5 7B 4, 64, 2048 1, 128, 2048
Mistral 7B 3, 64, 2048 1, 64, 8192

Table 7: Hyperparameters for the models (5 turns) in
Table 2, listed in the order number of layers, embedding
size, batch size. For audio-only, the optimal configura-
tion was 2, 64, and 2048.

Model 1 3

Gemma 3 4B 2, 64, 2048 3, 64, 1024
LLaMA 3.1 8B 4, 256, 2048 2, 64, 4096
Qwen2.5 7B 3, 64, 2048 3, 64, 2048
Mistral 7B 3, 64, 2048 4, 64, 4096

Table 8: Hyperparameters for the models (text + audio,
fine-tuned LLM context encoder) in Table 3 in the order
number of layers, embedding size, and batch size. The
number of past turns is 1 and 3.

you believe it’s responsible for the m the mild1167
recession that we we been having lately mm / <B>1168
right / <A> mhm1169

<A> mhm mhm / <B> and and thereby um in my words1170
uh duping people uh of their money uh uh pretty1171
blatantly { knowing } / <A> [ mhm1172

Thus, when computing the perplexity of the1173

backchannel token, or the LLM context embed-1174

ding, all text up to the backchannel (marked in1175

bold) is used, including the current turn’s speaker1176

token and potential opening brackets.1177

B Best hyperparameters1178

The hyperparameters of the best models for each1179

configuration in Section 4.2 are shown in Table 71180

and 8.1181

C Perception study1182

In the perception study, participants were given1183

three tasks, with the last one consisting of three1184

separate questions regarding Energy, Polarity and1185

Surprisal. In total, five questions were asked for1186

each stimulus set. The participants were shown a1187

range of examples at the beginning of the study.1188

The perception study was conducted on 100 na-1189

tive speakers of North American (U.S.) English1190

who reported English as their primary — most fre- 1191

quently used — language and the United States as 1192

their primary place of residence during their first 18 1193

years. The participants had no hearing difficulties. 1194

Each participant received 21 stimulus sets and two 1195

additional sets for attention checks. Each stimulus 1196

set was seen by at least three subjects. 1197

Participants were recruited via Prolific 2. The 1198

median completion time was approximately 56 1199

minutes, and the participants were compensated 1200

with Prolific’s default reward per hour. 1201

General instruction: Listen to the context and 1202

the feedback responses. The feedback responses 1203

are repeated at the beginning of each question 1204

where you have to rate them individually. 1205

Question 1: Please rate the feedback responses 1206

based on how well they match the context (min: 1, 1207

max: 5). 1208

Question 2: Choose the two responses that are 1209

the most similar to each other. 1210

Question 3: Rate the energy level: how energetic 1211

is the response (min: 1, max: 5)? 1212

Question 4: Rate polarity: how positive is the 1213

response (min: 1, max: 5)? 1214

Question 5: Rate surprisal: how surprised does 1215

the feedback speaker sound (min: 1, max: 5)? 1216

D Informed consent and general 1217

information (verbatim) 1218

For each question, you will hear: 1219

• one context clip (Speaker 1) 1220

• three short feedback clips (Speaker 2), la- 1221

beled as 1, 2 and 3 1222

Your task 1223

1. Rate compatibility 1224

• For each feedback, rate how well it fits 1225

the context as a possible response 1226

• Scale: 1 = not at all, 5 = extremely 1227

• Consider factors like naturalness, appro- 1228

priateness and expectedness 1229

2. Choose similar feedback responses 1230

2https://www.prolific.com
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• Pick the two feedback responses most1231

similar in role, attitude, intention and1232

emotion (not just meaning!), given the1233

current context1234

• Options: 1–2, 2–3 or 1–31235

• Consider factors like how replaceable1236

they are with each other! Take into ac-1237

count both sound and meaning.1238

3. Rate energy1239

• How energetic does the feedback speaker1240

sound?1241

• Scale: 1 = not at all, 5 = extremely1242

4. Rate polarity1243

• How positive is what the feedback1244

speaker said?1245

• Scale: 1 = not at all, 5 = extremely1246

5. Rate surprisal1247

• How surprised does the feedback speaker1248

sound?1249

• Scale: 1 = not at all, 5 = extremely1250

Instructions1251

• You will see some examples on the first six1252

pages. Please, read them carefully.1253

• You have to wait a few seconds for the sur-1254

vey to load.1255

• Evaluate feedback together with context,1256

not in isolation. For better judgment, play1257

each feedback immediately after the con-1258

text.1259

• Consider tone, emotion, and purpose — but1260

ignore differences in recording quality and1261

loudness.1262

1263

Listening requirements1264

• Use headphones in a calm environment.1265

• Replay samples as needed, but you cannot1266

return to earlier ones.1267

• The volume of the context can be adjusted.1268

• If an audio file doesn’t load or doesn’t play,1269

wait a few seconds. Once loaded, it should1270

be possible to play it without delay. If it still1271

does not work, please take a note of where the1272

issue arose and contact us.1273

Attention checks 1274

• Very short or long completion times may lead 1275

to rejection. 1276

• Failing attention checks results in rejection. 1277

Listening activity is recorded for validation. 1278

• The survey will not end if you fail the atten- 1279

tion checks, and your answers, including the 1280

checks, will be evaluated after your submis- 1281

sion. 1282

Other notes 1283

• Answers will help study how people perceive 1284

backchannels in conversation. 1285

• Audio clips are from a dataset and do not rep- 1286

resent our views. 1287

• Responses are anonymized; no personal/sen- 1288

sitive data is collected. 1289

• You may stop anytime or contact us via Pro- 1290

lific if needed. 1291

By continuing, you confirm voluntary participa- 1292

tion and acceptance of these conditions. 1293

Thank you! 1294

E Distribution of affective ratings 1295

The mean and standard deviation over the median 1296

scores for each backchannel, grouped by lexical 1297

category, are shown in Table 9. These provide in- 1298

sight into the typical human perception of each 1299

category and how it varies within each group. The 1300

data suggests a hierarchy from high-arousal, ex- 1301

pressive words (top of the table) to low-arousal, 1302

passive continuers (bottom of the table). 1303

Highest Energy: The token “wow” (3.74±0.70) 1304

has the highest average Energy, indicating that it is 1305

perceived as the most intense or aroused response 1306

in general. It is closely followed by strong, occa- 1307

sionally enthusiastic agreements like “absolutely” 1308

(3.67) and “exactly” (3.67). 1309

Lowest Energy: The tokens “mhm” (2.70 ± 1310

0.68), “yeah” (2.83), and “right” (2.87) are at the 1311

bottom. This aligns with their typical linguistic 1312

function as “passive” continuers, i.e., simple sig- 1313

nals that the listener is still present, without adding 1314

significant emotion. 1315
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Most positive: “Absolutely” (4.03 ± 0.67) and1316

“definitely” (3.98± 0.88) are the most positive to-1317

kens. This suggests that multi-syllabic, explicit1318

agreement words carry more positive weight than1319

short sounds.1320

Least positive (most neutral): The lowest Po-1321

larity scores belong to “mm” (2.71) and “mhm”1322

(2.92). These scores are likely lower not because1323

they are negative, but because they are highly neu-1324

tral (our selection does not, for the most part, in-1325

clude backchannels that are usually perceived as1326

expressing negative sentiment).1327

Most surprised: Words like “wow” (3.92), “re-1328

ally” (3.84), “ah” (3.82), and “oh” (3.69) all have1329

very high Surprisal scores. These are typically used1330

when the listener is reacting to new, shocking, or1331

interesting information.1332

Least surprised: Words like “mhm” (2.04),1333

“yep” (2.21), “right” (2.22), and “sure” (2.30) have1334

low Surprisal scores. These are used to confirm1335

known information or simply to agree.1336

High variance/variability: Certain tokens have1337

consistently high standard deviations, suggesting1338

that they can be pronounced in various ways and1339

that their meaning depends heavily on how they1340

are said (tone/prosody) rather than just on the word1341

itself. Examples include “oh”, “mm”, and “cool”.1342
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Table 9: Mean ± standard deviation per backchannel lexical token. Calculated on the median rating of each
backchannel.

token energy polarity surprisal

wow 3.74 ± 0.70 3.64 ± 0.61 3.92 ± 0.71
absolutely 3.67 ± 0.73 4.03 ± 0.67 2.45 ± 0.56
exactly 3.67 ± 0.61 3.96 ± 0.57 2.41 ± 0.66
ah 3.57 ± 0.74 3.27 ± 0.67 3.82 ± 0.78
really 3.56 ± 0.74 3.22 ± 0.72 3.84 ± 0.74
definitely 3.51 ± 0.70 3.98 ± 0.88 2.34 ± 0.44
oh 3.45 ± 0.86 3.17 ± 0.87 3.69 ± 0.89
good 3.34 ± 0.71 3.55 ± 0.59 2.84 ± 0.63
yes 3.11 ± 0.73 3.39 ± 0.65 2.21 ± 0.62
cool 3.07 ± 0.83 3.49 ± 0.69 2.65 ± 0.81
okay 3.02 ± 0.64 3.21 ± 0.58 2.54 ± 0.69
uh-huh 3.00 ± 0.65 3.07 ± 0.69 2.38 ± 0.67
yep 2.95 ± 0.62 3.30 ± 0.57 2.21 ± 0.61
sure 2.89 ± 0.71 3.34 ± 0.64 2.30 ± 0.71
mm 2.88 ± 0.82 2.71 ± 0.70 2.82 ± 0.95
right 2.87 ± 0.66 3.30 ± 0.66 2.22 ± 0.52
yeah 2.83 ± 0.62 3.14 ± 0.55 2.20 ± 0.60
mhm 2.70 ± 0.68 2.92 ± 0.61 2.04 ± 0.58
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