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Abstract001

Emotion is a core paralinguistic feature in voice002
interaction. It is widely believed that emotion003
understanding models learn fundamental repre-004
sentations that transfer to synthesized speech,005
making emotion understanding results a plau-006
sible reward or evaluation metric for assessing007
emotional expressiveness in speech synthesis.008
In this work, we critically examine this assump-009
tion by systematically evaluating Speech Emo-010
tion Recognition (SER) on synthesized speech011
across datasets, discriminative and generative012
SER models, and diverse synthesis models. We013
find that current SER models can not gener-014
alize to synthesized speech, largely because015
speech token prediction during synthesis in-016
duces a representation mismatch between syn-017
thesized and human speech. Moreover, gener-018
ative Speech Language Models (SLMs) tend019
to infer emotion from textual semantics while020
ignoring paralinguistic cues. Overall, our find-021
ings suggest that existing SER models often022
exploit non-robust shortcuts rather than cap-023
turing fundamental features, and paralinguistic024
understanding in SLMs remains challenging.025

1 Introduction026

Speech understanding enables machines to extract027

meaning and intent from spoken signals, supporting028

robust interaction and reliable decision-making in029

real-world settings (Serdyuk et al., 2018; Haghani030

et al., 2018; Lugosch et al., 2019; Borsos et al.,031

2023; Wang et al., 2025a). Speech understanding is032

typically assumed to operate on naturally produced033

human speech, and the target information extends034

beyond semantic content to paralinguistic features035

and speaker identity. For example, the same expres-036

sion ‘Really?’ can convey distinct intents when037

spoken with surprise versus doubt emotions.038

Speech understanding is increasingly challenged039

by the growing prevalence of synthesized speech040

(Xie et al., 2025; Cui et al., 2025; Hurst et al., 2024).041

As people can convey the same content via either042
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Figure 1: Speech emotion recognition (SER) results on
TESS and CREMA-D dataset. Synthetic speech results
represent the agreement with human. Results highlight
a clear gap between human and synthesized speech.

recorded or synthesized audio, a natural question 043

arises: Does understanding synthesized speech dif- 044

fer from understanding human speech? 045

We investigate this shift through Speech Emo- 046

tion Recognition (SER), a key component of voice- 047

centric interaction. Prior work reports strong emo- 048

tion recognition accuracy on human speech using 049

both discriminative SER models and generative 050

Speech Large Language Models (SLMs) (Koh and 051

Dubnov, 2021; Sadok et al., 2023; Ma et al., 2024; 052

Wu et al., 2025a), yet generating speech that reli- 053

ably expresses a target emotion remains challeng- 054

ing for text-to-speech (TTS) systems and speech- 055

to-speech (S2S) LLMs (Du et al., 2024; Chen et al., 056

2025b; Zeng et al., 2024; Ding et al., 2025). Recent 057

methods therefore evaluate or optimize synthesis 058

using SER-based signals (Yang et al., 2025; An 059

et al., 2024; Wang et al., 2025b; Ji et al., 2025; Chen 060

et al., 2025a; Zhang et al., 2025). However, they 061

assume that SER models learn emotion represen- 062

tations that transfer to synthesized speech, which 063

has not been rigorously validated. This motivates 064

our central research question: Can current models 065

reliably understand emotion in synthesized speech? 066
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To answer it, we systematically evaluate emotion067

understanding on human and synthesized speech068

across datasets, SER models (discriminative and069

generative), and synthesis paradigms (TTS and S2S070

LLMs). Our results provide four key findings:071

• Discriminative SER models generalize poorly072

under synthesized domain shift, and our find-073

ings highlight a clear gap between human and074

synthesized speech as shown in Fig. 1.075

• The dominant source of synthesized domain076

shift is the speech token prediction process,077

whereas the subsequent stages, flow matching078

and vocoder, contribute substantially less.079

• Supervised fine-tuning reduces the synthetic-080

domain gap, but neither standard fine-tuning081

nor domain-adversarial fine-tuning fundamen-082

tally resolves generalization, suggesting that083

SER models may rely on non-robust shortcuts.084

• Speech LLMs tend to infer emotion primarily085

from textual semantic cues while ignoring par-086

alinguistic signals. Prompt engineering does087

not change this behavior, indicating a persis-088

tent text dominance (Wu et al., 2025c).089

We released our code to facilitate future research1.090

2 Related work091

Speech Emotion Recognition Model The key092

problem to understand speech emotions is to learn093

the speech representation of the waveform (Baevski094

et al., 2020; Hsu et al., 2021; Chen et al., 2022;095

Baevski et al., 2022) and finetune the models in096

downstream classification tasks (Koh and Dubnov,097

2021; Sadok et al., 2023; Ma et al., 2024). We098

utilized Emotion2vec (Ma et al., 2024), the most099

powerful and widely used open source SER model100

training on human speech, to evaluate the recogni-101

tion performance on synthesized speech.102

Text-to-Speech Models Emotional expression103

is critical in text-to-speech synthesized (Li et al.,104

2023; Du et al., 2024; Yang et al., 2025; Zhou105

et al., 2025). However, we observe that the speech106

synthesized by most models fails to convey dis-107

tinct emotions perceivable by human listeners. We108

utilized CosyVoice 2 and IndexTTS 2, the open-109

source models with the most pronounced emotional110

expression, to generate TTS synthesized speech.111

1https://anonymous.4open.science/r/
Synthesized_SER

Speech-to-Speech LLMs Emotion matters more 112

in voice interaction between S2S LLMs and human 113

(Hurst et al., 2024; Chu et al., 2024; Zeng et al., 114

2024; Wu et al., 2025a; Xu et al., 2025a; Ding 115

et al., 2025). We utilized Kimi-Audio and GLM4- 116

Voice, the open-source S2S LLMs with the most 117

pronounced emotional expression, to generate S2S 118

synthesized speech. 119

3 Preliminaries 120

To validate whether current SER models reliably 121

understand emotion in synthesized speech, we 122

investigate their performance on three types of 123

speech: real human speech, speech synthesized 124

by TTS, and speech generated by S2S LLMs. 125

3.1 Task Formulation 126

Formally, let M denote a SER model. The emotion 127

recognition process can be formulated as: 128

E = M(DS) (1) 129

where E represents the array of output emotion la- 130

bels drawn from the discrete set {angry, disgusted, 131

fearful, happy, neutral, sad, surprised, other}. The 132

input DS denotes the speech dataset to be catego- 133

rized, which may originate from natural human 134

recordings, TTS models, or S2S LLMs. We formu- 135

late the speech synthesis process for TTS or S2S 136

as: 137

DS = S(DT , C) (2) 138

where DT is the text dataset and C is the emo- 139

tion control signal. Despite the unified notation 140

C, the realization of emotional control varies: TTS 141

models typically utilize prompt speech cloning, nat- 142

ural instructions, or emotion embeddings to define 143

emotions, whereas S2S LLMs require multi-turn 144

interactions to achieve significant emotional output. 145

More details are available at Appendix C. Then the 146

reverse process of synthesis is formulated as: 147

DT = A(DS) (3) 148

where A represents Auto Speech Recognition 149

(ASR), transcribing from speech distribution to text 150

distribution using Whisper (Radford et al., 2023). 151

3.2 SER Results on Human Speech 152

We investigate the performance of Emotion2vec 153

in two test datasets: TESS (Pichora-Fuller and 154

Dupuis, 2020) and CREMA-D (Cao et al., 2014). 155

In the confusion matrix shown in Fig. 2 (a) and 156
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Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

1.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.92 0.00 0.00 0.00 0.00 0.00

0.00 0.00 1.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 1.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 1.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 1.00 0.00

0.00 0.00 0.00 0.00 0.00 0.00 1.00

(a) TESS Human Speech

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.89 0.05 0.01 0.04 0.01 0.01 0.00

0.01 0.88 0.02 0.02 0.01 0.06 0.00

0.01 0.04 0.75 0.04 0.01 0.15 0.00

0.01 0.03 0.02 0.92 0.02 0.01 0.00

0.00 0.01 0.01 0.02 0.90 0.06 0.00

0.00 0.05 0.06 0.01 0.03 0.85 0.00

0.00 0.00 0.00 0.00 0.00 0.00 0.00

(b) CREMA-D Human Speech

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

1.00 0.00 0.00 0.00 0.00 0.00 0.00

0.32 0.30 0.00 0.04 0.22 0.10 0.00

0.58 0.02 0.06 0.08 0.04 0.04 0.18

0.18 0.00 0.00 0.82 0.00 0.00 0.00

0.00 0.00 0.00 0.16 0.80 0.00 0.04

0.06 0.00 0.00 0.00 0.12 0.82 0.00

0.08 0.00 0.00 0.30 0.00 0.00 0.62

(c) LLM Data CosyVoice2 Syn

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.46 0.04 0.10 0.14 0.00 0.04 0.10

0.62 0.08 0.00 0.08 0.00 0.00 0.12

0.00 0.02 0.28 0.32 0.00 0.06 0.16

0.00 0.00 0.00 1.00 0.00 0.00 0.00

0.40 0.02 0.00 0.32 0.22 0.00 0.02

0.00 0.00 0.04 0.50 0.00 0.46 0.00

0.28 0.00 0.10 0.46 0.00 0.00 0.16

(d) LLM Data Indextts2 Syn

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

1.00 0.00 0.00 0.00 0.00 0.00 0.00

0.35 0.32 0.00 0.00 0.23 0.10 0.00

0.60 0.00 0.05 0.15 0.05 0.05 0.10

0.19 0.00 0.00 0.81 0.00 0.00 0.00

0.00 0.00 0.00 0.17 0.79 0.00 0.04

0.06 0.00 0.00 0.00 0.12 0.82 0.00

0.09 0.00 0.00 0.28 0.00 0.00 0.63

(e) LLM Data CosyVoice2 Syn (filtered)

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.46 0.04 0.10 0.14 0.00 0.04 0.10

0.60 0.09 0.00 0.09 0.00 0.00 0.13

0.00 0.02 0.29 0.33 0.00 0.05 0.14

0.00 0.00 0.00 1.00 0.00 0.00 0.00

0.41 0.02 0.00 0.33 0.20 0.00 0.02

0.00 0.00 0.04 0.48 0.00 0.48 0.00

0.21 0.00 0.10 0.52 0.00 0.00 0.17

(f) LLM Data IndexTTS2 Syn (filtered)

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.06 0.00 0.06 0.44 0.06 0.33 0.06

0.00 0.19 0.04 0.37 0.11 0.26 0.04

0.00 0.00 0.12 0.06 0.00 0.82 0.00

0.00 0.00 0.00 1.00 0.00 0.00 0.00

0.00 0.00 0.03 0.45 0.05 0.47 0.00

0.00 0.00 0.00 0.00 0.00 1.00 0.00

0.00 0.00 0.00 1.00 0.00 0.00 0.00

(g) LLM Data Kimi-Audio Syn (filtered)

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.31 0.03 0.00 0.46 0.06 0.06 0.09

0.03 0.21 0.00 0.17 0.10 0.45 0.00

0.00 0.00 0.07 0.07 0.14 0.72 0.00

0.00 0.00 0.00 1.00 0.00 0.00 0.00

0.00 0.00 0.00 0.28 0.57 0.15 0.00

0.00 0.00 0.00 0.00 0.03 0.97 0.00

0.00 0.00 0.00 0.94 0.00 0.00 0.06

(h) LLM Data GLM4-Voice Syn (filtered)

Figure 2: The confusion matrix for speech emotion recognition is shown. The vertical axis represents the ground
truth, and the horizontal axis represents the model’s predictions. Sub-figures (a) and (b) show SER results on human
speech, TESS and CREMA-D. Sub-figures (c) and (d) show SER results for speech synthesized by two TTS models
from LLM-generated text. Sub-figures (e) and (f) represent the same results as (c) and (d) after filtering out weak
emotional expression. Sub-figures (g) and (h) show the same as (e) and (f), but with synthesis by S2S LLMs.

(b), the vertical axis represents the ground truth,157

while the horizontal axis represents the model’s158

recognition results. Therefore, the sum of the val-159

ues in each row equals 1.0. Experimental results160

demonstrate that Emotion2vec achieves robust per-161

formance on human speech, yielding a confusion162

matrix with a pronounced diagonal structure.163

4 Domain Shift to Synthetic Speech164

In this section, we apply the discriminative SER165

model and generative SLMs to synthetic audio, ex-166

amining the emotion understanding performance167

and analyzing the potential underlying causes.168

4.1 SER Results on Synthesized Speech169

Here, we investigate whether the SER model170

trained on human speech generalizes to synthe-171

sized speech. Specifically, we utilized gpt-4o to172

generate 3,028 text sentences and synthesize into173

speech using two TTS emotion control methods:174

prompt speech and natural instruction.175

As shown in Fig. 2 (c) and (d), the experimen-176

tal results demonstrate that Emotion2vec achieves177

poor performance on TTS synthesized speech, pro-178

ducing a confusion matrix significantly without179

diagonal structure. Experimental results demon-180

strate that the SER model trained on human data181

performs well on human speech, while performs182

poorly on synthesized speech. So we explore the 183

potential reasons for this performance gap. 184

4.1.1 Hypothesis 1: TTS Emotion Expression 185

As described in related work, we observed that the 186

speech synthesized by most models fails to convey 187

distinct emotions perceivable by human listeners. 188

Despite employing TTS and S2S models with supe- 189

rior emotional expressiveness, certain synthesized 190

utterances still fail to express the target emotion. 191

Consequently, we recruited four annotators to 192

manually filter out synthesized utterances that 193

failed to convey the target emotion. However, as 194

illustrated in Fig. 2 (e) and (f), the confusion matrix 195

still lacks a distinct diagonal structure. Experimen- 196

tal results demonstrate that the SER model trained 197

on human recorded data still generalizes poorly 198

to the synthesized speech, even when the target 199

emotions are clearly expressed. 200

4.1.2 Hypothesis 2: Lack of Training Data 201

Secondly, we examine whether the SER model ex- 202

hibits performance degradation in specific emotion 203

categories. Previous work by Yang et al. reported 204

limited accuracy in Emotion2vec for disgusted, 205

fearful, and surprised categories due to insufficient 206

training data. Consistent with this, Fig. 2 (e) con- 207

firm that the model struggles primarily with these 208

three emotions other than neutral. However, as 209
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Figure 3: To mitigate the impact of text distribution
generated by LLMs, we investigated speech emotion
recognition performance on identical text datasets.

shown in Fig. 2 (f) (g) and (h), further experiments210

indicate a significant drop in performance across al-211

most all emotion categories for synthesized speech212

generated by IndexTTS and S2S LLMs, includ-213

ing categories with sufficient training data, such as214

happy, angry, and sad. To ensure reliability, all syn-215

thesized audio employed in this section and here-216

after was checked by human annotators to verify217

the distinctness of the emotional expression.218

4.1.3 Hypothesis 3: Text Distribution Gap219

Moreover, we investigate to eliminate the concern220

that Emotion2vec lacks robustness to shifts in tex-221

tual distribution. It is reasonable to hypothesize222

that the performance of the SER model is related223

to the underlying text distribution, where ‘text dis-224

tribution’ is defined as the underlying semantic225

representation or ground truth ASR text sentences,226

identical with Eq. 3. As shown in Fig. 3, our227

initial recognition experiments on LLM-generated228

text (leftmost portion) yielded poor results. This229

raises a critical question: is the failure caused by230

an unfamiliar text distribution, or by the domain231

gap in the speech synthesis process?232

To disentangle these factors, we conducted the233

ablation experiment depicted on the right side of234

Fig. 3. We first obtained ASR text transcripts from235

a test dataset, then synthesized text to generate a236

new target test set. The process to generate the237

target test dataset can be formulated as:238

D′
S = S(A(DS), C) (4)239

where S(·) represents speech synthesis and A(·)240

denotes ASR. This design ensures that any remain-241

ing performance drop can be attributed solely to the242

synthesis artifacts rather than the semantic content.243

As shown in Fig. 4, the confusion matrix of two244

TTS models and two S2S LLMs on synthesized245

TESS dataset continues to exhibit a lack of diagonal246

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.98 0.00 0.00 0.02 0.01 0.00 0.00

0.75 0.03 0.01 0.07 0.10 0.03 0.01

0.25 0.00 0.31 0.29 0.00 0.03 0.11

0.02 0.00 0.13 0.74 0.00 0.00 0.11

0.16 0.00 0.03 0.10 0.53 0.14 0.02

0.08 0.00 0.10 0.04 0.02 0.76 0.00

0.09 0.00 0.22 0.23 0.00 0.00 0.44

(a) TESS CosyVoice2 Syn (filtered)

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.50 0.02 0.40 0.07 0.00 0.00 0.01

0.98 0.00 0.00 0.02 0.00 0.00 0.00

0.00 0.00 0.60 0.38 0.00 0.01 0.00

0.03 0.00 0.04 0.91 0.00 0.00 0.02

0.68 0.06 0.00 0.13 0.10 0.00 0.01

0.01 0.00 0.15 0.47 0.01 0.34 0.01

0.60 0.00 0.34 0.04 0.00 0.00 0.01

(b) TESS IndexTTS2 Syn (filtered)

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.52 0.00 0.17 0.26 0.00 0.00 0.05

0.04 0.01 0.34 0.28 0.01 0.25 0.06

0.00 0.00 0.31 0.26 0.02 0.38 0.02

0.07 0.00 0.17 0.57 0.04 0.15 0.00

0.14 0.00 0.17 0.26 0.11 0.32 0.01

0.00 0.00 0.16 0.10 0.01 0.71 0.00

0.43 0.00 0.18 0.34 0.00 0.03 0.03

(c) TESS Kimi-Audio Syn (filtered)

Ang Dis Fea Hap Neu Sad Sur

Ang

Dis

Fea

Hap

Neu

Sad

Sur

0.41 0.00 0.06 0.35 0.00 0.00 0.12

0.05 0.02 0.01 0.15 0.24 0.50 0.02

0.00 0.02 0.08 0.04 0.12 0.74 0.00

0.02 0.02 0.00 0.93 0.01 0.01 0.02

0.01 0.00 0.00 0.39 0.49 0.11 0.00

0.00 0.00 0.00 0.00 0.07 0.93 0.00

0.07 0.00 0.03 0.48 0.04 0.07 0.30

(d) TESS GLM4-Voice Syn (filtered)

Figure 4: Confusion matrix of speech emotion recog-
nition results for synthetic speech based on TESS text.
The vertical axis represents the ground truth, while the
horizontal axis represents the model’s predictions. Sub-
figs (a) and (b) show SER results for two TTS models,
while (c) and (d) show SER results for two S2S models.

structure. This suggests that performance degra- 247

dation of the SER model on synthesized speech 248

does not stem from a text distribution gap. Instead, 249

it likely arises from synthesis artifacts introduced 250

by the speech generation process. All synthesized 251

audio employed in this section and below was syn- 252

thesized from a real human speech transcript. 253

4.1.4 Hypothesis 4: Distribution Gap between 254

Synthesized and Human Speech 255

Prior experiments suggest that a SER model trained 256

on human speech does not generalize to understand- 257

ing tasks on synthesized audio. Even when ASR 258

transcripts are identical, conveying the same seman- 259

tics and content, there remains a mismatch between 260

the audio distributions produced by natural speech 261

production and by the speech synthesis process. 262

To further validate the distribution gap between 263

synthesized and human speech, we fine-tune a pre- 264

trained audio representation model, Emotion2vec- 265

base (Ma et al., 2024), using either human or syn- 266

thesized data under controlled settings. Specifi- 267

cally, for real speech we use three datasets: IEMO- 268

CAP, RAVDESS, and TESS. We then generate a 269

synthesized counterpart by first transcribing the 270

real utterances with ASR, performing emotion- 271

conditioned speech synthesis from the transcripts, 272

and filtering out samples with insufficiently perceiv- 273
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Human Synthesized

IEM. RAV. TESS IEM. TESS

I. Emotion2vec Train on Human Speech
Ang 77.23 81.25 97.50 63.27 50.00
Hap 64.14 56.25 100.00 80.30 0.00
Neu 71.98 100.00 100.00 43.24 0.00
Sad 75.68 50.00 100.00 24.59 0.00
Fea - 93.75 100.00 - 55.00
Dis - 81.25 100.00 - 0.00
Sur - 93.75 100.00 - 3.57

WA 71.28 77.88 99.64 49.58 15.31

II. Emotion2vec Train on Synthesized Speech
Ang 48.51 25.00 0.00 85.71 97.22
Hap 16.67 0.00 0.00 74.24 70.59
Neu 71.98 37.50 100.00 96.22 94.59
Sad 87.16 100.00 2.50 86.89 92.59
Fea - 0.00 0.00 - 85.00
Dis - 0.00 2.50 - 96.77
Sur - 0.00 0.00 - 92.86

WA 55.67 22.12 15.00 89.20 91.84

Table 1: SER performance on real or synthesized speech
while trained with human or synthesized speech data.

able emotional expression. Because RAVDESS274

contains substantial transcript duplication, the re-275

sulting synthesized set is relatively small; therefore,276

all synthesized RAVDESS samples are used for277

training, without holding out a test split.278

As shown in Table 1, models trained on real279

speech perform well on real audio but degrade280

sharply on synthesized audio. Conversely, mod-281

els trained on synthesized audio classify synthe-282

sized utterances more accurately yet generalize283

poorly to real speech. These results confirm a pro-284

nounced distribution gap between synthesized and285

human speech, and highlight the limitation of di-286

rectly reusing SER models trained on real speech287

for synthesized audio understanding.288

4.2 Commercial Synthesis Models289

SER models trained on human audio exhibit signif-290

icant performance degradation on synthetic audio,291

even the emotional expression of the synthesized292

audio is manually verified. Given that open-source293

models frequently utilize inaccurate labels by Emo-294

tion2vec as RL training rewards or evaluation met-295

rics, we question whether this phenomenon per-296

sists in leading commercial models and whether297

this discrepancy contributes to the performance gap298

SLM Datasets Human Synthesis
0

20

40

60

80
Qwen3-Omni GPT-4o Audio

StepEval Multi-speaker ES
TESS CREMA-D

Figure 5: Speech emotion recognition results of SLMs.
Solid colors and shaded areas represent the results of
Qwen3-omni and GPT-4o Audio respectively.

between open-source and commercial models. 299

To this end, we employ the TTS model GPT-4o 300

mini TTS and the S2S model GPT-4o Audio to 301

synthesize natural, realistic, and emotionally ex- 302

pressive speech, subsequently evaluating the SER 303

models performance. The results show that the gap 304

persists despite stronger affective expressiveness: 305

on CREMA-D, Emotion2vec achieves 32.94% ac- 306

curacy on gpt-4o-tts outputs and 52.63% on gpt-4o- 307

audio outputs. On the more lexically homogeneous 308

TESS dataset, accuracy improves but remains low 309

at 46.42% and 64.16%, respectively. More detailed 310

results are provided in Appendix D. These findings 311

indicate that even for leading commercial synthe- 312

sizers, current human-trained SER models do not 313

reliably recognize emotion in synthesized speech. 314

4.3 SER Results with SLMs 315

SLMs are central to voice-centric interaction and 316

are believed to have strong speech and emotion 317

understanding capabilities. This section explores 318

the performance of advanced SLMs on both human 319

and synthesized speech datasets. We selected two 320

SLMs including the open-source Qwen3-Omni (Xu 321

et al., 2025b) and the commercial GPT-4o Audio. 322

In addition to TESS and CREMA-D, we also in- 323

clude two datasets used to assess the emotion under- 324

standing of SLMs: StepEval-Audio-Paralinguistic 325

(Wu et al., 2025b) and the Multi-Speaker Emo- 326

tional Speech Dataset2. 327

As shown in Fig. 5, both models achieve high 328

SER accuracy on the two SLM datasets, with 329

an average of 73.3%. However, on TESS and 330

CREMA-D, emotion recognition accuracy drops 331

significantly, averaging only 19.6%. The models 332

also perform poorly on synthesized data. 333

2https://magichub.com/datasets/
multi-speaker-emotional-speech-dataset/
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Human
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Figure 6: Visualization of the Emotion2vec embedding space, distinguished by synthesis type, vocoder, and emotion.

Interestingly, this phenomenon suggests that334

emotion understanding of SLMs relies more on335

semantic content than on paralinguistic cues. In336

TESS and CREMA-D, the same text is read with337

different emotions, requiring emotion inference338

from audio’s paralinguistic features. In contrast,339

audio in StepEval and Multi-speaker SE can typi-340

cally be interpreted based on the transcribed text.341

Furthermore, prompt engineering aimed at direct-342

ing SLMs to focus more on paralinguistic informa-343

tion does not have an effect (specific prompts are344

provided in the Appendix B). This highlights the345

‘text dominance’ in SLMs (Wu et al., 2025c) and346

suggests the need for further enhancement of their347

ability to process paralinguistic features.348

5 Deep Analysis349

5.1 Representation Space Bias350

To investigate the significant performance drop of351

Emotion2vec on synthesized audio, we hypothe-352

size that it is related to the model’s representation353

space. The pretraining objective of Emotion2vec354

focuses on distilling speech representations from355

the teacher model, data2vec, via self-supervised356

learning. However, the pretraining data does not357

include synthesized audio, and data2vec (Baevski358

et al., 2023) does not model synthetic data well.359

Consequently, a gap in the representation space360

may exist between synthesized and real speech,361

causing fine-tuned classification heads to be more362

influenced by distributional differences in the syn-363

thesized audio rather than emotional features.364

Representation space shift of synthetic audio.365

We begin by visualizing the representation space366

of Emotion2vec. Specifically, we encode real and367

synthesized data from the TESS and CREMA-D368

datasets, then reduce the representation to two di-369

mensions using t-SNE. Three coloring schemes are370

used to distinguish samples: whether the data are371

Metric(%) Syn. Voc. Mod. Emo.
Balanced Acc 99.81 96.25 75.01 59.86
Macro-F1 99.81 96.25 76.74 59.19

Table 2: Linear probing results on Emotion2vec rep-
resentation space. Target probing categories including
synthesis / human (Syn.), vocoder name (Voc.), model
name (Mol.), and emotion label (Emo.).

synthesized, the audio’s vocoder, and emotion. 372

Fig. 6 supports our hypothesis. Subfigure 1 373

shows that the clusters of synthesized data are off- 374

set from those of real data, marked by red dashed 375

circles. These offsets are attributed to specific syn- 376

thesis models, such as CosyVoices 2 with the HiFi- 377

GAN vocoder at the bottom and IndexTTS 2 with 378

the BigVGAN vocoder in other clusters. Subfig- 379

ure 3 reveals that these outlier clusters encompass 380

all emotions, indicating that the offsets are model- 381

specific rather than emotion-related. Thus, classifi- 382

cation models trained in this representation space 383

are likely influenced by differences between syn- 384

thesis models, hindering the extraction of emotion. 385

Embeddings capture more synthesis-specific pat- 386

terns. Probing experiments further corroborate 387

this finding. Using a dataset balanced across emo- 388

tion labels and synthesis models, we attached lin- 389

ear probes to frozen Emotion2vec embeddings to 390

predict four targets: authenticity, vocoder, synthe- 391

sis model, and emotion. As shown in Table 2, 392

the probes easily discriminate between real and 393

synthesized audio, vocoders, and even synthesis 394

models, but perform poorly on emotion classifi- 395

cation. These results motivate us to reshape the 396

Emotion2vec representation space to disentangle 397

synthesis-related artifacts from emotional features. 398

5.2 Failure of Generalization 399

Table 1 reveals a pronounced distribution gap be- 400

tween synthesized and human speech. Meanwhile, 401
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Human Speech Synthesized Speech

Method In Domain In Domain OOD

IEMOCAP RAVDESS TESS MELD CREMA-D IEMOCAP TESS CREMA-D † CREMA-D ‡

MLP 71.13 66.35 99.64 50.15 78.43 89.20 88.27 32.77 49.38
DANN_syn 69.22 70.19 98.21 47.85 72.10 84.21 84.18 47.30 50.21
DANN_vocoder 69.07 69.23 97.14 47.24 71.70 84.49 85.20 51.35 46.88
DANN_model 69.37 68.27 98.21 47.97 71.96 81.99 83.16 41.22 43.87
DANN_syn* 67.60 69.23 98.93 47.85 73.16 86.43 91.33 42.91 45.01
DANN_vocoder* 70.54 65.38 97.86 47.12 72.10 84.21 88.27 44.93 46.78
DANN_model* 69.81 69.23 98.21 49.00 71.43 85.04 89.80 46.28 47.51

Table 3: Under different fine-tuning strategies, the SER models fail to demonstrate generalization, both to cases
where training data includes real CREMA-D and speech synthesis by CosyVoice and Kimi-audio but lacks CREMA-
D synthesis with these models (OOD CREMA-D †), and to unseen synthesis models (OOD CREMA-D ‡).

MLP Feature Extractor

Pretrained Representation Model

· · ·h

GRL

Domain ClassifierEmotion Classifier

Figure 7: Domain adversarial fine-tuning. An MLP
further extracts features and is used for classification in
understanding tasks. Meanwhile, a GRL is employed to
prevent shortcut learning through artifact features.

labeled synthetic speech is scarce: although fine-402

tuning uses 40k labeled human speech, only 4k403

synthetic speech remain after manual validation404

and filtering of weak emotional expression. A nat-405

ural approach is to fine-tune on a mixture of both406

domains, since Table 1 suggests that large-scale407

human speech pre-training combined with a small408

amount of labeled synthetic data can yield strong409

synthesis SER performance, as illustrated in Tabel410

1. Moreover, biases in the Emotion2vec representa-411

tion space motivate disentangling synthesis-related412

artifacts from emotional cues. Inspired by domain413

adversarial neural networks (Ganin et al., 2016), we414

learn latent representations that support the emo-415

tion classifier while confusing a domain classifier.416

Domain adversarial fine-tuning. As shown in417

Fig. 7, the input text is first processed by a pre-418

trained Emotion2vec, and we keep the pretrained419

parameters frozen to prevent catastrophic forget-420

ting. The output embeddings are then fed into421

a trainable MLP Feature Extractor. This module422

projects the fixed embeddings into a task-specific423

latent representation, denoted as h, which serves as 424

the shared feature space for subsequent tasks. Then 425

an emotion classifier is optimized to predict the 426

correct emotion label y by minimizing the cross- 427

entropy loss Lemo. To achieve disentanglement, 428

we train an adversarial classifier so that the learned 429

representation is invariant to the domain label d. In 430

practice, we implement this using a Gradient Re- 431

versal Layer (GRL, Ganin and Lempitsky, 2015), 432

which negates the gradients flowing from the do- 433

main classifier to the MLP during backpropaga- 434

tion. The overall training objective is to learn a 435

representation h that is discriminative for emotion 436

recognition but invariant to domain shifts. 437

In experimental settings, the human speech data 438

comprise IEMOCAP, RAVDESS, TESS, MELD, 439

and CREMA-D. For synthesized speech, we tran- 440

scribe IEMOCAP and TESS into text and synthe- 441

size audio using CosyVoice2 and Kimi-Audio. All 442

data are split into training and test sets. The test 443

set additionally includes two out-of-domain (OOD) 444

partitions, CREMA-D† and CREMA-D‡, to assess 445

generalization. Notably, training does not include 446

synthesized CREMA-D, but it does include hu- 447

man CREMA-D and synthesized audio from other 448

datasets produced by CosyVoice2 and Kimi-Audio; 449

thus, CREMA-D† evaluates the compositional gen- 450

eralization. CREMA-D‡ evaluates generalization 451

to unseen synthesis models, including IndexTTS2, 452

GLM4-voice, gpt-4o-tts, and gpt-4o-audio. 453

Generalization limits of fine-tuned SER. As 454

shown in Table 3, simply training an MLP on 455

mixed-domain data yields high in-domain accu- 456

racy, averaging 73.14% on human speech and 457

88.73% on synthesized speech, yet generalization 458

remains poor. Performance drops sharply on OOD 459

CREMA-D† and CREMA-D‡. Although we adopt 460
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Figure 8: The impact of three synthesis stages. The
horizontal axis represents emotion recognition accuracy
and deep red arrows indicate the error at each stage.

domain-adversarial training with a GRL to prevent461

the latent representation h from encoding synthesis462

attributes, and the rising domain loss Ldomain sug-463

gests that this objective is being enforced. However,464

contrary to our expectation, this does not improve465

OOD generalization for SER. Balancing positive466

and negative samples within each mini-batch also467

fails to help. These results suggest that SER models468

still exploit in-domain shortcuts rather than learn-469

ing fundamental emotion features.470

5.3 Token Prediction Dominates the Bias471

Furthermore, we investigate the contribution of472

each stage in the speech synthesis process to the dis-473

tributional bias. Recent speech synthesis (Xie et al.,474

2025; Cui et al., 2025) typically consists of three475

stages: (1) an autoregressive (AR) language model476

generating discrete speech tokens; (2) a flow match-477

ing process synthesizing mel-spectrograms condi-478

tioned on the speech tokens and a reference audio;479

and (3) a vocoder converting mel-spectrograms into480

waveforms. To investigate the impact of each stage481

on SER accuracy, we conducted an ablation study482

using CosyVoice 2 on the TESS dataset. We iso-483

lated the error contribution of each stage as follows:484

• Vocoder Error: We reconstructed audio from485

ground-truth mel-spectrograms. The perfor-486

mance drop compared to real speech repre-487

sents the vocoder-induced error.488

• Flow Matching Error: We synthesized mel-489

spectrograms using ground-truth speech to-490

kens derived by the tokenizer as conditions.491

The performance gap compared to reconstruc-492

tion from mel-spectrograms reflects the error493

introduced by flow matching process. 494

• Speech Tokens Generation Errors: We gener- 495

ated speech tokens from ASR-transcribed text, 496

and synthesis speech with the following two 497

stages. The discrepancy with the ground-truth 498

token setup isolates the error introduced by 499

the auto regressive language model. 500

Synthesis gap arising from speech token error. 501

To simulate the transition from ideal to realistic 502

synthesis scenarios, we employed four types of 503

reference speech: (1) the real speech itself, (2) trun- 504

cated real speech with half length, (3) cross-speaker 505

within TESS, and (4) out-of-domain speaker in 506

CREMA-D. As shown in Fig. 8, real speech 507

achieves an SER accuracy of 83.93%, while Mel- 508

spectrogram reconstruction reaches 82.43%, indi- 509

cating that the vocoder has a negligible impact on 510

emotion recognition. When using ground-truth to- 511

kens with the original audio as a reference, ac- 512

curacy reaches 84.07%, slightly surpassing real 513

speech. Averaged across the four reference set- 514

tings, flow matching introduces slightly more error 515

than the vocoder but remains a minor factor. 516

In contrast, driving the synthesis with text inputs 517

utilizing the AR language model causes a drastic 518

performance drop to approximately 30%. Even 519

using the target audio itself as a reference yields 520

only 34.57%, improving to just ∼ 50% after manu- 521

ally filtering for emotional expressiveness. While 522

Mel-based reconstruction remains unaffected by 523

reference selection, accuracy for text-based genera- 524

tion declines progressively from ideal to realistic 525

reference conditions. Consequently, our results 526

conclusively show that the discrepancy between 527

AR-generated tokens and ground-truth tokenizer 528

outputs is the dominant factor degrading emotion 529

recognition performance in synthesized speech. 530

6 Conclusion 531

This paper highlights a clear gap between human 532

and synthesized speech, leading to poor emotion 533

recognition performance in discriminative Speech 534

Emotion Recognition (SER) models on synthesized 535

audio. This generalization issue arises from the 536

speech token prediction stage in synthesis, which 537

induces a representation mismatch. Additionally, 538

generative speech LLMs rely on textual semantics 539

to recognize emotion, often neglecting paralinguis- 540

tic features. Overall, our findings suggest that exist- 541

ing SER models exploit non-robust shortcuts rather 542

than capturing intrinsic emotional features. 543
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Limitation544

While our work offers insights into the generaliza-545

tion gap between human and synthesized speech546

in emotion recognition, several limitations remain.547

Firstly, to ensure the validity of our evaluation, we548

relied on manual annotation to filter out synthe-549

sized utterances that failed to convey the target550

emotion. This process introduces potential human551

subjectivity and restricts the scale of our synthetic552

testing data. Secondly, although we attempted to553

bridge the domain gap using Domain Adversar-554

ial Neural Networks, our results indicate that this555

approach yields limited generalization to unseen556

synthesis models. Future work should focus more557

on pretraining better representation models.558

Ethical Considerations559

Potential Risks. Our work involves the analysis560

of synthesized speech with emotional paralinguis-561

tic features. We acknowledge that advancements562

in emotional TTS and S2S models carry poten-563

tial risks, including the creation of deepfakes for564

fraud, impersonation, or manipulation. However,565

the primary goal of this research is to critically566

evaluate the limitations of current Speech Emotion567

Recognition (SER) models in detecting and under-568

standing these synthetic artifacts. By highlighting569

the “human-synthesis gap” and the vulnerabilities570

of SER models to token-prediction errors, our work571

contributes to the development of more robust de-572

tection systems and safer AI interactions.573

Human Annotation and Fair Compensation.574

To ensure the validity of our synthesized datasets,575

we recruited four human annotators to manually576

verify the emotional expressiveness of the gener-577

ated audio clips.578

• Recruitment and Demographics: The anno-579

tators were recruited from graduate students580

from our research group. They are proficient581

in English with normal hearing capabilities.582

• Task and Instructions: Annotators were in-583

structed to listen to synthesized audio samples584

and determine if the target emotion (e.g., an-585

gry, happy, fearful) was clearly perceptible.586

Samples deemed ambiguous were discarded.587

• Compensation: All participants were com-588

pensated for their time. The payment rate was589

set at ¥22.5 per hour, which exceeds the local590

minimum wage in China.591

• Consent and Data Privacy: We obtained 592

informed consent from all annotators. They 593

were informed that the task involved listening 594

to emotional speech (which may include nega- 595

tive emotions like anger or fear) and that they 596

could withdraw from the study at any time 597

without penalty. No personally identifiable in- 598

formation about the annotators was collected 599

or stored in the final dataset. 600

Data Usage. The real human speech data used in 601

this study comes from publicly available datasets. 602

We strictly adhered to the usage licenses and terms 603

of these datasets. 604
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Appendix 826

A Evaluation Details 827

In this paper, we report the accuracy of speech emo- 828

tion recognition models on diverse datasets, includ- 829

ing both human and synthesized speech. Since the 830

inference process of Emotion2vec is not affected 831

by random seeds, we run inference only once and 832

report the average accuracy of SER models over 833

each dataset. All experiments were conducted with 834

8 NVIDIA GeForce RTX 3090 GPUs. 835

We employ 4 manual annotators to evaluate all 836

synthesized audio samples in data filtering process. 837

The detailed instructions are shown below: 838

• Task Overview 839

For each example, you will be given: 840

– an audio clip S (about 10 seconds), and 841

– a target emotion label L ∈ {surprised, 842

angry, sad, disgusted, fearful, 843

happy, neutral}. 844

Your goal is to judge whether the audio S 845

saliently expresses the target emotion L. 846

Firstly, listen to the audio. Then decide 847

YES/NO. 848

– Select YES if the dominant emotion is 849

consistent with L and the expression is 850

clear and strong enough. 851

– Otherwise, select NO. 852

• Output Format 853

For each example, selects YES or NO 854

• Reference Cues for Each Emotion 855

– angry: high energy, tense/pressed voice, 856

strong stress, possible shouting. 857

– disgusted: clear aversion/contempt, 858

“ew”-like quality, scoffing tone. 859
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– fearful: nervous/tense, unstable or860

trembling voice, rapid breathing, high-861

/unstable pitch, panic-like urgency.862

– happy: bright and lively tone, upward in-863

tonation, relaxed energy, possible laugh-864

ter or smiling voice.865

– neutral: steady, controlled delivery866

with minimal affect; no strong emotional867

coloration.868

– sad: low energy, slower pace, downward869

intonation, heavy/flat tone, possible sigh-870

ing quality.871

– surprised: sudden pitch rise, short872

burst/exclamation, clear “unexpected” re-873

action with abrupt prosodic change.874

B Speech LLM Prompt for SER875

The following shows the prompt used for inference876

in Speech Large Language Models (SLMs). If you877

wish to obtain the results reported in the paper,878

please remove the first two rules from the Rules879

section. To verify whether prompt engineering880

can alter the tendency of SLMs to overly rely on881

semantic content when judging emotions, we used882

the complete prompt below.883

You are an audio emotion classification
model.

Your task: Given the following audio input,
classify the speaker’s emotion.

Emotion categories (choose exactly ONE):
- angry
- disgust
- fearful
- happy
- neutral
- sad
- surprised

Rules:
1. Completely ignore the textual content of
the speech. The transcript may be misleading
or emotion-neutral.
2. Judge emotion only from acoustic
characteristics, not semantics.
3. Do NOT default to "neutral" when uncer-
tain. Instead, choose the closest non-neutral
category unless the audio is clearly flat,
monotone, and emotionless.

884

Unk Ang Dis Fea Hap Neu Oth Sad Sur

Unk

Ang

Dis

Fea

Hap

Neu

Oth

Sad

Sur

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.92 0.00 0.00 0.00 0.03 0.05 0.00 0.00

0.00 0.78 0.00 0.03 0.03 0.14 0.03 0.00 0.00

0.09 0.03 0.00 0.66 0.00 0.16 0.00 0.03 0.03

0.00 0.10 0.00 0.14 0.17 0.14 0.45 0.00 0.00

0.00 0.23 0.00 0.01 0.00 0.74 0.02 0.00 0.01

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.89 0.00 0.11 0.00

0.02 0.22 0.02 0.18 0.08 0.06 0.43 0.00 0.00

TESS 4o_TTS Syn (filtered)

Unk Ang Dis Fea Hap Neu Oth Sad Sur

Unk

Ang

Dis

Fea

Hap

Neu

Oth

Sad

Sur

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.10 0.56 0.05 0.00 0.10 0.05 0.00 0.00 0.15

0.00 0.35 0.47 0.00 0.00 0.12 0.00 0.06 0.00

0.14 0.00 0.00 0.07 0.10 0.45 0.07 0.17 0.00

0.15 0.02 0.00 0.00 0.73 0.10 0.02 0.00 0.00

0.00 0.01 0.00 0.00 0.08 0.90 0.00 0.01 0.00

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.42 0.00 0.58 0.00

0.08 0.00 0.03 0.06 0.14 0.19 0.11 0.00 0.39

TESS 4o_Audio Syn (filtered)

Figure 9: Confusion matrix of speech emotion recog-
nition results. All samples are synthesized by GPT-4o
TTS and GPT-4o Audio.

4. Output only the emotion label (all
lowercase, no punctuation).
5. Do not output explanations unless explic-
itly requested.

Output format:
<emotion_label>

885

C Speech Synthesis in S2S LLMs 886

We employ Kimi-Audio and GLM-4-Voice to syn- 887

thesize speech with salient emotional features for 888

testing the classification ability on S2S LLMs syn- 889

thetic data. Unlike TTS models which explicitly 890

control emotion through prompt speech and natural 891

language instructions, S2S LLMs generate speech 892

in a conversational manner. During the interaction 893

process, however, we find that the emotional ex- 894

pression in the first-turn response is insufficient. 895

Hence, we introduce additional prompts in subse- 896

quent turns, such as ‘Repeat the previous answer 897

and speak with a clearly angry tone’. Through 898

this iterative prompting strategy, we are able to 899

obtain audio samples with more pronounced emo- 900

tional features in the second or third-turn response. 901

These audio samples are manually filtered and sub- 902

sequently used as synthetic data for testing the emo- 903

tion classification models. 904

D Emotion2vec Performance on 905

Commercial Synthesized Models 906

As shown in Fig. 9, we present detailed confu- 907

sion matrix for speech emotion recognition on the 908

TESS dataset synthesized by two commercial sys- 909

tems: GPT-4o-TTS and GPT-4o-Audio. Despite 910

the strong synthesis ability of commercial mod- 911

els and the salient emotional features of filtered 912

audio samples, the classification performance of 913

Emotion2vec remains unreliable. 914
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Figure 10: The horizontal axis represents the proportion
of data where humans perceive significant emotional
expression, while the vertical axis indicates the Emo-
tion2vec SER accuracy.

E Emotion Recognition Relevance915

We visualized the relationship between the signif-916

icance of emotion expression in synthetic mod-917

els and the emotion recognition accuracy of Emo-918

tion2vec. As shown in Fig. 10, the x-axis repre-919

sents the proportion of synthetic audio in which920

human annotators believe the emotion is signifi-921

cantly expressed. The y-axis represents the emo-922

tion recognition accuracy of Emotion2vec. The923

visualization in Figure 10 shows that there is no924

strong positive correlation between the two.925

F The Significance of Synthetic Data in926

Ideal Scenarios927

We investigate the unique value of synthetic data928

in speech understanding tasks. For instance, can929

synthetic audio, by supplementing long-tail dis-930

tribution data, enable neural networks to uncover931

more intrinsic features relevant to the task?932

As shown in Fig. 11, consider a scenario where933

authentic speech-emotion data follows a common934

distribution P . Conversely, certain synthetic audio-935

emotion data, influenced by the generative process,936

may form a less common distribution P ′. Within937

this, a subset P ′
T represents synthetic data where938

emotions remain discernible to humans. We posit939

that P ′
T effectively constitutes the long-tail por-940

tion of the true, complete distribution P∗. Con-941

sequently, we investigate whether leveraging the942

more comprehensive distribution formed by com-943

bining P and P ′
T allows for the discovery of more944

intrinsic features for emotion recognition, thereby945

transcending the limitations of relying solely on the946

P∗

Human Speech

P

P ′

P ′
T

P ′
T ≈ long-tail(P∗)

Figure 11: The significance of synthetic data.

common distribution P Furthermore, we explore 947

the potential of leveraging scaling laws to enhance 948

the model’s representation of the true distribution 949

P∗ through the use of massive pseudo-labeled syn- 950

thetic data. Recent work has demonstrated that in 951

language modeling tasks (Zeng et al., 2024), utiliz- 952

ing large-scale synthetic data facilitates the learning 953

of more robust speech-text alignment relationships. 954

Inspired by this, we aim to investigate the potential 955

of scaling pseudo-labeled synthetic data specifi- 956

cally within the context of speech understanding 957

tasks. 958
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