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Abstract

Audio-Visual Speech Recognition (AVSR) has achieved re-001
markable progress in offline conditions, yet its robustness002
in real-world video conferencing (VC) remains largely un-003
explored. This paper presents the first systematic evaluation004
of state-of-the-art AVSR models across mainstream VC plat-005
forms, revealing severe performance degradation caused006
by transmission distortions and spontaneous human hyper-007
expression. To address this gap, we construct MLD-VC,008
the first multimodal dataset tailored for VC, comprising 31009
speakers, 22.79 hours of audio-visual data, and explicit use010
of the Lombard effect to enhance human hyper-expression.011
Through comprehensive analysis, we find that speech en-012
hancement algorithms are the primary source of distribu-013
tion shift, which alters the first and second formants of au-014
dio. Interestingly, we find that the distribution shift induced015
by the Lombard effect closely resembles that introduced by016
speech enhancement, which explains why models trained on017
Lombard data exhibit greater robustness in VC. Fine-tuning018
AVSR models on MLD-VC mitigates this issue, achieving an019
average 17.5% reduction in CER across several VC plat-020
forms. Our findings and dataset provide a foundation for021
developing more robust and generalizable AVSR systems in022
real-world video conferencing.023

1. Introduction024

Audio-Visual Speech Recognition (AVSR) [1–4] integrates025
audio and visual modalities to effectively overcome the per-026
formance limitations of single-modality Automatic Speech027
Recognition (ASR) [5–8] under noisy or degraded con-028
ditions. It has become an important research direction029
for robust speech understanding. With the advancement030
of deep learning, state-of-the-art (SOTA) AVSR models031
have achieved remarkable performance on existing datasets.032
Since the outbreak of the COVID-19 pandemic, video con-033
ferencing (VC) platforms such as Zoom, Lark, Tencent034
Meeting, and DingTalk have become the primary means of035

Video Conferencing

Hindered Communication
Leads Hyper-expression

Transmission Leads
Data Distortions

Hindered Communication
Leads Hyper-expression

Face to Face
Natural Communication

Direct Data Interaction

Figure 1. Compared to the face-to-face scenario, we identify two
key factors affecting AVSR in video conferencing: transmission
distortions in online and hyper-expression in a hindered commu-
nication environment.

remote communication. Consequently, AVSR has shown 036
increasing demand in meeting transcription and accessibil- 037
ity support applications. 038

Most studies on robust AVSR [4, 9–12] focus on noisy 039
conditions or modality loss. However, our systematic eval- 040
uation reveals a critical issue: AVSR models experience se- 041
vere performance degradation in VC, where the Word Error 042
Rate (WER) and Character Error Rate (CER) increase from 043
0.93%/0.56% to 33.09%/33.01%. This collapse stems from 044
the lack of datasets that reflect real-world VC conditions, as 045
existing robustness studies are primarily conducted in of- 046
fline or simulated environments, which fail to capture the 047
complexity of real-world usage. As shown in Fig. 1, com- 048
munication in VC occurs through a camera and a display. 049
This setting prompts participants to implicitly assume that 050
the ongoing interaction is more constrained than face-to- 051
face communication, leading them to adjust their commu- 052
nicative behaviors spontaneously. In addition, both audio 053
and visual signals undergo compression, noise suppression, 054
and speech enhancement during transmission, which intro- 055
duces distortions to the data. 056

In this paper, we present the first systematic evalua- 057
tion of mainstream AVSR models in VC, construct the first 058
multimodal dataset covering multiple platforms, and reveal 059
the issue of acoustic feature drift through a detailed anal- 060

1

REDACTED

REDACTED



ysis of the proposed dataset. By evaluating AVSR mod-061
els across various VC platforms and datasets, we find con-062
sistent performance degradation across platforms, modal-063
ities, and languages, highlighting the universality of this064
problem. Based on the evaluation results and analysis,065
we identify two key factors responsible for the degradation066
of AVSR performance in VC: transmission distortions and067
spontaneous human hyper-expression [13, 14]. To bridge068
the research gap in VC, we construct the first multimodal069
dataset for video conferencing (MLD-VC). MLD-VC com-070
prises 31 speakers and 22 hours of recordings covering four071
mainstream VC platforms, with audio, video, and lip land-072
mark data. Moreover, MLD-VC explicitly incorporates the073
Lombard effect to enhance and capture the manifestation074
of hyper-expression in VC. Experimental results show that075
fine-tuning AVSR models on MLD-VC reduces the average076
CER by 17.5% in VC.077

We summarize the main contributions of this paper as078
follows.079

1) Conducting the First Systematic Evaluation in VC.080
We conduct the first systematic evaluation of AVSR081
models in VC, revealing the widespread nature of per-082
formance degradation. We further identify two key con-083
tributing factors to this degradation: transmission distor-084
tions and spontaneous human hyper-expression.085

2) Constructing the First Multimodal VC Dataset for086
AVSR. We construct the first multimodal dataset cap-087
tured directly through multiple real VC platforms088
(MLD-VC), which not only considers the real-world089
VC scenario but also incorporates the Lombard effect090
to enhance the hyper-expression. MLD-VC comprises 4091
mainstream VC platforms, 31 speakers, and 22.79 hours092
of audio-visual recordings.093

3) Revealing the Hidden Mechanism Behind Perfor-094
mance Collapse. We reveal that the fundamental cause095
of AVSR performance degradation in VC is feature dis-096
tribution shift. We further demonstrate that speech en-097
hancement algorithms are the primary factor driving the098
shift in audio distributions. In addition, we find that099
landmark-level features in the visual modality remain100
stable in VC, providing new insights for current AVSR101
visual encoders that rely on the unstable image-level rep-102
resentations.103

4) Improving AVSR Performance in VC. After fine-104
tuning the AVSR model on MLD-VC, we achieve an av-105
erage reduction of 17.5% in CER across several VC plat-106
forms. The ablation results show that the two key con-107
tributing factors are indispensable for improving model108
performance.109

2. Related Work 110

2.1. Audio-Visual Speech Recognition 111

AVSR [1–3, 15–24] integrates visual and acoustic fea- 112
tures to enhance recognition accuracy under challenging 113
and interference-prone conditions. Most existing studies 114
on AVSR primarily focus on model robustness under noisy 115
conditions or modality degradation [4, 9–12]. 116

Since the outbreak of the COVID-19 pandemic, AVSR 117
systems have been widely adopted in VC scenarios. In such 118
scenarios, besides background noise and modality loss, 119
audio-visual streams are further affected by compression 120
distortion and the spontaneous human hyper-expression 121
[13]. These factors introduce challenges that extend beyond 122
traditional noise-robust settings, yet remain largely over- 123
looked by current research. Most existing works still rely on 124
pre-collected and tightly synchronized datasets, without ac- 125
counting for the compression artifacts and hyper-expression 126
behaviors commonly observed in VC [13]. Consequently, 127
the generalization of existing robust AVSR methods to real- 128
world VC scenarios remains severely limited. However, 129
there is currently a lack of datasets for AVSR robustness 130
in VC scenarios. 131

2.2. Human Hyper-expression 132

Hyper-expression refers to a speaker’s compensatory be- 133
havior when communication is hindered [13, 14, 25–27]. 134
In such cases, the speaker tends to increase vocal inten- 135
sity, exaggerate facial expressions, and use more gestures 136
to enhance intelligibility. Lindblom et al. [14] proposed the 137
hyper/hypo theory, which explains the underlying mecha- 138
nism of hyper-expression. According to this theory, speak- 139
ers continuously evaluate the communicative environment 140
to adjust their articulations dynamically in response to con- 141
textual demands. A typical form of hyper-expression is 142
the Lombard effect, which occurs when speakers attempt 143
to communicate in noisy environments [25–29]. 144

Russell et al. [13] further showed that hyper-expression 145
is prevalent in VC scenarios. By analyzing real-world Zoom 146
meeting recordings, they found that participants exhib- 147
ited hyper-expression, which is similar to the Lombard ef- 148
fect. The specific characteristics are more frequent pauses, 149
longer vowel durations, and higher fundamental frequency 150
values. These findings suggest that the performance degra- 151
dation of AVSR models in VC scenarios is not solely at- 152
tributed to the online communication setting, but also stems 153
from the spontaneous hyper-expression of speakers. 154

3. AVSR Performance in Video Conferencing 155

With the spread of the COVID-19 pandemic, VC has be- 156
come commonplace, whereas it was previously a relatively 157
niche practice. AVSR models are often deployed on VC 158
platforms to transcribe the meeting content. Existing AVSR 159
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Table 1. Performance of AVSR models on video conferencing platforms. “Offline” refers to the original dataset. “*” indicates that the
corresponding metric is not applicable or not reported. “∆” refers to the absolute difference between VC platforms and Offline. Bold
indicates the least change for each platform.

Model Dataset Modal Language Platform WER(%)↓ ∆ WER(%)↓ CER(%)↓ ∆ CER(%)↓

mWhisper-Flamingo [30] LRS3 [31]

A En

Offline 0.68 * * *
Zoom 10.38 9.70 * *
Lark 19.55 18.87 * *

Tencent Meeting 11.89 11.21 * *

AV En

Offline 0.73 * * *
Zoom 9.22 8.49 * *
Lark 18.53 17.80 * *

Tencent Meeting 10.97 10.24 * *

LiPS-AVSR [32] Chinese-Lips [32]

A Zh

Offline * * 4.37 *
Zoom * * 8.67 4.30
Lark * * 14.83 10.46

Tencent Meeting * * 9.72 5.35

AV Zh

Offline * * 3.87 *
Zoom * * 18.53 14.66
Lark * * 10.97 7.10

Tencent Meeting * * 9.22 5.35

Auto-AVSR [2]

LRS3 [31]

AV En

Offline 0.93 * 0.56 *
Zoom 33.09 32.16 33.01 32.45
Lark 31.72 30.79 30.71 30.15

Tencent Meeting 23.79 22.86 22.65 22.09

V En

Offline 19.08 * 13.68 *
Zoom 90.26 71.18 74.32 60.64
Lark 92.08 73.00 74.51 60.83

Tencent Meeting 56.14 37.06 43.88 30.20

Lombard-Grid [33] AV En

Offline 4.93 * 3.06 *
Zoom 12.36 7.43 9.93 6.87
Lark 8.94 4.01 7.79 4.73

Tencent Meeting 7.12 2.19 4.48 1.42

models are typically trained on clean datasets, and arti-160
ficial noise is later added during post-processing to im-161
prove model robustness. However, real-world VC scenar-162
ios involve multiple complex factors, including codec com-163
pression, transmission delays, and speech enhancement ef-164
fects. This section aims to systematically evaluate the per-165
formance of existing SOTA models under VC conditions.166

3.1. Setup167

To comprehensively evaluate the performance of current168
AVSR models under VC conditions, we employed three169
representative VC platforms and evaluated three SOTA170
AVSR models across multiple datasets and languages.171

3.1.1. Dataset172

Considering the linguistic differences, we selected both173
English and Chinese multimodal datasets, specifically174
Lombard-Grid [33], LRS3 [31], and Chinese-Lips [32].175

3.1.2. Baselines176

To evaluate the performance of AVSR models in VC, we177
selected three SOTA models, specifically Auto-AVSR [2],178
mWhisper-Flamingo [30], and LiPS-AVSR [32].179

3.2. Metrics 180

We adopt Word Error Rate (WER) and Character Error Rate 181
(CER) as metrics. Lower WER and CER values indicate 182
better performance. 183

3.2.1. Video Conferencing Platform 184

With the widespread adoption of VC, various applications 185
have rapidly emerged. We selected several commonly used 186
platforms, including Zoom, Lark, and Tencent Meeting. 187

3.3. Evaluation Method 188

To ensure a fair comparison of baselines across different 189
platforms, we followed the open-source configurations of 190
each baseline, successfully reproducing their performance 191
with results closely matching those reported in the original 192
papers. Furthermore, we transmitted the test sets of each 193
corresponding dataset through the VC platforms to simulate 194
the VC conditions. We provide a detailed description of the 195
transmission process in Appendix 8.1. We then computed 196
the WER and CER on the transmitted test sets to evaluate 197
the performance of each baseline. 198
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3.4. Quantitative Results199

3.4.1. Performance Analysis200

We present the quantitative results in Tab. 1. The re-201
sults reveal that all models suffer significant performance202
degradation under VC conditions. This degradation remains203
consistent across different languages and modalities, con-204
firming the destructive impact of VC on AVSR models.205
mWhisper-Flamingo exhibits a significant performance de-206
cline when deployed in VC compared to its offline baseline.207
On the LRS3 dataset, the WER of mWhisper-Flamingo in208
audio-only modality increases by an average of 20.5 times209
compared to the offline setting. Although the audio-visual210
modality variant slightly mitigates the degradation (WER =211
9.22% on Zoom vs. 10.38% in audio-only), the overall ac-212
curacy remains significantly lower than that of the offline213
condition.214

For LiPS-AVSR, the degradation pattern is consistent.215
The offline CER of 4.37% (audio-only) and 3.87% (audio-216
visual) nearly doubles or triples under conferencing condi-217
tions. Notably, the audio-visual configuration suffers sub-218
stantial instability, reaching up to 18.53% on Zoom. This219
suggests that visual cues may be unreliable when video220
compression or transmission delay occurs.221

The Auto-AVSR model exhibits the most pronounced222
performance degradation among the three evaluated sys-223
tems. On the LRS3 dataset, the WER of Auto-AVSR in224
audio-visual modality increases from 0.93% to 33.09%. In225
contrast, the audio-visual evaluation on the Lombard-Grid226
dataset shows relatively minor degradation, indicating that227
Auto-AVSR trained with Lombard data is more resilient228
to VC distortions. Through the comparison between the229
Lombard-Grid and LRS3 datasets, it can be observed that230
the model trained on Lombard data is inherently more sta-231
ble under conferencing conditions.232

3.4.2. Modal Analysis233

Different modality combinations exhibit markedly distinct234
levels of tolerance to VC conditions, which directly deter-235
mine the robustness of AVSR models. Among them, the236
visual-only modality is the most vulnerable, as all datasets237
show severe performance degradation under VC scenarios.238
For instance, in the Lark of the LRS3 dataset, the Auto-239
AVSR model achieves a WER of 92.08%, while in the240
Zoom it reaches 90.26%. These results indicate that the241
visual-only modality is more sensitive to compression and242
delay during transmission, making it difficult for a vision-243
only system to resist such distortions.244

Audio-only modality exhibits moderate robustness, with245
the WER/CER increases of the mWhisper-Flamingo and246
LiPS-AVSR models under VC conditions being lower than247
those of the audio-visual modality. For instance, in the248
LRS3 dataset under Zoom transmission, the mWhisper-249
Flamingo model achieves a WER of 10.38% in audio-only250

modality, higher than 9.22% in audio-visual modality. 251
Audio-visual modality exhibits the strongest robustness. 252

In most cases, the audio-visual modality of baseline models 253
effectively mitigates interference in VC scenarios through 254
cross-modal information complementarity. For the Auto- 255
AVSR model on the LRS3 dataset, the AV fusion modal- 256
ity achieves a maximum WER of 33.09% in VC scenarios, 257
which is substantially lower than the 92.08% observed in 258
the visual-only modality. The audio-visual modality of the 259
mWhisper-Flamingo model achieves lower WER than the 260
audio-only modality across all three platforms. 261

3.4.3. Dataset Analysis 262

The inherent characteristics of different datasets (such as 263
video quality, speaker diversity, and data distribution) di- 264
rectly affect the extent of performance degradation after 265
transmission. Among them, the Lombard-Grid dataset 266
shows the most substantial resistance to interference. For 267
the Auto-AVSR model on this dataset, the WER under the 268
audio-visual modality remains as low as 12.36% even af- 269
ter transmission via Zoom, which is substantially lower 270
than the 33.09% WER observed for the same modality 271
on the LRS3 dataset. In addition, the model trained on 272
Lombard-Grid exhibits the smallest increases in WER and 273
CER across nearly all settings. The primary reason lies in 274
the fact that half of the data in Lombard-Grid exhibits the 275
Lombard effect. Previous studies [28, 29] have confirmed 276
that training AVSR models on data containing the Lombard 277
effect can simultaneously improve recognition accuracy and 278
robustness. 279

3.5. Summary of Findings 280

We evaluated several AVSR models across mainstream VC 281
platforms. We found that the performance degradation of 282
AVSR models is a pervasive issue, regardless of model ar- 283
chitecture, language, modality, or VC platform. Interest- 284
ingly, we observed that models trained with Lombard data 285
exhibit strong robustness in VC. 286

4. Multimodal Dataset for Video Conferencing 287

The previous section revealed that AVSR models degrade 288
notably in VC. However, existing datasets fail to capture the 289
unique characteristics of such scenarios. In this section, we 290
identify two key factors of VC scenarios and construct the 291
first multimodal VC dataset for AVSR (MLD-VC), which 292
explicitly incorporates these two key factors. 293

4.1. Key Factors of Video Conferencing 294

According to the previous analysis, we identify two key 295
factors of VC scenarios, as shown in Fig. 1. (K1) 296
Transmission distortions. Compared to offline scenar- 297
ios, audio-visual signals in VC are subject to complex in- 298
terferences, including codec compression, noise suppres- 299
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sion, and speech enhancement processing. These exter-300
nal interferences degrade the clarity and intelligibility of301
both audio and visual streams. (K2) Spontaneous human302
hyper-expression. Beyond distortion, human behavior in303
VC differs from offline scenarios. Psychoacoustic and au-304
ditory studies [13, 14, 26] have demonstrated that speak-305
ers, under conditions of communicative obstruction, spon-306
taneously enhance their vocal expressions and facial articu-307
lations to ensure effective information transmission. This308
phenomenon, termed “Hyper-expression”, manifests as a309
slower speech rate, expanded vowel articulation space, and310
more pronounced lip and head movements. Previous studies311
[13] have confirmed the widespread presence of such hyper-312
expression behaviors in VC. Since the Lombard effect is a313
typical form of hyper-expression [14], this finding explains314
why the models trained with Lombard data in Section 3.5315
exhibit stronger robustness in VC.316

Under the combined influence of K1 and K2, the317
data distribution in VC deviates significantly from that of318
“clean” in offline conditions. For AVSR models trained on319
offline data, these two key factors directly cause a severe320
degradation in model performance.321

4.2. Dataset Construction322

4.2.1. Participant information and consent323

We recruited a total of 31 volunteers to participate in the324
data collection process, all of whom were university stu-325
dents, including 15 males and 16 females. Each partici-326
pant was fully informed about the research objectives, data327
recording procedures, and the specific types of personal in-328
formation retained (e.g., age and gender). All participants329
were required to sign an informed consent form that clearly330
stated the intended use of the collected data. After the data331
collection, participants were asked to review all recorded332
audio-visual materials for verification. The final released333
dataset will undergo a rigorous anonymization process to334
ensure participant privacy.335

4.2.2. Core of Dataset336

To better highlight the characteristics of VC, we system-337
atically incorporate K1 and K2 in the proposed dataset.338
To faithfully reproduce transmission distortions under VC339
conditions, we select several widely used platforms, includ-340
ing Tencent Meeting, Lark, DingTalk, and Zoom. Previous341
studies [13] have shown that hyper-expression behaviors in342
VC are highly analogous to the Lombard effect. The Lom-343
bard effect [28, 29] is induced by environmental noise, and344
its intensity varies in relation to the level of noise exposure.345
Therefore, we introduce controlled noise stimuli to elicit the346
Lombard effect in speakers, thereby enhancing the repre-347
sentativeness of hyper-expression phenomena in VC.348

By incorporating the two key factors of VC, our con-349
structed dataset more accurately aligns with the signal prop-350

erties and human interaction patterns of VC. This dataset 351
can make a new contribution to investigating the degrada- 352
tion mechanisms and enhancing the robustness of AVSR 353
models under VC conditions. 354

4.2.3. Corpus Design 355

We designed both an English and a Chinese corpus. The 356
sentence construction was inspired by the Lombard-Grid 357
dataset (English) [33] and the DB-MMLC dataset (Chinese) 358
[25], both of which adopt the Grid-style grammar. Each 359
English sentence in our dataset consists of six words. For 360
example, “bin blue at A 2 please” follows the structure: 361
<Command: bin, lay, place, set><Color: blue, green, red, 362
white><Preposition: at, by, in, with><Letter: A–Z (ex- 363
cluding W)><Digit: 0–9><Adverb: again, now, please, 364
soon>. Among them, three words (color, letter, and digit) 365
are regarded as keywords, while the remaining ones are con- 366
sidered fillers. The Chinese version of the Grid-style corpus 367
used in our dataset is provided in Appendix 8.2.1. 368

To introduce the Lombard effect, we followed previous 369
studies and designed four background noise conditions, in- 370
cluding Plain (no noise), 40 dB, 60 dB, and 80 dB. All par- 371
ticipants were informed that they were taking part in a video 372
conference. They were required to wear headphones, sit in 373
front of a display and camera, and read aloud the sentences 374
from the corpus. The display prompted participants to start 375
reading, while the corresponding background noise was si- 376
multaneously played through the headphones. Participants 377
were required to complete the reading task under each of the 378
noise conditions. Each participant was required to read 30 379
sentences (20 Chinese sentences and 10 English sentences) 380
under each of the four background noise conditions. 381

4.2.4. Recording 382

To simulate real-world usage scenarios, all VC platforms 383
were configured with their default settings. The audio and 384
video input devices consisted of a UGREEN CM564 mi- 385
crophone and a UGREEN CM831-65381 camera. Both the 386
input and receiving audio–video streams were recorded us- 387
ing OBS Studio. The recording parameters of OBS Studio 388
were set as follows: stereo audio with a 48 kHz sampling 389
rate encoded using the AAC codec, and video with a reso- 390
lution of 1920 × 1080 at 25 FPS. The recordings from the 391
input side were treated as offline data, while those from the 392
receiving side were regarded as VC data. 393

4.2.5. Post Processing 394

To improve the quality of the dataset, we manually in- 395
spected the recorded raw data and discarded any “corrupted 396
samples” caused by unexpected recording issues. To en- 397
sure anonymization, we followed the preprocessing config- 398
uration of Auto-AVSR [2] and cropped each video to retain 399
only the lip region. To eliminate the influence of system vol- 400
ume during recording, we applied loudness normalization 401
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Table 2. Comparison of the proposed MLD-VC with existing mul-
timodal Lombard and video conferencing datasets. “VC Num”
refers to the number of video conferencing platforms included. “*”
indicates that the dataset was collected offline.

Dataset Speakers Duration(h) Language VC Num Year

Lombard-Grid 54 3.81 En * 2018
RoomReader 118 8 En 1 2022

MLD-VC (Ours) 31 22.79 En & Zh 4 2025

to the audio. To ensure compatibility with various AVSR402
model inputs, we used FFMPEG to convert all audio into403
single-channel WAV files with a sampling rate of 16 kHz.404

4.3. Dataset Distribution405

Tab. 2 compares our dataset with existing multimodal Lom-406
bard datasets and video conferencing datasets. Our dataset407
substantially extends the total duration and the number of408
platforms compared with existing datasets. Compared to409
RoomReader, our dataset is 2.8 times longer in total dura-410
tion and encompasses three additional VC platforms. Com-411
pared with Lombard-Grid, our dataset is more than 6 times412
longer in total duration and extends to the online scenario.413
Additionally, our dataset supports multiple languages and414
various VC platforms. We present the duration of each sub-415
set across different VC platforms in Appendix 8.2.3.416

5. Revealing the Cause of AVSR Degradation417

In the previous results presented in Section 3.4, we observed418
a significant performance degradation of AVSR models in419
VC. This phenomenon suggests that both the audio-visual420
features undergo distributional shifts under VC conditions,421
resulting in impaired performance. To further investigate422
this issue, we conducted a systematic analysis of audio-423
visual data in the proposed MLD-VC dataset. We compared424
the characteristics of audio and visual modalities between425
offline and online settings, revealing the direct manifesta-426
tions of AVSR performance degradation. In addition, we427
dissected the transmission and processing pipeline in VC428
systems to identify the critical stages responsible for modal-429
ity distribution shifts, thereby uncovering the underlying430
causes of AVSR performance deterioration.431

5.1. Analysis of Modality Difference432

To analyze the modality discrepancies across different sce-433
narios, we visualize the probability density distributions of434
representative features. For the audio modality, we use435
openSMILE [34] to extract five acoustic features: the fun-436
damental frequency (F0), the first formant (F1), the second437
formant (F2), loudness, and the ratio of the total energy in438
the 50-1kHz to the total energy in the 1kHz-5kHz (Alpha-439
Ratio). Note that the values of AlphaRatio are logarithmi-440
cally scaled.441

For the visual modality, compression and network la- 442
tency in online transmission inevitably cause quality degra- 443
dation and even blurring. Traditional image quality mea- 444
sures, such as PSNR and SSIM, have limited value in this 445
scenario because they cannot capture the information that 446
AVSR models primarily rely on. The essential objective of 447
AVSR is to recognize lip movements. Based on this task 448
property, we use lip geometric motion as the primary tar- 449
get for analysis. Specifically, we use three indicators: lip 450
width, lip height, and lip roundness. Lip roundness is de- 451
fined as the ratio between height and width, and a value 452
closer to 1 indicates a more rounded lip shape. All indica- 453
tors are computed from facial landmark positions, and the 454
detailed procedure is provided in Appendix 8.3.1. 455

5.1.1. Difference between Offline and Online 456

We present the probability density distribution curves of 457
speech features in Fig. 2. In addition, Tab. 3 lists the 458
horizontal coordinates corresponding to the peak points of 459
each curve. We find that the F0 remains nearly consistent 460
across offline and online scenarios, indicating that the over- 461
all pitch level of speech is not substantially affected. In con- 462
trast, both F1 and F2 exhibit significant upward frequency 463
shifts, with DingTalk showing the approximate 170 Hz in- 464
crease. AlphaRatio in online settings is lower than in of- 465
fline settings, indicating that high-frequency energy is en- 466
hanced in online recordings. Moreover, the loudness dis- 467
tribution shifts to the left in online scenarios, suggesting a 468
slight attenuation in overall acoustic energy. These patterns 469
are consistent across all VC platforms, indicating that VC 470
platforms systematically alter the spectral structure of au- 471
dio, thereby impairing the accurate modeling of features by 472
AVSR models. 473

5.1.2. Difference between Plain and Hyper-expression 474

We use the Lombard effect to enhance the hyper-expression 475
in VC explicitly. By comparing the paired subplots (row- 476
wise) in Fig. 2 with the corresponding sub-tables in Tab. 477
3, it can be observed that the F0 remains essentially un- 478
changed under the Lombard condition. At the same time, 479
the distributions of the F1 and F2 shift toward higher fre- 480
quencies with reduced dispersion. We further observe that 481
the variations of F1 and F2 between Plain and Lombard 482
speech resemble those between offline and online record- 483
ings, indicating that the spectral structures induced by the 484
Lombard effect are similar to those of video conferencing. 485
This finding explains why the model trained with Lombard 486
data in Section 3.5 shows stronger robustness in VC. 487

5.1.3. Difference between Audio and Vision 488

We present the visual feature analysis results in Appendix 489
8.3.2. The results show that the differences in visual fea- 490
tures are minimal, indicating that the VC scenario exerts 491
only a negligible influence on lip landmarks. However, this 492
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Figure 2. Probability density distribution curves of five acoustic
features (F0, F1, F2, Loudness, and AlphaRatio) across five sub-
sets in the proposed MLD-VC under Plain (left column) and Lom-
bard (right column). Across features(column-wise), both Plain
and Lombard show noticeable high-frequency shifts in F1 and
F2 under video conferencing conditions. Across conditions (row-
wise), Lombard also exhibits overall higher F1 and F2 than Plain.

does not imply that the degradation in AVSR performance493
is unrelated to the visual modality. We observe that Auto-494
AVSR, mWhisper-Flamingo, and LiPS-AVSR employ pre-495
trained ResNet18 [35] and AVHuBERT [36] backbones to496
process visual inputs. Moreover, these models take lip im-497
ages rather than lip landmarks as visual inputs. Due to498
codec compression, transmission delay, and other factors,499
lip images are subject to distortion, resulting in a distribu-500
tional shift in the visual modality. In contrast, our anal-501
ysis indicates that landmark-level features remain stable in502
VC, suggesting that future AVSR models could benefit from503
geometry-based visual encodings.504

5.2. Identifying the Source of Distribution Drift505

After analyzing Fig. 2, we found that several acoustic506
features exhibited noticeable shifts under VC conditions.507

(a) OPUS Compression

(c) DeepFilterNet (d) NoiseReduce

(b) Sepformer

Figure 3. Illustration of how video conferencing platforms affect
speech formants. We simulate platform processing by applying
OPUS compression and three typical speech enhancement algo-
rithms. The four subplots show F1 and F2 distributions before
and after processing. Only the enhancement stages introduce no-
ticeable spectral shifts and formant distortions, which explain the
frequency bias observed in real video conferencing recordings.

Table 3. Peak abscissas of probability density curves for different
acoustic features.

Acoustic Feature Platform

Offline Tencent Meeting Lark DingTalk Zoom

F0 (Plain) 37.28 37.66 37.51 37.66 37.39
F0 (Lombard) 37.58 37.85 37.62 37.64 37.55

F1 (Plain) 606.90 674.43 704.19 774.61 687.88
F1 (Lombard) 660.06 756.11 770.17 825.44 712.73

F2 (Plain) 1655.66 1680.78 1727.37 1783.51 1727.45
F2 (Lombard) 1665.07 1832.85 1863.88 1829.73 1746.69

Loudness (Plain) 0.88 0.68 0.69 0.68 0.68
Loudness (Lombard) 0.86 0.72 0.73 0.67 0.68

AlphaRatio (Plain) -12.12 -13.19 -13.67 -12.52 -14.59
AlphaRatio (Lombard) -8.81 -10.07 -8.67 -8.28 -10.47

In particular, under the Plain condition, although hyper- 508
expression occurred in the VC scenario, the shifts in F1 509
and F2 were significantly larger than those caused by hyper- 510
expression. Therefore, we believe that the hyper-expression 511
does not solely cause the pronounced deviations in F1 and 512
F2 but is also likely influenced by the audio processing ap- 513
plied in the VC platforms. 514

To identify the underlying causes, we systematically de- 515
constructed the speech processing pipeline in the VC sce- 516
nario. Typically, the original speech undergoes codec com- 517
pression and speech enhancement before being transmitted 518
to the receiver. Since VC platforms operate as a black box, 519
we can only approximate the process to locate the stages 520
responsible for the acoustic feature shifts. We used the 521
OPUS codec, which is widely adopted in VC platforms, 522
such as Zoom, to simulate the codec compression stage. In 523
addition, we employed Sepformer [37], NoiseReduce [38], 524
and DeepFilterNet [39] as speech enhancement methods to 525
model the enhancement stage in VC. The offline samples in 526
MLD-VC were processed through codec compression and 527
speech enhancement individually, and the resulting changes 528

7

REDACTED



Table 4. Results of fine-tuning with MLD-VC dataset on AVSR
performance under video conferencing conditions. “*” indicates
that the corresponding metric is not applicable or not reported.

Test Dataset Platform Finetune CER(%)↓ Reduction(%)

Chinese-Lips [32]

Tencent Meeting × 10.97 *
Tencent Meeting ✓ 9.65 12.0

Lark × 18.53 *
Lark ✓ 13.64 26.4

Zoom × 9.22 *
Zoom ✓ 7.93 14.0

MLD-VC (Ours) * × 42.37 *
* ✓ 13.91 67.2

in their F1 and F2 were analyzed and compared.529
Following the settings in Fig. 2, we present the results530

in Fig. 3. We observe that the codec compression stage has531
minimal impact on F1 and F2, with their frequency distri-532
butions remaining stable. In contrast, speech enhancement533
leads to an overall upward shift of F1 and F2. This phe-534
nomenon closely resembles the patterns observed in the real535
VC scenario illustrated in Fig. 2. Therefore, we conclude536
that speech enhancement primarily causes the acoustic ab-537
normalities in VC speech. While these algorithms improve538
the intelligibility, they also alter the spectral structure of539
speech. Consequently, these changes degrade the perfor-540
mance of AVSR. This finding reveals an essential cause of541
performance degradation in AVSR within the VC scenario542
from an acoustic perspective.543

6. Performance Evaluation on MLD-VC544

6.1. Experiment Setup545

To further investigate the impact of MLD-VC for VC, we546
fine-tuned the AVSR model using the proposed MLD-VC547
dataset and evaluated its performance across different VC548
platforms. We followed the experimental setup described in549
Section 3.1 and utilized the LiPS-AVSR model [32] for fine-550
tuning. The MLD-VC dataset was divided into training and551
testing sets. Additionally, ablation experiments were con-552
ducted to assess the contribution of online data and hyper-553
expression data to model performance. We present the im-554
plementation details in Appendix 8.4.555

6.2. Fine-tuning Results556

Tab. 4 presents the fine-tuning results. We observed that557
models fine-tuned with MLD-VC achieved improved recog-558
nition accuracy across all VC platforms. Specifically, the559
fine-tuned models achieved an average relative reduction of560
17.5% in the CER across the three platforms. Furthermore,561
the CER on the MLD-VC test set decreased by 67.2% af-562
ter fine-tuning. This substantial improvement indicates that563
the fine-tuned models not only improve in-domain perfor-564
mance but also significantly enhance cross-platform gener-565
alization. These results highlight the effectiveness of MLD-566

Table 5. Ablation study on the effects of online data and hyper-
expression in MLD-VC fine-tuning. The results show that both
online recording conditions and hyper-expression samples signifi-
cantly contribute to lowering the CER.

Online Hyper-expression Tencent Meeting Lark Zoom

✓ ✓ 9.65 13.64 7.93
× ✓ 10.15 15.52 10.53
✓ × 10.01 14.48 9.61

VC for AVSR models in VC. 567

6.3. Ablation 568

To better understand the contribution of different data com- 569
ponents within the proposed MLD-VC dataset, we conduct 570
an ablation study focusing on two key factors: (1) trans- 571
mission distortions (online vs. offline) and (2) spontaneous 572
human hyper-expression. 573

The ablation results are summarized in Tab. 5. When on- 574
line data were excluded, the average CER across VC plat- 575
forms increased by 15.9%. When hyper-expression data 576
were excluded, the average CER increased by 10.5%. These 577
results indicate that both realistic recording conditions and 578
spontaneous hyper-expressions are indispensable for im- 579
proving the robustness of AVSR in VC scenarios. The com- 580
bination of the two enables models to generalize more effec- 581
tively to real-world VC conditions, validating the design ra- 582
tionale of the MLD-VC dataset discussed in Section 4.2.2. 583

7. Conclusion 584

We present the first systematic investigation of AVSR in 585
real-world video conferencing. Our study reveals that 586
transmission distortions and spontaneous human hyper- 587
expression jointly lead to drastic performance degradation. 588
Through detailed analysis, we identify speech enhancement 589
algorithms as the primary source of distribution shift, which 590
alters the F1/F2 formants. Moreover, we find that the 591
distributional characteristics induced by the Lombard ef- 592
fect closely resemble those caused by speech enhancement, 593
which explains why Lombard-trained models exhibit supe- 594
rior robustness in video conferencing. To bridge the gaps 595
of lack of video conferencing data, we construct MLD- 596
VC, the first multimodal dataset tailored for video confer- 597
encing, explicitly modeling hyper-expression under realis- 598
tic online recording conditions. Fine-tuning AVSR models 599
on MLD-VC achieves a 17.5% average reduction in CER 600
across platforms, and ablation studies confirm that both 601
transmission distortions and hyper-expression data are cru- 602
cial for improving the robustness of AVSR in video confer- 603
encing. 604

References 605

[1] Pingchuan Ma, Alexandros Haliassos, Adriana Fernandez- 606
Lopez, Honglie Chen, Stavros Petridis, and Maja Pantic. 607

8

REDACTED



Auto-avsr: Audio-visual speech recognition with automatic608
labels. In ICASSP 2023-2023 IEEE International Confer-609
ence on Acoustics, Speech and Signal Processing (ICASSP),610
pages 1–5. IEEE, 2023. 1, 2611

[2] Pingchuan Ma, Stavros Petridis, and Maja Pantic. Visual612
Speech Recognition for Multiple Languages in the Wild. Na-613
ture Machine Intelligence, 4:930–939, 2022. 3, 5614

[3] Umberto Cappellazzo, Minsu Kim, Stavros Petridis, Daniele615
Falavigna, and Alessio Brutti. Scaling and enhancing llm-616
based avsr: A sparse mixture of projectors approach. arXiv617
preprint arXiv:2505.14336, 2025. 2618

[4] Joanna Hong, Minsu Kim, Jeongsoo Choi, and Yong Man619
Ro. Watch or listen: Robust audio-visual speech recognition620
with visual corruption modeling and reliability scoring. In621
Proceedings of the IEEE/CVF Conference on Computer Vi-622
sion and Pattern Recognition, pages 18783–18794, 2023. 1,623
2624

[5] Yufeng Yang, Ashutosh Pandey, and DeLiang Wang. To-625
wards decoupling frontend enhancement and backend recog-626
nition in monaural robust asr. Computer Speech & Language,627
95:101821, 2026. 1628

[6] Yue Gu, Zhihao Du, Ying Shi, Shiliang Zhang, Qian Chen,629
and Jiqing Han. Enhancing the robustness of contextual asr630
to varying biasing information volumes through purified se-631
mantic correlation joint modeling. IEEE Transactions on Au-632
dio, Speech and Language Processing, 2025.633

[7] Rao Ma, Mengjie Qian, Mark Gales, and Kate Knill. Asr634
error correction using large language models. IEEE Trans-635
actions on Audio, Speech and Language Processing, 2025.636

[8] Hao Shi, Masato Mimura, and Tatsuya Kawahara.637
Waveform-domain speech enhancement using spectrogram638
encoding for robust speech recognition. IEEE/ACM Transac-639
tions on Audio, Speech, and Language Processing, 32:3049–640
3060, 2024. 1641

[9] Liangfa Wei, Jie Zhang, Junfeng Hou, and Lirong Dai.642
Attentive fusion enhanced audio-visual encoding for trans-643
former based robust speech recognition. In 2020 Asia-Pacific644
Signal and Information Processing Association Annual Sum-645
mit and Conference (APSIPA ASC), pages 638–643. IEEE,646
2020. 1, 2647

[10] Jiahong Li, Chenda Li, Yifei Wu, and Yanmin Qian. Ro-648
bust audio-visual asr with unified cross-modal attention.649
In ICASSP 2023-2023 IEEE International Conference on650
Acoustics, Speech and Signal Processing (ICASSP), pages651
1–5. IEEE, 2023.652

[11] Yusheng Dai, Hang Chen, Jun Du, Ruoyu Wang, Shihao653
Chen, Haotian Wang, and Chin-Hui Lee. A study of dropout-654
induced modality bias on robustness to missing video frames655
for audio-visual speech recognition. In Proceedings of656
the IEEE/CVF Conference on Computer Vision and Pattern657
Recognition, pages 27445–27455, 2024.658

[12] Maxime Burchi, Krishna C Puvvada, Jagadeesh Balam,659
Boris Ginsburg, and Radu Timofte. Multilingual audio-660
visual speech recognition with hybrid ctc/rnn-t fast con-661
former. In ICASSP 2024-2024 IEEE International Confer-662
ence on Acoustics, Speech and Signal Processing (ICASSP),663
pages 10211–10215. IEEE, 2024. 1, 2664

[13] Sam O’Connor Russell, Ayushi Pandey, and Naomi Harte. 665
Do we hyperarticulate on zoom? In Proc. CHiME 2023, 666
pages 77–81, 2023. 2, 5 667

[14] Björn Lindblom. Explaining phonetic variation: A sketch of 668
the h&h theory. In Speech production and speech modelling, 669
pages 403–439. Springer, 1990. 2, 5 670

[15] Pingchuan Ma, Stavros Petridis, and Maja Pantic. End- 671
to-end audio-visual speech recognition with conformers. 672
In ICASSP 2021-2021 IEEE International Conference on 673
Acoustics, Speech and Signal Processing (ICASSP), pages 674
7613–7617. IEEE, 2021. 2 675

[16] George Sterpu, Christian Saam, and Naomi Harte. Attention- 676
based audio-visual fusion for robust automatic speech recog- 677
nition. In Proceedings of the 20th ACM International con- 678
ference on Multimodal Interaction, pages 111–115, 2018. 679

[17] Yifei Wu, Chenda Li, Song Yang, Zhongqin Wu, and Yan- 680
min Qian. Audio-visual multi-talker speech recognition in a 681
cocktail party. In Interspeech, pages 3021–3025, 2021. 682

[18] Tao Li, Haodong Zhou, Jie Wang, Qingyang Hong, and Lin 683
Li. The xmu system for audio-visual diarization and recog- 684
nition in misp challenge 2022. In ICASSP 2023-2023 IEEE 685
International Conference on Acoustics, Speech and Signal 686
Processing (ICASSP), pages 1–2. IEEE, 2023. 687

[19] Xinyu Wang, Haotian Jiang, Haolin Huang, Yu Fang, 688
Mengjie Xu, and Qian Wang. Dcim-avsr: Efficient audio- 689
visual speech recognition via dual conformer interaction 690
module. In ICASSP 2025-2025 IEEE International Confer- 691
ence on Acoustics, Speech and Signal Processing (ICASSP), 692
pages 1–5. IEEE, 2025. 693

[20] Fan Yu, Haoxu Wang, Ziyang Ma, and Shiliang Zhang. 694
Hourglass-avsr: Down-up sampling-based computational ef- 695
ficiency model for audio-visual speech recognition. In 696
ICASSP 2024-2024 IEEE International Conference on 697
Acoustics, Speech and Signal Processing (ICASSP), pages 698
7940–7944. IEEE, 2024. 699

[21] Fang Zhang, Yongxin Zhu, Xiangxiang Wang, Huang Chen, 700
Xing Sun, and Linli Xu. Visual hallucination elevates speech 701
recognition. In Proceedings of the AAAI Conference on Ar- 702
tificial Intelligence, volume 38, pages 19542–19550, 2024. 703

[22] Umberto Cappellazzo, Minsu Kim, Honglie Chen, 704
Pingchuan Ma, Stavros Petridis, Daniele Falavigna, 705
Alessio Brutti, and Maja Pantic. Large language models are 706
strong audio-visual speech recognition learners. In ICASSP 707
2025-2025 IEEE International Conference on Acoustics, 708
Speech and Signal Processing (ICASSP), pages 1–5. IEEE, 709
2025. 710

[23] Jeong Hun Yeo, Minsu Kim, Chae Won Kim, Stavros 711
Petridis, and Yong Man Ro. Zero-avsr: Zero-shot 712
audio-visual speech recognition with llms by learning 713
language-agnostic speech representations. arXiv preprint 714
arXiv:2503.06273, 2025. 715

[24] Umberto Cappellazzo, Stavros Petridis, Maja Pantic, et al. 716
Mitigating attention sinks and massive activations in audio- 717
visual speech recognition with llms. arXiv preprint 718
arXiv:2510.22603, 2025. 2 719

[25] Hongcheng Zhu, Zongkun Sun, Yanzhen Ren, Kun He, 720
Yongpeng Yan, Zixuan Wang, Wuyang Liu, Yuhong Yang, 721

9

REDACTED



and Weiping Tu. Lombard-vld: Voice liveness detection722
based on human auditory feedback. In 2025 IEEE Sympo-723
sium on Security and Privacy (SP), pages 4303–4320. IEEE,724
2025. 2, 5725

[26] Outi Tuomainen, Linda Taschenberger, Stuart Rosen, and726
Valerie Hazan. Speech modifications in interactive speech:727
effects of age, sex and noise type. Philosophical Transac-728
tions of the Royal Society B, 377(1841):20200398, 2022. 5729
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