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Abstract. In this study, we adopted a fine-tuning technique for the facial video 

generation method wav2lip to generate magnetic resonance imaging (MRI) artic-

ulatory motion movies. We fine-tuned the wav2lip network using a 15-hour da-

taset of Japanese real-time MRI (rtMRI) movies measured during speech. Our 

results confirmed that generating rtMRI movies from speech sounds is possible. 

The structural similarity and normalized mean square error evaluation results in-

dicated good performance. The proposed method will lead to new applications of 

generative artificial intelligence technology in language learning. 
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1 Introduction 

Recently, the generation of photographs, audio, and videos has advanced considerably, 

owing to the development of generative artificial intelligence (AI) technologies. 

Among these, we focused on projects such as wav2lip [1] and sadtalker [2], which can 

produce lip-synchronous movies from speech. These networks were developed to gen-

erate facial motion; however, there are also have some projects for articulatory motion 

estimation. Tamás Gábor Csapó [3] discusses a method for converting acoustic speech 

signals into articulatory movements using real-time magnetic resonance imaging 

(rtMRI) movies and CNN-LSTM of the vocal tract.   

In this study, we investigated the application of these techniques to rtMRI movies. 

We used generative adversarial networks (GANs) to perform the inverse estimation of 

rtMRI movies from speech because GANs are effective at generating realistic objects 

and can learn large amounts of data without labels. The results of this study confirmed 

a method for the inverse estimation of articulatory movements from speech. We believe 

this method may also be helpful in language learning and assisting people with speech 

disorders. 
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2 Method 

2.1 Dataset 

The dataset used in this study comprised approximately 15 h of rtMRI movies of the 

head and neck regions in the midsagittal plane, while 29 native Japanese speakers pro-

duced Japanese sentences [5]. Four speakers produced 503 sentences in the ATR pho-

neme-balanced corpus [6], while the others produced Japanese syllables with a career 

sentence. rtMRI data were measured using a Siemens MAGNETOM Prisma 3T at the 

ATR Brain Activity Imaging Center in Kyoto, Japan. The size and thickness of the MR 

scans were 256 × 256 pixels and 10 mm, respectively. Most movies were recorded at 

14 fps, while the remainder were recorded at 24 fps. Each speaker’s voice was recorded 

separately using an optical microphone at a sampling frequency of 48 kHz and a reso-

lution of 16 bits. Noise elimination during the MRI was performed using the FRCRN 

method proposed by Zhao et al. [7] 

 

Fig. 1. Original (left) and trimmed video frame image (right) 

 

The movies were trimmed such that the tongue region was centered, as shown in Fig. 

2, and the resolution was increased to 1920 × 1080 pixels. The frame rate of the 14-fps 

movies was upsampled to 24 fps, and the movies split into 5-s segments. Table 1 lists 

the data used for training, validation, and testing of the proposed network. The dataset 

was selected randomly. Finally, every frame and speech sound of the movie was saved 

in JPEG and WAV files to make it suitable for network input.  

Table 1. All-dataset. 

Set Numbers 

Training 11,206 

Validation 1,401 

Test 1,316 

 

2.2 Training of neural networks 

In this study, we performed fine-tuning using a network structure published by the lip-

video generation project wav2lip [1]. It uses a GAN with a generator and two discrim-

inators, which first extracts speech features (MFCC) from the audio and lip features 

from the video frames, and finally combines these features to generate a lip movement 
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video. The training data used in the project, which are available on GitHub, were based 

on the LRS2 [4] dataset. The training was performed by wav2lip using the fine-tuning 

method of adding the edited MRI data to the trained checkpoints. 

To investigate the training effect, three groups (A, B, and C) of observation experi-

ments were conducted: group A trained the model typically; group B trained the model 

under the condition that no data from sentences A01 to A12 in the ATR 503 sentences 

were used during training; and group C trained the model under the condition that no 

data from speaker HT among the speakers of the ATR 503 sentences were used during 

training. After training, each group generates ten videos with untrained data. 

 

3 Results and discussion 

Figure 2 shows an example of the results generated by the model of the group A. The 

left side is the original, and the right side is generated after training. The two images 

appear to be considerably similar. 

 

Fig. 2. Original (left) and generated video frame image (right) 

 

The structural similarity (SSIM) and normalized mean squared error (NMSE) for the 

generated videos were calculated. An SSIM value close to one indicated that the images 

were similar. By contrast, a smaller NMSE value suggests that the images are dissimi-

lar. Table 2 presents the results of each group. The SSIM and NMSE are the averages 

of each group. From this table, it can be concluded that the generated behavior is almost 

identical to that of the original. 

Table 2. SSIM and NMSE for each group. 

Group SSMI NMSE 

A 0.9488 0.008083 

B 0.9466 0.006160 

C 0.9374 0.007267 
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Based on the calculation results, we can conclude that the videos are almost identical 

because the NMSE values of all three groups are small. The SSIM values of groups A 

and B were almost the same, whereas that of group C was slightly lower. The results 

showed that the inclusion of a speaker in the training data affected the effectiveness of 

video generation for that speaker. 

4 Conclusion 

In this study, the face-generation network was fine-tuned, and rtMRI speech vid-

eos were successfully generated. These results open new possibilities for the devel-

opment and application of deep learning neural networks. For future tasks, we be-

lieve that it is important to evaluate the generated videos with even greater precision. 

In addition, we will consider adding data from other languages, as this study only 

used Japanese data. 
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