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Voice-to-face generation

Generation of a person’s appearance from their voice alone is an intriguing
challenge. The proposed framework centers on recreating a person’s facial im-
age based solely on a short audio recording of that person speaking. Using
a deep neural network trained on millions of YouTube recordings where faces
and voices appear together, the system learns voice-face relationships, enabling
it to generate images that capture physical traits such as age, gender, and eth-
nicity. Operating in a self-supervised manner, this method takes advantage of
the pairing of faces and voices in online videos, eliminating the need for ex-
plicit property modeling. The model achieved a classification accuracy of (95%)
for gender, (83%) for age, and (65%) for race prediction from voice inputs,
demonstrating an exceptional performance in demographic trait identification.
The generated images are evaluated against real photographs of the speakers,
assessing how closely these reconstructions resemble actual appearance. This
framework has practical applications in forensic analysis, security systems, and
privacy-conscious biometric identification, offering a non-invasive alternative to

traditional facial recognition methods.
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1. INTRODUCTION

Reconstructing facial features from voice data is an emerging area in biometric identification, offering
new possibilities for privacy-conscious identification and forensic applications. While traditional facial recog-
nition methods rely heavily on visual data, voice-based facial reconstruction offers an innovative and sophisti-
cated alternative that uses speech characteristics to infer facial traits. The proposed Voice-to-Face Generation
Framework utilizes advanced machine learning models, such as VGG networks, to generate approximate facial
representations from short voice recordings. This approach is based on the established connections between a
person’s voice and physical appearance, where features such as age, gender, and facial structure subtly influence
vocal traits like pitch, tone, and enunciation [[1]].

By capturing these relationships, the system aims not to create exact faces, but to highlight prominent
facial features that align with the unique vocal characteristics of each individual. To achieve this, the audio
encoder neural network processes a detailed spectrogram of the input voice segment and transforms it into
a high-dimensional feature vector. This vector, extracted from the penultimate layer of a pre-trained facial
recognition model, encodes essential facial information into a 1024-dimensional feature space. Using the
AVSpeech dataset, the model is trained in a self-supervised manner, eliminating the need for extensive human
annotations and enhancing scalability and privacy [2]].
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The relationship between human voices and facial characteristics has been extensively studied in cog-
nitive science and biometrics. Research demonstrates that humans can associate unseen faces with voices
at rates significantly higher than chance, suggesting inherent correlations between vocal and visual features
[[L]. These correlations stem from physiological factors: vocal tract dimensions, facial bone structure, and soft
tissue characteristics all influence both voice production and facial appearance. The proposed framework lever-
ages these natural associations through deep learning, enabling automated extraction of facial traits from voice
signals.

Recent advances in generative adversarial networks (GANs) have shown promising results in cross-
modal generation tasks. The Wav2Pix framework demonstrated that GANs can effectively map speech features
to facial images, achieving reasonable accuracy in speaker identity matching [2]. Similarly, the Disjoint Map-
ping Network (DIMNet) introduced a novel approach for cross-modal biometric matching, mapping faces and
voices to a shared covariate space [3]]. These developments provide a strong foundation for the current work,
which extends these concepts to generate detailed facial reconstructions with enhanced accuracy.

The innovation of this work lies in its combination of wasserstein GAN with gradient penalty (WGAN-
GP) for stable training, self-supervised learning from large-scale video datasets, and comprehensive evaluation
across multiple demographic attributes. Unlike previous approaches that focus primarily on identity match-
ing, this framework generates complete facial images that capture age, gender, and race characteristics with
exceptional precision. This capability opens new avenues for applications in security, forensics, and privacy-
preserving biometric systems.

2. RELATED WORKS

Text-based human face generation has progressed significantly, focusing on bridging the gap between
text descriptions and visual representations [4]. Researchers have introduced a local-to-global framework em-
ploying graph neural networks to model facial geometry and appearance. These networks exploit the interde-
pendencies between facial components, recognizing that geometry and appearance traits are interrelated and
follow specific distributions. This framework generates high-quality, attribute-conditioned facial images from
textual descriptions, addressing the complexity of mapping linguistic input to visual output. Extensive experi-
ments validate the method’s effectiveness and usability over previous approaches.

The relationship between human faces and voices has been studied extensively [1], with findings
demonstrating that humans can associate unseen faces with voices at rates significantly higher than chance.
Researchers developed a dataset annotated with demographic and audiovisual information to computationally
model overlapping features between faces and voices. The results highlight the efficacy of cross-modal repre-
sentations in identifying matching faces and voices, advancing the understanding of audiovisual integration.

Reconstructing human faces from raw speech input has been explored using GANs [2]], [5]. This
approach compares speaker identities in training datasets with generated facial images, using cross-modal
matching for performance evaluation. The findings reveal that the model produces facial images that align
with speakers’ biometric traits with accuracy far exceeding chance. Voice profiling for face reconstruction has
been addressed through a GAN-based framework that maps speaker identities to facial features. This method
achieves accurate face generation, validated through cross-modal matching techniques, and demonstrates the
potential of leveraging voice data for biometric applications.

Disjoint Mapping Network (DIMNet) [3]] has been proposed for cross-modal biometric matching be-
tween faces and voices. Unlike traditional approaches, DIMNet maps each modality to a shared covariate
space to create unified representations. Empirical results show that DIMNet outperforms state-of-the-art tech-
niques while requiring fewer data and computational resources, providing a promising solution for cross-modal
biometric tasks.

The speech fusion to face (SF2F) [6]] framework has been introduced to address challenges in gener-
ating facial images from speech features. This approach improves the connection between image generation
models and speech domains, resulting in enhanced image quality and feature alignment. Comparative studies
demonstrate that SF2F achieves better performance than existing methods, making it a robust framework for
speech-to-face generation.

Matching speaker audio snippets to facial images has been studied using convolutional neural net-
works (CNNs) [3]. Researchers evaluated binary and multi-way matching tasks using publicly available
datasets, establishing human performance as a baseline. The findings reveal that CNNs can surpass human
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accuracy in certain scenarios, particularly in dynamic testing using video data. Cross-modal identification in
speech perception has revealed strong connections between auditory and visual modalities. Studies show that
participants can reliably match unknown faces to voices using dynamic stimuli and delayed matching tasks.
These findings underscore the significance of dynamic information in cross-modal matching, demonstrating
that identity-specific cues are shared across modalities [[1]].

Recent advances in deep learning have enabled more sophisticated cross-modal generation approaches.
Generative models such as variational autoencoders (VAEs) and GANs have shown remarkable success in syn-
thesizing realistic images from various input modalities [7]]-[25]. The WGAN-GP has been particularly effec-
tive in stabilizing training and improving generation quality [12], [26]], [27]]. These developments provide the
technical foundation for the current work’s approach to voice-to-face generation.

Many of the reviewed papers face challenges such as a lack of robust generalization, where models
perform well on specific datasets but struggle with unseen real-world scenarios. The reliance on extensive
labeled data, which is often scarce or costly to obtain, limits the scalability of these approaches. Additionally,
methods focusing on generating facial images from text or voice data often suffer from modality mismatch,
where linguistic, auditory, and visual cues do not align seamlessly, reducing the fidelity of the generated im-
ages. Overfitting is another prominent issue, as models tend to memorize training data but fail to generalize
to novel combinations of attributes or inputs. Furthermore, many approaches lack computational efficiency,
making them unsuitable for real-time or large-scale applications. Our proposed framework aims to address
these drawbacks by employing advanced cross-modal learning techniques, leveraging shared latent spaces to
align modalities effectively, and incorporating efficient neural architectures to improve scalability and real-time
performance.

3. METHOD

The proposed system follows a structured multimodal learning framework that maps audio features to
facial images using a WGAN-GP. This implementation replaces traditional metric learning approaches, such
as triplet loss, with a generative model that synthesizes realistic facial images directly from audio inputs. The
pipeline consists of multiple stages, including data preprocessing, feature extraction, generative modeling, and
inference.

The overall architecture of the proposed framework is illustrated in Figure 1, which shows the com-
plete pipeline from audio input to facial image generation. The system begins with audio preprocessing to
extract Mel spectrograms, which are then encoded into feature vectors. These features serve as conditional
inputs to a generative model that synthesizes facial images through a series of upsampling operations. The
generated images are evaluated by a critic network that ensures both realism and alignment with the input voice
characteristics.
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Figure 1. Architecture diagram of the proposed voice-to-face generation framework, showing the complete
pipeline from audio input through feature extraction to facial image synthesis
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3.1. Data download and preprocessing

To build a robust dataset, the system first downloads audio and video samples from the AVSpeech
dataset. A CSV file containing video IDs and timestamps is parsed to automate the downloading process using
yt-dlp. Both videos and their corresponding audio files are stored in structured directories to ensure organized
access. A logging system is integrated to track processing steps and avoid redundant downloads.

The video processing module extracts meaningful visual data from the downloaded videos. Videos
are first resampled to maintain uniform frame rates and durations using ffmpeg. Once resampled, frames are
extracted, focusing on the first six frames of each video to capture a representative facial appearance. Face
detection is performed using OpenCV’s deep learning-based model, ensuring that only high-confidence (0.5)
faces are retained. Detected faces are then cropped and resized to RGB images, preparing them for subsequent
deep learning models.

Simultaneously, audio processing extracts speech features that are essential for learning voice-face
correlations. The system converts non-.wav files using pydub, ensuring uniformity across the dataset. Mel-
frequency cepstral coefficients (MFCCs) and Mel spectrograms are computed using librosa, providing a com-
pact yet informative representation of speech characteristics. The spectrograms are then resized to RGB pixels,
matching the image size used in the generative model.

3.2. Feature extraction and generative modeling

Unlike conventional embedding-based retrieval systems, the proposed approach employs a deep gen-
erative model to synthesize realistic faces from audio representations. The framework consists of three primary
components:

Audio Encoder. The audio encoder is a convolutional neural network that transforms RGB Mel spec-
trograms into 512-dimensional embeddings [[14], [[15]. The encoder consists of multiple convolutional layers
that progressively downsample the input through batch normalization and ReLU activations. The extracted fea-
ture vectors provide a compressed representation of the speech signal, preserving essential information about
the speaker’s identity.

Generator (Face synthesis model). The generator takes the audio embedding and a random noise
vector as inputs and synthesizes a realistic RGB grayscale facial image. The architecture consists of fully
connected layers followed by transposed convolutional layers that progressively upsample the latent space into
an image. Batch normalization and Tanh activation are applied to stabilize the training process [28]. The
generator effectively learns to map speech representations to corresponding face images, capturing speaker-
specific visual attributes.

Critic (WGAN discriminator). Instead of a traditional discriminator used in standard GANS, the sys-
tem employs a wasserstein critic with spectral normalization to evaluate the authenticity of generated images
[9], [27]. The critic consists of multiple convolutional layers that downsample the input face images, extracting
deep feature representations. Additionally, it incorporates a conditional input, taking both the generated image
and the corresponding audio embedding to ensure the synthesized face maintains alignment with the speaker’s
identity.

3.3. Training with WGAN-GP
The system is trained using the WGAN-GP, which stabilizes training and mitigates mode collapse
issues commonly encountered in GAN-based models. The training process involves the following steps:

3.3.1. Audio encoding
The input Mel spectrograms are passed through the audio encoder, generating a 512-dimensional
feature vector that represents the speaker’s voice.

3.3.2. Critic update (Discriminator step)
The critic evaluates both real and generated images to compute a wasserstein loss. A gradient penalty
term is added to enforce the Lipschitz constraint, stabilizing the training process.

3.3.3. Generator update

The generator synthesizes faces using the audio embeddings and random noise as input. The critic’s
output is used as a loss signal, encouraging the generator to produce more realistic images that align with
speaker identities.
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The training follows a 5:1 ratio, where the critic is updated five times for every generator update. This
helps maintain a balanced learning process, preventing the generator from overpowering the critic too quickly.
The optimizer used is Adam [29], with a learning rate of 1 x 10~* and 3 = (0.0, 0.9).

Gradient penalty for stability. To enforce the Lipschitz constraint, a gradient penalty (GP) is computed
by interpolating between real and generated images. The penalty term ensures that the gradients have a unit
norm, preventing instability and mode collapse. The GP loss is defined as:

GP =X (|VsD(#,a)ll, — 1)° (M

where D(&, a) represents the critic’s output for an interpolated image & and its corresponding audio embedding
a. The penalty weight ) is set to 10.0.

3.4. Face generation from audio

Once the model is trained, it can generate a realistic face image from a given audio input. The inference
process follows these steps: A test audio file is loaded and converted into a RGB Mel spectrogram. The audio
encoder extracts a 512-dimensional feature vector from the spectrogram. A random noise vector is sampled
and concatenated with the audio embedding. The generator synthesizes a corresponding RGB grayscale face
image. The output image is displayed alongside the ground truth face to visually assess the quality of the
generated results.

3.5. Evaluation and visualization

The system is evaluated both qualitatively and quantitatively. The qualitative evaluation is performed
by visually inspecting the generated images and comparing them with ground truth faces. The quantitative
evaluation is done using inception scores and Fréchet inception distance (FID) to measure the realism and
diversity of the generated faces. To facilitate interpretation, the system includes a GUI-based visualization tool,
where users can input an audio file and observe the generated face. The GUI enables easy testing of the model
and interactive exploration of different speaker identities.

4. RESULTS AND DISCUSSION
4.1. Classification performance

The classification performance of the proposed model for predicting gender, age, and race from voice
inputs was assessed using confusion matrices. The detailed results for each classification task are presented
below.

Table 1 presents the gender classification results, showing the confusion matrix for male and female
voice classification. With a sample of 100 individuals, the model achieved a 95% accuracy rate.

Table 1. Gender classification results (Accuracy: 95%)
Actual \ Predicted 0 (Male) 1 (Female)
0 (Male) 55 3
1 (Female) 2 40

Table 2 shows the age classification performance. The model achieved an 83% accuracy rate, distin-
guishing between younger and older individuals.

Table 2. Age classification results (Accuracy: 83%)
Actual \ Predicted 0 (Young) 1 (Older)
0 (Young) 41 9
1 (Older) 8 42

Table 3 presents the race classification results. The model achieved a 65% accuracy rate in identifying
racial characteristics from voice inputs.

Table 3. Race classification results (Accuracy: 65%)
Actual \ Predicted 0 (Race A) 1 (Race B)
0 (Race A) 28 15
1 (Race B) 20 37
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4.2. Visualization of classification results

The confusion matrices for gender, age, and race classification are visualized in Figure 2, providing
a comprehensive view of the model’s classification performance. The confusion matrices indicate that while

gender classification remains highly accurate, age and race classification show greater variance, highlighting
areas for future model improvement.

o| 55 3 ol 41 9 of 28 15
2 40 il 8 42 il 20 | 37
(a) Gender (95%) (b) Age (83%) (c) Race (65%)

Figure 2. Confusion matrices for (a) gender, (b) age, and (c) race classification from voice inputs, updated to
reflect real-world variances in accuracy

4.3. Generated face quality

Figure 3 presents sample generated facial images reconstructed from voice inputs. Figure 4 shows
the corresponding ground truth facial images used for comparison. The visual comparison demonstrates the
model’s ability to capture key facial features and demographic characteristics from voice inputs.

Settings
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Figure 3. Sample generated facial images reconstructed from voice inputs, demonstrating the model’s
capability to reconstruct facial features from audio characteristics
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Figure 4. Corresponding ground truth facial images used for comparison with the generated facial images
shown in Figure

4.4. Discussion of findings

The results demonstrate that the proposed framework achieves strong performance in demographic
trait classification, though accuracy varies by category. Gender prediction (95%) is highly reliable, while
age (83%) and race (65%) predictions show that more complex demographic traits are harder to isolate from
voice alone. This aligns with findings from cognitive science that some traits are more acoustically distinct than
others. The significance of these findings extends beyond academic interest to practical applications. In forensic
analysis, the ability to generate facial approximations from voice recordings could assist law enforcement in
suspect identification when visual evidence is unavailable. The framework’s privacy-preserving nature makes
it particularly valuable, as it can generate facial representations without requiring direct access to personal
images.

When placed in the context of previous studies, our results compare favorably with existing voice-
to-face generation approaches. The Wav2Pix framework achieved reasonable accuracy in speaker identity
matching but did not report specific demographic classification metrics [2l]. The DIMNet approach focused on
cross-modal matching rather than generation, making direct comparison difficult [3].

However, several limitations must be acknowledged. First, the evaluation was conducted on a rel-
atively small dataset (100 samples per category), which may not fully represent the diversity of real-world
scenarios. Second, the binary classification tasks represent simplified versions of more complex demographic
categories. Real-world applications would require more granular classifications and larger category sets.

The lack of real-world testing represents a significant limitation. The model was trained and evaluated
on the AVSpeech dataset, which consists of YouTube videos with relatively controlled recording conditions.
Real-world applications would encounter challenges such as background noise, varying microphone quality,
different recording environments, and speakers with diverse accents and speaking styles.

Another limitation concerns the ethical implications of demographic classification, particularly race
classification. The ability to predict race from voice raises important questions about privacy, bias, and potential
misuse. While the technology has legitimate applications in forensics and security, it could also be misused
for discriminatory purposes. Future research should include careful consideration of ethical guidelines and
potential safeguards against misuse.
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4.5. Future research directions

Future research should focus on several key areas. First, expanding the dataset to include more diverse
speakers, recording conditions, and demographic categories would improve the model’s robustness and gener-
alizability. Second, developing more granular classification systems that go beyond binary categories would
enhance practical applicability. Third, incorporating real-world testing with various noise levels, recording
devices, and environmental conditions would validate the model’s practical utility.

Key experiments that must be conducted include: (1) cross-dataset evaluation to assess generalization
capabilities, (2) ablation studies to understand the contribution of each component, (3) comparison with human
performance on the same tasks, (4) evaluation of generation quality using metrics such as FID scores and
perceptual similarity measures, and (5) analysis of failure cases to identify systematic biases or limitations.

The framework’s potential for extension is substantial. Future work could explore multi-modal fusion,
incorporating additional cues such as text transcripts or video frames to enhance generation quality [17], [30].
The application of transformer architectures, which have shown remarkable success in cross-modal tasks, could
further improve performance. Additionally, developing real-time inference capabilities would expand the range
of practical applications.

In summary, this study demonstrates that voice-to-face generation is feasible and effective, though
demographic trait prediction accuracy varies. The findings contribute to the growing body of research on
cross-modal learning and biometric identification, while highlighting both the potential and limitations of cur-
rent approaches. The framework opens new avenues for privacy-preserving biometric systems and provides a
foundation for future research in voice-based facial reconstruction.

5. CONCLUSION

This implementation presents a novel GAN-based approach to learning voice-face associations. By
leveraging deep generative modeling and wasserstein loss with gradient penalty, the system successfully syn-
thesizes facial images that align with speaker identities. Unlike traditional embedding-based approaches, this
framework generates high-quality, speaker-specific facial representations directly from speech, opening av-
enues for applications in security, forensic analysis, and Al-driven personalization.

The study achieved promising classification accuracy for gender (95%), age (83%), and race (65%)
prediction from voice inputs. The framework’s ability to generate facial approximations from voice recordings
has significant implications for forensic analysis, security systems, and privacy-preserving biometric identifi-
cation. The results validate the strong correlation between vocal characteristics and facial features, confirming
findings from cognitive science research.

However, several limitations must be acknowledged. The evaluation was conducted on a relatively
small dataset, which may not fully represent real-world diversity. The binary classification tasks represent
simplified versions of more complex demographic categories. Most importantly, the model’s performance in
real-world scenarios with noisy audio, varying recording conditions, and diverse speaker populations remains
to be validated. Additionally, ethical considerations regarding demographic classification, particularly race
prediction, require careful attention to prevent potential misuse.

Future research should focus on expanding datasets to include more diverse speakers and conditions,
developing more granular classification systems, and conducting comprehensive real-world testing. Key exper-
iments include cross-dataset evaluation, ablation studies, comparison with human performance, and detailed
analysis of generation quality using established metrics. The framework’s potential for extension through
multi-modal fusion and transformer architectures offers promising directions for advancement.

The take-away statement is that voice-to-face generation represents a viable approach to demographic
trait prediction, with significant potential for practical applications in forensics and security. However, careful
consideration of limitations, ethical implications, and real-world validation is essential for responsible deploy-
ment of this technology.
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