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Abstract. This study proposes a dual-branch latent diffusion model
that simultaneously generates sound effects and a single-channel vibro-
tactile waveform (for wideband actuators in handheld/wearable devices)
from text prompts. By sharing the latent space of a pretrained audio gen-
eration model, the method inherently ensures temporal synchronization
between audio and vibration. The audio branch uses a frozen diffusion
model while the vibration branch employs a Transformer-CNN decoder,
further refined with Direct Preference Optimization (DPO). Evaluation
with 10 participants demonstrated that the proposed method achieves
performance equal to or better than rule-based audio-to-vibration trans-
formations (e.g., low-pass filtering, envelope modulation), with notably
lower distraction scores.
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1 Introduction

Real-world experiences are formed through the temporal synchronization of mul-
tiple sensory modalities. For example, when typing on a keyboard, the visual
information of a finger touching a key, the auditory information of the keystroke
sound, and the tactile information of the impact transmitted to the fingertip
synchronize within tens of milliseconds to form a coherent perceptual experi-
ence of “pressing a key” [14]. Such multisensory integration mechanisms form
the foundation of the human perceptual system, and in immersive experience
technologies such as virtual reality (VR) and augmented reality (AR), appropri-
ately synchronizing haptic feedback with visual and auditory information is key
to immersion and realism [13]. Perceptual psychology research indicates that for
synchrony perception between auditory and tactile modalities to be established,
the time difference between them must be approximately 55 ms or less [8]; ex-
ceeding this threshold causes both stimuli to be perceived as separate events,
compromising experiential coherence.
⋆ These authors contributed equally to this work.
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In recent years, generative models based on deep learning have made re-
markable progress across various modalities including text, images, and audio.
In particular, diffusion models [1] have achieved high-quality outputs in image
generation [12] and audio generation [2, 7], and text-to-audio methods repre-
sented by Make-An-Audio 2 and AudioLDM have enabled intuitive content cre-
ation through natural language. Meanwhile, in the field of haptic generation,
TactGAN [15] proposed a GAN-based method for generating tactile textures
from images, and HapticGen [5] demonstrated a method for directly generating
vibration patterns from text using a Transformer architecture. More recently,
Scene2Hap [3] coupled LLM-based scene reasoning with physical modeling to
author vibrotactile signals for full VR scenes, and Sound2Hap [6] learned an
audio-to-vibrotactile mapping supervised by human ratings. Both, however, as-
sume that a VR scene description or an audio waveform is already available, so
cross-modal alignment is handled post-hoc; in contrast, our method generates
audio and vibration jointly from a single text prompt through a shared latent
space, making synchrony a structural property of the architecture. Through-
out this paper, rule-based methods refers to deterministic audio-to-vibration
transformations—typically low-pass filtering [10], envelope-based carrier mod-
ulation [9], or Intensity Segment Modulation (ISM) [16]—which are lightweight
but cannot adapt vibration to the semantic category of the audio event.

This study proposes a dual-branch latent diffusion model that simultaneously
generates sound effects and vibrotactile feedback from text prompts, targeting
single-channel waveforms for wideband actuators in handheld/wearable devices
(texture rendering, kinesthetic feedback, and multi-point spatial haptics are out
of scope). The core of the proposed method lies in sharing the latent space in the
generation process of audio and vibration. Using a pretrained text-conditioned
audio diffusion model as the foundation, an audio decoder branch that generates
audio spectrograms from the latent space and a haptic decoder branch that gen-
erates vibration spectrograms from the same latent representation are arranged
in parallel. Since both branches take the common latent representation as input,
the generated audio and vibration are inherently guaranteed to be temporally
synchronized. Furthermore, we introduce optimization based on human prefer-
ences using Direct Preference Optimization (DPO) [11] to improve the subjective
quality of generated vibrations.

The contributions of this study are as follows.

– We propose a method that inherently guarantees temporal synchrony through
a dual-branch architecture that shares the latent space for audio and vibra-
tion generation.

– We quantitatively evaluated the temporal synchrony of generated audio and
vibration using objective metrics of onset detection and envelope correlation.

– We conducted an objective evaluation on 12 audio scenes and a user study on
9 of them to demonstrate the effectiveness of the proposed method through
comparison with rule-based methods.
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Fig. 1. Dual-branch architecture for synchronized audio-haptic generation. Snowflake
icons indicate frozen pretrained components; flame icons indicate trainable components.

2 Method

2.1 System Overview

The proposed system is a dual-branch latent diffusion model that simultaneously
generates sound effects and vibrotactile feedback from text prompts. It is built
upon a pretrained text-conditioned audio diffusion model (Make-An-Audio 2)
and adopts a configuration that decodes audio and vibration in parallel from
its latent space. Make-An-Audio 2 was chosen because its spectrogram-aligned
latent preserves the onset-level temporal structure needed for audio–haptic syn-
chrony and its publicly released weights and ~330,000-clip training corpus are di-
rectly reusable for vibration supervision; any diffusion-based text-to-audio back-
bone with analogous properties should be compatible.

The system comprises several key components working in unison (Figure 1).
A CLAP Text Encoder first converts text prompts into semantic feature vec-
tors (caption embedding). These vectors condition a Diffusion Model (UNet/DiT),
which iteratively generates latent representations from noise. These latent rep-
resentations are then processed by two parallel decoders: a VAE Decoder that
reconstructs audio spectrograms, and a specialized VibrationDecoder that gener-
ates vibration spectrograms from the same latent features. Finally, a BigVGAN
Vocoder converts both spectrograms into their respective waveforms.

2.2 Dual-Branch Architecture

The core of the proposed method lies in generating audio and vibration from
a shared latent space. The latent representation z ∈ RC×T generated by the
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UNet is input to both the VAE decoder and VibrationDecoder, which output
audio spectrogram Ŝa and vibration spectrogram Ŝv, respectively. This design
ensures that both modalities share the same temporal structure, structurally
guaranteeing temporal synchronization.

The VibrationDecoder adopts a hybrid Transformer-CNN structure. The
Transformer encoder projects the latent sequence, adds positional encoding, and
integrates temporal context via self-attention, with cross-attention for text condi-
tioning. The CNN decoder then upsamples the features to generate the vibration
spectrogram (80 mel channels).

During training, only the VibrationDecoder is updated; the Diffusion Model,
VAE, CLAP encoder, and BigVGAN vocoder remain frozen (Figure 1), which
keeps training efficient and guarantees that adding the vibration branch can-
not degrade the underlying text-to-audio model. Training data was prepared
from the same audio dataset used to train Make-An-Audio 2 (approximately
330,000 samples). Each audio sample was first processed through Spleeter1 to
remove voice components, then converted to pseudo-vibration data through rule-
based transformation. The transformation consists of two components: (1) low-
frequency extraction using a 200 Hz low-pass filter, chosen to match the practical
pass-band of wideband LRA / voice-coil actuators in consumer devices, and (2)
envelope extraction followed by modulation of a 55 Hz sine-wave carrier, placed
within the frequency range where handheld actuators such as the DualSense pro-
duce clear “knock”-like sensations. These two components are mixed at a 2:8 ratio
(20% low-pass, 80% envelope modulation) and converted to mel spectrograms.
The VibrationDecoder receives the shared latent representation and caption em-
bedding as inputs, and is supervised using this converted vibration spectrogram
as the target. The model is trained using the Mean Squared Error (MSE) loss
between the generated and target vibration spectrograms:

Lvib = Ez[∥Ŝv − Sv∥22] (1)

2.3 Direct Preference Optimization (DPO)

The MSE objective in Eq. (1) is insensitive to perceptual axes such as impact
sharpness or residual over-vibration, so we additionally fine-tuned the Vibra-
tionDecoder with Direct Preference Optimization (DPO) to reshape the output
along these axes while leaving the shared-latent structure untouched. Through-
out this paper, subjective quality denotes human-judged naturalness and non-
intrusiveness of vibration in the context of its paired audio, as opposed to signal-
level reconstruction fidelity. The DPO mechanism requires pair-wise preference
data, which we constructed as follows (Figure 1).

Preference Data Construction. For each training sample, we prepare two
vibration signals: Data A (model-generated) and Data B (transformed version
of Data A). Transformations include frequency modifications (filtering, spectral

1 Spleeter is an open-source audio separation library developed by Deezer:
https://github.com/deezer/spleeter
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adjustment), temporal modifications (envelope reshaping, gain modulation), and
perturbation injection (noise, clicks). The transformed signal is blended with the
original and normalized.

Human Evaluation. Human annotators are presented with both Data A
and Data B in randomized order and evaluate which vibration better matches
the corresponding audio. This fair comparison creates preference pairs (yw, yl)
where yw denotes the chosen (winning) vibration and yl denotes the rejected
(losing) one. As an initial investigation, we collected 200 preference pairs for
this study.

Optimization. Using the collected preference data, the VibrationDecoder is
fine-tuned with the caption embedding (derived from the original text prompt)
as input. The optimization applies a correction to the base MSE loss that pushes
the model output away from rejected samples toward preferred ones:

LDPO = −E[log σ(β(r(yw)− r(yl)))] (2)

Here, r(·) is the implicit reward for the VibrationDecoder output, and β is the
temperature parameter. This mechanism enables refinement of vibration quality
based on human perceptual preferences.

2.4 Inference Pipeline

During inference, the text prompt is encoded via CLAP, and a latent represen-
tation is generated using DDIM sampling. This latent is decoded in parallel by
the VAE and VibrationDecoder, then converted to waveforms via BigVGAN.

3 Experiments

3.1 Quantitative Evaluation

To objectively evaluate the temporal synchrony of generated audio and vibration,
we conducted a quantitative evaluation using two primary metrics: Onset Time
Difference and Envelope Correlation. Onset Time Difference compares the onset
detection results of audio and vibration, calculating time differences through
nearest neighbor matching, with 55 ms considered the perceptual synchrony
threshold [8]. Envelope Correlation calculates the Pearson correlation coefficient
between the envelopes of both signals. We compared our Proposed dual-branch
model against three baselines: a Lowpass condition applying a 200 Hz low-
pass filter to generated audio; an Envelope condition modulating generated
audio with a 55 Hz sine wave; and a Noise condition using random pink noise
as a baseline. We evaluated 12 types of audio scenes, including footsteps, door
slams, ball bounces, glass shattering, rain, engine sounds, buzzing, scraping, cafe
ambience, train station sounds, conversation, and screams with gunshots.

As shown in Table 1, the mean onset time difference of the proposed method
was 54.45 ms. Regarding envelope correlation, the proposed method (r = 0.550)
yielded values between the rule-based methods and the Noise condition. A
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Table 1. Quantitative Evaluation Results (by Condition)

Condition Onset Time Diff. (ms) Envelope Corr. (r)
Proposed 54.45 ± 37.07 0.550 ± 0.431
Lowpass 33.52 ± 37.62 0.850 ± 0.209
Envelope 27.43 ± 30.13 0.974 ± 0.072
Noise 58.81 ± 47.76 0.049 ± 0.108

Fig. 2. Experiment environment. Participant wearing headphones and holding the Du-
alSense controller.

Kruskal-Wallis test confirmed significant differences between conditions (H =
33.80, p < 0.001), and a Mann-Whitney U test indicated the proposed method
had significantly higher correlation than the Noise condition (U = 122.0, p =
0.004).

3.2 Qualitative Evaluation

We conducted a user study with 10 participants (8 male, 2 female, aged 19–25,
mean age 20.5), all with normal hearing and vibrotactile sensitivity. Audio was
presented through noise-cancelling headphones, and vibrotactile feedback was
simultaneously delivered via a DualSense Wireless Controller2(Figure 2). The
stimuli consisted of 9 audio scenes selected from the 12 used in the quantitative
evaluation and classified into three categories: Impact Events (ball bouncing,
door slamming, footsteps), Continuous Textures (engine, rain, floor scraping),
and Complex Scenes (conversation + gravel walking, screaming + gunshots,
station ambience). Participants evaluated the experience on a 7-point Likert

2 Sony Interactive Entertainment: https://www.playstation.com/accessories/dualsense-
wireless-controller/
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scale across five dimensions based on the HX model [4]: Realism, Harmony,
Involvement, Expressivity, and Distraction (lower is better).

Table 2. Qualitative Evaluation Results (Overall Mean ± SD)

Condition Realism Harmony Involvement Expressivity Distraction↓
Proposed 4.53±1.64 4.67±1.70 4.43±1.80 4.29±1.76 2.61±1.39
Lowpass 4.54±1.53 4.54±1.59 4.39±1.66 4.28±1.62 2.66±1.48
Envelope 4.09±1.68 4.58±1.61 4.19±1.73 4.12±1.76 3.37±2.05
Noise 3.58±1.73 3.50±1.66 3.30±1.85 3.23±1.81 2.87±1.60

The results (Table 2) indicate that the proposed method achieved the high-
est or equivalent scores on all positive evaluation items and recorded the lowest
Distraction value. A Friedman test revealed significant differences between con-
ditions for all evaluation items (p < 0.05 or better). Post-hoc comparisons us-
ing the Wilcoxon signed-rank test with Bonferroni correction showed significant
differences between the Proposed and Noise conditions on all positive items
(p < 0.001). While no significant differences were found between the Proposed
method and the Lowpass condition on any items, a significant difference was ob-
served between the Proposed method and the Envelope condition specifically
for the Distraction item (p < 0.001).

Category-wise analysis revealed performance variations across stimulus types.
For Impact Events, the proposed method achieved the highest Harmony (4.97)
and Involvement (4.87) scores, demonstrating strong performance for transient
stimuli. For Continuous Textures, the proposed method led in Realism (4.57)
and Involvement (4.33), with the lowest Distraction among non-noise condi-
tions (2.57). For Complex Scenes, the proposed method achieved the highest
Realism (4.27) and Expressivity (4.07), suggesting effective handling of multi-
component audio events.

4 Discussion

The quantitative and qualitative evaluation results confirm that the proposed
dual-branch model can generate temporally synchronized audio and vibration
from text prompts. The mean onset time difference of 54.45 ms falls below the
perceptual synchrony threshold (55 ms), suggesting that parallel decoding from
the shared latent space contributes to maintaining temporal synchrony. Quali-
tatively, the proposed method achieved the highest or equivalent scores on all
positive evaluation items, with the lowest Distraction score (2.61) indicating
natural and non-intrusive vibration generation.

Statistical tests showed no significant differences between the proposed method
and rule-based methods on most items, indicating equivalent subjective quality
under the experimental conditions (200 Hz LPF, 55 Hz envelope). However,
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Fig. 3. Learned voice suppression. For a prompt “children laughing in a playground,”
the audio branch outputs voice components while the vibration branch suppresses them,
demonstrating semantic filtering learned from Spleeter-preprocessed training data.

the proposed method significantly outperformed the Envelope condition on Dis-
traction (p < 0.001), suggesting that learning-based transformation suppresses
excessive vibration responses.

The category-wise analysis provides additional insights. The proposed method
showed particular strengths in Impact Events (highest Harmony and Involve-
ment), suggesting effective capture of temporal dynamics for transient stimuli.
For Complex Scenes with voice components, the proposed method maintained
competitive performance, likely due to the semantic filtering capability learned
through Spleeter-preprocessed training data. Continuous Textures showed the
smallest performance gaps between methods, consistent with the inherent diffi-
culty of vibration representation for sustained sounds.

If equivalent quality can be achieved with rule-based methods, it might seem
sufficient to simply apply rule-based transformation after audio generation. How-
ever, rule-based methods convert only physical characteristics (low-frequency
components, envelope), whereas a learning-based VibrationDecoder can utilize
semantic information in the latent space. Additionally, rule-based transformation
propagates audio artifacts directly to vibration, while the dual-branch architec-
ture allows haptic-specific optimization through DPO fine-tuning.

Compared with recent learning/knowledge-driven approaches—Scene2Hap [3]
(LLM + physical modeling over VR scenes) and Sound2Hap [6] (audio-to-vibration
learned from human ratings)—both assume a VR description or an audio track is
already given and treat alignment as a downstream problem. Our method instead
generates both modalities jointly from text via a shared diffusion latent, making
synchrony a structural property; this framing keeps the approach valuable even
with numerical scores on par with rule-based baselines, since the same back-
bone extends uniformly to other modalities and inherits future improvements of
text-to-audio diffusion for free.
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Figure 3 demonstrates an example of semantic filtering learned by the Vi-
brationDecoder. When a prompt containing voice elements is input (children’s
playground, with laughter), the audio branch generates output that includes the
voice component, while the vibration branch significantly suppresses the gain for
voice frequencies. This behavior emerges from training on pseudo-vibration data
that excludes voice components (via Spleeter preprocessing), indicating that the
VibrationDecoder has learned to filter out content inappropriate for haptic feed-
back. Such semantic-aware suppression would be difficult to achieve with simple
rule-based low-pass filtering, which cannot distinguish between voice and other
mid-frequency content.

Key limitations include training on pseudo-vibration data rather than real
tactile recordings; real-time performance constraints requiring acceleration via
Consistency Models; and single-channel output limiting spatial vibration pat-
terns. Because the pseudo-vibration targets follow a fixed LPF–envelope rule, the
VibrationDecoder inherits its spectral/temporal biases—high-frequency micro-
textures above 200 Hz are unseen and sustained sounds are represented mainly
through the 55 Hz carrier—which partly explains why the gap to rule-based base-
lines is smallest for Continuous Textures and largest for Impact Events. The
DPO stage uses only 200 preference pairs as an initial investigation, and scaling
to thousands of pairs should further tighten the Distraction gains. We also ob-
served non-negligible inter-participant variability, especially for complex scenes,
suggesting future evaluations adopt mixed-effects analysis. Future work will ad-
dress these through real-environment data collection, larger preference datasets,
and multi-actuator extensions.

5 Conclusion

This study proposed a dual-branch latent diffusion model that simultaneously
generates sound effects and vibrotactile feedback from text prompts. The core
contribution is the architectural design where audio and vibration are gener-
ated from a shared latent space, structurally guaranteeing temporal synchro-
nization. Built upon Make-An-Audio 2, the system generates vibration spectro-
grams through a VibrationDecoder (Transformer-CNN architecture). Evaluation
results showed that the proposed method achieved a mean onset time difference
of 54.45 ms (below the 55 ms threshold) and subjective quality equivalent to rule-
based methods. The significantly lower Distraction score suggests that learning-
based transformation produces more natural vibrations. Future work includes
training with real audio-tactile correspondence data, real-time generation using
Consistency Models, and extension to spatial vibration patterns.
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