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Abstract

Visual Text-to-Speech (VTTS) aims to take the environmen-
tal image as the prompt to synthesize the reverberant speech
for the spoken content. The challenge of this task lies in un-
derstanding the spatial environment from the image. Many
attempts have been made to extract global spatial visual in-
formation from the RGB space of an spatial image. However,
local and depth image information are crucial for understand-
ing the spatial environment, which previous works have ig-
nored. To address the issues, we propose a novel multi-modal
and multi-scale spatial environment understanding scheme to
achieve immersive VTTS, termed M2SE-VTTS. The multi-
modal aims to take both the RGB and Depth spaces of the
spatial image to learn more comprehensive spatial informa-
tion, and the multi-scale seeks to model the local and global
spatial knowledge simultaneously. Specifically, we first split
the RGB and Depth images into patches and adopt the
Gemini-generated environment captions to guide the local
spatial understanding. After that, the multi-modal and multi-
scale features are integrated by the local-aware global spatial
understanding. In this way, M2SE-VTTS effectively models
the interactions between local and global spatial contexts in
the multi-modal spatial environment. Objective and subjec-
tive evaluations suggest that our model outperforms the ad-
vanced baselines in environmental speech generation.

Code and Audio Samples —
https://github.com/AI-S2-Lab/M2SE-VTTS

Introduction

Visual Text-to-Speech (VTTS) aims to leverage the envi-
ronmental image as the prompt to generate the reverberant
speech that corresponds to the spoken content. With the ad-
vancement of human-computer interaction, VITS has be-
come integral to intelligent systems and plays an important
role in fields such as augmented reality (AR) and virtual re-
ality (VR) (Liu et al. 2023b).

Unlike acoustic matching tasks that transform input
speech to match the environmental conditions of a refer-
ence source (Chen et al. 2022; Liu et al. 2023a; Somayazulu,
Chen, and Grauman 2024; Im and Nam 2024), VTTS seeks
to synthesize speech with the environmental characteristics

*Corrposending Author.
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of the reference based on given textual content (He, Liu, and
Li 2024). For example, Lee et al. (2024) utilizes the pre-
trained CLAP model to map a textual or audio description
into an environmental feature vector that controls the re-
verberation aspects of the generated audio. Tan, Zhang, and
Lee (2022) design an environment embedding extractor that
learns environmental features from the reference speech. In
more recent studies, Liu et al. (2023b) propose a visual-text
encoder based on the transformer to learn global spatial vi-
sual information from the RGB image. Building on these
advancements, this paper focuses on employing visual in-
formation as the cue to generate reverberation audio for the
targeted scene.

However, previous VTTS methods have not fully under-
stood the spatial environment, due to the neglect of local and
depth image information. For example, the local elements in
the spatial environment can directly influence the reverber-
ation style. Specifically, the hard surfaces such as tables re-
flect sound waves, while softer materials like carpets absorb
them, directly affecting the audio’s authenticity and natural-
ness (Chen et al. 2023, 2022; Liu et al. 2023b). In addition,
the Depth space of the image contains positional relation-
ships within the spatial environment (Majumder et al. 2022;
Chen et al. 2023), such as the arrangement of objects, the
position of the speaker and the room geometry. Therefore, it
is crucial for VTTS systems to accurately capture the local
and depth spatial environment information simultaneously.

To address the issues, we propose a novel multi-modal
and multi-scale spatial environment understanding scheme
to achieve immersive VTITS, termed M2SE-VTTS. The
multi-modal aims to take both the RGB and Depth spaces
of the spatial image to learn more comprehensive spatial in-
formation, such as the speaker’s location and the positions
of key objects that influence sound absorption and reflec-
tion. The multi-scale seeks to model the impact of local and
global spatial knowledge on reverberation. Specifically, we
first split the RGB and Depth images into patches follow-
ing the visual transformer strategy (Dosovitskiy et al. 2021).
In addition, we adopt the Gemini-generated (Team et al.
2024) environment captions to guide the local spatial under-
standing based on an identification mechanism. After that,
the local-aware global spatial understanding takes the multi-
modal and multi-scale features as input and progressively in-
tegrates spatial environment knowledge. In this way, M2SE-



VTTS effectively models the interactions between local and
global spatial contexts among the multi-modal spatial envi-
ronment. The main contributions of this paper include:

* We propose a novel multi-modal and multi-scale spatial
environment understanding framework, termed MZ2SE-
VTTS, that leverages both the RGB and Depth informa-
tion to enhance the synthesis of immersive reverberation
speech.

Our approach comprehensively integrates both local and
global spatial elements, providing a more comprehen-
sive understanding of the spatial environment, which is
crucial for accurately modeling environmental reverber-
ation.

Objective and subjective experimental evaluations
demonstrate that our model significantly outperforms
all existing state-of-the-art benchmarks in generating
environmental speech.

Related Works
Spatial Environment Understanding

Spatial environment understanding plays a crucial role in
spatial cognition, particularly in complex three-dimensional
scenes where accurate spatial comprehension is essential for
applications such as robotic navigation, augmented reality,
and autonomous driving. In the visual domain, researchers
often employ multi-modal and multi-scale approaches to
capture and analyze spatial information more comprehen-
sively (Chen et al. 2020; Guo et al. 2022; Jain et al. 2023;
Jiang et al. 2024; Xu et al. 2024; Wang et al. 2024). For
instance, Cheng et al. (2024a) enhances Vision Language
Models (VLMs) by introducing a data curation pipeline and
a plugin module that improves the understanding of 3D spa-
tial relationships by integrating depth information and learn-
ing regional representations from 3D scene graphs. Fu et al.
(2024) further extends the capabilities of language models
by incorporating 3D visual data, improving the embodied
agents’ reasoning and decision-making abilities in interac-
tive 3D environments. This approach is particularly effec-
tive in tasks such as dense annotation and interactive plan-
ning. Similarly, Cheng et al. (2024b) addresses the chal-
lenge of depth estimation in autonomous driving by propos-
ing a method that fuses single-view and multi-view depth
estimates, showing robust performance in scenarios with
sparse textures and dynamic objects. These studies demon-
strate that multi-modal and multi-scale methods are pivotal
in advancing the comprehensive understanding of spatial en-
vironments, as they effectively integrate information from
various sources to enhance spatial reasoning in complex en-
vironments.

While these works have made significant strides in im-
proving spatial understanding in VLMs, they primarily fo-
cus on extracting global spatial information, often overlook-
ing the importance of local and depth information. Our work
differs from these approaches in several key aspects: (1) We
focus on the Visual VTTS task, rather than solely on visual
spatial reasoning; (2) Unlike the previous works, we empha-
size the integration of both local and depth image informa-
tion, in addition to global spatial data from RGB images,
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to achieve a more holistic understanding of the spatial en-
vironment. These differences allow our approach to better
address the unique challenges of the VTTS task and excel in
complex spatial environments.

LLM-based Image Understanding

In recent years, leveraging Large Language Models (LLMs)
for image understanding has emerged as a significant re-
search focus in the fields of computer vision and natural lan-
guage processing. By integrating the powerful natural lan-
guage processing capabilities of LLMs with visual informa-
tion, researchers have developed multi-modal large language
models (MLLMs) to tackle complex tasks such as visual
question answering, image captioning, and image compre-
hension (Zhang et al. 2024; Zhu, Wei, and Lu 2024). For
example, Karthik et al. (2024) pioneered the combination
of pre-trained vision encoders with language models, utiliz-
ing a Perceiver Resampler module to extract features from
images for generating textual descriptions, thus achieving
cross-modal image-text alignment. Building on this, Swetha
et al. (2024) introduced a Querying Transformer (Q-Former)
that extracts the most relevant visual features through cross-
modal fusion, enhancing the model’s visual understand-
ing capabilities. Chowdhury et al. (2024) further advanced
these efforts by incorporating spatial coordinate informa-
tion, thereby improving multi-modal models’ abilities in ob-
ject localization and visual reasoning. However, these ap-
proaches largely focus on capturing global visual features,
which, while effective in many cases, show limitations when
dealing with tasks that require fine-grained visual under-
standing. To address this challenge, Swetha et al. (2024) pro-
posed a novel approach that combines contrastive learning
(CL) with masked image modeling (MIM), integrating fea-
tures from both CLIP-ViT (Radford et al. 2021) and MAE-
ViT vision encoders. X-Former uses a dual cross-attention
mechanism to align visual and language features, demon-
strating superior performance in fine-grained visual tasks,
such as object counting and fine-grained category recogni-
tion. In contrast, traditional multi-modal models often strug-
gle with these tasks due to their limited ability to capture
local details effectively.

While these methods have significantly advanced the ca-
pabilities of multi-modal visual understanding, they still
face limitations when applied to specific spatial environ-
ment perception tasks. Our work introduces a novel multi-
modal and multi-scale spatial environment understanding
scheme, designed to overcome the shortcomings of existing
models in capturing the local and depth information. Unlike
previous approaches, our method integrates both RGB and
depth information and utilizes Gemini-generated environ-
mental captions to guide local spatial understanding. By fus-
ing multi-modal and multi-scale features, our method pro-
vides a more comprehensive modeling of spatial environ-
ments, offering robust support for VITS tasks, particularly
in understanding the spatial layout and environmental char-
acteristics of complex scenes.
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Figure 1: The overall architecture of M2SE-VTTS.

Methodology

As shown in the pipeline of Fig. 1, the proposed M2SE-
VTTS consists of four components: 1) Multi-modal Fea-
tures Extraction; 2) Local Spatial Understanding; 3) Local-
aware Global Spatial Understanding and 4) Speech Genera-
tion. As mentioned previously, multi-modal features, includ-
ing the RGB and Depth space representation of an image,
can provide more comprehensive information about the spa-
tial environment. To understand the interactions between lo-
cal and global spatial contexts, the multi-modal and multi-
scale knowledge is integrated by local-aware global spatial
understanding. The following subsections provide detailed
descriptions of the design and training processes for these
components.

Multi-modal Features Extraction

Given the RGB and Depth image pairs of the spatial envi-
ronment {Vg, Vp}, we first partition them into M patches.
In addition, we employ the image encoder of a pre-trained
CLIP (Radford et al. 2021) model with frozen parameters
to extract patch-level features as F5, F5 € RM*P from
each of Vi and Vp, where D denotes the dimensionality of
the features and M indicates the number of patches per im-
age. As illustrated in Fig 1, a special [C'LS] token is used at
the beginning of the first patch to represent the global-level
features as ]-‘g‘, ]-'g e RIXD,

Local Spatial Understanding

As shown in the second panel of Fig. 1, Local Spatial Under-
standing consists of three parts: 1) LLM-based Spatial Se-
mantic Understanding, leveraging Gemini’s powerful multi-
modal understanding capabilities to accurately convert com-
plex visual scenes into semantic information; 2) Top, RGB
Regions Detector, guided by environmental captions to iden-
tify crucial semantic information of the RGB space of the
image; and 3) Top, Depth Regions Selector, selecting im-
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portant semantic information of the Depth space of the im-
age.

LLM-based Spatial Semantic Understanding To cap-
ture rich spatial information, including the spatial positions
of objects, their arrangement, and the overall scene struc-
ture, we utilize Gemini’s advanced multi-modal understand-
ing capabilities to convert the complex visual data into the
structured caption. This approach enables us to accurately
extract and represent the spatial semantics embedded within
the image.

First of all, the spatial environment captions are gener-
ated using the Gemini Pro Vision, which is a multi-modal
large language model configured with its default settings.
The prompt designed for Gemini is as follows: “Observe this
panoramic image and briefly describe its content. Identify
the objects in the image in one to two sentences, focusing
only on key information and avoiding descriptive words.”
After analysis by Gemini, the spatial environment in Fig. 1
is described as follows: “The image shows a spacious, cir-
cular room with a blue and white color scheme. It features a
dining table with chairs, a kitchenette, a bedroom area with a
bed, and a person standing in the center of the room.” In the
end, the caption C is tokenized into NV individual words, rep-
resented as C = {c, }Y_;. And each word c¢,, is represented
as a fixed-length vector using word embeddings, which are
input into the text encoder of a pre-trained CLIP model to
obtain spatial semantic features F§ , where F§ € RP It
is important to note that the [C'LS] token is used to aggre-
gate and represent the overall semantic information of the
entire input text, with this embedding vector serving as the
primary representation of the text when aligning with image
features.

Top;, RGB Regions Detector Our goal is to identify and
focus on the image regions that significantly influence sound
propagation and reflection characteristics, enabling more ac-
curate simulation of the reflection and absorption effects of
different materials and surfaces, thereby making the gener-



ated speech more natural and realistic.

To begin with, we apply the spatial attention to JF 5‘ and
.FSC after using a linear projection layer, which is formalized
as:

FE AR = MultiHead(F§ , FE, FE), (1)
where F 5 represents the updated features from F5, and A%
denotes the average attention weights across all heads, with
AL € (0,1)M. Inspired by SRSM (Li, Hou, and Hu 2023),
after that, we introduce a detection operation, denoted as
® 1 sy to identify the patches with the highest Top, atten-
tion weights and their indices:

%goprR = @LSU(ﬁI§7A§7T0pk)7 2

where H?OM € RToPe*D represents the detected local fea-

tures of the RGB space, and Qp € {0,1,..., M }T°Pk repre-
sents the indices corresponding to the highest Top; weights
in AE.

Topy Depth Regions Selector This module aims to cap-
ture the relative distances of key objects, their arrangement,
and the geometric layout of the room within the spatial en-
vironment, and to accurately simulate sound propagation
and reflection, thereby generating reverberation that more
closely aligns with the actual physical space. This module
implements a selection attention-based strategy similar to
Qrsu.

Specifically, we take the indices 2 from @ g7 to select
the corresponding crucial patch-level depth features. This
approach is based on the following three key considerations:
1) the CLIP is pre-trained using RGB images paired with
text, resulting in a stronger correlation between RGB and
textual data compared to Depth information; 2) by main-
taining consistent patch indices across both RGB and Depth
modalities, we ensure spatial coherence, allowing the model
to accurately align and integrate features from the same spa-
tial locations; and 3) this alignment further prevents poten-
tial information redundancy or conflicts between the modal-
ities, ensuring that the model is better equipped to precisely
capture and utilize complementary features from both RGB
and Depth data. This process can be formulated as:

3

Heop, = Yisu(FE,Qr),

where H%m represents the selected local features of the
D Topy xD
Depth space, and Hz,, € R*PE*E.

Local-aware Global Spatial Understanding

As shown in the third panel of Fig. 1, Local-aware Global
Spatial Understanding aims to effectively model the inter-
actions between local semantics and the global spatial con-
text, which consists of two parts: 1) the Local-aware RG-
B/Depth Attention, which focuses on learning the interac-
tions between local details and global spatial features, and
2) the Semantic-Guided RGB/Depth Attention, which en-
hances the understanding of spatial contexts by integrating
semantic information with the local-aware global features.
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Local-aware RGB/Depth Attention This section aims to
understand how local spatial details, such as the position and
material of key objects, interact within the overall spatial
layout and to comprehend the spatial relationships across
different scales in the scene, thereby enabling the genera-
tion of reverberation that more accurately reflects the actual
physical environment.

For the RGB image, given its H%pk and FE&, we per-
form the Local-aware RGB Attention to model the interac-
tions between the local and global spatial knowledge of the
RGB space after using a linear projection layer, which is for-
mulated as follows:

HY = MultiHead(HT,,, . F&, F&), 4)
where H € RTP=*D is updated from F5.
For the Depth image, giving its H7, —and FZ, the

Local-aware Depth Attention adopts a similar strategy,
which is formulated as follows:

H = MultiHead(HR,,, , & FE),
where HP € RToPe*P s updated from Ff .

Semantic-Guided RGB/Depth Attention To deepen our
understanding of the complex relationships between spatial
contexts across different scales and to enhance the model’s
performance in the multi-modal environment, we further
employ a semantic-guided attention mechanism to achieve
a more advanced fusion of local and global spatial features.

For the RGB image, given its #% and F§, we adopt the
Semantic-Guided RGB Attention to attain an advanced un-
derstanding between the local and global spatial contexts
following a linear projection layer, which is formulated as
follows:

(&)

HE = MultiHead(FS , HE, HE),
where HE € RY*P is updated from F§.

For the Depth image, the Semantic-Guided Depth Atten-
tion employs a similar method to learn an advanced under-
standing of the Depth space, which is formulated as follows:

HE = MultiHead(FS , HY , HP) (7)

Eventually, we integrate the multi-modal and multi-scale
features to derive a comprehensive representation of the spa-
tial environment, which is formulated as follows:

Hy = MHE + \oHE,
where the weights, A; and ), are both set to 0.5.

(6)

®)

Speech Generation

As illustrated in Fig. 1, we adopt ViT-TTS as the back-
bone for our TTS system. To begin with, the phoneme em-
beddings and visual features are converted into hidden se-
quences. In addition, the variance adaptor predicts the du-
ration of each hidden sequence to regulate the length of
the hidden sequences to match that of speech frames. Af-
ter that, different variances like pitch and speaker embed-
ding are incorporated into hidden sequences following Ren
et al. (2021). Furthermore, the spectrogram denoiser itera-
tively refines the length-regulated hidden states into mel-
spectrograms. In the end, the BigVGAN (Lee et al. 2022)
transforms mel-spectrograms into waveform. For more de-
tails, please refer to the ViT-TTS (Liu et al. 2023b).



Experiments and Results
Dataset

We employ the SoundSpaces-Speech dataset (Chen et al.
2023), which is developed on the SoundSpaces platform
using real-world 3D scans to simulate environmental au-
dio. To enhance the dataset, we refine it following the ap-
proach described in Chen et al. (2022); Liu et al. (2023b).
Specifically, we exclude out-of-view samples and divide
the remaining data into two subsets: test-unseen and test-
seen. The test-unseen subset includes room acoustics de-
rived from novel images, while the test-seen subset con-
tains scenes previously observed during training. The dataset
consists of 28,853 training samples, 1,441 validation sam-
ples, and 1,489 testing samples. Each sample includes clean
text, reverberation audio, and panoramic camera RGB-D
images. To preprocess the text, we convert the sequences
into phoneme sequences using an open-source grapheme-to-
phoneme tool !.

Following common practices (Ren et al. 2019; Huang
et al. 2022; Liu et al. 2024b,a), we preprocess the speech
data in three steps. First, we extract spectrograms with an
FFT size of 1024, a hop size of 256, and a window size
of 1024 samples. Next, we convert the spectrogram into a
mel-spectrogram with 80 frequency bins. Finally, we extract
the FO (fundamental frequency) from the raw waveform us-
ing Parselmouth . These preprocessing steps ensure consis-
tency with prior work and prepare the data for subsequent
modeling.

Implementation Details

For the visual modality, we utilize the pre-trained CLIP-ViT-
L/14 as the visual feature extractor. This model generates
768-dimensional feature vectors at both global and patch
levels for each visual snippet. These visual features un-
dergo a linear transformation and are subsequently aligned
with the 512-dimensional hidden space of the phoneme em-
beddings. The phoneme vocabulary consists of 74 distinct
phonemes. The cross-modal fusion module employs two at-
tention heads, while all other attention mechanisms use four
heads each. The patch number, Topy, is set to 140. The con-
figuration of other encoder parameters follows the imple-
mentation in ViT-TTS. In the denoiser module, we use five
transformer layers with a hidden size of 384 and 12 heads.
Each transformer block functions as the identity, with 7" set
to 100 and /3 values increasing linearly from 8; = 10~*
to B = 0.06. This configuration facilitates effective noise
reduction and enhances the quality of the generated outputs.

The training process consists of two stages. In the pre-
training stage, we adopt the encoder pre-training strategy
from ViT-TTS, training the encoder for 120k steps until con-
vergence. In the main training stage, the M2SE-VTTS model
is trained on a single NVIDIA A800 GPU with a batch
size of 48 sentences, extending over 160k steps until con-
vergence. During inference, we use a pre-trained BigVGAN
as the vocoder to transform the generated mel-spectrograms

Uhttps://github.com/Kyubyong/g2p
*https://github.com/YannickJadoul/Parselmouth
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into waveforms. Further details on the model configuration
and implementation are provided in Appendix A 3.

Evaluation Metrics

We measure the sample quality of the generated waveform
using both objective metrics and subjective indicators. The
objective metrics are designed to evaluate various aspects of
waveform quality by comparing the ground-truth audio with
the generated samples. Following the common practice of
Liu et al. (2022); Huang et al. (2022), we randomly select
50 samples from the test set for objective evaluation. We
provide three main metrics: (1) Perceptual Quality: This is
assessed by human listeners using the Mean Opinion Score
(MOS). A panel of listeners evaluates the audio’s quality,
naturalness, and its congruence with the accompanying im-
age. Ratings are assigned on a scale from 1 (poor) to 5 (ex-
cellent). The final MOS is the average of these ratings. (2)
Room Acoustics (RT60 Error): RT60 measures the rever-
beration time in seconds for an audio signal to decay by
60 dB, which is a standard metric for characterizing room
acoustics. To calculate the RT60 Error (RTE), we estimate
the RT60 values from the magnitude spectrograms of the
output audio, using a pre-trained RT60 estimator provided
by Chen et al. (2022). (3) Mel Cepstral Distortion (MCD):
MCD quantifies the spectral distance between the synthe-
sized and reference mel-spectrogram features. It is widely
used as an objective measure of audio quality, particularly
in tasks involving speech synthesis. Lower MCD values in-
dicate higher spectral similarity between the generated and
ground-truth audio.

Each of these metrics provides a distinct perspective on
the quality of the generated waveform, allowing for a com-
prehensive evaluation of the system’s performance.

Baselines

To demonstrate the effectiveness of our M2SE-VTTS, we
compare it against five baseline systems:

* ProDiff (Huang et al. 2022): This first baseline is a pro-
gressive fast diffusion model designed for high-quality
speech synthesis, where the input is text and the model
directly predicts clean mel-spectrograms, significantly
reducing the required sampling iterations.

DiffSpeech (Liu et al. 2022): This method is a TTS
model that employs a diffusion probabilistic approach,
where the input is text and the model iteratively converts
noise into mel-spectrograms conditioned on the text.

VoiceLDM (Lee et al. 2024): The third system is a
TTS model that uses text as its primary input, effec-
tively capturing global environmental context from de-
scriptive prompts to generate audio that aligns with both
the content and the overarching situational description.
Given the differences in environmental text descriptions
between the training datasets—where the original dataset
primarily describes the type of environment, while ours
emphasizes the specific components and their spatial re-
lationships—we choose to concentrate on the model’s

*https://shorturl.at/GOzpV



Test-Unseen

Test-Seen

System MOS (1) RTE() MCD()| MOS() RTE() MCD ()
GT 4.353 4+ 0.023 / / 4.348 + 0.022 / /
GT(voc.) 4.149 4+ 0.027 0.0080 1.4600 4.149 + 0.023 0.0060 1.4600
ProDiff (Huang et al. 2022) 3.550 4 0.023 0.1341 4.7689 3.647 4 0.023 0.1243 46711
DiffSpeech (Liu et al. 2022) 3.649 4 0.022 0.1193 47923 3.675 +0.011 0.1034 4.6630
VoiceLDM (Lee et al. 2024) 3.702 £ 0.020 0.0825 4.8952 3.702 £+ 0.025 0.0714 4.6572
ViT-TTS-ResNet18 (Liu et al. 2023b) | 3.700 &+ 0.025 0.0759 4.5933 3.804 4 0.022 0.0677 4.5535
ViT-TTS-CLIP (Liu et al. 2023b) 3.651 4+ 0.023 0.0772 4.5871 3.746 £+ 0.023 0.0678 4.5385
MZSE-VTTS 3.849 4 0.025 0.0744 4.4215 3.939 4 0.022 0.0642 4.3809

Table 1: Comparison with baselines on the SoundSpaces-Speech for Seen and Unseen scenarios. Subjective (with 95% confi-
dence interval) and objective results with the different systems.

novel method of leveraging textual descriptions to guide
the synthesis of reverberation speech during code repro-
duction.

ViT-TTS-ResNet18 (Liu et al. 2023b): The fourth base-
line is a VTTS model that takes both text and environ-
mental images as inputs, leveraging ResNet18 (He et al.
2016) to extract global visual features from the image to
enhance audio generation by capturing the room’s acous-
tic characteristics.

ViT-TTS-CLIP (Liu et al. 2023b): The last system is
also ViT-TTS, which utilizes CLIP-ViT as a global RGB
feature extractor.

Main Results

As shown in Table 1, the performance of the MZ2SE-VTTS
model on the test-unseen set is generally lower than that on
the test-seen set, largely due to the presence of scenarios not
encountered during training. Nevertheless, our model con-
sistently outperforms all baseline systems across both sets,
achieving the best results in RTE (0.0744), MCD (4.4215),
and MOS (3.849 4+ 0.025). These results demonstrate that
our model is capable of synthesizing immersive reverber-
ant speech. In addition, our model outperformed TTS dif-
fusion models, such as DiffSpeech and ProDiff, across all
metrics, notably in RTE. This indicates that traditional TTS
models struggle to understand spatial environment informa-
tion, focusing instead on audio content, pitch, and energy.
To address this limitation, our multi-modal scheme learns
more comprehensive spatial information. Furthermore, com-
parison with voiceLDM highlights the advantages of the
multi-modal spatial cues and Gemini-based spatial envi-
ronment understanding. Although voiceLDM takes environ-
mental context descriptions as prompts to synthesize envi-
ronmental audio, its choice of the spatial prompt and lack
of a spatial semantic understanding strategy result in worse
performance in predicting the correct reverberation and syn-
thesizing high-quality audio with perceptual accuracy. Fi-
nally, ViT-TTS, which uses ResNet18 for global visual fea-
ture extraction, and ViT-TTS-CLIP, which employs CLIP-
ViT, both outperform other baseline models. However, com-
pared to our proposed model, both ViT-TTS and ViT-TTS-
CLIP showed inferior performance in both test-unseen and
test-seen environments. This suggests that our accurate mod-

24637

System | MOS (1) RTE (]) MCD (})
GT(voc.) ‘ 4.149 £0.027  0.0080 1.4600
w/o RGB 3.716 £ 0.049  0.0985 4.6378
w/o Depth 3.753 £0.022  0.0957 4.6808
w/o LLM 3.749 £0.026  0.0881 4.6121
w/o LSU 3.753 £0.025 0.0984 4.6238
w/o LGSU-L | 3.698 £0.043  0.1011 4.6939
w/o LGSU-G | 3.703 £ 0.046  0.1039 4.7706
M-Z2SE-VTTS ‘ 3.849 £ 0.025 0.0744 4.4215

Table 2: Ablation study results. The results of M2SE-VTTS
are sourced from Table 1.

eling of the interaction between crucial local regions and the
global context is effective, achieved by integrating knowl-
edge gained from local spatial understanding.

In conclusion, our comprehensive evaluation results
demonstrate the effectiveness of our proposed scheme in
generating reverberant speech that matches the target envi-
ronment.

Ablation Results

To evaluate the individual effects of several key techniques
on the Test-Unseen set in our model, including the RGB
space (RGB), the Depth space (Depth), the Gemini-based
spatial semantic understanding (LLM), the local spatial un-
derstanding (LSU), local-aware interactions (LGSU-L), and
global knowledge interactions (LGSU-G), we remove these
components to build various systems. A series of ablation
experiments were conducted, and the subjective and objec-
tive results are shown in Table 2.

We find that removing different types of modality infor-
mation (w/o RGB and w/o Depth) in the Multi-modal Fea-
tures Extraction led to a decrease in performance across
most objective metrics, and the subjective MOS scores also
dropped. This suggests that our multi-modal strategy can
learn more comprehensive spatial information and enhance
the expressiveness of reverberation.

In addition, to validate the Gemini-based spatial seman-
tic understanding (LLM), we remove this component (w/o
LLM). As shown in Table 2, the removal of the semantic
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Figure 2: The horizontal axis represents the Top; values, with the left plot showing MCD and the right plot displaying RTE.
Green lines denote contribution parameter settings, while blue lines indicate comparison settings.

understanding component led to a reduction in all subjective
and objective metrics. This demonstrates that spatial images,
when analyzed by Gemini for semantic understanding, en-
able our model to achieve a more accurate representation of
reverberation.

Furthermore, we further explored the Topy, region selec-
tion for RGB/Depth (w/o LSU). Omitting these critical re-
gions leads to a decrease in both subjective and objective
metrics. This suggests that by identifying important seman-
tic information, the model can accurately understand the
spatial environment and improve the style and quality of the
reverberation.

Finally, we remove local semantics (w/o LGSU-L) and
global context (w/o LGSU-G) in the Local-aware Global
Spatial Understanding component. This removal results in
decreased performance across both subjective and objective
metrics, underscoring the efficacy of our multi-modal and
multi-scale approach in modeling the interplay between lo-
cal and global spatial contexts for reverberation.

Top;. Index Sharing Comparative Study

To evaluate the effectiveness of selecting depth features us-
ing shared Topy, indices from the RGB image and to com-
pare this approach with independent semantic-guided meth-
ods, we focus on the efficacy of index-sharing and the im-
pact of different Top,, values. Specifically, we design exper-
iments to compare two feature selection strategies: shared
Topy, indices and unshared Topy, indices.

In the shared indices strategy, Topy, critical regions from
RGB images guide depth feature selection. In contrast, the
unshared Topy, indices strategy independently selects fea-
tures from RGB and depth images based on their respec-
tive semantic information. Various Topy, values (e.g., 20, 40,
..., 240) are tested to observe their effects on performance,
evaluated using two objective metrics, with lower values in-
dicating better performance.

The experimental results demonstrate that the shared
Topy, strategy consistently outperforms the unshared Topy
strategy for all tested values of Topy. This approach yields
lower values for the objective metrics, indicating more nat-
ural audio generation that better aligns with the environ-
ment. As the Topy, value increases, performance improves as
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more comprehensive spatial information is captured, though
it plateaus or declines slightly after reaching a threshold
(e.g., 140).

The comparison of strategies confirms that shared Topy
indices from RGB more effectively capture critical spa-
tial information, leading to more realistic and environment-
consistent audio. This suggests that the shared index strat-
egy is superior for depth feature selection in multi-modal
tasks, providing guidance for improving feature selection
in future multi-modal systems. Further refinement of this
index-sharing approach is recommended to maximize per-
formance.

Conclusion

This paper introduces M2SE-VTTS, an innovative multi-
modal and multi-scale approach for Visual Text-to-Speech
(VTTS) synthesis. Our method addresses the limitations of
previous VTTS systems, such as their limited spatial under-
standing, by incorporating both RGB and depth images to
achieve a comprehensive representation of the spatial envi-
ronment. This comprehensive spatial representation includes
modeling both local and global spatial contexts, which are
crucial for capturing the environmental nuances influenc-
ing speech reverberation. By combining local spatial under-
standing guided by the environment caption and local-aware
global spatial modeling, M2SE-VTTS effectively captures
the interactions between different spatial scales, which are
essential for accurate reverberation modeling. Evaluations
demonstrate that our model consistently outperforms state-
of-the-art benchmarks in generating environmental speech,
establishing a new standard for environmental speech syn-
thesis in VTTS.

Despite its advances, the MZ2SE-VTTS framework has
limitations, such as increased computational complexity
from multi-modal and multi-scale feature integration, po-
tentially hindering real-time applications. Additionally, the
model’s performance is inconsistent in unseen environ-
ments, highlighting the need for improved generalization.
Future research should focus on optimizing computational
efficiency and enhancing the model’s adaptability to unseen
spatial contexts.



Acknowledgments

This work by Rui Liu was funded by the Young
Scientists Fund (No. 62206136) and the General Pro-
gram (No. 62476146) of the National Natural Science
Foundation of China, and the “Inner Mongolia Science
and Technology Achievement Transfer and Transforma-
tion Demonstration Zone, University Collaborative In-
novation Base, and University Entrepreneurship Train-
ing Base” Construction Project (Supercomputing Power
Project) (No.21300-231510). The research by Haizhou Li
was partly supported by Shenzhen Science and Tech-
nology Program (Shenzhen Key Laboratory Grant No.
ZDSYS20230626091302006) and Shenzhen Science and
Technology Research Fund (Fundamental Research Key
Project Grant No. JCYJ20220818103001002).

References

Chen, C.; Gao, R.; Calamia, P.; and Grauman, K. 2022. Vi-
sual acoustic matching. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
18858-18868.

Chen, C.; Jain, U.; Schissler, C.; Gari, S. V. A.; Al-Halah,
Z.; Ithapu, V. K.; Robinson, P; and Grauman, K. 2020.
Soundspaces: Audio-visual navigation in 3d environments.
In Computer Vision—-ECCV 2020: 16th European Confer-
ence, Glasgow, UK, August 23-28, 2020, Proceedings, Part
VI 16, 17-36. Springer.

Chen, C.; Sun, W.; Harwath, D.; and Grauman, K. 2023.
Learning audio-visual dereverberation. In ICASSP 2023-
2023 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), 1-5. IEEE.

Cheng, A.-C.; Yin, H.; Fu, Y.; Guo, Q.; Yang, R.; Kautz, J.;
Wang, X.; and Liu, S. 2024a. SpatialRGPT: Grounded Spa-
tial Reasoning in Vision-Language Models. In The Thirty-
eighth Annual Conference on Neural Information Process-
ing Systems.

Cheng, J.; Yin, W.; Wang, K.; Chen, X.; Wang, S.; and
Yang, X. 2024b. Adaptive fusion of single-view and multi-
view depth for autonomous driving. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 10138-10147.

Chowdhury, S.; Nag, S.; Dasgupta, S.; Chen, J.; Elhoseiny,
M.; Gao, R.; and Manocha, D. 2024. Meerkat: Audio-Visual
Large Language Model for Grounding in Space and Time.

Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn,
D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.;
Heigold, G.; Gelly, S.; Uszkoreit, J.; and Houlsby, N. 2021.
An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale. In International Conference on Learn-
ing Representations (ICLR).

Fu, R.; Liu, J.; Chen, X.; Nie, Y.; and Xiong, W. 2024.
Scene-llm: Extending language model for 3d visual under-
standing and reasoning. arXiv preprint arXiv:2403.11401.
Guo, M.-H.; Lu, C.-Z.; Hou, Q.; Liu, Z.; Cheng, M.-M.; and
Hu, S.-M. 2022. Segnext: Rethinking convolutional atten-
tion design for semantic segmentation. Advances in Neural
Information Processing Systems, 35: 1140-1156.

24639

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2016. Deep resid-
ual learning for image recognition. In Proceedings of the
IEEE conference on computer vision and pattern recogni-
tion, 770-778.

He, S.; Liu, R;; and Li, H. 2024. Multi-Source Spatial
Knowledge Understanding for Immersive Visual Text-to-
Speech. arXiv preprint arXiv:2410.14101.

Huang, R.; Zhao, Z.; Liu, H.; Liu, J.; Cui, C.; and Ren, Y.
2022. Prodift: Progressive fast diffusion model for high-
quality text-to-speech. In Proceedings of the 30th ACM In-
ternational Conference on Multimedia, 2595-2605.

Im, J.; and Nam, J. 2024. DiffRENT: A Diffusion Model
for Recording Environment Transfer of Speech. In ICASSP
2024-2024 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), 7425-7429. IEEE.
Jain, G.; Teng, Y.; Cho, D. H.; Xing, Y.; Aziz, M.; and Smith,
B. A. 2023. T Want to Figure Things Out”: Supporting Ex-
ploration in Navigation for People with Visual Impairments.
Proceedings of the ACM on Human-Computer Interaction,
7(CSCW1): 1-28.

Jiang, H.; Cheng, T.; Gao, N.; Zhang, H.; Lin, T.; Liu, W.;
and Wang, X. 2024. Symphonize 3d semantic scene com-
pletion with contextual instance queries. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 20258-20267.

Karthik, S.; Roth, K.; Mancini, M.; and Akata, Z. 2024.
Vision-by-Language for Training-Free Compositional Im-
age Retrieval. International Conference on Learning Rep-
resentations (ICLR).

Lee, S.-g.; Ping, W.; Ginsburg, B.; Catanzaro, B.; and Yoon,
S. 2022. Bigvgan: A universal neural vocoder with large-
scale training. arXiv preprint arXiv:2206.04658.

Lee, Y.; Yeon, I.; Nam, J.; and Chung, J. S. 2024.
VoiceLDM: Text-to-Speech with Environmental Context.
In ICASSP 2024-2024 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), 12566—
12571. IEEE.

Li, G.; Hou, W.; and Hu, D. 2023. Progressive spatio-
temporal perception for audio-visual question answering. In
Proceedings of the 31st ACM International Conference on
Multimedia, 7808-7816.

Liu, H.; Chen, Z.; Yuan, Y.; Mei, X.; Liu, X.; Mandic, D.;
Wang, W.; and Plumbley, M. D. 2023a. AudioLDM: text-
to-audio generation with latent diffusion models. In Pro-
ceedings of the 40th International Conference on Machine
Learning, 21450-21474.

Liu, H.; Huang, R.; Lin, X.; Xu, W.; Zheng, M.; Chen,
H.; He, J.; and Zhao, Z. 2023b. ViT-TTS: Visual Text-to-
Speech with Scalable Diffusion Transformer. In Bouamor,
H.; Pino, J.; and Bali, K., eds., Proceedings of the 2023 Con-
ference on Empirical Methods in Natural Language Pro-
cessing, 15957-15969. Singapore: Association for Compu-
tational Linguistics.

Liu, J.; Li, C.; Ren, Y.; Chen, F.; and Zhao, Z. 2022. Dift-
singer: Singing voice synthesis via shallow diffusion mech-

anism. In Proceedings of the AAAI conference on artificial
intelligence, volume 36, 11020-11028.



Liu, R.; Hu, Y.; Ren, Y.; Yin, X.; and Li, H. 2024a. Emotion
rendering for conversational speech synthesis with hetero-
geneous graph-based context modeling. In Proceedings of
the AAAI Conference on Artificial Intelligence, volume 38,
18698-18706.

Liu, R.; Sisman, B.; Gao, G.; and Li, H. 2024b. Controllable
Accented Text-to-Speech Synthesis With Fine and Coarse-
Grained Intensity Rendering. IEEE/ACM Transactions on
Audio, Speech, and Language Processing.

Majumder, S.; Chen, C.; Al-Halah, Z.; and Grauman, K.
2022. Few-shot audio-visual learning of environment acous-
tics. Advances in Neural Information Processing Systems,

35: 2522-2536.

Radford, A.; Kim, J. W.; Hallacy, C.; Ramesh, A.; Goh, G.;
Agarwal, S.; Sastry, G.; Askell, A.; Mishkin, P.; Clark, J.;
et al. 2021. Learning transferable visual models from nat-

ural language supervision. In International conference on
machine learning, 8748-8763. PMLR.

Ren, Y.; Hu, C.; Tan, X.; Qin, T.; Zhao, S.; Zhao, Z.; and Liu,
T.-Y. 2021. FastSpeech 2: Fast and High-Quality End-to-
End Text to Speech. In International Conference on Learn-
ing Representations (ICLR).

Ren, Y.; Ruan, Y.; Tan, X.; Qin, T.; Zhao, S.; Zhao, Z.; and
Liu, T.-Y. 2019. Fastspeech: Fast, robust and controllable
text to speech. Advances in neural information processing
systems, 32.

Somayazulu, A.; Chen, C.; and Grauman, K. 2024. Self-
supervised visual acoustic matching. Advances in Neural
Information Processing Systems, 36.

Swetha, S.; Yang, J.; Neiman, T.; Rizve, M. N.; Tran, S.;
Yao, B.; Chilimbi, T.; and Shah, M. 2024. X-Former: Uni-
fying Contrastive and Reconstruction Learning for MLLMs.
In European Conference on Computer Vision (ECCV).

Tan, D.; Zhang, G.; and Lee, T. 2022. Environment Aware
Text-to-Speech Synthesis. In Proc. Interspeech 2022, 481—
485.

Team, G.; Georgiev, P.; Lei, V. L.; Burnell, R.; Bai, L.;
Gulati, A.; Tanzer, G.; Vincent, D.; Pan, Z.; Wang, S.;
et al. 2024. Gemini 1.5: Unlocking multimodal understand-
ing across millions of tokens of context. arXiv preprint
arXiv:2403.05530.

Wang, Z.; Song, S.; Luo, C.; Deng, S.; Xie, W.; and Shen, L.
2024. Multi-scale Dynamic and Hierarchical Relationship
Modeling for Facial Action Units Recognition. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 1270-1280.

Xu, D.; Li, Z.; Feng, H.; Wu, F.; and Wang, Y. 2024. Multi-
Scale Feature Fusion Network with Symmetric Attention for
Land Cover Classification Using SAR and Optical Images.
Remote Sensing, 16(6).

Zhang, T.; Li, X.; Fei, H.; Yuan, H.; Wu, S.; Ji, S.; Loy, C. C.;
and YAN, S. 2024. OMG-LLaVA: Bridging Image-level,
Object-level, Pixel-level Reasoning and Understanding. In
The Thirty-eighth Annual Conference on Neural Information
Processing Systems.

24640

Zhu, L.; Wei, F.; and Lu, Y. 2024. Beyond text: Frozen large
language models in visual signal comprehension. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 27047-27057.



