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Figure 1: On the left, our EchoMask generates expressive, semantically aligned whole-body co-speech motions from speech input. On the
right, our method outperforms previous approaches by leveraging speech-queried attention mask modeling and motion-audio embedding,

surpassing both random and loss-based strategies.

Abstract

Masked modeling framework has shown promise in co-speech mo-
tion generation. However, it struggles to identify semantically sig-
nificant frames for effective motion masking. In this work, we pro-
pose a speech-queried attention-based mask modeling framework
for co-speech motion generation. Our key insight is to leverage
motion-aligned speech features to guide the masked motion model-
ing process, selectively masking rhythm-related and semantically
expressive motion frames. Specifically, we first propose a motion-
audio alignment module (MAM) to construct a latent motion-audio
joint space. In this space, both low-level and high-level speech
features are projected, enabling motion-aligned speech represen-
tation using learnable speech queries. Then, a speech-queried at-
tention mechanism (SQA) is introduced to compute frame-level
attention scores through interactions between motion keys and
speech queries, guiding selective masking toward motion frames
with high attention scores. Finally, the motion-aligned speech fea-
tures are also injected into the generation network to facilitate
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1 Introduction

Holistic co-speech motion generation, integrating non-verbal cues
such as body poses [13, 18], hand gestures [30, 38], and facial ex-
pressions [14, 53] aligned with speech, is an increasingly prominent
field in computer vision.

Generating detailed and expressive whole-body motions remains
a computationally intensive and technically challenging problem.
Masked motion modeling (MMM) [19, 42, 43] has recently gained
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attention as a promising framework to address these challenges
[26, 35, 39]. MMM begins by discretizing continuous motion se-
quences into compact motion tokens via vector quantization (VQ)
[46], enabling efficient learning in a discrete latent space. During
training, a subset of motion frames or tokens is masked, and the
model is tasked with reconstructing the missing elements from the
remaining context. A critical factor in the success of MMM lies
in the masking strategy—specifically, which frames or tokens are
selected for masking. Evidence from masked image modeling (MIM)
[6, 21, 52] shows that mask patterns significantly affect model per-
formance by shaping the focus of the learning process [27, 48, 51].
However, current masking approaches in MMM often rely on ran-
dom or loss-based guided strategies, which struggle to consistently
identify semantically important motion segments. This limitation
hampers the model’s ability to generate expressive, temporally
aligned motions.

By delving deeper into the underlying limitations, we identify
the core bottleneck in advancing semantically grounded masked
motion modeling: the effectiveness of semantically rich motion
frames mask selection strategies. Existing methods [19, 26, 35, 39]
predominantly adopt random or loss-based masking strategies. Ran-
dom masking often fails to target semantically meaningful regions
due to the sparse distribution of semantic content in motion se-
quences. Loss-based masking, which prioritizes frames with high
reconstruction error, assumes these are semantically rich. How-
ever, this assumption does not always hold—high reconstruction
loss may simply reflect abrupt yet uninformative transitions. For
instance, a sharp change in hand position might signal the end
of a sentence rather than a meaningful gesture. As a result, such
strategies struggle to accurately identify semantically significant
frames, ultimately limiting the quality of speech-conditioned mo-
tion generation. Moreover, prior methods mask at the token level
using discrete code indices, which lose fine-grained motion details
and hinder accurate detection of frames critical for motion intent
and speech alignment.

Based on this observation, we raise a central question: Can
speech be used as a query to identify semantically important motion
frames worth focusing on during masked modeling? To explore this,
we propose a new masked motion modeling framework, EchoMask,
for co-speech motion generation. Our core motivation is to leverage
speech not only as a conditioning signal but also as an informative
query that aligns with latent motion representations to pinpoint
motion frames with high semantic relevance.

In EchoMask, we introduce a speech-queried, attention-based
masked motion modeling framework that leverages motion-aligned
speech features to guide the masked motion modeling process,
selectively masking semantically rich motion frames. To this end,
we propose two key innovations: a hierarchical joint embedding
module for motion-audio alignment (MAM) and a speech-queried
attention mechanism (SQA) for keyframe selection.

Specifically, MAM is a hierarchical cross-modal alignment mod-
ule, designed to project paired latent motion and audio inputs into
a shared latent space to effectively align the heterogeneous mo-
tion and audio modalities. Inspired by CLIP-style dual-tower archi-
tectures and [32, 34], MAM utilizes both low-level and high-level
HuBERT features, interacting with learnable speech queries via self-
attention and cross-attention to generate motion-aligned speech
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Figure 2: Comparison of masked motion modeling concepts, where
three masking strategies are reported: (a) random masking, (b) loss-
based masking, and (c) our proposed speech-queried attention-based
masking. Unlike the previous approaches, our method selectively
highlights motion frames (in red) that are more semantically aligned
with the input speech.

features. The speech queries and latent motion are passed through
a shared transformer network, encouraging modality-invariant fea-
ture extraction. This design not only reduces parameter redundancy
but also promotes more consistent alignment between speech and
motion representations, facilitating improved generation fidelity.

SQA then computes frame-level attention scores by modeling
the interaction between motion keys and motion-aligned speech
features produced by the MAM module. Frames receiving higher
attention scores are identified as semantically informative and are
preferentially masked. This targeted masking strategy encourages
the model to focus on speech-relevant motion patterns during train-
ing, as illustrated in Figure 2. By selectively masking keyframes
based on attention scores, the model is guided to learn meaning-
ful associations between speech and motion. Finally, the motion-
aligned speech features are injected into the generation network,
enhancing the quality and synchronization of the synthesized co-
speech motion.

We comprehensively evaluate EchoMask on public co-speech
motion generation benchmarks. Our qualitative and quantitative
results demonstrate that EchoMask significantly outperforms exist-
ing methods in terms of semantic alignment, motion realism, and
generation diversity.

Our contributions are summarized below:

e We propose EchoMask for co-speech motion generation,
a novel masked motion modeling framework that utilizes
motion-aligned speech features to mask semantically impor-
tant motion frames.

e We introduce MAM, a hierarchical cross-modal alignment
module that embeds motion and audio into a shared latent
space, producing motion-aligned speech features. We also
propose SQA, a speech-queried attention mechanism that
computes frame-level attention scores, enabling selective
identification of semantically important motion frames.

o Extensive experiments demonstrate the superiority of
EchoMask over state-of-the-art methods in terms of semantic
alignment, motion quality, and generation diversity.
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2 Related Work

Holistic Co-speech Motion Generation Holistic co-speech mo-
tion generation involves producing coordinated movements of the
face, hands, and torso from speech input. Most existing methods
focus on isolated parts rather than generating fully integrated body
motion. Early rule-based methods [8, 25, 28, 29] mapped speech to
gestures using linguistic rules but required extensive manual effort.
Recent data-driven approaches use deep generative models—such
as GANs [1, 20, 41, 49], VQ-VAEs [3, 37, 44], normalizing flows
[45, 55], and diffusion models [2, 11, 22, 54, 60]—to learn complex
motion distributions from data.

Habibie et al. [20] introduced a CNN-based model that outputs
3D face, hand, and body motion. Later methods improved realism
and synchronization using discrete latent codes. For instance, Talk-
SHOW [56] synchronizes body and hand gestures with a VQ-VAE.
DiffSHEG [12] enables unidirectional information flow between
face and body through separate encoders.

Masked modeling has further improved efficiency. EMAGE [35]

and SemTalk [59] use random motion masking, while ProbTalk
[39] leverages PQ-VAE [50] to reconstruct masked inputs. However,
these methods rely on random or causal masking, which limits the
model’s ability to focus on semantically important motion frames.
In our work, we propose a speech-queried attention-based mask
modeling that utilizes motion-aligned speech features to identify
semantically important motion frames for co-speech motion gener-
ation.
Masking Strategies in Masked Modeling Masking plays a key
role in masked modeling by influencing what the model learns.
Existing strategies fall into three categories: (i) Random mask-
ing. Used in early models like BERT [15] and extended to vision in
VIiT [16], with refinements in BEiT [6]. Generative models such as
MaskGIT [10] and Muse [9] also apply random masking for repre-
sentation learning. (ii) Loss-based masking. AdaMAE [5] assumes
that semantically meaningful patches are harder to reconstruct and
therefore prioritizes masking regions with high reconstruction loss
to guide the model toward learning informative content. HPM [48]
focuses on increasing task difficulty by selecting patches the model
finds hard to reconstruct, using a masking strategy that progresses
from easy to hard examples. (iii) Attention-based masking. AMT
[40], and AttMask [27] use class tokens to mask semantically rich re-
gions, while MILAN [23] applies CLIP-based knowledge distillation
for high-importance patch selection. While effective, these methods
struggle to flexibly identify semantically important content guided
by external signals. Inspired by [51], we introduce speech-queried
attention masking that computes frame-level attention scores by
evaluating the interaction between motion keys and motion-aligned
speech features to identify significant frames.

3 Method
3.1 Preliminary on Masked Motion Modeling

Masked motion modeling (MMM) draws inspiration from masked
image modeling [5, 9, 10, 48] and aims to learn expressive motion
representations by reconstructing missing portions of a motion
sequence based on visible frames or tokens. Given a motion se-
quence consisting of N frames, we denote it as a set of frame-wise
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Figure 3: An overview of the EchoMask pipeline. Given audio g and
quantized latent motion z,,, MAM Fij0au produces motion-aligned
speech features Q in a shared latent space. The Transformer Teacher
¥’ computes a cross-attention map M between Q and input motion
m, which guides the Soft2Hard module P(-) to mask semantically
important frames. The Transformer Student ¥ then generates mo-
tion codes g, from the masked motion m and Q, and the output
motion 1 is decoded via the RVQ-VAE decoder.

units M = {mi}fi 1» where each m; represents either joint positions,
rotation representations, or quantized latent tokens at frame i.

A masking ratio r € (0, 1) is applied to randomly select a subset
of frames or tokens S C {1,...,N}, such that |S| = |rN]. The
selected elements are masked and replaced with learnable mask
frames or tokens. The remaining unmasked subset S, = {m; : i ¢
S} is passed through an encoder to extract contextual motion fea-
tures. The model is then trained to reconstruct the masked content
using both the encoded visible frames and the learnable mask repre-
sentations. A decoder receives the encoded visible context and the
mask embeddings to generate predictions for the masked frames
or tokens. The training objective is to minimize the reconstruction
error between the predicted and ground-truth motion values for
the masked subset:

C 1)

d
Lyvmm = Z Hmi - m;
ieS

where m;i denotes the reconstructed output of the decoder for
the i-th masked frame or token. Through this process, the model
is encouraged to learn the underlying spatiotemporal structure
and semantic consistency of human motion. MMM thus provides a
powerful pretext task for learning generalizable and context-aware
motion representations.

3.2 Overview

As illustrated in Figure 3, EchoMask consists of two core modules
that work together to enable semantically grounded co-speech mo-
tion generation: (1) a hierarchical motion-audio alignment module
(MAM) for generating motion-aligned speech features, and (2) a
speech-queried attention mechanism (SQA) for identifying and
masking key motion frames.
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Figure 4: Architecture of EchoMask. (a) MAM projects motion and audio into a shared latent space. Learnable speech queries Q’ are refined
through hierarchical cross-attention with HuBERT features (y;, y;) and jointly processed with quantized latent motion Z,, via a shared
transformer, optimized with contrastive loss. (b) Given m, mask transformer teacher computes a cross-attention map M between latent poses
p and motion-aligned speech features Q, identifying semantically important frames. These frames are masked via a Soft2Hard strategy to
produce 1, which the student transformer uses to generate motion tokens.

Given input audio a and quantized latent motion tokens zp,,
MAM Fmoau first projects paired motion and speech features into
a shared latent space by leveraging both low-level and high-level
HuBERT features. Learnable speech queries interact with these
features via cross-attention and self-attention, resulting in motion-
aligned speech representations Q:

Fmoau * (@ Zm, Q,;emoau) - Q, (2
where Omoau denotes MAM’'s parameters and Q is used to guide
the masking process and motion generation.

To identify semantically important frames, a Transformer Teacher
' (an EMA copy of the Student ) computes a cross-attention
map M between motion input m and speech features Q.

The M is then passed to the Soft2Hard masking module P(-),
which masks the frames with high attention scores to yield the
masked motion sequence r:

m = P(m, M). (3)

The fused representation ¢, obtained from ¥, Q and m, is

then decoded into the final motion 1 using an RVQ-VAE decoder

[7, 19, 58]. To further disentangle motion semantics across the body,

we adopt a part-wise decoder structure following [4, 35], dividing
the body into face, hands, upper body, and lower body segments.

3.3 Motion-Audio Joint Embedding Learning

Prior works [11, 12, 35, 56] condition on static speech features
without addressing the modality gap between audio and motion,
leading to weak alignment and degraded generation quality. We
introduce a Motion-Audio Alignment Module (MAM, Figure 4a),
which maps both modalities into a shared latent space through
two stages: Hierarchical Speech Query Encoding and Latent Space
Alignment.

Hierarchical Speech Query Encoding. MAM first focuses on
refining learnable speech queries through hierarchical feature fu-
sion. We extract both low-level and high-level audio features from
a pretrained HuBERT model [24], denoted as y; and yy,, respectively.
These features provide complementary information—phonetic tim-
ing from shallow layers and semantic context from deeper layers.

Learnable speech queries Q’ are initialized randomly and progres-
sively refined by interacting with these hierarchical speech features
through cross-attention layers. The first cross-attention layer fuses
local acoustic details, while the second contextualizes them using
global semantics. The output Q” serves as the refined set of speech
queries for motion alignment.

Latent Space Alignment. After encoding, the refined speech
queries Q” are aligned with the quantized latent motion sequence
Zm using a shared Transformer T(-). Both streams are passed through
the same transformer layers to ensure feature consistency under
identical inductive biases. This shared backbone allows the queries
and motion tokens to be co-trained and updated via synchronized
gradients. Formally:

0, %m =T(Q), T(2m), )

where Q and %, denote the final embeddings of speech queries and
motion tokens, respectively.

To enforce tight alignment between the modalities, we introduce
a contrastive loss based on InfoNCE at both the frame level and
the global (sentence) level. For a batch of B paired sequences, we
define:

Lolion = — i log exp (sim(§i, Zi) /7)
align = Z]B:I exp (sim(§;, 2;) /1)

©)

where §; and Z; are either the frame-level or pooled sentence-level
embeddings for the i-th pair, sim(-, -) is a similarity function (e.g.,
cosine similarity), and 7 is a temperature hyperparameter. This
contrastive objective ensures that motion and speech embeddings
corresponding to the same input are drawn closer together, while
embeddings from different pairs are pushed apart.

3.4 Speech-queried Attention Mechanism

Although random masking assumes uniform semantic distribution
across motion sequences, this rarely holds—semantic cues are often
concentrated in frames aligned with speech. Loss-based masking
[26] misidentifies semantic content by focusing on high-error or
dense frames. To address this, we propose a Speech-Queried Atten-
tion (SQA) mechanism (Figure 4b), which leverages cross-modal
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attention between speech and motion to identify and mask seman-
tically aligned frames.

Speech-queried Cross-Attention. Given the motion-aligned speech
features Q from the MAM and an input motion sequence m, we
first obtain its latent pose representation p. The body-part cross-
attention module then computes a cross-attention map M using p
as keys and Q as query, processed by a mask transformer teacher.
Since the motion is factorized into four regions—face, hands, upper
body, and lower body—the speech queries are also projected into
a part-aware latent space, enabling alignment between each body
part and the speech. The resulting attention map, defined as M =
2z MpartSs where Mparts € {Miaces Mhands» Muppera Miower}, cap-
tures fine-grained semantic relevance between speech and motion.
This facilitates precise identification of which motion frames and
parts are most aligned with the speech content. To derive a frame-
level importance score s € RT, we aggregate attention scores across
all motion-aligned speech features Q:

T
sj:ZMi’j’ je{l,...,T}, (6)
i=1

where s; represents the semantic significance of the j-th motion
frame with respect to the motion-aligned speech features. Frames
with higher s; values are considered semantically richer and more
relevant to speech dynamics.

To promote alignment with semantically meaningful motion,
we apply soft supervision Lemto the Student’s frame-level atten-
tion scores using binary cross-entropy loss against soft or binary
semantic labels. This auxiliary objective guides the Student to fo-
cus on important frames, and through EMA updates, the Teacher
gradually inherits this behavior, yielding more interpretable and
speech-consistent attention maps for guiding masking.
Soft-to-Hard Masking Strategy. To avoid prematurely masking
high semantic frames, which can hinder effective learning in the
early stages, we employ a sofi-to-hard masking strategy that aligns
with the model’s learning progression. The argsort-based masking,
which deterministically selects the top semantic frames, is treated
as a “hard” masking strategy. In contrast, the “soft” variant samples
frames based on a probability distribution defined by s;, allowing
for stochastic selection.

During training, we gradually shift from soft to hard masking
by adjusting their proportions over epochs. Specifically, at training
epoch t, the soft and hard mask ratios are updated as:

t
aj =ay + T((x} - ),
h_ h_ Lo h_ h
at:ao—f(ao—af), )
af =a—-al —al.

where af, (x?, and af denote the proportions of soft, hard, and

random masks at epoch ¢, and a(s), al., 0((})1, aé’. are predefined initial

and final values. « is mask ratio.

3.5 Inference

As shown in Figure 5, EchoMask generates co-speech motion using
speech input alone. Unlike prior methods that directly use features
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Figure 5: Pipeline of Inference. EchoMask takes speech as the sole
input and employs hierarchical HuBERT features to guide a mask
transformer, initialized with four seed pose frames. The model pre-
dicts motion tokens with the guidance of motion-aligned speech
features Q that are subsequently decoded by the RVQ-VAE decoder
to generate whole-body motion.

from a pretrained audio encoder as static conditions, we lever-
age motion-aligned speech representations to guide generation.
Specifically, hierarchical speech features are first extracted from a
pretrained HuBERT encoder &y, then fused with learnable speech
queries via cross-attention in the MAM. This results in refined,
motion-aligned speech features Q, which capture both low-level
prosody and high-level semantic intent aligned with the motion.

Using only four seed motion frames and the aligned speech
features Q, we initialize the masked motion sequence and input it
to the transformer student. The model predicts the full sequence of
motion tokens, which are then decoded by the RVQ-VAE decoder
to generate the final co-speech motion.

4 Experiments

4.1 Experimental Setup

Datasets. For training and evaluation, we use the BEAT2 dataset
[35], which contains 60 hours of high-quality finger motion data
from 25 speakers (12 female, 13 male). The dataset includes 1762
sequences, each averaging 65.66 seconds, where speakers respond to
daily inquiries. We divide the dataset into training (85%), validation
(7.5%), and test (7.5%) sets. To ensure a fair comparison, we follow
[35] and use data from Speaker 2 for training and validation.
Implementation Details. Our model is trained on a single NVIDIA
A100 GPU for 200 epochs with a batch size of 64. The RVQ-VAE is
downscaled by 4. The residual quantization has 6 layers, a codebook
size of 256, and a dropout rate of 0.2. The training uses the ADAM
optimizer with a le-4 learning rate. During inference, we use a
four-frame seed pose to initialize each motion clip. For consecutive
clips, the last four frames of the previous segment are overlapped
and reused as the seed for the next, following [35].

Metrics. We assess the quality of generated body gestures using
the FGD metric [57], which evaluates how closely the distribution
of generated gestures aligns with ground truth (GT), providing a
measure of realism. Gesture diversity is quantified using DIV [30],
calculated as the average L1 distance across multiple gesture clips to
capture motion variation. To evaluate speech-motion synchrony, we
employ BC [31], which measures the temporal alignment between
gesture rhythm and audio beats. For facial expression accuracy, we
use two reconstruction metrics: vertex MSE [54] to assess positional



MM °25, October 27-31, 2025, Dublin, Ireland

Ground
Truth

start to ... more drum ...

g,)) never tell ...

EMAGE

Ours

of satisfaction ...

Xiangyue Zhang et al.

shot at ...

(A7)

1

this harassment ... sound of gunfire ...

‘

W

Figure 6: Visual comparison. Red boxes highlight implausible or uncoordinated motions, while green boxes indicate coherent and semantically
appropriate results. Our EchoMask consistently generates co-speech motions that are semantically aligned with ground truth. For instance,
when articulating “never” and “start”, our model positions both hands in a poised gesture near the torso, reflecting a thoughtful and intentional
motion, whereas prior methods such as DiffSHEG and EMAGE either generate imbalanced hand postures or ambiguous limb placements.

[ds " o1 Oy L e il
m m ‘/,\‘ Ground Truth /\ O
&/ &) \&Y C - L Yy &) (&
m /—\DiﬂSHEG
EMAGE

Ours

Figure 7: Facial Comparison.

differences and vertex L1 difference (LVD) [56] to quantify discrep-
ancies between GT and generated facial vertices. Additionally, we
conduct a user study to provide a more comprehensive evaluation.

4.2 Qualitative Results

Qualitative Comparisons. As illustrated in Figure 6, our EchoMask
consistently produces co-speech motions that are both semantically
aligned with the ground truth and physically expressive. In contrast,
baseline methods such as DiffSHEG and EMAGE often generate
gestures that are misaligned with the underlying speech semantics
and visually implausible.

In the case of “drum”, EchoMask captures the rhythmic seman-
tics by swinging one arm outward in a dynamic arc, a detail that
other methods miss—often producing static or downward-pointing
arms. Similarly, for the term “satisfaction”, our method aligns the
gesture with the meaning by raising the right arm close to the
chest in a self-reflective manner, while other baselines lack such
subtlety. Interestingly, when expressing “harassment” and “gunfire”,
EchoMask emphasizes the tension through body posture—one arm

bent with visible muscular contraction and the upper body leaning
slightly forward—accurately conveying urgency or defensive re-
sponse. Competing DiffSHEG and EMAGE display either stiffness
or lack of spatial coordination in these challenging cases.

For the word “shot,” our model conveys the implied action with a
firm, forward-facing hand posture, where both arms adopt assertive
positions—capturing context missed by DiffSHEG and EMAGE,
which often produce low or passive hand gestures. EchoMask con-
sistently preserves hand dominance, articulation range, and delivers
a richer set of motions aligned with the acoustic-semantic cues of
speech.

This qualitative evidence underscores the strength of our speech-
queried attention mask modeling in driving expressive and seman-
tically grounded motion synthesis.

Figure 7 highlights expression errors in baselines, often showing
stiff or mistimed facial motion. Our method produces smoother,
phoneme-aligned transitions, accurately capturing key articulations
like lip closure for [zey] and jaw opening for [d3], demonstrating
the strength of our speech-aligned, part-aware facial synthesis.
Masking Strategy. As illustrated in Figure 8, the random masking
strategy (top row) produces a uniform, indiscriminate pattern, often
masking low-information frames or temporally scattered segments.
The loss-based masking strategy (middle row), which selects frames
with high reconstruction error, similarly exhibits limitations. While
these frames often reflect abrupt pose transitions or motion discon-
tinuities, they do not reliably correspond to semantically salient
content—{requently capturing transitional noise or speech pauses
rather than meaningful gestures.

In contrast, our speech-queried masking strategy (bottom row)
yields a targeted and speech-synchronized masking pattern. The
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Figure 9: Visualization of the cross-attention map between speech
queries and motion frames. Darker red regions indicate higher atten-
tion scores. Our model attends to semantically rich motion frames
that align closely with key speech tokens such as “work,” “waiting,”
and “s0-0-0-0,” demonstrating effective cross-modal alignment.

masked frames are concentrated around semantically rich regions,
closely aligned with gesture peaks that convey the intent of the
spoken words—for example, the emphatic upward motion for “first”
and the fluid, relaxed hand movement for “relaxing.” By explicitly
grounding the masking in cross-modal attention, our approach
ensures the model learns to reconstruct motion segments that are
both contextually and semantically significant.

Cross-Attn Map. As shown in Figure 9, our model assigns high
attention scores to semantically expressive regions, such as “work,”
“waiting,” and the elongated syllables in “so-0-0-0,” demonstrating
its ability to capture both word-level semantics and prosodic empha-
sis. Unlike previous approaches with diffuse or noisy attention, our
speech-queried mechanism produces focused and interpretable pat-
terns. The attention selectively highlights gesture-relevant frames
while de-emphasizing idle motions, enabling more effective mask-
ing and improving alignment between speech and motion.

The Effectiveness of MAM. Figure 10 illustrates the progressive
refinement of speech features through our MAM module. Each point
represents a frame-level feature. Initially (top-left), the learnable
speech queries (red circles) are scattered and poorly aligned with
motion tokens (blue triangles) and audio features (peach squares),

Learnable speech-queries
Quantized latent motion
Audio HuBERT feature |

(a) Initial distribution
Learnable speech-queries
Quantized latent motion
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(b) Low-level alignment
Motion-aligned speech feature
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(c) High-level alignment (d) Final distribution

Figure 10: t-SNE [47] visualization of the shared latent space. After
MAM, motion-aligned speech features (red circles), quantized latent
motion tokens (blue triangles), and HuBERT audio features (peach
squares) form well-aligned and semantically coherent clusters, illus-
trating effective modality fusion and cross-modal alignment.
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Figure 11: Results of the user study.

indicating weak semantic grounding. After incorporating low-level
hierarchical (top-right) and low-level y(bottom-left) HuBERT fea-
tures y;, the distribution becomes more structured. In the final
stage (bottom-right), the motion-aligned speech features form com-
pact clusters that are well integrated between audio and motion,
demonstrating successful alignment in the shared latent space. This
alignment improves attention computation and supports seman-
tically coherent and expressive motion generation, validating the
effectiveness of each MAM component.

User Study. To assess perceptual quality, we conducted a user
study involving 28 participants with varied backgrounds, who eval-
uated 10 videos across multiple methods. The evaluation focused on
four aspects: realism, alignment with speech semantics, temporal
synchrony between motion and speech, and diversity of motion.
As illustrated in 11, our method was consistently rated highest.

4.3 Quantitative Results

Comparison with Baselines. Table 2 presents a comprehensive
quantitative comparison between EchoMask and a wide range of
state-of-the-art methods across facial, non-facial, and holistic mo-
tion generation tasks. Our method consistently achieves the best
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Method FGD| BC? DIVl MSE| LVD]
Facial Generation

FaceFormer [17] - - - 7.787  7.593
CodeTalker [53] - - - 8.026  7.766
Non-facial Gesture Generation

DisCo [33] 9.680 6.441 9.892 - -
HA2G [38] 12.14 6.711 8.916 - -
CaMN [36] 6.644 6.769 10.86 - -
LivelySpeaker [20]  11.80  6.659 11.28 - -
DSG [54] 8811 7.241 11.49 - -

Holistic Motion Generation

Habibie et al. [20] 9.040 7.716 8213 8.614 8.043

TalkSHOW [56] 6.209 6947 13.47 7791 7.771
EMAGE ([35] 5512 7.724 13.06 7.680  7.556
DiffSHEG [12] 8.986 7.142 1191 7.665 8.673

EchoMask (Ours) 4.623 7.738 1337 6.761 7.290

Table 1: Quantitative comparison with SOTA. Lower values indicate
better performance for FMD, FGD, MSE, and LVD, while higher val-
ues are better for BC and DIV. For clarity, we report FGD x10~!, BC
%1071, MSE x1078, and LVD x107°. Best results are shown in bold.

performance across almost all metrics. In holistic motion gener-
ation, EchoMask outperforms all baselines with the lowest FGD,
MSE, and LVD, indicating superior realism, motion accuracy, and
temporal smoothness. It also achieves the highest BC, reflecting
better rhythm alignment with speech. While TalkSHOW attains
the highest DIV, EchoMask remains highly competitive, suggesting
it captures a broad range of expressive motions without sacrific-
ing structure or semantic fidelity. In facial generation, EchoMask
surpasses strong baselines such as FaceFormer and CodeTalker
with significant reductions in MSE and LVD, demonstrating more
accurate and emotionally coherent facial articulation.

Ablation Study on Components. As Table 2 shows, replacing the
VQ-VAE with the residual variant (RVQ-VAE) results in consistent
improvements across metrics. Incorporating our speech-queried
attention mask modeling (SQA) leads to further gains. While ran-
dom and loss-based masking offer moderate improvements, the
attention-based approach achieves the lowest FGD and highest
motion diversity, highlighting its ability to identify semantically in-
formative frames aligned with the speech content. We also examine
the impact of the MAM design. Using either low-level or high-level
HuBERT features in isolation yields competitive results; however,
fusing both levels significantly enhances motion diversity and beat
consistency. Moreover, excluding the alignment loss L,)ig,, causes
a clear degradation in both FGD and DIV, underscoring its role in
maintaining cross-modal consistency. The complete MAM configu-
ration delivers the most balanced performance across all metrics.
Finally, the full EchoMask model outperforms all ablated variants,
validating the effectiveness of the proposed SQA and MAM.
Soft-to-hard Masking Strategy. Figure 12 reports an ablation
study examining the impact of various soft-to-hard masking sched-
ules on generation quality, evaluated by FGD. The results indicate
that a balanced configuration (¢ = 0.5) with a smooth transition
from soft to hard masking ((xé’ =0, aéﬂ =0.3; 0{3 =0.3, aST = 0) yields

Xiangyue Zhang et al.

Method FGD| BC] DIV] MSE| LVD|
EchoMask(VQ-VAE) 6.664 7464 1086  7.225  7.693
+ RVQ-VAE 6.106 7.654 11.68 7.014 7.484

+ Speech-queried Attention Mechanism

SQA (random mask) 5.889  7.613 1226  7.122 7473
SQA (loss-based mask) 5.745  7.607 12,66  7.056 = 7.454
SQA (ours) 5.455 7.615 12.83 6.976 7.364

+ Hierarchical Motion-audio Alignment

MAM (low-level feature) 5.679  7.647 13.15  7.153 7.478
MAM (high-level feature) 5.442 7.692 13.02 6.903 7.359
MAM (low&high-level feature)  5.420  7.684 1321  6.977 7.346
MAM (Latign) 5887 7.571 1278 6988  7.393
MAM (ours) 5.029 7.690 13.32 6.827 7.310
EchoMask (Ours) 4.623 7.738 13.37 6.761 7.290

Table 2: Ablation study evaluating the effectiveness of each compo-
nent within the EchoMask.
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Figure 12: Ablation study on the soft-to-hard masking strategy. We
analyze the impact of varying the masking ratios: a(?, “él—ﬁ for hard
masks, and oj, aj._,, for soft masks.

the best performance. This highlights the advantage of starting with
probabilistic frame sampling, which encourages broader motion
exploration, and progressively shifting to deterministic selection
based on attention, allowing the model to focus on semantically
salient frames as training advances.

5 Conclusion

In this work, we propose EchoMask, a new masked motion model-
ing framework for holistic co-speech motion generation. EchoMask
identifies semantically expressive co-speech motions using motion-
aligned speech features, facilitating effective mask modeling in
training. We introduce two key components in EchoMask: a motion-
audio alignment module and a speech-queried attention mechanism.
The former is a hierarchical cross-modal alignment module that em-
beds motion and audio into a unified latent space through shared at-
tention and contrastive learning. The latter utilizes motion-aligned
speech queries to dynamically identify and mask semantically rich
motion frames, improving the model’s ability to learn meaningful
speech-conditioned motion patterns. Through extensive experi-
ments, EchoMask demonstrates state-of-the-art performance in
facial, gestural, and whole-body motion generation. The qualitative
results further show its capacity to generate temporally coherent,
diverse, and speech-synchronized motions.
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