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ABSTRACT Trimodal motion understanding systems that integrate motion, video, and text face a fund-
amental challenge: existing approaches typically excel at either generation or retrieval, but rarely both.
This trade-off arises from conflicting optimization objectives—generation requires modality-independent
representations to preserve diversity, whereas retrieval benefits from tightly aligned cross-modal embeddings
for accurate matching. To address this challenge, we introduce a TRImodAl representation Disentanglement
framework (TRIAD) that decomposes trimodal embeddings into task-specific components: a generative
subspace for generation and a discriminative subspace for retrieval. A shallow dual-router Mixture-of-
Experts architecture enables independent optimization pathways for stable task-specific disentanglement.
Our results demonstrate that explicit task-specific decomposition allows a single unified model to perform
both generation and retrieval. TRIAD provides empirical analysis on jointly supporting generation and
retrieval within a single trimodal framework.

INDEX TERMS Cross-modal retrieval, human motion generation, mixture of experts, multimodal learning,

representation disentanglement, trimodal learning.

I. INTRODUCTION

Human motion understanding has become essential for char-
acter animation, video game development, and robotics [1],
[2], [3]. Recent advances in generative models [4], [S], [6]
have significantly improved motion synthesis capabilities,
enabling more realistic and controllable motion generation.
Motion can be understood through multiple modalities:
natural language descriptions that capture semantic intent,
video sequences that provide visual context, and motion
data itself. Dual-modality approaches have shown success
in text-to-motion generation [7], [8] and video-based motion
analysis [9], [10]. However, text descriptions alone cannot
fully convey spatial nuances such as movement style or
speed variations, while video references provide rich visual
context but lack explicit semantic abstraction. Integrating all
three modalities—text, video, and motion—within a unified

The associate editor coordinating the review of this manuscript and

approving it for publication was Mehul S. Raval

framework enables complementary supervision: text provides
high-level semantic guidance, video supplies fine-grained
visual cues, and their combination offers richer training
signals for motion representation learning. Despite these
potential benefits, trimodal learning remains largely unex-
plored in motion understanding.

Current trimodal motion systems face a fundamental
architectural limitation: they excel at either generation or
retrieval, but not both. MotionCLIP [11], as the pioneering
work in trimodal motion understanding, was designed
primarily for generative tasks. Its VAE-based architecture
successfully enables text-to-motion generation and motion
editing by learning a continuous latent space aligned with
CLIP embeddings. However, this generative design inher-
ently struggles with discriminative tasks—when evaluated on
motion retrieval benchmarks, MotionCLIP’s performance is
significantly inferior to specialized retrieval methods.

LAVIMO [12] represents a different approach, focusing
on cross-modal retrieval through contrastive learning with
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FIGURE 1. Dual-capability motion understanding through
disentanglement. TRIAD enables both motion retrieval and generation
from a single text query. Given “a person is kicking something,” the
discriminative branch retrieves semantically similar motions (top,
Rank1-3), while the generative branch synthesizes novel kicking motions
(bottom). This unified framework addresses the fundamental trade-off
between retrieval and generation in existing approaches.

attention-based feature fusion. By fusing features from
different modalities early in the pipeline, LAVIMO achieves
strong performance in text-to-motion and video-to-motion
retrieval tasks. However, this early fusion strategy comes
with a trade-off: the tight coupling of modalities makes it
difficult to use these representations for generation tasks,
where maintaining modality independence is beneficial for
producing diverse outputs.

This fundamental trade-off stems from competing opti-
mization objectives. When a single representation space must
serve both generative modeling (requiring diverse, expressive
features) and discriminative tasks (requiring tightly aligned
cross-modal features), the resulting compromise satisfies
neither requirement optimally. Real-world applications, how-
ever, demand both capabilities—animators need to generate
novel motions and search existing databases efficiently.

To this end, we propose a representational disentan-
glement strategy to address this trade-off (Fig. 1). Our
method decomposes trimodal representations into specialized
components for motion generation (z8"*) and motion discrim-
ination (z%*¢). This disentanglement enables independent
optimization pathways for different downstream tasks while
maintaining semantic coherence across modalities. While
disentanglement has proven successful in other multimodal
domains—particularly in sentiment analysis where studies
decompose text, audio, and visual information—adapting
these principles to spatiotemporal motion data presents
unique challenges due to the temporal dependencies and kine-
matic constraints inherent in human motion. To the best of our
knowledge, this is the first attempt to explicitly decompose
trimodal motion representations into task-specific subspaces
for generation and retrieval. Table 1 summarizes this
contrast: prior trimodal works (MotionCLIP, LAVIMO) sit
on opposite ends of the generation—retrieval trade-off, while
our task-specific disentanglement is the first to overcome it
within a single trimodal framework. We employ a shallow
Mixture of Experts (MoE) architecture [13], [14] with
dual routing shared across modalities to facilitate stable
representation disentanglement.
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To validate our disentanglement approach, we carefully
select evaluation tasks that test discriminative and gen-
erative capabilities independently. For the discriminative
branch, we employ cross-modal retrieval, which has been
established as a fundamental benchmark in vision-language
models such as CoCa [15] and BLIP [16]. Retrieval tasks
effectively evaluate the quality of cross-modal alignment
by measuring how well embeddings from different modal-
ities correspond to each other—a core requirement for
discriminative understanding. For the generative branch,
we employ text-to-motion synthesis, following pioneering
multimodal motion works including MotionCLIP [11] and
TEMOS [7]. While specialized text-to-motion methods such
as T2M-GPT [17] and MoMask [8] demonstrate high-fidelity
generation, trimodal approaches offer distinct advantages
for downstream applications. The learned embedding space
enables semantic compositionality—arithmetic operations on
embeddings naturally support motion editing and style trans-
fer, such as combining “running” motion with “boxing” text
to generate boxing-running animations, as demonstrated in
MotionCLIP [11].

Our contributions are three-fold:

o We introduce the first application of representation
disentanglement to motion understanding, enabling
simultaneous optimization for both generative and
discriminative tasks.

o We demonstrate that disentangled discriminative repre-
sentations (z45¢) achieve effective cross-modal motion
retrieval, improving upon generative baselines without
requiring a separate retrieval model.

« We show that disentangled generative representa-
tions (z8¢") improve text-to-motion generation quality
over MotionCLIP [11], validating that task-specific
decomposition enhances generation capability.

Il. RELATED WORK

A. TEXT-TO-MOTION GENERATION

Text-driven motion synthesis has progressed from early
RNN-based approaches [18] to transformer architectures
including ACTOR [19] and TEMOS [7]. Recent methods
employ diffusion models (MDM [20], MotionDiffuse [21]),
trimodal embeddings (MotionCLIP [11]), reciprocal mod-
eling (TM2T [22]), and discrete representations (T2M-
GPT [17]). These approaches primarily optimize for gener-
ation quality, focusing on motion realism, diversity, and text
alignment.

B. CROSS-MODAL MOTION UNDERSTANDING

1) MOTION RETRIEVAL

Motion retrieval has gained prominence with the growth of
motion capture databases. Early motion retrieval relied on
low-level similarity measures such as motion graphs [23] and
pose-sequence matching [24], which required handcrafted
representations and lacked semantic querying. TMR [25]
pioneered text-to-motion retrieval by creating cross-modal
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TABLE 1. Conceptual comparison with prior trimodal motion frameworks. TRIAD is the first to support both generation and retrieval through explicit

task-specific disentanglement.

Method Generation  Retrieval Disentangle Architecture
MotionCLIP [11] v (strong) X (weak) X VAE
LAVIMO [12] X v (strong) X Early fusion
TRIAD (Ours) v v (task-specific) Dual-MoE

embedding spaces through contrastive learning, establishing
the foundation for language-based motion search. Recent
advances in video-motion retrieval include MotionSet [26],
which converts video clips to binary silhouette represen-
tations. Motion retrieval remains a standard component in
animation pipelines, still used by many recent studies [27]
as a baseline.

2) TRIMODAL MOTION UNDERSTANDING

MotionCLIP [11] represents the pioneering work in trimodal
motion understanding, aligning motion representations with
CLIP’s text and image embeddings. This approach enabled
remarkable capabilities including motion generation, seman-
tic interpolation, and motion editing through natural lan-
guage. However, MotionCLIP’s architecture, while effective
for generative tasks, inherently struggles with discriminative
applications such as motion retrieval.

LAVIMO [12] addressed these retrieval limitations by
designing attention-based fusion mechanisms specifically for
cross-modal retrieval. Through specialized video encoders
and contrastive learning, LAVIMO achieved state-of-the-art
performance in text-to-motion and video-to-motion retrieval.
However, its early fusion strategy that tightly couples
modalities during training may be suboptimal for generation
tasks, where maintaining modality independence is beneficial
for producing diverse outputs. This reflects a natural trade-off
in trimodal motion understanding, where architectures are
typically specialized for either generation or retrieval tasks.
Practical systems, however, benefit from supporting both
capabilities within a unified architecture.

More recently, MotionBind [28] proposed a multi-modal
alignment framework for motion understanding that supports
retrieval, recognition, and generation through a shared
representation space. While MotionBind demonstrates strong
multi-task capabilities, it employs a unified shared repre-
sentation without explicit task-specific decomposition. Our
approach differs by explicitly factorizing representations into
task-specific subspaces (z5¢" and z%¢) through a dedicated
dual-router MoE mechanism, providing a more structured
exploration of the generation-retrieval trade-off.

C. REPRESENTATION DISENTANGLEMENT

Representation disentanglement aims to factorize learned
representations into interpretable components. Early theoret-
ical work on disentanglement in VAEs [29], [30] established
foundational principles. In sentiment analysis, MISA [31]
pioneered binary disentanglement into modality-invariant
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and modality-specific subspaces. TAILOR [32] employed
BERT-like transformers for granularity-descent fusion.
TriDIRA [33] advanced through triple disentanglement
into task-relevant (r*), effective modality-specific (r N u),
and ineffective («*) components. More recent approaches
incorporate language-focused attractors, as in DLF [34],
to stabilize cross-modal factorization. However, applying
these methods to motion understanding introduces unique
challenges from temporal dependencies and kinematic
constraints. Our work adapts these principles to the
trimodal motion domain while addressing these motion-
specific issues.

lll. METHOD
A. OVERVIEW
Our framework addresses the fundamental trade-off between
generation and retrieval in trimodal motion understanding
through representation disentanglement. As illustrated in
Fig. 2, each modality (motion, video, text) is first encoded
into 512-dimensional representations. These representations
are then processed through our MoE-based disentanglement
module, which decomposes them into task-specific compo-
nents: z8" for generation tasks and z%*¢ for retrieval tasks.
The architecture branches into two specialized pathways:
(i) a retrieval branch that employs feature fusion with z#¢
representations of three modalities and utilizes triplet loss
for hard negative mining, and (ii) a generation branch that
maintains modality independence using z8¢" representations
with contrastive loss for cross-modal alignment.

B. MODALITY-SPECIFIC ENCODERS
AND MOTION DECODER
Each of the three modalities captures a complementary aspect
of human motion: text supplies high-level semantic intent
(what the person is doing), video supplies fine-grained visual
context such as gait or stylistic nuance that text cannot
easily express, and motion data itself provides the ground-
truth kinematics. Because these modalities live in funda-
mentally different signal spaces—tokens, pixels, and joint
rotations—a single network cannot consume them directly.
We therefore introduce one dedicated encoder per modality
(Eyi, Ete, Enno, defined in Egs. (1), (5), and (6)), each pro-
jecting its input into a common 512-dimensional embedding
space, plus a motion decoder D,,, (Eq. (7)) that inverts the
motion latent back to executable trajectories so that the same
shared space can support both retrieval and generation.
Video Encoder. The video modality grounds motion in
observable visual evidence, such as gait, posture, and stylistic
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FIGURE 2. Overview of our trimodal disentanglement framework. Three modalities (video, motion, text) are encoded into 512-dimensional
embeddings. Video and text encoders are frozen to preserve T2L's pretrained capabilities. Our modality-shared dual-router MoE module
decomposes embeddings into task-specific representations: z9/S¢ for discriminative tasks and z9€" for generative tasks. The discriminative branch
fuses features via attention mechanisms and optimizes L etrjeval = Lce + Mriplet Ltriplet for cross-modal retrieval. The generative branch
maintains modality independence, reconstructing motions through the decoder while optimizing £ generation = Lalign + *recon Lrecon for

text-to-motion generation.

execution that a sentence alone cannot fully convey (e.g., the
difference between “walking” and ‘““walking with a limp’).
To exploit this evidence we introduce a temporally-aware
video encoder, denoted E,;, that consumes a frame sequence
and emits a single 512-dimensional embedding aligned with
the text and motion encoders. Concretely, E,; aggregates
8 frames sampled uniformly across the video into one such
embedding. This sampling strategy balances computational
efficiency with temporal coverage, following standard prac-
tices in action recognition [35], [36], [37] where 8-16 frames
are commonly used. Given frame sequences of a video
V = 1[h,..., 1] where I; € RAXWx3 is an RGB image
frame and /,; is the number of video frames, the video encoder
produces:

evi = Eyi(V) € R312 4))

Following MotionCLIP [11], we use the CLIP [38] ViT-B/16
model as the per-frame visual backbone of E,;. To obtain
a multi-frame embedding rather than MotionCLIP’s single-
frame one, we adopt the temporal extension proposed by
T2L [39]. T2L is an action-recognition model; its temporal
transformer, pretrained on UCF-101 [40], aggregates eight
uniformly sampled frames over the CLIP backbone into
a single embedding. In short, the per-frame backbone
is the standard CLIP ViT-B/16, while the multi-frame
aggregation module is borrowed from T2L; this design
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preserves CLIP’s strong vision-language alignment while
recovering the kinematic dynamics that MotionCLIP’s
single-frame encoding fails to capture. Each frame I; is
first resized so that its shorter side is 256 pixels (pre-
serving aspect ratio) and then center-cropped to 224 x 224
to match the ViT-B/16 input resolution, then normalized
with the CLIP-standard mean [0.4815, 0.4578, 0.4082] and
standard deviation [0.2686, 0.2613, 0.2758]. For videos with
l,; > 8 frames, we use centered uniform sampling:
Li/8—1

ffset = —— 2
offse 3 )

-
index; = {’ - +offsetJ forie{0,1,....7) (3)

For short sequences where [,; < 8, we apply repeat padding:

-
index; = Ll SV’J forie {0,1,...,7) o

where index; denotes the frame index selected from the
original video sequence. This ensures consistent 8-frame
input regardless of video length. The video encoder remains
frozen during training to preserve pretrained representations.
We apply no augmentation to the video frames themselves,
as it would be redundant on both fronts: (i) E,; is frozen
and thus cannot be trained to be invariant to such per-
turbations, and (ii) visual diversity is already covered by
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our rendering-time randomization of clothing textures, floor
textures, and backgrounds. Full rendering details, including
the texture and background randomization, are given in the
“Synthetic RGB Videos™ paragraph of Section IV.

Text Encoder. Natural language is the most accessible
interface for users to specify or query motions, but as a
symbolic signal a sentence cannot be directly compared
with continuous video or motion features. Likewise, the
role of the text encoder is to project a sentence into
the same 512-dimensional space as the video and motion
encoders. We instantiate this with E;,, the CLIP-based text
encoder shipped with T2L [39], which inherits CLIP’s vision-
aligned language space [38]. Given a text description
T = [W;, Wa, ..., W, ] where each W; is a sub-word token
produced by CLIP’s byte-pair-encoding (BPE) tokenizer, the
encoder processes the input through transformer layers to
produce a text embedding:

ere = Eo(T) € R1 Q)

The resulting sequence length [, is capped at 77 (CLIP’s
standard context window): longer descriptions are truncated
and shorter ones are padded with the special end-of-text
token. Like the video encoder E,;, our text encoder E;, is
kept frozen throughout training to preserve CLIP’s pretrained
vision-language alignment.

Motion Encoder and Decoder. To represent human mot-
ion, we adopt the SMPL parametric body model [41], [42],
the de facto standard in 3D motion synthesis, in which
a posed body is parameterized by a compact set of joint
rotations. A motion sequence is then a variable-length
stream of such per-frame pose vectors, written compactly
as P € RT*150 The 150 dimensions of each per-frame pose
vector correspond to 6D rotations [43] for 24 body joints
plus one root joint with translation (padded to 25 x 6). This
raw representation cannot be directly compared with the
fixed-size 512-dimensional text and video embeddings e,
and e,; produced by our text and video encoders: P is a
sequence whose length T differs from one motion to another,
while e;, and e,; are single 512-dimensional vectors of a
fixed size. We therefore introduce two motion-side modules:
a motion encoder E,, that compresses an arbitrary-length
raw SMPL pose sequence into a single 512-dimensional
embedding of the same dimensionality as e,; and e, and
a motion decoder D,,, that maps a generative latent back
to executable SMPL pose trajectories. D,,, is what makes
generation possible by inverting the shared latent back into
joint rotations. Following MotionCLIP [11], we employ a
Transformer-based VAE architecture [19] for motion repre-
sentation learning. The motion encoder E,,, learns continu-
ous latent representations of human motion sequences. . The
encoder consists of an 8-layer Transformer with 4 attention
heads, hidden dimension of 512, and feed-forward dimension
of 1024. The encoder maps P into a 512-dimensional
latent vector:

emo = Emo(P) € R°1? (©6)
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FIGURE 3. Architecture of a single router system in our dual-router MoE.
The router computes softmax weights over three experts, which
independently process input embedding e, and combine via weighted
sum to produce zf,‘,'s" where task e {gen, disc}.

This latent captures spatial joint dependencies and temporal
dynamics. The motion decoder D,,, reconstructs the motion
sequence from the latent representation:

IA) = Duo(emo) € RTXlSO @)

The decoder mirrors the encoder architecture (8)-layer
Transformer decoder, 4 heads, hidden dimension 512) and
reconstructs SMPL parameters P e RIS from the
motion embedding. While the decoder is trained only with
motion embeddings (e, ), it is designed to operate in a shared
embedding space where motion, text (e;.), and video (e,;)
embeddings are mutually compatible at inference time.

C. MOE-BASED DISENTANGLEMENT MODULE

Recall that the goal of disentanglement in our framework
is to let one shared embedding space serve two conflicting
objectives within a single model: retrieval and generation.
Representation disentanglement has proven effective in
multimodal sentiment analysis [33], [34], decomposing rep-
resentations into task-specific components. However, when
adapting such approaches to motion understanding directly,
we observed that deep shared transformer architectures
employed in [33] are prone to representation collapse [44],
where embeddings converge to similar values regardless
of input.

To address this issue, we employ a dual-router Mixture
of Experts (MoE) architecture [13], [14] that maintains
stable disentanglement without collapse. Our MoE module
consists of two independent routers (for generation and
retrieval tasks) and two groups of shallow expert networks
that are shared across modalities. The architecture of a
single router system is illustrated in Fig. 3. Each router
is a linear layer mapping embeddings to expert weights:
Router,, : R12 — R3.

Given an input embedding e,, € R>'? from modality
m € {mo (motion), vi (video), te (text)}, each router com-
putes routing weights over its expert set, where task €
{gen, disc}:

wh . = softmax(Routerzqg (e)). (8)

The router maps each input embedding e, to a soft
distribution over the three experts; using a separate router
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per task (task € {gen, disc}) yields two distinct expert-weight
patterns from the same input.

Each expert Expertgss)k is a 2-layer MLP with ReLU
activation and layer normalization, where k € {1, 2, 3}. The

routers independently select and combine experts:
3
L(k k
=D Wi - Experty) (en). ©
k=1

Combining the experts with these task-specific weights yields

two distinct subspaces, 2 and z;‘ﬁsc, that can be optimized

independently without competing for the same parameters.
To prevent over-transformation, we apply residual connec-

tions with learnable weight o:

task
m

2P — aey, + (1 — oc)szk. (10)

The learnable residual lets the module fall back to identity
when o — 1, providing a stable starting point for training.

The output is L2-normalized. The total MoE module
contains 6 experts (3 per branch) with approximately 3.16M
parameters. The residual weight « is initialized to 0.8 and
learned during training. This shallow architecture with dual
routing prevents representation collapse while enabling stable
task-specific optimization.

D. DISCRIMINATIVE TASK BRANCH (MOTION RETRIEVAL)
Attention-based Feature Fusion. The retrieval branch pro-
cesses z%5¢ representations through attention-based fusion,
following the previous work in motion retrieval [12].

We compute three attention components:

frelf = SelfAttn(zise, zdise discy (11)
fiext = CrossAttn(zdise zdisc pdiscy (12)
Fuideo = CrossAttn(z2isc, zdise pdiscy (13)

where mo, te, vi denote motion, text, and video modalities.
Intuitively, fielr retains the motion’s own intrinsic informa-
tion; fiext injects text-derived semantic context into the motion
query; and fyigeo injects video-derived visual context into the
motion query. The final fused representation combines these
with modality weights:

)\mofself + )hteftext + )\vif video
”)\mofself + )\teftext + )wifvideo ||2 )

The A weights determine how much motion-self, text-
derived, and video-derived information enter the fused
representation; L2-normalization then yields a unit vector
suitable for cosine-similarity comparison in the InfoNCE
loss of Eq. (15).

To prevent over-reliance on auxiliary modalities (i.e., text
and video) during inference, we employ curriculum learn-
ing [45] that gradually shifts from multi-modal fusion
Amo = Ae = XAy = 1.0) to motion-dominant fusion
by linearly decaying Az and A,; to 0.0 (further details in
Section IV-B).

ffused = (14)
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Optimization with Hard Negative Mining. The fused
representations are optimized using InfoNCE-based con-
trastive loss [46]:

exp(cos(fusedi» 20 )/T)

1
Leem=—== ( og —
o 2B ; Zj exp(cos(fiused, i, Zi”]c)/f)

exp(cos(z2¢, frused,i)/T) )
> exp(cos(z’f . fiused, )/ )7

where 7 is the temperature parameter and m € {vi, te}.
During training, we jointly optimize both video-motion
and text-motion alignment by computing this loss for both
video and text modalities. Here, B is the training mini-
batch size, set to 20 in our implementation (see Section IV).
Equation (15) is the InfoNCE loss for the discriminative
branch: it pulls each positive cross-modal pair (frused. i zfﬁsl‘ )
together while pushing all B—1 in-batch negatives apart in
both directions (motion— auxiliary and auxiliary— motion).
A larger B exposes each anchor to more negatives, making
7%5¢ better at distinguishing similar samples. We additionally
apply triplet margin loss [47] for hard negative mining:

+ log

15)

Lyiplet = max(0, § + cos(a, n) — cos(a, p)), (16)

where a, p, n denote anchor, positive, and negative samples,
with hard negatives n = argmax;x;cos(a;, p;) selected
within each batch, the margin parameter § is set to 0.2.
Equation (16) complements the soft InfoNCE signal of
Eq. (15) with a hard-margin objective: rather than treating
all negatives equally, it concentrates gradient on the single
batch-hard distractor most likely to be confused with the
anchor. This is particularly important on motion datasets
such as HumanML3D [48], which contain many semantically
similar samples (e.g., variations of “walking forward”),
where soft contrast alone leaves these near-duplicates poorly
separated in the embedding space. The total retrieval
loss is:

Eretrieval = ﬁce,te + Lce,vi + )\tripletﬁtriplet, o))

where we set Ayjpier = 0.5. Equation (17) sums two InfoNCE
terms (one per auxiliary modality) with a single triplet
term, weighted by Asipie;=0.5. The choice Asiprer <1 keeps
InfoNCE as the dominant learning signal while letting the
triplet term sharpen decision boundaries for hard negatives.

E. GENERATIVE TASK BRANCH (TEXT-TO-MOTION
GENERATION)
The generation branch processes z8¢" representations without
fusion to preserve modality independence. Fusing features
would create dependency on auxiliary modalities during
inference, preventing standalone generation. Our goal is to
align the three modalities in a shared embedding space while
maintaining their independence.

Contrastive Alignment. Following the same InfoNCE
formulation as Eq. (15), we align 75" representations
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between motion and each auxiliary modality:

gen _gen
. I exp(cos(", 22 /7)
align.m = — 3, Z ( 0g gen _gen
2B = 2, €XP(COS(Z, i+ 2y 1)/ T)
gen _gen
exp(cos(zfm ; zf’;w’i) /T)

en en )
>, exp(cos(y . o)/ T)

where m € {vi, te}. Equation (18) deliberately operates
on the unfused z8" representations rather than on the
attention-fused features used in Eq. (15). This preserves
modality independence: at inference, the generative branch
must condition on text alone (without paired video or
motion), so coupling modalities through fusion at training
time would create a dependency that cannot be satisfied
at deployment, preventing standalone text-to-motion gener-
ation. The total alignment loss is:

+ log

(18)

»Calign = »Calign,vi + »Calign,te (19)

Equation (19) sums the text-motion and video-motion
alignment terms with equal weight, treating both auxiliary
modalities as equally important anchors for z8¢".

Reconstruction. The generative representations are
trained to reconstruct motion sequences:

ﬁgenemtian = ﬁulign + )\reconﬁrecon (20)

where Aecon = 100 for scaling, and Lyecon = Lijs —1—131;,;);5 +

L}(jéE computes reconstruction errors in rotation space,
3D joint positions, and temporal velocities, respectively.
The large weight Asecon=100 in Eq. (20) compensates for
a roughly 100-fold magnitude gap between the two loss
families: the cosine-similarity-based alignment terms in
Eq. (19) take values around 1, while the per-element MSE
on 6D rotations and joint positions sits near 0.01.

F. TOTAL TRAINING OBJECTIVE
The total loss combines both discriminative and generative
objectives:

Lrotal = Aretrieval Lretrieval + Egenerati(m (2D

where Ajerrievar 15 set to 1.5. Equation (21) jointly optimizes
the discriminative and generative branches that share the
same modality encoders and MoE module. The weighting
Aretrieval=1.5 was chosen so that the smaller gradients from
the retrieval loss (Eq. (17)) remain comparable to those of the
reconstruction-dominated generation loss (Eq. (20)).

IV. EXPERIMENTS

A. DATASET AND IMPLEMENTATION DETAILS

Motion Datasets with Text Descriptions. We conduct
experiments on HumanML3D [48], containing 14,616
motion sequences with text descriptions, and KIT-ML [49],
containing 3,911 sequences. Following the standard split,
HumanML3D and KIT-ML dataset are divided into 80%
training, 5% validation, and 15% test sets. All motion
sequences are represented using SMPL [41] pose parameters.
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FIGURE 4. Representative samples of our synthetic video dataset. We
render SMPL motions with diverse clothing textures (SMPLitex [54]) and
randomized backgrounds to increase visual diversity.

For HumanML3D and KIT-ML, we extract SMPL parameters
from SMPLH [42] format of the AMASS [50] dataset
by converting to SMPL format (i.e., 24 body joints). For
HumanAct12 [51], which provides only 3D joint positions,
we fit SMPL parameters using SMPLify following the
joints2smpl implementation [52].

Synthetic RGB Videos. To provide video modality,
we render each motion sequence into human-centric videos
at 384 x 384 resolution using SMPL-Blender-AddOn [53]
at 20 FPS. To increase visual diversity, we randomize floor
textures and background environments. We apply diverse
clothing textures from the SMPLitex dataset [54], ensuring
varied human appearances across sequences. Representative
samples are shown in Fig. 4.

Implementation Details. We employ a two-stage training
procedure. First, we pre-train the motion encoder for
200 epochs to align with frozen T2L [39] video and text
encoders using contrastive learning. Second, we attach our
dual-router MoE module and fine-tune the entire frame-
work for 200 epochs using AdamW [55] optimizer with
learning rate 8 x 107>, weight decay 0.01, and batch
size 20. Additionally, we use pose keypoints extracted from
videos [56], [57] as auxiliary data augmentation during
training but not at inference. All experiments are conducted
on NVIDIA GeForce RTX 4080 Super GPUs. The complete
training procedure takes approximately 48 hours.

Evaluation Metrics. For retrieval, we report Recall at top-
K (R@K, higher is better) and Median Rank (MedR, lower
is better). For generation, we use Fréchet Inception Dis-
tance (FID) [17] measuring distributional distance between
generated and real motion features (lower is better), and
diversity computed as average pairwise Euclidean distance
over 300 sampled pairs [17]. Following the standard evalu-
ation protocol [48], we convert SMPL pose outputs to the
263-dimensional feature representation for FID computation.

From Method to Experiments. Each component of
our framework introduced in Section III is exercised by a
specific experiment in the rest of this section: the InfoNCE
retrieval loss in Eq. (15) and its triplet companion in
Eq. (16) are validated by the cross-modal retrieval results in
Tables 2-5; the generative objective Lgenerarion in Eq. (20) is
validated by the FID/diversity numbers in Table 6; and the
dual-router MoE design defined in Eq. (8)—(10) is validated
by the architectural ablation in Table 7 and the cross-task
validation in Table 8.
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B. QUANTITATIVE RESULTS

We evaluate our method on four cross-modal retrieval tasks
(text-to-motion, motion-to-text, video-to-motion, motion-to-
video) and text-to-motion generation using HumanML3D
and KIT-ML datasets. For retrieval, we report Recall at top-K
(R@K, higher is better) and Median Rank (MedR, lower is
better) under three retrieval protocols [25]: the All protocol
evaluates the full test set without filtering; the Dissimilar
Subset protocol evaluates a refined subset of 100 maximally-
dissimilar pairs (a sanity check on discriminative ability); and
the Small Batches protocol averages results over multiple
random 32-pair batches [48].

Feature Fusion at Inference. As described in Sec-
tion III-D, our discriminative branch employs curriculum
learning during training with auxiliary modality weights
defined as:

1.0 if epoch < 35
h — 35
e =hyi= ] 1.0 % if 35 < epoch < 105
0.0 if epoch > 105

(22)

Early in training, the model relies on all three modalities
(high Az, Ay;) to bootstrap the motion embedding. The cur-
riculum then linearly decays these auxiliary weights to zero
so that, by the end of training, z‘,ffff alone carries the discrim-
inative information—matching the inference setting where
only the query modality is available. At inference, we report
results under three configurations: A;, = X,; = 0 (motion-
only), A = Ay = 0.02 (minimal auxiliary guidance), and
Mie = Ay = 1 (full fusion).

Important note on inference configurations: The
Ate = A = 0 setting represents the standard retrieval
protocol where only the query modality and candidate
modality are available. Configurations with A;, = 1,; > 0
assume access to paired auxiliary modalities at inference
time and are reported as an oracle analysis to study the
upper-bound potential of multi-modal fusion. Results with
Ate = Ayi > 0 are marked with T in the tables and are not
directly comparable to standard retrieval baselines.

Cross-Modal Retrieval Results. Tables 2 and 3 present
comprehensive retrieval results on HumanML3D and KIT-
ML datasets. Across both datasets, we observe consistent
patterns validating our disentanglement approach: First, our
795¢ representations achieve robust cross-modal alignment
even without fusion (A;, = A,; = 0). Compared to Motion-
CLIP’s VAE-based approach, we demonstrate substantially
stronger baseline performance across all retrieval tasks,
validating that task-specific disentanglement (Egs. (8)—(10))
is more effective for cross-modal alignment than asking
a generative architecture (such as MotionCLIP’s VAE) to
also serve retrieval. Second, minimal auxiliary guidance
(re = iy = 0.02, ie., the curriculum-decayed
weights of Eq. (22)) provides substantial gains, narrowing
the gap with specialized retrieval methods like LAV-
IMO across multiple retrieval tasks. Third, full fusion
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FIGURE 5. Text-to-motion generation results. Gallery showing 8 uniformly
sampled frames for diverse action categories. Our disentangled z9¢"
representations generate semantically consistent motions with natural
temporal transitions.

"Running”

"Fencing"

(Ate = Ayi = 1) demonstrates the upper-bound potential of
our feature fusion strategy (Eqs. (11)—(14)). We achieve
strong performance across all retrieval tasks on both datasets,
with particularly impressive results on video-to-motion and
motion-to-video retrieval. The strong generalization from
large (HumanML3D: 14,616 sequences) to small (KIT-ML:
3,911 sequences) datasets confirms the robustness and
scalability of our approach across different dataset scales.

Beyond the All protocol summarized in Tables 2 and 3,
we additionally report results under the Dissimilar Subset
and Small Batches protocols [25] in Tables 4 and 5.

Text-to-Motion Generation Results. Table 6 presents
generation quality comparison on both HumanML3D and
KIT-ML datasets. We compare with MotionCLIP [11], which
represents the baseline for trimodal embedding approaches.
Our disentangled z8°" representations achieve lower FID
across both datasets (HumanML3D: 5.164 vs. 6.74; KIT-ML:
6.15 vs. 6.97), validating that task-specific decomposition
(Egs. (8)—~(10)), optimized under the Lgenerarion Objective of
Eq. (20), preserves generation quality in the trimodal setting.
Notably, our approach demonstrates substantially improved
diversity on both datasets (HumanML3D: 0.936 vs. 0.162;
KIT-ML.: 0.570 vs. 0.062). We note that dedicated generation
methods (e.g., MoMask [8]: 0.045, T2M-GPT [17]: 0.116,
MDM [20]: 0.544 FID on HumanML3D) achieve substan-
tially lower FID, as they are optimized solely for generation
rather than jointly supporting retrieval.

C. QUALITATIVE RESULTS

Text-to-Motion Generation. Fig. 5 shows text-to-motion
generation across diverse action categories. Our model
successfully captures semantic distinctions between different
motion types—combat actions (e.g., boxing, tackwondo,
fencing) exhibit characteristic poses and movement dynamics
distinct from locomotion patterns (e.g., running, climbing).
The generated sequences demonstrate natural temporal
progression, validating that our disentangled z8¢" represen-
tations preserve generation quality. Fig. 6 further presents
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TABLE 2. Cross-modal motion retrieval results on HumanML3D test set (All protocol). R@K (1): Recall at top-K, higher is better. MedR (}): Median rank,
lower is better. Results marked with { assume access to paired auxiliary modalities at inference (oracle analysis).

Relation between Text and Motion
Protocol Methods text to motion (t2m) motion to text (m2t)
R@11T R@3T R@57 R@I101T MedR] R@11T R@3T R@51F R@I10T MedR]
TEMOS [7] 2.12 5.87 8.26 13.52 173 3.86 6.94 9.38 14.00 183.25
MotionCLIP [11] 2.33 8.93 12.77 18.14 103 5.12 8.35 12.46 19.02 91.42
TMR [25] 5.68 14.04 20.34 30.94 28 9.95 17.95 23.56 32.69 28.5
All LAVIMO [12] 6.37 15.60 21.95 33.67 24 9.72 18.73 25.00 36.55 22.5
Yu et al. (4-modal) [58] 9.41 21.95 30.07 43.83 14 10.03 22.75 30.40 43.74 14
Ours (Ae=A,;=0) 2.42 593 8.74 15.33 79 2.67 6.80 10.45 17.59 74
Ours (Ae=A,;=0.02)" 4.74 10.10 14.03 22.40 47 5.13 11.50 16.42 25.05 43
Ours Ae=A;=1)" 14.69 26.57 32.89 42.63 16.5 63.64 82.50 88.89 95.19 1
Relation between Video and Motion
Protocol Methods video to motion (v2m) motion to video (m2v)
R@11T R@3T R@57 R@I101T MedR] R@1T R@3T R@51F R@I10T MedR]
MotionCLIP [11] 4.96 12.48 17.46 26.46 43 3.52 9.74 13.82 22.34 58
MotionSet [26] 8.26 35.83 4891 56.32 16 10.17 37.39 51.25 58.97 13
LAVIMO [12] 21.25 50.51 63.40 77.50 3 25.76 54.71 66.87 79.73 3
All Yu et al. (4-modal) [58] 64.78 88.33 93.56 96.65 1 66.54 88.79 94.48 97.53 1
Ours (Are=A\,;=0) 9.40 20.46 28.33 40.08 19 8.58 20.35 28.15 40.58 18
Ours (A\e=A,;=0.02)" 20.55 38.12 46.65 57.98 7 17.06 37.29 47.65 60.72 6
Ours Ae=A,=1)T 78.35 99.59 99.91 100.0 1 81.71 99.25 99.82 99.95 1

TABLE 3. Cross-modal motion retrieval results on KIT-ML test set (All protocol). Evaluation protocols and configurations follow Table 2. Results marked
with { assume access to paired auxiliary modalities at inference (oracle analysis).

Relation between Text and Motion
Protocol Methods text to motion (t2m) motion to text (m2t)
R@11T R@3T R@57 R@I10T MedR] R@11T R@3T R@51F R@I10T MedR]
TEMOS [7] 7.11 17.59 24.10 35.66 24 11.69 20.12 26.63 36.39 26.5
MotionCLIP [11] 4.87 14.36 20.09 31.57 26 6.55 17.12 25.48 34.97 23
TMR [25] 7.23 20.36 28.31 40.12 17 11.20 20.12 28.07 38.55 18
All LAVIMO [12] 10.16 24.61 34.57 49.80 11 15.43 26.95 34.57 53.32 10
Yu (4-modal) [58] 13.44 34.88 44.14 60.22 7 16.08 36.24 46.87 58.04 6
Ours (Ae=A\,;=0) 433 14.38 20.36 3422 20 8.4 18.58 24.55 36.64 18.5
Ours (Ae=A,;=0.02)" 10.05 24.68 34.22 47.84 11 14.25 26.21 36.39 52.93 9.5
Ours Ae=A;=1)" 40.97 76.46 84.73 93.13 2 72.39 90.84 96.44 99.36 1.5
Relation between Video and Motion
Protocol Methods video to motion (v2m) motion to video (m2v)
R@11T R@3T R@57 R@I10T MedR] R@1T R@3T R@517 R@I10T MedR]
MotionCLIP [11] 3.71 8.79 11.52 17.97 52.5 4.49 9.96 12.11 21.68 51
MotionSet [26] 9.15 35.27 46.18 61.31 13 11.08 35.03 45.29 60.53 13
LAVIMO [12] 18.75 42.58 55.86 73.24 4 23.05 44.14 56.25 72.07 4
All Yu (4-modal) [58] 65.40 89.92 95.64 98.09 1 62.94 91.28 96.46 99.46 1
Ours (Ae=A\,;=0) 9.54 24.94 35.24 48.85 11 8.91 24.94 34.73 49.87 11
Ours (A\e=A,;=0.02)" 27.48 54.71 63.36 76.72 3 24.05 51.53 64.5 79.26 3
Ours Ae=A,=1)T 91.73 100 100 100 1 91.98 100 100 100 1

generation results for more complex text prompts involving
compositional actions and longer descriptions.

Motion Editing. Similar to MotionCLIP [11], our
embedding-based approach enables compositional motion

.. . . i _gen. gem  __ gen
eqclr?ng throue%lh latent arithmetic in z8": 7o/ = Zp.
thanding + zfomponem. Subtracting the neutral standing pose

isolates motion-specific components, enabling meaningful
composition as shown in Fig. 7: walking — waving,
walking — boxing, and running — throwing. Additional
motion editing examples are presented in Fig. 8.

D. ABLATION STUDIES

Model Selection Protocol. We select checkpoints based on
validation set performance after epoch 105, when curriculum
learning for retrieval task (i.e., decay of A, A,;) becomes
meaningful. For generation evaluation, we select the epoch
with the lowest validation FID, following the standard
protocol in motion generation literature [17], [48].
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Effect of MoE Disentanglement. Table 7 demonstrates
the critical role of MoE disentanglement. Without it
(i.e., bypassing the dual-router routing of Eq. (8)—(10) and
directly integrating trimodal encoders), the model suffers
representation collapse (FID 9.85, diversity 0.030). Adding
the MoE disentanglement defined in Eq. (8)-(10) recovers
and improves performance (FID 5.16, diversity 0.936),
demonstrating that MoE disentanglement is critical for stable
trimodal learning.

Loss Function Analysis. Among MoE configurations,
GRAM loss [59] alone achieves FID 7.34. Combining
GRAM with contrastive loss (CE) yields FID 5.96 with higher
diversity (1.150), but CE alone achieves better FID (5.16)
with controlled diversity (0.936). We adopt CE-only training
for our final model.

Cross-Task Validation. Table 8 shows cross-task eval-
uation results. z%¢ achieves substantially better retrieval
performance than z8°" (8.74% vs 3.10% R@5), confirming
task-specific specialization. Conversely, 78" demonstrates
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TABLE 4. Cross-modal motion retrieval results on HumanML3D test set (Dissimilar Subset and Small Batches protocols). Results marked with { assume

access to paired auxiliary modalities at inference (oracle analysis).

Protocol Methods Text to Motion (t2m) Motion to Text (m2t)
R@IT R@3T R@57 R@I0T MedR] | R@IT R@31 R@5T R@I0T MedR]
TEMOS [7] 2000 3700 4700 62.00 6 2400 39.00 4700  62.00 674
MotionCLIP [11] 2100 3700  49.00  65.00 6 21.00 4500  53.00  69.00 5.12
Dissimilar TMR 25 3400 6100  68.00  76.00 2 4700 6500 7100  78.00 2.50
Subaet LAVIMO [12] 5000  79.00 8600  90.00 1 5600  81.00 8600  92.00 1
Ours e =X=0) 2300 4600  60.00  72.00 7 2600  49.00 6300  75.00 7
Ours M\e=\;=0.02)" | 27.00  53.00 7000  82.00 3 3800  59.00 7400  81.00 3
Ours Me=XAyi=1)" 4600 7200  87.00  95.00 2 $1.00  99.00  99.00  100.0 1
TEMOS [7] 3049 6114 7096 8415 233 3996 6179 7240  85.80 233
MotionCLIP [11] 4624 6893 8047 9135 1.88 4476 6522 7783 90.19 2.03
Small TMR [25] 67.16 8681 9143 9536 1.04 6797 8635 9170 9527 1.03
Batehes LAVIMO [12] 6858 8502 8877 9258 1.01 68.64 8552 8876  92.82 1.01
Ours (A=, =0) 5128 7822 8684 9538 48 5222 7800 8678 9547 138
Ours (\e=X,=0.02)' | 6050 8500 9209  97.56 1.12 61.69 8491 9178  97.50 1.08
Ours Ae=X\,;=1)" 7225 8978 9491 9897 1.01 9847  99.88 1000  100.0 1
Video to Motion (v2m) Motion to Video (m2v)
Protocol Methods R@IT R@3T R@5F R@I0T MedR] | R@IT R@3T R@5T R@IOT  MedR]
MotionCLIP [11] 4200 7200 8000  88.00 2 4300 6900 7600  86.00 2
MotionSet [26] 5800  81.00  89.00  97.00 2 59.00 8600  90.00  98.00 2
Dissimilar ~ LAVIMO [12] 7400 9800 1000  100.0 1 7900 1000 1000  100.0 1
Subset Ours (o= =0) 7600 7300 8000  89.00 2 7500 7700 8300  89.00 2
Ours \e=X;=0.02)" | 59.00 8400 9200  95.00 1 61.00 8600 9400  97.00 1
Ours Ae=Xy=1)" 9400 1000 1000  100.0 1 94.00 1000 1000  100.0 1

TABLE 5. Cross-modal motion retrieval results on KIT-ML test set (Dissimilar Subset and Small Batches protocols). Results marked with  assume access

to paired auxiliary modalities at inference (oracle analysis).

Protocol Methods Text to Motion (t2m) Motion to Text (m2t)
R@1T R@3T R@57 R@I0T MedR] | R@1IT R@37 R@57 R@I10T MedR]
TEMOS [7] 24.00 46.00 54.00 70.00 5 33.00 45.00 49.00 64.00 6.50
MotionCLIP [11] 19.00 41.00 50.00 69.00 28.00 43.00 48.00 65.00 7
Dissimilar TMR [25] 26.00 60.00 70.00 83.00 3 34.00 60.00 69.00 82.00 3.50
Subset LAVIMO [12] 30.00 63.00 73.00 84.00 3 48.00 66.00 76.00 82.00 2
Ours (Ae=A\,;=0) 15.00 33.00 46.00 69.00 6 17.00 35.00 51.00 71.00 5.50
Ours (Ae=X,;=0.02)" 21.00 45.00 60.00 82.00 4 25.00 55.00 63.00 81.00 3.50
Ours Ae=X,;i=1)f 49.00 81.00 89.00 95.00 2 80.00 94.00 100.0 100.0 1.50
TEMOS [7] 43.88 67.00 74.00 84.75 2.06 41.88 65.62 75.25 85.75 2.25
MotionCLIP [11] 41.29 69.50 78.83 90.12 1.73 39.55 68.13 77.94 90.85 2.16
Small TMR [25] 49.25 78.25 87.88 95.00 1.50 50.12 76.88 88.88 94.75 1.53
Batches LAVIMO [12] 58.10 86.34 93.08 96.47 1.08 60.23 86.44 93.22 95.87 1.20
Ours (Ae=A\,;=0) 47.12 79.03 89.09 95.56 1.70 50.88 80.59 89.81 96.28 1.50
Ours (A =X,;=0.02)" 59.72 88.03 94.53 97.94 1.13 63.84 89.28 95.03 98.31 1.09
Ours (Ae=X,;i=1)" 92.66 99.66 100.0 100.0 1 97.81 99.97 100.0 100.0 1
Protocol Methods Video to Motion (v2m) Motion to Video (m2v)
R@1T R@37T R@57 R@I10T MedR] | R@1T R@37T R@57T R@I10T MedR]
MotionCLIP [11] 15.00 31.00 40.00 59.00 8 13.00 25.00 41.00 63.00 6
MotionSet [26] 40.00 73.00 85.00 89.00 2 40.00 73.00 82.00 87.00 2
Di 1 LAVIMO [12] 66.00 90.00 96.00 99.00 1 66.00 93.00 98.00 100.0 1
Subset Ours (A\re=A,;=0) 19.00 48.00 67.00 79.00 4 17.00 47.00 61.00 77.00 4
Ours (A, =X,;=0.02)" 37.00 77.00 84.00 96.00 2 32.00 69.00 85.00 98.00 2
Ours (Ae=X,i=1)f 97.00 100.0 100.0 100.0 1 89.00 100.0 100.0 100.0 1

TABLE 6. Text-to-motion generation results. Comparison with trimodal
baseline (MotionCLIP) on HumanML3D and KIT-ML test sets.

Method HumanML}D KIT—ML.
FID], Divt | FID] Divf

MotionCLIP [11] | 6.74 0.162 | 6.97 0.062

Ours (z%") 5.164 0936 | 6.15 0.570

higher generation quality (FID 5.16 vs 5.63), confirming
that each representation specializes in its designated task.
This empirically validates the dual-router design of Eq. (8):
assigning a separate router per task is what produces
two genuinely task-specific subspaces, rather than a single
shared one.
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Effect of Number of Experts. Table 9 compares different
numbers of experts in our DoubleRouterMoE architecture.
The 6-expert configuration (3 per branch) achieves the
best FID of 5.16. The 8-expert variant shows comparable
performance (FID 5.27) but with increased parameter count,
while 4 experts significantly underperform (FID 5.72),
suggesting insufficient capacity for effective task-specific
disentanglement.

E. INFERENCE COST COMPARISON

We measured per-sample inference time on the text-to-
motion generation path on a single NVIDIA RTX 4080
SUPER GPU (16 GB; PyTorch 2.4.1, CUDA 124).
Each model was timed over 30 forward passes after
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FIGURE 6. Generation results for complex text prompts. Key frames from generated motion sequences for compositional and descriptive text prompts,
demonstrating the model’s ability to handle diverse action categories including transitional movements, interactive actions, and expressive gestures.

Red circles highlight subtle interactive actions (e.g., door opening) for clarity.
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FIGURE 7. Motion editing via latent arithmetic. Combining text latents
enables intuitive motion composition. For example,

walking — standing + boxing yields a walking-boxing motion,
demonstrating dynamic behavior emerging from simple latent
operations.

5 warmup passes, in evaluation mode with gradi-
ents disabled and GPU timing synchronized at each

VOLUME 14, 2026

measurement boundary. Both pipelines cover text encod-
ing — motion decoder — 3D-joint conversion; TRIAD
additionally passes through the dual-router MoE module. GIF
rendering and disk I/O are excluded.

Our dual-router MoE module adds only = 0.81 ms
(=~ 14.7%) of per-sample inference overhead over the
MotionCLIP baseline (TRIAD: 6.30 4 0.14 ms vs. Motion-
CLIP: 5.49 £ 0.16 ms), confirming that the disentanglement
module imposes a negligible inference cost. The two
models are directly comparable because they share the
same VAE-based Transformer motion decoder; the overhead
is attributable to the additional dual-router MoE module
(& 3.16 M parameters, with the three experts of each branch
evaluated in parallel).

This comparison is limited to methods with pub-
licly released implementations; other trimodal frameworks
(e.g., [12]) are therefore excluded.
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FIGURE 8. Additional motion editing examples. Various motion combinations achieved through latent arithmetic: Zyotion1 — Zstanding + Zmotion2-
demonstrating that the learned representation preserves motion semantics under arithmetic operations.

TABLE 7. Ablation studies on HumanML3D test set. We evaluate the
contribution of architectural components and loss functions.

Configuration [ FID]  Diversity T
Architecture Ablation

w/o MoE (Baseline) [ 9.85 0.030
Loss Function Ablation

MoE + GRAM only 7.34 0.991
MoE + GRAM + CE 5.96 1.150
MoE + CE only (ours) 5.16 0.936

TABLE 8. Cross-task representation validation. We verify task-specific
specialization by cross-task evaluation with A4, = 1,; = 0 to isolate
representation effects without fusion.

Representation Generation (FIDJ) t2m Retrieval (R@57)
zg_e" 5.16 3.10
e 5.63 8.74

TABLE 9. Ablation on number of experts in DoubleRouterMoE
(HumanML3D).

Total Experts Per Branch FID |  MoE Params
4 2 gen + 2 disc 5.72 2.11M
6 (ours) 3 gen + 3 disc 5.16 3.16M
8 4 gen + 4 disc 5.27 4.21M

V. CONCLUSION AND FUTURE WORKS

We introduced the first trimodal motion understanding
system that simultaneously supports generative and discrimi-
native capabilities through explicit representation disentan-
glement. Our core insight is that generation benefits from
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modality-independent representations, whereas retrieval
requires tight cross-modal coupling. To reconcile these
fundamentally different objectives, we decompose motion
embeddings into task-specific components (z2¢" and z4¢)
and route them via a shallow dual-router Mixture-of-Experts
architecture, effectively mitigating the trade-off that has
constrained prior work.

Our framework outperforms MotionCLIP—the only exist-
ing trimodal text-video-motion baseline—in both generation
and retrieval, and the learned embedding space further
enables downstream applications such as motion editing
through latent arithmetic. Current limitations include reliance
on synthetic video data, which may limit generalization
to real-world scenarios, and a compact 512-dimensional
embedding that may constrain fine-grained representational
capacity.

While closing the gap with task-dedicated methods
remains an open challenge, we believe this dual-task
paradigm holds significant potential for practical motion
understanding systems. Future work will explore extend-
ing the disentanglement strategy to additional motion
understanding tasks such as action recognition, where
task-specific subspaces could separate temporal pattern fea-
tures from fine-grained pose features. We also plan to inves-
tigate discrete or hybrid motion representations—such as
VQ-VAE-based tokenization, which has shown strong results
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in dedicated generation methods [8], [17]—to bridge the gen-
eration quality gap while preserving the unified framework’s
retrieval capability. More broadly, realizing the full potential
of unified generative-discriminative frameworks will require
exploring diverse architectural strategies beyond MoE-based
decomposition—including hierarchical embedding spaces
and integration with real RGB video.
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