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Abstract

Understanding complex human activities demands the ability
to decompose motion into fine-grained, semantic-aligned sub-
actions. This motion grounding process is crucial for behavior
analysis, embodied Al and virtual reality. Yet, most existing
methods rely on dense supervision with predefined action
classes, infeasible in open-vocabulary, real-world settings. In
this paper, we propose ZOMG, a zero-shot, open-vocabulary
framework that segments motion sequences into semantically
meaningful sub-actions without requiring any annotations or
fine-tuning. Technically, ZOMG integrates (1) language se-
mantic partition, which leverages large language models to de-
compose instructions into ordered sub-action units, and (2) soft
masking optimization, which learns instance-specific temporal
masks to focus on frames critical to sub-actions, while main-
taining intra-segment continuity and enforcing inter-segment
separation, all without altering the pretrained encoder. Exper-
iments on three motion-language datasets demonstrate state-
of-the-art effectiveness and efficiency of motion grounding
performance, outperforming prior methods by +8.7% mAP on
HumanML3D benchmark. Meanwhile, significant improve-
ments also exist in downstream retrieval, establishing a new
paradigm for annotation-free motion understanding.

Code — https://github.com/pridy999/Z0OMG

Introduction

Understanding human motion at a fine-grained level is vital
for tasks such as behavior analysis, embodied Al, and vir-
tual reality (Zhang et al. 2023; Zhou, Wan, and Wang 2024;
Zhou et al. 2023a; Yang et al. 2022b). However, real-world
motion is temporally unstructured and composed of overlap-
ping sub-actions without explicit boundaries. This absence of
temporal modularity hinders downstream applications such
as motion retrieval (Xue et al. 2025; Zhou et al. 2024) and
generation (Zeng et al. 2025), which rely on semantically
meaningful motion units for reasoning and interaction. In
such cases, motion grounding, which decomposes continu-
ous motion streams into semantically coherent units, plays
a pivotal role in enabling structured motion representations
and flexible motion interaction.

* J.Yang is the corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Motion grounding illustration of ZOMG.

Existing motion grounding methods (Chen, Tsai, and Yang
2021; Yang et al. 2022a) typically rely on closed-set assump-
tions (Zhou et al. 2023b; Radford et al. 2021), training models
to align motion sequences with labels from a fixed action vo-
cabulary (e.g., “walk”, “wave”). However, real-world motion
is inherently open-ended and compositional, with free-form
expressions describing subtle, overlapping sub-actions (e.g.,
“a person sits down while waving”) that cannot be captured
by predefined atomic labels. This rigid setup fundamentally
limits scalability and generalization, highlighting the need for
open-vocabulary grounding that aligns motion with natural
language. In addition, the scarcity of fine-grained annotations
and the diversity of real-world expressions motivate a zero-
shot setting (Punnakkal et al. 2021; Qian et al. 2025), where
models are required to generalize to novel queries without
task-specific supervision. Therefore, our research focus is
to achieve reliable and efficient motion grounding under a
zero-shot open-vocabulary setting.

However, realizing zero-shot open-vocabulary motion
grounding poses several challenges. First, open-world de-
scriptions are free-form and structurally ambiguous, often
lacking explicit cues regarding the number of sub-actions
and their complex temporal interactions (Liu et al. 2022).
For instance, phrases like “walks confidently and waving”
mix concurrent and sequential elements, making it difficult
for rule-based models (Wu et al. 2022) to extract correct



segments. Second, while existing motion-language mod-
els (Tevet et al. 2022) capture global semantics, grounding
requires finer temporal resolution to detect subtle transitions
between sub-actions. This necessitates frame-level reason-
ing, which current sequence-level encoders are not inherently
equipped to handle. Third, even when frame-level features
are available, motion exhibits strong temporal continuity and
entanglement. Unlike static images, individual frames often
lack standalone semantic identity, and sub-actions emerge
only through inter-frame dynamics. Without modeling these
dependencies, frame-wise analysis alone is insufficient for
accurate grounding.

Given these challenges, it is necessary to obtain finer-
grained representations for both text and motion. On the lan-
guage side, we compensate for the absence of segment-level
annotations by using large language models (LLMs) (Zhao
et al. 2023) to decompose free-form descriptions into ordered
sub-action units. These unit-level queries provide seman-
tic guidance for open-vocabulary matching. On the motion
side, directly supervising frame-level alignment is impracti-
cal due to annotation scarcity. Pretrained motion-language
models, despite being trained only at the sequence level,
implicitly encode the inter-frame transitions necessary for
grounding (Wang et al. 2023a). This suggests that exploiting
such temporal structure already embedded in the representa-
tion space is promising for fine-grained motion grounding. To
make this structure accessible without altering model param-
eters, we design a test-time training approach. It introduces a
small set of variables for each input, which are optimized to
selectively attend to sub-action-relevant frames. This adapta-
tion refines the attention behavior of pretrained model (Lee,
Lee, and Kang 2019) on a per-instance basis, allowing precise
localization of motion segments while maintaining general-
ization in zero-shot settings.

In this work, we propose ZOMG, a test-time ground-
ing framework that extracts fine-grained motion structure
from pretrained motion-language models without annotations.
ZOMG bypasses the need for fine-tuning by introducing a
lightweight test-time training stage that transforms sequence-
level representations into temporally grounded sub-actions.
It consists of two modules: (1) Language Semantic Parti-
tion (LSP) uses an LLM to decompose free-form textual
descriptions into semantically coherent and temporally or-
dered sub-action queries, serving as anchors for subsequent
grounding; (2) Soft Masking Optimization (SMO) aligns
each query with motion by optimizing frame-wise soft masks,
guided by semantic alignment and structural regularizations
to ensure segment separability and continuity. Experiments
across large-scale datasets demonstrate that ZOMG improves
grounding accuracy by up to +8.7% mAP on HumanML3D
and significantly boosts downstream motion-text retrieval.
Despite these gains, it remains highly efficient, requiring
only 0.5K optimization parameters and achieving over 3x in-
ference speedup compared to existing TTT methods, enabling
practical annotation-free deployment.

The contributions are summarized as follows:

¢ We introduce ZOMG, the first framework that enables
annotation-free and open-vocabulary motion grounding,
achieving +8.7% mAP improvement on HumanML3D.
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* We propose a novel test-time training scheme combining
LLM-guided decomposition and soft masking optimiza-
tion, uncovering the fine-grained temporal structure from
pretrained motion-language models.

Extensive experiments show that ZOMG achieves state-
of-the-art grounding accuracy and significantly improves
motion-text retrieval. Despite these gains, it remains
highly efficient at test time, supporting its practical de-
ployment in real-world settings.

Related Work
Temporal Grounding

Temporal grounding seeks to localize video segments that cor-
respond to free-form textual descriptions (Chao et al. 2018;
Zhao et al. 2017; Yan et al. 2023; Nguyen et al. 2025). Early
approaches like TALL (Gao et al. 2017) and 2D-TAN (Zhang
et al. 2020) formulate this task as moment retrieval via cross-
modal attention and sliding-window proposals, trained un-
der dense annotations and closed-set vocabularies. Recent
work has explored open-vocabulary and zero-shot settings
by leveraging pretrained vision-language models. For ex-
ample, T3AL (Liberatori et al. 2024) uses CLIP-based re-
trieval to match language queries with video frames, while
STALE (Nag et al. 2022) introduces a one-stage model
with parallel streams for localization and classification. X-
POOL (Gorti et al. 2022) and SeViLA (Yu et al. 2023) further
enhance grounding via frozen VLMs (Xu et al. 2021; Bordes
et al. 2024), augmented with adapters or prompting strategies.
These methods showcase the power of pretrained represen-
tations for temporal localization, but are largely limited to
video domains, where large-scale vision-language models
provide strong priors. In contrast, motion data lacks such pre-
trained encoders, making zero-shot grounding in this space
substantially more challenging.

Motion Understanding

Understanding and generating human motion from language
has drawn increasing interest for applications in anima-
tion, robotics, and embodied Al. Sequence-level models like
TEMOS (Petrovich, Black, and Varol 2022), TMR (Petro-
vich, Black, and Varol 2023), and TEACH (Athanasiou et al.
2022) learn joint motion-text representations via contrastive
or generative training. Others, including MotionCLIP (Tevet
et al. 2022) and Motion-X (Lin et al. 2023), incorporate CLIP
priors to encode human motion, but operate at the sequence
level, limiting their capacity for segment-level reasoning. Re-
cent studies have begun to explore finer temporal structure
through action segmentation (Wang et al. 2023b; Kong et al.
2019; Punnakkal et al. 2021) and fine-grained motion re-
trieval (Li and Feng 2024; Wang, Kang, and Mu 2024; Zhang
et al. 2023). However, these methods typically depend on
predefined taxonomies or task-specific labels, and seldom
address frame-level grounding in open settings. In contrast,
our work aims to understand fine-grained motion under open-
vocabulary, zero-shot conditions.



Stage 1 Motion- Language Pretrain Stage

l Text
Encoder

([ [
t

Contrastlve (\! Trainable f| Motion

Alignment L * Frozen |:| Sequence emb

— E . Text

i Sub-action emb

Sequence €

level —’_’DDD Cross sample LT Frame-levelemb
Datasets Foit - Similarity | I Soft mask

Stage 2 Test Time Grounding Stage F Contrastive _

LM — 7,7, 75—

C|

Alignment

Task
Prompt

/T
««@»)

A Real-

World

Paired M o
otion

Sample Encoder

N

Cross sub-action
Similarity

oo O e
g

HHHHHHHHHHHHHHHHHHHHHHHH

Figure 2: Overall framework of ZOMG.

Method
Problem Definition

Zero-shot open-vocabulary human motion grounding aims to
segment compositional motion sequences into semantically
coherent units aligned with free-form text, without prede-
fined action classes or temporal annotations. Formally, given
a text 7 and a motion sequence M = {my,...,mp} of L
frames, the goal is to segment M into {51, ..., Sk}, where
each segment .S; corresponds to a sub-action aligned with a
span 7; C 7. Our framework, shown in Fig. 2, includes: (1)
Motion-Language Pretraining, which establishes a fundamen-
tal understanding of global motion-text semantic alignment,
and (2) Test-Time Grounding, which adapts the pretrained
model on a per-instance basis to segment motion sequences
in alignment with the input text.

Motion-Language Pretraining

Motion-language pretraining focuses on sequence-level align-
ment, implicitly capturing inter-frame temporal dynamics
to provide cues for downstream segmentation even without
segment-level supervision. Given paired motion-text samples
(M, T), the motion encoder Ey; maps M to per-frame fea-
tures ' = {f1,..., fr}, fi € R%, while the text encoder
E7 produces a global text embedding ¢t € R?. To retain
fine-grained temporal cues, Fj; explicitly computes these
frame-level representations before any temporal aggregation.
An attention pooling module P(-) then computes the motion
embedding m € R? via learned weights, integrating local
semantics with temporal salience. The model is trained with
a contrastive loss (Radford et al. 2021):

Co— exp(m -t /1)
‘ Zte{ﬁ—,t—} exp(m -t/7)’

—log ey
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where t* and ¢~ denote positive and negative text samples, re-
spectively. This pretraining yields general-purpose encoders
that implicitly capture motion structure, laying the foundation
for zero-shot fine-grained grounding.

Test-Time Grounding

While existing approaches often rely on fine-tuning (Worts-
man et al. 2022) or adapter-based training (Wang et al. 2020)
to specialize pretrained models for grounding tasks, such
methods require nontrivial amounts of segment-level super-
vision and may overfit to training distributions. This contra-
dicts our goal of fully zero-shot, open-vocabulary motion
grounding. To address this, we adopt a test-time training
strategy (Sun et al. 2020; Liu et al. 2021), which enables
instance-specific adaptation without modifying the pretrained
model. It introduces: (1) LSP, which leverages LLMs to de-
compose free-form textual descriptions into temporally or-
dered sub-action units, providing structured semantic anchors
for grounding. (2) SMO, which performs instance-specific
optimization to generate frame-wise soft masks, identifying
sub-action-relevant frames without supervision.

Language Semantic Partition Zero-shot motion ground-
ing lacks segment-level annotations, making it difficult to lo-
calize complex instructions over time. Traditional rule-based
or syntactic parsing struggles with ambiguity and composi-
tionality in open-vocabulary descriptions (FitzGerald et al.
2018). To bridge this gap, we harness LLMs’ reasoning to
decompose complex descriptions into coherent, temporally
ordered sub-action units. It captures discourse-level seman-
tics, accurately extracting motion-relevant units from abstract
texts. To ensure reliable decomposition, we impose two crite-
ria on sub-actions: (1) Semantic completeness, ensuring each



unit forms a coherent motion; (2) Temporal decomposability,
preserving the logical order of actions. These criteria are en-
forced through a structured prompt with in-context examples
that guide the LLM to decompose the free-form texts. To
enhance robustness, we apply LLM-based paraphrasing fol-
lowed by majority voting to produce the final decomposition:

T = AT, T2, ..., T}

Soft Masking Optimization The second stage refines the
coarse, sequence-level alignment learned during pretraining
into a fine-grained, temporally localized understanding of mo-
tion. While attention pooling aggregates frame-wise features
into global embeddings, it operates with a fixed receptive field
over the full sequence, often suppressing local variations and
blurring sub-action boundaries. This becomes particularly
limiting in zero-shot settings, where unseen actions must be
inferred from latent structure without supervision. To address
this, SMO introduces a learnable soft mask that adapts at-
tention pooling to each sub-action query. By dynamically
reweighting frame contributions, the mask enables the model
to focus on semantically relevant segments while preserving
broader temporal context.

Given a set of k sub-action queries {71, ..., 7%}, each
query 7; is encoded as a semantic embedding #; € R using
the frozen E7. The motion sequence M = {my,...,mp}is
encoded by Fj into frame-wise features F' = {f1,..., fr}.
To identify sub-action-relevant frames, we introduce a set
of learnable soft masks [M] = {Mj, ..., M}, where each
M; € RE assigns a relevance score to every frame for the i-th
sub-action. Since each frame may be semantically relevant
to multiple sub-actions, we normalize the masks across sub-
actions at each frame via softmax (Liu et al. 2016):

M;
Mi,t = kexp( .’t) )
Zj:l exp(M,¢)

where Mi,t € (0,1) represents the normalized probability
that frame ¢ semantically belongs to sub-action 7;. This nor-
malization avoids degenerate solutions (e.g., all masks attend-
ing to all frames), encourages competition between masks,
and promotes segment-level disentanglement.

Each normalized soft mask M; € RZ is used to reweigh
frame-wise features via element-wise multiplication:

Fy=M;-F={Mfi,Mafo,...,Mipfr}. 3

This operation serves as a soft selection over time, allowing
the model to emphasize semantically important frames while
retaining the full temporal resolution.

Unlike hard windowing or static pooling, soft masking per-
mits continuous gradients and supports query-specific focus
without requiring discrete decisions. The resulting features
F} are then aggregated via attention pooling to produce the
sub-action embedding:

i = P(F;) ~ P([fi]),

@)

teT; )

Here, M; acts as a semantic pre-filter that suppresses irrele-
vant frames by scaling down their feature amplitudes before
pooling. This reshapes the pooling’s receptive field around
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sub-action-relevant regions, while preserving the inter-frame
dynamics learned during pretraining.

To supervise the learning of query-specific soft masks, we
adopt the same contrastive loss as pretraining, encouraging
each sub-action’s motion embedding m; to align with its
corresponding text embedding 7;. Formally:

exp(ri; - £;/7)
Yteqh iy exp(in - E/7)

L.=—log 5)

where £~ are negative sub-action embeddings from the same
sequence. Unlike pretraining where negatives are drawn from
different samples, here we emphasize intra-sample sub-action
discrimination, promoting segment-level orthogonality.

Mask constrains. Although soft masking enables query-
specific frame reweighting, learning high-quality masks re-
mains under-constrained. Without explicit supervision, the
model may produce ambiguous or unstable masks that hinder
precise localization. In particular, effective sub-action masks
should satisfy two critical properties: (1) inter-segment sep-
arability, ensuring that different sub-actions attend to dis-
tinct temporal regions; and (2) intra-segment continuity, pre-
serving the temporal coherence within each segment. These
properties are crucial for disentangling overlapping motion
patterns and avoiding fragmented attention.

To promote inter-segment separability, we introduce an ex-
clusivity loss L. that penalizes frame-level overlap between
soft masks of different sub-actions, promoting temporal sep-
aration across sub-actions:

1

L=%wr-D

Z M, M;,
i

(6)

where M, Al M ;7 measures how much two sub-actions attend
to the same frames. This constraint encourages orthogonality
across masks, helping to disentangle temporally overlapping
motion patterns and sharpen segment boundaries.

For intra-segment continuity, we impose a smoothness loss
L, that penalizes abrupt transitions in mask values across
consecutive frames:

c L

D

=1

—1
(M; 441 — M; )%
1

1
szm t @)

reflecting the temporal consistency of human motion. This
regularization enforces local consistency within each mask,
suppressing fragmented or unstable masks and encouraging
the formation of coherent, contiguous segments.

Together, the two constraints form a complementary de-
sign that enforces both segment-level exclusivity and intra-
segment continuity, enforcing meaningful structural priors
over the learned soft masks. The final test-time objective
integrates alignment supervision with both constraints:

L=a Le+B Lo+~ Ls, ®)

where «, 3, control the trade-off between semantic align-

ment, segment separability, and temporal coherence.
Mask-Based Segment Decoding. After obtaining the op-

timized soft masks, we convert them into discrete temporal
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segments by assigning each frame to the sub-action with the
highest activation. Specifically, for each frame ¢, we compute

yr = argmax M ;, )
resulting in a frame-level label sequence yi,...,yr. Con-
tiguous spans with identical labels are then grouped into seg-
ments {57, ..., Sk }. Unlike threshold-based methods that re-
quire hyperparameter tuning, our decoding is parameter-free
and directly reflects model confidence, yielding semantically
aligned and temporally coherent segmentation.

Experiment
Setup

Dataset. We evaluate ZOMG on three public motion-
language datasets: HumanML3D (Guo et al. 2022) (29,232
motion-text pairs), KIT-ML (Plappert, Mandery, and Asfour
2016) (3,911 pairs), and BABEL (Punnakkal et al. 2021),
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Figure 5: The boxplot comparison of semantic similarity for
HumanML3D grounded motion-text pairs

which includes dense annotations over 100 hours. For ground-
ing, we select samples containing multiple sub-actions iden-
tified by the LLM, yielding 11,220 (HumanML3D), 1,207
(KIT-ML), and 2,210 (BABEL) test instances.

Baseline. We adopt MotionCLIP (Tevet et al. 2022) as a
baseline directly computing similarity between motion and
text embeddings. Due to the lack of zero-shot grounding
baselines in the motion domain, we compare with SOTA
video grounding methods, including non-adaptive models
(TCAM (Belharbi et al. 2023), FreeZAD (Han et al. 2025))
and test-time training (TTT) methods (T3AL (Liberatori et al.
2024), AdaZAD (Han et al. 2025)). We evaluate grounding
quality using mean Average Precision (mAP) computed over
multiple temporal Intersection-over-Union (IoU) thresholds.
Following standard practice, we report mAP averaged over
thresholds of [0.3: 0.1: 0.8] on all three datasets.

Implementation. We adopt transformer-based encoders for
motion and text. Motion is represented in H3D format with
251/263-dimensional features per frame (Lu et al. 2023). We
use Qwen-Plus (Yang et al. 2025) LLM for sub-action decom-
position and optimize soft masks for each query 100 steps.
Loss weights for «, 3,y are set at 1, 0.005 and 100, respec-
tively. All experiments are conducted on a single NVIDIA
RTX 3090 GPU using PyTorch with mixed precision.

Motion Grounding Performance

Quantative Results. Shown in Table 1, non-adaptive meth-
ods directly apply pretrained knowledge without instance-
level adaptation, leading to sub-optimal performance due
to their inability to capture fine-grained motion-language
alignment. In contrast, test-time tuning approaches signifi-
cantly improve grounding quality by optimizing lightweight
parameters for each instance. Among them, ZOMG achieves
the best performance, surpassing the previous SOTA method
AdaZAD by +8.69%, +9.62%, and +3.29% mAP on Hu-
manML3D, KIT-ML, and BABEL, respectively. These con-
sistent gains validate the robustness and effectiveness of
ZOMG in producing fine-grained, semantically aligned mo-
tion segments under zero-shot open-vocabulary conditions.

Visualization Results. Figure 3 presents qualitative com-
parisons across different methods. While baselines often pro-
duce fragmented or misaligned segments, ZOMG generates



Dataset | Method | TTT | AP@8T AP@77 AP@67 AP@57 AP@47 AP@37 | mAP 1
MotionCLIP | X 0.00 2.13 4.61 1206 1785 2429 | 10.16
TCAM X 1.06 5.14 1312 1992 3109 3658 | 17.82
HumanML3D | FreeZAD X 7.68 1417 21.09 2724 3481 4276 | 24.63
T3AL Vo 1371 2264 3457 4699 5514  67.08 | 4021
AdaZAD vo| 1511 2439 3842 4818 5687  67.63 | 41.77
ZOMG v | 2825 3753 5142 5390 60.85  70.83 | 50.46
MotionCLIP | X 0.00 1.58 3.72 9.62 1731 2393 | 936
TCAM X 3.85 7.54 1285 2110 2846 3523 | 18.17
KIT-ML FreeZAD X 6.79 9.34 1439 2262 2743 3750 | 19.68
T3AL v | 1154 1538 1829  27.78 3697 5491 | 2748
AdaZAD v o| 1368 1791 2457 3214 3949 5688 | 30.78
ZOMG V| 2201 2564  39.69 4374 4859 6273 | 40.40
MotionCLIP | X 0.00 1.00 1.49 3.98 7.96 1244 | 431
TCAM X 0.00 1.00 2.49 4.98 1144 1791 6.30
BABEL FreeZAD X 0.00 1.32 2.56 5.97 1095  17.31 6.35
T3AL v 0.23 1.86 3.41 8.09 1638 29.57 | 9.92
AdaZAD v 0.72 2.64 4.93 11.82 1870  32.09 | 10.15
ZOMG v 0.50 2.49 5.26 1316  23.03 3618 | 1344

Table 1: Motion grounding results on three public datasets. (TTT denotes Test-Time Training.)

Trr | Lsp | SMO | ap@7  aP@3 | map
| | M1 Ls L. \
X X | X X X | 091 1433 | 586
x | v | x x x| 213 2429 | 1016
v | v | x x x| 1321 3852 | 2269
v | v | v x x| 2017 629 | 3863
v | v | v v x| 2576 6629 | 41.54
v | v | v x v | 3351 7120 | 4728
v | v | v v v/ | 35 7083 | 5046

Table 2: Ablation study of ZOMG on HumanML3D.

temporally coherent and semantically meaningful outputs
that align well with the intended sub-actions. Notably, the
predicted segments of ZOMG closely match the optimized
mask heatmaps in Figure 4 (top), confirming that soft mask-
ing effectively captures subtle temporal structure and aligns
motion with nuanced open-vocabulary semantics.

Semantic Alignment Evaluation. To further assess
grounding quality, we evaluate the semantic alignment be-
tween the segmented motion clips and their corresponding
texts. After applying different methods to segment the mo-
tion into sub-actions, we compute the motion-text similarity
for each pair using a pretrained motion-language encoder.
This metric serves as an intuitive proxy for alignment qual-
ity: higher similarity indicates that the segmented motion
more faithfully reflects the intended semantics. As shown
in Figure 5, ZOMG consistently achieves stronger motion-
text alignment, reflected both in its top-ranking similarity
scores and in a distribution skewed toward higher values.
This alignment-based evaluation highlights ZOMG’s abil-
ity to produce semantically faithful segments, offering clear
advantages in real-world, open-vocabulary scenarios.
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Ablation and Analytical Studies

Component Ablation. Table 2 assess the contribution of
each component in ZOMG's test-time grounding stage on
HumanML3D. Without test-time training, the non-adaptive
baseline performs poorly (5.86% mAP), highlighting the need
for instance-specific optimization. Incorporating LSP yields
clear gains over rule-based segmentation, demonstrating the
value of LLM-guided sub-action decomposition. To evaluate
SMO, we progressively activate its components. Introducing
the soft mask [M] significantly boosts performance, suggest-
ing that optimizing frame-wise weights is critical for aligning
motion with language. Adding L, or L. further improves
results, with the full model achieving the best performance
(50.46% mAP). These findings confirm the complementary
roles of the mask constraints and the importance of each
module for effective zero-shot grounding.

Method | Param.| GFLOPs| Samples/st | mAPt

T3AL 1.2M 2528.1 6.87 40.21
AdaZAD 1.2M 2675.9 6.65 41.77
ZOMG 05K 302.5 23.25 50.46

Table 3: Computational costs during TTT for 100 steps.

Mask Quality Analysis. To evaluate the learned masks,
we examine two key properties: inter-segment separation and
intra-segment continuity, both essential for discovering tem-
porally distinct and semantically coherent sub-actions. Qual-
itatively, Figure 4 (top) shows that the optimized masks acti-
vate over localized regions with smooth transitions and mini-
mal overlap. Each mask captures a distinct sub-action with
clear and interpretable boundaries, dynamically adjusting the
receptive field of pooling layers to focus on the most relevant
frames. Quantitatively, We further assess mask quality using
grounding error and continuity rate over TTT iterations (Fig-
ure 6). In (a), ZOMG consistently reduces grounding error



‘ SOTA methods

Augmentation methods

Dataset Protocol  Task
‘ MotionCLIP TEMOS TMR MESM | Noise Scaling Concat ZOMG
A T2M 16.00 13.15 16.32 19.20 17.05 17.15 17.15 19.38
M2T 16.95 7.74 18.72 21.30 17.98 18.57 18.58 20.53
HumanML3D B T2M 22.49 12.36 22.75 26.29 23.87 23.96 23.90 27.01
M2T 21.69 9.96 23.25 25.09 23.19 23.61 23.71 25.52
C T2M 86.90 62.05 84.42 86.22 85.92 86.27 85.89 87.58
M2T 87.12 62.71 84.50 86.15 86.18 86.72 85.93 87.56
A T2M 22.49 19.54 22.00 23.76 23.19 23.61 23.86 24.03
M2T 22.92 22.03 22.36 21.30 23.65 22.54 23.15 23.71
KIT-ML B T2M 40.22 34.48 41.52 43.04 39.66 39.15 40.07 42.04
M2T 34.10 30.29 34.02 35.61 34.69 33.57 36.80 37.42
C T2M 75.68 65.58 76.03 76.11 76.28 75.53 76.70 77.43
M2T 75.61 64.88 75.55 76.65 75.94 75.80 75.80 76.99
Table 4: Text-to-motion retrieval performance comparison.
across iterations and outperforms all baselines. Notably, this (a) Error Rate (b) Continuity Rate
performance improvement closely follows the decline of the . —— AdaFree

exclusivity loss Le, indicating that enhanced inter-mask sepa-
ration directly benefits grounding accuracy. In (b), continuity
rate quickly declines and remains low, reflecting the effective-
ness of the smoothness constraint /33. Together, these results
confirm that ZOMG learns structured and disentangled masks
through efficient test-time adaptation.

Semantic Prior Validation. ZOMG assumes that pre-
trained frame-level representations already encode meaning-
ful temporal semantics, which can be further refined through
instance-wise optimization. To validate this prior, we visu-
alize the embeddings using t-SNE. As shown in Figure 4
(bottom), frame embeddings form smooth trajectories within
each sub-action, indicating coherent transitions and reflecting
temporal semantics. This confirms that the pretrained space
provides a strong structural prior, which our instance-specific
optimization can exploit for fine-grained motion grounding.

Efficiency and Temporal Scaling. Table 3 shows ZOMG
delivers strong grounding performance with minimal test-
time cost. By optimizing only soft masks while keeping
the encoder frozen, it achieves over 3x higher throughput
than existing TTT methods, enabling practical deployment
in latency-sensitive, annotation-free scenarios. Fig. 6 (a) fur-
ther exhibits favorable temporal scaling, where error steadily
decreases with more optimization steps. This controllable
trade-off between adaptation time and accuracy allows flexi-
ble use under different computational budgets.

Downstream Benefits

To assess the broader utility of ZOMG, we augment mo-
tion retrieval datasets by generating fine-grained motion-text
pairs grounded from sub-action queries, enriching composi-
tional semantics beyond original annotations. We evaluate
their impact on SOTA methods (MotionCLIP, TEMOS, TMR,
MESM (Shi and Zhang 2024)) under three standard protocols.
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Figure 6: Comparison of (a) Mask constrain performance and
(b) Motion-text semantic similarity on HumanML3D.

For fair comparison, we include several augmentation base-
lines such as noise injection, temporal scaling, and motion
concatenation, with all methods producing an equal number
of samples. As shown in Table 4, ZOMG consistently im-
proves retrieval across models and settings, indicating that
our grounded segments are both temporally precise and se-
mantically discriminative.

Conclusion

Our ZOMG demonstrates that accurate and open-vocabulary
motion grounding can be achieved annotation-free, through
lightweight test-time optimization without modifying pre-
trained models. Its high efficiency and strong performance
across grounding and retrieval tasks highlight the potential
of instance-adaptive inference for real-world deployment.
By uncovering compositional motion units in an unsuper-
vised manner, ZOMG provides a scalable foundation for
interpretable motion understanding and broad downstream
transfer.
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