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Abstract

Text-conditioned human motion generation has made
rapid progress with the emergence of large-scale motion–
language datasets. However, even datasets with rich long-
form descriptions typically provide supervision only at the
clip level, without explicit temporal correspondence be-
tween motion frames and language. This limits fine-grained
motion–text grounding and temporally precise generation.
We propose FineMoLA, a weakly supervised framework that
learns fine-grained frame–phrase correspondence directly
from clip-level annotations. Our method first segments
long-form descriptions into action-bearing phrases, and
then formulates motion–language alignment as an optimal
transport problem, which naturally models many-to-many
relations between motion frames and text under global con-
straints. With entropic regularization and Sinkhorn itera-
tions, FineMoLA efficiently infers pseudo frame-level align-
ments without human labeling. Experiments on SnapMo-
Gen demonstrate that the learned alignments outperform
baselines in motion–text grounding. Website: finemola.
github.io.

1. Introduction

Recent years have witnessed rapid progress in text-
conditioned 3D human motion generation, driven by ad-
vances in diffusion [32] and transformer-based model-
ing [8, 9]. These models can synthesize diverse and real-
istic motion sequences from natural language prompts, en-
abling applications in character animation, AR/VR, embod-
ied agents, and human–computer interaction.

A key catalyst behind recent progress is the emergence
of large-scale motion–language datasets. Early benchmarks
such as KIT-ML [23] and HumanML3D [8] established the
standard text-to-motion setting with paired clip-level cap-
tions and standardized evaluation. However, these cap-

tions are typically short and describe an entire motion clip
coarsely, limiting fine-grained controllability and seman-
tic grounding. More recent datasets [11, 15, 24, 33, 35]
broaden the supervision spectrum with richer long-form
descriptions, hierarchical text annotations, frame-level ac-
tion labels, and temporally localized captions. Together,
these developments highlight a growing demand for fine-
grained temporal correspondence between motion and lan-
guage, especially for long-form narratives and multi-action
descriptions.

Among existing datasets, SnapMoGen [10] stands out
for its high-quality motion–language supervision. Its mo-
tions are collected using professional mocap suits, and its
annotations are primarily written by human annotators. In
contrast to earlier datasets that rely on short action labels or
simple captions, SnapMoGen provides long-form descrip-
tions that often cover multiple actions and transitions within
a single motion clip. Such expressive supervision offers
a strong foundation for studying fine-grained motion–text
correspondence. However, the annotations remain at the
clip level, without explicit frame-to-token alignment be-
tween motion and language. Learning such fine-grained
correspondence could benefit motion understanding tasks
such as temporal localization and dense motion captioning,
and provide stronger supervision for fine-grained text-to-
motion generation with temporal structure [34, 35, 39]. At
the same time, obtaining dense open-vocabulary alignment
at scale remains challenging due to the inherently many-to-
many relationships between words and motion over time.

As illustrated in Fig. 1, we aim to recover fine-grained
frame–phrase correspondence from long-form clip-level an-
notations without requiring manual temporal labels. To
bridge this gap, we propose a weakly supervised framework
that formulates frame–token correspondence as an optimal
transport (OT) problem [5, 21]. Optimal transport natu-
rally models many-to-many soft alignments under global
marginal constraints, making it well-suited for motion-text
grounding. To enable efficient and differentiable learn-
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Figure 1. While the SnapMoGen dataset provides human motions with long-form text annotations, FineMoLA finds the fine-grained
alignment matrix between motion frames and LLM-detected action-bearing phrases in the text without manual labeling. Our method
includes an [UNK] token to absorb frames that are not explicitly described by any specific phrase. The dashed black box highlights that
the character does stand on tiptoes in those frames.

ing, we adopt entropic regularization and solve the result-
ing transport plan using Sinkhorn iterations [5]. This for-
mulation aligns with a broader trend in multimodal learn-
ing where fine-grained token-level alignment objectives im-
prove cross-modal consistency and robustness [17, 36, 40].
Leveraging abundant clip-level supervision in SnapMoGen,
our method produces pseudo frame-level alignments that
support temporally grounded motion–language modeling.

To summarize, our contributions are as follows:
• We introduce FineMoLA, a weakly supervised frame-

work that learns fine-grained motion–language corre-
spondence from clip-level annotations. By formulating
frame-to-token alignments as an optimal transport prob-
lem, our method learns fine-grained correspondences for
long-form textual descriptions, enabling dense motion–
text grounding without requiring manual frame-level la-
bels.

• Experiments on the SnapMoGen dataset demonstrate
that the learned alignments provide stronger motion–text
grounding than baselines.

2. Related Work

2.1. Human Motion Datasets with Text Annotation

The rapid progress of text-driven human motion modeling
has been closely tied to the emergence of motion datasets

with language annotation [3, 10, 33, 34]. Early benchmarks
such as KIT-ML [23] and HumanML3D [8] established the
standard text-to-motion setting by providing paired motion
clips and clip-level natural language descriptions, enabling
shared embedding learning, retrieval-based training, and
standardized evaluation [20].

Subsequent datasets broadened the supervision spec-
trum beyond coarse clip-level captions. BABEL [24] aug-
ments mocap sequences with sequence- and frame-level
action labels, supporting temporally localized understand-
ing. Motion-X [16] provides expressive whole-body motion
together with sequence-level semantics and video-derived
frame-level pose descriptions. More recently, SnapMo-
Gen [10] introduces long-form narrative descriptions with
improved temporal continuity, while MotionLib [33] scales
motion–text supervision to millions of samples with hi-
erarchical annotations. Dense Motion Captioning further
introduces CompMo, a large-scale dataset with tempo-
rally bounded multi-action sequences and grounded cap-
tions [35]. In parallel, FrankenMotion provides temporally
aware part-level prompts for compositional motion model-
ing [15].

Despite these advances, most motion–language datasets
still provide supervision either at the clip level or through
limited predefined labels, leaving many-to-many frame-
level (or token-to-frame) correspondence under-explored.



This gap motivates learning objectives that explicitly
model fine-grained temporal correspondence between mo-
tion and language [14, 35], complementary to efforts that
focus on stronger generators or clip-level supervision [9, 18,
32, 37].

2.2. Human Motion Understanding
Human motion understanding has long been studied in com-
puter vision through video-based tasks such as action recog-
nition and temporal localization, where models align mo-
tion with action labels or textual descriptions [1, 4, 7, 19].
In contrast, our work focuses on structured human motion
data (e.g., mocap sequences), where the temporal evolution
of poses is directly available and can be paired with lan-
guage supervision.

In the motion domain, early understanding models
largely relied on shared embedding learning and retrieval-
style objectives. MotionCLIP [31] aligns motion latents
with the CLIP [25] embedding space to exploit strong lan-
guage priors, while TMR [20] combines contrastive learn-
ing with a motion synthesis objective for text–motion re-
trieval. Cross-dataset studies [3] further show that such
retrieval performance is sensitive to shifts in motion dis-
tributions and annotation styles, motivating robustness and
transfer-aware evaluation.

More recent works move beyond global alignment to-
ward fine-grained motion–language understanding. Dense
Motion Captioning [35] requires temporally localizing
and describing multiple actions within long motion se-
quences, while unified motion–language models such as
MG-MotionLLM [34] and UniMotion [14] further connect
motion understanding, localization, and generation. At the
same time, advances in generation and control, including
ReMoDiffuse [38], FineMoGen [39], CoMo [12], and re-
cent text-conditioned generators [2, 6, 9, 13, 18, 22, 30, 37,
41], highlight the growing demand for fine-grained tem-
poral correspondence between motion and language. Our
work addresses this need by learning dense motion–text
alignment from clip-level supervision.

2.3. Semi-supervised Learning Using Optimal
Transport

Optimal transport (OT) provides a principled tool to es-
tablish soft correspondences between two sets of elements
under marginal constraints, and has been widely used for
matching and alignment problems [5, 21, 29]. Recent work
has incorporated OT into representation learning and robust
alignment. For instance, OT-based matching has been used
to mitigate data poisoning in CLIP-style [25] pre-training
by aligning samples through transport plans [40]. OT has
also been applied to understand and generalize CLIP by
modeling relationships between sets of features via trans-
port [27, 36]. In this work, we focus on fine-grained corre-

spondences in the motion-language domain.

3. Preliminary
3.1. Optimal Transport
Optimal Transport (OT) [29] provides a principled frame-
work for measuring the discrepancy between two distribu-
tions while explicitly accounting for the underlying geom-
etry. Assume two uniform discrete distributions a and b,
supported on Tm and Tt elements, respectively. We denote
the set of admissible transport plans by

U(a,b) =
{
P ∈ RTm×Tt

+

∣∣∣ P1Tt = a, P⊤1Tm = b
}
,

(1)
where

a =
1

Tm
1Tm

, b =
1

Tt
1Tt

. (2)

The marginal constraints ensure that P redistributes the
mass of a onto b. Given a cost matrix C ∈ RTm×Tt mea-
suring the cost of transporting unit mass between elements,
the Kantorovich formulation of OT is defined as

min
P∈U(a,b)

⟨P,C⟩ (3)

where ⟨P,C⟩ =
∑

i,j PijCij .
In contrast to pointwise matching, OT naturally supports

many-to-many correspondence and enforces global consis-
tency via marginal constraints. These properties make OT
particularly suitable for modeling fine-grained alignment
under weak supervision, such as motion–text correspon-
dence.

3.2. Entropic-Regularized Optimal Transport and
Sinkhorn Algorithm

Directly solving Eq. (3) requires linear programming,
which is computationally expensive and unsuitable for end-
to-end learning. To address this issue, entropic regulariza-
tion augments the OT objective with an entropy term:

P∗ = arg min
P∈U(a,b)

⟨P,C⟩ + ε
∑
i,j

Pij

(
logPij − 1

)
(4)

where ε > 0 controls the strength of the regularization. The
entropic regularization renders the problem strictly convex
and enables efficient optimization via the Sinkhorn algo-
rithm.

4. Method
Suppose we are given a paired motion–text dataset D =
{(m(j), t(j))}Nj=1. For simplicity, we omit the sample in-
dex (j) when there is no ambiguity. Each sample consists
of a motion sequence m ∈ RT ′

m×Dm and a text sequence



t ∈ RT ′
t×Dt . Our goal is to learn fine-grained motion–

text alignment. We model the alignment between a mo-
tion sequence and a text sequence as an optimal transport
plan P, where each entry Puv measures the semantic corre-
spondence between the u-th motion frame and the v-th text
token. We define the transport plan in Sec. 4.1 and then pro-
vide an intuitive analysis of this formulation in Sec. 4.2. Fi-
nally, we describe the feature extraction process in Sec. 4.3
and the CLIP-style contrastive training objective in Sec. 4.4.

4.1. Optimal Transport Cost
Our model consists of a motion feature extractor Em and a
text feature extractor Et. Given a motion sequence m and
a text sequence t, Em produces a sequence of fine-grained
motion features

Zm = {zm1 , . . . , zmTm
}, (5)

and Et produces a sequence of text features

Zt = {zt1, . . . , ztTt
}. (6)

Note that Tm ̸= T ′
m and Tt ̸= T ′

t due to down-sampling
in the encoders. Let s(·, ·) denote the cosine similarity be-
tween ℓ2-normalized features.

We define the transport cost matrix C ∈ RTm×Tt by

Cuv = 1− s(zmu , ztv). (7)

Intuitively, a smaller cost indicates a stronger semantic cor-
respondence between the u-th motion frame and the v-th
text token.

Based on the admissible transport set U(a,b) defined in
the previous subsection, we define the OT cost for a motion–
text pair (m, t) as

JOT(m, t) = min
P∈U(a,b)

⟨P,C⟩. (8)

This OT cost measures the minimum transport cost re-
quired to align the motion and text features under the
marginal constraints. A lower value of JOT(m, t) indicates
better fine-grained motion–text alignment. As in Sec. 3.2,
we follow Eq. (4) to obtain approximated optimal transport
plan P′. The estimated optimal transport cost is

JEOT = ⟨P′,C⟩ (9)

Although P′ is a function of C, we treat it as a constant
during backpropagation for simplicity. Under this approxi-
mation, JEOT remains differentiable with respect to C.

4.2. Analysis: a Case Study
To better understand how the proposed objective encour-
ages fine-grained alignment, we consider an idealized case
in which each motion frame is described by exactly one text
token.

Assumption 1 (Perfect Frame–Token Correspondence).
Assume that the motion and text sequences have equal
lengths, i.e., Tm = Tt. Further assume that there exist
encoder parameters θm and θt such that, for each paired
sample (m, t), there exists a bijection π : {1, . . . , Tm} →
{1, . . . , Tt} satisfying

s
(
zmu , ztπ(u)

)
= 1, ∀u ∈ {1, . . . , Tm}, (10)

where zmu and ztv denote the u-th and v-th output features
of Em(m; θm) and Et(t; θt), respectively.

Theorem 1 (Zero OT Cost under Perfect Alignment). Un-
der Assumption 1, the OT objectiveJOT (m, t) admits a fea-
sible transport plan with zero cost. Specifically, the trans-
port plan defined by

Puv =
1

Tm
1{v = π(u)} (11)

is feasible and achieves

JOT (m, t) = 0. (12)

Proof. See supplementary.

In practice, motion-text alignment is generally many-
to-many rather than bijective. Nevertheless, Theorem 2
shows that the proposed objective is consistent with per-
fect fine-grained alignment in an idealized setting, which
helps explain why minimizing JOT can encourage mean-
ingful motion–text correspondence in practice.

4.3. Feature Extraction
The weakly supervised learning framework is illustrated
in Fig. 2. Our architecture adopts a dual-stream design
to learn representations from textual descriptions and mo-
tion sequences. The original expressive text annotation is
first segmented into multiple action-bearing phrases us-
ing an LLM (details are in the supplementary material).
These phrases are then concatenated into a sequence and fed
into the text feature extractor. The text feature extractor Et

leverages a frozen T5-base [26] backbone to extract latent
semantic features, which are subsequently projected into a
latent space through an additional MLP. To facilitate tem-
poral alignment, we introduce an action unit aggregator
that groups tokens belonging to the same phrase and pools
their embeddings into compact action unit features. Some
motion segments may not be explicitly described by any
action-bearing phrase in the text. To avoid imposing spu-
rious correspondences, we do not force every motion frame
to align with an action-unit representation alone and allow a
motion frame to correspond to an [UNK] token. We intro-
duce a global feature mechanism that aggregates sequence-
level information and provides holistic semantic context for
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Figure 2. Overview of FineMoLA. The text stream first encodes the action-bearing phrases with a frozen T5 backbone. Then the action
unit aggregator aggregates the features into action unit features and the global feature, which form a text feature set. In parallel, the motion
stream extracts temporal motion features using a temporal-convolution-based encoder. Given the motion and text features, we compute
a feature-similarity-based cost matrix and solve an entropic optimal transport problem with the Sinkhorn algorithm to obtain pairwise
alignment logits. These logits are then used in a CLIP-style symmetric contrastive objective for training.

the contrastive objective. This global feature is appended
to the action unit features to form the text features Zt in
Algorithm 1. On the motion stream Em, we finetune the
pre-trained VQ-VAE encoder [10], composed of temporal
convolutional layers, to extract motion features Zm from
motion sequences.

4.4. Training Objective

As illustrated in Algorithm 1, the training process is con-
ceptually similar to CLIP [25], in that both methods learn
cross-modal representations through batch-wise contrastive
supervision over paired motion–text samples. We highlight
in green the steps that differ from standard CLIP training.

Given a mini-batch of paired samplesD, CLIP first com-
putes a global representation for each sample in the two
modalities and then forms a batch-wise similarity matrix,
where the diagonal entries correspond to matched pairs and
the off-diagonal entries correspond to mismatched pairs. A
symmetric cross-entropy objective is subsequently applied

to encourage high similarity for ground-truth pairs and low
similarity for mismatched pairs.

Our training pipeline follows the same high-level
paradigm, but differs in how the pairwise alignment score
is computed. Instead of directly measuring similarity be-
tween two global embeddings, we first compute a fine-
grained motion–text alignment cost using the entropy-
regularized OT objective in Eq. (4). Specifically, for each
pair (m(i), t(j)) in the batch, we compute

Lij = −JEOT(m
(i), t(j)), (13)

where a larger Lij indicates stronger cross-modal align-
ment.

Using these pairwise alignment logits, we define the
motion-to-text matching probability as

p(t(j) | m(i)) =
exp(Lij/τ)∑B
k=1 exp(Lik/τ)

, (14)

and analogously define the text-to-motion matching proba-



Algorithm 1 CLIP-style Motion–Text Training with
Sinkhorn-based Alignment

Require: Paired dataset D = {(m(j), t(j))}Nj=1; mo-
tion feature extractor Em(·; θm); text feature extractor
Et(·; θt)

Ensure: Trained parameters θm, θt
1: for each training epoch do
2: for each mini-batch {(m(i), t(i))}Bi=1 do
3: for i = 1 to B do
4: Zm,(i) ← Em(m(i); θm)
5: Zt,(i) ← Et(t

(i); θt)
6: ℓ2-normalize all feature vectors in Zm,(i) and

Zt,(i)

7: end for
8: for i = 1 to B do
9: for j = 1 to B do

10: Construct the cost matrix C(i,j) from Zm,(i)

and Zt,(j) according to Eq. (7)
11: Compute the Sinkhorn transport plan

P (i,j) ∈ U(a,b) according to Eq. (4).
12: Compute the pairwise alignment logit Lij =
−JEOT(m

(i), t(j)) using Eq. (8)
13: end for
14: end for
15: Compute motion-to-text probabilities p(t(j) |

m(i)) by row-wise softmax over L
16: Compute text-to-motion probabilities p(m(i) |

t(j)) by column-wise softmax over L
17: Compute the symmetric contrastive loss L =

1
2 (Lm2t + Lt2m)

18: Update θm, θt by minimizing L
19: end for
20: end for

bility as

p(m(i) | t(j)) = exp(Lij/τ)∑B
k=1 exp(Lkj/τ)

, (15)

where τ is a temperature parameter and B is the batch size.
We then optimize the model using a symmetric con-

trastive loss:

Lm2t = −
1

B

B∑
i=1

log p(t(i) | m(i)), (16)

Lt2m = − 1

B

B∑
i=1

log p(m(i) | t(i)), (17)

and the final training objective is

L =
1

2
(Lm2t + Lt2m) . (18)

Compared with CLIP, the key difference is that our pair-
wise logits are not produced by a single global embedding
similarity. Instead, they are derived from a fine-grained
Sinkhorn-based transport cost between motion frames and
text units, allowing the model to capture local temporal
correspondence while still benefiting from batch-wise con-
trastive supervision.

5. Experiments

5.1. Setting and Implementation Details
Dataset. We conduct our experiments on the SnapMoGen
dataset [10], a comprehensive collection of high-fidelity hu-
man motion capture data paired with rich textual descrip-
tions. The dataset comprises 34,750 training sequences
and 2,012 validation sequences. All motions are originally
recorded at 30 FPS. Following SnapMoGen [10], we down-
sample the sequences by a factor of 4, resulting in an ef-
fective frame rate of 7.5 FPS for both the motion embed-
dings and the alignment computation. We choose a set of
30 motion-text pairs from the test set and manually label the
ground truth alignment matrix Pgt ∈ RTm×Tt , where Tm

and Tt denote the number of downsampled motion frames
and atomic action segments, respectively. These manual an-
notations are used solely for quantitative evaluation and are
never used during training. The details of the labeling pro-
cess are deferred to the supplementary.

Evaluation Metrics. We evaluate the alignment accuracy
by measuring the discrepancy between the transport matrix
P and the ground-truth annotations Pgt. Specifically, we
compute the normalized ℓ1 distance between the two matri-
ces:

d(P,Pgt) =
1

Tm × Tt

Tm∑
i=1

Tt∑
j=1

∣∣Pij −Pgt
ij

∣∣ (19)

where both matrices are first normalized via the
Sinkhorn-Knopp algorithm to enforce doubly stochastic
constraints. This ensures they satisfy the predefined row
and column marginals (i.e.,

∑
j Pij = 1/Tm and

∑
i Pij =

1/Tt).

Implementation details. Our framework is implemented
in PyTorch and trained on a single NVIDIA L40 GPU.
Training for 500 epochs takes approximately 12 hours. We
use AdamW as the optimizer with an initial learning rate of
2 × 10−4 and a batch size of 128. For text encoding, we
adopt a frozen T5-base backbone followed by five trainable
residual MLP blocks, which project the text features into
a 512-dimensional embedding space. For Sinkhorn-based
alignment, we set the entropy regularization parameter to
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Figure 3. Qualitative comparison with baselines. We plot the ground truth transport plan and those produced by different methods. Our
method produces transport plans that are structurally similar to the ground truth.

ε = 0.1 and use 50 forward iterations, which we find suf-
ficient for stable convergence in practice. The contrastive
temperature is set to τ = 0.07. In practice, Tm is typically
around 50, while Tt is typically around 5.

5.2. Comparison with Baselines

Stepwise Uniform Baseline. To demonstrate the neces-
sity of dynamic alignment, we construct a stepwise uni-
form baseline, which inherently assumes a naive, sequen-
tial progression between textual actions and motion seg-
ments. Specifically, given a motion sequence of Tm frames
and N textual actions, this baseline constructs an initial bi-
nary matrix by uniformly allocating exactly ⌊Tm/N⌋ con-
secutive frames to each action index in chronological order.
Note that the resulting matrix is not strictly block-diagonal;
applying the Sinkhorn-Knopp algorithm enforces marginal
distribution constraints, which naturally softens the hard
boundaries and diffuses the alignment probabilities toward
adjacent frames.

VLM Baseline. To establish a competitive baseline
against state-of-the-art vision-language reasoning, we lever-
age GPT-5.2 [28] as a zero-shot temporal segmenter. We
provide rendered frames sampled at 2.0 FPS and segmented
action-bearing phrases to the VLM and ask it to predict the
alignment. Details are provided in the supplementary mate-
rial.

Results. Table 1 presents the quantitative evaluation
of our proposed model. The results demonstrate that
FineMoLA achieves a significant relative error reduction
over the VLM and stepwise uniform baselines. These re-
sults demonstrate the necessity of our dedicated data-driven
alignment framework.

5.3. Ablation
Impact of the Global Feature Mechanism. A key com-
ponent of our alignment module is the global feature, which
acts as an [UNK] token to absorb transitional or seman-
tically ambiguous frames. In practice, frames near action
boundaries often do not correspond strongly to any specific
text token. Without such a token, optimal transport tends to
force these frames onto neighboring action tokens, leading
to blurred boundaries. During evaluation, we reassign the
accumulated probability of the [UNK] token strictly to the
preceding valid action token. By introducing the global fea-
ture, our model can naturally capture these uncertain frames
and preserve cleaner temporal segmentation. As shown in
Table 1, this design consistently improves alignment perfor-
mance over the variant without a global token.

MLP vs. Attention-based Text Encoders. As shown in
Tab. 1, replacing the lightweight MLP with a self-attention-
based encoder increases the error. We conjecture that self-
attention mixes excessive global context into each action to-
ken, blurring semantic boundaries and weakening temporal
correspondence. In contrast, the MLP better preserves local



Table 1. Quantitative results. Values are reported in normalized ℓ1 distance (×10−2), where lower is better. GF indicates whether to use
the global feature. MLP Enc. determines whether to use an MLP-based text encoder or a self-attention-based text encoder.

Method GF MLP Enc. temperature Normalized ℓ1 ↓
Stepwise Uniform Baseline 0.347
VLM Baseline (GPT-5.2) 0.296

Ours (GF + MLP encoder) ✓ ✓ 0.07 0.225
Ours (GF + MLP encoder) ✓ ✓ 0.01 0.230
Ours (GF + MLP encoder) ✓ ✓ 0.03 0.237
Ours (GF + attention encoder) ✓ × 0.07 0.275
Ours (MLP encoder) × ✓ 0.07 0.239

phrase-level semantics for precise alignment.

Sensitivity Analysis of Entropic Regularization To
evaluate the robustness of OT alignment, we conduct a sen-
sitivity analysis on the entropic regularization parameter ε.
In the entropic OT framework, ε controls the trade-off be-
tween transport cost minimization and the sparsity of the
alignment matrix P . As shown in Figure 4, we monitor two
primary convergence metrics: (1) Marginal Error,

Emarg =
∑
i

∣∣∣∣∣∣
∑
j

Pij − ai

∣∣∣∣∣∣+
∑
j

∣∣∣∣∣∑
i

Pij − bj

∣∣∣∣∣ (20)

which quantifies the satisfaction of the double-stochasticity
constraints in Eq. (1), and (2) Delta P,

∆P (k) = ||P (k) − P (k−1)||1 =
∑
i

∑
j

∣∣∣P (k)
ij − P

(k−1)
ij

∣∣∣
(21)

which measures the stability of the transport plan between
successive iterations. Our results indicate that setting ε =
0.01 significantly increases the number of iterations re-
quired to reach numerical stability. Conversely, ε = 0.1
achieves a balance between alignment precision and train-
ing efficiency. We therefore use 50 iterations in all experi-
ments.

5.4. Qualitative Results
Qualitative results of the frame-level text-motion alignment
are illustrated in Figure 3. Compared to the VLM and
stepwise uniform baselines, the transport matrix P gener-
ated by our model shows superior structural correspondence
with the ground truth Pgt. Notably, for captions containing
action-bearing phrases that encompass extended temporal
spans, our model effectively captures these long-range de-
pendencies. For instance, in sample (a), the first three ac-
tion phrases in P demonstrate a relatively uniform probabil-
ity distribution across the corresponding frames. This high-
lights the effectiveness of our framework in modeling com-

Figure 4. Sinkhorn Convergence Analysis. The plot illustrates
the impact of different entropic regularization parameters (ε) on
the convergence rates of Marginal Error (representing constraint
satisfaction) and Delta P (representing pointwise matrix stability).
The results are obtained using a randomly initialized cost matrix
C.

plex many-to-many alignments between motion and text, a
challenging scenario where the VLM baseline falls short.

6. Conclusion
This paper introduced FineMoLA, a weakly supervised
approach for recovering fine-grained frame–phrase cor-
respondence from long-form clip-level motion annota-
tions. Our key idea is to cast motion–language align-
ment as an entropic optimal transport problem, which
provides a principled way to model many-to-many cor-
respondence between motion frames and textual units
under weak supervision. Combined with LLM-based
phrase decomposition and CLIP-style contrastive train-
ing, the proposed framework learns temporally grounded
motion–text alignment without manual frame-level la-
bels. Experiments on SnapMoGen show that FineMoLA
yields more accurate motion–text grounding than exist-
ing baselines, and benefits from the proposed global fea-
ture mechanism. We hope this work encourages fu-
ture research on fine-grained motion–language supervi-
sion.
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7. Proof of Theorem 1
Theorem 2 (Zero OT Cost under Perfect Alignment). Un-
der Assumption 1, the OT objectiveJOT (m, t) admits a fea-
sible transport plan with zero cost. Specifically, the trans-
port plan defined by

Puv =
1

Tm
1{v = π(u)} (22)

is feasible and achieves

JOT (m, t) = 0. (23)

Proof. Under Assumption 1, for each motion frame u, there
exists a unique text token π(u) such that s(zmu , ztπ(u)) = 1.
By Eq. 7, this implies that Cu,π(u) = 0. Now consider the
transport plan

Puv =
1

Tm
1{v = π(u)}. (24)

Since π is a bijection and Tm = Tt, each row and each
column of P contains exactly one nonzero entry equal to
1/Tm. Therefore, P satisfies the marginal constraints and
is feasible. The total transport cost is

Tm∑
u=1

Tt∑
v=1

PuvCuv = 0, (25)

which is the minimum possible value. Hence, JOT (m, t) =
0.

8. Caption Segmentation
To bridge the gap between long-form narrative descriptions
and local temporal motion segments, we first decompose
each caption into multiple action-bearing phrases using
an LLM-based caption segmentation pipeline, as illustrated
in Fig. 5. Specifically, GPT-4o-mini rewrites each caption
into a sequence of semicolon-separated phrases, where each
phrase describes a temporally coherent action while pre-
serving the original temporal order. The prompt is illus-
trated in Fig. 6.

The segmented phrases are concatenated and processed
by a tokenizer and a frozen T5 encoder to obtain token-level
embeddings. We then apply the action unit aggregator,
which identifies token spans corresponding to each phrase
using separator tokens (“;”) and the end-of-sequence to-
ken. For each span, token embeddings are pooled along the

sequence dimension to produce compact action unit fea-
tures.

In addition, we compute a global features by pooling
over the entire token sequence. This global feature acts as
an [UNK] token that absorbs motion frames not explicitly
described by any phrase. The final text feature set, there-
fore, consists of the action unit features together with the
global feature, which are used for the Sinkhorn-based mo-
tion–text alignment described in the main paper.

9. Ground Truth Annotation
To quantitatively evaluate the temporal alignment perfor-
mance, we manually label the ground truth alignment ma-
trix Pgt ∈ RTm×Tt . The annotation process involves man-
ual segment-level boundary identification: for each action
segment j, human annotators specify the temporal interval
[tstart, tend] in seconds. These intervals are subsequently
mapped to discrete frame indices based on the video ren-
dering frame rate. We construct Pgt initially as a binary
indicator matrix, where pi,j = 1.0 if frame i falls within
the temporal scope of action j. To map it to U(a,b), we
apply the Sinkhorn-Knopp algorithm to iteratively normal-
ize the binary matrix. This yields a soft, doubly stochastic
probability distribution in U(a,b).

10. VLM Baseline
For the VLM baseline, motion videos are first downsam-
pled to a fixed temporal resolution of 2.0 FPS. For motion
sequences spanning 30 to 40 seconds, this sampling strat-
egy yields approximately 60 to 80 frames, which provides
sufficient visual density to capture macroscopic action tran-
sitions. We utilize a structured system prompt that con-
figures the LLM as a “specialized human motion analyst.”
The model receives the sequence of visual frames alongside
the full unsegmented contextual caption and the explicitly
parsed action sequence. To mitigate temporal hallucina-
tions, which are prevalent in LLM-based video reasoning,
we overlay the original frame indices onto the top-left cor-
ner of each sampled image. These indices serve as absolute
temporal anchors, enabling the model to ground its predic-
tions in visible spatial markers. Finally, the model outputs
the localized start and end frames in a structured JSON for-
mat to ensure reliable temporal grounding.



The man stands upright, then places his fingers in his ears. He rotates his torso to the right and 
left, eventually turning his whole body to the right. 

Pool

T5

[LLM segmentation]: stand upright; place fingers in ears; rotate torso to the right and 
left; eventually turning his whole body to the right. 

Pool Pool Pool GP

GF

Tokenizer

Action Unit Aggregator

Figure 5. Overview of the action unit aggregator. A long-form motion caption is first segmented into multiple action-bearing phrases
using an LLM. The concatenated phrase sequence is tokenized and encoded by a frozen T5 backbone to obtain token-level embeddings. The
action unit aggregator then groups tokens belonging to the same phrase and pools them into compact action unit features. An additional
global feature (GF) is obtained by global pooling (GP) over the entire sequence, which acts as an [UNK] token to absorb motion frames
that are not explicitly described by any phrase.



System Prompt You are an expert in Motion Capture (MoCap) and computer animation. Your task is to segment complex motion

captions into ”Atomic Action Units” to facilitate temporal alignment for motion generation models (e.g., SnapMoGen).

Segmentation Principles:
1. Atomization with Temporal Context: Break down complex sentences into basic, physically continuous atomic actions.
2. Preserve Sequence Markers: Keep important temporal markers like ”then”, ”soon after”, ”finally”, or ”subsequently” at the

beginning of descriptions to provide directionality for alignment.
3. Handle Concurrency: If actions happen simultaneously (e.g., ”while”, ”during”), include concurrency keywords in the descrip-

tion (e.g., ”wave right hand while walking”) to signify temporal overlap.
4. Body-part Decoupling: Separate concurrent movements of different body parts if they are distinct actions.
5. Standardization: Output must be a structured JSON array of objects.

Output Format Requirement: Always return a pure JSON object containing a key "results" which is a list of objects, each
with "caption index" and "atomic actions" (list of objects with "id" and "description").

Few-Shot Examples

Example Input Captions to Split:
• ”The person walks forward a few steps, pauses, and then steps to her left with her left foot, standing still. She raises her arms

slightly in front of her at stomach height before lowering them. She repeats the side step with her left foot and turns her head to the
left.”

• ”The person stands with hands raised while slowly nodding their head, then starts to move his hands down while tilting his body
forward.”

• ”The person advances quickly, bending at the waist during the walk to pick up an object, then finally stands upright while gazing
at the object.”

Example Segmentation Results:

{
"results": [
{

"caption_index": 1,
"atomic_actions": [

{"id": 1, "description": "walk forward a few steps"},
{"id": 2, "description": "pause and stand still"},
{"id": 3, "description": "then step to the left with left foot"},
{"id": 4, "description": "standing still again"},
{"id": 5, "description": "raise arms slightly to stomach height"},
{"id": 6, "description": "soon after, lower arms"},
{"id": 7, "description": "repeat side step with left foot"},
{"id": 8, "description": "simultaneously turn head to the left"}

]
},
{

"caption_index": 2,
"atomic_actions": [

{"id": 1, "description": "stand with hands raised"},
{"id": 2, "description": "slowly nod head while standing"},
{"id": 3, "description": "then start to move hands down"},
{"id": 4, "description": "tilt body forward while moving hands"}

]
},
{

"caption_index": 3,
"atomic_actions": [

{"id": 1, "description": "advance quickly"},
{"id": 2, "description": "bend at the waist while walking to pick up object"},
{"id": 3, "description": "then finally stand upright"},
{"id": 4, "description": "gaze at the object while standing"}

]
}

]
}

Figure 6. The complete system prompt and contextual few-shot examples provided to the LLM for atomic action units segmentation.
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