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Abstract

Existing text-to-motion (T2M) generation methods pri-
marily rely on regression-based objectives, such as mini-
mizing positional errors. However, they lack effective se-
mantic supervision and correction mechanisms, often lead-
ing to substantial misalignment between text and motion. To
addpress this, we propose Aligned Text-to-Motion (ATM), a
semantics-aware generation framework that automatically
identifies and corrects text-motion misalignment. ATM in-
corporates two key components: (1) Inter-motion align-
ment, which detects semantic contradictions across mo-
tions and applies adaptive corrections based on the de-
gree of semantic discrepancy, flexibly handing diverse mis-
alignments and ensuring global text-motion consistency;
(2) Intra-motion alignment, which refines locally missing
or inaccurate motion semantics in an unsupervised man-
ner by inferring semantic proxies, effectively addressing the
absence of localized textual annotations. ATM is model-
agnostic and can be seamlessly integrated into various T2M
methods as a plug-and-play module. Extensive experi-
ments on HumanML3D and KIT demonstrate that ATM con-
sistently improves both generation quality and text-motion
alignment. Code is available at https://github.com/ke-han-
aca/ATM. git.

1. Introduction

Text-to-motion (T2M) generation aims to create a sequence
of human movements that aligns semantically with a pro-
vided text description. It has significant potential for ap-
plications such as animation, filmmaking and robotics, due
to the user-friendly nature and semantic richness of natural
language descriptions [3, 18, 26]. Recent advances in deep
generative models [12, 36, 39] have significantly improved
motion quality, enabling the generation of increasingly nat-
ural and coherent human motions.

However, the motion sequences generated by existing
methods still often exhibit significant semantic misalign-
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(1) “a person stretches both arms to
their side and hold it for a few seconds
before releasing”
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Figure 1. Semantic misalignment generated by MoMask [9].
Inter-motion misalignment highlights instances where semanti-
cally different text descriptions lead to overly similar motions,
while intra-motion misalignment refers to the presence of inac-
curate semantics. Green, red, and yellow words represent correct,
incorrect, and undesired motion semantics, respectively.

ment with the given texts, as shown in Fig. 1. We categorize
this misalignment into two types: 1) inter-motion misalign-
ment, where semantically distinct text descriptions produce
overly similar motions; and 2) intra-motion misalignment,
where desired actions in the text are missing, inaccurately
generated, or replaced by unintended actions.

These issues primarily stem from the reliance on
regression-based objectives, such as the Mean Squared Er-
ror (MSE) [28, 42, 56], or Negative Log-Likelihood (NLL)
losses [9, 30, 31]. While effective for reducing positional er-
rors, these objectives lack explicit semantic supervision: 1)
how to identify semantic misalignment; 2) which semantic
components are missing or incorrect; and 3) how to correct
them. As a result, significant inconsistencies between text
and motion persist.

Achieving effective semantic guidance in T2M remains
challenging. For inter-motion misalignment, although prior
works incorporate contrastive learning to align text-motion
pairs [23, 41], they do not explicitly handle diverse and
complex semantic relationships. For instance, both “fold
arm” and “‘jump” may serve as negative samples for “fold
and then release arms,” yet their semantic relevance differs
significantly. Existing methods typically impose uniform
penalties across all negative pairs, making it difficult to bal-
ance semantic separability and similarity. For intra-motion



misalignment, unlike full sequences paired with textual an-
notations, motion clips lack localized textual supervision,
making it challenging to address locally missing or inaccu-
rate motion semantics.

To tackle these challenges, we introduce Aligned Text-
to-Motion (ATM), a semantics-aware framework designed
to identify and correct misalignment in T2M generation.

Specifically, ATM comprises two key components: 1)
Inter-motion alignment, which identifies inter-motion se-
mantic contradictions—cases where generated motions are
overly similar despite distinct textual semantics. To handle
diverse misalignment relationships, we propose semantics-
aware adaptive supervision that dynamically adjusts op-
timization strength according to the degree of semantic
discrepancy. This instance-specific correction enables the
model to learn structured semantic boundaries while pre-
serving essential semantic correlations. 2) Intra-motion
alignment, which corrects local semantic inaccuracies in
an unsupervised manner. In the absence of localized text
annotations, we introduce an inferred semantic proxy by re-
trieving semantically aligned motion clips and refining the
misaligned clip towards this proxy. Adaptive supervision is
further applied to regularize clip-level semantics, allowing
flexible and precise refinement.

ATM is simple yet effective, easily integrating into ex-
isting text-to-motion generation models as a plug-and-play
solution. It consistently enhances generation quality and
alignment performance, achieving state-of-the-art results on
HumanML3D [8] and KIT [32] benchmarks.

The contributions of this work are summarized below.
We propose ATM, a framework for text-to-motion gener-
ation that explicitly identifies and corrects semantic mis-
alignment.

We introduce semantics-aware adaptive supervision for
inter-motion alignment, addressing diverse semantic re-
lationships with instance-specific correction.

We propose unsupervised intra-motion alignment using
inferred semantic proxies, effectively refining local se-
mantics without requiring localized annotations.

Our method can be seamlessly integrated with various ex-
isting models to boost their alignment capacity, achieving
state-of-the-art generation results.

2. Related Work

Text-to-Motion (T2M) Generation. Inspired by the
successful applications of diffusion models [12], text-to-
motion works such as MDM [42] and MotionDiffuse [56]
adopt diffusion techniques to improve the quality of mo-
tion generation. Subsequent research focuses on refining
diffusion architectures [13, 16, 20, 35, 44, 48], acceler-
ating inference speed [4, 54, 61], and enhancing control-
lability [38, 50, 53], etc. Additionally, drawing inspira-
tion from large language models [5, 25, 27, 43] and quan-
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tized variational autoencoders [45], methods like T2M-GPT
[55], MotionGPT [15], AvatarGPT [62], and LMM [58]
use discrete motion token representations, and unify mul-
tiple text-motion tasks into a single, cohesive system. Fur-
ther explorations extend human motion generation to open-
vocabulary scenarios [19, 21, 22], incorporate scene em-
beddings [47], and enable multi-motion generation [2, 6],
etc. Despite these advancements, the challenge of achiev-
ing precise text-motion alignment still persists in existing
text-to-motion methods.

Text-Motion Alignment. To improve alignment quality
in T2M generation, works such as TEMOS [28], Motion-
CLIP [41] and T2M [8] align the distributions of motion
and language latent spaces via utilizing Kullback-Leibler
(KL) divergence. Methods like GraphMotion [17] and Fg-
T2M [46] refine text codes by leveraging linguistic semantic
graphs to achieve fine-grained generation. However, these
approaches lack explicit semantic supervision on the gen-
erated motions to ensure alignment with the input texts.
To address this, the works [23, 51] incorporate contrastive
learning [29, 33, 52] by encouraging positive text-motion
pairs while separating negatives. They generally apply uni-
form penalties to all negative pairs, failing to adapt to vary-
ing semantic relationships. Moreover, such supervision op-
erates only at the sequence level and does not resolve lo-
cal semantic misalignment due to the absence of localized
text annotations. In contrast, our approach introduces dy-
namic, semantics-aware supervision for both global and lo-
cal alignment, adaptively handling diverse semantic rela-
tionships across sequences and refining local misalignments
in an unsupervised manner.

Metric Learning. Metric learning is widely used in com-
puter vision tasks such as face recognition [40, 49] and per-
son re-identification [10, 60]. Conventional metric learn-
ing techniques (e.g. contrastive learning [33], triplet loss
[37]) are typically semantics-agnostic, applying uniform
penalties to all negative pairs without explicitly considering
their semantic relevance. This limits their ability to handle
the heterogeneous nature of semantic misalignment in T2M
generation. In contrast, our method retains a metric learning
framework while introducing semantics-aware adaptive su-
pervision. By scaling the optimization objective according
to the degree of semantic discrepancy, our approach enables
instance-specific alignment tailored to varying semantic re-
lationships.

3. Method

In this work, we propose an Aligned Text-to-Motion (ATM)
generation framework to address semantic misalignment,
by automatically identifying and correcting inconsistencies
between text and motion.
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Figure 2. (1) The Aligned Text-to-Motion (ATM) generation framework. In a pre-trained text-motion alignment space, ATM performs
inter-motion alignment by correcting motion sequences that are structurally similar but semantically distinct, as illustrated in (2), and intra-
motion alignment by refining semantically inaccurate motion clips using positive and negative proxy clips, as shown in (3).

3.1. Overview

As shown in Fig. 2, ATM integrates a text-to-motion
generation model with a pre-trained text-motion alignment
embedding module. It comprises two key components:
1) Inter-motion alignment, which identifies and adaptively
corrects semantic misalignment across motion sequences
to address global, sequence-level inconsistencies; and 2)
Intra-motion alignment, which leverages clip-level seman-
tic proxies to refine and correct local semantic inaccuracies
within motion sequences.

Given a text description £ of a human motion, the model
aims to generate a sequence of human poses m € R x/*D
that aligns with the text description, where F', J and D
denote the number of frames, joints, and the dimension of
joint representations, reslgectively. The model is trained on a
dataset D = {(t;, m;)},_, where (¢;, m;) is a text-motion
pair, and NV represents the total number of such pairs.

ATM is a plug-and-play training framework, compati-
ble with various existing methods [28, 56, 57] as its text-
to-motion model. In this work, we use the diffusion-based
model MDM [42] as our baseline due to its concise and ef-
ficient structure. The model first regularizes its output using
mean squared error (MSE) loss to learn motion generation,
defined as:

Linse = ||m; — mzllg,

D

where m; represents the generated motion from the text ¢;.
However, models trained solely with MSE loss often
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generate overly similar motions for distinct textual seman-
tics, leading to severe inter-motion semantic misalignment,
as illustrated in Fig. 1. This occurs because the MSE loss
focuses on frame-level skeletal position regression, without
modeling relationships across different instances, thereby
failing to effectively capture semantic similarities between
motions. To mitigate this, we introduce an inter-motion
alignment strategy that explicitly identifies and corrects
such misalignment.

3.2. Inter-Motion Alignment

Inter-motion misalignment mining. To identify inter-
motion misalignment, we first pre-train a fundamental text-
motion alignment embedding module [23], to construct an
embedding space where representations of paired text and
motion (¢;, m;) are aligned. Then, for a generated motion
sequence 1;, we define its inter-motion misalignment ex-
ample 7i2)" in a mini batch as

m; = M-, where j* = arg min

J#i

where D represents the Euclidean distance between two
motion representations in the embedding space. As shown
in Fig. 2 (2), a selected pair of misaligned examples is char-
acterized by the minimum ratio between D(1n;, ;) and
D(m;, m;), satisfying the following criteria: 1) the dis-
tance between two ground-truth motions D(m;, m;) is rel-
atively large. This implies that these motions likely have

D(m;, m;)
D(mi, mj) ’

2



distinct semantics, making them valid negative examples
for differentiation; and 2) the distance between the corre-
sponding generated motions D(172;, 10 ;) is relatively small,
suggesting that the model struggles to capture the seman-
tic differences between the two motions, resulting in overly
similar outputs instead.

In criterion 1), exceptions may arise when similar texts
produce diverse yet semantically consistent motions. To ad-
dress this, we exclude instances with highly similar texts
by setting D(m,;, m;) to infinity when cos(t;,t;) > e,
where cos(t;,t;) represents the cosine similarity between
two texts. This similarity is computed by encoding the texts
into embeddings using a pre-trained language model [34].
The threshold e defines the maximum similarity score for a
text pair to be considered as valid negative examples.
Inter-motion adaptive alignment. To address the di-
verse and complex semantic relationships among mis-
aligned pairs, we introduce an adaptive inter-motion align-
ment loss, defined as:

£inter = maX{07 D(t27 mz) - D(tm ’I’;’L?) + ¢ter}7
where ¢ye, = D(t;, m!') — D(t;, m;),
D denotes the Euclidean distance between the embeddings
of text and motion. L, is structured as a triplet loss but
offers two key advantages over conventional triplet loss or
metric learning formulations [11, 37, 51].

First, conventional approaches focus on finding the clos-
est negatives in feature space. However, in T2M, struc-
turally similar motions (e.g., “run” and “jog”) may be se-
mantically compatible and should not be penalized. L;;cr
redefines negatives based on semantic contradiction, i.e.,
motions that are structurally similar yet semantically di-
vergent, enabling semantics-aware mining tailored to T2M.
Second, existing approaches usually apply uniform penal-
ties across all negatives, overlooking the varying degrees
of semantic misalignment. In contrast, L;,;., introduces
adaptive supervision by scaling the optimization target ac-
cording to the severity of semantic inconsistency. This
instance-specific correction enables the model to learn
structured semantic boundaries, promoting effective seman-
tic differentiation while preserving inherent semantic corre-
lations.

3)

3.3. Intra-Motion Alignment

The inter-motion alignment focuses on sequence-level
motion-semantic optimization, but it may fall short when
the overall generated sequence satisfies the distance rela-
tionship formulated in Eq. (3), whereas local misalignment
persists in certain clips within the sequence. For example,
one of desired actions is missing or semantically incorrect,
which may not significantly affect sequence-level alignment
but can limit generation precision. To address this, we also
introduce an intra-motion alignment approach to refine clip-
level local misalignment.
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Intra-motion misalignment mining. To identify local mis-
alignment, we first divide both the generated and real mo-
tion sequences into a series of successive clips, denoted as
m; = {m!,m? .} and m; = {m}, m?2, ..}, respec-
tively, where each clip has a fixed length L. The least
aligned clip ¢ within the generated motion m; is identified
as the clip with the lowest similarity to its corresponding
real clip, formulated as:

~k E*

m; , c=m;

, where k* = arg max D(mF, mF).
k

0)
This criterion assumes that the generated motion is gener-
ally temporally aligned with the real motion, under the su-
pervision of the MSE loss L, ;.. However, unlike full mo-
tion sequences paired with textual annotations, motion clips
lack direct localized textual correspondence, making it chal-
lenging to resolve local misalignment. To address this, the
intra-motion alignment approach models semantic relation-
ships across a large pool of clips and identifies suitable pos-
itive and negative proxies to guide the semantic correction.
Intra-motion adaptive alignment. For a misaligned clip ¢,
its positive proxy €,,s and negative proxy €., are defined
as:

é:

R R D(¢, éx)
Cpos = Ci+, where k* = arg max , (5)
' ’ L Dle,er)
Dlé.é
€neg = Ci-, where k™ = argmin (¢, ¢) (6)

k D(C, Ck) ’
where ¢« € {¢x}, and the set {¢} represents all gener-
ated motion clips within the mini-batch, excluding ¢ itself.
¢, denotes their corresponding ground truth clip. As de-
picted in Fig. 2 (3), the criterion for selecting €,,, identi-
fies a motion clip that should be semantically similar to ¢
but is currently dissimilar, highlighting the motion seman-
tics ¢ should move closer to. Conversely, ¢, identifies a
clip that should differ from ¢ but is currently similar, in-
dicating the motion semantics that ¢ should distance itself
from. An intra-motion alignment loss is formulated as

- D(éa éneg) + ¢tra}7
where ¢1rq = D(€, Cpeg) — D(c, Cpos)),

‘Cintra = maX{O, D(é, épos)

(7

where ¢ and ¢, €05 and Cpos, Cneg and cpeq denote pairs
of generated and real motion clips. Similar to Eq. (3),
Lintrq also functions as a triplet loss with an adaptive mar-
gin for each pair of examples, enabling flexible refinement
for misaligned motion semantics based on their specific se-
mantic relationships. To enhance the effectiveness of intra-
motion alignment, L;,;., is applied exclusively when the
entire generated and real motion sequences exhibit sub-
stantial semantic differences. This condition is defined as
cos(m;, m;) < =, where cos denotes the cosine similar-
ity between the two motions in the text-motion alignment
embedding space, and -y represents the maximum similarity
threshold.
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MDM [42] 0.320:‘:0.005 0.498i0'004 0.61 1:‘:04007 0.54410.044 5.566i0'027 9.55910.086 2.799:E0.072
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Motion Mamba [59]  0.502%0:003 (9 693+0-002 () 792+0.002  (§ 981£0.009 3 oG+0.058 g g71+0.084 9 994+0.058
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BAMM [30] 0.522%0-:003 (9 715+0:003 () gpg+0-003 () o55+0-002 9 936+0.077 g G36E0.009 1 739+0.055
Baseline 0_425i()‘013 0.615i0‘011 O.712i0‘009 0.570i0A090 3.635i0'045 9.761:t0A127 2.532i0.079
ATM 0.519:‘:0.004 0.709:!:0.007 0.809:‘:0‘044 0.320:‘:0.037 3.032:!:0.027 9.463i0'122 2.765i0'072
MLD [1] 0_481i0A003 0.673i0’003 O_772i0A002 0473:&0‘013 3.196i0'010 9.724:t0A082 2.413i0.079
+ATM 0.52210.003 0.703:E0.004 0.796i0'004 0.26610.011 2.989i0'012 9.63310.122 2.698i0'063
MotionDiffuse [56] ~ 0.491%£0-001  (,681%0-001 (0 782%0.001 (9 g30+0-001  371713+0.001 9 470£0.049 7 553+0.042
+ATM [56] 0.531%0:005 (. 719*0.004 (g1 (*0.005  ( 351+0-002 3 ogg*0.012 g 453+0.098 9 goy+0.085
ReMoDiffuse [57] ~ 0.510%0:095  0,698+0-006 (. 795+0-004  ( 103+0-004 2 g74+0.016 9 18+0.075 7 795%0.043
+ATM (].533i0006 0'716i0A003 0.806i0A007 07062i0A003 2.930i0.009 9.412:t()‘084 2.809i0'041
MoMask [9] 0.521%0:002 (. 713£0.002 (870002 ) 045+0-002 9 958+0.008 - 1.241%0-040
+ATM 0.528+0:009 (7150004 (0 8070006 (), 043+0.007  9,9qq:+0.012 9 496+0.077 g 38+0.074

Table 1. Results on HumanML3D [8]. “1”, “|” and “—” indicate that higher or lower values, or values closer to real motion are better,
respectively. “+ATM” indicates incorporating ATM with corresponding models. The baseline is trained only with £,,s.. Red and blue

highlight the top two results.
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Methods Top-1 Top2 Top 3 FID | MM-Dist |  Diversity - MModality 1
Real motions 0.424%0.005 () 649%0.006  (y 779+0.006 () )31£0.004 9 788+0.012 17 ()g+0.097 -

MDM [42] 0.164+0-004 0 291£0-004  ( 396+0-004  ( 497+0-021 9 197+0.022 10 g5+0.109 7 g(7+0-214
GraphMotion [17] ~ 0.420%0:007  (,648%0:006 (7690006 3130015 3 (76+0.022 17 19£0.185 3 Go7:£0.118
MMM [31] 0_404i()‘005 0.621i0‘005 O.744i0‘004 0.316i0A028 2.977i0.019 10.91:t()‘101 1.232i0.039
Motion Mamba [59]  0.419%0:006 (9 645%0-005 () 765+0.006  ( 307+0.041 3 521+0.025 17 ()o+0.098 1 G7g+0.064
ParCo [63] 0.430%0-:004 (9 649+0:007 () 779£0.006 () 453%0.027 9 g9F0.028  1() g5F0.094 | 945+0.022
CoMo [14] 0.422%0-009 0 638+0-007 0 765+0-011  (.332+0-045 9 g73+0.021 109520196 7 949+0.008
BAMM [30] 0.4360-007  0.660+0-006 (. 791£0-005 0 200+0-011 2 71420-016 10 910097 7 577+0.058
Baseline 0.392+0-011 (9 o5E0.007  (j 731+0.008 () 5660052 3 134+0.026 10 gg+0-151 1 g91+0-211
ATM 0.43410.010 0.649i0'009 O.776i0'006 0.354:‘:0.041 2.803i0'028 10.9510.083 2.783i0'011
MLD [1] 0_390i0A008 0.609i0‘008 O_734i0A007 0404:&0‘027 3.204i0.027 10.80i0A117 2.192i0.071
+ATM 0.42910.020 0.642i0'043 0.770i0.005 0.37210.016 2.986i0'007 10.8110.068 2.633i0'110
MotionDiffuse [56]  0.417F0:004 (9 621£0-004 () 739+0.004 ] g54+0.062 9 g5g+0.005 17 1(+0.143 () 730+0.013
+ATM 0.437:‘:0.004 0.651i0'004 0.77910.011 0.235:‘:0.021 2.799:!:0.011 11.1210.125 3.265i0'076
ReMoDiffuse [57]  0.427%0014  (,641%0-004 (7650055 () 155+0.006 9 g14+0.012 1 gy+0.105 1 939+0.028
+ATM 0.43410.006 0.657i0'004 0.785i0‘014 0.193:{:0.028 2‘747i0.015 11.23:{:0.198 2.224j:0.095
MoMask [9] 0.433%0-007 (9 g56+0:005 () 781£0.005 () 904F0-011 9 779+0.022 - 1.131%0:043
+ATM 0.43610.011 0.655i0'006 0.785i0'006 0.198:t0A026 2.763i0'032 10.9710.148 1.252i0.052

Table 2. Results on the KIT [32] dataset, using the same notations as in Table 1.

Insights. The intra-motion alignment approach can also be
understood as inter-action alignment. The insight behind
exploring inter-action alignment is that a motion sequence
is often composed of multiple fundamental action elements,
such as walking, turning, jumping, etc. Compared to entire,
more complex motion sequences, these individual actions
are generally better learned by current text-to-motion meth-
ods. Misalignment often occurs when models fail to cap-
ture crucial semantic details from the input texts, such as
key actions or their temporal order, leading to missing or
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inaccurate actions in the generated motion sequences.

The intra-motion alignment approach formulates seman-
tic relationships between clip-level actions, aiming to iden-
tify actions that are respectively close to the current inac-
curate state and the desired target state (i.e., negative and
positive proxies). The model is guided to refine misaligned
actions by optimizing from the current inaccurate semantic
state towards the desired target semantic state via L;,¢rq.
As shown in Fig. 2 (3), the selected positive and nega-
tive proxies are ideally aligned with their respective ground



truth. Even when these clips are misaligned, our method can
handle such cases by computing an adaptive margin based
on ground-truth clips, helping stabilize the training process.
Overall loss. The text-to-motion model is trained with the
overall loss L,;;, defined as

Eall - Emse + A (ﬁinter + Eintra)7 (8)

where ) is a weight factor. £,,,. ensures precise skeleton
position regression, while L;,¢¢,- and L4 guarantee text-
motion semantic alignment at the global sequence and local
clip levels, respectively. They are only applied to the final
denoised motion sequence, where a complete motion can be
decoded and backpropagation remains differentiable.

4. Experiments

4.1. Experiment Settings

Dataset. We conduct experiments on two standard hu-
man motion datasets HumanML3D [8] and KIT [32] for
model training and testing. HumanML3D comprises 14,616
motion sequences sourced from AMASS [24] and Human-
Actl2 [7], annotated with 44,970 textual descriptions. Each
sequence spans 2 to 10 seconds at a frame rate of 20 frames
per second (FPS). The KIT dataset contains 3,911 motion
sequences paired with 6,278 text descriptions, with each se-
quence recorded at 12.5 FPS.

Evaluation Protocols. Following the established evalua-
tion protocol [8], we assess performance using five eval-
uation metrics. R-Precision and Multimodal Distance
(MMDist) quantify how well the generated motions align
with the input prompts, with R-Precision reported at Top-
1, Top-2, and Top-3 accuracy levels. The Frechet Incep-
tion Distance (FID) measures the distributional difference
between generated and ground truth motion features. Di-
versity is computed by averaging the Euclidean distances
of 300 randomly sampled motion pairs. MultiModality
(MModality) reflects the average variance for a single text
prompt, calculated by measuring the Euclidean distances
across 10 generated motion pairs.

Implementation Details. We initiate model training by
pretraining a text-motion alignment embedding module,
adopting the module structure and training strategy from the
work [23], and subsequently freeze the module. Texts and
motions are encoded into 256-dim embeddings. To reduce
training time, the embeddings of texts, ground truth mo-
tion sequences and clips are precomputed and stored, rather
than being processed during each training step. The text-
to-motion model is trained for 400,000 steps with a batch
size of 64, following the settings of training MDM [42].
The hyper-parameters are set as follows: the weight factor
A = 0.01, similarity threshold ¢ = 0.85, and v = 0.8. The
length L of motion clips depends on the dataset, experimen-
tally set to match a duration of 2 seconds, corresponding to
40 frames on HumanML3D and 25 frames on KIT. Motion
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clips shorter than 1 second are discarded. Experiments are
conducted on one NVIDIA GeForce RTX 4090 GPU.

4.2. Comparison with State-of-the-Art Methods

Quantitative comparison. We present the performance
comparison of state-of-the-art (SOTA) T2M models on the
HumanML3D [8] and KIT [32] datasets in Table | and Ta-
ble 2, respectively. Compared to the most competitive meth-
ods MoMask [9] and BAMM [30], ATM achieves compara-
ble results in terms of R-Precision, MM-Dist, and diversity,
while demonstrating superior MModality scores and infe-
rior FID scores. ATM serves as a plug-and-play solution
and can be easily integrated with various approaches. In-
corporating ATM into MLD [1], MotionDiffuse [56] and
ReMoDiffuse [57] greatly enhances their generation perfor-
mance. In contrast, integrating ATM with VQ-VAE-based
T2M models, such as MoMask, yields only marginal im-
provements. This limitation arises because MoMask gener-
ates discrete motion tokens, resulting in a non-differentiable
mapping from the discrete motion space to the continuous
text-motion embedding space (as further discussed in Sec.
5). Consequently, the losses can only be applied to the mo-
tion reconstruction phase to refine the codebook, rather than
directly supervising the generated motion representations,
which restricts the strength of semantic alignment.
Performance improvement analysis. From Tables | and
2, we observe that ATM, both independently and in com-
bination with other methods, improves performance across
all evaluation metrics. Specifically, text-motion alignment
metrics, such as R-Precision and MModality, show the most
significant gains, achieving new SOTA results on the Hu-
manML3D dataset. This aligns with our primary goal of
enhancing text-motion alignment. Additionally, the diver-
sity score is notably improved, as our approach emphasizes
semantic supervision rather than focusing solely on skele-
ton position regression, thereby promoting greater diver-
sity in the generated motions. In contrast, FID shows only
marginal improvements and does not demonstrate an advan-
tage over existing SOTA methods.

Visual comparison. We visualize motion sequences gen-
erated by SOTA methods in Fig. 3. In (1), MoMask in-
correctly generates “sit down” instead of “squat”, as these
two actions are highly similar in terms of human skeleton
positions. This highlights the limitation of focusing solely
on skeleton position regression without semantic supervi-
sion, leading to semantic misalignment. BAMM correctly
generate “squat” and “stand up” but in the wrong order in
(1), while MoMask generates “stumble to the right” but also
produces an unintended “stumble to the left” in (2). These
examples support our argument in Subsection Insights (Sec-
tion 3.3) that current methods struggle to achieve sequence-
level alignment but can generate individual actions well. In
contrast, ATM and ATM+MotionDiffuse produce motions
that align better with the given texts, demonstrating the ef-



“a person squats to the ground and stands back up”

(1)
L J | E— | S | S L
E squat A\ sit down stand up stand up squat Ed wrong order

L )
% squat stand up

squat

stand up

(2) “a person stumbling to their right side”

A stumble to the left first
stumble to the right

E stumble to the right
A stumble to the left

stumble to the right stumble to the right

MoMask BAMM

ATM ATM+MotionDiffuse

Figure 3. Examples generated by SOTA methods. In (1), the unchanged color indicates remaining in the same position, while in (2), the
darkening color highlights position change. Green, red, and yellow words denote correct, incorrect, and undesired semantics, respectively.

(fill in number)

Q2. A, B, C, D correctly generates D, D D B D

desired actions, respectively. (fill in number)
Q3. Which one aligns with the given text? (Multi-choice),

OA OB OC OD
Q4. Which one is the most realistic? (Multi-choice)
OA OB OC OD

(1) ustration of user study

100 93.594.8

g 91.2 91.792.5 90.6
g 9 88.2.. gs. 688.2. 36.087.488.7
O
I | m (1]
Action alignment  Sequence alignment Realism (Q4)
(Q1&2) (@3)
B MoMask ®BAMM mATM ATM+MotionDiffuse

(2) Results of user study

Figure 4. User study. In (1), A, B, C, D denote motion videos gen-
erated by different methods. In (2), the action alignment score is
calculated as the ratio of users’ responses to Q2 relative to Q1. The
sequence alignment score and realistic quality are derived from the
statistical analysis of users’ answers to Q3 and Q4, respectively.

fectiveness of our approach.

User study. We conducted a user study to evaluate the sub-
ject quality of motion generation. Two questionnaires were
designed, each containing 25 groups of randomly selected
text descriptions paired with four motion sequences gener-
ated by MoMask, BAMM, ATM and MotionDiffuse. Fig. 4
(1) shows an example, where Q1 and Q2 assess action-level
alignment, while Q3 evaluates sequence-level alignment.
Notably, even if all desired actions are correctly generated,
the overall sequence may still misalign with the text due to
incorrect ordering or the inclusion of undesired actions. We
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R-Precision

“a person goes upstairs then downstairs” B Emse Linter Lintra (Top ) 1 FIDL MMDisty Dhversiy
v X X 0.425 0570  3.635 9.761
’ A B ’ c ‘ D ‘ v v X 0.502 0.343 3.071 9.592
v x 4 0.476 0.376 3.125 9.652
Q1. The given text describes|:| desired actions. v v v 0.519 0.320 3.032 9.463

Table 3. Ablation study of loss functions on HumanML3D.

distributed the questionnaires through public social chan-
nels. A total of 20 users participated in the study, and each
participant was randomly assigned to one of the two ques-
tionnaires. Most participants are postgraduate students or
researchers with expertise in computer vision, which helps
ensure the reliability of the evaluation results. The results
presented in Fig. 4 (2) show that, compared to MoMask
and BAMM, ATM and ATM+MotionDiffuse achieve obvi-
ously higher scores in both action and sequence alignment,
along with slightly higher realism scores. This demon-
strates that our method can substantially improve alignment
quality while preserving high fidelity in generated motions.

4.3. Ablation Study

Inter-motion and intra-motion alignment. Table 3
presents the results of the ablation study on L;,¢, and
Lintre. The removal of either L;,i0r OF Lintrq leads to
a noticeable decline in performance across all four evalu-
ation metrics. Additionally, Fig. 5 showcases motion se-
quences generated by models trained without these respec-
tive losses. In the first row, the model trained solely with
Lomse generates the action “bring arms down” for both in-
put texts, even though it is not specified in text (2), indi-
cating an inter-motion misalignment issue. When L;, e
is introduced, as shown in the second row, this unintended
action is corrected in (2). However, key actions such as
“clap”, “stand”, “turn” and “walk away” are still missing,
revealing an intra-motion misalignment issue. By further



(2) “a man is kneeling and waving his hands
in the air, stands, turns and walks away”

(1) “a person brings arms down,
claps, walks forward and then sits
down”

Lmse
[e—
sit down arms down A kneel E3 waving
E clap K walk forward Estand E turn E walk away
9 oa >
| A
Lmse
+
Linter
—_— L —
sit down [ walk forward  arms down waving [ kneel
E clap Ed stand E turn E3 walk away
Linse
+
Linter
+
Lintra sit walk M clap B4 arms % waving 4 stand [ turn
(ATM) down  forward down kneel walk away

Figure 5. Motion sequences generated by different components of
our method. Darker colors indicate motion progression.

incorporating L;,+q, the model successfully captures these
missing semantics, achieving accurate alignment in the last
row. These results not only validate the effectiveness of
inter-motion and intra-motion alignment, but also demon-
strate their complementary roles in enhancing alignment.

Adaptive semantic margin. To evaluate the effectiveness
of the adaptive semantic margins, we compare them with
fixed-margin baselines, as shown in Table 4. Adaptive mar-
gins yield substantial improvements by dynamically adjust-
ing to each negative pair based on their semantic relation-
ship and degree of misalignment. This enables more flexi-
ble separation of semantically contradictory examples while
preserving meaningful semantic correlations.

Comparison with metric learning techniques. We also
compare L; ., With other metric learning losses in Table
5. Contrastive loss [23] maximizes the ratio of positive-
to-negative similarity in the text-motion embedding space.
Triplet loss [37] ensures the distance between negative pairs
exceeds that of positive pairs by a set margin across all
example pairs, while hard triplet loss [11] leverages only
the closest negative example, and DropTriplet loss [51] ex-
cludes negative examples with high similarity to the an-
chor. To facilitate a fair comparison, we integrate each
of these losses into our baseline to replace L, ¢er-, remove
Lintra, and apply the proposed adaptive margin across all
triplet-based losses. In this setup, the primary difference
between Lt and the other triplet losses lies in the selec-
tion of negative examples. The results show that L£;,,;., sig-
nificantly outperforms alternative losses, underscoring its
effectiveness in identifying semantically meaningful mis-
alignments tailored to T2M.
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Margin Imer—motimll i Intra—mmimll i
Topl1t FID| Diversity » | ToplT FID| Diversity —
¢=1 0.323 1572 9.659 0349  1.795 9.875
¢=5 0.342 1563 9.752 0.389 2754 9.735
¢=10 0.420  0.982 9.843 0.342  1.853 9.844
¢=20 0346 1.825 9.855 0286  0.955 9.746
Adaptive (ours) | 0.519  0.320 9.463 0.519  0.320 9.463

Table 4. Comparison between the adaptive margin and predefined
margin values on HumanML3D.

Loss R(';);;CE“T’“ FID| MM-Dist] Diversity —
Contrastive [23] 0473 0352 3.348 9.635
Triplet [37] 0420 0682 4342 9.843
Hard triplet [11] 0382 0536  5.675 9.675
DropTriplet [51] 0467 0433 3215 9.732
Linter 0.502 0343 3.071 9.592

Table 5. Comparison between Lin+er and other metric learning
losses on HumanML3D.

5. Limitations

The limitations of our approach are discussed below.

1) Our alignment losses are applied in a continuous text-
motion embedding space obtained via a motion encoder.
Therefore, the generated motion representation must be dif-
ferentiable to allow gradient back-propagation from the em-
bedding space to the motion generator. However, VQ-VAE-
based T2M models (e.g., MoMask) operate on discrete mo-
tion tokens, where the mapping from token prediction (via
argmax) to the learned codebook is non-differentiable. As a
result, directly applying our alignment losses to the token-
level prediction is infeasible, since gradients cannot flow
through the discrete quantization process.

2) The intra-motion alignment relies on the assumption
of temporal alignment between generated and real motions.
Temporal misalignment could impact the accuracy of simi-
larity computations between generated and real clips.

Future work will address these limitations by 1) explor-
ing reparameterization strategies to enable optimization and
enhance compatibility with discrete motion representations,
and 2) developing mechanisms to ensure temporal align-
ment across motion clips.

6. Conclusion

In this paper, we propose a simple yet effective text-to-
motion framework, Aligned Text-to-Motion (ATM), to sig-
nificantly improve semantic alignment in human motion
generation. ATM introduces two complementary compo-
nents: an adaptive inter-motion alignment mechanism that
corrects global semantic inconsistencies across motion se-
quences, and an intra-motion alignment strategy that refines
local misalignment at the clip level using unsupervised se-
mantic proxies. Extensive experiments demonstrate that our
method can be integrated with various T2M models to con-
sistently enhance their generation and alignment quality.
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