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Abstract. Retrieval-Augmented Text-to-Motion (RAG-T2M) models
have demonstrated superior performance over conventional T2M ap-
proaches, particularly in handling uncommon and complex textual de-
scriptions by leveraging external motion knowledge. Despite these gains,
existing RAG-T2M models remain limited by two closely related factors:
coarse-grained text-motion retrieval that overlooks the hierarchical struc-
ture of human motion, and underexplored mechanisms for effectively
fusing retrieved information into the generative process. In this work,
we present ReMoMask, a structure-aware RAG framework for text-to-
motion generation that addresses these limitations. To improve retrieval,
we propose Hierarchical Bidirectional Momentum (HBM) contrastive
learning, which employs dual objectives to jointly align global motion
semantics and fine-grained part-level features with text. To bridge the
gap between structured retrieval and generation, we introduce Topology
Structured Masking (TSM), a training strategy that adaptively masks
motion tokens based on semantic relevance, forcing the model to learn
robust part-level grounding. Furthermore, we design Semantic Spatial-
Temporal Attention (SSTA), a topology-aware fusion module that inte-
grates retrieved knowledge via an asymmetric attention mechanism. Ex-
tensive experiments on HumanML3D, KIT-ML, and SnapMoGen demon-
strate that ReMoMask consistently outperforms prior methods on both
text-motion retrieval and text-to-motion generation benchmarks.

Keywords: Text-to-Motion generation - Retrieval-Augmented Genera-
tion - Text-motion retrieval

1 Introduction

Human motion generation has attracted increasing attention due to its wide
applicability in gaming, film production [31], virtual reality, and robotics. By
synthesizing realistic and diverse human motions, these methods aim to signifi-
cantly reduce the cost of manual animation while improving the efficiency and
flexibility of content creation. Among various paradigms, text-to-motion (T2M)
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Fig. 1: Overview of ReMoMask.

generation has emerged as a particularly intuitive setting, where a natural lan-
guage description is directly mapped to a sequence of human joint movements.

Existing T2M methods can be broadly categorized into two lines of research.
The first line consists of conventional T2M models, which focus on strengthening
the generative backbone itself. Representative approaches include generative ad-
versarial networks (GANs) [1H5], variational autoencoders (VAEs) [13], diffusion
models , visual-language models , motion language models , and
masked generative models @ In particular, masked generative models
such as MMM and MoMask discretize motion sequences into tokenized
representations and perform masked token prediction, achieving high-fidelity and
temporally coherent motion synthesis.

The second line of work, known as retrieval-augmented T2M (RAG-T2M),
enhances generation by retrieving relevant motion—text pairs from an external
database and injecting the retrieved evidence into the generative process. By
conditioning generation on exemplar motions, RAG-based approaches improve
robustness to uncommon or complex textual inputs. Representative methods
include ReMoDiffuse [29], which performs retrieval via text—text similarity us-
ing CLIP , and ReMoGPT |26], which adopts a cross-modal text—motion

retriever.

Despite their promising performance, existing RAG-T2M methods implic-
itly treat retrieval and fusion as independent modules and largely ignore the
structural consistency between retrieval alignment and motion representation.
Through careful analysis, we identify two fundamental design axes in retrieval-
augmented motion generation:

(1) Structural granularity of alignment. As shown in Tab. most
text—motion retrieval methods rely on contrastive learning to align global motion
embeddings with text [18]/19]. However, human motion is inherently hierarchical,
organized by skeletal topology and body-part dependencies. Purely global align-
ment overlooks fine-grained part-level semantics (e.g., left /right limbs or asym-
metric actions), limiting retrieval discriminability. Although some works
encode part-level motion features, these representations are typically aggregated
without part-level cross-modal alignment, weakening structured correspondence.
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Table 1: Comparison of different architecture designs.

Method Retrieval Generation
Global Align | Part Align | Momentum Fusion [ Latent

MDM [24] - - - concat 1D
T2M-GPT |[28] - - - concat 1D
MoMask |7] - - - concat 1D
MARDM |[17] - - - concat 1D
LaMP |15] - - - cross-attn 1D
TMR |19] v X X concat 1D
MoRAG |[12] X X X cross-attn 1D
ReMoGPT [26] v X X concat 1D
ReMoDiffuse |29 v X X cross-attn 1D
Ours v v v SSTA 2D

(2) Structural compatibility of fusion. As depicted in Tab. |1} existing
RAG-T2M methods often adopt simple concatenation or vanilla cross-attention,
without systematically examining how motion latent structure (e.g., 1D vs. 2D
spatial-temporal tokens) interacts with fusion mechanisms. This mismatch be-
tween retrieved information and motion representation can limit generation qual-
ity.

These observations suggest that performance improvements in RAG-T2M are
not merely determined by stronger individual modules, but by whether retrieval
alignment and fusion design are structurally consistent with motion topology.

In this work, we propose ReMoMask, a retrieval-augmented masked gen-
erative framework for text-to-motion generation. To address alignment granu-
larity, we introduce Hierarchical Bidirectional Momentum (HBM) alignment,
a structured contrastive learning framework that jointly supervises instance-
level (global) and part-level bidirectional text-motion correspondence under a
momentum-based paradigm.

To ensure structural compatibility during semantic conditioning, we con-
duct a systematic study (provided in Sec. on motion latent representations
and fusion strategies. Our analysis reveals that preserving motion as 2D spa-
tial-temporal tokens, rather than flattening them into 1D sequences, signifi-
cantly improves semantic injection and generation stability. Motivated by this
observation, we design Semantic Spatial-Temporal Attention (SSTA), an atten-
tion mechanism tailored to inject retrieved motion semantics into the generative
backbone. Meanwhile, to further strengthen structural modeling within this 2D
formulation, we adopt a Topology Structured Masking (TSM) strategy, allow-
ing the network to learn richer topological dependencies across body parts and
time.

Our contributions are summarized as follows:

— We identify two key structural design axes—alignment granularity and fusion
compatibility—in text-to-motion generation, and demonstrate that enforcing
structural consistency across alignment, representation, and fusion is critical
for high-quality motion synthesis.
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— We propose HBM, a hierarchical bidirectional momentum alignment frame-
work that explicitly models both global and part-level text—motion corre-
spondence, enhancing fine-grained semantic grounding.

— We design SSTA, a topology-aware spatial-temporal attention mechanism
built upon structured 2D motion tokens, together with a TSM masking
strategy that strengthens topological dependencies across body parts and
time.

— Extensive experiments on HumanML3D, KIT-ML, and SnapMoGen show
that ReMoMask achieves state-of-the-art performance in both motion gen-
eration and cross-modal retrieval, validating the effectiveness of structure-
aware masked modeling.

2 Related Work

2.1 Text-to-Motion Generation

Text-to-motion (T2M) generation aims to synthesize realistic human motion
sequences conditioned on natural language descriptions. Early approaches ex-
plored adversarial learning to establish text—motion correspondence. With the
introduction of vector quantization, TM2T [9] and T2M-GPT [28] discretized
motion sequences and leveraged autoregressive transformers for semantic con-
trol. However, autoregressive decoding often suffers from error accumulation.

Recent advances focus on improving motion representation and generation
paradigms. MoMask [7] introduces hierarchical residual quantization and masked
bidirectional transformers for parallel decoding, achieving strong performance on
HumanML3D. Diffusion-based methods |11},23] further enhance generation qual-
ity via non-autoregressive denoising processes. MotionGPT [11] unifies multiple
generation tasks under a discrete autoregressive framework.

Beyond backbone improvements, several works investigate fine-grained mo-
tion structure modeling. ParCo [32] discretizes whole-body motion into part-level
components (limbs, backbone, root) to establish structured priors.

2.2 Retrieval-Augmented Text-to-Motion

Retrieval-augmented generation (RAG) has been extended beyond NLP to multi-
modal domains, including motion generation |12l{16126l29]. In retrieval-augmented
T2M (RAG-T2M), relevant motion—text pairs are retrieved from an external
database and injected into the generative backbone to improve robustness under
complex or rare textual conditions.

Existing approaches typically rely on global contrastive alignment between
text and motion embeddings [18,[19]. For instance, ReMoDiffuse |29] performs
retrieval based on text—text similarity to indirectly guide generation, while Re-
MoGPT [26] introduces part-aware encoders for cross-modal retrieval. However,
these methods often aggregate part features without explicit bidirectional cross-
modal supervision, leaving fine-grained structural correspondence between text
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descriptions and specific body parts underexplored. Furthermore, regarding the
integration of retrieved information, prior works commonly adopt feature con-
catenation or standard cross-attention |26,29] without systematically consider-
ing the compatibility between the retrieved evidence and the underlying motion
latent topology. The impact of motion representation structures on fusion effec-
tiveness remains largely uninvestigated.

3 Design Principles of Retrieval-Augmented Motion
Generation

While retrieval-augmented T2M meth-
ods show promise, the interplay be-
tween motion representation and fu-

Table 2: Comparison of different latent
structures and fusion strategies.

sion strategy remains underexplored. —_Generator | Latent | Fusion | FID| Topl?

We investigate two key design axes: \p | concat | 005701 | 0.511%005
(1) motion latent topology (1D se- . crossAttn | 0.043%00 | 0.525% 0%
quence vs. 2D spatial-temporal grid) op | comeat | 0.049%007 | 0.518%0%3
and (2) fusion mechanism (concate- crossAttn | 0.036%005 | 0.536+002

nation vs. cross-attention).

Using MoMask [7] as a backbone generator, we systematically vary these axes
while fixing other components. We construct both 1D (z14) and 2D (z24) latents,
integrating retrieved embeddings (R,,, R: from ReMoDiffuse |29]) via concate-
nation or cross-attention. All evaluations are performed on the HumanML3D
benchmark.

As summarized in Tab. [2] shifting to 2D latents and adopting cross-attention
yields consistent improvements. The optimal configuration combines 2D repre-
sentation with cross-attention, revealing that effective retrieval injection hinges
on preserving the spatial-temporal topology while enabling structural interaction.
These dual findings directly motivate our SSTA module, which is explicitly
designed to fuse retrieved semantics with motion tokens via structure-aware
cross-attention over a 2D latent grid.

4 Methodology

4.1 Overview

As illustrated in Fig. [T} our framework follows a retrieval-augmented generation
paradigm. We first employ Hierarchical Bidirectional Momentum (HBM)
learning to align text and motion at both instance and part levels, constructing a
hierarchically organized embedding space for accurate retrieval. During training,
we utilize Topology Structured Masking (TSM), a structure-aware masked
modeling objective that adaptively modulates masking probabilities based on
hierarchical relevance to strengthen part-level grounding. Given an input text
prompt z, relevant motion-text pairs are retrieved from this structured space to
obtain reference embeddings (R,,, R;), which are then injected into the generator
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Fig.2: Framework of ReMoMask. (a) Hierarchical Bidirectional Momentum
(HBM): Constructs a structured embedding space via instance and part level con-
trastive alignment with momentum encoders. (b) Topology Structured Masking
(TSM): Generates adaptive masks based on body-part similarity to prioritize recon-
structing semantically deficient regions. (¢) Semantic Spatial-Temporal Attention
(SSTA): Injects retrieved semantics via an asymmetric Q-K-V design, where se-

mantics modulate attention (Key) while motion topology is preserved in synthesis
(Query/Value).

via our proposed Semantic Spatial-Temporal Attention (SSTA) to enable
topology-aware semantic conditioning over 2D motion tokens.

4.2 Hierarchical Bidirectional Momentum

Hierarchical Motion Decomposition. As shown in Fig. [2h, we decompose
motion m into K = 6 semantic parts (e.g., arms, legs, backbone, root), denoted
as m*. Given a batch {(x;,m;)}E ,, we encode text, global motion, and part
motions into a shared space:

ti= fr(x), 9= falm), pigx=fo) (mh), (1)

where fr, fa, and fl()k) are the respective encoders.

Momentum-Based Structured Contrast. To stabilize training and enlarge
the negative set, we maintain momentum encoders with parameters updated via
exponential moving average:

07 pb” +(1—p)b, (2)
where 6 and 6~ denote online and momentum parameters. The resulting mo-

mentum embeddings (¢;,g; ,p;k) are stored in a queue Q serving as negative
keys.
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Contrastive Objective. Using cosine similarity sim(-,-) and temperature
7, we define the positive term P(q,k) = exp(sim(q, k)/7) and negative sum
N(q) = > - coexp(sim(q, k7)/7). The InfoNCE loss is:

P(q, k)

InfoNCE(q, k) = —log Pk NG (3)

Bidirectional Alignment. We enforce bidirectional alignment at the instance

level:
B

1
Lin = 3 Z} (InfoNCE(ti, i)+ InfoNCE(gi,ti)>, (4)
and further align text with each part representation to preserve fine-grained
semantics:

B K
Lot = LK 2_:1 ; (InfoNCE i+ pik) + InfoNCE (p, 1, t )) (5)

Final Objective. The total HBM loss combines global and part-level super-
vision:

LusM = Linst + ApLpart- (6)

This hierarchical supervision yields a structurally consistent embedding space
for precise retrieval.

4.3 Topology Structured Masking

To fully exploit the hierarchical structure learned by HBM during generation,
we introduce Topology Structured Masking (TSM) as a structure-aware
training objective. Unlike conventional uniform random masking that ignores
semantic relevance, TSM adaptively modulates masking probabilities based on
the hierarchical text—motion alignment established by HBM, ensuring the gen-
erator focuses on semantically critical body parts.

Hierarchical Semantic Relevance. As shown in Fig. 2b, given a text em-
bedding ¢; and part-level motion embeddings {p;  }2_; from HBM, we compute
part-level relevance weights:

a; 1, = SoftMaxy, (Sim(ti,pi7k)), (7)

where «; 1 reflects the semantic alignment strength between the input text and
the k-th body part.
Topology-Aware Mask Distribution. We define the masking probability
for each body part as:

i,k = Tbase * (1 - ai,k)a (8)

where mp.se is a global masking ratio. This strategy ensures that semantically
aligned parts are preserved as structural anchors, while less relevant parts are
masked aggressively. By protecting these core semantic features from corruption,
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we force the generator to learn how to coordinate global motion conditioned on
the key body parts specified by the text, rather than attempting to hallucinate
critical semantics from context. These part-level probabilities are then propa-
gated to the 2D spatial-temporal token grid (J x T) according to the skeletal
partition, such that all joints belonging to part k share the probability m; ;.
Structured Masked Modeling Objective. During training, tokens are
masked according to 7; j and replaced by a learnable mask token. The generator
is optimized to reconstruct the original latent codes z:

ETSM = Ez [”Zpred - ZHmaSked] . (9)

By aligning the masking distribution with semantic relevance, TSM forces the
model to focus on reconstructing critical body parts, thereby enhancing part-
level grounding and structural consistency.

4.4 Semantic Spatial-Temporal Attention

Unlike conventional cross-attention that treats retrieved features as uniform to-
kens, we design Semantic Spatial-Temporal Attention (SSTA) to explic-
itly respect the 2D spatial-temporal organization of motion latents through an
asymmetric injection mechanism.

We represent motion as a 2D joint-time token grid, flattened into latent
sequences z € REXNXd (where N = T - J). As illustrated in Fig. , SSTA
decouples the roles of semantic conditioning and motion synthesis across the
Key and Value pathways.

Query: Motion-Centric Focus. To preserve the structural integrity of the
generation process, the Query is derived solely from the current motion latents:

Q =Wz, (10)

ensuring that attention computation remains anchored in the spatial-temporal
topology of the motion being generated.

Semantic Reference Construction. We compress the multi-modal retrieval
context (prompt ¢, retrieved text Ry, and retrieved motion R,,) into a compact
semantic token:

hsem = MLP(concat|[t; Ry; Ry)), (11)

where hgem € RE*1X4 serves as a global modulation signal rather than a sequence
of tokens.

Key: Topology-Aware Gating. The Key pathway integrates both motion
states and semantic context to determine where to attend:

K = Wy - concat(z, hsem) - (12)

By injecting hgsem only into the Key, semantic information modulates the atten-
tion weights without directly overwriting the motion representation.
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Table 3: Results of text-to-motion and motion-to-text retrieval benchmark
on HumanML3D, KIT-ML, and SnapMoGen datasets. T indicates Results are
reproduced by us following the descriptions in the original paper, as no official imple-
mentation is publicly available. Best results are highlighted in bold, and second-best
results are underlined.

Benchmark | Methods Text-tq—motiop retrigval hrlotioq—to-text retrigval
R@1tT R@21 R@3t R@51 R@101T MedR||R@11 RQ21 R@31 R@51 R@10T MedRY
TEMOS [18] 212 4.09 5.87 826 13.52 173.00| 3.86 4.54 6.94 9.38 14.00 183.25
TMR (19 5.68 10.59 14.04 20.34 30.94 28.00 | 9.95 12.44 17.95 23.56 32.69 28.50
HumanML3D|MotionPatches' [25]/10.80 14.98 20.00 26.72 38.02 19.00 |11.25 13.86 19.98 26.86 37.40 20.50
ReMoGPT' [26] 11.00 17.02 22.18 29.48 43.43 14.00 |[12.25 14.95 21.45 28.34 39.11 19.00
HBM (Ours) 18.49 21.20 25.63 32.40 46.27 12.00 14.83 17.63 25.60 30.75 44.61 16.00
TEMOS |[18] 7.11 13.25 17.59 24.10 35.66 24.00 |11.69 15.30 20.12 26.63 36.39 26.50
TMR (19] 7.23 13.98 20.36 28.31 40.12 17.00 |11.20 13.86 20.12 28.07 38.55 18.00
KIT-ML MotionPatches' [25]/14.02 21.08 28.91 34.10 50.00 10.50 |13.61 17.26 27.54 33.33 44.77 13.00
ReMoGPT? (26 13.42 17.65 22.24 32.30 44.68 12.50 |11.93 14.12 21.59 30.54 39.68 16.50
HBM (Ours) 16.75 23.10 30.50 37.56 52.20 8.50 12.14 16.36 25.64 35.58 46.15 14.00
TEMOS [18] 5.03 851 10.79 14.48 20.36 42.00 | 4.72 6.67 7.95 10.11 16.74 64.00
TMR (19] 7.29 11.80 14.43 18.82 27.39 28.50 | 8.03 10.22 13.49 20.91 29.06 33.00
SnapMoGen |MotionPatches' [25]| 8.92 14.75 18.13 25.46 34.95 19.00 | 9.08 12.24 14.73 22.42 33.52 25.50
ReMoGPT? |26 8.15 13.27 16.05 24.72 33.48 20.50 | 9.94 13.55 16.41 23.87 35.53 23.00
HBM (Ours) 12.43 17.84 22.54 28.22 42.83 16.50 11.62 15.35 19.32 26.18 39.41 19.00

Value: Motion-Domain Synthesis. The Value pathway focuses on what in-
formation to synthesize, combining current latents with retrieved dynamic priors:

V =W, - concat(z, Ry). (13)

Here, R,, provides concrete motion details from the database, while z ensures
continuity with the current generation state. Notably, textual semantics (¢, Ry)
are excluded from Value to prevent domain mismatch.

Output. The final output is computed via standard scaled dot-product atten-
tion:

T

Output = SoftMax (QK) V, (14)
Vd

which is then reshaped back to the 2D grid structure. This asymmetric design en-

sures that retrieved semantics guide the attention focus (via Key) and enrich the

motion content (via R,, in Value), while strictly preserving the spatial-temporal

topology of the generative backbone.

5 Experiment

5.1 Dataset and Evaluation Metrics

We evaluate our model on HumanML3D |[§], KIT-ML |21], and SnapMoGen |[6]
datasets. The HumanML3D consists of 14,616 motions and 44,970 texts, while
KIT-ML consists of 3,911 motions and 6,278 texts. The SnapMoGen is the largest
available dataset, comprising 20,450 motions and 122,565 texts. The motion fea-
ture dimensions are 263, 251, and 296 for HumanML3D, KIT-ML, and SnapMo-
Gen, respectively. HumanML3D and KIT-ML are split into training, validation,
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Fig. 3: Heatmap of similarity matrix. The diagonal represents positive pairs, with
darker colors meaning higher semantic similarity, conducted on HumanML3D.

and test sets with a ratio of 0.80:0.05:0.15, while SnapMoGen uses a split of
0.85:0.05:0.10.

Evaluation Metrics. For text—motion retrieval, we report Recall at different
ranks (R@1, R@2, R@3, R@5, and R@10), which measures the proportion of
queries whose ground-truth match appears within the top-k retrieved results. We
also report the median rank (MedR), where lower values indicate better retrieval
performance. For motion generation, following prior work , we evaluate
text-to-motion (T2M) performance from three perspectives: (1) motion quality,
measured by the Frechet Inception Distance (FID); (2) generation diversity,
evaluated using Diversity and Multi-Modality (MModality); and (3) text—motion
alignment, assessed by R-Precision at top 1/2/3 and the Multi-Modal Distance
(MM Dist).

5.2 Implementation Details

For the motion representation, we use a pretrained 2D-RVQ-VAE with 6
quantization layers, each contraining a codebook of 512 codes of 512-dimensios.
For the topology structured masking, we set mpese to 0.5. For the text—motion
retrieval model, the motion encoder employs a 4-layer transformer for each body
part, with both part-level and instance-level motion embeddings set to 512 di-
mensions. The text encoder is a frozen pretrained CLIP ViT-B/32 model
with one additional trainable transformer layer, shared across all models. For the
motion masked model, the SSTA is set to have 6 layers, 8 heads, and 512 latent
dimensions. The retrieval model is trained for 200 epochs on a Tesla A800 GPU,
with a Ap of 1, a batch size of 128, a queue size of 65,536, and a momentum g
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Table 4: Quantitative evaluation on HumanML3D, KIT-ML, and SnapMo-
Gen datasets. We repeat the evaluation 20 times and report the average with 95%
confidence interval. Results marked with { are reproduced following the original paper,
as no official implementation is publicly available. Bold and underline indicate the
best and the second best results.

‘ R-Precisiont ‘ . . ; .
‘Methods Framework‘ Top 1 Top 2 Top 3 ‘ FID] ‘MMDIST,L‘ Diversity— ‘MModal)tyT
‘Real ‘ - ‘0.5111.003 0.703%£003 (9 7g7+-002 ‘ 0.002%0-000 ‘2'97410.008‘ 0.503%0-065 ‘ _
MDM _ _ OAﬁlli‘“m 0.544i“'M 55661.027 9.5591.086 2.799i'072
T2M-GPT 0.492%09% 0,679%002 0.775%:092 | 0141000 | 3.1215999 | 9761073 | 1 856+00
& [MoMask 0.521%00% 0.713%002 0.807+:092 | 0.045%002 | 2.958%008 | 9.589%03 | ] 9474040
= I\/IOGSIIT t2n1 0.529:&'0[‘3 0‘7191.!)()2 0‘8121.0!)2 0l033;t.!)(|1 2.867i'”“(’ 9.5701.!)77 1.2051.!)43
%MoMaskJrJr 0.517%:002 (.709%:002 (.803%:202 | 0.069% 093 | 2.948%F-007 | 9.611%:032 | 1,192%-053
£ [MARDM 0.5005°%% 0.695509% 07955093 | 0.114%007 | 2.9455001 | 9 718%081 | 3931407
= LaMP 15 0557;&.()[!3 07511v(102 08431.(!()1 0032;&.()02 27591.007 q571i.l)69 2794;&.()41
ReMoDiffuse 29 0.510F005 ,698%:006 (. 795%-004 | (,103+004 | 2974016 | 9 018+:075 | 1 795%:043
ReMoGPTT 0.501:&'0[‘3 04688i'“03 0‘7921.0!)5 0.205:&'023 2.9291.02(! 9.763i'05“ 2l816;t.!)(|3
RI\IDT RAG—thI Ol524i.002 0‘7151.002 0A811i‘“01 01111.005 2}579;&.006 9‘5271.090 2l604i.081
MoRAG-Diffuse 0.511%093 0,699+ 003 0.792%+002 | 0.270%010 | 2.950=001 | 9.536%+ 101 | 2.773* 01
ReMoMask(Ours) 0.5661°°4 0.763%°05 0.850%°04 0.026%°°2 2.867°10 | 9.585% 053 2 .835%005
‘Real ‘ - ‘0.4241.005 0.649%:006 () 779£:006 | (3 )31+0.004 |9 7gg+0.012| 11 (1g(%0.97 _
MDM - - 0.396%-00% | 0.497%:021 | 9.191%:022 | 10.847%109 | 1.907%214
T2M-GPT 0.41650%6 0,627%0%6 0.745%:09 | 0.514%0% | 3.00759%% | 10.860% 07 | 1.798+ 157
MoMask 0.433%:007 (,656%:00° (.781%:00% | 0.204% 011 | 2,779%:022 | 10.203%:038 | 1,131%:043
EI\'IOGGIII t2m 0l445i.l)[|6 0‘6711.!)06 OA7971.(!()5 01431.[)()’1 2A711i'”24 10‘9181.(!‘3() 1.4931.()2’1
£ |MoMask-+ 0.428%:008 (0,628%:006 (07555007 | (0,194F:016 | 2.814%+:006 | 10,927%+:101 | 1 947+:040
& [MARDM 0.3875096 0,61050°6 0.749%:09 | 0.242%0M | 2.970%052 | 10.891F0% | 1 3124058
LleIP 15 0,479i")[‘£i 04691i'“05 04826i'm)5 0.141:&'013 2'7041.018 10.9291.101 1‘9731.071
ReMoDiffuse 29 0.427F01 ,641%F:001 (765055 | 0.155%09 | 2.814F012 | 10.800%10% | 1.239+:028
REA'IOGPC[‘T 0l376;t.l)[|6 04585i'“04 0:7341.(!!)5 0l425i.022 2;;351.[!!]9 10‘7121.(!‘32 1.362i")2‘]
RMD' RAG-t2m | 0.433%907 (.652%005 ( 776%:004 | (9.320%019 | 2863015 | 10.879% 110 | 1 3647%100
MoRAG-Diffuse 0.330%:008 0,542%:007 (0675500 | ,614%:013 | 3.251F:022 | 10.244%992 | 1,268%:01°
ReMoMask(Ours) 0.483%:99¢ 0,698+005 0.835+005 (.131%:004 2.882%:010 | 1(.922%:043 1 g78+-005
‘Rcal ‘ _ ‘0.9401.001 0.976+:901  (.985%:001 | .001£000 | 835%-001 | 19 849+ 063 _
MDM [24] 0.503%002 0,653+ 002 .727%002 | 57.783+092 | 8 627+:012 | 18.701*04 |13.412+ 231
T2M-GPT 0.618%00% 0773002 0.812:90 | 32,620+ 057 | 6.85550%2 | 18.513%:0% | 9.179% 181
§ | MoMask 0.777%:0020.888%:092 0.927%:9°% | 17.404*0°1 | 3.819% 005 | 19,583 074 | 1834154
U MoGenl t2m 0l742;t.001 0‘8751.003 0“9121.004 23A927i.045 3A9231.006 19A457i.061 8.8411.197
§MoMask++ 0.802%01 0.905%-002  0.938%-001 | 15.060+9%° | 3.784%:000 |19 764%-027| 7.259%180
SMARDM 0.65900% 0.812%092 0,860+ | 26.878* 15! | 3.947%:099 | 19.598%019 | 9 g1+ 287
{E LdI\/IP 15 0l711;t.0[|5 04803i'“0ﬁ 09001 003 191141 085 3.697i'”14 194618i'”37 9l325i.215‘1
R,eMoDiffuse 0.491:&'0”3 04673i'“07 047851.0!)2 684601 091 549301.029 18,753i'”4f’ 8.260i'215
ReMoGP'N 0l647i.l)[)2 0‘7931.!)04 04839i‘m)2 44‘1211.(1.16 4A883i‘m]8 1{}4351.(1“1 9l347i.459
RMD' RAG-t2m | 0.534+902 0.658%092 (.713%093 | 49.084%0% | 5.916+017 | 18.56602 | 7.559%273
MoRAG-Diffuse 0.597%:003 (.792%:002 (8355002 | 41 4175030 | 5.924%-036 | 18 9o7+:052 | g 97g+-247
ReMoMask(Ours) 0.811%904 0.917+:003 0,949+:002 13 509+ 041 3 459+007| 19,629+ 955  §.820* 186

of 0.999. The masked models are trained on 8 Tesla A800 GPUs for up to 2,000
epochs with a batch size of 64. All models are implemented in PyTorch.

5.3 Main Results

Evaluation of Motion Retrieval. We evaluate ReMoMask on text-motion
and motion-text retrieval on HumanML3D, KIT-ML, and SnapMoGen (Tab. ,
achieving state-of-the-art performance across all benchmarks. ReMoMask con-
sistently outperforms prior methods on HumanML3D and SnapMoGen, improv-
ing text-to-motion R@1 on HumanML3D by 68.09% over ReMoGPT (18.49
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Retrieval Generation
Ours TMR Ours ReMoDiffuse MoMask MARDM
@ backward @ backward @ backward
© stand
f -
A person moves A
backwards, sits down,
then stands back up. \|
a person steps back and to the 5 ‘
: person sits slowly on the floor
left and appears (o il then but then stands up again

stands up and steps forward.

- 4 € incomplete kick @ step back € step back
P ‘% @ step back © kick again

A person walks and 4 s
kicks someone, then X
steps back, and kicks \
again.

a person does two right side  a person kicks their right leg up

kicks, then 2 left front kicks  twice while hopping between

and finally two side left kicks feet, then punches their right arm

Q crawl Q crawl Q walk

© turn left @ crawl forwad
A person walks, stops,
and crawls forward
under an obstacle, then
stands and turns left
and continues to walk.

a person walks forwards then
gets down on their hands and
feet and slowly starts crawling
forward until getting back up.
Fig. 4: Qualitative comparisons. The darker colors indicate the later in time. The
motions generated by our method closely align with the descriptions, outperforming

others that exhibit degraded motions or improper semantics.

a person who was standing
and then crawling

vs. 11.00) and increasing R@1 on SnapMoGen from 8.92 to 12.43. On KIT-
ML, ReMoMask achieves the best performance at higher recall levels (R@5 and
R@10), indicating robust retrieval. Fig. [3| further shows that HBM yields clearer
diagonal structures with suppressed off-diagonal responses, confirming more ac-
curate and discriminative text-motion alignment.

Evaluation of Motion Generation. We evaluate motion generation perfor-
mance on the HumanML3D, KIT-ML, and SnapMoGen datasets, as illustrated
in Tab. @] ReMoMask consistently achieves strong motion generation perfor-
mance, as reflected by consistently lower FID scores compared to prior state-
of-the-art methods across all three benchmarks. On KIT-ML and SnapMoGen,
some baselines achieve slightly higher Diversity or MModality, which is expected
for retrieval-augmented generation methods that prioritize semantic alignment
and motion coherence.

Qualitative comparisons. We compare our method with others in Fig.
The visualizations demonstrate that our model achieves superior motion realism
and better text-motion alignment.

5.4 Ablation Study

Table 5: Ablation study on HumanML3D
dataset.

We conduct ablation studies on the
HumanML3D dataset to investigate
the impact of each component. Quan-
titative results reported in Tab.
show that all the proposed compo-
nents contribute greatly.

| FID| | Toplt |[MMDIST|
Baseline|0.054%:013]0.536+-003| 2 946+-004
-+ HBM |0.037%-021|(.547%:003| 2 8G2+-009
+ SSTA|0.031%:006]( 558+-004| 9 g79+-004
+ TSM |0.026%-907|0.565%:006| 2 837+-008
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Hierarchical Retrieval and Momentum Encoder. Tab. [f] presents a com-
plete retrieval ablation study on HumanML3D. Compared with single-level su-
pervision, hierarchical retrieval consistently achieves better performance, im-
proving text-to-motion R@1 from 7.32/11.50 (part/instance only) to 14.87 while
reducing MedR from 27.0/18.0 to 16.0, demonstrating the complementary ben-
efits of part-level and instance-level alignment. Furthermore, introducing the
momentum encoder consistently enhances retrieval quality, with the hierarchical
setting achieving the best overall performance, increasing text-to-motion R@1
from 14.87 to 18.34 and R@5 from 30.65 to 32.62. These results verify that hi-
erarchical supervision and momentum learning are complementary in learning
more robust cross-modal representations.

Table 6: Retrieval ablation analysis on HumanML3D dataset.

Momentum Hierarchical Level| Text-motion retrieval | Motion-text retrieval
Part Instance |R@1 1+ R@5 1T MedR [ |R@1 1+ R@5 1T MedR |

X v X 7.32 21.25 27.00 | 7.95 23.68 28.00

X X v 11.50 28.45 18.00 |11.41 27.19 19.00

X v v 14.87 30.65 16.00 | 13.78 28.68 18.50

v v X 7.98 21.44 26.00 | 8.12 23.26 27.50

v X v 12.67 30.95 16.00 | 13.27 29.46 17.50

v v v 18.34 32.62 12.50 |14.59 30.58 16.00

Generalization Across Backbones. We further evaluate the generalizabil-
ity of HBM by replacing the original retrieval encoder in ReMoDiffuse and Re-
MoGPT while keeping all other components unchanged. As shown in Tab.
HBM consistently improves both backbones, reducing FID from 0.103 to 0.091
on ReMoDiffuse and from 0.205 to 0.165 on ReMoGPT, while also yielding
consistent gains in Top-k accuracy. These results demonstrate the good trans-
ferability of the proposed hierarchical retrieval representation across different
generation architectures.

Table 7: Generalization across backbones on HumanML3D.

BaseModel  Encoder ‘ FID| Topl1 Top21 Top3t

Clip 0.103 0.510 0.698 0.795
HBM 0.091(-0.012) 0.515 0.708 0.799
Transformer 0.205 0.501 0.688 0.792
HBM 0.165(-0.040) 0.505 0.693 0.794

ReMoDiffuse

ReMoGPT

Masking Strategy. We compare the proposed Topology Structured Masking
(TSM) with the commonly used cosine scheduler masking in Tab. [8l TSM con-
sistently achieves better performance, reducing FID from 0.034 to 0.025 while
improving Top-1 accuracy from 0.556 to 0.567, demonstrating the effectiveness
of topology-aware masking for learning more coherent motion representations.
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Table 8: Comparison of masking strategies on HumanML3D.

Masking strategies | FIDJ Topl?T Top21 Top3?T

cosine scheduler masking 0.034 0.556 0.751 0.842
topology structured masking|0.025(-0.009) 0.567 0.764 0.848

Information Source. We inves-

tigate the roles of different infor- Table 9: The impacts of different informa-
mation sources within the SSTA tion source selections for key and value ma-
key and value matrices on the Hu- trices in SSTA on t2m task, conducted on
manML3D dataset. Under identical the HumanML3D dataset.
settings (Tab. E[), our results reYeal K Matrix|V Matrix FID, R-Precisiont MMDIST,
a clear functional asymmetry: enrich- ¢ £t fm|! Bt Bn Topl
ing the key matrix with retrieved in- v v v |v v v |0.0432%7) 0548 0% | 3,896 07

. . . +.005 2+ +.004 +.005
formation consistently improves per- ¥ ¥V ¥ | ¥ v |0104 0-506 2.865

TS . s v [0.027+:005 .562+:004 | 9 g77+.008
formance, indicating that the key pri- + 00 "+ oo 005
q b loctor that benefit v v V| 0.073+003 | 0.536%-003 | 2,879+-005
marily acts as a selector that benefits v 10.0062007 | 0.513+:005 | 9 g73+.005
from diverse reference signals. How- v 101942005 | oazgt012 | 3 949+.013

ever, constraining the value matrix
leads to better results, as injecting excessive or misaligned information into
values can degrade generation quality, suggesting that effective SSTA design
requires rich keys for attention selection and controlled values for stable infor-
mation aggregation.

Hyperparameters. We analyze the sensitivity of HBM contrastive training
to key hyperparameters on HumanML3D in Fig. |5| Larger queue sizes improve
retrieval by providing more negatives, while optimal performance is achieved
with moderate values of \p, temperature, and momentum, indicating a balanced
and stable training regime.

Database Coverage. We analyze the impact of database coverage on retrieval-
augmented motion generation by varying the percentage of the retrieval database.
As shown in Fig. [6a] increasing the coverage from 10% to 100% reduces FID from
0.073 to 0.026 while improving R-Precision from 0.502 to 0.566, demonstrating
that richer retrieval databases substantially enhance generation quality.
Efficiency Following |7], we evaluate the efficiency and quality of motion gen-
eration using various methods. The inference cost is quantified as the mean
inference time over 100 samples on a single Nvidia 2080Ti device. The result
in Fig. [6b] shows that ReMoMask offers better quality-efficiency trade-offs than
baseline methods.

6 Limitations

The performance of our framework depends on the quality and coverage of the
retrieval database. Building richer motion databases remains an important di-
rection for future work.
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Fig. 5: Sensitivity of contrastive training to key hyperparameters, conducted on Hu-
manML3D.
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Fig. 6: (a) Impact of database coverage. A richer retrieval database substantially
enhances generation quality. (b) Comparisons on FID and Inference Cost. All
the tests are conducted on a Nvidia2080Ti GPU.

7 Conclusion

In this work, we present ReMoMask, a retrieval-augmented masked model for
text-to-motion generation. To overcome the limitations of coarse-grained re-
trieval and ineffective fusion, we introduce Hierarchical Bidirectional Momentum
(HBM) for precise text-motion alignment and Topology Structured Masking
(TSM) to enforce structural consistency during training. Complemented by Sema-
ntic Spatial Temporal Attention (SSTA) for knowledge integration, ReMo-
Mask effectively bridges structured retrieval with high-quality generation. Exten-
sive experiments on HumanML3D, KIT-ML, and SnapMoGen confirm that our
method consistently outperforms state-of-the-art approaches in both retrieval
accuracy and motion fidelity.
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