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Motion Generation Challenges

Efficiency: Motion diffusion models are computationally expensive and slow during both
training and inference. Existing acceleration methods often rely on teacher models or
complex mechanisms, leading to overengineering and limited efficiency.

Scalability: Most motion diffusion models still depend on U-Net architectures and small
datasets, limiting their scalability, while transformer-based designs show greater potential
for large-scale generation.



Motion Frequency Observation
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Frequency Magnitude Observation
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FlashMo Architecture: MotionSiT
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Geometric Interpolants

Temporal-Spatial Factorized Interpolant

xt = αT (t)⊙ αS(t)⊙ x∗ + σ(t)ϵ

Lie Group Geodesics Interpolant

xt = Exp(α(t) · log(x∗) + σ(t) · ϵ)

Geometric Factorized Interpolant

xτ,st = Exp(αT (t)τ · αS(t)s · log(x∗τ,s) + σ(t) · ϵτ,s) Euclidean interpolant vs. Lie group
geodesics interpolant.



Scalability and Efficiency

(a) R-Precision Top-1 ↑ (b) R-Precision Top-2 ↑ (c) R-Precision Top-3 ↑

(d) FID ↓ (e) MM Dist ↓ (f) MModality ↑

Figure 6: Scaling trend. The figure demonstrates the scaling trends of different denoiser designs
(U-Net, DiT, SiT, and MotionSiT) with varying proportions of pretraining data. The results show
that our MotionSiT exhibits superior scalability and outperforms other methods.

Table 2: Interpolants design. The model is trained from scratch on HumanML3D [31]. The right
arrow → means that the closer to the real motion, the better. Bold indicates the best result.

Method R Precision ↑ FID↓ MM Dist↓ Diversity→ MModality↑
Top 1 Top 2 Top 3

Real 0.511±.003 0.703±.003 0.797±.002 0.002±.000 2.974±.008 9.503±.065 -

SBDM-VP 0.503±.002 0.705±.005 0.791±.003 0.094±.015 2.774±.009 9.642±.078 2.209±.063

Linear 0.535±.001 0.733±.004 0.837±.005 0.065±.009 2.744±.007 9.595±.069 2.449±.088

GVP 0.542±.005 0.741±.003 0.840±.001 0.058±.002 2.736±.008 9.588±.043 2.600±.039

FI (Linear) 0.544±.001 0.743±.003 0.842±.005 0.054±.002 2.732±.005 9.590±.077 2.659±.064

FI (GVP) 0.507±.005 0.710±.002 0.802±.006 0.089±.008 2.784±.001 9.632±.057 2.218±.067

LI (Linear) 0.551±.005 0.748±.001 0.844±.003 0.048±.002 2.730±.014 9.602±.047 2.705±.029

LI (GVP) 0.550±.001 0.745±.001 0.841±.003 0.044±.005 2.725±.012 9.633±.072 2.788±.075

GFI (Linear) 0.562±.004 0.754±.005 0.847±.005 0.041±.002 2.711±.006 9.614±.056 2.812±.046

4.4 Ablation Study

Scalability. To showcase our method’s scalability, we compare various denoiser architectures
against our backbone using different proportions of pretraining data. As shown in Figure 6, our
method consistently improves performance as data increases, demonstrating strong scalability and
generalization capability. This scaling trend shows promising results for 3D human motion generation,
as larger amounts of motion data can be acquired by HMR [28, 15] and MoCap [20, 36], highlighting
a promising direction for foundational motion generative models.

Interpolants design. The interpolant approach is one of the key innovations in FlashMo. Since we
propose the geometrically factorized interpolant, the choice of an appropriate interpolant function
becomes particularly important. Both score-based [69] and velocity-field diffusion models [54]
have explored different interpolant functions α(t) and variances σ(t), as discussed in Appendix A.1.
The results in Table 2 show that our geometric factorized interpolant with a linear interpolation
function significantly outperforms other interpolants. Furthermore, when leveraging the factorized
interpolant, the linear function exhibits a notable advantage compared to GVP, which contrasts
with SiT [54] where GVP demonstrates better performance. This is mathematically sound because
although factorization better aligns with the temporal-spatial structure of motion, combining it with
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Table 1: Comparison of text-to-motion generation on HumanML3D [31] and KIT-ML [61] datasets.
→ indicates the closer to real data, the better. Bold and underline indicate best and second best
results.

Method Venue AIT(s) ↓ R-Precision ↑ FID ↓ MM Dist ↓ Diversity → MModality ↑
Top-1 Top-2 Top-3

HumanML3D [31]

Real - - 0.511±.003 0.703±.003 0.797±.002 0.002±.000 2.974±.008 9.503±.065 -

MMM [60] CVPR 2024 0.081 0.504±.003 0.696±.003 0.794±.002 0.080±.003 2.998±.007 9.411±.058 1.164±.041

MoMask [30] CVPR 2024 0.120 0.521±.002 0.713±.002 0.807±.002 0.045±.002 2.958±.008 - 1.241±.040

BAMM [59] ECCV 2024 0.411 0.525±.002 0.720±.003 0.814±.003 0.055±.002 2.919±.008 9.717±.089 1.687±.051

MoGenTS [85] NeurIPS 2024 0.181 0.529±.003 0.719±.002 0.812±.002 0.033±.001 2.867±.006 9.570±.077 -

MotionLCM [17] (1-step) ECCV 2024 0.030 0.502±.003 0.701±.002 0.803±.002 0.467±.012 3.022±.009 9.631±.066 2.172±.082

MotionLCM [17] (2-step) ECCV 2024 0.035 0.505±.003 0.705±.002 0.805±.002 0.368±.011 2.986±.008 9.640±.052 2.187±.094

MotionLCM [17] (4-step) ECCV 2024 0.043 0.502±.003 0.698±.002 0.798±.002 0.304±.012 3.012±.007 9.607±.066 2.259±.092

EMDM [104] ECCV 2024 0.050 0.498±.007 0.684±.006 0.786±.006 0.112±.019 3.110±.027 9.551±.078 1.641±.078

Motion Mamba [99] ECCV 2024 0.058 0.502±.003 0.693±.002 0.792±.002 0.281±.009 3.060±.058 9.871±.084 2.294±.058

StableMoFusion [38] MM 2024 0.499 0.553±.003 0.748±.002 0.841±.002 0.098±.003 - 9.748±.092 1.774±.051

MotionLCM-V2 [16] (1-step) Preprint 2024 0.031 0.546±.003 0.743±.002 0.837±.002 0.072±.003 2.767±.007 9.577±.070 1.858±.056

MotionLCM-V2 [16] (2-step) Preprint 2024 0.038 0.551±.003 0.745±.002 0.836±.002 0.049±.003 2.765±.008 9.584±.066 1.833±.052

MotionLCM-V2 [16] (4-step) Preprint 2024 0.050 0.553±.003 0.746±.002 0.837±.002 0.056±.003 2.773±.009 9.598±.067 1.758±.056

Light-T2M [89] AAAI 2025 0.151 0.511±.003 0.699±.002 0.795±.002 0.040±.002 3.002±.008 - 1.670±.061

MotionPCM [41] (1-step) Preprint 2025 0.031 0.560±.002 0.752±.003 0.844±.002 0.044±.003 2.711±.008 9.559±.081 1.772±.067

MotionPCM [41] (2-step) Preprint 2025 0.036 0.555±.002 0.749±.002 0.839±.002 0.033±.002 2.739±.007 9.618±.088 1.760±.068

MotionPCM [41] (4-step) Preprint 2025 0.045 0.559±.003 0.752±.003 0.842±.002 0.030±.002 2.716±.008 9.575±.082 1.714±.062

FlashMo (Ours) - 0.027 0.562±.004 0.754±.005 0.847±.005 0.041±.002 2.711±.006 9.614±.056 2.812±.046

FlashMo w/ pretrain (Ours) - 0.027 0.568±.005 0.761±.002 0.851±.003 0.029±.002 2.703±.005 9.601±.073 2.851±.069

KIT-ML [61]

Real - - 0.424±.005 0.649±.006 0.779±.006 0.031±.004 2.788±.012 11.08±.097 -

MMM [60] CVPR 2024 - 0.404±.005 0.621±.005 0.744±.004 0.316±.028 2.977±.019 10.91±.101 1.232±.039

MoMask [30] CVPR 2024 - 0.433±.007 0.656±.005 0.781±.005 0.204±.011 2.779±.022 - 1.131±.043

BAMM [59] ECCV 2024 - 0.438±.009 0.661±.009 0.788±.005 0.183±.013 2.723±.026 11.01±.094 1.609±.065

MoGenTS [85] NeurIPS 2024 - 0.445±.006 0.671±.006 0.797±.005 0.143±.004 2.711±.024 10.92±.090 -

EMDM [104] ECCV 2024 - 0.443±.006 0.660±.006 0.780±.005 0.261±.014 2.874±.015 10.96±.093 1.343±.089

Motion Mamba [99] ECCV 2024 - 0.419±.006 0.645±.005 0.765±.006 0.307±.041 3.021±.025 11.02±.098 1.678±.064

StableMoFusion [38] MM 2024 - 0.445±.006 0.660±.005 0.782±.004 0.258±.029 - 10.94±.077 1.362±.062

Light-T2M [89] AAAI 2025 - 0.444±.006 0.670±.007 0.794±.005 0.161±.009 2.746±.016 - 1.005±.036

MotionPCM [41] (1-step) Preprint 2025 - 0.433±.007 0.654±.007 0.781±.008 0.355±.011 2.820±.022 10.78±.078 1.337±.047

MotionPCM [41] (2-step) Preprint 2025 - 0.437±.005 0.664±.005 0.787±.006 0.294±.011 2.844±.018 10.83±.094 1.254±.050

MotionPCM [41] (4-step) Preprint 2025 - 0.443±.005 0.664±.004 0.789±.005 0.336±.013 2.881±.023 10.76±.096 1.258±.056

FlashMo (Ours) - - 0.449±.002 0.670±.004 0.799±.002 0.152±.004 2.709±.005 10.64±.074 3.287±.042

FlashMo w/ pretrain (Ours) - - 0.453±.001 0.679±.004 0.807±.003 0.132±.005 2.701±.005 10.79±.093 3.591±.070

(a) FID vs. AIT(s) ↙ (b) Training Time ↓ (c) Parameters ↓ (d) GFLOPS ↓

Figure 5: Efficiency comparison. The figure demonstrates that FlashMo achieves the lowest inference
time, training time, model size, and FLOPs while maintaining superior performance compared to
other methods.

4.3 Comparative Study

We compare our method with recent efficient motion diffusion models and VQ-VAE-based models
on both HumanML3D and KIT-ML. We include both our model trained from scratch and the version
pretrained on MotionHub V2 [50]. And we follow T2M [31] and report the average over 20 runs
with 95% confidence intervals. The results in Table 1 demonstrate that our method consistently
outperforms other approaches across most quantitative performance metrics, achieving a 10% effi-
ciency improvement compared to previous fastest 1-step distillation [17], without the need to train an
additional teacher model. Please see the full comparison table in Appendix D.

Efficiency. We compare our method with other approaches in terms of Average Inference Time
(AIT), training time, model parameters, and GFLOPs. For the inference setting, we follow [7]
to calculate AIT, measured on the same Tesla V100 GPU. The results in Figure 5 and Table 1
demonstrate that our method not only achieves superior performance but also maintains the lowest
inference time, training time, model size, and GFLOPs.
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Visualization Results
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