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Abstract

Text-to-motion generation aims to generate 3D human mo-
tions that are tightly aligned with the input text while remain-
ing physically plausible and rich in fine-grained detail. Al-
though recent approaches can produce complex and natural
movements, they usually operate at only one temporal scale,
which limits both semantic alignment and temporal coher-
ence. Inspired by the fact that complex motions are concep-
tualized hierarchically rather than at a single temporal scale
in the human cognitive system, we propose MotionHiFlow,
a hierarchical flow matching framework to generate motion
progressively by constructing flow path from low to high tem-
poral scales. The flows at lower scales capture high-level se-
mantics and coarse motion structures, while flows at higher
scales refine temporal details. To link the flows across scales,
we introduce a novel cross-scale transition process, ensu
ring continuity and preserving noise consistency. Further-
more, by integrating a Text-Motion Diffusion Transformer
and a topology-aware Motion VAE, MotionHiFlow explic-
itly models structural dependencies among joints via joint-
aware positional encoding and skeletal topology, enabling
precise semantic alignment alongside fine-grained motion
details. Extensive experiments on HumanML3D and KIT-
ML benchmarks demonstrate state-of-the-art performance,
with ablation studies confirming the effectiveness of the hier-
archical design and key components. Code is available at
https://github.com/ai-lh/MotionHiFlow .

1. Introduction
Text-to-motion generation aims to synthesize realistic 3D

human motions conditioned on natural language descriptions,

with broad applications in virtual reality, character animation,

and robotics. The generated motions are expected to be

semantically consistent with the input text and physically

plausible with fine-grained motion details. Benefiting from
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Figure 1. Text-to-Motion retrieval precision under different down-

sampling ratios. The R-precision remains stable as the down-

sampling ratio decrease, which means that models trained on coarse

motions can achieve robust semantic alignment.

advances in generative modeling and powerful sequence

learning architectures, recent methods [15, 30, 38, 41, 56,

62] have made notable progress in generating complex and

natural human motions at a single temporal scale.

In the human cognitive system [36], complex motions

are conceptualized hierarchically rather than at a single tem-

poral scale. Humans typically realize human motions by first

constructing a high-level framework of key poses (termed as

coarse motion), and subsequently refine it with dynamic tran-

sitions and fine-grained limb movements to produce coherent

fine motion. However, different from such coarse-to-fine cog-

nitive process, recent methods [15, 41, 62] simultaneously

model semantic alignment and motion details at a single tem-

poral scale, which limits their ability to achieve long-term

coherence, naturalness, and precise alignment with textual

input. To address this gap, we aim to design a hierarchi-

cal coarse-to-fine generation strategy that first produces a

coarse motion to capture high-level semantic structure at

a low temporal scale, and then progressively refines it by

adding fine-grained motion details at higher temporal scales.

To verify this intuition, we first evaluate how much seman-

tic information is preserved when motion is viewed at a lower

temporal scale (Figure 1). Starting from the original motion,

we generate coarse motions by linearly downsampling and

evaluate text–motion alignment with the R-precision metric

on the HumanML3D [13] test set. Remarkably, R-precision

remains stable as the downsampling ratio decreases even at

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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0.2× (i.e., retaining only 20% of the frames), indicating that

coarse motions preserve most of the semantics described in

the text. Moreover, by training motion generation models

at different scales (refer to Table 2), we observe that mod-

els trained solely on coarse motions often achieve robust

semantic alignment, sometimes even outperforming those

trained on fine-scale motions. These observations suggest

that overemphasizing fine-grained details may hinder se-

mantic learning, while training on coarse motions promotes

stronger alignment with the core textual semantics.

Building on the above observations, we propose a hier-

archical framework MotionHiFlow to generate motion pro-

gressively from low to high temporal scales across multiple

stages, aiming to achieve both strong semantic alignment

and rich motion details. Specifically, we devise a stage-wise

flow to link the start (noisier latent) and end (cleaner latent)

at each scale. Instead of directly upsampling lower-scale

noisy data as done in other works [3, 22], here we formulate

a novel cross-scale transition process to link flows across

scales, which contains: 1) denoising: constructing the clean

data at the lower scale by extrapolation; 2) upsampling: gen-

erating clean data at higher scale with upsampling; 3) renois-

ing: constructing the noise data at the higher scale via inter-

polation. We define the transition in this way such that noise

consistency can be preserved across stages. By integrating

the cross-scale transition with stage-wise flows, a generative

process is established that maps noise to data. To opera-

tionalize MotionHiFlow, we further introduce Text-Motion
Diffusion Transformer (TMDiT), a novel motion generation

model that harnesses hierarchical flow matching for efficient

and smooth motion generation. Built upon recent success of

diffusion models in image generation [11, 27, 39], TMDiT

explicitly incorporates the inherent structural dependencies

among human joints through joint-aware positional encoding

(Joint RoPE). By combining TMDiT with a topology-aware

Motion VAE which encodes motion sequence into latent,

our model effectively generates motions with both semantic

alignment and fine-grained details.

We conduct quantitative and qualitative comparisons to-

gether with extensive ablation studies on the HumanML3D

[13] and KIT-ML [44] datasets to verify the effectiveness

of our hierarchical design and each model component. In

summary, our main contributions are as follows:

• We propose MotionHiFlow, a hierarchical flow match-

ing framework for text-to-motion generation that progres-

sively and consistently generates motion from low to high

temporal scales, achieving strong semantic alignment and

rich fine-grained motion details.

• We develop the Text-Motion Diffusion Transformer
(TMDiT), which explicitly incorporates the inherent struc-

tural dependencies among human joints through joint-

aware positional encoding and skeletal topology.

• We achieve state-of-the-art performance on the Hu-

manML3D and KIT-ML datasets, with comprehensive

ablations validating the effectiveness of our approach.

2. Related work
2.1. Text-Conditioned Motion Generation
Text-conditioned human motion generation is a challenging

task. Early attempts [1, 13, 40] primarily focused on learning

direct mappings or shared embeddings between text descrip-

tions and motions. For instance, Language2Pose [1] pro-

posed learning a common latent representation subspace for

both modalities. Despite significant progress, these methods

still struggle to generate diverse and high-fidelity motions.

More recently, diffusion-like models [4, 7, 8, 28, 42, 46, 47,

53, 57, 62, 64, 69, 72] have become the dominant approach

for text-conditioned human motion generation, significantly

advancing the field. For example, MoGenTS [62] builds on

this by enhancing the spatial VAE component for improved

motion representation. Furthermore, other methods include

autoregressive approaches [2, 14, 20, 66, 73], generative

masked modeling techniques [15, 41, 70], and additional

types [9, 19, 29, 33–35, 50–52, 58, 59, 63, 71, 74]. More-

over, some works [9, 21, 23, 24, 26, 43, 55, 60, 65] explore

using supplementary conditions to control the generated mo-

tion. However, these models operate at a single temporal

scale, which limits their ability to simultaneously capture

global trajectory structures (requiring coarse temporal views)

and fine-grained motion details (necessitating fine temporal

views). In contrast, we develop a hierarchical flow matching

framework that enables multi-scale generation, starting with

high-level semantic alignment to the text and progressively

refining motion details in a top-down manner.

2.2. Flow Generative Models
Flow Matching, a powerful generative modeling

paradigm [31, 32], has recently achieved compelling

results in domains including image and video genera-

tion [11, 22, 27]. By leveraging theoretical advantages

such as straight flow formulations and direct conditional

path probability learning, flow generative models offer

benefits in training stability and efficient generation

compared to diffusion-based models. For example, Patrick

et al. [11] propose to learn a continuous path between a

high-dimensional simple noise distribution and the target

high-resolution image manifold. However, flow generative

models in 3D human motion generation remain largely

underexplored. Although a few methods have made initial

attempts [6, 18], they naively apply flow matching for

generation in the motion space without adaptation, resulting

in suboptimal utilization and generation performance. To

address this, we enhance flow matching by integrating

Text-Motion Diffusion Transformer with a joint-aware

positional encoding, fully unlocking the significant potential

of flow matching models for human motion generation.
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Figure 2. Overview of our MotionHiFlow, which progressively generates motion from low to high temporal scales across multiple stages.

The early stages mainly capture high-level semantics and coarse motion structures, while later stages model fine-grained temporal details via

cross-scale transition and flow operators. The points along the gradient-colored dashed line in the inset (bottom left) of (a) and in (b) denotes

a linear interpolation between its endpoints. Down/Up denotes downsampling/upsampling, respectively.

3. Method

3.1. Problem Formulation
Given a text query describing human motion or action, our

goal is to generate a corresponding 3D human pose se-

quence M = {mi} of length L. According to existing

works [13, 15], each joint in the 3D human pose is repre-

sented by the root angular velocity along the Y-axis, root

linear velocities on the XZ plane, root height, and local joint

positions, rotations and velocities relative to the root space.

Please refer to T2M [13] for more detailed information on

human pose representation. Each human pose is represented

as a J ×Dj-shaped tensor, where J indicates the joint num-

ber, and Dj is the dimension of joint representation.

3.2. Overview
To generate semantically aligned, temporally coherent, and

detailed motion, we propose a novel hierarchical flow match-

ing framework, MotionHiFlow. This framework operates

in the latent space encoded by a Motion VAE that provides

topology-aware encoding of motion sequences. As shown

in Figure 2, our framework progressively generates the mo-

tion from low to high temporal scales across multiple stages.

The early stages mainly capture high-level semantics and

coarse motion structures, while later stages add fine-grained

temporal details. To facilitate the continuity flow matching

across stages, we formulate a novel cross-scale transition

with denoising-upsampling-renoising process, preserving

noise consistency over the entire motion generation pro-

cess. By integrating the cross-scale transition with stage-

wise flows, a generative process is established that maps

noise to data. Other key components include a Motion VAE

with a two-stream Graph Convolutional Networks [48] for

motion tokenization, a Text-Motion Diffusion Transformer

(TMDiT) modeling hierarchical flow conditioned on text,

and a Joint RoPE mechanism for improved positional encod-

ing. Combining with these components, the clean latents

outputted by our MotionHiFlow can be decoded to realistic,

expressive motions that closely match textual descriptions.

3.3. Preliminaries: Flow Matching
Flow matching models [11, 31, 32] aim to learn a velocity

field ut that transforms noise x0 ∼ N (0, I) into data sam-

ples x1 ∼ qdata. To achieve this, a neural network vθ(xt, t)
parameterized by θ, is trained to approximate the target field

ut(xt|x1) by minimizing the following loss:

LFM (θ) = E
t∼U(0,1)

pt(xt|x1),q(x1)

‖vθ(xt, t)− ut(xt|x1)‖2. (1)

Here, pt(xt|x1) defines the conditional probability path link-

ing intermediate point xt to x1. A common choice [31] for

xt at this path is linear interpolation between x0 and x1:

xt = (1− t)x0 + tx1. (2)

Then, the corresponding target velocity field simplifies to

ut(xt|x1) = x1 − x0. The new data can be constructed by

solving the following Ordinary Differential Equation (ODE)

with existing solvers (e.g., Euler, RK45 [10]):

dxt = vθ(xt, t)dt. (3)

3.4. Hierarchical Flow Matching Framework
We propose a hierarchical flow matching framework for the

text-to-motion generation task, which generates motion pro-

gressively from low to high temporal scales across multiple
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stages, aiming to achieve both strong semantic alignment,

high temporally coherent and rich detailed motion. As illus-

trated in Figure 2 (a), our framework contains K stages of

generation, each operates at a certain temporal scales. Early

stages focus on the semantics of coarse motion and text

alignment, and the subsequent stages intend to progressively

enrich the details of the motion provided by preceding stage.

Specifically, in the k-th stage, our method processes mo-

tion at temporal scale rk ∈ (0, 1] and refines the motion rep-

resentation within time interval [tk−1, tk], where {tk}Kk=0

are time points partitioning the interval [0, 1]. We utilize

flow matching to learn a flow transformation Sk that maps

the start state x
(k)
tk−1

to end state x
(k)
tk

, as defined below:

Start: x
(k)
tk−1

= (1− tk−1)f(x0, rk)

+ tk−1f(f(x1, rk−1), rk/rk−1)

, (4)

End: x
(k)
tk

= (1− tk)f(x0, rk) + tkf(x1, rk). (5)

Here, f(x, r) means performing a temporal resampling on

x with a factor r, it is downsampling when r ∈ (0, 1) and

upsampling when r > 1. The end state x
(k)
tk

at scale rk
is defined as a linear interpolation between noise x0 and

clean data x1. The start state x
(k)
tk−1

is carefully designed to

incorporate the information f(x1, rk−1) from the previous

stage and initial noise x0, maintaining noise consistency

across stages. By integrating the flow Sk across stages, we

define the generative path of MotionHiFlow from noise to

data, which can be trained by minimizing the following loss:

LHFM (θ) = E
k,t

∥∥∥vθ(x(k)
t , t)− (x

(k)
tk

− x
(k)
tk−1

)
∥∥∥
2

. (6)

Here, x
(k)
t represents training points sampled in k th stage,

which is defined as:

x
(k)
t = (1− τ)x

(k)
tk−1

+ τx
(k)
tk

, (7)

where τ = (t − tk−1)/(tk − tk−1) is the normalized time

within the stage k.

During inference, instead of directly upsampling lower-

scale noisy data as done in other works [3, 22], which leads

to noise inconsistency and thus degrades generation perfor-

mance. Here we formulate a novel cross-scale transition

process to bridge the start state of stage k + 1 with the end

state of stage k across scales. This process involves three

steps: 1) denoise: constructing the clean data at the lower

scale by extrapolation; 2) upsample: generating clean data

at the higher scale with upsampling; 3) renoise: constructing

the noise data at the higher scale via interpolation. Formally,

the transition is governed by the following equations:

denoise: x̂
(k)
1 =

[
x̂
(k)
tk

− (1− tk)x
(k)
0

]
/tk, (8)

upsample: x̂
′(k+1)
1 = f(x̂

(k)
1 , rk+1/rk), (9)

renoise: x̂
(k+1)
tk

= (1− tk)x
(k+1)
0 + tkx̂

′(k+1)
1 . (10)

Algorithm 1 Hierarchical Flow Matching Inference

Require: Trained model parameters θ (for vθ), scale

schedule r1, . . . , rK , time partition intervals

[t0, t1, . . . , tK−1, tK ] with t0 = 0, tK = 1, temporal

linear resampling function f(·, ·), prior distribution for

noise (e.g., N (0, I)), conditioning c.
Ensure: Generated clean sample x̂1 at full scale.

1: Sample the initial noise x0 ∼ N (0, I)

2: Initialize the start state: x̂
(k)
0 ← f(x0, r1)

3: for k = 1 to K do
4: Flow from x̂

(k)
tk−1

to x̂
(k)
tk

� Equation (3)

5: Cross-scale transition, get the start state of the next

scale x̂
(k+1)
tk

� Equation (8), (9) and (10)

6: end for
7: x̂1 ← f(x̂

(K)
tK , 1/rK) � rK may be smaller than 1

8: return x̂1

Here, x
(k)
0 denotes f(x0, rk), and similarly for x

(k+1)
0 . This

three-step process preserves noise consistency and ensures

smooth transitions across scales, thus facilitating robust in-

ference across all stages. The complete inference process is

presented in Algorithm 1.

By integrating the cross-scale transition with stage-wise

flows, this generative process constitutes a deterministic

ODE trajectory from the initial noise x0 towards the data

distribution, avoiding the need to introduce additional noise

between stages as done in related methods [3, 22].

3.5. Model Architecture

For efficient and stable training, we introduce a specific

model architecture comprising several key elements. First,

we employ a Motion VAE to project input motion into a

topology-aware latent space and then reconstruct the mo-

tions from latent representation. Then, we develop the Text-

Motion Diffusion Transformer (TMDiT), which explicitly

incorporates the inherent structural dependencies among hu-

man joints through joint-aware positional encoding (Joint

RoPE). These components combined with MotionHiFlow

form a strong text-to-motion generation model.

Motion VAE. Our Motion VAE is utilized to encode the

input motion M ∈ RL×J×Dj into a compact latent repre-

sentation x ∈ Rl×j×d and reconstruct the original motion

sequence from this compact latent representation. Here, L,

J , and Dj denote the number of frames, the number of input

joints per frame, and the dimension of joint features (e.g., ro-

tation, velocity), respectively. Correspondingly, l is the latent

temporal length and j is the number of latent joints. Unlike

MoGenTS [62], which primarily employs 2D convolutions,

our Motion VAE utilizes Graph Convolutional Networks

(GCNs) [17, 48, 61] to explicitly capture human body topol-

ogy. The encoder performs temporal downsampling by a
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Figure 3. Illustration of two main components in our TMDiT. (a) The TMDiT block employs two separate streams that independently

process motion and text features, while self-attention and shared parameters enables information exchange between streams. (b) The Joint

RoPE integrates rotations derived from temporal displacement, relative spatial coordinates, and the human body topologies. Here, xj and yj
denote the j-th joint’s coordinates in the xy-plane.

factor 4 (resulting in l = �L/4�)), and spatial graph down-

sampling (from J to j latent joints) using methods such as

averaging or learnable pooling [61]. This topology-aware

encoding yields modest improvements in reconstruction qual-

ity, it notably enhances generation quality when combined

with our TMDiT and Joint RoPE.

Text-to-Motion Diffusion Transformer (TMDiT). We

present the Text-to-Motion Diffusion Transformer (TMDiT),

a new architecture for generating human motion conditioned

on textual descriptions. Our approach is motivated by recent

progress in diffusion transformers, notably MMDiT [11]

and Flux [27]. Crucially, TMDiT departs from conventional

methods (e.g., [15, 42, 62]) that typically adapt vanilla Trans-

formers [54] by processing motion sequences alongside a

single, sentence-level text embedding cvec. We would like to

point out that this prior strategy limits the nuanced interplay

required between text and motion. As illustrated in Figure 2

(b), TMDiT receives noised motion latent x
(k)
t and condi-

tioning word-level text embedding c encoded by CLIP [45].

Information about the current timestep t, sentence-level text

embedding cvec and staged scale rk is fused into an embed-

ding y, which then modulates the TMDiT blocks [11]. The

output corresponding to the motion component serves as the

estimated velocity field for the underlying ODE solver.

Within a TMDiT block, as shown in Figure 3 (a), we

employ separate processing streams for the motion features

x and text features c. Both x and c are separately fed into

distinct linear transformations before and after the attention,

as well as within the feedforward MLP. The conditioning

embedding y modulates these operations through scaling

and shifting (pre-attention and pre-MLP) and gating (post-

attention and post-MLP), akin to established practices in

diffusion models [11, 39]. For clarity of presentation in

Figure 3 (a), LayerNorm operations are not explicitly shown,

which precede the scaling/shifting. To effectively capture

shared representations while preserving modality-specific

nuances, TMDiT employs a parameter sharing scheme [27].

The early layers of the network utilize separate parameters

for motion and text pathways, allowing for independent

feature extraction. Conversely, the final Ls layers share

parameters. It first refines modality-specific characteristics

and then encourages the learning of common representations

essential for coherent text-to-motion generation.

Joint RoPE. We introduce Joint RoPE, an adaptation of

Rotary Position Embedding [49] optimized for skeletal mo-

tion generation. Joint RoPE encodes relative positions by

integrating rotations derived from temporal displacement,

relative spatial coordinates, and the kinematic tree structure.

A key innovation is its enforcement of skeletal symmetry,

ensuring identical relative rotations for symmetrically equiv-

alent joint pairs (e.g., left-hand to right-hand vs. left-foot to

right-foot) at the same temporal offset, embedding structural

bias akin to RoPE’s temporal encoding. Within each atten-

tion head, feature dimensions are divided into four segments

with proportions [1/2, 1/8, 1/8, 1/4], each applying a 1D

RoPE. The first segment (1/2) encodes the joint’s temporal

position in the motion sequence. The next two segments

(1/8 each, totaling 1/4) encode the joint’s 2D spatial coordi-

nates relative to the pelvis in a reference T-pose. The final

segment (1/4) encodes the joint’s depth in the kinematic

tree, with the pelvis as the root. Temporal indices are scaled

by a factor rk before applying RoPE, enabling the TMDiT to

generate spatially and structurally coherent motions. By uni-

fying all positional encodings under RoPE framework, Joint

RoPE can yield performance improvements, offer potential

scalability to varying joint counts, and enhance adaptability

across diverse skeletal structures.
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3.6. Training and Inference

Two-Stage Training. Our training pipeline has two stages.

In the first stage, we train the Motion VAE by minimizing a

composite objective that combines the standard VAE losses

(reconstruction and KL loss) and an auxiliary term that im-

proves the temporal robustness of the latent representation.

For a random subset of each batch, we downsample the latent

vector x by a factor r ∈ [0.3, 1] with a linear resampling

function f , then compute the mean-squared error (MSE) be-

tween the Motion VAE decoder output (generated from the

downsampled latent) and the corresponding downsampled

motion sequence M :

Laug = ‖Dec(f(x, r))− f(M, r)‖2. (11)

In the second stage, we freeze the Motion VAE and train the

TMDiT model vθ using the hierarchical flow-matching loss

(Eq. 6). To enable classifier-free guidance (CFG) [16], we

apply condition dropout during training, randomly replacing

the text condition c with a null token ∅ at 10 % probability.

Training is conducted following the standard flow matching

paradigm for each scale rk, with the timestep t uniformly

sampled from the interval [tk−1, tk].

Inference. Given the well-trained model parameters vθ
and random noise x0, we generate the motion latent repre-

sentations x̂1 following the procedure presented in Algo-

rithm 1. Specifically, we enhance the velocity estimation

with CFG [16]. The resulting latent x̂1 is finally inputted to

the Motion VAE decoder, producing the motion sequence.

4. Experiments
In this section, we conduct extensive experiments on two

widely used benchmark datasets. The results suggest that our

MotionHiFlow consistently outperforms the current state-

of-the-art methods quantitatively and qualitatively. Further-

more, ablation studies demonstrate the effectiveness of the

key designs in our proposed framework.

4.1. Experimental Setup

Datasets. We evaluate our MotionHiFlow framework on the

widely used benchmark datasets: HumanML3D dataset [13]

and KIT-ML dataset [44]. The HumanML3D dataset [13]

comprises 14, 616 human motions derived from the AMASS

[37] and HumanAct12 [12] collections. Each motion is an-

notated with three distinct textual descriptions, resulting in

44, 970 motion-text pairs in total. The KIT-ML dataset [44]

contains 3, 911 motions paired with 6, 278 textual descrip-

tions. Both datasets are split into training 80%, validation

5%, and test 15% sets.

Evaluation Metrics. We employ the same evaluation config-

uration as previous works [13, 15, 66, 69]. To evaluate the

semantic alignment between generated motions and input

texts, we adopt R-Precision and Multimodal Distance as met-

rics, which is computed as the top-k recall precision and the

multimodal distance between generated motions and input

texts, respectively. We also employ the Fréchet Inception
Distance (FID) to measure the feature distributional simi-

larity on the latent feature space between ground-truth (GT)

and generated motions. Additionally, the Diversity measures

the variance across generated motion sequences, computed

as the average Euclidean distance between 300 randomly

sampled motion pairs. However, this metric typically shows

similar values across methods and is thus less emphasized.

Note that all metrics are calculated using pretrained a text

encoder and motion encoder from T2M [13].

Implementation Details. The Graph Convolutional Net-

work (GCN) in our Motion VAE is adapted from 2s-

AGCN [48]. The encoder comprises two blocks, each inte-

grating GCN and Temporal Convolutional Network (TCN)

layers. This reduces the temporal dimension by a factor of 4
(resulting in a sequence length of L/4) and pools the skele-

ton graph into j = 6 latent joints, representing the torso,

pelvis, and four limbs (arms and legs). The weight of the

augmentation loss (Eq. 11) is empirically set to 0.5. For

TMDiT, we employ nine blocks, with the first three using

distinct parameters for the dual branches and the latter six

sharing parameters. The latent dimension is set to 384, with

6 attention heads and a feed-forward dimension of 1536.

The hierarchical flow matching comprises three flow layers,

operating at scales rk ∈ {1/3, 2/3, 1}.

The MotionVAE is trained for 300,000 steps using

AdamW [25] with a batch size of 256 and an initial learning

rate of 2 × 10−4. The TMDiT is subsequently trained for

200,000 steps using AdamW, with a batch size of 64 and

an initial learning rate of 2 × 10−4. For both models, we

apply a MultiStepLR scheduler, reducing the learning rate

by a factor of 0.2 at 50% and 75% of the total training steps.

4.2. Comparison with State-of-the-art Methods
We compare our MotionHiFlow with various state-of-the-art

methods, including VAE-based approaches [40], autoregres-

sive models [29, 66], diffusion-based models [17, 64, 67–69]

and discrete diffusion-like [15, 62] models.

Quantitative Results. Table 1 presents the quantitative com-

parisons between our MotionHiFlow and existing methods

on the HumanML3D [13] and KIT-ML [44] datasets. Each

experiment is repeated 20 times, with results reported along

with a 95% statistical confidence interval to ensure reliabil-

ity. Table 1 shows that MotionHiFlow outperforms every

baseline on both HumanML3D and KIT-ML. It achieves

the highest R-Precision (0.563 / 0.482) and the lowest FID

(0.032 / 0.135), evidencing tighter text–motion alignment

and more realistic motion. Simultaneously, it records the

smallest MultiModal Distance, indicating outputs that are

both semantically coherent and varied. These results validate

9357



Table 1. Quantitative comparisons with the current state-of-the-art methods on the HumanML3D (upper half) and KIT-ML (lower half)

datasets. Symbol “±” denotes a 95% confidence interval. Text in bold and underline denote the best and second-best results, respectively.

Methods Venue
R-Precision ↑

FID↓ MultiModal

Dist
↓ Diversity

→Top1 Top2 Top3

On the HumanML3D dataset [13].

TEMOS [40] ECCV’22 0.424±.002 0.612±.002 0.722±.002 3.734±.028 3.703±.008 8.973±.071

T2M-GPT [66] CVPR’23 0.492±.003 0.679±.002 0.775±.002 0.141±.005 3.121±.009 9.761±.081

ReMoDiffuse [68] ICCV’23 0.510±.005 0.698±.006 0.795±.004 0.103±.004 2.974±.016 9.018±.075

MoMask [15] CVPR’24 0.521±.002 0.713±.002 0.807±.002 0.045±.002 2.958±.008 -

BAMM [41] ECCV’24 0.525±.002 0.720±.003 0.814±.003 0.055±.002 2.919±.008 9.717±.089

MoGenTS [62] NeurIPS’24 0.529±.003 0.719±.002 0.812±.002 0.033±.001 2.867±.006 9.570±.077

Light-T2M [64] AAAI’25 0.511±.003 0.699±.002 0.795±.002 0.040±.002 3.002±.008 -

IRG-MotionLLM [29] arXiv’25 0.535±.002 0.725±.002 0.820±.002 0.242±.006 2.785±.006 9.900±.094

EnergyMoGen [67] CVPR’25 0.526±.003 0.718±.003 0.815±.002 0.176±.006 2.931±.007 9.500±.091

SALAD [17] CVPR’25 0.581±.003 0.769±.003 0.857±.002 0.076±.002 2.649±.009 9.696±.096

MoMask++ [5] NeurIPS’25 0.528±.003 0.718±.003 0.811±.002 0.072±.003 2.912±.008 -

MotionHiFlow (ours) - 0.563±.003 0.754±.003 0.843±.003 0.032±.002 2.691±.009 9.504±.071

On the KIT-ML dataset [44].

TEMOS [40] ECCV’22 0.353±.006 0.561±.007 0.687±.005 3.717±.051 3.417±.019 10.84±.100

T2M-GPT [66] CVPR’23 0.416±.006 0.627±.006 0.745±.006 0.514±.029 3.007±.023 10.86±.094

ReMoDiffuse [68] ICCV’23 0.427±.014 0.641±.004 0.765±.055 0.155±.006 2.814±.012 10.80±.105

MoMask [15] CVPR’24 0.433±.007 0.656±.005 0.781±.005 0.204±.011 2.779±.022 -

BAMM [41] ECCV’24 0.438±.009 0.661±.009 0.788±.005 0.183±.013 2.723±.026 11.008±.094

MoGenTS [62] NeurIPS’24 0.445±.006 0.671±.006 0.797±.005 0.143±.004 2.711±.024 10.918±.090

Light-T2M [64] AAAI’25 0.444±.006 0.670±.007 0.794±.005 0.161±.009 2.746±.016 -

IRG-MotionLLM [29] arXiv’25 0.445±.005 0.681±.003 0.781±.004 0.432±.013 2.740±.017 11.115±.086

EnergyMoGen [67] CVPR’25 0.436±.006 0.651±.006 0.772±.006 0.495±.020 2.861±.020 11.06±.101

SALAD [17] CVPR’25 0.477±.006 0.711±.005 0.828±.005 0.296±.012 2.585±.016 11.097±.095

MotionHiFlow (ours) - 0.482±.005 0.704±.005 0.825±.005 0.135±.007 2.552±.014 10.894±.117

that our hierarchical flow matching, joint-aware encoding,

and diffusion transformer jointly set a new state of the art.

Qualitative Results. Figure 4 presents qualitative compar-

isons of our MotionHiFlow against prior methods, including

Momask [15], BAMM [41], and MoGenTS [62]. As shown,

existing approaches often misinterpret directional cues and

specific limb movements. In contrast, MotionHiFlow pro-

duces motions with enhanced dynamic realism and strong

alignment to textual descriptions, further validating the ef-

fectiveness of our hierarchical flow matching framework.

4.3. Ablation Study

In this subsection, we conduct ablation studies on the Hu-

manML3D [13] dataset to comprehensively analyze the in-

fluence of different components in our MotionHiFlow, in-

cluding the hierarchical flow matching and the architecture.

Effectiveness of Hierarchical Flow Matching. In Table

2, we investigate the effect of hierarchical designs in our

MotionHiFlow framework. Specifically, we test the system

performance under varying numbers of hierarchical scales

and different temporal scales. As can be seen: 1) even

Table 2. Evaluation of system performance under varying scale

settings. R@1 denotes top-1 retrieval precision.

scales {rk} FID ↓ R@1 ↑ MM-Dist ↓
[0.4] 0.106±.004 0.561±.003 2.717±.006

[0.6] 0.061±.003 0.556±.003 2.729±.006

[0.8] 0.058±.002 0.559±.003 2.722±.005

[1] 0.051±.002 0.556±.003 2.723±.006

[1/2, 1] 0.038±.001 0.565±.002 2.702±.006

[1/3, 2/3, 1] 0.032±.002 0.563±.003 2.691±.009

[1/4, 2/4, 3/4, 1] 0.035±.002 0.560±.003 2.693±.007

trained completely in a single coarse scale, our system can

obtain MM-Dist ranging from 2.717 ({rk} = [0.4]) to 2.729

({rk} = [0.6]), which means that a good semantic alignment

is achieved; 2) performing hierarchical flow matching can

improve both the FID and MM-Dist metrics.

Analysis on the Architecture Designs. To evaluate the effi-

cacy of the architectural components in our MotionHiFlow,

we begin with the baseline model that employing a standard

Transformer Encoder [54] augmented with AdaLN [39]. We
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“A person runs straight ahead, then makes a 90 degree left turn and walks slowly for several steps.”

MotionHiFlow (Ours)

“A person hops forward on his right foot.”“A person hops forward on h

h d h kd 90 degree leahead, then makes a dd 90 degree le eral steps.ral steps.
MoMask MoGenTSBAMM

turn and walks slowly fowalks slowly foturn and w

p p f right fofofoooofffffffffffffffff otoo .”

“A person walks sideways to the right, keeping close to the wall.”on wawawwww lklklkklklkkkkkklklkkkkkkllklkkklkkkkllkkkkkkks sideways to the ri ing close to the wing clclclcccc ose to t

Figure 4. Visual comparisons between different methods given three distinct text descriptions. Only key frames are displayed, with arrows

indicating the character’s movement direction. Green lines denote correct directions, while red lines indicate incorrect directions that do not

match the text content. Refer to the demo video for complete motion clips and more visualization results.

Table 3. Evaluation of key components on the system performance.

FID ↓ R@1↑ MM-Dist ↓
Baseline 0.074±.003 0.511±.003 3.043.008

+ TMDiT 0.045±.003 0.557±.003 2.738±.007

+ topology-aware VAE 0.032±.002 0.563±.003 2.691±.009

incrementally integrate the TMDiT module and the topology-

aware Motion VAE. As reported in Table 3, the incorporation

of TMDiT yields a substantial improvement in the MM-Dist

metric. We hypothesize that this enhancement stems from

the word-level text encoding and the non-shared parameter

strategy, validated through extensive experiments detailed

in the supplementary material. Furthermore, the enhanced

Motion VAE introduces spatial information, facilitating finer-

grained motion generation.

User Study. We further conduct user study to compare the

results generated by MotionHiFlow and previous methods

including MoMask [15], MoGenTS [62], and ground truth.

We generate 100 motions for each pair of competitors using

the text pool provided in HumanML3D test set and present

the visualization results side-by-side. A total of 20 users are

asked to vote which result is better from the aspect of realism

and text alignment, respectively. The detailed results are

presented in Figure 5. As shown, MotionHiFlow is preferred

Re
al
is
m

Te
xt

A
lig

nm
en

t

Figure 5. Results of a user study comparing the realism and text

alignment of various methods, including our approach, with base-

line competitors (MoMask, MoGenTS), and Ground Truth.

by users over MoMask and MoGenTS in both realism and

text alignment, even with a 47% chance of surpassing the

ground truth in text alignment.

5. Conclusion
In this work, we propose MotionHiFlow, a hierarchical flow

matching framework for text-to-motion generation that pro-

gressively generates the motion from low to high temporal

scales. By integrating a topology-aware Motion VAE and

Text-Motion Diffusion Transformer, our method generates

motions with more superior semantic alignment, temporal

coherence, and dynamic realism as compared with existing

approaches, which is experimentally demonstrated on the

HumanML3D [13] and KIT-ML [44] datasets.
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