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Fig. 1: ActionPlan decouples high-level action planning from low-level motion gener-
ation in a single generative model (a). By conditioning motion synthesis on generated
action plans, ActionPlan achieves online generation (b) without the typical accuracy
drop that happens in existing streaming methods and supports localized edits (c).

Abstract. We present ActionPlan, a unified motion diffusion frame-
work that bridges real-time streaming with high-quality offline genera-
tion within a single model. The core idea is to introduce a per-frame
action plan: the model predicts frame-level text latents that act as dense
semantic anchors throughout denoising, and uses them to denoise the
full motion sequence with combined semantic and motion cues. To sup-
port this structured workflow, we design latent-specific diffusion steps,
allowing each motion latent to be denoised independently and sampled
in flexible orders at inference. As a result, ActionPlan can run in a
history-conditioned, future-aware mode for real-time streaming, while
also supporting high-quality offline generation. The same mechanism fur-
ther enables zero-shot motion editing and in-betweening without addi-
tional models. Experiments demonstrate that our real-time streaming is
5.25× faster while also achieving 18% motion quality improvement over
the best previous method in terms of FID.
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1 Introduction

Text-driven human motion generation [21,54,63,64] has emerged as a key tech-
nology for enabling realistic interactions in digital humans, virtual reality, and
autonomous agents. An ideal motion synthesis framework should simultane-
ously satisfy three core requirements: high semantic fidelity to complex textual
prompts, on-the-fly streaming for low-latency interaction, and sufficient versa-
tility to support different tasks such as zero-shot editing and in-betweening.

Existing methods largely fall into two specialized and mutually exclusive
paradigms. Offline frameworks [4, 11, 54] achieve high-quality results by lever-
aging global bidirectional attention to condition on the future with parallel or
random order generation (c.f. Fig. 2). However, their non-causal design requires
access to the entire sequence, making them unsuitable for real-time streaming. In
contrast, recent streaming-compatible models [60] achieve low-latency generation
by adopting causal latent spaces and unidirectional raster order inference. This
strict causality, however, imposes a form of temporal myopia: without access to
future context, streaming models often miss semantics from complex prompts,
leading to less consistent motion generation. Furthermore, they are inherently
incapable of bidirectional tasks such as editing and in-betweening.

In this work, we aim to preserve the low-latency benefits of streaming mo-
tion generation while equipping the model with awareness of global and future
motion. We argue that effective online motion synthesis requires anticipating
upcoming actions rather than reacting solely to past context.

To this end, we propose ActionPlan (c.f. Fig. 1), a hierarchical framework
that first predicts an action plan, a sequence of fine-grained, frame-level tex-
tual action descriptors, which subsequently conditions motion generation. By
decoupling high-level semantic planning from low-level kinematic synthesis, our
approach enables state-of-the art generation quality and future-aware streaming
without sacrificing accuracy. w Action plans are temporally aligned with motion
at each frame and their generation is trained jointly with motion latent gen-
eration using latent-specific diffusion timesteps for text and individual motion
frames [7,59]. These independent timesteps enable flexible denoising schedules at
inference time. We first generate action plans and then denoise the motion using
task-specific timestep schedules tailored to online streaming, motion editing, or
in-betweening. As illustrated in Fig. 2, this flexible scheduling, guided by action
plans, allows offline and online generation by choosing different overlapping de-
noising orders. We evaluate ActionPlan on HumanML3D-272 [21, 60]. In offline
mode, ActionPlan improves on the best offline competing method [41] by 22%
in FID. In online streaming mode, ActionPlan surpasses even the best offline
baseline [41] by 18% and the best streaming method [60] by 51% in FID, while
achieving up to 5.25× faster token generation.

We also conduct comprehensive ablations which validate that our action plan
generation consistently improves performance in both setups and that our single
model supports editing and in-betweening. Our code and pretrained model will
be made publicly available.

Our contributions are summarized as follows:
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Fig. 2: Comparison of generation paradigms, where darker shading indicates
higher noise levels. By introducing frame-level action plans as semantic conditioning,
ActionPlan achieves significantly better FID and R-Precision compared to schedules
without ActionPlan. Additionally, our streaming mode completes generation in only
N + T − 1 total steps (N : motion tokens, T : flow matching steps), enabling efficient
low-latency generation without sacrificing motion quality.

– We introduce ActionPlan, a hierarchical diffusion framework that decouples
high-level action planning from low-level motion generation, by introducing
varying noise levels for individual text and motion frames.

– We propose to generate frame-level textual action plans first to strengthen
the semantic conditioning for subsequent motion generation. Comprehensive
ablations validate the effectiveness of our action plan.

– We demonstrate that our action plan–guided sampling strategy supports
both, offline and streaming generation, editing, and in-betweening within
the same model without fine-tuning. Experiments show that our method
significantly outperforms previous methods in both motion generation qual-
ity and inference speed.

2 Related Work

Text-to-motion generation. Text-conditioned motion generation aims to syn-
thesize 3D human motions conditioned on natural language descriptions [21].
Early works learn cross-modal mappings by aligning text and motion in latent
spaces [1, 42, 43, 52], or by adopting diffusion-based models [11, 13, 29–31, 50, 54,
62, 64, 65, 67] Following works [2, 9, 10, 27, 33, 44, 51, 53, 66, 69–72, 75] mainly fo-
cus on improving architectures or training strategies. Another line of motion
generation methods utilizes Vector Quantized Variational Autoencoders (VQ-
VAE) to discretize motions into tokens [8, 15, 18, 19, 22, 26, 28, 34, 37, 38, 45, 57,
58, 63, 68, 77], these methods mainly apply BERT-style bidirectional transform-
ers [12,16,20,46,47] to predict the codebook entries via cross-entropy supervision,
treating motions as a foreign language. More recent works [24, 40, 41, 55, 60, 78]
utilize continuous-valued motion latents to generate higher-quality human mo-
tions, these approaches still employ bidirectional attention mechanisms to de-
noise motion latents under textual guidance. While such offline designs enable
high-quality generation and support flexible tasks such as motion editing and
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in-betweening [14,20,30,41,45,47,54], they fundamentally rely on non-causal in-
ference and assume access to the complete motion sequence. Consequently, these
methods are inherently unsuitable for low-latency interactive applications that
require incremental, streaming capability.
Real-time and online motion synthesis. Interactive applications require
motion to be generated incrementally under streaming text input [51]. Recent
works apply diffusion models in an auto-regressive manner for real-time in-
teractive character control, such as CAMDM [9] and A-MDM [51]. Ready-to-
React [6] further extends this idea to online two-character interaction. In addi-
tion, CLoSD [53] and DART [72] explore real-time text-driven motion control
with streaming prompts. However, these approaches are often not strictly causal
because they rely on a fixed-length context window. As generation progresses
over time, access to earlier history diminishes and semantic coherence gradually
fades. More recently, MotionStreamer [60] proposes streaming text-to-motion
generation with a continuous causal latent space and auto-regressive denois-
ing, enabling online response with variable-length historical context. In contrast,
we study a streaming-compatible formulation that additionally supports future-
conditioned, bidirectional operations (e.g., editing and in-betweening) within a
unified framework with action plans that clearly improve generation quality.
Structured generation with diffusion. In image generation, early representa-
tive methods [49] perform diffusion in a learned latent space. Recent approaches
encode an image into a sequence of latents, enabling structured generation and
explicitly exposing token ordering or masking as a design choice [17, 32]. Fol-
lowing this line, motion diffusion models adopt learned motion latents with
masked auto-regressive generation to improve realism and text–motion align-
ment [24,41]. For signals with strong spatial dependencies, SRMs [59] predict an
uncertainty-driven adaptive generation order, yielding consistent gains in both fi-
delity and correctness. More recently, Latent Forcing [3] couples latent denoising
with pixel-level denoising via separate noise schedules, producing an informative
early “blueprint” and implicitly learning a underlying generation order for syn-
thesis. A similar principle appears in motion generation: AutoKeyframe [73] gen-
erates keyframes first and then fills in the remaining frames. Diffusion Forcing [7]
further generalizes structured sampling by assigning frame-specific noise levels,
which facilitates flexible causal generation. Subsequent works leverage frame-
or latent-wise timestep schedules together with tailored sampling strategies to
enhance quality [5,61]. Motivated by these advances, we are the first method to
generate textual action plans as a guiding blueprint and then perform structured
real-time motion generation, achieving higher speed and quality while remaining
plug-and-play for downstream applications.

3 ActionPlan: A Framework for Diverse Motion Tasks

We propose ActionPlan, a unified text-to-motion (T2M) generation framework
based on latent diffusion that supports versatile tasks via latent-specific diffusion
timesteps. An overview of the proposed framework is shown in Fig. 3. Our key
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Fig. 3: Overview of our ActionPlan. (a) During training, motion latents are noised
with per-frame heterogeneous timesteps while frame-level text latents share a single
global timestep. A Transformer Denoiser is trained to jointly reconstruct both. During
inference, the model operates in two modes: in offline mode (b), the action plan is
fully generated first and then motion latents are denoised in random pyramid order;
in streaming mode (c), the action plan is denoised alongside the first motion frame,
followed by raster progressive denoising of the remaining latents.

idea is to predict textual action plans that are aligned with motion at each
frame and to allow independent denoising of each motion latent. At inference
time, we first generate the per-frame action plan, then denoise the motion latents
using task-specific schedules tailored to different downstream applications. We
first introduce the problem setup and motion autoencoder in Sec. 3.1 and then
describle co-generation of motion and text in Sec. 3.2. We further discuss our
latent-specific noise scheduling in Sec. 3.3 which allows flexible sampling guided
by action plan generation in Sec. 3.4.

3.1 Preliminaries

Pose representation. We represent each pose m ∈ R272 using SMPL-based
6D rotations [60,76] as:

m = {ṙx, ṙz, ṙa, jp, jv, jr}, (1)

where (ṙx, ṙz) ∈ R2 are root linear velocities on the ground plane, ṙa ∈ R6 is
the root angular velocity in 6D rotation, jp ∈ R3K , jv ∈ R3K , and jr ∈ R6K

are local joint positions, velocities, and rotations respectively, with K = 22
joints. Unlike the widely used 263D representation [21], which requires inverse
kinematics to recover SMPL [36] parameters, the 272D representation directly
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drives the SMPL model without post-processing, avoiding conversion-induced
rotation errors. We use this representation in all experiments.

Motion autoencoder. We adopt the Causal Temporal AutoEncoder (Causal
TAE) [60] to encode raw motion sequences into a continuous latent space. Given
a motion sequence M = {m1, . . . ,mN} with mt ∈ RD (D = 272), the encoder E
produces a sequence of latents x = {x1, . . . , xN/l} with xi ∈ Rdc , where l is the
temporal downsampling rate and dc is the latent dimension. Both the encoder
and decoder are built from 1D causal convolutions, ensuring that each latent
depends only on current and past frames. This causal property enables online
decoding: motion frames can be reconstructed sequentially as latents become
available, without waiting for the full sequence. The Causal TAE is trained
using standard VAE loss with an additional root stability loss, for more details
we refer to the original work [60]. We keep the the TAE frozen for later training.

3.2 Joint Diffusion on Action Plans and Kinematic Motion

We generate motion from action plans using diffusion in the Causal TAE latent
space. Prior methods rely on a single sequence-level text description, offering
only coarse conditioning and failing to capture the temporal structure of multi-
action sequences (e.g., “walk forward then sit down”). Since both global intent
and per-frame actions matter, we advocate for a hierarchical text representa-
tion by additionally predicting action plans aligned with motion at every frame.
Thus, conditioned on a sequence-level text description c encoded by CLIP, our
diffusion model Gθ learns to generate a sequence of action plans {y1, ..., yN} with
temporally aligned motion latent codes {x1, ..., xN}.

Action and motion representations. Action plans {y1, ..., yN} are obtained
by encoding per-frame descriptions with CLIP and compressing them via a pre-
trained MLP autoencoder to a 16-D space matching the motion latent dimen-
sion. Unlike the Causal TAE introduced in Sec. 3.1, the action autoencoder
operates independently per latent, preserving fine-grained temporal alignment.
Training combines three objectives: an MSE reconstruction loss in the original
embedding space, a neighbor-preservation loss that encourages correct action
label retrieval, and a variance regularization term that discourages dimensional
collapse by pushing each latent dimension toward unit variance. More details
are provided in supplementary. Inspired by UniMotion [31], the text latents are
downsampled by a factor of 4 in the temporal axis and we align frame-level text
with motion by concatenating the latents at each frame as one vector (xi, yi).

Text and motion generation. Our denoiser Gθ, a Transformer network, takes
a sequence of concatenated vectors {(xi, yi)}N1 together with diffusion timesteps
as input and predicts the velocity of the denoising trajectory: x̂v, ŷv. We train
our diffusion network with carefully designed noise scheduling to allow flexible
sampling at test time, which is introduced in the following section.
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3.3 Training with Latent-specific Noise Levels

We assign each latent an independent noise level, allowing the model to handle
heterogeneous denoising states, enabling conditioning on partially clean latents
at inference and allowing flexible sampling strategies.
Heterogeneous noise scheduling. We assign each motion latent xi an inde-
pendent timestep txi ∈ [0, 1], sampled according to the t̄ algorithm [59], avoiding
collapse of the mean to a Bates distribution (c.f. appendix for details). For ac-
tion plan latents yi, a single global timestep ty ∼ U(0, 1) is sufficient and reduces
complexity. We follow Rectified Flow [35] with velocity parameterization, i.e. our
learned denoising function Gθ is formulated as:

(x̂v, ŷv) = Gθ(xtx ,yty ; t
x, ty, c), (2)

where tx = {tx1 , . . . , txN} and xtx ,yty are noisy states of motion and action
latents, according to the Rectified Flow forward process [35].
Training with mixed datasets. To supervise action plans yi, we require
a dataset with both sequence level text c and frame-level text annotations.
HumanML3D-272 [60] provides sequence level text while BABEL-272 [48, 60]
additionally provides frame-level annotations for a subset of samples. To lever-
age the best of two datasets, we propose mixed training using both datasets
with masking. The standard Rectified Flow loss for text prediction is Ltext =
∥ŷv − (y0 − ϵ)∥22, where ϵ ∼ N (0, I) is the pure noise and y0 the clean latents.
We introduce an indicator w ∈ {0, 1} to dynamically disable the text loss:

Ltext = w ∥ŷv − (y0 − ϵ)∥22 (3)

where w = 1 if frame-level text annotations are available for this sequence. The
training objective of our model is then the reconstruction loss for motion and
text, and per-latent variance loss Lvar [59]:

L = λx Lmotion + λy Ltext, (4)

where Lmotion = ∥x̂v − (x0 − ϵ)∥22 and x0 denotes the clean motion latents.

3.4 Flexible Sampling with Action Plan Generation

The flexible denoising formulation in Sec. 3.3 enables inference-time sampling
strategies with independently scheduled text and motion timesteps at each frame.
Since global semantic structure, i.e., what action occurs when, is crucial for main-
taining consistency in long and complex motions, we first generate an action plan
and then synthesize the full motion using overlapping denoising windows with
random (offline) or raster (streaming) orders.
Stage 1: Action plan generation. We keep all motion latents at pure noise
(txi = 1,∀i) and denoise the action latents y over T steps: tys = 1 − s∆t, s =
0, . . . , T . At the end of this stage we obtain clean frame-level text latents ŷ0, the
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action plan, which specify what action occurs at each temporal position before
any motion is generated.
Stage 2: Progressive denoising schedule. Given the action plan, we generate
the full motion while conditioning on frame-level semantics. Although sequen-
tially denoising frame-after-frame is a natural solution, it is computationally
prohibitive, see Fig. 2. Instead, we overlap the denoising intervals of individual
frames [7, 59]: motion frames are partitioned into a denoising set and a waiting
set. After a few iterations, one additional noisy latent is moved from waiting set
to the denoising set (in Fig. 2 and Fig. 3 such activation is indicated as a white
dot). Thus, multiple active latents are updated simultaneously with individual
denoising progress, increasing throughput.

Offline: Motion latents are activated in random order without temporal
constraints. We find that random activation yields the best generation quality.

Online / Streaming: Latents are activated sequentially in temporal order.
While such causal activation typically leads to degraded motion quality due to
limited future context, our action plan conditioning preserves global semantic
consistency during streaming and heavily reduces this degradation. In online
mode, we denoise the action plan alongside the first motion latent.

4 Experiments

In this section, we compare ActionPlan with state-of-the-art (SOTA) T2M gener-
ation methods, ablate key design choices and showcase downstream applications
enabled by our flexible architecture. The results show that ActionPlan outper-
forms all prior methods in both online streaming and offline mode, and that our
action plan generation improves motion quality.

4.1 Experimental Setup

Dataset. We follow the evaluation protocol introduced by MotionStreamer [60]
and conduct experiments on HumanML3D-272 [60] with additional frame-level
text labels from BABEL [48]. MotionStreamer corrects inaccuracies in origi-
nal HumanML3D [21] by using 272-D pose representation and resamples all
motions to 30 FPS, yielding higher-quality data. BABEL includes fine-grained
frame-level text annotation and partially overlaps with the motion sequences in
HumanML3D. We train our method with the same set of training motions from
HumanML3D-272 as used in previous methods [21, 60] and query frame-text
labels when they are available from BABEL to supervise action plan generation.
Evaluation metrics. We report a comprehensive set of metrics following [21,
60]. To assess generation quality, we measure Fréchet Inception Distance (FID) [23].
For semantic alignment, we report R-Precisions and Multi-modal Matching Score
(MatchS), which evaluate retrieval accuracy and feature-space proximity be-
tween generated motions and their text descriptions, respectively [21]. We addi-
tionally measure Diversity [21] to quantify variation across generated samples.
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Fig. 4: Qualitative comparison with MARDM [41] and MotionStreamer [60] on four
text prompts. The color varies from light to dark representing the time flow. Incorrectly
generated or missing actions are marked with ×, and correctly executed actions with ✓.
By generating a frame-level action plan prior to motion synthesis, ActionPlan faithfully
executes all specified actions in the correct order, while baselines frequently miss or
misorder key actions. See Supp. for videos.

Implementation details. The latent denoising model is implemented as a
lightweight Transformer [56] with 16 layers, 16 attention heads, and a hidden
dimension of 1024 . We use CLIP to embed both frame level text and sequence-
level text. For the frame level text, we use an autoencoder to reduce the original
textual dimension to 16. In order to retrieve the text from the latent space, we
decode the 16-d latents and use a simple KNN method on the CLIP embeddings,
following [31]. During inference, we use 2 denoising steps for progressive sampling
(Tab. 3) and 25 total denoising steps for rectified flow.

4.2 Baseline Comparison on Text-to-motion Generation

Quantitative evaluation. We follow the training and evaluation setup of <Mo-
tionStreamer [60]: all models are trained on the HumanML3D-272 [21,60] train-
ing set, and evaluated with their pretrained TMR-based evaluator [43, 60]. All
baselines are re-trained from scratch using their own official implementations
and the same 272-D representation for fair comparison.

As shown in Tab. 1, a single ActionPlan checkpoint supports both offline and
streaming generation simply by switching the sampling strategy at inference
time, no retraining or fine-tuning is required. Both variants consistently out-
perform all competing methods across all metrics, including diffusion- [11, 54],
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Method FID ↓ R-Precision ↑
MatchS ↓ Div →

Top 1 Top 2 Top 3

Real 0.002 0.702 0.864 0.914 15.151 27.492

MDM [54] 23.454 0.523 0.692 0.764 17.423 26.325
MLD [11] 18.236 0.546 0.730 0.792 16.638 26.352
T2M-GPT [63] 12.475 0.606 0.774 0.838 16.812 27.275
MotionGPT [28] 14.375 0.456 0.598 0.628 17.892 27.114
MoMask [20] 12.232 0.621 0.784 0.846 16.138 27.127
AttT2M [74] 15.428 0.592 0.765 0.834 15.726 26.674
MotionStreamer [60] 11.790 0.631 0.802 0.859 16.081 27.284
MARDM [41] 7.044 0.669 0.806 0.860 15.892 26.235

ActionPlan-Streaming 5.735 0.672 0.822 0.877 15.315 27.287
ActionPlan-Offline 5.522 0.687 0.838 0.892 15.09 27.272

Table 1: Quantitative comparison with SOTA T2M generation methods on
HumanML3D-272 [21, 60] test set. MatchS and Div denote the matching score and
diversity respectively. Bold indicates best results, underline indicates second best.
ActionPlan achieves better performance in both offline and online-streaming mode,
maintaining both efficiency and high quality motion generation.

VQ- [20, 28, 63], streaming- [60], and masked auto-regressive [41] approaches.
Notably, our offline variant achieves substantial gains over the best baseline,
with 22% improvement in FID and R-Precision@3 reaching 0.892. Our online
mode, being comparable to our offline mode, is 51% better in FID than the best
streaming method MotionStreamer [60].
Runtime performance. To evaluate practical efficiency, we measure the la-
tency for generating one motion token (4 frames) and compare our method in on-
line streaming mode with baseline MARDM [41] and MotionStreamer [60] in the
table below (unit: ms). All experiments are done on a single NVIDIA A100 GPU.

Method First ↓ Others ↓

MARDM 210 210
MotionStreamer 360 360

Ours 146 40

MARDM [41] and MotionStreamer [60] gen-
erate motions in an autoregressive manner
which is more efficient than full motion sam-
pling yet they still require full denoising for
every token. In contrast, our overlapping
schedule requires a small overhead for the
first token but is significantly faster on the
following tokens, achieving a 1.44×–2.47× speedup for the initial token and
5.25×–9× during continuous streaming. Notably, our streaming mode achieves
significant speedup compared to baselines while maintaining much better motion
quality, demonstrating robust adaptability of our method.
Qualitative comparisons. Fig. 4 presents qualitative comparisons with Mo-
tionStreamer [60] and MARDM [41] on the text-to-motion task. Despite its ex-
pensive masked auto-regressive inference, MARDM frequently fails to capture
fine-grained semantic details: given the prompt “a person walks forward and
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Configurations
Training ActionPlan

Mode FID ↓
R-Precision ↑

MatchS ↓ Div →
data generation Top 1 Top 2 Top 3

Real motion 0.002 0.702 0.864 0.914 15.151 27.492

(A) No frame-level text partial ✗
Offline 9.674 0.634 0.790 0.851 15.764 27.207

Streaming 10.693 0.627 0.785 0.848 15.931 27.212

(B) Frame-level text w/ actionplan partial ✓
Offline 7.863 0.625 0.791 0.854 15.849 27.232

Streaming 8.018 0.625 0.789 0.854 15.866 27.220

(C) No frame-level text full ✗
Offline 6.952 0.661 0.814 0.873 15.390 27.275

Streaming 8.648 0.655 0.810 0.869 15.586 27.287

(D) Frame-level text T&M co-gen full ✗ Offline 6.093 0.677 0.822 0.878 15.234 27.186

(E) Frame-level text w/ actionplan full ✓
Offline 5.522 0.687 0.838 0.892 15.086 27.272

Streaming 5.878 0.675 0.821 0.875 15.369 27.228

Table 2: Ablation studies for both Offline and Streaming modes. Training on the
full dataset (C–E) consistently outperforms the partial intersection subset (A–B), val-
idating our masked loss design. Frame-level text prediction (D, E) improves over no
frame text (C). Action plan generation (E) further outperforms joint co-generation (D).
These gains hold across both inference modes. Bold: best, underline: second best.

picks something up then walks back”, it generates a leftward walk without the
pick-up action. MotionStreamer, as a strictly causal streaming method, suffers
from action drift and incompleteness due to the lack of future context: it omits
the dribbling action in “a person dribbles a ball then shoots into a goal” and mis-
orders actions in sequential prompts. In contrast, ActionPlan faithfully executes
all specified actions in the correct order across all examples, demonstrating that
the frame-level action plan effectively grounds generation to the full semantic
content of the input prompt.

4.3 Ablation Studies

We conduct comprehensive ablation studies to validate the key design choices of
our framework and report results in Tab. 2 and Tab. 3. All methods are evaluated
on the same HumanML3D-272 [60] test set.
Frame-level text semantics prediction. We propose to additionally predict
text for each frame, enabling more comprehensive semantic alignment between
text and motion. We train models with and without frame text prediction on
the full HumanML3D-272 training set. Even with simple joint generation of
per-frame text and motion, our frame-level text prediction (Tab. 2D) already
improves over no text prediction (Tab. 3C).
Mixed dataset training. To train on sequences that do not have frame-level
text annotation, we propose a simple mask loss ( Eq. (3)) to fully leverage the
complete HumanML3D [21] dataset. Compared to models (Tab. 2A, B) trained
on the overlapping subset between HumanML3D and BABEL, only 30% of the
full data, models trained on full data (Tab. 2C, E) are consistently better. This
underscores the importance of data scale and effective curation strategies.
Action Plan generation. At inference time, we propose to first generate action
plans and then complete the full motion. We show in Tab. 2 that this two-stage
generation (Tab. 2E) is better than simple joint generation (Tab. 2D) of both
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Progressive Sampling FID↓
R-Precision↑

MatchS↓ Div→
Top 1 Top 2 Top 3

Real 0.002 0.702 0.864 0.914 15.151 27.492

Fully overlap (Parallel) 5.420 0.681 0.836 0.886 15.104 26.989

2-step non-overlap 5.522 0.687 0.838 0.892 15.086 27.272
5-steps non-overlap 5.721 0.687 0.834 0.885 15.128 27.179

10-steps non-overlap 5.605 0.685 0.832 0.885 15.128 27.261

15-steps non-overlap 5.612 0.686 0.834 0.883 15.175 27.113

Fully non-overlap (Random) 5.566 0.683 0.828 0.880 15.160 27.138

Table 3: Ablation on sampling strategy. All rows use the same trained model with
a fixed total of 25 denoising steps, differing only in the overlap between consecutively
activated motion latents, ranging from fully parallel activation to fully sequential (non-
overlapping) denoising. Our chosen schedule denoises each activated latent for 2 steps
before activating the next, achieving the best trade-off between motion quality (FID)
and text-motion alignment (R-Precision).

text and motion with single timestep. This suggests that making motion aware
of the future through action plans is crucial for good performance.
Progressive sampling strategy. To support diverse tasks while maintaining
efficiency, we propose to denoise in a pyramid fashion: gradually add one more
latent to denoise multiple motion latents together, each with different timesteps.
This independent timestep improves efficiency while maintaining flexibility. Al-
ternatively, one can change the overlap window size K = 2 between two con-
secutively added latents to enable faster (more latents are denoised at the same
time) or slower (less latents are denoised at the same time). We ablate this de-
sign choice in Tab. 3. It can be seen that the chosen size K = 2 achieves the
best balance between motion quality and text alignment.

4.4 User Study

To further evaluate qualitative results, we conduct user studies on randomly se-
lected HumanML3D-272 test prompts to evaluate text-to-motion generation and
long motion generation. For each question, we present side-by-side animations in
randomized order, asking them to select the best motion based on two criteria:
(1) semantic consistency, how well the motion matches the given text descrip-
tion; and (2) realism, how natural, realistic, and smooth the motion appears.
Text-to-motion generation. We compare against MotionStreamer [60] and
MARDM [41] on 20 prompts and release the user study to 30 participants.
ActionPlan is preferred by 67.5% of participants, with MARDM and Motion-
Streamer receiving 12.2% and 20.3% of preferences respectively.
Long motion generation. We randomly select 20 long-horizon sequences, each
composed of multiple prompts and compare against MotionStreamer [60] with



Future-Aware Streaming Motion Synthesis 13

30 participants. ActionPlan is preferred by 67.7% of participants over 32.3% for
MotionStreamer.

ActionPlan is consistently preferred by participants by a large margin in both
user studies, closely matching the quantitative improvements reported in Tab. 1.
The strong alignment between human judgments and automatic metrics high-
lights not only superior motion quality, realism, and smoothness, but also more
accurate semantic alignment with the input text. Together, these results provide
compelling evidence that our method substantially outperforms prior approaches
across both perceptual and objective evaluations.
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Fig. 5: ActionPlan supports diverse downstream applications zero-shot.
Darker shading indicates later time steps. Editing (top): regenerates selected la-
tents conditioned on a new prompt (green) while preserving others. Long motion
streaming (middle): generates coherent long-horizon motion in successive chunks
across prompts. In-betweening (bottom): given fixed start (white) and end (dark
grey) poses, fills in the intermediate motion. See Supp. for video results.
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4.5 Applications

Benefiting from our flexible training strategy, ActionPlan supports multiple gen-
eration modes without retraining or fine-tuning. We present three downstream
applications below and refer readers to the supplementary for video results.
Motion editing. Given a motion sequence generated by ActionPlan, we fix
a subset of latents and regenerate the rest conditioned on them and a new
prompt. This is achieved by setting the fixed latent’s timesteps to txi = 0 during
sampling. As shown in Fig. 5, the edited regions reflect the new intent while
smoothly blending with preserved segments.
Motion in-betweening. Given fixed start and end poses and a text prompt,
ActionPlan fills in the intermediate motion by treating boundary frames as fully
denoised anchors and applying progressive denoising the remaining latents con-
ditioned on both the boundaries and text. As shown in Fig. 5, the infilled motions
are temporally smooth, and faithful to the input prompt.
Long motion generation. Given a sequence of prompts, ActionPlan generates
long-horizon motion in successive chunks, each conditioned on its prompt and
the previous chunk’s final tokens for continuity. As shown in Fig. 5, it produces
temporally smooth motions that follow the intended action sequence.

5 Conclusion and Limitations

We presented ActionPlan, a hierarchical diffusion framework that unifies offline
and streaming text-to-motion generation within a single model. By decoupling
frame-level action planning from motion synthesis and introducing latent-specific
noise schedules, ActionPlan enables future-aware semantic conditioning across
a diverse set of tasks, such as streaming generation, offline generation, motion
editing, and in-betweening, all in one single model without fine tuning.

Experiments on HumanML3D-272 demonstrate that our offline mode outper-
forms prior methods by 21% in FID and online mode achieves 51% improvement
in FID compared to the best streaming method while being 5.2× faster. Our
method is consistently favored by human evaluators, showing more than 67%
preference in all user studies. We further conduct comprehensive ablations which
validate the importance of our action plan generation in various setups. Results
also show that our method enables zero-shot applications for diverse tasks while
keeping the generated motions smooth and faithful to diverse text control. Our
code and model will be publicly released.
Limitations. While ActionPlan enables flexible text-to-motion generation and
supports multiple downstream tasks, there are several limitations. Firstly, it can-
not yet model finger articulation or facial expressions which requires additional
datasets with paired text descriptions for hands and faces. Secondly, our method
generates human motion without scene or object awareness which limits its ap-
plication in interactive agents or robotics that require models to actually interact
with environment to finish complex daily tasks. We leave these for future works.
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In the following, we present additional details and results that complement
the main paper. We first describe the action plan autoencoder in Sec. A, followed
by the heterogeneous timestep sampling algorithm in Sec. B, architecture and
training details in Sec. C, and sampling pseudocode in Sec. D. Finally, we present
details of our user study in Sec. E.

A Action Plan Autoencoder

As described in Sec. 3.2, we pre-train a lightweight MLP autoencoder to project
CLIP text embeddings into a 16-dimensional latent space. This section provides
the full architectural and training details.
Architecture. The encoder and decoder are both 3-layer MLPs with hidden
dimensions 256 and 128, BatchNorm and GELU activations. The encoder maps
from the CLIP embedding dimension (dCLIP = 512) to 16, and the decoder maps
back from 16 to dCLIP.
Training objectives. The autoencoder is trained with three objectives. Given
an input CLIP embedding e ∈ RdCLIP , the encoder produces z = fenc(e) ∈ R16

and the decoder reconstructs ê = fdec(z).
(1) Reconstruction loss. We minimize the MSE between the original and recon-
structed embeddings in CLIP space:

Lrecon = ∥ê− e∥22. (5)

(2) Neighbor-preservation loss. To preserve semantic similarity in the latent
space, we encourage correct action label retrieval. For each input e ∈ RdCLIP ,
we pre-compute its ground-truth label y as the index of the nearest neighbor
of e in a fixed label bank L ∈ R6133×dCLIP . We then treat retrieval as classifi-
cation: for the reconstructed embedding ê, we compute cosine similarity scores
si = (ê⊤ℓi)/(τ∥ê∥∥ℓi∥) against each normalized label ℓi, and minimize cross-
entropy against y:

Lneighbor = − log
exp(sy/τ)∑K
j=1 exp(sj/τ)

= CE
(

softmax
(

ê⊤L⊤

τ∥ê∥∥L∥

)
, y

)
, (6)

where L is the 6133× dCLIP label bank (rows ℓi), y is the ground-truth nearest-
neighbor index, and τ is a temperature hyperparameter (default τ = 0.07).
(3) Variance regularization. To prevent dimensional collapse, we encourage each
latent dimension to maintain unit variance across the training batch:

Lvar =

16∑
j=1

(Var(zj)− 1)
2
, (7)

where zj denotes the j-th dimension across all training samples in a batch. The
total autoencoder loss is:

LAE = Lrecon + λn Lneighbor + λv Lvar. (8)
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We use λn = 1.0 and λv = 0.01 by default.
Text retrieval at inference. Following [31], we decode the 16-d latents back
to CLIP space using the decoder and retrieve the nearest action label via KNN
over the CLIP embeddings of all action labels in the BABEL vocabulary.

B Heterogeneous Timestep Sampling

As discussed in Sec. 3.3, each motion latent xi is assigned an independent
timestep txi during training. Naively sampling each txi ∼ U(0, 1) independently
would cause the sequence mean t̄x = 1

N

∑
i t

x
i to concentrate around 0.5 due to

the Bates distribution, undertraining the model at early (t̄ ≈ 0) and late (t̄ ≈ 1)
denoising stages [7].

Following SRM [59], we instead first sample a mean timestep t̄x ∼ U(0, 1)
and then perturb individual timesteps around this mean:

txi = clip(t̄x + δi, 0, 1) , δi ∼ N (0, σ2
t ), (9)

where σt controls the spread of individual timesteps. This ensures that t̄x re-
mains uniformly distributed across training, providing balanced coverage of all
denoising stages. We set σt = 1.0 in all experiments.

C Architecture and Training Details

Transformer denoiser architecture. As stated in the main paper, our de-
noiser Gθ is a Transformer with 16 layers, 16 attention heads, and a hidden
dimension of 1024. At each temporal position, the motion latent xi and action
plan latent yi are concatenated into a single vector and linearly projected to the
hidden dimension.
Training hyperparameters. We train with the Adam optimizer with a learn-
ing rate of 1e-4 and batch size of 32 on 4 NVIDIA A100 GPUs for 10,000
epochs, which takes approximately 26 hours. The loss weights are set to λx = 1
and λy = 1. We apply classifier-free guidance [25] by randomly dropping the
sequence-level text condition c with probability 0.1 during training and using a
guidance scale of 5.5 at inference.
Dataset details. We utilize both HumanML3D [21] and BABEL [48], which
independently annotate different subsets of AMASS [39]. The full HumanML3D-
272 [60] training set contains 21,466 motion sequences with sequence-level text
descriptions. Of these, only 8,829 sequences overlap with BABEL and have addi-
tional frame-level action labels. We do not apply left-right flipping augmentation
when computing this overlap statistic.

D Sampling Pseudocode

We provide detailed pseudocode for both offline (Algorithm 1) and streaming
inference (Algorithm 2) modes. Both share the same Stage 1 (action plan gen-
eration) but differ in how motion latents are denoised in Stage 2.
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Algorithm 1 Offline Mode Sampling
Input: Text condition c, denoising steps T , overlap steps K, sequence length N
Output: Clean motion latents x̂0

1: Stage 1: Action plan generation
2: Sample x ∼ N (0, I),y ∼ N (0, I), txi = 1 for ∀i ▷ Initialization
3: for s = 0 to T − 1 do
4: ty = 1− s/T
5: (_, ŷv) = Gθ(x1,y;1, t

y, c) ▷ cf . Eq. (2),tx = 1 and x1 are fixed for Stage 1
6: y← y − ŷv/T ▷ Update y with the predicted velocity
7: end for
8: ŷ0 ← y ▷ The clean action plan
9:

10: Stage 2: Progressive motion denoising in random order
11: Generate random permutation π of {1, . . . , N}
12: Initialize active set A = ∅, per-latent progress pi = 0 for ∀i, step counter S = 0
13: while any pi < T do
14: if π ̸= ∅ and S mod K = 0 then ▷ Activate the next latent every K steps
15: A ← A∪ {πk} ▷ Activate the next random latent πk

16: π ← π \ {πk} ▷ Remove
17: end if
18: for each i ∈ A with pi < T do ▷ Active latents NOT fully denoised
19: txi = 1− pi/T ▷ Update timesteps
20: end for
21: (x̂v,_) = Gθ(x, ŷ0; t

x,0, c) ▷ cf . Eq. (2), action plan ŷ0 is fixed for Stage 2
22: for each i ∈ A with pi < T do
23: xi = xi − x̂v,i/T ▷ Update the active motion latents only
24: pi ← pi + 1
25: end for
26: S ← S + 1
27: end while
28: x̂0 ← x

E User Study Details

We provide additional details on the user study interface and design. The detailed
instructions and interface layouts are shown in Fig. 6.

Text-to-motion generation study (Fig. 6b). Each trial presents three side-
by-side animations produced from the same textual prompt, with method as-
signment to left, middle, and right positions randomized. The text prompt is
displayed on top of the video. Participants are asked to select the motion that
best matches the text description and looks most realistic.

Long motion generation study (Fig. 6a). Each trial presents two side-by-
side animations generated from the same sequence of textual prompts (up to 30
seconds), with left-right assignment randomized. The text prompts are displayed
on top of the video in temporal order so that participants can verify whether
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each action is faithfully executed. Participants select the preferred motion using
the same two criteria.
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Algorithm 2 Streaming Mode Sampling
Input: Text condition c, denoising steps T , latent length N (T < N)
Output: Streamed clean motion frames x̂0

1: Stage 1: Action plan generation with the first motion latent fully de-
noised

2: Sample x ∼ N (0, I),y ∼ N (0, I) ▷ Initialization
3: Initialize active set A = ∅, per-motion latent progress pi = 0 for ∀i
4: for s = 0 to T − 1 do
5: ty = 1− s/T
6: A ← A∪ {xs} ▷ Activate the next latent xs

7: for each i ∈ A with pi < T do ▷ Active latents NOT fully denoised
8: txi = 1− pi/T ▷ Update timesteps
9: end for

10: (x̂v, ŷv) = Gθ(x,y; t
x, ty, c) ▷ cf . Eq. (2)

11: for each i ∈ A with pi < T do
12: xi = xi − x̂v,i/T ▷ Update the active motion latents only
13: pi ← pi + 1
14: end for
15: y← y − ŷv/T ▷ Update the action plan
16: end for
17: ŷ0 ← y ▷ The clean action plan
18: s← s+ 1
19: Decode x1 with the Causal TAE decoder to obtain motion frames
20:
21: Stage 2: Sequential progressive denoising in raster order
22: while any pi < T do
23: if s < N then
24: A ← A∪ {xs} ▷ Activate the next latent xs

25: end if
26: for each i ∈ A with pi < T do ▷ Active latents NOT fully denoised
27: txi = 1− pi/T ▷ Update timesteps
28: end for
29: (x̂v,_) = Gθ(x, ŷ0; t

x,0, c) ▷ cf . Eq. (2), action plan is fixed
30: for each i ∈ A with pi < T do
31: xi = xi − x̂v,i/T ▷ Update the active motion latents only
32: pi ← pi + 1
33: if pi = T then
34: Decode xi with the Causal TAE decoder to obtain motion frames
35: end if
36: end for
37: s← s+ 1
38: end while
39: x̂0 ← x
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Fig. 6: User study interfaces. (a) Long-sequence streaming evaluation: participants
compare two animations (left vs. right) generated from the same sequence of textual
prompts. Note that the left side is always shown in blue and the right side is al-
ways shown in red, while the actual method assigned to each side is randomized. (b)
Text-to-motion evaluation: participants compare three animations (left, middle, right)
generated from the same single prompt. In both studies, method assignment is ran-
domized and participants select the best motion based on semantic consistency and
realism.
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