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Figure 1. Visualization of streaming motion generation process. Texts are incrementally inputted and motions are generated online.

Abstract

This paper addresses the challenge of text-conditioned
streaming motion generation, which requires us to predict
the next-step human pose based on variable-length histor-
ical motions and incoming texts. Existing methods strug-
gle to achieve streaming motion generation, e.g., diffu-
sion models are constrained by pre-defined motion lengths,
while GPT-based methods suffer from delayed response
and error accumulation problem due to discretized non-
causal tokenization. To solve these problems, we pro-
pose MotionStreamer, a novel framework that incorpo-
rates a continuous causal latent space into a probabilis-
tic autoregressive model. The continuous latents miti-
gate information loss caused by discretization and effec-
tively reduce error accumulation during long-term autore-
gressive generation. In addition, by establishing temporal
causal dependencies between current and historical mo-
tion latents, our model fully utilizes the available infor-
mation to achieve accurate online motion decoding. Ex-
periments show that our method outperforms existing ap-
proaches while offering more applications, including multi-
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round generation, long-term generation, and dynamic mo-
tion composition. Project Page: https://zju3dv.
github.io/MotionStreamer/

1. Introduction

Streaming motion generation aims to incrementally synthe-
sizing human motions while dynamically adapting to on-
line text inputs and maintaining semantic coherence. Gen-
erating realistic and diverse human motions in a streaming
manner is essential for various real-time applications, such
as video games, animation, and robotics. Streaming motion
generation presents a significant challenge due to two fun-
damental requirements. Firstly, the framework must incre-
mentally process sequentially arriving textual inputs while
maintaining online response. Secondly, the model should be
able to continuously synthesize motion sequences that ex-
hibit contextual consistency by effectively integrating his-
torical information with incoming textual conditions, ensur-
ing alignment between progressive text semantics and kine-
matic continuity across extended timelines.

Conventional diffusion-based motion generation models
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[4, 12, 57] are constrained by their non-incremental genera-
tion paradigm with static text conditioning and fixed-length
generation processes. This inherently limits their ability to
dynamically evolving textual inputs in streaming scenar-
ios. Other autoregressive motion generation frameworks
[28, 68] are able to generate motions in a streaming manner.
However, they have difficulties in achieving online response
due to their non-causal tokenization architecture, which pre-
vents partial token decoding until all sequence is generated.
Real-time motion generation methods like DART [72] face
a critical limitation in their reliance on fixed-window local
motion primitives, which inherently restricts their capac-
ity to model variable-length historical contexts and dynam-
ically align with evolving textual inputs.

In this work, we propose a novel framework for stream-
ing motion generation, named MotionStreamer. The visu-
alization of the streaming generation process is illustrated
in Fig. 1. Our core innovation is incorporating a diffusion
head into an autoregressive model to predict the next motion
latent, while introducing a causal motion compressor to en-
able online decoding in a streaming manner. Specifically,
given an input text, we extract the textual feature, combine
it with historical motion latents, and use an autoregressive
model to generate a condition feature, which guides a dif-
fusion model to generate the next motion latent. In contrast
to previous methods [28, 68] that use vector quantization
(VQ) based motion tokenizer and GPT architecture to gen-
erate discrete motion tokens, our continuous motion latents
can avoid information loss of discrete tokens and accumu-
lation of error during the streaming generation process, as
demonstrated by our experimental results in Sec. 4.2.

A causal temporal AutoEncoder is then employed to con-
vert motion latent into the next human pose. The causal net-
work effectively establishes temporally causal dependen-
cies between current and historical motion latents, allowing
for online motion decoding. The key to achieving stream-
ing generation is enabling the model to dynamically ex-
tract relevant information from a variable-length history to
guide the next motion prediction. To enable the autoregres-
sive model to self-terminate without a pre-defined sequence
length, we additionally encode an “impossible pose” to get
areference end latent as the continuous stopping condition.

During experiments, we found that naive training of our
model still suffers from error accumulation and cannot well
support multi-round text input. To address these issues, we
propose two training strategies: Two-forward training and
Mixed training. Two-forward training strategy first gener-
ates motion latents using ground-truth, then replaces par-
tial ground-truth latents with first-forward predictions for a
hybrid second-forward, effectively mitigating the exposure
bias inherent in autoregressive training while preserving
parallel efficiency. Mixed training strategy unifies atomic
(text, motion) pairs and contextual (text, history motion,

current motion) triplets in a single framework, enabling
compositional semantics learning and generalization to un-
seen motion combinations.

We evaluate our approach on the HumanML3D [19]
and BABEL [48] datasets, which are widely-used for
text-to-motion benchmarks. Across these datasets, our
method achieves state-of-the-art performance on both text-
to-motion and long-term motion synthesis tasks. We also
demonstrate the superiority of our method on abundant ap-
plications. Such streaming generation framework is suitable
for online multi-round generation with progressive text in-
puts, long-term motion generation with multiple texts pro-
vided and dynamic motion composition where subsequent
motions can be regenerated by altering textual conditions
while preserving the initially generated prefix motion.

Overall, our contributions can be summarized as follows:
* We propose MotionStreamer, a novel framework combin-

ing a diffusion head with an autoregressive model to di-
rectly predict continuous motion latents, which enables
streaming motion generation with incremental text inputs.

* We propose a causal motion compressor (Causal TAE)
for continuous motion compression, which eliminates
information loss from discrete quantization and estab-
lishes temporally causal latent dependencies to support
streaming decoding and online response. We adopt Two-
Forward training strategy to mitigate error accumulation
in streaming generation scenarios.

* We demonstrate great performances of our approach on
benchmark datasets. We also show various downstream
applications, including online multi-round generation,
long-term generation and dynamic motion composition.

2. Related Work

Text-conditioned motion generation. Text-conditioned
motion generation aims to synthesize 3D human motions
from natural language descriptions [19].  Various ap-
proaches [8—10, 25, 26, 32, 39, 40, 43-45, 61-63, 65, 67,
71] have explored diverse architectures and methodologies
to enhance the naturalness and expressiveness for digital
human and motion animation. Previous works [2, 19, 41]
leverage VAE [29] to learn cross-modal mappings between
text and motion spaces. Some works [3, 4, 12, 13, 16, 27,
30, 53, 57, 60, 64, 69] also apply diffusion models [24] to
this task. Another line of works [18, 28, 35, 36, 68, 70, 73,
74] first discretize motions into discrete tokens and employ
autoregressive models (e.g., GPT) for sequential token pre-
diction. Furthermore, some approaches [17, 21, 38, 46, 47]
adopt a BERT-style [ 14] bidirectional Transformer architec-
ture [7] to reconstruct masked motion segments under text
guidance. However, most existing works only focus on of-
fline generation, where the entire motion sequence is gener-
ated at once. More recently, CAMDM [1|1] and AMDM
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Figure 2. Overview of MotionStreamer. During inference, the AR model streamingly predicts next motion latents conditioned on the
current text and previous motion latents. Each latent can be decoded into motion frames online as soon as it is generated.

[54] apply diffusion models into an autoregerssive man-
ner for real-time interactive character control. Ready-to-
React [6] further explores this idea in two-character inter-
action. CLoSD [58] and DART [72] apply it for real-time
text driven motion control. However, these methods are not
strictly causal, as they rely on a fixed-length context win-
dow while our method could handle variable-length histor-
ical information and incrementally generate motions in a
streaming manner.

Motion compression. Following the success of image
generation [51], previous works [12, 68] first encode the
raw motion sequences into a latent space and then gen-
erate motions within it. The most popular method is to
use Vector Quantized Variational AutoEncoders (VQ-VAE)
[59] for motion tokenization. TM2T [20] first introduces
vector quantization for motion discretization. T2M-GPT
[68] employs VQ-VAE to compress motion sequences into
a discrete latent space and then uses a GPT for motion gen-
eration. MoMask [21] leverages Residual VQ-VAE (RVQ-
VAE) [31] to progressively reduce quantization errors. In
contrast, MLD [12] utilizes standard VAEs [29] to convert a
motion sequence into an embedding and then use a diffusion
model to generate the latent. However, existing methods re-
quire a whole motion sequence to be encoded and decoded,
which is not suitable for streaming generation. In this pa-
per, we propose a causal motion compression approach to
achieve streaming motion generation with online response.

3. Method

We address the task of streaming motion generation with
online response by introducing a novel framework, named
MotionStreamer. The overview of the proposed framework
is illustrated in Fig. 2. In section 3.1, we first introduce
the problem formulation of streaming motion generation

and the motion representation used in this work. In sec-
tion 3.2, we introduce a Causal Temporal AutoEncoder for
continuous motion compression and online decoding. In
section 3.3, we present a diffusion-based autoregressive mo-
tion generator and the streaming generation process.

3.1. Problem Formulation

Task definition. We first introduce the formulation of
streaming motion generation. In contrast to previous text-
to-motion generation [19] which is conditioned on a pre-
defined fixed text prompt, we consider the case where a se-
ries of text prompts are given sequentially. Given a stream-
ing sequence of text prompts {P; }},, the goal is to gener-
ate a sequence of motion frames {z; }é\le online, where P;
is the i-th text prompt and z; is the j-th frame pose.

Motion Representation. Previous works [19, 21, 28, 57,
70] mainly uses the 263-dimensional pose representation
[19] for motion generation. However, this representation re-
quires an additional post-processing step [5], which is time-
consuming and introduces rotation error [15] to be con-
verted to SMPL [34] body parameters. To overcome this
issue, we slightly modify it and directly use SMPL-based
6D rotation [34] as joint rotations. Similar to prior works
on character control [55, 56], each pose x is represented by
a 272-dimensional vector:

v = {70 P 50 ) S

where we project the root on the XZ-plane (ground plane),
(7*,7* € R) are root linear velocities on the XZ-plane,
7* € RS denotes root angular velocity represented in 6D
rotations, j7 € R3K, j* ¢ R3K, and j” € R%K are local
joint positions, local velocities, and local rotations relative
to the root space, K is the number of joints. For SMPL

[34] character, K = 22, then we getthe 2 + 6 + 3 x 22 4
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3 x 2246 x 22 = 272 dimensions. This representation
removes the post-processing step and we could directly use
it for animating a SMPL character model.

3.2. Causal Temporal AutoEncoder

Streaming motion generation requires online motion decod-
ing for dynamic text inputs. However, most existing works
[21, 28, 68, 70] utilize temporal VQ-VAE to decode the
whole sequence at once, where each frame inherently de-
pends on past and future frames. Furthremore, the reliance
on discrete tokenization induces quantization error accumu-
lation across tokens, progressively degrading motion coher-
ence in streaming generation scenarios. To address these is-
sues, we introduce a Causal Temporal AutoEncoder (Causal
TAE) to enable motion generation in a causal latent space.

Architecture. Causal TAE is designed to achieve contin-
uous motion compression while explicitly modeling tem-
poral dependencies and enforcing causal constraints for se-
quential motion representation. Fig. 3 shows the proposed
Causal TAE network. We employ 1D causal convolution
[66] for constructing temporal encoder £ and decoder D
to convert raw motion sequences into a causal latent space.
The causality is guaranteed by a temporal padding scheme.
Specifically, for a convolution layer with kernel size k,
stride s; and dilation rate d;, we pad (k; —1) X dp 4 (1 — s¢)
frames at the beginning of the sequence. In this way, each
frame only depends on the frames before it and the future
frames are not involved in the computation. Moreover, ex-
plicitly modeling temporal causal structures in the latent
space enables the model to learn temporal and causal de-
pendencies inherent in the causally-related motion data.
Given a motion sequence X = {z1,22,--- ,xy} With
x; € RP, where N is the number of frames and D is the
motion dimension (D = 272), we could obtain a set of
temporal Gaussian distribution parameters { /1.y, oy / o
and preform reparameterization [29] to get continuous mo-
tion latent representation Z = {z1, 20, - , 2y} With 2; €
R% [ represents the temporal downsampling rate of the En-
coder £. This architecture reconstructs motion frames while
strictly preserving temporal causality across the sequence.

Training Objective. We use the same loss function as o-
VAE [52] to train the Causal TAE. In order to further en-
hance the reconstruction stability of the root joint, we add a
root joint loss L,.,.¢. The full loss function is defined as:

L= ﬁrecon + DKL (Q(Z|$)||P(Z)) + )\£T00t~ (2)

where
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D, D,oot and d. represent the dimensions of the mo-
tion, root joint and the latent representation respectively.
Specifically, D = 272, D,,,+ = 8 (the first 8 dims relate
to the root joint). d. = 16 is the best choice in our exper-
iments. /N and [ represent the number of frames and tem-
poral downsampling rate, [ is set to 4 here. x4; and Z4; are
the ground-truth motion and the reconstructed motion at the
i-th frame of the d-th dimension, o* is the analytic solution
of the standard deviation [52]. Dy, represents the KL di-
vergence, ¢(z|z) is the distribution of latents given the mo-
tions, p(z) = N(0,1) is the prior distribution. (yq;/, 0%;/)
are the Gaussian distribution parameters at the 4'-th latent
of the d-th latent dimension, which derive from the Causal
TAE Encoder £. A is the balancing hyperparameter.

Causal TAE offers distinct technical advantages for mo-
tion compression. Its causal property inherently supports
online decoding without requiring access to future frames,
which is critical for streaming generation. With the em-
ployment of continuous token representation, it bypasses
the discretization bottleneck of existing VQ-based methods.
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3.3. MotionStreamer

In this section, we present MotionStreamer, a streaming
generation pipeline based on a causally-structured latent
space. In order to handle coherence between arriving text
inputs and historical generated motions, we hypothesize
that current motion should only be conditioned on previous
motion and current text. As illustrated in Fig. 2, Motion-
Streamer comprises a pre-trained text encoder, a diffusion-
based autoregressive model, and the online motion decoder
(the learned Causal TAE decoder).

Training. Each training sample can be represented as:
S; = (T;,Ci, Z;), where T; € R1*% is the text embedding
obtained via a pre-trained language model (e.g. T5-XXL
[50]), C; € R*¥*de and Z; € R™*% are the previous motion
latents and current motion latents encoded by the learned
Causal TAE, where k, n, d; and d. denote the lengths of pre-
vious motion latents, current motion latents, the text embed-
ding dimension and the latent dimension respectively. We
concatenate them along temporal axis to form a sequence
S; = T3, Cy, Z;]. We employ a diffusion-based autoregres-
sive Transformer to predict motion latents. The latent se-
quence S is first processed by the Transformer and a causal
mask is applied to ensure the temporal causality [68]. Af-
ter the Transformer processing, we obtain the intermediate
latents {c},c?, - ,c?}, which serve as the condition for
the diffusion head (a small MLP) to predict motion latents
{2},22,--- | End;}. End, is the reference end latent in-
serted at the end of a sequence as the continuous stopping
condition, which we will elaborate later. Following [24, 33],
the loss function is defined as:

L= [lle - eo(Zult, Ci, T)|2]. %)

where ¢t denotes the timestep of noise schedule. We employ
QK normalization (i.e., normalize both queries and keys)
[22] before self-attention layer to enhance training stability.
Two-Forward strategy. We observe that using teacher-
forcing [1] directly during training often leads to error ac-
cumulation in the autoregressive generation process. To this
end, we propose a Two-Forward strategy that progressively
introduces the test-time distribution during training. Specif-
ically, after the first forward pass, we replace a subset of
ground-truth motion latents with their generated counter-
parts, creating a mixture of real and generated motion la-
tents. This hybrid input is then used in the second forward
pass, where gradients are backpropagated. We employ a co-
sine scheduler to control the proportion of replaced motion
latents. More details are provided in Sec.A of the appendix.

Mixed training. The datasets contain two types of training
samples, so we set C; to Null if there is no historical motion
in the dataset. We find that this simple strategy enables a
seamless transition between two consecutive motions.

Continuous stopping condition.  Streaming generation

requires automatically determining the generation length
for each text prompt. Previous method [37] uses a binary
classifier to determine whether to stop generation, which
suffers from a strong class imbalance. In contrast, we in-
troduce an “impossible pose” prior (i.e., all-zero vectors
0 € RP) as the stopping condition and use the causal TAE
to convert it into the latent space. The encoded latent serves
as the reference end latent. The generation should stop
when the distance between the currently generated latent
and the reference end latent is less than a threshold. There-
fore, MotionStreamer is able to stop generation automati-
cally and enables online and multi-round generation.

Inference.  During inference, given a stream of text
prompts {P; } M, the first text embedding T} is first fed into
the autoregressive motion generator to generate the first pre-
dicted motion latent sequence Z; = {z! 22, ... 2™}, As
soon as a motion latent is predicted, it can be immediately
processed by the online motion decoder (i.e., the learned
Causal TAE decoder) to get the output motion frames, ben-
efiting from its causal property. If the distance between the
currently predicted motion latent and the reference end la-
tent is lower than a threshold, the generation process of this
prompt stops. Then, we replace 1} with 75 as the current
text embedding. The already generated motion latent se-
quence 7y is appended to the end of the second text em-
bedding, forming the contextual latents used as input for
the next autoregressive step. We then generate the second
predicted motion latent sequence Zy = {23, 23, .., 202},
Next, we replace T with future text embedding, removes
7 1 from the condition latents and uses 22 as the historical
motion latents. Therefore, the third sequence could be pre-
dicted. This streaming generation process is repeated until
the entire motion sequence {ZAl}f\Ll is generated, ensuring
online response during streaming generation process.

4. Experiment

4.1. Experimental Setup

Dataset. We evaluate the proposed MotionStreamer on Hu-
manML3D [19] and BABEL [48] datasets, with the orig-
inal train and test splits. The HumanML3D dataset inte-
grates motion sequences with three distinct textual descrip-
tions. The BABEL dataset provides frame-level textual de-
scriptions with explicit inter-segment transition labels. Un-
like recent methods [4, 53] that use different motion repre-
sentations for both HumanML3D and BABEL datasets, we
employ the 272-dimensional motion representation as men-
tioned in Sec. 3.1 for both datasets. All motion sequences
are uniformly resampled to 30 FPS.

Evaluation Metrics. We adopt the metrics from [19] for
evaluation, including: (1) Frechet Inception Distance (FID)
[23], indicating the distribution distance between the gen-
erated and real motion; (2) Mean Per Joint Position Error
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Methods FID| R@1 1 R@21 R@3 1 MM-D | Div —
Real motion 0.002 0.702 0.864 0914 15.151 27.492
MDM [57] 23454 0.523 0.692 0.764 17.423 26.325
MLD [12] 18.236 0.546 0.730 0.792 16.638 26.352
T2M-GPT [68] 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 [21] 12.232 0.621 0.784 0.846 16.138 27.127
AttT2M [73] 15.428 0.592 0.765 0.834 15.726 26.674
Ours 11.790 0.631 0.802 0.859 16.081 27.284

Table 1. Comparison with baseline text-to-motion generation
methods on HumanML3D [19] test set. MM-D and Div denote
Multimodal Distance and Diversity respectively.

(MPJPE), the average distance between the predicted and
ground-truth joint positions, measuring the reconstruction
quality; (3) R-Precision (Top-1, Top-2, and Top-3 accu-
racy), the accuracy of the top-k retrieved motions; (4) Mul-
timodal Distance (MM-Dist), the average Euclidean dis-
tances between the generated motion feature and its text
feature. (5) Diversity, the average Euclidean distances of
the randomly sampled 300 motion pairs, measuring the di-
versity of motions. (6) Peak Jerk (PJ) [4], the maximum
value throughout the transition motion over all joints. (7)
Area Under the Jerk (AUJ) [4], the area under the jerk curve.
Both PJ and AUJ measures the smoothness of motions.

4.2. Quantitative Results

Comparison on Text-to-Motion Generation. We trained
an evaluator based on TMR [42] to evaluate the quality
of the generated motions. We use the processed 272-
dimensional motion data from HumanML3D [19] train set
for text-to-motion model training. All baselines are trained
from scratch following their original implementations. As
shown in Tab. 1, our method receives better performance
across multiple metrics on HumanML3D [19] test set .
Comparison on Long-Term Motion Generation. We
adopt a Mix Training Strategy for streaming long-term gen-
eration training. Specifically, we create training samples by
pairing adjacent subsequences from long motion sequences
in BABEL. Additionally, we incorporate text-motion pairs
from the HumanML3D dataset for mix training. The com-
parison results on BABEL [48] dataset are demonstrated
in Tab. 2. Following FlowMDM [4], the motion transi-
tion length is set to 30 frames. We modified T2M-GPT to
support streaming generation (marked as T2M-GPT*) and
also adapted our model to use VQ for discretization (marked
as VQ-LLaMA). Experimental results show that neither the
existing long-term generation baseline nor the discrete au-
toregressive model performs as well as our streaming gen-
eration approach in the continuous latent space.
Comparison on First-frame Latency. As streaming gen-

—e— Causal TAE (Ours)
~#~ Non-causal VAE
—#— MoMask

—4— MDM

£
»
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Figure 4. Comparison on the First-frame Latency of different
methods. Horizontal axis: the number of generated frames. Verti-
cal axis: the time required to produce the first output frame.

eration requires the model to generate motion progressively
and respond online. Therefore, we adopt the First-frame La-
tency to evaluate the efficiency of different methods. First-
frame Latency refers to the time taken by the model to pro-
duce its first predicted frame, serving as a key metric for
evaluating online response ability. Experimental results in
Fig. 4 show that our proposed Causal TAE achieves the low-
est First-frame Latency, benefiting from the causal property
of motion latents, which can be decoded immediately af-
ter generation. In contrast, non-causal VAE must wait un-
til the entire sequence is generated before decoding, caus-
ing First-frame Latency to increase as the number of gener-
ated frames grows. Another fixed-length generation meth-
ods like [21, 57] exhibit higher First-frame Latency as they
process the entire sequence at once rather than generating
frames progressively in a streaming manner.

4.3. Qualitative Results

Figure 5 shows the qualitative results of our method com-
pared with T2M-GPT [68], MoMask [21], AttT2M [73],
and FlowMDM [4]. For the text-to-motion generation, we
observe that VQ-based methods have difficulty in generat-
ing motions that are accurate and aligned with the textual
description. In the case of “a man jumps on one leg.”, T2M-
GPT [68] and AttT2M [73] generate a motion where the
person jumps with both legs instead. MoMask [21] em-
ploys residual vector quantization (RVQ) to reduce quanti-
zation errors but still suffers from fine-grained motion de-
tails loss. Specifically, the generated motion starts with a
one-leg jump but later switches to two-leg jumps or alter-
nating legs, along with noticeable sliding artifacts. How-
ever, our method can generate motions that are more ac-
curate with more details preserved as we use a continuous
latent space without discretization process.

For long-term motion generation, we compare with
FlowMDM [4] with a stream of prompts: [“a man walks
forward with arms swinging.”, “then he jumps up.”, “he
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Methods Subsequence Transition

R@3tr FID| Div— MM-D| FID| Div— PJ— AUJ|
GT 0.634 0.000  24.907 17.543 0.000 21.472  0.03 0.00
DoubleTake [53]  0.452 23937 22732  21.783  51.232 18.892 048 1.83
FlowMDM [4] 0492  18.736 23.847  20.253  34.721 20.293  0.06 0.51
T2M-GPT* [68]  0.364  39.482 24317  20.692  43.823 20.797 0.12 1.43
VQ-LLaMA 0.383 24342 19329  38.285  36.293 19.932  0.08 1.20
Ours 0.568 15.743 23.546  15.397  32.888 19.986  0.04 0.90

Table 2. Comparison with long-term motion generation methods on BABEL [48] dataset.

Ours T2M-GPT

‘a man walks forward with arms swinging.’

AttT2M

‘a man walks forward with arms swinging.’

MoMask

=] v & e
! ]
f
i\ -
=

FlowMDM

Figure 5. Visualization results between our method and some baseline methods [4, 21, 68, 73]. The first row shows text-to-motion gener-
ation results, the second row shows long-term generation results and the third row shows the application of dynamic motion composition.

turns around.”, “he faces another side.”’]. The visualiza-
tion results show that FlowMDM fails to generate the ini-
tial “walking” motion, instead producing in-place stepping.
However, we can generate more coherent and natural long-
term motions streamingly as our model has the ability to dy-
namically extract relevant information from variable-length
motion histories. Please refer to the supplementary videos
in our project page for more dynamic visualizations.

4.4. Ablation Study

Architecture of the Causal TAE. We comprehensively
evaluate the reconstruction performance and the corre-
sponding generation quality of different Causal TAE ar-
chitectures on the HumanML3D [19] test set, as shown
in Tab. 3. We replace the motion compression stage with
VQ-VAE [68] to discretize the motions, while keeping the
second-stage model architecture identical to ours. We also
experimented with replacing Causal TAE with a non-causal
temporal VAE and a standard temporal AE without vector
quantization. The results show that our continuous repre-
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sentation avoids the VQ process, effectively reducing in-
formation loss and minimizing quantization error, thus per-
forms better than the VQ-VAE baseline. The non-causal
VAE performs worse than Causal TAE in both reconstruc-
tion and generation, as Causal TAE inherently models the
causal structure of motion data during compression. This
causal latent space is better suited for autoregressive gen-
eration, aligning naturally with the causal masking process.
While AE achieves the best reconstruction quality by learn-
ing a near-identity mapping, its generation performance is
significantly worse. This highlights the crucial role of la-
tent space representation in determining the effectiveness
of subsequent motion generation.

We provide a more detailed ablation on the latent dimen-
sion and hidden size of Causal TAE, as shown in Sec.B in
the appendix. Notably, we observe that a larger latent di-
mension results in less compression rate, improving recon-
struction quality. However, this comes at the cost of poorer
generation performance, as insufficient compression and in-
effective latent space representation makes it harder for the



Figure 6. Dynamic motion composition. Our model supports composition of multiple motions with different textual descriptions while

maintaining previous motions unchanged.

Reconstruction Generation
FID | MPJPE | FID | R@3 1 MM-D | Div —
0.002 0914 15.151 27.492

13.226 0.824 16.746 27.024

Methods

Real motion - -

VQ-VAE 5.173 63.9

AE 0.001 1.7 43.828 0.463 22.040 27.382
VAE 2.092 262 19.902 0.735 17.926 27.312
Ours 0.661 229 11.790 0.859 16.081 27.284

Table 3. Ablation Study of different motion compressors on
HumanML3D [19] test set. MPJPE is measured in millimeters.

model to learn meaningful motion generation. Meanwhile,
the hidden size determines the model’s capacity, requiring
a careful balance between compression rate and hidden size
to ensure high reconstruction quality while enhancing gen-
eration performance. Ablation on the hyperparameter A is
provided in Sec.A of the appendix.

Design choices of AR Model. We analyze the impact
of different design choices of the AR model, as shown in
Tab. 4. The results show that the QK normalization and
Two-forward strategy are effective. We also remove the
diffusion head and use MSE loss for autoregressive train-
ing, which leads to a significant drop in generation quality.
Moreover, we find that using T5-XXL [50] improves the
generation performance compared with the CLIP [49] tok-
enizer. We found that applying a binary classifier to predict
whether to stop generation, as in [37], fails to learn the cor-
rect stopping condition. As a result, we did not evaluate the
model without the proposed continuous stopping condition.

4.5. Applications

MotionStreamer offers various applications, including
multi-round generation, long-term generation, and dynamic
motion composition. (1) Multi-round generation requires
iteratively generating motion in response to sequential or
interactive textual inputs. Our model can process incre-

AR Design choices FID | R@3 1 MM-D | Div —

Real motion 0.002 0914 15.151 27.492
w/o QK Norm 12.324 0.836 16.524 27.126
w/o Two-Forward 12.944 0.842 16.432 27.282

w/o Diffusion Head 59.296 0.360 22.864 27.325
CLIP 14.234 0.791 17.534 27.316
Ours 11.790 0.859 16.081 27.284

Table 4. Analysis of design choices of the AR model on Hu-
manML3D [19] test set. CLIP indicates the use of CLIP model
[49] as the text encoder to extract text features.

mental text inputs, respond online, and autonomously de-
termine when to stop generation. (2) Long-term genera-
tion requires smoothly generating long motion sequences
in response to sequential textual inputs. (3) Dynamic mo-
tion composition refers to the capability of seamlessly inte-
grating diverse motion sequences while preserving the con-
sistency of previously generated motion prefix, as shown
in Fig. 6. Our Causal TAE enables this application, which
eliminates the need for full-sequence re-decoding during the
generation of subsequent motion latents, requiring only the
decoding of the newly generated motion latents.

5. Conclusion

We present MotionStreamer, a novel framework for stream-
ing motion generation that integrates diffusion-based au-
toregressive model to directly predict causal motion latents.
By introducing Causal TAE, MotionStreamer supports on-
line response with progressive textual inputs. We propose a
Two-Forward training strategy to mitigate cumulative errors
in streaming generation process. Our method outperforms
baseline approaches, demonstrating its competitiveness in
motion generation while providing greater flexibility. It can
be applied to multi-round motion generation, long-term mo-
tion generation, and dynamic motion composition.
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