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Fig. 1. MotionBricks enables real-time motion control across animation and robotics. All motions are generated by our unified latent neural backbone using
the smart primitive interface. Top: We showcase MotionBricks in a UE5 demo covering diverse locomotion styles, acrobatics, and object-scene interactions.
Bottom: We deploy MotionBricks on the Unitree G1 robot for real-world whole-body control. The links to the dataset, code, and videos are available on the
project webpage: https://nvlabs.github.io/motionbricks.

Despite transformative advances in generative motion synthesis, real-time
interactive motion control remains dominated by traditional techniques.
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In this work, we identify two key challenges in bridging research and pro-
duction: 1) Real-time scalability: Industry applications demand real-time
generation of a vast repertoire of motion skills, while generative methods
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exhibit signi�cant degradation in quality and scalability under real-time
computation constraints, and 2)Integration: Industry applications demand
�ne-grained multi-modal control involving velocity commands, style se-
lection, and precise keyframes, a need largely unmet by existing text- or
tag-driven models. Moreover, a systematic motion design interface for gen-
erative models remains absent. To overcome these limitations, we introduce
MotionBricks: a large-scale, real-time generative framework with a two-fold
solution. First, we propose a large-scale modular latent generative back-
bone tailored for robust real-time motion generation, e�ectively modeling a
dataset of over 350,000 motion clips with a single model. Second, we intro-
ducesmart primitivesthat provide a uni�ed, robust, and intuitive interface
for authoring both navigation and object interaction. Notably, MotionBricks
applies to new downstream tasks in a zero-shot manner, where no �ne-
tuning or task-speci�c tagging is required. Applications can be designed in
a plug-and-play manner like assembling bricks without expert animation
knowledge, enabling an accessible interface for applications in animation
and robotics. Quantitatively, we show that MotionBricks produces state-of-
the-art motion quality on open-source and proprietary datasets of various
scales, while also achieving a real-time throughput of 15,000 FPS with 2ms
latency. We demonstrate the �exibility and robustness of MotionBricks in a
complete production-level animation demo, covering navigation and object-
scene interaction across various styles with a uni�ed model. To showcase our
framework's application beyond animation, we deploy MotionBricks on the
Unitree G1 humanoid robot to demonstrate its �exibility and generalization
for real-time robotic control.

CCS Concepts:̂ Computing methodologies ! Motion processing ;
Neural networks; Procedural animation; ˆ Applied computing ! Computer
games.
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1 Introduction
Runtime interactive motion control has been one of the foundational
pillars supporting the expanding array of animation and robotics
applications. However, the typical process of designing runtime
behavior systems is highly labor-intensive. Animation or behav-
ior graphs, and their variants, have been widely adopted in the
animation and robotics industries [Dynamics 2025; Kovar and Gle-
icher 2004; Min and Chai 2012; Safonova and Hodgins 2007; Unitree
2025; Unity 2025], largely due to their ability to construct complex,
hierarchical state machines with granular quality control. In a con-
ventional animation graph, pre-recorded motion clips are organized
into discrete states, with transitions between them governed by
game events and user input. Consequently, animation graphs suf-
fer from severe scalability limitations during the process of asset
and motion graph design. For example, a modern AAA animation
state machine, such as that used inAssassin's Creed, may require
managing over 15,000 animations, 5,000 states, and nested graphs
up to 12 levels deep [Holden 2018], making such systems nearly
impossible to maintain or extend. This overwhelming complexity
has e�ectively made high-quality runtime behavior systems the

exclusive domain of large, well-resourced studios, highlighting an
urgent need for new, more accessible approaches for the broader
community.

Recent advances in generative models have led to remarkable
breakthroughs across a wide range of content creation tasks, includ-
ing motion synthesis [Holden et al. 2017; Peng et al. 2018; Tevet et al.
2022]. Notably, two formulations have been extensively studied for
interactive runtime motion control: (1) Models that directly receive
control commands as input. This includes works spanning from
non-parametric methods such as motion matching [Buttner 2015,
2019; Clavet 2016], to deterministic models [Holden et al. 2017; Lu
et al. 2024; Starke et al. 2023, 2019, 2020, 2021; Zhang et al. 2018],
to generative methods [Gou et al. 2025; Shi et al. 2024]. Control
commands include, for example, tags, root trajectories, velocities,
and object attributes. (2) Text-to-motion models [Alexanderson et al.
2023; Cohan et al. 2024; Guo et al. 2024; Pinyoanuntapong et al.
2024b; Tevet et al. 2022; Zhang et al. 2024a; Zhou et al. 2024] use text
prompts as the main control modality. The former requires manual
tagging or attribute preparation during training, and it is quite com-
mon to use a prede�ned �one-hot� vector to represent the control
commands, which ultimately limits scalability as the types of control
commands vary signi�cantly across di�erent motion categories. The
latter, however, treats animation as a monolithic generation task
from text prompts, which has yet to provide the �ne-grained control
needed for reliable industrial-level applications and often struggles
to balance scalability, quality, and speed. Ultimately, runtime motion
control is a complex task that bridges low-level motion synthesis
and high-level behavior design, where a successful system needs to
excel in both requirements.

To achieve �ne-grained control and scalability in real-time, we
present MotionBricks, a framework designed for production use that
seamlessly combines a powerful low-level latent neural backbone
with a �exible, universal high-level behavior system built upon our
proposedsmart primitives. For the low-level neural backbone, we
adopt motion in-betweening as the foundational paradigm. We ad-
dress real-time scalability challenges with a novel structured latent
design that enables our backbone to signi�cantly improve model
capacity and spatial precision. Our model achieves state-of-the-art
motion quality while maintaining throughput far exceeding real-
time requirements. We further organize the model into a modular
setup that supports progressive, coarse-to-�ne motion generation,
improving robustness and quality, while allowing for a transparent
work�ow for inspecting and re�ning intermediate results. Through-
out the pipeline, we support �exible combinations of constraint spec-
i�cations, enabling maximum adaptability for high-level smart prim-
itive designs. For the high-level behavior system, we introduce two
smart primitives:smart locomotionandsmart object. Smart locomo-
tion provides a robust mechanism for generating proxy keyframes
across arbitrary navigation styles and velocity-heading commands,
while safeguarding against command dead zones and producing nat-
ural movement details via neural root trajectory re�nement. Smart
objects o�er an intuitive interface for proxy object interactions with
keyframes, allowing precise and natural control over interaction
with the neural backbone. This enables building highly complex
scenes in a plug-and-play manner without the need for animation
graphs. Both primitives expose a user-friendly, scalable interface
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that uni�es control into keyframe commands directed to the low-
level backbone. Notably, all applications and demos shown in this
paper are built using a �xed pre-trained neural backbone, without
requiring further �ne-tuning or additional tagging.

The core contributions of MotionBricks are summarized as fol-
lows: 1) We propose a modular generative neural backbone, fea-
turing a novel multi-head tokenizer and a progressive coarse-to-
�ne generation pipeline. Our design achieves state-of-the-art mo-
tion quality on various internal and open-source datasets, while
maintaining 2ms latency and 15,000 FPS throughput, far exceeding
real-time requirements; 2) We introduce smart primitives, a �exible
high-level behavior system built on top of our neural backbone. We
implement smart locomotion and smart object primitives in Un-
real Engine, and demonstrate their e�ectiveness through a complete
production-level demo, showcasing a wide variety of navigation and
interaction skills with a uni�ed interface, all without �ne-tuning or
additional tagging; and 3) We deploy MotionBricks on the Unitree
G1 humanoid robot, demonstrating that our framework bridges the
gap between virtual character animation and physical robot con-
trol, enabling a uni�ed approach to motion synthesis across both
domains. The open-source project for MotionBricks can be found
on our webpage.

2 Related Work
In this section, we provide an overview of relevant literature, cov-
ering both established traditional methods widely adopted in real-
world applications and the latest advancements in data-driven neu-
ral network techniques.

Traditional Methods.Motion graphs, or animation behavior graphs,
are the prevalent approach for runtime animation and certain robot-
ics applicability in the industry [Arikan and Forsyth 2002; Dynamics
2025; Engine 2025; Kovar 2002; Lee et al. 2002; Unitree 2025]. Ani-
mation graphs are state machines consisting of motion states such
as walking, running, idle, etc. Motion is generated by replaying clips
within the state or blending between states during transitions [Unity
2025] based on user controls or game events. Academic research has
further advanced the animation behavior graph, as seen in works
such as Kovar and Gleicher [2004]; Min and Chai [2012]; Safonova
and Hodgins [2007]. A particularly notable development is pre-
sented in Lee et al. [2010], which enables motion transitions at a
�ne-grained, frame-by-frame level rather than the traditional node-
by-node approach. These academic innovations, Lee et al. [2010]
in particular, ultimately inspired motion matching [Buttner 2015,
2019; Clavet 2016]. In motion matching, future frames are retrieved
from a motion database to match current state and user controls.
This approach eliminates the rigid, node-based constraints of tradi-
tional animation graphs, enabling signi�cantly more �exible and
nuanced motion synthesis. While e�ciency improvements have
been achieved through neural distillation and better search algo-
rithms [Holden et al. 2020; Yi and Jee 2019], motion matching is
typically still used as a subcomponent for navigation within broader
animation graphs and does not overcome the fundamental scalabil-
ity limitations. Ultimately, animation graphs become increasingly
fragile and labor-intensive as the number of states and transitions
grows, posing signi�cant challenges for large-scale applications.

Pre-Generative Methods.Prior to the advent of powerful gener-
ative models [Achiam et al. 2023; Ho et al. 2020], researchers ap-
plied feedforward deterministic neural networks to motion synthe-
sis [Fragkiadaki et al. 2015; Holden et al. 2016]. Phase-Functioned
Neural Networks (PFNN) [Holden et al. 2017] is a seminal work in
this direction, which predicts navigation motion on di�erent ter-
rains autoregressively. This approach inspired numerous models
for runtime animation methods [Lu et al. 2024; Starke et al. 2023,
2024, 2019, 2020, 2021; Zhang et al. 2018]. However, deploying these
models in real-world settings presents persistent challenges, such
as foot sliding, object penetration and excessive smoothing. These
models are also often specialized, tailored for a small set of tasks.
As a result, their applicability in production remains restricted.

Another line of research formulates motion synthesis as an in-
betweening or inpainting problem given the starting and ending
keyframe constraints [Harvey et al. 2020; Oreshkin et al. 2024; Qin
et al. 2022]. However, since these methods are typically tailored for
a narrow set of skills, they inherit the same scalability challenges as
the aforementioned autoregressive approaches. Moreover, as target
keyframes are usually unavailable during runtime animation, these
methods are predominantly utilized as o�ine tools for animation
authoring.

Generative Methods.Recently, di�usion models [Ho and Ermon
2016; Song et al. 2020] have achieved remarkable success, particu-
larly in image [Esser et al. 2024; Rombach et al. 2022] and video gen-
eration [Google 2025; OpenAI 2024], inspiring widespread adoption
across various domains. Of particular relevance are motion di�usion
models (MDMs) [Alexanderson et al. 2023; Cohan et al. 2024; Li et al.
2025; Tevet et al. 2025, 2022; Zhang et al. 2024a; Zhou et al. 2024]. In
the pioneering work [Tevet et al. 2022], the authors train a motion
di�usion model on the HumanML3D [Guo et al. 2022a] conditioned
on text descriptions. This work is further extended in Sha�r et al.
[2023] to handle longer sequences and multiple interacting humans.
Runtime di�usion guidance [Ho and Salimans 2022] is incorpo-
rated in Sha�r et al. [2023], enabling the enforcement of spatial
constraints during inference without retraining. In Li et al. [2024a,
2023], MDMs have also been extended to support object interactions.
While MDMs o�er strong scalability and motion quality, a signi�-
cant challenge remains: inference speed. Standard di�usion models
typically require several seconds, or even minutes, to generate mo-
tion clips, rendering them impractical for real-time applications.
Although recent research explores auto-regressive di�usion models
that amortize computation [Chen et al. 2024; Han et al. 2024; Li et al.
2024b; Shi et al. 2024] or use DDIM [Song et al. 2020] or techniques
such as �ow matching [Gou et al. 2025; Lipman et al. 2022], these
approaches still face a signi�cant trade-o� between real-time per-
formance and output quality, and barely achieve real-time speed,
leaving them impractical for integration into already demanding
animation or robotics pipelines. Another promising line of research
centers on token-based generative models, which discretize contin-
uous representations into discrete tokens [Esser et al. 2021; Razavi
et al. 2019; Tian et al. 2024; Van Den Oord et al. 2017], and subse-
quently employ transformers for prediction. This approach draws
inspiration from the advances seen in discrete language, image, and
video generative models [Luo et al. 2024; Sun et al. 2024; Yu et al.
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Fig. 2. MotionBricks's inference pipeline consists of four stages. Given user commands or game events, smart primitives generate target keyframes. The root
module first predicts timing and root trajectory, followed by the pose module that models the distribution of multi-head latent pose tokens. Finally, the
decoder produces continuous motion conditioned on pose tokens, root trajectories, and keyframes.

2023a,b]. Works such as Guo et al. [2022b]; Jiang et al. [2023]; Zhang
et al. [2024b] generate motion from text by treating motion tokens
analogously to language tokens. It is common to use an iteratively
masked token prediction strategy, in which tokens are predicted by
progressively �nalizing the most con�dent predictions [Guo et al.
2024; Pinyoanuntapong et al. 2024a,b]. Concurrently, SONIC [Luo
et al. 2025] adopts a similar token-based latent generation approach
for humanoid robot control, though with a di�erent tokenizer and
network architecture, and is limited to locomotion without support
for object interaction. Overall, these methods face a similar trade-o�
between quality and speed as di�usion models, and have yet to
achieve industry-grade interactivity, motion quality, or scalability.

3 Overview
We present MotionBricks, an intuitive framework for �ne-grained,
scalable, and robust runtime motion control. An overview of our
framework is shown in Figure 2. The pipeline consists of four com-
ponents: the smart primitive module, tokenizer, root module, and
pose module.

We �rst train a conditional structured multi-head tokenizer that
encodes) frames of motion into) •4 discrete tokens using a tempo-
ral encoder and decoder model. Then we train a generative back-
bone comprising a root module and a pose module. The root module
predicts timing and initial root trajectories from in-betweening con-
straints, while the pose module then models encoded pose token
distributions conditioned on the in-betweening constraints as well
as the root predictions. Crucially, training is agnostic to downstream

control modalities. No prede�ned control types or task-speci�c tags
are required, as all smart primitives communicate through a uni-
�ed keyframe interface. Once trained, the backbone requires no
�ne-tuning. Users con�gure smart primitives: smart locomotion
for navigation motions, and smart object for scene object interac-
tions. These smart primitives can be intuitively set up from mo-
tion libraries and interactive authoring tools, essentially creating a
fully connected motion graph where transitions are generated with
the neural backbone. At runtime, smart primitives generate target
keyframes from user commands and game events. These keyframes,
along with the context frames, are fed into the generative backbone
to progressively generate timing, root trajectories, and pose tokens,
which are �nally decoded into continuous motion. The framework
operates autoregressively, and replanning is triggered whenever the
control signals are changed or the future motion bu�er does not
have enough frames left. The runtime inference loop is summarized
in Algorithm 1. We use simpli�ed notation for clarity; the formal
de�nitions are provided in Sections 4 to 6.

Flexible In-betweening Constraint Handling.In MotionBricks, we
adopt an in-betweening formulation: context keyframes represent
the character's recent states, while target keyframes are goals sup-
plied by smart primitives. As shown in Figure 3,T1, T2, andT3 denote
the sets of provided constraints for local root, global root, and pose,
respectively, covering both context and target keyframes. We de-
note the keyframe constraints asT = fT1•T2•T3g. While context
keyframes (indices0•1•2•3) are always available, target constraints

ACM Trans. Graph., Vol. 45, No. 4, Article . Publication date: July 2026.


	Abstract
	1 Introduction
	2 Related Work
	3 Overview
	4 Structured Multi-headed Tokenizer
	4.1 Encoder
	4.2 Decoder
	4.3 Quantizer and Training

	5 Neural Backbone
	5.1 Root Module
	5.2 Pose Module

	6 Smart Primitives
	6.1 Smart Locomotion
	6.2 Smart Object

	7 Experiments
	7.1 Dataset
	7.2 Quantitative Evaluation
	7.3 Ablation Studies and Analysis
	7.4 Interactive Animation, Robotics Applications and Engineering Details

	8 Discussion
	8.1 Limitations and Future Work

	References
	A Scaling Behavior with Number of GPUs
	B Comparison between FSQ and VQ-VAE
	C Replanning Frequency
	D 2D Blendspace and Keyframe Blending in MotionBricks
	E Dataset Statistics
	F In-betweening Visual Comparisons
	G UE5 Demo Implementation
	H Contributors

