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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 significant degradation in quality and scalability under real-time
computation constraints, and 2) Integration: Industry applications demand
fine-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, effectively modeling a
dataset of over 350,000 motion clips with a single model. Second, we intro-
duce smart primitives that provide a unified, 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 fine-
tuning or task-specific 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 flexibility and robustness of MotionBricks in a
complete production-level animation demo, covering navigation and object-
scene interaction across various styles with a unified model. To showcase our
framework’s application beyond animation, we deploy MotionBricks on the
Unitree G1 humanoid robot to demonstrate its flexibility and generalization
for real-time robotic control.

CCS Concepts: • Computing methodologies → Motion processing;
Neural networks; Procedural animation; • 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 in Assassin’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 effectively 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 predefined “one-hot” vector to represent the control
commands, which ultimately limits scalability as the types of control
commands vary significantly across different motion categories. The
latter, however, treats animation as a monolithic generation task
from text prompts, which has yet to provide the fine-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 fine-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 flexible, universal high-level behavior system built upon our
proposed smart 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 significantly 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-fine motion generation,
improving robustness and quality, while allowing for a transparent
workflow for inspecting and refining intermediate results. Through-
out the pipeline, we support flexible combinations of constraint spec-
ifications, enabling maximum adaptability for high-level smart prim-
itive designs. For the high-level behavior system, we introduce two
smart primitives: smart locomotion and smart 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 refinement. Smart
objects offer 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

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

https://doi.org/10.1145/3811334


MotionBricks: Scalable Real-Time Motions with Modular Latent Generative Model and Smart Primitives • 3

that unifies control into keyframe commands directed to the low-
level backbone. Notably, all applications and demos shown in this
paper are built using a fixed pre-trained neural backbone, without
requiring further fine-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-
fine 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 flexible
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 effectiveness through a complete
production-level demo, showcasing a wide variety of navigation and
interaction skills with a unified interface, all without fine-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 unified 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.

TraditionalMethods. 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
fine-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 significantly more flexible and
nuanced motion synthesis. While efficiency 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 significant 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 different 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 offline tools for animation
authoring.

Generative Methods. Recently, diffusion 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 diffusion
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
diffusion model on the HumanML3D [Guo et al. 2022a] conditioned
on text descriptions. This work is further extended in Shafir et al.
[2023] to handle longer sequences and multiple interacting humans.
Runtime diffusion guidance [Ho and Salimans 2022] is incorpo-
rated in Shafir 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 offer strong scalability and motion quality, a signifi-
cant challenge remains: inference speed. Standard diffusion 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 diffusion 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 flow matching [Gou et al. 2025; Lipman et al. 2022], these
approaches still face a significant trade-off 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 finalizing the most confident 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 different tokenizer and
network architecture, and is limited to locomotion without support
for object interaction. Overall, these methods face a similar trade-off
between quality and speed as diffusion models, and have yet to
achieve industry-grade interactivity, motion quality, or scalability.

3 Overview
We present MotionBricks, an intuitive framework for fine-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 first train a conditional structured multi-head tokenizer that
encodes𝑇 frames of motion into𝑇 /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 predefined control types or task-specific tags
are required, as all smart primitives communicate through a uni-
fied keyframe interface. Once trained, the backbone requires no
fine-tuning. Users configure 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 finally decoded into continuous motion. The framework
operates autoregressively, and replanning is triggered whenever the
control signals are changed or the future motion buffer does not
have enough frames left. The runtime inference loop is summarized
in Algorithm 1. We use simplified notation for clarity; the formal
definitions 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, and T3 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 as T = {T1,T2,T3}. While context
keyframes (indices 0, 1, 2, 3) are always available, target constraints
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Algorithm 1MotionBricks Inference Loop

Require: Token decoder, root module F , pose module P, smart
primitives SP

1: Initialize motion buffer B, character state S
2: while running do
3: Read game event or user commands C
4: if C changed or |B| running low then
5: % Stage 0: construct keyframe constraints T
6: T ← SP(S, C)
7: % Stage 1: predict frame count 𝑇 , root trajectory {𝑟 }
8: 𝑇 , {𝑟 } ← F (T )
9: % Stage 2: predict pose tokens {𝑧𝑞}
10: {𝑧𝑞} ← P({𝑟 }, T , 𝑇 )
11: % Stage 3: decode continuous motion {𝑟, 𝑝, 𝑞, 𝑣, 𝑐}
12: {𝑟, 𝑝, 𝑞, 𝑣, 𝑐} ← decoder ({𝑧𝑞}, {𝑟 }, T , 𝑇 )
13: update B with generated motion
14: end if
15: Pop next frame from B; update S
16: end while

(indices 4, 5, 6, 7) vary by task. Different tasks require different lev-
els of constraint density: navigation typically needs only 1 or 2
keyframes for style and root velocity to avoid over-constraining the
motion, while object interaction requires denser specifications such
as consecutive hand positions. To handle this variability, each mod-
ule in MotionBricks accepts an arbitrary subset of constraints. When
a constraint is not provided, we substitute it with a learnable mask
embedding, allowing the model to gracefully handle partial specifi-
cations. This masking mechanism is applied consistently across the
root module, pose module, and decoder. Throughout all modules,
we support in-betweening segments ranging from 12 to 64 frames
at 30 FPS.

4 Structured Multi-headed Tokenizer
In MotionBricks, we propose a structured conditional multi-head to-
kenizer that serves as the cornerstone of our generative neural back-
bone. We map raw motion data into compact, abstract, structured
latent representations and introduce a root-pose disentanglement
strategy alongside a flexible conditioning mechanism tailored for
diverse application needs. Together, these designs greatly improve
the scalability, flexibility, and precision of the generative model
under runtime constraints.

State Representation. We consider motion segments of length 𝑇 ,
where 𝑇 is randomly sampled from 12 to 64 frames in increments
of 4. For each frame at time 𝑡 , we define the motion state as a tu-
ple (𝑟𝑔, 𝑟𝑙 , 𝑝, 𝑞, 𝑣, 𝑐), comprising: (1) global root values 𝑟𝑔 : projected
global positions and the cosine and sine of the heading angle of the
pelvis joint; (2) local root values 𝑟𝑙 : projected positional velocity and
angular velocity of the pelvis joint in global coordinates; (3) joint
positions 𝑝 and rotations 𝑞 for all joints (excluding the projected
root joint); (4) joint velocities 𝑣 and contact labels 𝑐 . Note that lo-
cal and global root values are interconvertible; we retain both to

enable flexible constraint handling in the neural backbone. To prop-
erly process motions such as crawling and flipping, we represent
joint rotations in global coordinates to avoid canonicalization with
ill-defined root headings. Consequently, we do not apply heading
canonicalization during training, but instead augment samples with
random rotations to learn motion skills across all directions. Simi-
larly, joint positions 𝑝 are expressed as global coordinates relative to
the root position, and velocities 𝑣 are computed in the global frame,
both without heading canonicalization, to maintain a consistent
motion representation.

4.1 Encoder
Drawing inspiration from foot-scaling and time-warping in tradi-
tional animation [Bereznyak 2024], we encode root and pose sep-
arately rather than jointly. Although root and pose are strongly
correlated, pose intent can be largely disentangled from root in-
tent: for instance, a person may walk at slightly varying speeds
while maintaining the same gait pattern. Therefore, the encoder
only encodes the local pose states without the root information as
follows: {

𝑧𝑡𝑒
}𝑇 /4
𝑡=1 = enc

({
𝑝𝑡 , 𝑞𝑡

}𝑇
𝑡=1

)
. (1)

The latent embedding 𝑧𝑡𝑒 is generated by progressively down-sampling
the features at rates of 2 and 4 using either a 1D convolutional
network [Kiranyaz et al. 2021] or a transformer with positional
encoding [Vaswani et al. 2017] to ensure temporal consistency. For
notational convenience, we overload 𝑡 to index both tokens (left-
hand side, 𝑇 /4 total because of the 4-frame downsampling) and
frames (right-hand side, 𝑇 total); we adopt this convention through-
out the paper for cleaner presentation.

Rather than tokenizing or discretizing the feature space with one
giant codebook or manually partitioning features by body part as
in prior work [Aberman et al. 2020; Pinyoanuntapong et al. 2024b],
we argue that such approaches are insufficient to capture the full
diversity of human movement required for real-world applications.
Instead, we rely on the network to learn this latent decomposition
in a fully data-driven manner. The continuous latent embedding 𝑧𝑡𝑒
is quantized into the discrete latent embedding 𝑧𝑡𝑞 separately along
the feature dimension using 𝐾 discrete codebooks {𝑒1, 𝑒2, . . . , 𝑒𝐾 }:

𝑧𝑡𝑞 =


𝑧𝑡
𝑞,1
𝑧𝑡
𝑞,2
.
.
.

𝑧𝑡
𝑞,𝐾


=


arg min𝑒1∈E1 ∥𝑧𝑡𝑒,1 − 𝑒1∥22
arg min𝑒2∈E2 ∥𝑧𝑡𝑒,2 − 𝑒2∥22

.

.

.

arg min𝑒𝐾 ∈E𝐾 ∥𝑧𝑡𝑒,𝐾 − 𝑒𝐾 ∥
2
2


. (2)

This strategy encourages the encoder to learn the subtle com-
positionality and disentanglement of human movement, without
imposing manual bias on how motion should be partitioned. Addi-
tionally, multi-head tokenization yields a more robust latent man-
ifold, enabling graceful degradation when individual tokens are
mispredicted, as demonstrated later in our experiments.

4.2 Decoder
Mirroring the encoder, the decoder progressively up-samples the
discrete pose tokens 𝑧𝑡𝑞 at rates of 2 and 4. Root trajectory con-
ditions are incorporated at each up-sampling layer through skip
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Fig. 3. In MotionBricks, the root module, pose module, and decoder accept a
flexible number of constraints from smart primitives. We denote the sets of
constraints for local root, global root, and pose as T1, T2, and T3, respectively.
Solid boxes indicate provided constraints; dashed boxes indicate optional or
missing entries.

connections at their corresponding temporal positions, encouraging
coherent full-body motion generation. To support flexible combina-
tions of constraints from our smart primitives as shown in Figure 3,
we allow keyframes produced by the primitives to be passed directly
to the decoder. During training, we randomly sample between 0
and 10 keyframes and incorporate them at each layer in the same
manner as root conditions. The decoder is formally defined as:

{𝑟𝑡
𝑙
, 𝑝𝑡 , 𝑞𝑡 , 𝑣𝑡 , 𝑐𝑡 }𝑇𝑡=1 = dec

(
{𝑧𝑡𝑞}

𝑇 /4
𝑡=0 , {𝑟

𝑡
𝑙
}𝑇𝑡=0, {𝑝}, {𝑞}

)
, (3)

where the local root trajectory 𝑟𝑡
𝑙
is sampled from the dataset during

training and predicted by the neural backbone at inference. We de-
note {𝑝} and {𝑞} as variable-length sets of keyframe constraints on
joint positions and rotations, respectively. The local root trajectory
𝑟𝑡
𝑙
and keyframe constraints {𝑝}, {𝑞} are provided to the decoder

as input and additionally injected into hidden states at each up-
sampling layer via skip connections. Since the pose tokens {𝑧𝑡𝑞}

𝑇 /4
𝑡=0

have temporal dimension 𝑇 /4 while the local root trajectory 𝑟𝑡
𝑙
has

temporal dimension 𝑇 , root features are temporally stacked by the
downsampling factor 4 before concatenation with the pose token
embeddings along the feature dimension. This stacking process is
applied to the skip connection features of 𝑟𝑡

𝑙
at each up-sampling

layer, where the temporal downsampling factor progressively de-
creases from 4 to 2 to 1. Sparse keyframe constraints {𝑝}, {𝑞} are
zero-padded to length 𝑇 and processed in the same manner as root
trajectory features. Additionally, a boolean availability mask deter-
mines whether keyframe embeddings from the skip connection or
the decoder hidden states are selected at each layer. We refer readers
to our open-source repository for implementation details. Notably,
the decoder can also refine the predicted root trajectory, producing
cleaner footsteps and smoother transitions.

4.3 Quantizer and Training
We train the tokenizer with a standard VQ-VAE quantizer loss, e.g.,
𝐿 =

∑𝑇 /4
𝑡=0

∑𝐾
𝑘=1 ∥𝑠𝑔(𝑧

𝑡
𝑞,𝑘
) − 𝑒𝑘 ∥22 + 𝛽 ∥𝑧

𝑡
𝑞,𝑘
− 𝑠𝑔(𝑒𝑘 )∥22, where 𝑠𝑔 de-

notes the stop-gradient operator [Van Den Oord et al. 2017]. In
practice, we use a running-mean codebook update, which yields
more stable training [Razavi et al. 2019]. Alternatively, an FSQ tok-
enizer [Mentzer et al. 2023] can be used, which generates similar
performance. As discussed in Section 3, during inference the de-
coder uses the first 4 frames as context keyframes, with 1 to 4 target
keyframes provided by the smart primitives; together these form

the keyframe constraints {𝑝}, {𝑞} in Equation 3. However, during
training, a random number (between 0 and 10) of keyframe con-
straints are sampled at arbitrary temporal positions to encourage
the model to learn generalizable and robust features. The same
variable-constraint sampling strategy is applied to the root and pose
module training as well.

5 Neural Backbone
The neural backbone of MotionBricks is a progressive modular ar-
chitecture that generates in-betweening motions driven by smart
primitives in a coarse-to-fine manner. It comprises two components:
the root module and the pose module. The root module predicts
the number of frames between keyframes and produces an initial
estimate of the root trajectory. The pose module then models the
distribution of pose tokens conditioned on the root trajectory and
keyframes. This modular design not only iteratively improves mo-
tion quality, but also provides a transparent interface for inspecting,
modifying, and refining intermediate results.

5.1 Root Module
The root module follows a two-step design, taking the constraints
shown in Figure 3 as input. The first step predicts the number of in-
between frames; the second step estimates the initial root trajectory
conditioned on the timing prediction and hidden states from the
first step.

Step 1: Hidden State Initialization and Timing Prediction. We use a
transformer encoder for step 1, whose input consists of three types
of embeddings: (1) a sequence of 16 learnable frame-slot embed-
dings {ℎ𝑡1}

16
𝑡=1, each serving as a query position for predicting the

root trajectory at that temporal location, covering a maximum of 64
frames after 4× downsampling; (2) a global embedding encoding the
keyframe constraints, denoted as 𝑓 (T1,T2,T3); and (3) a timing em-
bedding 𝑔(𝑇1), encoding the ground-truth frame count information
𝑇1 when available, or a learnable mask embedding otherwise. Both
𝑓 and 𝑔 are learnable 3-layer MLPs that project inputs to the same
dimension as the frame-slot embeddings. The transformer outputs
a distribution over in-between frame counts at 4-frame resolution,
from which we sample or take the argmax during inference, yield-
ing the predicted frame count 𝑇2. When the ground-truth frame
count is provided, the predicted distribution is masked out to only
allow ground-truth frame count. We also support bit-wise masking
over the distribution of valid frame counts, enabling flexible timing
control at inference.

Step 2: Conditional Root Trajectory Estimation. Intermediate frame-
slot embeddings from step 1 are passed to step 2, denoted as {ℎ𝑡2}

16
𝑡=1.

We mask out frame-slot embeddings beyond the predicted frame
count 𝑇2. A temporal transformer then processes this sequence
to predict the initial root trajectory conditioned on keyframe and
timing constraints.

Finally, the root module is formally defined as:

{ℎ2}, 𝑇2 = F1 ({ℎ1}; 𝑔(𝑇1); 𝑓 (T1, T2, T3)) ,
{𝑟𝑔} = F2 ({ℎ2}; 𝑔(𝑇2); 𝑓 (T1, T2, T3)) .

(4)
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In Equation 4, F1 and F2 denote the transformer encoders for step
1 and step 2, respectively. In practice, we also augment the frame-
slot embeddings ℎ1 and ℎ2 with positional encoding [Vaswani et al.
2017] for temporal information. The root module outputs global
root values {𝑟𝑔}𝑇2

𝑡=1, enabling direct control over root trajectories
to satisfy global constraints. Due to the 4 times downsampling,
each final embedding is decoded into 4 consecutive frames of root
trajectory 𝑟𝑔 . In subsequent pose and decoder modules, we convert
these global root values to local root values for finer-grained motion
generation.

5.2 Pose Module
The pose module is the largest transformer in our framework, mod-
eling the distribution of pose tokens conditioned on root trajectories
and keyframe constraints. Similar to the root module, we construct
frame-slot embeddings, where each encodes: (1) local and global
root values 𝑟𝑙 , 𝑟𝑔 , sampled from the dataset during training and
predicted by the root module at inference; (2) local pose keyframe
constraints 𝑝 , 𝑞; and (3) pose token embeddings, using a cosine
scheduled mix of ground truth and masked-token embeddings dur-
ing training, and all initialized to masked-token embeddings at
inference. For local pose keyframe constraints, similar to the de-
coder (Section 4), we randomly sample 0 to 10 keyframes during
training and extract them from T3 at inference. Missing entries are
replaced with learnable masked-pose embeddings. We adopt the
masked token modeling strategy [Luo et al. 2024; Pinyoanuntapong
et al. 2024b; Yu et al. 2023a,b] which iteratively predicts the pose
tokens based on confidence. In practice, a single forward pass at
inference typically produces high-quality motion. However, we still
use cosine scheduling as an effective curriculum learning approach
during training.
The pose module is formally defined as follows:

{ℎ𝑝 } = P
(
{𝜙

(
{𝑟𝑙 }; {𝑟𝑔}; {𝑧𝑞}

)
}
)
,

𝑝 (𝑧𝑡
𝑞,𝑘
) = 𝜎

(
𝑓𝑘

(
ℎ𝑡
𝑝,𝑘

))
, 𝑘 = 1, . . . , 𝐾

(5)

where 𝑧𝑞 is the latent token embedding vector in Equation 4.1 and
𝜙 is the input embedding function that applies separate linear pro-
jections to the three input types and combines them via an MLP. P
denotes the transformer encoder, and ℎ𝑡

𝑝,𝑘
is the 𝑘-th partition of the

final hidden state ℎ𝑡𝑝 along the feature dimension. Each partition is
projected through a linear layer 𝑓𝑘 followed by softmax 𝜎 to produce
the token distribution for the 𝑘-th codebook head. The finalized
pose tokens are then decoded along with the predicted root from
the root module, as shown in Equation (3).

6 Smart Primitives
In this section, we introduce two smart primitives: (1) smart loco-
motion for navigation with arbitrary styles and velocity/heading
commands, and (2) smart object for interacting with static scenes
and dynamic objects. Together, these primitives form a unified and
flexible framework powered by a shared neural backbone, providing
a complete solution for building rich, interactive scenes.
A key advantage of MotionBricks is zero-shot generalization

to diverse downstream tasks, enabled by our scalable generative

side step jump

runstop

Fig. 4. Our root-disentangled decoder automatically warps motion to differ-
ent root trajectories with the same pose tokens, enabling both robust and
precise control. Root trajectories are interpolated linearly from red to blue
characters. The neutral-colored character shows the original motion.

happy
crawling
injured
wide
jog

stealth
walk

defense
gun

crouch
zombie

Fig. 5. Neural root refinement automatically adjusts trajectories based
on locomotion style. Despite identical initial root states and navigation
commands, each style (e.g., happy, crawling, stealth, crouch) produces a
distinct root trajectory. Right column: zoomed views showing fine-grained
trajectory details.

neural backbone. Unlike prior methods that require task-specific
conditioning during training, such as velocity commands, one-hot
task labels, or learned task descriptors, our model requires no such
supervision. All task specifications are instead defined at runtime,
enabling broad applicability without retraining.

6.1 Smart Locomotion
Controllable locomotion presents two key challenges: (1) gener-
ating natural motions from a wide range of velocity and heading
commands, which is nontrivial when the “correct” velocity for a
given navigation context is unknown or ambiguous, or when users
specify infeasible targets (control dead zone); and (2) supporting di-
verse locomotion styles with smooth transitions. Smart locomotion
addresses these with two mechanisms: progressive root trajectory
refinement, which reliably and intelligently balances user input with
neural correction, and styled keyframe placement with repetitive
planning for natural style transitions. We introduce each component
in temporal order of execution.

Critically Damped Spring Model for Initial Root Trajectory Esti-
mation. As defined earlier, root states 𝑟𝑔 comprise the projected
global position and heading angle of the pelvis joint. Inspired by the
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crouch aim

carry

squeeze dance

zombie

jog

bear

run
injured
torso

run
stealth

walk

strafing
stealth
run

skipping

crouch

injured
leg

crawl shy

zombie

Fig. 6. Diverse locomotion styles generated by smart locomotion in UE5 (top two rows) and on the Unitree G1 robot (bottom two rows). Styles include walking,
running, crouching, strafing, stealth, crawling, and expressive movements, all generated from a single neural backbone.

damped spring model commonly used in motion matching [Clavet
2016; Holden et al. 2020], we generate an initial guess of the root
trajectory. We first compute a naive target 𝑟𝑔,1 by linearly extrapo-
lating the current state using the user’s commanded velocity and
heading (from gamepad, keyboard, etc.) over a 1.0s horizon. We then
apply a critically damped spring to smooth the trajectory 𝑟 (𝑡) from
the current root 𝑟0 toward the target 𝑟𝑔,1:

𝑟 (𝑡) = 𝑒−𝛾𝑡
(
(𝑟0 − 𝑟𝑔,1) + (𝑣0 + 𝛾 (𝑟0 − 𝑟𝑔,1))𝑡

)
+ 𝑟𝑔,1, (6)

where 𝛾 is the damping coefficient, and 𝑟0 and 𝑣0 are the current
position and velocity. Setting 𝑡 = 1.0 s yields the spring-smoothed
target 𝑟𝑔,2.

Style Control via Keyframe Selection. To control locomotion style,
we leverage our in-betweening formulation by placing keyframes,
sampled from short reference clips or human-authored poses of the
desired style, onto the spring-smoothed trajectory 𝑟𝑔,2.

Traditional locomotion controllers must carefully align keyframes
with footstep phases and explicitly handle style transitions to avoid
artifacts. In contrast, our method automatically generates high-
quality, natural motions with smooth style transitions. We attribute
this to two factors: (1) a powerful generative backbone that has
learned diverse motion skills and can adapt keyframes to context,
and (2) a replanning mechanism that re-plans after a fixed interval,
preventing the output from being rigidly locked to arbitrarily placed
keyframes. We demonstrate in both our UE5 demo and robotics de-
ployment that even with a single keyframe and artificially inserted
velocity/heading values, MotionBricks produces natural, coherent
motions. We also support keyframe generation via 2D blendspaces,

showcasing the flexibility of our approach for integration with exist-
ing industrial animation tools. We discuss the differences between
traditional 2D blendspaces and the keyframe blending approach in
MotionBricks in Appendix D.

Table 1. Progressive root trajectory refinement in smart locomotion.

stage symbol description

naive 𝑟𝑔,1 direct extrapolation
spring model 𝑟𝑔,2 critically damped spring smoothing
root module 𝑟𝑔,3 refinement with style and timing
decoder 𝑟𝑔,4 refinement with full-body motion

Neural Root Refinement. While the spring-smoothed root 𝑟𝑔,2 pro-
vides a reasonable initial estimate, it does not account for constraints
imposed by context and target keyframes. We therefore feed 𝑟𝑔,2
along with keyframe information into our root module to produce
the refined root trajectory 𝑟𝑔,3. The root module generates trajecto-
ries with natural, realistic movement details (as opposed to themech-
anistic spring-smoothed output), and leverages timing prediction to
avoid artifacts such as invalid or abrupt velocities, effectively safe-
guarding the output from control dead zones. As shown in Figure 5,
even with identical initial root states and navigation commands
from keyboard, the final root trajectories are automatically adjusted
to produce natural motions that respect style constraints. Finally,
𝑟𝑔,3 is passed to the decoder, which produces the final motion while
further refining root values in coordination with full-body details
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Fig. 7. Smart objects enable diverse scene and object interactions from a flexible number of keyframes. Top rows: Examples including ledge climbing, vaulting,
sitting, falling from heights, and object pickup. Bottom row: Keyframe authoring interface using standard translation and rotation gizmos in UE5.

such as footsteps and velocities, yielding the output 𝑟𝑔,4. Crucially,
the decoder’s disentangled handling of root and pose enables robust
adaptation to varied inputs. As shown in Figure 4, the final motions
adapt gracefully to interpolated root trajectories, enabling flexible
post-processing and root constraint adjustments in downstream
applications.

As summarized in Table 1, the root trajectory undergoes progres-
sive refinement from user input to final motion, striking the balance
between responsiveness of user input and neural corrections. In
Figure 6, we showcase diverse locomotion styles generated by smart
locomotion in both UE5 and on the Unitree G1 robot.

6.2 Smart Object
Object interaction in games and simulations traditionally relies
on template-based solutions: pre-canned animation clips or pre-
defined robotic skill routines tied to specific object positions and
orientations. This approach suffers from two major limitations: (1)

significant authoring burden, as different objects and configura-
tions require dedicated animation clips or task-specific processing,
and (2) rigid, inflexible playback that struggles with varied object
placements or smooth transitions into and out of interactions.
Our smart object primitive addresses these limitations by lever-

aging the in-betweening capability of our neural backbone. Rather
than relying on pre-canned animation clips, we define each interac-
tive object via two lightweight components: intent keyframes that
guide the character toward key poses (serving as either soft guid-
ance or hard constraints depending on the interaction phase), and an
interaction binding that anchors the interaction logic to the object.

Smart Object Intent Keyframes. Keyframes define the essential
poses for an interaction behavior. For example, a climbing interac-
tion may consist of multiple keyframe sets: (1) a contact pose where
the character’s hands reach the wall edge, and (2) an exit pose where

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



10 • T. Wang, O. Dionne, M. De Ruyter, D. Minor, et al.

Fig. 8. Automatic motion variations from smart objects using the same
keyframe setup. Clockwise from top-left: falling, sitting, vaulting, and sword
pickup. Each skill shows three variants, with keyframes displayed chrono-
logically from left to right.

the character stands on the ledge after climbing. As shown in Fig-
ure 7, we support a variable number of keyframe sets per behavior,
with each set containing one or more keyframes. Users can obtain
keyframes from a motion library or author them manually using
standard translation, rotation, and IK gizmo tools.

To control how strictly keyframes are enforced, each keyframe set
includes a drop-frame attribute 𝜏 . Setting 𝜏 = 0 treats the keyframe
as a hard constraint: the generated motion must fully reach the
target pose before proceeding, which is essential for precise contact
interactions like hand placement during climbing. Setting 𝜏 > 0
treats the keyframe as soft guidance: the model uses the keyframe to
shape the motion’s intent, but may transition to the next phase up
to 𝜏 frames early without reaching the exact pose. This is useful for
preparation keyframes (e.g., poses preparing the hands and feet for

Table 2. Overview of datasets used in our experiments.

Dataset Hours Train clips Test clips Joints

350k 700 315,162 35,018 27
70k 140 62,132 35,018 27
HumanML3D 28.6 23,206 2,578 22
LaFAN1-G1 4.6 2,362 262 34

Basic Loco. (24.8%)
Adv. Loco. (13.6%)
Acting (11.2%)
Gestures (7.9%)
Communication (5.1%)
Props (5.0%)
Action (4.6%)
Roleplay (4.1%)
Martial Arts (3.5%)
Dance (1.9%)
Drunk (1.9%)

Injured (1.9%)
Long Prop (1.8%)
Small Prop (1.7%)
Melee Prop (1.5%)
Dual Prop (1.4%)
Magic (1.4%)
Zombie (1.2%)
Seated (1.1%)
Stealth (0.9%)
Athletics (0.8%)
Others (2.6%)

Fig. 9. Distribution of the 350k dataset across its 36 categories. “Basic.Loco.”,
“Adv.Loco.”, and “Ext.Loco.” denote basic, advanced, and extreme locomo-
tion, respectively. “Human Inter.” denotes human interaction. Categories
comprising fewer than 0.5% of total clips are grouped under “Other”.

a vaulting motion) or exit poses, where strict enforcement would
produce unnatural, over-constrained motion. We also note that
a single smart object can define multiple keyframe sets for skill
variety, and we support neurally generated keyframes on the fly.
Additionally, each keyframe includes a boolean flag 𝜔 indicating
whether it should be rotated around the interaction pivot at runtime,
as discussed below.

Interaction Binding. Each smart object defines an interaction bind-
ing that manages three aspects of interaction: detection, placement,
and keyframe anchoring, as shown below. (1) Detection: We derive
an interaction mesh from the object’s physical geometry, which
serves as a trigger volume. At runtime, box collision tracing deter-
mines whether the character is within interaction range and can ini-
tiate the interaction. (2) Object sockets and placement: For portable
objects, the binding defines sockets specifying where the object at-
taches to the character (e.g., hands) and placement logic determining
where the object should be positioned once released, for instance,
snapping to a valid surface detected via ray cast. (3) Keyframe an-
choring: For scene and static object interactions, the mesh’s world
transform acts as a pivot to anchor and rotate keyframes (for those
keyframes with𝜔 = 1) relative to the object. This enables a character
to approach the same ledge from different angles, or interact with
objects at varying positions, using identical keyframe definitions,
a key advantage of our generative approach over template-based
playback. Our implementation leverages UE5’s built-in modules
(box traces, collision detection, socket systems), demonstrating that
our method integrates seamlessly with existing game engine in-
frastructure. As shown in Figure 7, diverse scene and object inter-
actions can be authored in a scalable way. Furthermore, Figure 8
demonstrates automatic motion variations. Falling motions adapt
to different heights, and scene object interactions such as pickup,
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vaulting, and sitting, adjust to varied angles, velocities, and styles
without additional authoring.

7 Experiments
In this section, we evaluate MotionBricks across different datasets
in both animation and robotics applications. Section 7.1 describes
the datasets used in our experiments. Section 7.2 presents numeri-
cal comparisons with recent state-of-the-art methods. Section 7.3
provides ablation studies analyzing the contribution of different
components. Section 7.4 discusses interactive animation, robotics
applications, and engineering details.

7.1 Dataset
We evaluate our method on four datasets of varying scales. Our
primary dataset is a proprietary motion capture collection contain-
ing approximately 700 hours of high-quality motion data with 350k
motion clips, covering diverse actions including locomotion, combat,
sports, and object interactions.Without further specification, we call
it 350k dataset. The 350k dataset covers 9,300 unique skills across 36
categories, captured from over 163 performers, as shown in Figure 9.
The test set comprises 10% of the full dataset and consists of two
5% subsets: one split randomly, and the other split by motion skill
category to maximize distributional difference from the training
set. The dataset, along with download and usage instructions, is
available on our project website. Additional statistics are provided
in Appendix E.
For public benchmark comparison, we use HumanML3D [Guo

et al. 2022a], an open-source dataset with 28.6 hours and 14,616
motion sequences. We removed broken clips and segment motions
that are too long, so the final number of training clips is 23,206
and test clips is 2,578. Additionally, we evaluate on LaFAN1-G1, a
variant of LaFAN1 [Harvey et al. 2020] retargeted to the Unitree G1
humanoid skeleton, which contains 4.6 hours with 2.4k clips and
has become a common benchmark for robotics research. Since most
LaFAN1 motion clips are quite long, we cut them into 6s clips. We
also added four end-effector joints to the G1 skeleton, which has
30 joints (29 hinge joints and a free pelvis joint) so that in total we
have 34 joints. We also train on a 140-hour subset of our proprietary
dataset (referred to as 70k) with 62k clips to study scaling behavior.
For all four datasets, we use 30 FPS and retrain our method and
baselines for fair comparison.

In total, as shown in Table 2, we have 4 datasets covering different
scales of the datasets and skeletons of different number of joints
and morphologies across animation and robotics domains. We use
the same motion representation as described in Section 4.

7.2 Quantitative Evaluation
To demonstrate the effectiveness of our method, we compare with
the following state-of-the-art methods: 1) Cond. In-betweening [Kim
et al. 2022], 2) Delta-interpolator [Oreshkin et al. 2024], 3) Two-
stage Trans. [Qin et al. 2022], 4) CondMDI [Cohan et al. 2024], 5)
MMM [Pinyoanuntapong et al. 2024b], and 6) Closd-DiP [Tevet
et al. 2025]. The first three are deterministic methods using trans-
formers to predict in-between motions directly, with the two-stage
transformer method employing a cascade of two transformers for

refinement. CondMDI and Closd-DiP are generative diffusion mod-
els. The former uses a U-Net architecture specifically designed for
motion in-betweening, while the latter employs a closed-loop frame-
work between physical simulation and a diffusion planner. In our
experiments, we use only the diffusion planner of Closd-DiP for a
fair comparison. MMM also uses a token-based approach but em-
ploys a single-head tokenizer without root-pose disentanglement or
progressive design. We modified the open-source code repositories
to support evaluation on our datasets, using the same motion repre-
sentation and training settings as the original methods. All methods
are formulated for the in-betweening task for our evaluation.

Evaluation Metrics. We randomly sample the context and target
keyframes from the test set and generate motions between the two
keyframes. We evaluate methods across seven categories of met-
rics: (1) Speed: We report frames per second (FPS) and latency
in milliseconds to measure real-time performance. We take the la-
tency from the original methods’ paper directly if the values are
provided; otherwise, we use the modified open-source code to es-
timate the FPS and latency. (2) Distribution: We use Maximum
Mean Discrepancy (MMD) [Jayasumana et al. 2024] and Fréchet
Inception Distance (FID) [Heusel et al. 2017] to measure how well
the generated motion distribution matches the ground truth distri-
bution. To obtain the MMD and FID scores, we retrain a motion
autoencoder following TMR [Petrovich et al. 2023], omitting the
text branch, and compute both metrics in the learned latent space.
Following [Jayasumana et al. 2024], we scale the distribution met-
rics for more human-readable values. We provide the groundtruth
FID and MMD values for reference. (3) Human Evaluation: We
conduct a user study with 40 participants from diverse backgrounds,
including artists, technical specialists, engineers, and scientists from
the animation and robotics domain. For each trial, participants view
motions generated by 3 randomly selected methods on the same in-
betweening setup and select a single winner. Win rate is computed
as the percentage of trials where a method is selected as the best.
Participants also rate each motion on a 1–5 Likert scale for overall
quality. (4) Diversity: Following [Tevet et al. 2022], we run each
generation 20 times and compute two diversity metrics: joint-level
diversity, which measures the variability of joint positions across
generated motions, and latent-level diversity, which similarly mea-
sures the mean pairwise distance in the learned latent space. (5)
Smoothness: Joint Jitter and Root Jitter (both in m/s2) measure
the acceleration magnitude of joint positions and root trajectory,
respectively, as was proposed in [Gou et al. 2025]. It aligns well with
the human perception of smoothness, and lower values indicate
smoother motion. (6) Physical Plausibility: Foot Skate (m/frame)
measures undesirable sliding of feet during ground contact, Pene-
tration (m) measures ground penetration depth, and Foot Contact
Accuracy (%) measures how often foot contact predictions align
with ground truth labels. More accurate foot prediction will be help-
ful for postprocessing in downstream applications when necessary.
(7) Precision: Context/Target Keyframe errors (m) measure joint
position deviation from the input keyframes, Context/Target Root
errors (m) measure root position deviation, and Reaching Success
(%) measures whether the generated motion successfully reaches the
target keyframe within a threshold. Note that instead of using mean
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Table 3. Quantitative comparison on the 350k dataset. ↓ indicates lower is better, ↑ indicates higher is better. Best results are in bold, while underlined
indicates the second-best or competitive runner-up results.

Method
Speed Distribution Human Eval Diversity Smoothness Physical Plausibility Precision

FPS ↑ Latency ↓ MMD ↓ FID ↓ Win ↑ Score ↑ Jnt ↑ Latent ↑ Jnt
Jit. ↓

Root
Jit. ↓

Foot
Sk. ↓ Pene. ↓ Foot

Acc. ↑
Ctx
KF ↓

Tgt
KF ↓

Ctx
Root ↓

Tgt
Root ↓ Reach ↑

Ground Truth N/A N/A 0.0533 0.022 N/A N/A N/A N/A 3.47 1.96 0.0008 0.0009 N/A N/A N/A N/A N/A N/A

Cond. Inbtwn. (2022) 27,000 2.4ms 0.1093 1.594 0.8% 1.83 0.00 0.00 16.88 12.65 0.018 0.034 51.8% 0.094 0.078 0.050 0.051 87.7%
Two-stage (2023) 24,600 2.6ms 0.1094 1.643 5.0% 2.18 0.00 0.00 38.39 33.72 0.038 0.037 43.7% 0.293 0.102 0.215 0.061 85.7%
Delta-interp. (2024) 18,800 3.4ms 0.1107 1.774 1.3% 1.92 0.00 0.00 24.92 20.15 0.028 0.032 50.6% 0.288 0.130 0.152 0.066 81.9%

CondMDI (2024) 1,930 33.2ms 0.1080 1.213 15.6% 3.13 2.03 16.42 16.19 14.62 0.012 0.009 62.7% 0.045 0.143 0.022 0.118 61.3%
CondMDI + CFG (2024) 1,050 60.5ms 0.1082 1.201 2.05 16.72 17.03 15.39 0.012 0.009 63.2% 0.049 0.121 0.024 0.097 65.9%

MMM (2024) 3,600 18.1ms 0.1176 1.544
19.9% 3.19

4.38 26.51 5.40 3.11 0.005 0.011 86.5% 0.311 0.377 0.006 0.071 34.8%
MMM + 5 steps 2,700 24.5ms 0.1225 1.562 3.21 20.97 5.36 3.10 0.004 0.011 86.8% 0.300 0.365 0.006 0.071 36.8%
MMM + 10 steps 1,400 46.2ms 0.1234 1.564 2.96 19.62 5.35 3.09 0.004 0.011 86.8% 0.300 0.364 0.005 0.070 36.6%

Closd-DiP (2025) 4,200 15.3ms 0.1076 1.292

15.1% 2.90

1.84 13.40 14.03 11.94 0.015 0.010 52.7% 0.071 0.129 0.042 0.091 75.7%
Closd-DiP + CFG 2,800 23ms 0.1084 1.288 1.70 12.45 18.33 15.98 0.022 0.012 50.5% 0.139 0.163 0.089 0.113 54.9%
Closd-DiP + 5 steps 14,500 4.4ms 0.1081 1.338 1.51 10.86 17.56 15.54 0.017 0.012 47.4% 0.069 0.122 0.040 0.082 78.2%
Closd-DiP + CFG + 5 steps 10,500 6.1ms 0.1080 1.319 1.40 10.08 20.85 18.60 0.023 0.013 47.7% 0.126 0.181 0.080 0.117 52.0%

Ours 15,000 2ms 0.1056 1.054 86.5% 4.06 3.75 20.67 3.38 1.82 0.003 0.008 92.6% 0.052 0.076 0.001 0.023 99.6%
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Fig. 10. Scalability comparison between our multi-head tokenizer and a single-head baseline. Left and middle: Token reconstruction loss during training for
varying codebook sizes for our method and the baseline. Our tokenizer continues to improve with larger codebooks (up to 109 tokens), while the baseline
plateaus quickly. Right: Trade-off between FID (distribution quality) and keyframe joint position error as codebook size increases. Our method achieves better
FID with larger codebooks while maintaining low keyframe error.

per joint position error (MJPE or MPJPE), we use the max joint
position error to measure the precision of the generated motion. We
argue that max per joint position error is more sensitive and aligned
with the human perception. We define Reaching Success (%) as the
percentage of the generated motion that successfully reaches the
target keyframe’s root position within 5 cms and 15 degrees of the
target keyframe’s heading angle.

Results Summary. As shown in Table 3 and Table 4, our method
achieves consistently better performance than the baseline meth-
ods on all datasets. Key improvements on the 350k dataset include:
better distribution matching including FID and MMD, lower jitter,
better keyframe precision and near-perfect reaching success. Our
algorithm also receives the highest score and win rate in human
evaluation. We further provide visual in-betweening comparisons
in Figure 12, where MotionBricks exhibits notably better physical
plausibility, naturalness, and keyframe adherence than the base-
lines. More results are provided in Appendix F. For diversity met-
rics, MotionBricks outperforms baselines on larger datasets, while
on smaller datasets such as HumanML3D and LaFAN1, baseline

methods perform comparably or marginally better. Overall, there is
no significant trade-off between diversity and precision or speed.
We observe that non-generative methods achieve reasonable pre-
cision but have bad FID, MMD scores, and poor human evaluation
scores, while diffusion-based methods improve distribution quality
but struggle with satisfying spatial constraints. We also note that
having more iterations in MMM gives minor improvements and
classifier-free guidance for CondMDI and ClosdDip gives minor
improvements to the metrics. Our method also achieves one of the
best runtime efficiency among all methods, with only 2ms latency
to generate the motion between two keyframes, achieving 15,000
FPS throughput.

7.3 Ablation Studies and Analysis
Scalability of MotionBricks and baseline. As shown in Figure 10,

we compare the scalability of our structured multi-head tokenizer
against a standard single-head VQ-VAE baseline. Our method (left)
demonstrates consistent performance improvements as the number
of tokens increases, while the baseline (middle) plateaus quickly
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Table 4. Quantitative comparison on LaFAN1-G1, HumanML3D, and Bones-70k datasets. ↓ indicates lower is better, ↑ indicates higher is better. Best
results are in bold, second best are underlined.

Dataset Method Distribution Diversity Smoothness Physical Plausibility Precision
MMD ↓ FID ↓ Jnt ↑ Latent ↑ Jnt Jit. ↓ Root Jit. ↓ Foot Sk. ↓ Pene. ↓ Foot Acc. ↑ Ctx KF ↓ Tgt KF ↓ Ctx Root ↓ Tgt Root ↓ Reach ↑

La
FA

N
1-
G
1

Cond. Inbtwn. (2022) 0.2897 1.693 0.00 0.00 40.73 38.17 0.030 0.019 83.8% 0.374 0.453 0.264 0.369 11.5%
Two-stage (2022) 0.3083 1.985 0.00 0.00 85.06 81.31 0.036 0.021 83.4% 0.535 0.498 0.400 0.399 8.1%
Delta-interp. (2024) 0.3060 1.846 0.00 0.00 45.27 43.19 0.028 0.020 86.1% 0.404 0.451 0.306 0.360 11.6%
CondMDI (2024) 0.2860 1.004 0.75 4.08 17.89 16.93 0.014 0.004 82.8% 0.057 0.592 0.029 0.555 6.6%
MMM (2024) 0.2920 1.189 1.78 17.66 7.00 4.05 0.006 0.004 90.5% 0.289 0.331 0.008 0.103 37.3%
Closd-DiP (2025) 0.2839 1.165 1.72 12.07 13.96 12.41 0.013 0.005 85.5% 0.080 0.178 0.049 0.128 50.7%
Ours 0.2835 0.891 1.76 11.42 4.53 2.53 0.003 0.003 88.9% 0.053 0.179 0.006 0.100 61.1%

H
um

an
M
L3
D

Cond. Inbtwn. (2022) 0.1107 1.497 0.00 0.00 10.07 8.04 0.019 0.016 62.7% 0.126 0.090 0.051 0.050 92.6%
Two-stage (2022) 0.1131 1.709 0.00 0.00 19.78 16.51 0.030 0.017 61.6% 0.232 0.132 0.144 0.073 75.6%
Delta-interp. (2024) 0.1133 1.585 0.00 0.00 10.86 8.74 0.031 0.015 60.1% 0.288 0.151 0.132 0.090 68.0%
CondMDI (2024) 0.1101 1.054 1.49 11.09 5.82 4.87 0.009 0.002 77.4% 0.037 0.147 0.016 0.121 52.3%
MMM (2024) 0.1238 1.068 1.89 11.23 2.92 1.94 0.005 0.002 89.2% 0.242 0.293 0.003 0.037 61.2%
Closd-DiP (2025) 0.1104 1.192 1.28 9.09 6.12 5.06 0.012 0.003 69.9% 0.062 0.105 0.035 0.070 80.8%
Ours 0.1114 0.914 2.56 13.47 2.08 1.29 0.006 0.002 83.5% 0.050 0.141 0.001 0.022 98.9%

Bo
ne
s-
70
k

Cond. Inbtwn. (2022) 0.1073 1.559 0.00 0.00 18.18 13.91 0.019 0.031 49.4% 0.088 0.091 0.044 0.062 83.5%
Two-stage (2022) 0.1081 1.604 0.00 0.00 39.32 34.11 0.039 0.037 44.3% 0.347 0.128 0.257 0.076 77.2%
Delta-interp. (2024) 0.1183 2.024 0.00 0.00 39.32 32.79 0.048 0.042 44.8% 0.556 0.499 0.226 0.129 41.4%
CondMDI (2024) 0.1062 1.191 2.11 16.41 16.62 15.10 0.012 0.009 60.7% 0.049 0.190 0.024 0.160 48.5%
MMM (2024) 0.1227 1.494 2.38 16.57 5.27 3.01 0.005 0.011 85.6% 0.306 0.375 0.006 0.074 40.0%
Closd-DiP (2025) 0.1062 1.305 1.86 13.13 14.14 12.10 0.015 0.011 50.8% 0.065 0.136 0.036 0.102 68.6%
Ours 0.1050 1.090 3.48 20.09 3.24 1.80 0.004 0.009 84.6% 0.054 0.087 0.001 0.023 99.6%
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Fig. 11. Ablation study on multi-head tokenization with fixed total codebook capacity (∼ 106 tokens). “H” denotes the number of heads, “C” denotes the
codebook size per head in the experiment name. Left: tokenizer’s reconstruction loss during training. Right three plots: FID, NPSS, and keyframe error under
token perturbation, simulating lower-bound motion quality in real applications.

regardless of codebook size. In the right figure, we analyze the trade-
off between distribution quality (FID) and keyframe precision as
we scale from 103 to 109 tokens. Our method achieves better FID
with more tokens but shows slightly increased keyframe errors at
extreme scales, suggesting an optimal operating point around 106

to 107 tokens that balances both objectives. In contrast, the baseline
exhibits no meaningful improvement in either FID or keyframe error
with increased capacity, and maintains significantly worse absolute
metrics across all scales. This demonstrates that our structuredmulti-
head design is essential for effectively utilizing model capacities.

Multi-head tokenization. In Figure 11, we ablate different combi-
nations of the number of heads and tokens per head while keeping
the total number of tokens fixed at approximately 106. We evalu-
ate the tokenizer’s reconstruction loss, FID, the normalized power
spectrum similarity score (NPSS) [Gopalakrishnan et al. 2019], and

keyframe errors under token perturbation. We introduce token per-
turbation to simulate prediction errors and assess how gracefully
the model degrades, i.e., the lower-bound of the generated motion
quality in potential real applications. We observe that increasing
tokens per head raises reconstruction error, though the downstream
metrics (FID, NPSS, keyframe errors) remain relatively stable. How-
ever, the perturbation analysis reveals a trade-off: too many tokens
per head degrades NPSS (temporal coherence), while too few tokens
per head hurts FID and keyframe precision. Based on these results,
we recommend 128 to 256 tokens per head as the optimal configu-
ration, combined with a total codebook capacity of approximately
109 tokens for the best overall performance.

Scaling behavior with the size of the dataset. In Figure 13, we inves-
tigate how model performance scales with dataset size by training
on progressively larger subsets of our 350k dataset. This analysis
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Fig. 12. An in-betweening test case transitioning from running left to a
backbend pose. Time progresses from top to bottom; algorithm names are
labeled in each subfigure. MotionBricks is shown as the blue character.

provides guidance for practitioners training on datasets of vary-
ing sizes. Both our method and baselines show improved tokenizer
and generative model metrics with increasing data. However, the
baseline struggles significantly on larger datasets due to its limited
capacity and scalability, which becomes overwhelmed and exhibits
degraded performance. Interestingly, FID scores worsen with larger
datasets for both methods. We hypothesize that models trained on
smaller datasets may overfit and produce less diverse outputs that
happen to match the training distribution more closely, resulting
in artificially lower FID scores. In contrast, keyframe precision con-
sistently improves with more data, and our method maintains this
improvement while the baseline’s keyframe errors increase as the
dataset size grows. This demonstrates that our architecture is better
suited to leveraging large-scale motion data while still working well
with small datasets.
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Fig. 13. Scaling behavior with dataset size from 10% to 100% of the 350k
dataset. Left: Evaluation losses including the reconstruction loss for the
tokenizer, and cross-entropy for token prediction. Right: FID and keyframe
joint position error. Our method scales effectively with more data, while the
baseline struggles at larger scales.

0.2 0.6 1.0 1.4 1.8
Root Interpolation Ratio

0.0

0.1

0.2

0.3

0.4

0.5

0.6

FI
D

 

FID
w/ constr.
w/o constr.

0.2 0.6 1.0 1.4 1.8
Root Interpolation Ratio

0.000

0.005

0.010

0.015

0.020

0.025

0.030

Fo
ot

 S
ka

te
 

w/ constr.
GT (scaled)
w/o constr.

0.80

0.85

0.90

0.95

1.00

Ta
rg

et
 R

ea
ch

in
g 

Su
cc

es
s R

at
e 

Success
w/ constr.
w/o constr.

Fig. 14. Root trajectory interpolation analysis. Root interpolation ratio of
1.0 is the original trajectory; <1.0 compresses, >1.0 stretches. Left: FID
and target reaching success rate remain stable across interpolation ratios,
especially with keyframe constraints. Right: Foot skate stays low even under
significant root manipulation, demonstrating the decoder’s robustness.

Root interpolation designs. Our decoder supports root trajectory
interpolation, where we keep the predicted pose tokens fixed but
override the root values with interpolated trajectories. This is a prac-
tical utility for runtime animation, enabling precise global keyframe
matching without introducing foot sliding artifacts as mentioned
earlier in Section 6.1. As shown in numerical results in Figure 14
and visual results in Figure 4, our design successfully hits target
keyframes while maintaining FID quality and avoiding foot skating
degradation when interpolating root trajectories. In Figure 14, we
also compare decoding with and without pose keyframe constraints
(as shown in Figure 3). Providing pose constraints improves both
FID and target reaching success, demonstrating the value of our
flexible constraint handling. This robustness to root manipulation
stems from our modular architecture, where the pose decoder is
trained to be agnostic to the source of root information.

Additional Ablation Studies. We provide additional ablation stud-
ies in the appendix: (1) the impact of varying the number of GPUs
during training (Appendix A), (2) the choice of tokenizer design
between FSQ and VQ-VAE (Appendix B), and (3) the effect of replan-
ning frequency during deployment (Appendix C).
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7.4 Interactive Animation, Robotics Applications and
Engineering Details

As shown in Figure 1 and the demo video, we showcase our method
in UE5 and deploy it on the Unitree G1 humanoid robot.

We train the tokenizer, root module, and pose module on 4 nodes
with 8 GPUs each (32 GPUs total); training with 16 GPUs yields
similar visual quality. Training runs for 2 million updates with a
batch size of 256 per GPU, using Adam optimizer with learning
rate 5 × 10−5 and a cosine schedule with 10k warmup steps decay-
ing to 2 × 10−6. The tokenizer uses a U-Net architecture with a
downsampling rate of 4 (2 downsampling layers), where each layer
consists of three residual 1D convolutional layers with 1024 chan-
nels and progressively larger kernel sizes (23.5M parameters total).
The encoder and decoder have a symmetric architecture. We also
experimented with transformer-based encoder and decoder designs,
which achieve similar performance but are significantly slower dur-
ing inference. FSQ [Mentzer et al. 2023] and VQ-VAE yield similar
performance (see Appendix B for a detailed comparison). We also
include standard foot sliding and velocity losses during tokenizer
training to further improve motion quality, particularly important
for retargeted datasets where artifacts like foot skating are more
common. The pose module is a transformer with embedding dimen-
sion 1024, 16 attention heads, and 16 layers (150M parameters). The
root module uses a similar architecture with fewer layers and 512
embedding dimension and 12 attention heads (50M parameters).
Training takes approximately 7 days for the tokenizer, 3 days for the
root module, and 7 days for the pose module on H100 GPUs, though
Figure 13 suggests performance plateaus earlier. Training on L40S
GPUs yields similar performance but is approximately 2× slower.
During inference, we achieve 2ms latency and 15,000 FPS through-
put on a desktop with an RTX 5090 GPU. For both the UE5 and
G1 applications, we use the same model architecture and training
settings.

For the UE5 application, we utilize UE5’s plugin system to imple-
ment both our neural backbone and smart primitives. Models are
exported via ONNX and loaded in a native C++ plugin using Ten-
sorRT. Since the training skeleton differs from the demo characters,
we use UE5’s built-in real-time retargeter [Games 2025] to retarget
motions on the fly to the “Messenger” and “Guard” characters. The
authoring time for smart navigation and smart object is similar, each
taking less than 10 minutes for non-expert users. More details about
the UE5 plugin are provided in Appendix G.

By combining ourmethodwith a physical tracking controller [Chen
et al. 2025a; Luo et al. 2025; Wang et al. 2020; Yin et al. 2025; Zeng
et al. 2025; Zhang et al. 2025], we drive real robots by supplying
the generated kinematic motions as tracking targets. In our exper-
iments, we use the tracking controller from Luo et al. [2025] to
control the G1 humanoid robot. For G1 applications, we retarget
our proprietary dataset to the G1 skeleton using a modified version
of GMR [Araujo et al. 2025; Ze et al. 2025]. Automatic retargeting
introduces some artifacts, but the results remain acceptable due to
the scale of the dataset. For deployment, we use the Jetson Orin plat-
form and Unitree’s official SDK, with models exported via ONNX
and loaded using TensorRT similar to the UE5 application. Due to

Orin’s limited compute, latency increases to 5ms per inference. Re-
planning is triggered at 10 Hz or whenever commands change, also
similar to the strategy used in the UE5 demo. This lazy replanning
strategy is more important for robotics deployment, as it avoids
interference and competition of resources with the low-level control
policy, which is sensitive to latency.

8 Discussion
In this work, we introduced MotionBricks, a real-time motion syn-
thesis framework designed to bridge the gap between recent ad-
vances in generative models and the practical demands of animation
and robotics production. By combining a scalable latent neural back-
bone with intuitive smart primitive interfaces, our approach enables
diverse task-agnostic motion generation without fine-tuning or
tagging. Through experiments on datasets of varying scales and
demonstrations in both UE5 and on the Unitree G1 robot, we showed
that a unified framework can address motion control across virtual
characters and physical robots.

8.1 Limitations and Future Work
Dataset Scale: Our dataset of 350,000 motions, while substantial,
remains small with limited coverage of rare motion types (e.g., only
one clip for vaulting at 0.5m). Additionally, object interactions are
not explicitly modeled. Continued dataset expansion [Team 2025]
and leveraging video foundation models [Ni et al. 2025; Wen et al.
2025] offer promising paths forward.
Visual Planning: Real-world deployment lacks access to privi-

leged simulation information such as ground-truth object poses and
terrain geometry, disabling our smart object primitive. Robots must
instead rely on noisy sensor input (RGB-D, SLAM). Developing kine-
matic planners driven by visual input [Chen et al. 2025b; He et al.
2025; Zhu et al. 2026] would benefit both robotics and animation
domains.

Physical Awareness: Kinematic planners like MotionBricks may
generate physically implausible motions (self-collisions) or motions
exceeding hardware constraints (e.g., dangerous flips). Co-training
the kinematic planner and tracking policy could address this, en-
abling the planner to produce feasible motions while the policy
adapts to the planner’s output distribution.
Retargeting: Adapting motions across diverse morphologies re-

mains challenging. Runtime retargeting (used in our UE5 demo) is
fast but low-quality; offline retargeting (used for G1) is accurate
but requires months of iteration. Recent work [Araujo et al. 2025;
Kim et al. 2025; Yang et al. 2025; Ze et al. 2025] shows promise in
bridging this gap.
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Fig. 15. Evaluation metrics under different replanning frequencies. Left: FID
comparison between different replanning frequencies. Middle: Keyframe
joint position error comparison between different replanning frequencies.
Right: Joint jittering comparison between different replanning frequencies.

A Scaling Behavior with Number of GPUs
Our main experiments utilize a large number of GPUs, which may
not be accessible to individual researchers or smaller studios. To
evaluate the impact of compute budget, we train with 1, 2, 4, 8, 16,
32, and 64 GPUs and report results in Figure 16. As shown in the left
plot, throughput scales near-linearly with GPU count, directly reduc-
ing training time. In general, more GPUs lead to faster convergence
and modestly better asymptotic performance, though occasional
exceptions arise from random seed variations or distributional dif-
ferences in the generative model training stage. The performance
gap primarily manifests in tokenizer quality; however, these nu-
merical differences translate to only minor perceptual changes in
the generated motion. We conclude that training with fewer GPUs
remains viable without significant degradation in visual quality.

B Comparison between FSQ and VQ-VAE
Our tokenizer and pose module are agnostic to the choice of internal
tokenization strategy. For instance, FSQ [Mentzer et al. 2023] has
been adopted in recent work such as SONIC [Luo et al. 2025] and is
also applicable to our framework. To draw a parallel between FSQ
and VQ-VAE in our framework, we treat the latent dimensions in
FSQ as the number of heads, and the levels per dimension as the
codebook size per head. Similarly, for the pose module, we ask it to
predict the corresponding token indices from the FSQ tokenizer.
As shown in Figure 17, FSQ and VQ-VAE yield similar perfor-

mance in terms of FID, reconstruction loss, and cross-entropy loss
given the same number of tokens and heads. However, VQ-VAE
consistently achieves lower cross-entropy loss and better FID than
FSQ, suggesting that VQ-VAE produces a latent space that is slightly
easier for the generative model to model. We observe similar im-
provement in visual quality and robotics deployment. Based on these
results, we use VQ-VAE as the default tokenizer for MotionBricks.

C Replanning Frequency
In MotionBricks, replanning is governed by the drop-frame attribute
𝜏 introduced in Section 6.2: a replan is triggered when fewer than 𝜏
frames remain in the motion buffer. During deployment, replanning

also occurs whenever control commands change to allow for instant
control reaction, as described in Section 7.4.

To quantify the impact of replanning frequency, we evaluate Mo-
tionBricks with replanning intervals ranging from every 1 frame to
every 8 frames. As shown in Figure 15, discrete latent methods such
as MotionBricks and MMM exhibit slightly worse FID, keyframe
error, and joint jitter at higher replanning frequencies, whereas
continuous diffusion methods show improved FID and joint jitter
with more frequent replanning. We hypothesize that discrete la-
tent representations struggle to capture subtle inter-step variations,
and overly frequent replanning traps generation in its early phase,
delaying the onset of the desired style and degrading fine details.
We observe consistent trends in our visual demos and refer read-
ers to the supplementary videos for further illustration. Based on
these findings, we recommend a default replanning interval of 3 to 9
frames, combined with instant replanning upon command changes,
as a practical engineering choice.

D 2D Blendspace and Keyframe Blending in MotionBricks
A 2D blendspace is a standard technique in game engines such as
Unreal Engine [Epic Games 2025] that blends between pre-recorded
animation clips based on two continuous input axes, typically speed
and direction. The neighboring clips are interpolated at runtime
to produce smooth transitions for the given input parameters of
speed and direction. While effective, 2D blendspaces rely heavily on
heuristics and operate at the clip level, requiring careful authoring
of sample coverage to avoid blending artifacts.

In contrast, MotionBricks performs keyframe-level blending: rather
than interpolating between entire clips, we directly interpolate indi-
vidual keyframes in joint space from reference poses and feed them
to the neural backbone. Artifacts such as foot sliding or floating that
would typically arise from naive interpolation are handled implicitly
byMotionBricks. Direct keyframe interpolation inMotionBricks still
produces natural, artifact-free motions for two reasons: our model
is robust to imperfect keyframes, and the drop-frame replanning
mechanism ensures that the blended keyframes are never rigidly
enforced during generation. This frees us from the constraints of tra-
ditional 2D blendspaces, offering finer-grained control without the
authoring overhead of populating a full blendspace grid. We refer
readers to the supplementary videos for a detailed demonstration.

E Dataset Statistics
Our full dataset contains 350k motion clips spanning 36 categories,
203 unique activities, 9,285 unique content types, and 163 unique
performers. Categories, activities, and content types represent pro-
gressively finer levels of motion categorization, as illustrated in
Figure 18.
We also release an open-source subset of approximately 140k

motion clips, publicly available as BONES-SEED [Bones Studio
2026] via Bones Studio, whose statistics are shown in Figure 19. This
subset retains roughly 40% of motions, about half of the categories
(17/36), 75% of activities (152/203), 41% of content types (3,829/9,285),
and all 163 performers. We split this subset (143,792 motions) into
three partitions: a training set (129,661motions, 90.2%), a Test-Unseen
set (7,166 motions, 5.0%), and a Test-Heldout set (6,965 motions,
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Category (17 unique)

Basic Locomotion (37.3%)
Props (12.2%)
Action (10.9%)
Gestures (10.8%)
Advanced
Locomotion (7.9%)
Dance (5.8%)
Injured (5.5%)
Seated (3.2%)
Acting (2.1%)

Athletics (1.8%)
Kitchen (0.9%)
Street (0.8%)
Extreme Locomotion (0.5%)
Human Physical
Interaction (0.4%)
Prop (0.0%)
Combat (0.0%)
Falls (0.0%)

Activity (152 unique)

walking (14.1%)
gestures (11.5%)
jogging (11.4%)
action (9.4%)
dancing (8.8%)
jumping (8.0%)
object
manipulation (6.7%)
sitting (4.0%)
turning (2.4%)
climbing box (2.4%)
standing idle (2.2%)
transition (2.1%)
walking, turning (1.6%)
jumping, turning (1.5%)
standing (1.3%)
jogging, turning (1.3%)

kneeling (1.2%)
standing  (1.1%)
crawling (1.0%)
on hands and knees (0.7%)
exercising (0.5%)
gesture, dancing (0.5%)
pulling (0.5%)
turning, dancing (0.3%)
walking,
crouching, poitning, turning (0.3%)
on hands and
knees, turning (0.3%)
walking, dancing (0.3%)
throwing (0.2%)
kicking, walking (0.2%)
jumping, dancing (0.2%)
Others (3.8%)

Content (3,829 unique)

jog_ff_stop_180_R (1.6%)
dancing_routine_opt_2 (1.5%)
jump_ff_180_R (1.5%)
jog_ff_start_180_R (1.5%)
jump_ff_270_R (1.5%)
jump_ff_360_R (1.4%)
come_up_50cm_box_R (1.4%)
jog_ff_loop_180_R (1.3%)
reach_jump_R (1.3%)
dancing_routine_opt_1 (1.0%)
come_down_50cm_box_R (0.8%)
high_jump_R_opt_1 (0.6%)
body_check (0.5%)
walk_ff_stop_180_R (0.3%)
idle_to_idle_right_R (0.3%)
idle_loop (0.3%)

idle_right_to_idle_R (0.3%)
don_t_know_no_hands (0.3%)
looking_around_up (0.3%)
looking_around_horizontally (0.3%)
salute_R (0.3%)
fixing_something (0.3%)
walk_ff_start_180_R (0.3%)
legs_relax (0.3%)
itching_left_forearm_R (0.3%)
don_t_know_with_hands (0.3%)
kneeling_start_R (0.3%)
show_bicep_R (0.3%)
jog_high_knees_in_place (0.3%)
brush_off_dust (0.3%)
Others (78.7%)

Fig. 18. Overall statistics and diversity of the 140k BONES-SEED open-source subset dataset by categories, activities and contents.
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Fig. 19. Overview of the two test sets split from the 140k BONES-SEED open-source subset dataset.

Fig. 20. Additional in-betweening visual comparisons across three test cases. Each column shows a different test case; time progresses from top to bottom.
Algorithm names are labeled in each subfigure. MotionBricks is shown as the blue character.

4.8%). The two test sets are designed to evaluate different aspects
of generalization. The Test-Unseen set has 0% content-type overlap
with the training set: all 194 content types are novel, and 5 out of 36
activities are unseen during training. The Test-Heldout set shares
100% overlap at the category, activity, content, and actor levels, but
contains novel actor-content combinations.

As shown in Figure 18, locomotion is by far the most represented
category, with diverse variations in speed, direction, and style that
enable robust and natural locomotion generation.

The least covered categories are object manipulation and terrain
interaction. For manipulation, although many motions have been
captured, the space of possible manipulation tasks is vast, and the
dataset currently lacks finger and object motion data. Additionally,
no samples include continuous terrain information, limiting the
model’s ability to generate realistic motions on uneven surfaces.

While the dataset does contain motions with height variations, cov-
erage remains sparse. In the most extreme case for example, vaulting
over a 1m obstacle has only one or two captured clips, posing severe
challenges for learning and generalization.

F In-betweening Visual Comparisons
We provide additional isolated in-betweening visual comparisons
in Figure 20. The skeletons denote keyframe constraints, and the
characters denote snapshots of generations from each algorithm.
From left to right, the three test cases are: (1) transitioning from
yawning to a boxing pose, (2) transitioning from a stealth pose
to running, and (3) transitioning from lying on the ground to a
standing pose. MotionBricks consistently outperforms all baselines,
which exhibit various artifacts such as implausible poses and poor
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Fig. 21. The complete animation graph used in our UE5 demo. Context poses are updated each frame and passed alongside target keyframes to the pose
generator node, which invokes the MotionBricks backbone only when new targets are received.

Fig. 22. The UE5 StateTree governing character behavior, managing transi-
tions between locomotion, target pose sequence (object interaction), and
falling states.

keyframe adherence. We refer readers to the demo videos for further
illustration.

G UE5 Demo Implementation
We describe the implementation of our UE5 demo, which showcases
the full MotionBricks pipeline in a real-time interactive setting.

Task Actors: A Unified Runtime Primitive. Both smart locomotion
and smart object are realized through a shared custom actor blue-
print type that we call a task actor. Each task actor encapsulates the
runtime logic, assets, and state needed to produce target keyframes
for the neural backbone. At authoring time, a task actor samples
and stores sparse target poses from user-provided clip assets, defin-
ing either the interaction keyframes for a scene object or the style
poses for a parameterized locomotion blendspace. At runtime, the
active task actor provides the target keyframes that MotionBricks
consumes to generate the next motion sequence.
Because task actors leverage UE5 blueprints, each instance can

implement its own gameplay logic independently. For example, a

Fig. 23. Runtime interaction detection via box traces in our UE5 demo.
Green and red boxes indicate the detection and interaction trigger volumes,
respectively. Examples shown include bench sitting, vaulting, object pickup,
and platform jumping.

scene interaction task actor orients its keyframe sequence based
on the character’s approach angle, using the keyframe anchoring
mechanism described in Section 6.2. The key distinction between the
two smart primitive types is ownership: the locomotion task actor
resides on the character and is always active, while object interaction
task actors are placed in the scene as standalone actors. While target
keyframes could, in principle, be supplied by any source, including
learned models or procedural methods, for our demo we provide
them from a handful of selected clips.

Interaction Detection and State Management. During locomotion,
the system performs box traces to detect nearby interactable objects,
as shown in Figure 23. When a smart object is activated, it becomes
the new keyframe provider, interrupting the current motion and
triggering generation from the object’s target keyframes. This on-
demand interruption relies on the deterministic replanning behavior
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of MotionBricks: because the backbone produces consistent results
regardless of when or how frequently replanning is triggered (see
Appendix C), gameplay actions can seamlessly override the current
motion without introducing artifacts. This property is essential to
the smart primitive framework, as it enables responsive, interrupt-
ible character behavior driven entirely by game events.

As shown in Figure 22, the character’s high-level behavior is gov-
erned by a UE5 StateTree with three states: locomotion, where the
locomotion task actor continuously supplies keyframes based on
velocity, orientation, and replanning frequency; target pose sequence,
where an object interaction task actor provides keyframes to exe-
cute the interaction; and falling, which dynamically spawns a task
actor at runtime. For falls, the system measures the current height
and runs a projectile simulation to determine the landing position,
placing the appropriate landing keyframe based on the fall height.
Upon completion, control returns to the locomotion state.

Animation Graph and Inference Scheduling. The animation graph
for the entire demo is deliberately minimal, as shown in Figure 21.
Each frame, the context pose buffer is updated with the previous
frame’s pose, and both context and target poses are passed to a
pose generator node. This node invokes the MotionBricks backbone

only when new target keyframes are received; otherwise, it samples
directly from the previously generated motion buffer, so model
inference does not occur every frame. Communication between
gameplay and animation is bidirectional: gameplay can interrupt
the current motion at any time by supplying new keyframes, while
the pose generator notifies gameplay when the buffer is nearing its
end and a new generation is needed.
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