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Fig. 1. We present Generative Pretrained Controllers (GPC), which models a wide range of motor skills through next-token prediction with a learned discrete

representation of behaviors. GPC can be trained on large-scale motion datasets, and then adapted to downstream tasks, while retaining the naturalistic

behaviors acquired by the pretrained model.

Developing controllers capable of completing a wide range of tasks in a natu-
ral and life-like manner is a key challenge in enabling practical applications
of physics-based character animation. In this work, we introduce Generative
Pretrained Controllers (GPC), which leverage tokenization and next-token
modeling to create general-purpose, reusable generative controllers from
large-scale motion datasets. Our framework utilizes end-to-end reinforce-
ment learning to jointly optimize a "motion vocabulary", modeled via Finite
Scalar Quantization (FSQ), along with a corresponding control policy that can
map the discrete codes to physics-based controls. After the "codebook" has
been learned, the underlying structure of this large vocabulary is modeled
by training a GPT-style autoregressive transformer, leading to a powerful
generative controller that generates controls for a physically simulated char-
acter by performing next-token prediction. Once the generative controller
has been trained, we propose a suite of adaptation techniques for finetuning
the controller for new downstream tasks. Our proposed framework greatly
simplifies the training process compared to previous tokenized methods, and
achieves a 99.98% success rate in reproducing a vast corpus of motion clips.
The generative controller exhibits a variety of natural emergent behaviors,
such as responsive behaviors to perturbations and recovery behaviors after
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falling. This results in highly robust general purpose controllers for a variety
of downstream applications.
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1 Introduction

Training physics-based controllers that can endow virtual charac-
ters with versatile, human-like behaviors is essential for applications
such as film, video games, and extended reality (XR), as it enables
characters to interact realistically with dynamic environments and
generalize beyond manually authored animations. Achieving this
goal requires controllers capable of capturing a broad spectrum
of human motor skills and providing a convenient mechanism to
reuse these skills across different tasks. Prior works have leveraged
generative models, such as variational autoencoders (VAEs) and
generative adversarial networks (GANs) [Goodfellow et al. 2014;
Kingma and Welling 2022], to learn latent representations of a wide
range of motor skills from diverse motion datasets [Luo et al. 2023;
Peng et al. 2022; Tessler et al. 2024]. Once such a generative model
is trained, a high-level controller can be developed to select ap-
propriate skills from the model’s latent space to perform various
downstream tasks. Constraining the high-level controller to oper-
ate within this structured latent space, instead of directly issuing
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low-level joint commands, provides an inductive bias toward behav-
iors that are more consistent with those in the dataset. However,
most existing generative controllers adopt continuous latent spaces,
which are prone to mode collapse and unnatural behaviors caused
by drift and gaps in the latent manifold [Dou et al. 2023; Peng et al.
2022; Won et al. 2022].

To address these challenges, recent work has explored discrete
latent models based on VQ-VAEs [van den Oord et al. 2018]. By map-
ping continuous data into discrete codes, these models sidestep the
difficulty of modeling complex continuous distributions by encoding
continuous features into discrete embeddings [Bae et al. 2025a,b; Yao
et al. 2024; Zhu et al. 2023]. However, VQ-VAE-based tokenization
can be prone to degeneracies, such as low code usage, which often
requires complex training heuristics to mitigate [van den Oord et al.
2018]. These degeneracies can compromise the expressiveness of
the learned representation, which can in turn increase the difficulty
of capturing diverse behaviors from large motion datasets [Yao et al.
2024]. As a result, existing VQ-VAE-based tracking controllers have
been trained primarily on datasets of modest scale, ranging from
small curated datasets to subsets of larger datasets, such as AMASS
[Mahmood et al. 2019], which contain approximately 20 hours of
motion data [Yao et al. 2024].

In this work, we introduce generative pretrained controllers
(GPC), which learn a discretized latent representation of motor
skills using Finite Scalar Quantization (FSQ) [Mentzer et al. 2023].
Unlike VQ-VAE-based methods, FSQ does not require an explicit
codebook, which substantially simplifies training by eliminating
the need for codebook embedding updates, auxiliary losses, and ad
hoc heuristics such as dead-code re-initialization [van den Oord
et al. 2018]. By training with a simple motion-tracking objective, our
model is able to learn a discrete latent space that captures a wide
range of behaviors, including highly dynamic skills such as vaulting,
cartwheels, and flips. Once the discrete skill representation has been
constructed, we train a GPT-style autoregressive transformer to
model the distribution of skill tokens [Radford et al. 2018, 2019],
which serves as the generative controller over skills. The learned
generative controller produces natural emergent behaviors, such as
human-like responses to perturbations and recovery strategies. To
adapt the pretrained generative controller to new tasks, we leverage
parameter-efficient fine-tuning (PEFT), which inserts lightweight
modulation layers into the pretrained generative controller. The
PEFT layers can be updated with additional task objectives, while
keeping the underlying generative model fixed. This enables GPC
to leverage previously learned skills to perform new tasks while
preserving the natural, life-like behaviors encoded in the pretrained
model.

The core contribution of this work is a generative pretrained con-
troller that uses a discrete latent space modeled with Finite Scalar
Quantization (FSQ). The controller is trained end-to-end with rein-
forcement learning on a large-scale human motion dataset contain-
ing over 600 hours of diverse behaviors. The proposed framework
supports parameter-efficient fine-tuning (PEFT), enabling efficient
adaptation of the generative controller to new downstream tasks
without retraining. The resulting FSQ-based tracking controller
produces natural behaviors and achieves a 99.98% tracking success
rate on a large-scale dataset. Once trained, GPC can be effectively
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adapted and reused across a diverse set of downstream tasks through
parameter-efficient fine-tuning.

2 Related Work

Our work proposes a framework for training and deploying genera-
tive controllers for physically simulated characters. The framework
is centered on a generative controller that models a distribution over
motor skills learned from large motion datasets. In the following,
we review prior work most closely related to the key components.

2.1 Physics-Based Character Controller

Physics-based character animation leverages physics simulations to
produce physically plausible motions. The motions of the physically
simulated characters are driven by controllers, which specify control
signals for each joint in the character’s body. Early methods often
rely on manually-crafted controller strategies that leverage human
knowledge of a particular type of motor skill, such as walking,
running, or balance recovery [Coros et al. 2008; da Silva et al. 2008;
Hodgins et al. 1995; Ye and Liu 2010; Yin et al. 2007]. While effective
for narrowly defined behaviors, these methods are often difficult
to scale to more complex motions and require substantial manual
effort to design for new skills or environments.

To reduce this burden, subsequent work has explored example-
guided reinforcement learning, in which controllers are trained us-
ing motion demonstrations, typically obtained from motion capture
as dense reward signals that guide policy learning and substantially
reduce the need for manually specified reward functions [Chen-
tanez et al. 2018; Peng et al. 2018, 2017]. Subsequent studies further
improve the generality of imitation-learning—based motion track-
ing by adapting controllers to different body shapes [Won and Lee
2019], reducing reliance on carefully tuned objective hyperparame-
ters [Zhang et al. 2025], and scaling to large motion datasets with
lengths of dozens of hours [Luo et al. 2023].

2.2 Generative Controller

Human motions are inherently multi-modal, with a diverse range of
possible behaviors that a human may perform in a given scenario.
To cope with the complexity of these behavioral distributions, some
prior work adopts a hierarchical framework that separates motion
generation from physical execution [Tevet et al. 2024; Wang et al.
2024; Xu et al. 2025; Ye et al. 2023]. In these approaches, kinematic
generative models are first trained to produce diverse motion trajec-
tories, and then the generated trajectories are tracked by physics-
based motion tracking controllers during simulation. While this
decomposition allows the generative model and the physics-based
controller to focus on complementary objectives, it introduces a
mismatch between the two modules, undermining physical perfor-
mance. Some methods instead explicitly learn skill representations
that can be reused and composed for downstream tasks. For example,
ASE learns reusable skill embeddings through adversarial imitation
learning within a GAN framework [Peng et al. 2022], allowing high-
level policies to produce complex behaviors by composing learned
primitives. Subsequent work further enhances the structure and
interpretability of these representations by incorporating semantic
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(a) Acrobat. (b) Cartwheel.

(c) Handstand. (d) Side ip.

Fig. 2. Keyframes of the results produced by the FSQ tracking controller on agile motions from Bones.

motion labels [Dou et al2023], enabling more controllable and steer-  sequences of discrete latent codes using an autoregressive trans-
able behaviors in downstream tasks [Tessler eR&I23]. Tessler et al former, which captures the temporal structure of diverse behaviors
[2024] learn latent skill representations using a masked-inpainting in large motion datasets.
training procedure, which enables the model to be reused for new
downstream tasks via exible kinematic constraints. Training gen- 2 4 parameter-E icient Fine-Tuning
erative controllers end-to-end on large and diverse motion datasets, . - . .

A : . As the size of training datasets and models has drastically increased
however, remains challenging. To address this, several methods .

- . . . . in recent years, e cient methods for ne-tuning large models on
adopt a two-stage training paradigm, in which an expert motion- new tasks have become vital to the practical application of large
tracking controller is rst trained, and its behavior is then distilled P PP g

into a generative model [Merel et 22019; Won et a2022]. In this pretrained models. PEFT methods freeze the pretrained backbone

. : - and introduce a small number of task-speci ¢ parameters to enable
line of research, recent studies scale the expert training stage to . .

. .~ e cient adaptation. One class of PEFT approaches augments frozen
larger datasets up to 40 hours of motion and employ more expressive . S .

. o S models with auxiliary task-speci ¢ networks, such as adapters

generative models, such as conditional VAEs and di usion models, . o

: . [Houlsby et al 2019; Pfei er et al2021]. In di usion models, Control-
to capture a broader range of behaviors [Huang et2025; Luo et al

2024; Truong et aR024]. Despite their successes, these methods rely Net follows this parad_lgm by attaching tra_lr_1ab_|e cqntrol branches_ to
: afrozen generator to introduce new conditioning signals, albeit with
on continuous latent spaces that are vulnerable to mode collapse

and unstable towards o -manifold states, often leading to failures arelatively high parameter cost [Zhang et.aaozsp]. A cgmplemep )
when producing highly dynamic motions tary class of PEFT methods focuses on modulating existing weights

rather than introducing separate networks. LORA injects trainable
. . low-rank updates directly into pretrained weight matrices, signi -
2.3 Skill antization cantly reducing memory and computation overhead [Hu et2021].
Discrete latent-variable models mitigate these issues by imposing |ts successors improve on LoRA in terms of e ciency [Dettmers
an explicit structure on the representation space, helping constrain et al 2023], and automatic rank selection [Zhang et2023a]. DoRA
generation to remain closer to the data manifold. As a result, dis- further re nes this formulation by decomposing weight updates
crete representations have been widely adopted in image genera- into magnitude and directional components, improving optimiza-
tion [Esser et al2021; van den Oord et.&018], speech modeling  tion stability and expressiveness [Liu et.&024]. Our approach
[Baevski et al2020], and motion synthesis [Guo et 2024; Jiang  bridges these paradigms by introducing task-speci ¢ conditioning
et al 2023; Starke et a2024]. In physics-based character control, via a learned task token while employing low-rank adaptation to
Zhu et al [2023] trains a generative controller that samples froma  modulate a frozen generative prior, enabling e cient downstream
discrete latent space constructed by a VQ-VAE tracking controller. adaptation without large auxiliary networks.

Yao et al[2024] learn a world model using a residual VQ-VAE and
extend it to text-conditioned motion generation. Bae et [@025a]
introduces body part speci ¢ quantization to achieve ne-grained ) .
control over di erent body parts of a character. Many prior meth-  3-1  Reinforcement Learning

ods rely on VQ-VAE based discretization, which requires careful We leverage Reinforcement learning (RL) in training tracking con-
tuning and auxiliary heuristics. In contrast, we adopt Finite Scalar trollers and controllers for downstream tasks. RL studies how an
Quantization (FSQ) [Mentzer et.&1023], which removes the need  agent can learn a policy for sequential decision-making, commonly
for a learned codebook and avoids common VQ-VAE failure modes, modeled as a Markov Decision Process (MDP) [Sutton .€t398].
enabling more stable training of discrete motion representations At each time stepC the agent observes a state and selects an
on large-scale datasets. We then model the relationship between actionOc c¢*0 dB® according to a policyc. The environment then

3 Background
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transitions to the next state s, according to the transition dy-
namicsi 1 ?!Bc 1jB @&°, and the agent receives a scalar reward
A=A QB 1° The agent's objective is then to learn an optimal
policy that maximizes the expected discounted return:

#
o’
¢ =Egoigjce  Whs ¢
c=0
whereW 2 ®1° is a discount factor that balances short-term and
long-term rewards.

@)

3.2 Vector antization

Vector-Quantized Variational Autoencoder (VQ-VAE) introduces
discrete latent representations by mapping continuous embeddings
from an encoder to the nearest entry in a discrete codebook. The en-
coder maps an input x to a latentz E1x°, which is then quantized

via nearest-neighbor lookup in a learned codebook C =dg, :

@)

The decoder then reconstructs the data by taking the embeddings
from the codeboolR = D* e °. Training a VQ-VAE requires three
loss components: 1) the reconstruction loss that encourages the
decoder to reproduce the input from the quantized latent codes, 2)
A codebook loss that updates the embedding vectors towards the
encoder's outputs, ensuring that the discrete codes represent the
data distribution, 3) a commitment loss that penalizes deviations
of the encoder outputs from their assigned codebook entries, en-
couraging stable code usage by penalizing large deviations between
the encoder output and its selected codebook vector, which discour-
ages frequent switching between di erent codes for similar input or
same input during successive updates during training. The VQ-VAE
training objective is then given by,

=arg minkz e. ky”

Lvo =kx RK3, ksg»E1G°Y .ek3, Vkz sg»e Yk" (3)

VQ-VAEs are di cult to train as the discrete codebook updates
can su er from poor utilization and codebook collapse. These issues
are typically addressed using heuristics such as exponential moving
average (EMA) updates for the codebook, and periodically reinitial-
ization of unused codes to encourage high codebook utilization.

4 Framework Overview

In this work, we present a framework for training generative con-
trollers on large-scale motion datasets. These general-purpose con-
trollers are capable of modeling large repertoires of motor skills
for physics-based character animation. As illustrated in Fig. 3, the
framework consists of three stages.

Inthe rst stage, Skill Quantization (Section 5), we construct a dis-
crete latent representation of skills using Finite Scalar Quantization
(FSQ). The latent codes are optimized directly with end-to-end RL
to model a wide range of motor skills from a large motion dataset.
This end-to-end RL training helps to ensure that the learned dis-
crete codes correspond to skills that can be faithfully executed by a
physically simulated controller. This provides a robust foundation
for subsequent generative controller training and downstream task
adaptation.
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Fig. 3. Skill quantization: An FSQ maotion tracking controller maps refer-
ence motions to discrete latent tokens and decodes them to actions. The FSQ
module is trained end-to-end with reinforcement learning using a motion-
tracking objective (top). Generative controller training: a transformer
decoder models the skill distribution via causal self-a ention, enabling
autoregressive sampling of discrete skill tokens conditioned on the char-
acter state s. The generative controller is trained with teacher forcing and
cross-entropy loss to predict the tokens produced by FSQ (middle). Task
adaptation: Lightweight CoLA layers are added to adapt the frozen pre-
trained generative controller to complete downstream tasks (bo om). This
adaptation is parameter-e icient, adding less than 1% additional parameters
to the model.
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