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Fig. 1. An illustration showing a selection of the different control mechanisms our Flow-Matching-based character controller is capable of using.

Neural-network-based character controllers are increasingly common and
capable. However, the integration of desired control inputs such as joy-
stick movement, motion paths, and objects in the environment, remains
challenging. This is because these inputs often require custom feature en-
gineering, specific neural network architectures, and training procedures.
This renders these methods largely inaccessible to non-technical design-
ers. To address this challenge, we introduce Control Operators, a powerful
and flexible framework for specifying the control mechanisms of interac-
tive character controllers. By breaking down the control problem into a
set of simple operators, each with a semantic meaning for designers, and a
corresponding neural network structure, we allow non-technical users to
design control mechanisms in a way that is intuitive and can be composed
together to train models that have multiple skills and control modes. We
demonstrate their potential with two current state-of-the-art interactive
character controllers - a Flow-Matching-based auto-regressive model, and
a variation of Learned Motion Matching. We validate the approach via a
user study wherein industry practitioners with varying degrees of ML and
technical expertise explore the use of our system.
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1 Introduction

Neural-network-based methods of character animation and inter-
active control have become the standard in academia over the
last seven or eight years, and have made significant inroads into
the industry [Bocquelet et al. 2022; Biittner 2019; Cascadeur 2023;
Holden et al. 2020; Kleanthous and Martini 2023; Oreshkin et al.
2024; Ryan Cardinal 2022; Zinno 2019]. These models show promise
in their ability to consume large datasets, learn from unstructured
or relatively unprocessed motion capture data, and produce com-
pact and fast to evaluate models that can output natural looking
animation.

The bulk of research focusing on real-time, interactive control
makes use of standard video game control mechanisms such as the
gamepad, mouse, and keyboard [Holden et al. 2020], or VR trackers
and headsets [Lee et al. 2023; Starke et al. 2024]. Inputs from these
devices are then typically mapped to inputs of the neural network,
which is used to dynamically generate the character’s animation
frame by frame.

This is usually not a direct mapping, however, and the develop-
ment of good control mechanisms for neural-network-based charac-
ter animation is non-trivial. In addition to simple post-processing of
hardware signals, e.g., dead-zone elimination on the gamepad, better
results are generally achieved via further feature engineering, such
as constructing a predicted future trajectory of the character [Zhang
et al. 2018], or blending user controls with estimations of the most
likely controls according to the current state of the character or
other characters [Starke et al. 2021]. As well as user inputs, informa-
tion about the virtual world may be additionally provided to give
more context to the network, such as information about the current
state of the character, occupancy information [Starke et al. 2019],
2D heightmaps [Peng et al. 2017], or the positions, orientations, or
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phases of virtual object [Starke et.&020]. Finally, video game Al
systems may also provide inputs to character controllers - such as
providing paths to follow or actions to take at certain locations.

A key di culty with the diverse variety of potential control in-
puts is that the control design may also in uence the design of
the neural network structure that consumes it. For example, 2D
heightmaps may be processed via convolution. It may also change
the training methodology, introducing additional losses or addi-
tional pre-processing steps. This coupling between network struc-
ture, training methodology, and control design makes it very di cult
for non-technical designers, animators, and other users to design
new neural-network-based character controllers without Machine
Learning expertise, which so often limits state-of-the-art models to
the single bespoke behaviors they have been designed for.

To begin to address this challenge, we introdu@entrol Operators
Control Operatongrovide non-technical users a way of specifying
and designing interactive character controllers in a way which
is familiar to them as game designers. Rather than building their
neural-network-based character controller holistically, they can in-
stead construct it by composing simple operators that resemble the
logical and semantic operations they might want. Once a user has
described the input controls they wish to provide to the network,
the network structure is generated automatically. Then, they must
describe how the controls are given in the training data, and, once
trained, they must describe how these variables are provided at run-
time. Once they have performed these three steps, their controller
is ready to be used.

To demonstrate and evaluatéontrol Operatorsve implement
them in Unreal Engine's Blueprint Visual Scripting Language [Un-
real 2022b]. Our framework is controller-agnostic: we showcase it on
two current state-of-the-art character controllers - a segment-based
variation of Learned Motion Matching and a Flow-Matching-based
auto-regressive model. The former adapts the existing approach of
Holden et al [2020] and the latter introduces a new use of Flow
Matching in the interactive animation setting. Finally, we conduct a
user study to evaluate the degree to which our implementation al-
lows non-technical users to build machine-learning-based character
controllers. We provide a simpli ed Python reference implementa-
tion, see https://github.com/gouruiyu/ControlOperators.

2 Related Work

In this section we discuss previous work related to our research
including previous work on interactive character controllers, di u-
sion and Flow Matching models applied to character animation, and
alternative control frameworks for interactive character animation.

2.1 Interactive Character Controllers

Building interactive character controllers has been a long-standing
problem in computer graphics and animation. Early work made use
of animation blending [Park et aR002; Rose et.d1998], often as

part of a Motion Graph which dictated the overall logic and state
transitions of the character [Heck and Gleicher 2007; Kovar et al

2002; Lee et a2002; Min and Chai 2012; Safonova and Hodgins 2007;

have therefore looked towards statistical methods that could more
easily learn from unprocessed motion capture data.

Early Machine Learning methods in this domain made use of
linear or kernel-based methods [Lee et 2010; Levine et aP012;
Treuille et al 2007; Wang et aR008]. Unfortunately, linear models
have limited expressiveness and kernel-based models have poor
computation complexity with respect to the size of the training
data set. While the development of neural networks allowed for
training on large datasets of raw motion capture data, early attempts
at building interactive controllers using them proved di cult, as
the additional data also ampli ed theambiguity issue that having
multiple animations corresponding to the same control signal would
cause the prediction to tend towards the mean, causing a dying-out
e ect [Fragkiadaki et al. 2015; Martinez et al. 2017].

One of the early attempts at solving this issue was presented
by Holden et al. [2017]. This work introduced Phase-Functioned
Neural Networks, which factored out the phase in the neural net-
work structure, greatly reducing the ambiguity in the regression.
This phase-based approach was further extended and generalized
to quadruped motions [Zhang et a82018], environmental interac-
tions [Starke et al2019], basketball [Starke et £020], character
interactions [Starke et al2021], dancing [Starke et.€022], and
more [Li et al 2024]. Meanwhile, other machine learning methods
have also been used to tackle the ambiguity problem, including
longer-term auto-regressive models using memory [Park eatl9;
Pavllo et al2019, 2018], normalizing- ows [Henter et.#1019; Valle-
Pérez et al2021], adversarial networks [Li et.&2022; Wang et al
2021], Variational Auto-Encoders [Ling et.&020; Yao et a022],
and vector quantization [Yao et al. 2024].

In the games industry, Motion Matching [Buttner and Clavet
2015; Clavet 2016; Holden 2018; Holden e2@20; Kleanthous and
Martini 2023] is a popular solution, which solves the ambiguity
issue by selecting the nearest neighbor in the dataset [Li e2@23a;
Starke et al2024]. Finally, and most recently, di usion models have
been used [Chen et a2024b; Shi et a024; Zhang et aR023a] as
they present an elegant solution to the multi-modality problem and
allow for easy sampling of the conditional probability distribution of
the next frame given the previous frame (and the provided controls)
without tending toward the average.

While all of these solutions have made real progress towards
resolving the ambiguity issue, many existing neural-network-based
interactive character controllers are only capable of performing
single behaviors (or require separate networks per-behavior), often
with bespoke designs for speci ¢ tasks such as locomotion [Ling
et al. 2020], basketball [Liu and Hodgins 2018; Starke e2@20],
martial arts [Starke et al2021], tennis [Zhang et a2023b], skate-
boarding [Liu and Hodgins 2017], soccer [Hong et2019], climb-
ing [Naderi et al 2017], and dance [Alexanderson et 2023; Tan
et al 2023; Valle-Pérez et.&021]. We hypothesize that this is due
to two issues: 1) the feature engineering required by most control
tasks, and 2) the lack of composability inherent in most methods of
conditioning. Control Operatorattempt to solve this by breaking
the control problem down into individual composable and re-usable
parts that allow a model to learn multiple behaviors in a single

Shin and Oh 2006]. This approach, however, is not easy to scale as network.

it requires short, speci c, time-aligned animation clips. Researchers
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2.2 Diusion and Flow-Matching Models
Improvements in sequence-to-sequence modeling [Vaswani.et al

2017], the success of text-conditioned image generation, and the de-

velopment of large language models, have led to a growing body of
work focused on text-based animation generation [Zhu et2023a].
Text-based conditioning is accessible and easy-to-control even for
novice users, but generally targets o ine generation. Due to the
requirement of large databases of annotated motion capture data,
these methods have mostly made use of the AMASS [Mahmood
et al 2019] or HumanML3D [Guo et a022] datasets, and SMPL
body model [Loper et alR015]. For interactive applications such

as video games, where precision and responsiveness are important

controlling a virtual character via typing in text commands is of-
ten not appropriate, and text-based conditioning remains largely
unproven for in-game use.

Signi cant advances have also been seen in multi-modal gener-
ative models, including models based on di usion [Ho et 2020;
Song et al2021] and Flow Matching [Lipman et.&023]. In partic-
ular, di usion and Flow Matching present elegant solutions to the
problem of multi-modal generation and the ambiguity issue. There-
fore, di usion-based generative models [Ho et 2D20] have recently
been widely used for animation synthesis, modeling space-time mo-
tions [Cohan et al2024; Sun et aR024; Tevet et aR023; Zhang
et al 2022] or used in auto-regressive motion generation [Chen et al
2024b; Li et al2023b; Shi et a024; Zhang et aP023a; Zhao et al
2024].

One limitation of traditional di usion models [Ho et al2020] is
that they rely on many (potentially thousands) of denoising steps,
making them less amenable to interactive applications. To alleviate
this limitation, various works have focused on reducing the required
sampling steps through fast-sampling methods such as Denoising
Di usion Implicit Models (DDIM) [Song et al2021], consistency
distillation [Dai et al 2024], or training and sampling in lower-
dimensional latent spaces [Chen et 2D23; Zhao et aR024]. Flow
Matching [Lipman et al2023] (alternatively formulated as iterative
U-(de)Blending [Heitz et al2023]) provides a simpler formulation
of di usion that retains the key principle of gradually transforming
noise into samples from a target data distribution. Flow Matching
learns a continuous trajectory from noise to the target data distribu-
tion, enabling comparably high-quality generation with far fewer
inference steps, similar to DDIM.

We incorporate these principles by employing a latent auto-
regressive Flow Matching model as one of our example controllers.
By using Flow Matching in a compact latent pose space instead of
stochastic di usion in the full pose space, and using an MLP-based
network that predicts a single pose at a time [Shi et 2024], we
can run inference in just a few (typically 4) steps. Further distilla-
tion [Frans et al 2024; Liu et al2022] can be applied to allow for
inference using as little as one step.

Existing work on conditioning motion di usion models uses sim-
ilar methods to other domains such as image synthesis, focusing on
text-based prompts [Tevet et &2023], leveraging large-scale pre-
trained encoders such as CLIP [Radford eR&i21]. Recent work has
also explored conditioning on audio and speech for gesture genera-
tion [Ao et al. 2023], and music for dance generation [Alexanderson
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et al. 2023]. However, these approaches do not provide real-time
user control, which is essential for interactive applications such
as video games. By training a hierarchical reinforcement learning
controller, AMDM [Shi et al 2024] demonstrates control such as
moving to a target, moving at a given speed with an orientation from
the joystick, and path following. We show that our Flow Matching
model can instead be directly conditioned on encoded control sig-
nals processed b€ontrol Operatomather than relying on a policy
network, and is therefore capable of performing a wider-range of
tasks using a single network.

'2.3 Control Frameworks

Previous research which focuses on enabling virtual characters to
perform multiple tasks or behaviors broadly falls into two di erent
approaches: 1) the speci cation of tasks via objective functions
which are then either optimized for, or an optimal policy learned via
reinforcement learning. 2) a story-boarding-like approach where the
structure of the desired animation is described in formal or natural
language from which the animation is generated [Qing et2023].
The speci cation of tasks via objective functions has long been a
tradition in robotics, kinematic, and physically-based animation [Heess
et al 2017; Nonami et aR014; Peng and van de Panne 2017]. In
graphics, multiple works make use of a fundamental motion model
which is then ne-tuned on multiple di erent tasks and objective
functions [Cho et al 2021; Dou et al2023; Ling et al2020; Luo
et al. 2020; Merel et aR020; Peng et a017, 2021; Tessler et al
2024, 2023; Xu et.&@023a,b; Zhu et a2023b]. However, although
these approaches re-use a basic motion model, typically separate
policies need to be trained per-task each with individual encoders
and feature engineering required for the relevant control variables.
In particular, multi-task learning in a single policy is challenging
for reinforcement learning due to the nature of the Value Function
having to approximate an expectation of future discounted rewards,
which does not lend itself naturally to decomposition [Sun et al
2022]. In contrast, our method uses supervised learning with con-
trol variables present in the training data, and so can more easily
combine multiple tasks and control variables into a single network.
Other works have tried to approach the problem of multi-task ani-
mation generation from a planning perspective. Agrawal et al. [2016]
present a controller that converts a high-level description of a task
into a foot-step plan to be executed by a low-level motion con-
troller. Most similar to our method are Hyun et al. [2016] and Lee
et al. [2018]. In the former, a task is described as a sentence in
a formal motion grammaywhere tokens may include additional
control variables such as timings and speeds. In Lee et al. [2018],
sparsely annotated motion capture data is further augmented using
motion grammars and Laplacian motion editing to generate addi-
tional synthetic training data, in support of training a recurrent
neural network (RNN) that can be conditioned to perform multiple
di erent tasks. Our method is loosely inspired by motion grammars
- we also embrace the idea of users specifying their desired control
in the form of a formal language with continuous control variables
embedded, but extend this idea to include the association of speci ¢
neural network operators that allows for training on supervised
control signals directly.
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3 Control Operators
We now present the core concepts involved @ontrol Operators

de ne the equations associated with the operators required by our BoolG2 B° = >G/s (2
method, present several other interesting and useful operators, many Locatiorix 2 R3 = x (3)
of which can be denved_ from others,_ and dls_cuss the user wo_rk ow, Rotatiortx 2 Q° = TWOAXISIX® )
as well as some of the implementation details of our integration in
Unreal Engine's Blueprint Visual Scripting Language. Scaléx 2 R% = logix® (5)
Directiontx 2 R% = x (6)
3.1 Overview Velocity'x 2 R% = x @
A visual overview of the Control Operators framework is given in IndextG2 le# 2 1° = #Q 8)

Fig 2.Control Operatorprovide a way of encoding control input

coming from other systems, such as the player input or Al systems,  For example, in the abov@woAxis performs quaternion to two-
which may provide data which is not uniform in structure orin - axjs conversion [Zhang et a2018; Zhou et aR018]Jog transforms

a consistent format across frames. These control inputs may cor- scales into the log-space, while we can encode an integer index as a
respond to multiple di erent tasks or styles of control, and may  control vector using a position encoding. Any position encoding is
contain missing values or variable amounts of information. For ex- possible here [Dufter et aR021], but one very simple option is to
ample, an Al system may provide a target path for the character to  sjmply divide the indexGby a user-speci ed maximur# .

follow consisting of a variable number of way-points, while at other These abstractions are important for users who may not have the

times it may provide only a target position and facing direction for  expert knowledge to design appropriate transformations for speci ¢
the character to reach. In certain cases this may include a style for yariable types themselves.

the locomotion, or a gait, or a time of arrival, or it may not.

The goal ofControl Operatoris to automatically map this kind of 3.2.3 Encod&Ve can allow users to add an additional layer of
semantic description of the input structure onto meaningful neural  encoding to a control vector at any point they wish. This can be
network primitives in a way that allows users with no knowledge  achieved by de ning an operator which passes the input control
of neural networks to formally describe the format in which the  vector through a linear layer with a user provided output dimen-
control input data is going to be provided. The encoding of that data  sionality and activation functiorf .
itself is then handled automatically.

In our implementation, the overall user work ow includes three Encodéx® =f W x , b° 9)
steps: (1) specifying th€ontrol Schemahich de nes all possible
structures of control inputs, (2) associating control variables to 3.2.4 AndUsers can combine multiple controls using tiAad op-
training data viaTraining Controlsand (3) de ningRuntime Controls erator. This operator takes as input a prede ned settbfcontrol
to map runtime gameplay inputs at inference time, as illustrated in  vectors of di erent dimensionalities, and outputs their concatena-
Fig 3. We implement these steps all in the form of user-constructed tion, denoted byk, as output.

Blueprint Graphs. Details on them can be found in Section 3.5.
Andixgex1e """y 1° = xo kKx1 K™kxg 1 (10)

3.2 Basic Operators 3.2.5 OrWe allow users to provide a single control from a set
Operators can be seen as functions with trainable parameters which Of controls using theOr operator. This operator takes as input a
take one or more variables as input and produce a single control single control vector from a prede ned set éf control vectors of

vector with a xed dimensionality as output. The core operators ~ di erent dimensionalities, along with the associated ind8from
used by our method are as follows: that set. It then encodes this to an output control vector of a xed

dimensionality using an associated weight matii¥g 2 R 3s
and biasbg 2 R3 where 3g is the dimensionality of the input
control vector8and3s is the xed output dimensionality. Finally, it
concatenates a one-hot encoding of the choice OnéBot?.

3.2.1 NullWe can give an explicit name to the null control op-
erator which produces an empty vector as output. This operator
can be useful for uncontrolled generation (see Section 5.1) and as a

component of other operators.
P P Orix-8 = Wgx . bg k OneHot8e # (11)

3.2.6 Seflo encode a variable number of control vectors we use
the Setoperator. This takes a variable-sized set'of(from a maxi-
mum of# ) input control vectors of a uniform, prede ned dimen-
3.2.2 Typed OperatoMdle can also de ne operators which take  sionality (representing the same control type), and encodes these
as input variables of di erent types and encode those variables inputs using multi-headed self-attention, before concatenating an
as control vectors with xed dimensionality in a way which is  encoding of the number of inputs provided &ount"«# °, e.g.,
appropriate for neural networks: Countt35°=»111004

Nullt® = »Yj 1)
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Fig. 2. Visual Overview dfontrol OperatorsHere we show visual illustrations of our Basic Operators and examples of Control Operators defined in terms of

other Control Operators.

Setxgrxas ™ 1°=hokhyk™kh 1 kCount"s# © (12)
K
hg = soft Vv
9= softmax %3:

ds=We,4 X8, beg
k=W oxg, b4
V8:W+9X8, b+9

Here,Wg, 2 R®* 3, bg, 2 R*,W 2 R* 3% b 2 R,
Wi, 2 R® 38 b, 2 R® where3gis the dimensionality of the
input control vectors 3. is the dimensionality of the query vector,
3> is the xed output dimensionality for a single hea8 and is
the user-provided number of heads.

3.3 Additional Operators

Next, we give some representative examples of further useful oper-
ators that can be de ned or derived from the basic set. While just a

few are given here, it should be clear that many more operators or
formulations are possible, e.g., Convolutional Operators that process
spatial grids.

3.3.1 Composite Typ€B/ped operators can be combined to build
operators encoding more complex object types, such as Transforms:

Transformix 2 R* % = And: (13)
Locatiortx”> e
Rotatiori-x”>®e

ScaléxB200

By further composing typed operators in this way it is possible

to provide a library of pre-de ned operators to users which they
can use to encode the state of complex objects in the scene such as
whole characters or props.

3.3.2 Fixed ArrayVe can encode a xed-size array &f controls
using theAnd operator on each element. This can be seen as a non-
variadic version of theAnd operator, which is a useful abstraction
in certain contexts.
FixedArrayx® = AndX,0u8X 18 " Xogt 1190 (14)
3.3.3 OptionalWhen a control may-or-may-not be provided it
can be de ned as a®r between that control and the empty vector
(a.k.a. theNull operator).
(

Orl»yiPe 2

Orixe1%%

if :

Optionaltxs 2 = 15
P if 2 (19)

In this case, the use of the empty vector will cause the following
linear transformation to output only the learnable bias.

3.3.4 EitherSimilarly, we can de ne a convenient version @r
for when only two options are possible.

(
1 o 2
Eitherlashe 2 = Orla0”
Ortbe1°e

if
if 2 (16)

3.3.5 Inclusive OFfheInclusive Opperator takes control vec-
tors as input from a xed, prede ned set oft control vectors of
di erent dimensionalities. The indices of the controls from the set
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which are provided are given biy2 |" .
1°i° = Andlygryg 107"y ©
if 88i
if 82 i 9= IndexO#84°

InclusiveOixgex1e "X

SAL» Y.
$ALX e 10

(17

yg=

3.3.6 ArrayWe can encode a variable-sized array'ofcontrols
(from a maximum of# ) using theSetoperator in combination with
the Indexoperator, F® = Indext8e #:

Arrayx® = Set10° K X,gz 1110 KXpqan ™" 41" 19 KXy 139"

(18)

3.3.7 DictionarySimilarly, we can encode Rictionaryof controls
using theSetoperator on the concatenation of the corresponding
keysk and valuesr:

Dictionary1k°v° = Sef‘|(»01/J(V»01}"l k»:|_1/4kV»:|_1;1 ” k»"

7"
(19)

17KV

3.4 Control Encoder Networks

The nal Control Encoder Netwoftir a speci ¢ behavior can be
de ned as a composition of operators. In this section we give two
examples. For illustrations of all th@ontrol Encoder Netwarkhown

in the results please see Fig 17.

3.4.1 Move to Targethe Control Encoder Netwofdr the Move To
Targetbehavior (see Section 5.8)~>F4 = MoveToTargetcan be
de ned as follows:

MoveToTargetx” 8 x384 2 = Andix?>BOptionarx384 »o.
(20)

wherex?>B 2 R3 is the target positionx38~2 R3 is an optional
target facing direction, an@ 2 B is a boolean to indicate if the
facing direction should be considered.

3.4.2 Trajectory Followinghe Control Encoder Netwofér the
Trajectory Followingehavior (see Section 5.2-A%% TrajectoryFollow
can be de ned as follows:

TrajectoryFollowt?>& 384 =

FixedArrayl>And1L0cationlt?;B’-Directionlt?§f° jO 8Y# y#
(21)

wheret?B2 R* 3is an array of future trajectory positions, and
t38A2 R* 3is an array of future trajectory directions.

3.5 Implementation and User Workflow

While the equations de ningControl Operatorare relatively sim-
ple, implementing the framework in a way which is accessible to
non-technical users requires some consideration with respect to
user work ow. We introduced the work ow brie y in Section 3.1;
here, we describe each step in detail within the context of example
operators and theControl Encoder Network

First, to allow for the pre-allocation of all the required bu ers
and trainable parameters it is important to haveGontrol Schema
which describes all the possible structures of the controls which
are going to be provided as input to the controller (e.g. what are
all the potential possible inputs to a®r operator). Specifying this

ACM Trans. Graph., Vol. 44, No. 6, Article 231. Publication date: December 2025.

Fig. 3. The user-facing workflow: (1) user specif@ntrol Schemasing
control operators, (2) during traininglraining Controlgenerate control
variables for each frame in the training data, (3) at runtime, gameplay inputs
are mapped vidRuntime Controlso generate the animation.

Fig. 4. Draw-over illustrating how an exampRuntime Control8lueprint
Graph maps to a given set aontrol Operators

Control Schemasing a Blueprint Graph is therefore the rst step
for users in our implementation and allows our system to create the
Control Encoder Netwowkdthout knowing exactly how it is going

to be linked to the training data or runtime variables.

Once this step is complete, users then build another Blueprint
Graph that speci es thélraining Controlsi.e. the one-or-more con-
trol variables associated with each frame of animation in the training
data. Using this graph our system can gather pairs of input con-
trols and corresponding frames of animation, and at this point the
controller is ready to be trained by the user.

In the nal step, users specify th&untime Controjsagain as a
Blueprint Graph. This graph de nes how the control variables are
constructed at runtime from any relevant gameplay variables. This
is used every frame to gather the input variables from the gameplay
state and prepare them as input for tt@@ontrol Encoder Netwotkor
a visual illustration of how this step maps to the visual language of
Control Operatorssed in the paper please see Fig 4.

For example screenshots of all the Blueprint Graphs used in these
three steps please see Fig 15.



When mapping Control Operators to Blueprint Graph Nodes,
we found it more user-friendly and less bug-prone to use named
arguments rather than positional arguments for the variadic opera-
tors such asAnd, Or, andInclusive OrUsers therefore also provide
argument names instead of indices when describing choices (i.e.
the name of the argument(s) instead of the ind&x Or andi in
Inclusive Oy. Additionally, we found there was often some confu-
sion about the logic-oriented naming of the operators, so in our
implementation we use a more structure-oriented naming scheme,
where (for example)Andis called aStruct ContrglOris anExclusive
Union ContralandInclusive Ois anlInclusive Union Control

4 Controllers

Once theControl Schemhas been de ned by the user, we have a
Control Encoder Netwowkhich produces an encoded control vector
as output that can be plugged into any other neural-network-based
character controller as a conditioning variable (see Fig 5). In this
section we present the two state-of-the-art character controllers
which we use to demonstrate this.

4.1 Auto-Encoder

The design of both of our controllers begins with a small auto-
encoder used to encode character poses. The controllers then work
entirely in the latent space of this auto-encoder and the decoded
pose is only used for feedback of properties of the pose state as
control variables, (e.g. joint positions), and for rendering.

The auto-encoder abstracts away the pose representation and
produces a compact representation which accounts for error prop-
agation down the joint chain. It also encodes poses into a space
where each dimension has approximately the same magnitude and
standard deviation. We found this to be particularly helpful with
the training of the Flow Matching model.

We encode poses as vectors as follopws: »ré g9t gggqo¥%
wherer® 2 R3is the local root linear velocitys®2 R3 is the local
root angular velocityt 2 R3 is the local translation of the pelvis,
£2 R3is the local linear velocity of the pelvigj 2 R © are the local
joint rotations stored in 2-axis format [Zhang et £2018] (where is
the number of joints)g 2 R 3 are the local joint angular velocities,
ando 2 R are any other additional variables that may be used in
the controllers such as foot contact labels or the time until certain
events.

To normalize this pose vector we subtract the mean and then
compute the average standard deviation of each type of variable
(e.g. linear velocities, angular velocities, translations, rotations) and
divide those variables by their respective standard deviations. Next,
we scale the joint rotations and angular velocities in the pose vec-
tor by the total length of the joint chain of all descendants. We
found this to be a much faster-to-train alternative to including a
forward kinematics loss [Andreou et a82022]. Finally, we include
per-variable loss weights, which we tune to make all components
of the pose vector contribute approximately equally to the loss at
the start of training.

Our Encoder Networlg, and Decoder Networb , both consist of
a single hidden layer with 512 hidden units, using the ELU activation
function [Clevert et al 2016] and use an encoded latent space of size
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3 =128z=Ep° p=D!2° z 2 R3 . We train the auto-encoder
for 250k iterations with a batch-size of 1024, and learning rate of
0.001 which decays linearly to zero during training. This takes
hour.

Once trained, we have a highly accurate auto-encoder that we can
use to encode poses into to a compact and well-behaved space. As
one nal step, we normalize the encoded space of the auto-encoder
using the mean and the maximum of the standard deviation across
all latent dimensions. This prevents the overall scale of the latent
space from a ecting the training of the controllers. See Fig 6 for a
visualization of the reproduction accuracy.

4.2 Latent Auto-Regressive Flow-Matching Model

Flow Matching [Liu et al2022], alternatively formulated as iterative
U-(de)blending in Heitz et al. [2023], learns a continuous velocity
eld that transports samples from one distribution to another.

Speci cally, we use Flow Matching to transport samples from
the unit Gaussian distributiofN : 0+I° in the auto-encoder's latent
space to samples from a conditional distribution over poses in the
auto-encoder's latent spacéé = fzgez3» """z g, where the condition
is given by the previous pose and any control variables that may be
used.

Tobegin, le= N1 001° 2 R¥ be a sample from the unit Gaussian
distribution in the auto-encoder's latent space. Letgezg 1°
Z be a pair of consecutive frames randomly sampled from the
distribution of poses in the auto-encoder's latent space, and
be any corresponding control variables constructed using the user
providedTraining Control$unction (see Section 3.5).

If we de ne the linear interpolation betweerz-and zs for a given
time Cas follows:

z=11 Cz, Czzge C2 1% (22)

then our goal is to train a time-dependent velocity modél, called
the Flow Networkthat outputsg’—chor all 5, G andz To achieve this
we must minimize the mean-squared error between the network's
predicted velocity and the velocity from the random sampgi®ward
the target distribution samples:

2

? 5 (23)

where theFlow Networl/ takes as input the blended samptethe
previous pose with noise addefld 1 (described below), the encoding
of the control variables/s using theControl Encoder Netwofk
and the timeC The above objective can be minimized via standard
stochastic gradient descent with respect to the parameters of the
Flow Network/ and Control Encoder Netwo@ktogether.

Since auto-regressive generation often su ers from distribution
drift due to the accumulation of small errors, generation is unstable
when trained only on pairs of frame&zgezg ,°. To address this,
we instead train using a noised version of the previous frafee q -
which is created by adding random Gaussian noise to previous pose
Z5 1, scaled by a uniform random variablésampled betweeg
and some user-provided maximubfC . Noise augmentation has
been found to be a simple and e ective technique for improving
the robustness of sequential policy cloning [Xie et aD20] and
pre-training di usion models [Chen et al2024a]. Compared to prior
methods which use scheduled sampling [Shi et26124; Zhao et al

L\V'\C:ES'CZ \% 2‘25 1’C1V50°C 1 Z5
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Fig. 5. A diagram showing how our interactive character controllers function at runtime with an example multi-behavioral input. At each frame, user inputs
(gamepads, keyboards, mice etc.) are processed byCietrol Encoder Netwarlnd passed to either (1) Blow Networko generate the current latent posks
conditioned on previous latent pode; 1 and the encoded contrds; or (2) aProjector Networko produce the next 8-frame segment of animation. Both

models run auto-regressively in the latent pose space.

Fig. 6. Visualization of the character skeleton and reproductions of our
auto-encoder. Our trained auto-encoder is highly accurate and typically
produces joint position errors of <lcm, even at the end of joint-chains. Red:
Ground Truth, Green: Reproduction. Skinned mesh shown on reproduction.

2024], and therefore incur computational overhead from running in-
ference during training, our approach improves generation stability
without extra iterative steps in the training, resulting in much faster
training. We found that in certain cases results could be improved
by applying similar noise to input control variabless, however this
was not essential. For a full description of the training algorithm
please see Algorithm 1.

Once trained, we can randomly sample a valufrom the unit
Gaussian distributioN 1 0=° and then numerically integrate the
velocities produced by the velocity mod®! from C= 0to C=
1 to transport it to a random sample in the desired conditional
distribution overZ . In our case, a small xed number of discrete
Euler integration stepg = 4 worked quite e ectively (see Table 2).
For a precise description of the inference algorithm see Algorithm 2.

Optionally, one can distill the trainelow Network/ to enable
one-step inference. The distillation objective minimizes the mean-
squared-error betweelN 's ( -step integrated velocity prediction
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Algorithm 1: Training algorithm forFlow Network/ . While
this is presented for a single element, training is performed
on mini-batches.

Function TrainFlow( z5, z5 1,Vs,\v,\ ¢, US0C):

/* Sample from unit Gaussian */
z Nt 0l° 2 RS

/* Sample uniform time value C */
C Ut o1°2R

/* Add noise to previous pose */

f Nt OI°2R3

U Ut 0U0CGo2R

257 751, Uf

/* Compute linear interpolation */

z 11 Cz, Cz

/* Compute Loss */
L KV 225 °Cvs%C 125 2 2

/* Update network parameters */
\velc RAdant\ y ¢ \cerL®

end

and a distilled versiorV %s velocity prediction atC= O:
61
Lvyo=Ese -

B
V 225 12Clg%~ V 0225 12Clvs%0 5
( &0 (

(24)
Such distillation e ectively reduces the runtime cost to one network
evaluation.

Our Flow Network/ is similar in design to the Denoiser net-
work in Shi et al. [2024] and consists of a Multilayer Perceptron
with 8 hidden layers with 800 hidden units, using the GELU acti-
vation function [Hendrycks and Gimpel 2016], with Layer Normal-
ization [Ba et al 2016] placed before each internal linear layer, and
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