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Animation System Player Input
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Animation System GameplayAnimation
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State Machine GameplayAnimation

Blend Tree



State Machine GameplayAnimation

Blend Tree



State Machine GameplayAnimation

Blend Tree



State Machine GameplayAnimation

Blend Tree
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State Machine GameplayAnimation

Blend TreeData
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State Machine GameplayAnimation

Blend TreeData
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~15,000 Animations



~15,000 Animations

~5,000 States



~15,000 Animations

~5,000 States

~12 Levels



The Director



“We want the player character to be injured”



Option

Add a new “injured” state at every leaf



Issue

Some states don’t make sense when injured.

Option

Add a new “injured” state at every leaf



Option

Duplicate the graph and replace data with “injured” 
versions of the same animations.



Option

Duplicate the graph and replace data with “injured” 
versions of the same animations.

Issue

Some states have no injured data recorded.



Option

Hack something together for this case. 



Option

Hack something together for this case. 

Issue

Technical debt can build up quickly.



Some Time Later…



“Great! Now in the next scene the character is 
injured, tired, and blinded in one eye.”





The Dream



Day 1

“We want the player character to be able to be injured”



Day 2

Limping around the motion capture studio



Day 3

Dragging and dropping the new data into the system



Day 4

Everything Just Works™



Day 5

“Great! Now in the next scene the character is injured, 

tired, and blinded in one eye.”



Day 6

Getting blinded in one eye at the motion capture studio



Day 7

Dragging and dropping the new data into the system



And so on…



Scalability



● Separate Data

● Specify Desired Variables

● Generalize Solution



Data Separation



State Machine GameplayAnimation



State Machine GameplayAnimation Database



State Machine Gameplay
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State Machine GameplayAnimation Database
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State Machine GameplayAnimation Database

Swap out for new 
characters
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State Machine GameplayAnimation Database

Fallback for 
missing data
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Assets Databases



Filenames Tags



Separate Motion Retrieval



● Separate Data

● Specify Desired Variables

● Generalize Solution



Desired Variables



GameplayAnimation

Male

Locomotion

InTurn45

OutIdleBrk

IdleWave

Tired

Database

t = 0.67

State Machine



GameplayAnimation

Male

Locomotion

InTurn45

OutIdleBrk

IdleWave

Tired

Database

t = 0.67

State Machine

Mix of Gameplay and 
Animation



GameplayAnimation

Locomotion

Tired

Database Simplified State 
Machine



Simplified State 
Machine

GameplayAnimation

Locomotion

Tired

Database

Gameplay Only



GameplayAnimation

Male

Locomotion

Tired

Database

Speed

LookAt

t = 0.67

Simplified State 
Machine



GameplayAnimation

Male

Locomotion

Tired

Database

Speed

LookAt

t = 0.67

Simplified State 
Machine

Data

Male

Locomot
ion

InTurn4
5

OutIdle
Brk

Tired

Male

Locomot
ion

InTurn4
5

OutIdle
Brk

Tired

Male

Locomot
ion

Speed

LookAt



GameplayAnimation

Male

Locomotion

Tired

Database

[4.2, 2.5, 1.1]

12.52

[0.5, 0.3, 0.2]

t = 0.67

Simplified State 
Machine

Data

Male

Locomot
ion

InTurn4
5

OutIdle
Brk

Tired

Male

Locomot
ion

InTurn4
5

OutIdle
Brk

Tired

Male

Locomot
ion

[2.2. 62, 5.5]

2.52

[0.5, 0.1, 0.5]



GameplayAnimation

Male

Locomotion

Tired

Database

[4.2, 2.5, 1.1]

12.52

[0.5, 0.3, 0.2]

t = 0.67

Simplified State 
Machine

Data

Male

Locomot
ion

InTurn4
5

OutIdle
Brk

Tired

Male

Locomot
ion

InTurn4
5

OutIdle
Brk

Tired

Male

Locomot
ion

[2.2. 62, 5.5]

2.52

[0.5, 0.1, 0.5]



1. Filter out clips where the discrete tags don’t match.

2. Return the clip with the nearest numerical match.
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States Variables



Querying Matching



Annotate Variables in Data



● Separate Data

● Specify Desired Variables

● Generalize Solution
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Motion Matching is a special case where    

𝑓 = 𝑁𝑒𝑎𝑟𝑒𝑠𝑡𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛



Speed

InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)

Male

Locomotion

Tired

Pose

LookAt

Regression

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



Speed

InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)

Male

Locomotion

Tired

Pose

LookAt

Nearest Neighbour
Regression

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛 𝑥𝑖 − 𝑥 2



Speed

InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)

Male

Locomotion

Tired

Pose

LookAt

Nearest Neighbour
Regression

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛 𝑥𝑖 − 𝑥 2

3.1, 0.5, … , 2.3



Speed

InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)

Male

Locomotion

Tired

Pose

LookAt

Nearest Neighbour
Regression

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛 𝑥𝑖 − 𝑥 2

3.1, 0.5, … , 2.3



A Simple Example



Unstructured Motion Capture



Input  𝒙

● Joint Positions  in the previous frame.

● Joint Velocities in the previous frame.

● Target Position of the root in 1 second.

● Target Velocity of the root in 1 second.

● Target Direction of the root in 1 second.



Output  𝒚

● Joint Positions  for the next 1 second.

● Joint Rotations for the next 1 second.



Function  𝒇

● Call every 1 second or…

● Call if the user input changes.



Nearest Neighbour Regression



FIRST DEMO (Nearest Neighbor)



Add Blending…



FIRST DEMO (Nearest Neighbour)



Memory Runtime

~200 mb ~1 ms
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● Smooth interpolation of 

high dimensional data

Gaussian Processes

𝑥0 𝑥1
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InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔

Speed

Male

Locomotion

Tired

Pose

LookAt

Gaussian Process

𝐺𝑃

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



SECOND DEMO (Gaussian Process)



Gaussian Processes



● Scales poorly with the amount of training data.

Gaussian Processes



● Scales poorly with the amount of training data.

● We could only use ~1000 samples for training.

Gaussian Processes



● Scales poorly with the amount of training data.

● We could only use ~1000 samples for training.

● Maybe we just didn’t use enough data…

Gaussian Processes







● Capacity for virtually unlimited training data.

Neural Networks



● Capacity for virtually unlimited training data.

● Data can be discarded once network is trained.

Neural Networks



● Capacity for virtually unlimited training data.

● Data can be discarded once network is trained.

● Fast to evaluate and low memory usage.

Neural Networks



Neural Networks

In Five Minutes



A Neural Network is just a function…

𝒚 = 𝑓( 𝒙 )



One example of a simple function…

𝒚 = sin(3 𝒙 + 2)



It takes some input and produces some output…

𝒚 = 𝑓( 𝒙 )



The inputs and outputs are represented as vectors

𝒚 = 𝑓( 𝒙 )
2.3
9.2
⋮
7.9

6.2
0.3
⋮
8.5

𝒙𝒚



A single “layer” is described by the following function…

𝒚 = 𝜎(𝑾 𝒙 + 𝒃)



The variables 𝑾 and 𝒃 are the network “weights”…

𝒚 = 𝜎(𝑾 𝒙 + 𝒃)



The input 𝒙 and output 𝒚 appear on either side…

𝒚 = 𝜎(𝑾 𝒙 + 𝒃)
2.3
9.2
⋮
7.9

6.2
0.3
⋮
8.5

𝒙𝒚



The first operation is for 𝒙 to be multiplied by 𝑾…

𝒚 = 𝜎( 𝑾 𝒙 + 𝒃)
1.5 ⋯ 0.5
⋮ ⋱ ⋮
0.2 ⋯ 7.2

𝑾



The result is added to the vector 𝒃, called the “bias”…

𝒚 = 𝜎( 𝑾 𝒙 + 𝒃)
1.5 ⋯ 0.5
⋮ ⋱ ⋮
0.2 ⋯ 7.2

𝑾
4.5
1.3
⋮
3.7

𝒃



Each value is then passed through 𝜎, the “activation function”.

𝒚 = 𝜎( 𝑾 𝒙 + 𝒃)
1.5 ⋯ 0.5
⋮ ⋱ ⋮
0.2 ⋯ 7.2

𝑾
4.5
1.3
⋮
3.7

𝒃



This function produces a “bend” or “non-linearity” in the output.

𝜎 𝒉 = max(𝒉, 0)



Looks Familiar…

𝒚 = 𝜎(𝑾 𝒙 + 𝒃)

𝒚 = sin(3 𝒙 + 2)



We can “stack” multiple layers by nesting the function inside itself…

𝒚 = 𝑾2𝜎 𝑾1𝜎 𝑾0𝒙 + 𝒃0 + 𝒃1 + 𝒃2



This produces the final equation for our Neural Network…

𝒚 = 𝑾2𝜎 𝑾1𝜎 𝑾0𝒙 + 𝒃0 + 𝒃1 + 𝒃2

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)



We put the training data through the network and measure the error…

5.12
2.12
⋮

0.31
2.54

𝑥0
0.11
5.55
⋮

2.43
1.15

𝑦2

𝑦 = 𝑓(𝑥)

𝑥1
1.66
3.11
⋮

2.56
7.34

𝑥2
1.33
7.21
⋮

9.03
1.28

4.62
1.93
⋮

4.52
7.11

𝑦1

5.72
3.12
⋮

6.92
2.85

𝑦0
6.63
6.23
⋮

8.12
1.62

8.91
4.23
⋮

7.11
3.61

9.01
0.98
⋮

5.23
0.95



Then use the calculated error to update the weights…

𝒚 = 𝑾2𝜎 𝑾1𝜎 𝑾0𝒙 + 𝒃0 + 𝒃1 + 𝒃2

5.12
2.12
⋮

0.31
2.54

4.62
1.93
⋮

4.52
7.11

5.72
3.12
⋮

6.92
2.85



And repeat thousands of times on the GPU…

5.12
2.12
⋮

0.31
2.54

𝑥0
0.11
5.55
⋮

2.43
1.15

𝑦2

𝑦 = 𝑓(𝑥)

𝑥1
1.66
3.11
⋮

2.56
7.34

𝑥2
1.33
7.21
⋮

9.03
1.28

4.62
1.93
⋮

4.52
7.11

𝑦1

5.72
3.12
⋮

6.92
2.85

𝑦0
6.63
6.23
⋮

8.12
1.62

8.91
4.23
⋮

7.11
3.61

9.01
0.98
⋮

5.23
0.95



Speed

InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)

Male

Locomotion

Tired

Pose

LookAt

Regression

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔

Speed

Male

Locomotion

Tired

Pose

LookAt

Neural Network

𝑁𝑁

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



InputAnimation

5.12
2.12
⋮

0.31
2.54

𝑥
1.33
7.21
⋮

9.03
1.28

𝑦

𝑦 = 𝑓(𝑥)
Speed

Male

Locomotion

Tired

Pose

LookAt

Trained Neural Network

𝑁𝑁

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



THIRD DEMO (Neural Networks)



Machine Learning isn’t Magic



The results depend on…

● The input representation 𝑥

● The output representation 𝑦

● How and when you use 𝑓



The function 𝒇 isn’t well defined



There are multiple 𝑦 values for a single 𝑥.

𝑓(𝑥)

Pose



There are multiple 𝑦 values for a single 𝑥.

𝑓(𝑥)

𝑦0

Pose



There are multiple 𝑦 values for a single 𝑥.

𝑓(𝑥)

𝑦0

𝑦1
Pose



Can we resolve the ambiguity?



The Phase

A variable representing the timing of the pose in the cycle. 

0 𝜋 2𝜋



Use a separate 𝒇 depending on the phase



● Separate 𝑥 and 𝑦 into bins using the phase 𝑝.



● Separate 𝑥 and 𝑦 into bins using the phase 𝑝.

● At runtime select the bin for the current phase 𝑝.



● Separate 𝑥 and 𝑦 into bins using the phase 𝑝.

● At runtime select the bin for the current phase 𝑝.

● Output the pose 𝑦 in the selected bin using input 𝑥.



𝑝
0 𝜋 2𝜋

𝑓0 𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6



𝑝
0 𝜋 2𝜋

𝑓0 𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

𝑝



𝑝
0 𝜋 2𝜋

𝑓0 𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

𝑝



𝑝
0 𝜋 2𝜋

𝑓0 𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

𝑝

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



𝑝
0 𝜋 2𝜋

𝑓0 𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

𝑝 𝑥

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



𝑝
0 𝜋 2𝜋

𝑓0 𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

𝑝 𝑥

𝑦

𝑦0, 𝑦1, ⋯ , 𝑦𝑛

𝑥0, 𝑥1, … , 𝑥𝑛



Another Example



Input  𝒙

● Joint Positions  in the previous frame.

● Joint Velocities in the previous frame.

● Target Position of the root in 1 second.

● Target Velocity of the root in 1 second.

● Target Direction of the root in 1 second.



Output  𝒚

● Joint Positions  for the current frame.

● Joint Velocities for the current frame.

● Joint Rotations for the current frame.



Function  𝒇

● Select an 𝑓 each frame using the phase 𝑝.

● Call the chosen 𝑓.

● Update the phase value 𝑝.



Phase-Conditioned Nearest Neighbour



DEMO CONDITIONAL NEAREST 

NEIGHBOUR



Phase-Conditioned Gaussian Process



DEMO CONDITIONAL GAUSSIAN 

PROCESS



● What if the phase lies in-between two bins?



● What if the phase lies in-between two bins?

● Is it a waste to train multiple functions 𝑓 ?



● What if the phase lies in-between two bins?

● Is it a waste to train multiple functions 𝑓 ?

● How can we use Neural Networks to solve this?



Phase-Functioned Neural Network



A Neural Network where the weights of the 
network are generated from the phase.

Phase-Functioned Neural Network





Phase



Sets of Neural
Network weights



Phase Function



Interpolated 
Weights



Neural Network



DEMO PFNN



Continue tweaking 𝑥 and 𝑦…



VIDEO PFNN



VIDEO PFNN



VIDEO PFNN



Memory Runtime

OR

~10 mb

~100 mb

~1 ms

~0.5 ms



● Separate Data

● Specify Desired Variables

● Generalize Solution



Conclusion



Sacrifices



Sacrifices

● We must give up precise control.



Sacrifices

● We must give up precise control.

● Requires learning a whole new skill set.



Sacrifices

● We must give up precise control.

● Requires learning a whole new skill set.

● Does not deal with many special cases.



Scalability



Scalability

● Animation quality is losing the battle against complexity. 



Scalability

● Animation quality is losing the battle against complexity. 

● We can use Machine Learning to balance this fight.  



Scalability

● Animation quality is losing the battle against complexity. 

● We can use Machine Learning to balance this fight.  

● These ideas are one way of making progress.



The Future

● How can we remove the phase variable?



The Future

● How can we remove the phase variable?

● Can we scale to hundreds of different styles?



The Future

● How can we remove the phase variable?

● Can we scale to hundreds of different styles?

● How can we continue to improve the quality?



What Machine Learning is Really Like









Thanks!



Any Questions?


