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Horizon Zero Down Prototypes Elden Ring 3D Model Showcase
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Example: TopSpin 2k25
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Marker-based Motion Capture

Example: TopSpin 2k25 (2024) (Roger Federer)

4D and Quantum . .
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Screenshots of Top Spin 2K25 (2024)

...is extremely expensive (1-10M€ cost range) Examples (leading and award-winning games):
* Software licenses (1k-10k€/year) * Battlefield 2042: €2B

* Professional multi-camera systems (1k-10k€ per camera) * Elden Ring: €190M

* HPC system with TBs of storage (>>10k€) * Horizon Zero Down: 100M€

* Professional actors or players (10-100€/h) * Marvel’s Spider Man: €95M

4D and Quantum : .
Vision Group <£| w > Image source: https://www.gamereactor.de/top-spin-2k25-1303003/ Vlad ISlaV GOIyan I k
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UNREAL
Image: https://kevurugames.com/blog/best-game-engines-2022-pros-cons-and-top-
picks-for-different-types-of-games/
* Vast software ecosystems
* Extensible and reusable software
* Organised into multiple components
* Rendering engine
* Resource manager
* Animation manager
* Gameplay foundation system
(game rules and Al/logic)
Classical Game Engines
4D and Quantum . .
Vision Gcl%:)lup <2| w> References (left): Gregory, 2018, Miiller et al., 2020. Vlad|S|aV GOIyan|k
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[Davtyan and Favaro 2022]

Image: https://kevurugames.com/blog/best-game-engines-2022-pros-cons-and-top-
picks-for-different-types-of-games/

* Vast software ecosystems * New Research Trend: Video game simulation using NN
* Extensible and reusable software * Objective: To train NN to synthesise videos based on prompts
* Organised into multiple components ¢ Games as an evolution of an environment driven by the actions of its agents
* Rendering engine * Current SotA with discrete actions:
* Resource manager * Learning discrete action representation [Menapace et al., 2022]
* Animation manager * Actions as a learned set of geometric transformations [Huang et al., 2022]
* Gameplay foundation system * Separating actions into a global shift and a discrete action components
(game rules and Al/logic) [Davtyan and Favaro 2022]
Classical Game Engines Neural Game Simulation

4D and Quantum / ~ i . .
Vision Group <4 | w > References (left): Gregory, 2018, Miiller et al., 2020. Vlad|S|aV Golyanlk
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Control Camera
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Playable Environments ..
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[Object 1 Point sampling ) — Svarhes
7 ||| Synthesis
St ‘ | E S¢ Module
Wy T Ty = O ¥
Action |, &
Module ["St+1

7 Synthesis
E St4+1[I"] Module
Playable Environments The Synthesis Module
Pros
* Can generate novel views
* Does not require action label in the data
* Represents complex 3D scenes (NeRF renderer)
4D and Quantum / ~ : .
Vision Group < “ | w > Menapace et al, 2022. Vladislav Golyanik
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Pros

Playable Environments

e Can generate novel views
* Does not require action label in the data
* Represents complex 3D scenes (NeRF renderer)

4D and Quantum
Vision Group
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Synthesis
Module

Synthesis | |
Module

=

The Synthesis Module

Cons

Learns discrete action representation (no semantic control)

* Auto-regressive generation conditioned on labels: Does not
support prompts for constraint- or goal-driven generation

Adversarially trained LSTM animation module

* Comparably low image resolution/checkerboard artifacts

Does not support small objects / human details

Compositional NeRF is not efficient

Menapace et al, 2022. Vlad|S|aV GOIyanlk
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Enabling Fine-grained Control mpr..

Limitation: Discrete action representation ,;%}q f &
. X = =

does not allow semantic control. [{7 "Thsiplayer dots m] R g J
catch the ball” \% = =

2 &

4 o -

Conditioning
States & Actions

Motivation: We are interested in fine-grained
constraint and goal-driven generation!

4D andQuantum<2|¢> Vladislav Golyanik
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Enabling Fine-grained Control

Limitation: Discrete action representation
does not allow semantic control.

Motivation: We are interested in fine-grained
constraint and goal-driven generation!

A possible way to enable it: Game models
augmented with prompts specified as a set of
natural language actions and desired stated.

4DandQuantum<2|¢>
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“hit the ball with a backhand and send it to the right service box”
“the [other] player does not catch the ball”

Vladislav Golyanik
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Enabling Fine-grained Control mpr..

Limitation: Discrete action representation
does not allow semantic control. [{7 e player does "O,] 4
t%

[2pOJA STSaIUAS

catch the ba

[PPOIN UOLRWIUY

Conditioning
States & Actions

Motivation: We are interested in fine-grained
constraint and goal-driven generation!

A possible way to enable it: Game models
augmented with prompts specified as a set of
natural language actions and desired stated.

“hit the ball with a backhand and send it to the right service box”
Play the game — “the [other] player does not catch the ball”

4D andQuantum<2|¢> Vladislav Golyanik
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Improved Rendering

2 ..00000“ Spher:cal

Limitations of PE related to the rendering scene quality: el ° o L 4

Low image resolution, checkerboard artefacts, low quality for 4// Y i

small objects and details, slow/inefficient compositional NeRF. e T i
.

Training
Image

a) Sparse Voxel Grid b) Trilinear Interpolation

[Fridovich-Keil et al., 2022]
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Predicted
o A Color

-l

Ray Distance

c) Volumetric Rendering

minimize L, econ + ALV
{00}

d) Optimization

Novel View

Input Input Reconstruction

Rigidity

[Tretschk et al., 2021]

4D and Quantum / ~ w
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[Weng et al., 2022]

PE: Menapace et al, 2022.
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[Zhang et al., 2024] (b) Palking happily

A person walks forward, then bends down.

[Dabral et al., 2023] [Zhang et al., 2024]

Learned Character Animation / Text-driven Generation
S C~ 1L ) Viadislav Golyanik
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[Zhang et al., 2024] () Watking happily

R W
T Bk BN Lall

[Holden et al., 2020]

“ -// B ‘
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Red: Input actor

Blue: Synthesized
01

A person walks forward, then bends down.

[Dabral et al., 2023] [Zhang et al., 2024] [Ghosh et al., 2023]

Learned Character Animation / Text-driven Generation

4D andQuantum<2|¢> Vladislav Golyanik

Vision Group



max planck institut
orma

Promptable Game Models (PGMs): Text-guided
Game Simulation via Masked Diffusion Models
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Overview: PGM as a State Machine Impnt

Pi P2 P1 P2 P1 P2

Condmonmg
5. a" 5 Pl P2 Ball : Pi1 Pz Ball . P1 P2 Ball

RO 9/

Dlﬁusmn Samplmg diffusion tlmestep k
(Eps) Animation Model ] : )

: : [’ :
P%%mgggs I P2 Bal = P1 P2 Ball P1 P2  Ball
= RO R @ 9/ RO A @ 0/ R9O A @ 9/
e Synthesis Model ]
% Style @
% Camera

frame i frame i+1 framei+2 ... T

4D and Quantum / ~ w
Vision Group =

max planck institut
informatik

{7 Action A = ftext

ﬂ Pose = kinematic tree
@ Location

/  Velocity

1) models the game dynamics: player
actions and interactions in the space
of the environment states (evolution
of the environment in time)

2) generates an image given
the an environment state
(image renderer)

Vladislav Golyanik



Overview: PGM as a State Machine

user-provided
conditioning
signals

Conditioning
s, a¢ P1

P1 P2 P1 P2

P1 P2 Ball = P1 P2 Ball

RO 9/

Diffusion Sampling diffusion timestep .

—--[ Animation Model ] O
, ¥ 5 7 5 7 |
environment P%%Egggs . P1 P2 Bal P1 P2 Bal  P1 P2 Ball
states S RO Rﬁ’? Q7 A9 R:@} 0/ RO R,® v/
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% Style @

% Camera

frame i
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frame i+1 framei+2 ... T
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{7 Action A = ftext

ﬂ Pose = kinematic tree
@ Location

/  Velocity

1) models the game dynamics: player
actions and interactions in the space
of the environment states (evolution
of the environment in time)

2) generates an image given
the an environment state
(image renderer)

Vladislav Golyanik



Overview: Control and Training npynnis
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P1 P2 P1 P2 P1 P2
Conchtmnmg 7 _ Two ways of controlling through prompts:
A @ 5 R 0/ f * High-level text-based editing.
Diffusion Samplmg
) . Example: Change @ of the tennis ball

FPS Animation Model

: ¥ i Y : :

Ps}%mglﬁgs P P2 Bal =PI P2 Ball = P1 Pz Ball Example: "The player takes several steps to
p /"{ @ R @ @t /'I{ ©@ A @ @r | ﬂ @ A @ © / the right and hits the ball with a backhand”
e Synthesis Model *
; = : ; High-level, yet fine-grained control over

the evolution of the environment.

Training: A dataset of camera-calibrated
videos with per-frame annotations (s and a).

i e 4|) Vladislav Golyanik
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PGMs: Fine-grained Control P
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Prediction 1

Prediction 2

Different predicted sequences starting from the same initial state and altering the text conditioning. The model supports
fine-grained control over the various tennis shots using technical terms (e.g., “forehand”, “backhand”, “volley”).

4D andQuantum<2|¢> Vladislav Golyanik
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PGMs: Fine-grained Control P

"The player slightly moves

"The player hils the . "The player waits for "The player takes some steps to

fforward while waiting ball with'a forehand" : the opponent response” - the right but does not catch the ball”

or the opponent’s serve”

Prediction 1

"The player serves the ball © "The player takes two steps to . 'The ;Jaii'a er hi}ls the ball witha = "The player hits the ball with a
to the right service box" the left A Wittt for the response” : ot (J)f ‘;i%h;‘g fnﬁir?g ?Zﬁfﬁ N }‘1{ ﬁi‘;hgg %ﬂﬁf; ?g’;ﬁ%

"The player slightly moves - The player takes several steps "The bl tobsin th : "The player moves to the
f(orward while waiting . to the right and hits the : middL e fiops in Me left 3 g ball flies by"

or the opponent's serve” ; ball with a backhand"

Prediction 2

" "The player runs forward to the *  "The player runs forward to the .
%i‘ gﬂ,%-)ezrsi;}ffgc%hgo%u rﬁg‘ t service box and hits a : right service box and hits a - "The player takes a step to the left"
& volley to the right service box" - volley to the right service box"

Different predicted sequences starting from the same initial state and altering the text conditioning. The model supports
fine-grained control over the various tennis shots using technical terms (e.g., “forehand”, “backhand”, “volley”).

4D andQuantum<£|,¢> Vladislav Golyanik
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Animation Module (AM)

conditioning values:

s¢ e §T
text a¢ € LAXT

mS c {0’ 1}P><T

ma & {0’ 1}AXT
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Conditioning
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Noisy
Properties

e
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Temporal model based on
non-autoregressive transformer

pre-trained LM in a text
encoder to model action
conditioning information

aemb _ T(ac) c RAXTXNt

[Raffel et al., 2022]

Vladislav Golyanik



Animation Module (AM)
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conditioning values:
SC = ST Conscti’ti;]c‘ling
text a° € LAXT  Noisy
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Temporal model based on
non-autoregressive transformer

pre-trained LM in a text
encoder to model action
conditioning information

aemb _ T(ac) c RAXTXNt

[Raffel et al., 2022]

p P

AM predicts §¥ = Sg as a progressive denoising process S, ..., Sk -

4DandQuantum<2|¢>
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Animation Module (AM)

conditioning on k through (FPS)
weight demodulation < k] —~

conditioning values:

SC = ST Conscti’ti;]c‘ling
text a° € LAXT Noisy
Properties

s’

k
me € {0,177 BSE

AXT Dy dht Time _

l'].'].al € {0, 1} X \\

¢ AM predicts sP = Sg

sampled according to various
strategies emulating desired
inference tasks

4DandQuantum<2|¢>
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Temporal model based on
non-autoregressive transformer

pre-trained LM in a text
encoder to model action
conditioning information

aemb _ T(ac) c RAXTXNt

[Raffel et al., 2022]

p P

as a progressive denoising process S, ..., Sk -

Vladislav Golyanik
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Animation Module (AM)
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conditioning on k through

weight demodulation <

conditioning values:

SC = ST Conditioning

s¢, a“

text a¢ € LAXT

Noisy
Properties

p
Sk

mS c {0, 1}P><T

Masking
m?®, m*

Temporal model based on
non-autoregressive transformer

pre-trained LM in a text
encoder to model action

e

conditioning information

aemb _ T(ac) c RAXTXNt

[Raffel et al., 2022]

AN
AN

AN

ma & {O’ 1}AXT

v

sampled according to various
strategies emulating desired
inference tasks

4DandQuantum<2|w>
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p P

AM predicts §¥ = Sg as a progressive denoising process S, ..., Sk -

A acts as a noise estimator predicting Gaussian noise €} in the noisy sequence

P by b
of unknown states S, : ei = f((sk s, 2™, m®, m? k).

Vladislav Golyanik



Animation Module (AM)
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sma

m

Conditioning
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Noisy
Properties
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ei = ﬂ(s‘leC, 2™ mS m?, k)

Minimising the DDPM training objective
[Ho et al., 2020]:

Er~t1(1,K),e~N(0,D)] |€£ — €kl

Training details:
* ADAM optimiser [Kingma and Ba, 2015]
* LR of 10e-4
* Cosine schedule
e 10k warm-up steps
* 2.5M training steps in total
* batch size of 32
e T=16
* K=1000
* Linear noise schedule

Vladislav Golyanik
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Synthesis Module (SM)

{7/ Action a v
R Pose )/
@ Location
/  Velocity
_ 7
% SW]C w © / b
@ Camera ; .
?J Reconstruction
Framerate V / Losses
g v ; -.-|;$
b 5

d
5{ Ray
‘@ Casting

* Coarsely follows Playable Environments [Menapace et al., 2022]

4D andQuantum<2|¢> Vladislav Golyanik
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Synthesis Module (SM) pes
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Point in the deformed Deformation Model Canonical Pose
ray space [Weng et al., 2022]

U S

[7 Action A A—X Z—
R Pose ~r . - |
@ Location ﬂ xc
/  Velocity
B syl @ " H &
& Camera F/ R : )
Framerate v / | CCONSITUCHON .....ocoo .o
=3
b § -
d N bt b
5( CR?'Y T i |
_ s Ground Truth
composition of independent objects
(parametrised with voxel grids) + fully-opaque planes
[Fridovich-Keil et al., 2022]
* Coarsely follows Playable Environments [Menapace et al., 2022]
4D and Quantum / ~ : .
Vision Group <A | ZD) Vladislav Golyanik
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Synthesis Module (SM)

Feature Enhancer (CNN):

Point in the deformed Deformation Model Canonical Pose : !
G in, an RGB image out

ray space [Weng et al., 2022]

f? Action A \ /1 ]
R Pose .
@ Location
/  Velocity
B Style @ 5 /’p
@ Camera F/ : .
L Framerate V J / Recol?os.:;g;:tmn
3 b
) 5{ Ray
‘@~ Casting

composition of independent objects
arametrised with voxel grids + fully-opaque planes )
P grids) Jully-opaque p Feature Grid  Style Encoder

[Fridovich-Keil et al., 2022]

* Coarsely follows Playable Environments [Menapace et al., 2022]

4D andQuantum<2|¢> Vladislav Golyanik

Vision Group



[ J [ J [ J o 21
Object-specific Rendering .
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SM

{7 Action a Y r
ﬂ Pose }/
@ Location
/  Velocity
% Style @ o) a b pevnourse - gl RS
& Camera P/ F : ]
| Framerate 1 / || RBCOIIch;S;;g:tan ...........................
= -
& cRay -
‘- tnel N ST
— Ground Truth
E
3
£
g
E
L4 &
;P2 g 2 &
/ T =
E
shutter opens shutter closes :
> E
x-axis
Ball rendering Tennis scenes with and without inserted rackets.
4D and Quantum / ~ : .
Vision Group <4f w Vladislav Golyanik
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Synthesis Module (SM)

Action a

Sl’y le @ ) / b

Camera F/ ‘ | |

\

7 P =
R Pose )/ .

@ Location / ﬁ xc

/  Velocity

% i

Reconstruction
Losses

Framerate V /
=
b §

d
5!’/ Ray
‘@ Casting

Gro und Truth

Imposed on samples image patches:
* L2 reconstruction loss
* Perceptual loss [Johnson et al. 2016]

4DandQuantum<2|¢>

Vision Group

Training details:
* ADAM optimiser [Kingma and Ba, 2015]
* LR of 10e-4, exponential decrease to 10e-5
e 10k warm-up steps
* 300k training steps in total
* Videos of 1024x576px resolution
e 180x180px patch resolution

Vladislav Golyanik
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Unconditional Sequence Generation /TP IE"
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The player moves to the left corner waiting for the serve

The player serves the ball to the left corner of the field

4‘?.a“dQ“a“m< 4|) Vladislav Golyanik
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Application: Opponent Modelling pres
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response by running to the right (top)

"The player runs to the right and "The plavyer takes steps to the right and
perfo}_mé_ another hackhangd to the "The player moves slightly to the left" sends tﬁe ball to the 1—if t side of no man's "The player starts moving to the left"
left side of the field” land with a backhand" ]

D KA (A

= i

e i
— —/Jr NE \_ -

FMELBOURMAE MELBOURAE MELBOURMNE MELBOURMAE

Game Al Actions (Bottom player)
Game Al Actions (Top player)

"The plaver jumps to the left and sends the W e e ; TP “The player moves forward and sends the "The blaver i ’ ;
ball tg the left pfﬁ't of the service line with The p l?f;:l; L’#?ﬁé ﬂfﬁﬁgr}{iﬁ;ﬁ’,“ﬁiﬁ"»“’ds to ba’% to the right service box with a The p Ia}g:ttn:g:e;at,?léh;; ::ﬁ;t{;pr the hit

a backhand” yackhand”

response by running towards the net (bottom)

4D andQuantum<£|,¢> Vladislav Golyanik
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Action-conditioned Sequence Generation"""P!1°>

informatik

The player serves to the right service box

The player jumps forward and waits for the ball

Initial State

The player jumps forward and waits for the ball

4D andQuantum<£|,¢> Vladislav Golyanik
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Prompt-based Sequence Modification ¥/'PII"

informatik

Original Losing Sequence

LT <L LKL T - = ¥ <L <L <L

Initial State

L<LAT LKL <L HIEF tmor

FELEODURME FMELBOURME

¢ AL LA i . LCLA LA p L<LA LA -
! The player The player G, The player
\ does not catch does not calch o n"s does nof catch

. R i the ball" p— - the ball" e the ball"

MELBOURIE

.fl

_LELBGUHINE MELBEOURME IELBOURNE

While in the original sequence the bottom player aims its response to the center of the field where
the opponent is waiting, the model now successfully generates a winning set of moves for the
bottom player that sends the ball along the left sideline, too far for the top player to be reached.

4D andQuantum<£|,¢> Vladislav Golyanik
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“The [top] player does not catch the ball” ¥IV IR
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the player makes two steps backwards while waiting for the response

LT LT LA T Thiae w,

original video =
bottom player loses

Example 1

MELBOURNE

The player rushes diagonally to the upper right and hits the ball with a forehand to the net

4D andQuantum<£|¢> Vladislav Golyanik
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“The [top] player does not catch the ball” 't

the player does not catch the ball

1/2 original video +
text prompt =
bottom player wins

Example 1

MLCLBOURNE

No action

4D andQuantum<£|¢> Vladislav Golyanik
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“The [top] player does not catch the ball” ¥V IEZ>
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the man smashes the ball with the forehand to the right service box

I‘L\; A =y
Emirares @ @ @ @ ANZ
A 1A

original video =
bottom player loses

Example 2

MELBOURRNE

The player steps to the right and stops unable to save the ball

4D andQuantum<2|¢> Vladislav Golyanik
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“The [top] player does not catch the ball” YIFPIE*

in ormat

The player does not catch the ball

1/2 original video +
text prompt =
bottom player wins

Example 2

MELBOURRNE

No action

4‘?."““9“"‘”"1“( 4|) Vladislav Golyanik
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Target Style

Source Style

Source Style Target Style

:/7_ : e
Source Style R e
i ——h}>h

4D andQuantum<2|¢> Vladislav Golyanik
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Tennis and Minecraft Datasets
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Tennis and Minecraft Dataset

FH-topspin ~ BH-twohand FH-lefthand

Image: [Zhang et al., 2023]

4D and Quantum
Vision Group

0
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Video duration (s)

(a) Distribution of video durations
in the Tennis dataset.
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(c) Distribution of words per cap-

tion in the Tennis dataset.
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Tennis dataset (broadcast tennis matches):
e 7.1k video sequences (1920x1080px at 25 fps)
e 15.5h
* 1.12M fully-annotated frames
e 25.5k unique captions and 915 unique words

Vladislav Golyanik



Tennis and Minecraft Dataset

FH-topspin ~ BH-twohand FH-lefthand

Image: [Zhang et al., 2023]
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Minecraft dataset (from the video game):
* 61 videos (1024x576px at 20fps)
 1.21h
* 68.5k fully-annotated frames
* 1.24k unique captions with 117 unique words

Vladislav Golyanik
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Tennis and Minecraft Dataset inpye=
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the player serves and sends the ball to the right service box

afes  Emirafes
HIBETTER vr

i : DJOKOVIC
=== 4 MEDVEDEV

MELBOURRMNE

The player moves to the right and hits the ball with a forehand to the no man's land The player sprints and jumps on the first block of the second area

4D and Quantum
Pz

Vision Group
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Annotation

Tennis Minecraft
Sequences: 7112
train 5690
validation 711 5
test 711 5
Duration: 15.5h 1.21h
train 12.4h 0.952h
validation 1.59h 0.16h
test 1.52h 0.101
Annotated frames: 1.12M 68.5k
train 1.05M 64.5k
validation 135k 11.2k
test 130k 7.06k
Resolution 1920x1080px  1024x576px
Framerate 25fps 20fps
Captions 84.1k 818k
of which unique 25.5k 1.24k
Unique words 915 117
Avg. words 13.8 5.85
Avg. span 1.32s 0.500s
Parts of sentence:
Nouns 32.3% 36.2%
Verbs 11.9% 17.4%
Adjectives 3.08% 6.48%
Adverbs 2.70% 11.7%
Pronouns 0.18% 0.00%
Articles 26.4% 8.03%
Prepositions 7.89% 6.98%
Numerals 0.11% 0.03%
Particles 9.28% 1.50%
Punctuation 1.76% 1.12%
Others 0.00% 0.00%

dataset statistics

4D and Quantum / ~ w
Vision Group =

11V )1 ES

max planck institut
informatik

and Training Costs

Tennis dataset:

* Professional labelling team (833$/h)

e Initial annotation: 13.5k$ in total

 Comparable amount for remaining
annotation and training (development)

P1 P2 P1 P2 P1 P2
Cogdcifi;]gmg P P2 Ball P12 gBa]J S P P2 Ball ! Full model:
J ki RO A9 ©/ . | * Eight A100 (40GB Global Memory)
Diffusion Sampling k * Tennis dataset: Four days (844$)
@ IR ) ]Q * Minecraft dataset: Two days (422$)
PS;‘:’E’CPJESS P1 P*z Bal  P1 P'z Ball P1 P'Z Ball
e g9 A9 9/ A9 RO ©/ RO RO 0/
B~ Synthesis Model Reduced model:

* Four A100 (40GB Global Memory)
* Tennis dataset: Three days (317$)
* Minecraft dataset: Two days (211$)

Vladislav Golyanik
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Quantitative Results (AM and SM) mpae
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Tennis LPIPS| FID|] FVD| ADD| MDR]
L L2] FD| 2| FD| 12| FDJ PE+ [Menapace et al. 2022] 0.232 404 2432 1323 49.7
PE 3.291  229.112 1126 15953 0.303  53.242 w/o enhancer ¥ 0.167 15.6 570 3.02 0.0728
Rec. LSTM 1.597 7.253 0907 7.051  0.193 16.735 w/o explicit deformation in D 0.156 13.3 524 3.10 0.0587
Rec. Transf. | 1.074 4.402 0.767 6.838 0.175 14.845 w/o planes in C 0.241 30.4 1064 2.94 0.0611
Ours Small 1.380 1.443 1.014 0.560 0.148 1.253 w/o voxels in C 0.170 17.1 757 3.03 0.0399
Ours 1.099 0.929 0.844 0.356 0.129 0.836 w/o our encoder & 0.174 15.0 600 3.18 0.0564
Fiivecralt Position Root angle Joints 3D Ours Small 0.156 13.4 523 2.88 0.0470
L2] FD| L2] FD| L2| FD| Ours 0.152 12.8 516 2.88  0.0423
PE 2.739 105973 1620 31232 0.311 39.572 Minecraft LPIPS| FID| FVD| ADD| MDR|
Rec. LSTM 2.292 47.296 1.702 49971 0.489  99.843 +
. Ours 0.00814 2.81 7.08 1.98 0.0508
results averaged over all tasks
Animation Module Synthesis Module
Reconstruction tasks for AM evaluation:
* Video prediction conditioned on actions * Opponent modeling
* Unconditioned video prediction * Sequence completion
4D and Quantum : .
Vision Gxoup <£| @D> Vladislav Golyanik



Comparison to PE and Ablation Study " Ie°
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baselines our method
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PGM generates sharper players and static scene elements.
PE and PE+ produce checkerboard artifacts Vladislav Golyanik
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Quantitative Results (SM and AM) INRpuRss

t=7

baselines

PE
EEDENNnIS
"]i;:e Idyftfr
Sldes s [0 - N
v {i‘;-&"% !j'or e J igh S0 Llé?f‘:M
| the resgunse" = \ >
] i e 3 e $
== "The player steps to the - W i
R | incrnss el 7 il B
! — : 7 — 0 Lhe rigi QCFDS_S 3
: | Fs]mrr}ilg:;jand with a . tbﬁ;eg:‘r}f_and waits for
Tec.
transf.
our method
ours
small
The model uses the first-frame object
properties and all actions as conditioning.
ours

4D and Quantum / I . _
Vision Group <4f | ¢> Vladislav Golyanik
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Evaluation Breakdown and Other Tests TV RES
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baselines Position Root angle Joints 3D
L2] FD|] L2] FD| L2] D]
- Action conditioned video prediction

° 1 1 PE 3.117 87.688 1.182 12.627 0.277 30.711
RObUStneSS to prompt Varla’tlons Rec. LSTM 1.753 7.413 1.100 8416 0.234 18455
° ( ) Rec. Transf. ~ 1.183 2996 [[09137] 7566 0.212 15976
AM Infe rence Tas ks Ours Small 1.244 1.071 1.187 0.601 0.178 1.570

[ AM Masklng St rategles Ablatlon Qurs 1.96_4 0846 0.961 0421 0.153 1.049

. . Unconditional video prediction
* AM Dataset Size Ablation e

LST™M PE 3.973 146019 1604 30448 0.437  78.835

[ Alternatlve Samplers Rec. LSTM 2.064 11.283 1.224 14860 0.264 28.736
Rec. Transf. 1.649 10.514 1.123 15.648 0.251 27.258

Ours Small 2.352 2.271 1.455 0.781 0.213 1.827

Ours 1.925 3277 1.277 | 0518 0192 1261

Opponent modeling

ul;féf PE 4.353 641.976 0.903 13.955 0.251 62.981

’ Rec. LSTM 1.581 5.507 0.697 2517 0.143 10.443

Rec. Transf. 1.169 3.735 {}.531 2514 0.138 10.519

Ours Small 1.578 2.243 0.832 0.560 0.114 0.851

- Ours 1153 1349 0703  0.288  0.101  0.558

our method )
4 Sequence completion
ours PE 1.720 40.766 0.814 6.783 0.246 40.441
small Rec. LSTM 0.990 4.809 0.606 2411 0.132 9.305

Rec. Transf.  0.294 0.364 0403 1623  0.100 5.628
OursSmall 0344  0.187 0581 0301 0.088 0.765

ground Ours 0.252 0143 0437 0198 0.069 0478
truth
Average
PE 3.291 229.112 1.126 15953  0.303  53.242

Rec. LSTM 1.597 7.253 0.907 7.051 0.193  16.735
Rec. Transf. | 1.074 4.402 0.767 6.838 0.175  14.845
Ours Small 1.380 1.443 1.014 0.560 0.148 1.253
Qurs 1.099 0.929 0.844 0356 0.129 0.836

4D mdQumM<2|w> Vladislav Golyanik

Vision Group
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Implausible Actions P
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"The player sidesteps to the richt and performs a forehand
Hm‘i; sg}nds the berﬁl to the I'léht mde%f Jrfo m'm'sfhnd ?

the left movement
command is ignored

"The r rushes to the I?i‘ and hits with another
ﬁ:-re and to the left side of no man's land'

"The player jumps on the oak pillar”

4‘?.a“dQ“a“m< 4|) Vladislav Golyanik

Vision Group
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Camera Manipulation P
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Original camera Manipulated camera Manipulated camera depth

4‘?.a“dQ“a“m< 4|) Vladislav Golyanik

Vision Group
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Limitations InpyRE=
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Novel scene views Foot sliding, slight jitter

* No AM conditioning on scene geometry No explicit physics modelling
e Tennis scenario: Overfitting with less than 60% of the data (everything is learnt from data)
* Foot sliding artefacts Not real-time (AM: 1.08fps)

4D andQuantum<£|,¢> Vladislav Golyanik

Vision Group
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Conclusion and Take-home Messages TIPS
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Swapped Style

' T
o
[—— 1 =—=—

Diffusion Sampling k
—'-[ Animation Model ] O

Textual action representation is crucial for unlocking fine-grained control over the generation
PGMs outperforms previous PE approach in the rendering quality, generation of state sequences and
obeying the conditioning signals (thanks to recent advances in ML and neural rendering)

* DM in the animation module learns the multimodal distribution well

PGMs enable compelling constraint-and goal-driven generation applications (such as opponent
modelling, state inpainting, game analysis)

* There are many possible future extensions

4D and Quantum / ~ w Project page: snap-research.github.io/promptable-game-models/
Vision Group =

Vladislav Golyanik



Today’s Talk

Intern at 4DQV/MPI-INF, 2021-2022

With Willi Menapace (University of Trento),
Aliaksandr Siarohin (Snap Inc.), Stéphane Lathuiliere
(LTCIl, Télécom Paris, Institut Polytechnique de
Paris), Panos Achlioptas (Snap Inc.), Sergey Tulyakov
(Snao Inc.) and Elisa Ricci (University of Trento).

Project page: snap-research.github.io/promptable-game-models/

’%, SIGGRAPH 2024

DENVER+ 28 JUL — 1 AUG

4D and Quantum / ~ w
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Menapace et al., arXiv:2303.13472

arXiv:2303.13472v3 [cs.CV] 21 Jan 2024

Promptable Game Models: Text-Guided Game Simulation via Masked
Diffusion Models

WILLI MENAPACE", University of Trento, Italy

ALIAKSANDR SIAROHIN, Snap Inc., USA

STEPHANE LATHUILIERE, LTCI, Télécom Paris, Institut Polytechnique de Paris, France
PANOS ACHLIOPTAS, Snap Inc.. USA

VLADISLAV GOLYANIK, MPI for Informatics, SIC, Germany

SERGEY TULYAKOV, Snap Inc., USA

ELISA RICCI, University of Trento, Fondazione Bruno Kessler, Italy

Promptable Game Model

ACMT:

Vladislav Golyanik
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Diffusion Models in Visual Computing "F/PII
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A Forward SDE (data — noise)

State of the Art on Diffusion Models for Visual Computing dx = f(x, t)dt + g(t)dw

' Stanford University “MPI for Informatics and VIA Center *Snap Inc. “Google Rescarch *Tel Aviv University “Weizmann Instituic of Scicace
TUC Berkley *University of Pennsylvania “TU Munich ""LMU Munich !'KAUST *Equal contribution

2 futuristic ryberpunk
ciryacape with tsacering sean-

R_Po'* W.Yifan' V. Golyanik™ K_Aberman® J. T.Barron! A Bermano® E Chan' T Dekel® A Holynski'”
A Kanazawa’ C. K. Lin' L Liu* B. Mildenhall' M. NieSner” B. Ommer'” C. Theobalt® P Wonka'! G. Wetzstein' L3 ‘i

score function

dx = [f(x,1) - At | dt + g(t)dw

Reverse SDE (noise — data)

B

Data Forward SDE Prior Reverss SOE Oata

-
(o) dr = f(z,0)dt + glt}dw —»Q;‘.— dz = [fiz.) - P (OF, logas)] di + gle)de =w{e(0)
N J kol

miz) mlz) priz) pix) miz)

Figure 1: This state-of-the-art report discusses the theory and practice of diffusion models for visual computing. These models have recently
Become the de-facto standard for image, video, 30, and 4D generation and editing. Images adapled from [PIBM22, DMGT23, S5P° 23b,
MSP*23, BTOAF" 22, HTE 23, Lab23 PW23, RLJ®22, MPE"23, Arn23] ©2023 IEEE.

Abstract

The field of visual computing is rapidty advancing due 10 the e of ive artificial i (AL}, whith unlocks . .
unprecedented capabilities for the generation, editing, and reconstruction of images, videos, and 3D scenes. In these domains, S 3 F d I f D ff M d I

diffusion models are the generative Al architecture of choice. Within the last yvear alone, the literature an diffusion-based ec. undamentals o Imrusion oaels

tools and applications has seen exponential growth and relevant papers are published across the computer graphics, computer

vision, and Al communities with new works appearing daily on arXiv. This rapid growth of the field makes it difficult to keep . . .

up with all recent developments. The goal of this state-oj-the-art report (STAR) is io introduce the basic mathematical concepts Sec. 7 Towards 4D S P atio-tem po ral Diffusion
of diffusion models, implementation details and design choices of the popular Stable Diffusion madel, as well as overview

important aspects of these generative Al tools, including persomalization, conditioning, i
we give a comprehensive overview of the rapidly growing 1 on diffiusion-bas

ersion. among others. Moreover,

! tan and editing, categorized
by the type of generated medium, including 20 ima, videos, 3D abjects, locomerion. and 40 scenes. Finally, we discuss 7 3 4 D S G M d E d g
avaitable datasets. metrics, apen challenges, and social implications. This STAR provides an insuitive starting point 1 explare . cene Generation an itin g

thiy exciting topic for researchers, artists, and practitioners afike.

CCS Concepis
* Computing meithodologies — Computer graphics; Neural networks;

4D and Quantum / ~ . . .
Po, Wang, Golyanik et al. EUROGRAPHICS, 2024.
VisionGroup  \ =<2 | w & 2oy Vladislav Golyanik
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. 3 v Encode Regress Couplings QUBO Decode
Object weight: 0.2 kg Prem?%‘e }mﬁﬂ% Solution QUBO Solution
N s . :
Y l} ) Py
D 3 {
¥ s ey £ ¥ 4 : %
. i,

Egocentric Event Stream 3D Human Pose Estimation

3D/4D Reconstruction
and Neural Rendering

4D Generative Models Quantum CV

4D and Quantu.m 7y Images: Kappel et al., 2024, Shimada et al., 2023, Millerdurai et al., 2024, . .
Vision GI'OUP A Shimada et al., 2024, Dabral et al., 2023, Seelbach Benkner et al., 2023, Bhatia et al., 2023. Vlad ISlaV GOIyan | k
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Thanks! Questions?
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