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Our Goal

Synthesize videos of
actions




Our Goal

Learn to synthesize videos of actions

Our model should be able to synthesize:

* Multiple actions and objects
* Potentially simultanious actions
* Coordinated and timed actions

How should we model actions?



The Action Graph Representation

* Nodes are objects

* Edges are timed actions

* Each action is annotated with a a start and end time

Action Graph Video
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New Task Setting: Action-Graph-to-Video

Action Graph Initial image & Layout Video
a ) b
2 Contain, T(1, 5) Yellow, Small,
ed, Large, > Rubber
Rubber Cone Cylinder
Slide, T(5, 8) Slide, T(5, 10) I
S q G_GQ Small,
Golden Snitch Rubber
Cylinder

Input Output



The Action Graph to Video Model

Synthesize next frame in a coarse-to-fine manner

* Action execution schedule, given Action Graph
* Given the schedule, predict how should object moves

* Then, predict how should pixels move

Previous image and layout Next frame



Scheduling Actions via “Clocked Edges”

How to synchronize and schedule multiple actions?

Action Graph Clocked Graph
Golden Golden i Golden é Golden
Snitch Snitch Snitch Snitch
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Cylinder Cylinder : Cylinder Cylinder
A Ay Az

Time specific Action Graphs




Action Graph to Video

* Predict new scene layout given previous layout and Clocked Action Graph
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Action Graph to Video

* Predict new scene layout given previous layout and Clocked Action Graph

* Predict the future pixels flow, and warp the previous image
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Action Graph to Video

* Predict new scene layout given previous layout and Clocked Action Graph
* Predict the future pixels flow, and warp the previous image

* Refine the warped image via a SPADE Generator
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Datasets of atomic actions

Something Something V2 CATER

. Move down

Move up

Push right

& Push left
oobject I Take

object 3 L Cover

vv Uncover

Put

Slide
Contain

Rotate
Pick Place

Videos of single actions

Videos of multiple actions



Actions in CATER Actions in Something Something

Multiple Simultaneous Actions Push Left  Move Down Uncover Push

Slide Contain Pick Place Rotate Push Right Move Up Cover Take



Human evaluation of the synthesized videos

: ; Semantic Accuracy Visual Qualit
AG2Vid vs. Baseline y Q y

CATER SmthV2 |CATER SmthV2
CVP (Ye et al., 2019) 85.7 90.6 76.2 93.8
HG (Nawhal et al., 2020a)| - 84.6 - 88.5
V2V (Wang et al., 2018a) | 68.8 84.4 68.8 96.9
RNN 56.0 80.6 52.0 77.8
AG2Vid-GTL 48.6 46.2 42.9 50.0

Each cell is the %times AG2Vid model is better

Our model outperforms baselines by synthesizing videos that are
more semantically correct and have better visual quality.



Zero-shot synthesis

So far, we've showed that our model can synthesize the atomic
actions present in the training data.

Can we use this approach to synthesize more complex videos?



Synthesizing zero-shot sequential actions

Action Graph
o MoweUpT@3)
a
Hand Move Down, T(3-4) e b Toy




Synthesizing zero-shot simultaneous actions

Action Graph

a Push Right, T(1,5) b
>

Push Left, T(1,5) .
>

Ball




Synthesizing new action composites

Hand Pick-
Place, ' '
Move Right, T(1, 10), G Cone
I(1, 10), Loc(P-Sphere)
Move Up,
T(1, 10) ’ Slide, \ g o
v T(1, 10), PAEE
Mug Loc(G-Cone)

New action: Move Right-Up New action: Swap Place



Synthesizing new action composites

Hand Hand RCone R Cone Pick-
Place,
Move Right, Move Left, Contain, \ / Contain, T(1, 10), G Cone
T(1, 10), T(1, 10) Tk 10) 1(:10) Loc(P-Sphere)
Snitch _
Move Up, Move Down,  contain, /\ Contain, a1 (\'
T(1, 10 T(1, 10 T(1, 10) 1ae,
, T(L10) ! (1, 10) (1, 10) T(1, 10); P Sphere
Mug Wallet P Cone GiCone Loc(G-Cone)

Right Up Left Down Huddle Swap
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See project page for code and models:

roeiherz.github.io/AG2Video Th al k yO U '



