






�t �e�r�i �a�l �s �i �n �c�l �u �d�i �n �g �r�i �g�i �d�, �e�l �a�s�t�i �c�, �c�l �o�t �h�, �s �m �o �k �e�, �l�i �q �u�i �d�, �g�r �a �n �u�-
�l �a�r�, �a �n �d �t �h �e�i�r �i �n�t �e�r �a �c�t�i �o �n�s�. �T �o �t �h�i �s �e �n �d�, �w �e �p�r �o �p �o�s �e �W�o �n �d �e�r�-
�P�l �a �y�. �A�s �i�l�l �u�s�t�r �a�t �e �d �i �n �F�i �g �u�r �e�2�, �w �e û��r �s�t �r �e �c �o �n�s�t�r �u �c�t �t �h �e �3 �D
�s �c �e �n �e�S�0 �f�r �o �m �t �h �e �i �n �p �u�t �i �m �a �g �e�I �(�t �o �p �l �e�f�t �o�f �F�i �g �u�r �e�2�)�. �O �u�r
�m �a�i �n �t �e �c �h �n�i �c �a�l �i �n �n �o �v �a�t�i �o �n �i �s �t �h �e �h �y �b�r�i �d �g �e �n �e�r �a�t�i �v �e �s�i �m �u�l �a�-
�t �o�r �( �m�i �d �d�l �e �l �e�f�t �o�f �F�i �g �u�r �e�2�)�. �I�t �t �a �k �e�s �t �h �e �3 �D �s �c �e �n �e�S�0 �a �n �d
�t �h �e �a �c�t�i �o �n�s �a�s �i �n �p �u�t �a �n �d �p�r �e �d�i �c�t �s �t �h �e �3 �D �d �y �n �a �m�i �c�s�{ �S�t�}�T�t�= �1
�( �m�i �d �d�l �e �r�i �g �h�t �o�f �F�i �g �u�r �e�2�)�.

�3�. �1�. �3 �D �S �c �e �n �e �R �e �c �o �n�s�t �r �u �c�t�i �o �n

�O �u�r �3 �D �s �c �e �n �e �r �e �p�r �e�s �e �n�t �a�t�i �o �n�S�t �= �B�t "* �O�t �c �o �n�s�i �s�t �s �o�f �a
�b �a �c �k �g�r �o �u �n �d�B�t �a �n �d �o �b�j �e �c�t �s�O�t �a�t �a �t�i �m �e�s�t �e �p�t�. �O �u�r û��r �s�t �s�t �e �p
�i �s �t �o �r �e �c �o �n�s�t�r �u �c�t�/ �g �e �n �e�r �a�t �e�S�0 �f�r �o �m �t �h �e �i �n �p �u�t �i �m �a �g �e�I�. �W�e
�r �e �c �o �n�s�t�r �u �c�t �t �h �e �3 �D �b �a �c �k �g�r �o �u �n �d�B�0 �a �n �d �t �h �e �3 �D �o �b�j �e �c�t �s�O�0

�s �e �p �a�r �a�t �e�l �y �t �o �j �o�i �n�t�l �y �f �o�r �m�S�0 �= �B�0 "* �O�0�.

�B �a �c �k �g �r �o �u �n �d�.�W�e �r �e �p�r �e�s �e �n�t �t �h �e �b �a �c �k �g�r �o �u �n �d �w�i�t �h �F �a�s�t �L �a �y�-
�e�r �e �d �G �a �u�s�s�i �a �n �S �u�r�f �e�l �s �( �F �L �A �G �S�) �[�7 �2�]�. �F �o�r �m �a�l�l �y�, �t �h �e �b �a �c �k�-
�g�r �o �u �n �d�B�t �= �{�p�B�,�q�B�,�s�B�,�o�B�,�c�B�t �} �c �o �n�s�i �s�t �s �o�f�N�B �G �a �u�s�s�i �a �n
�s �u�r�f �e�l �s�, �p �a�r �a �m �e�t �e�r�i �z �e �d �b �y �3 �D �s �p �a�t�i �a�l �p �o�s�i�t�i �o �n�s�p�B "� �R�3�N�B�,
�o�r�i �e �n�t �a�t�i �o �n �q �u �a�t �e�r �n�i �o �n�s�q�B�, �s �c �a�l �e�s�s�B�, �o �p �a �c�i�t�i �e�s�o�B�, �a �n �d
�v�i �e �w�-�i �n �d �e �p �e �n �d �e �n�t �R �G �B �c �o�l �o�r �s�c�B�t �. �W�e �d �e�t �a�i�l �t �h �e �r �e �c �o �n�s�t�r �u �c�-
�t�i �o �n �o�f �b �a �c �k �g�r �o �u �n �d �i �n �A �p �p �e �n �d�i �x�B�. �2�a �n �d �t�r �e �a�t �i�t �a�s �a �s�t �a�t�i �c
�b �o �u �n �d �a�r �y �i �n �s�i �m �u�l �a�t�i �o �n�.

�O �b�j �e �c�t �s�.�A �n  � �o �b�j �e �c�t  � �i �n �W�o �n �d �e�r �P�l �a �y �r �e�f �e�r �s �t �o �a �d �y�-
�n �a �m�i �c �e �n�t�i�t �y �w �e �s�i �m �u�l �a�t �e �i �n �t �h �e �p �h �y�s�i �c�s �s �o�l �v �e�r�, �i �n �c�l �u �d�-
�i �n �g �r�i �g�i �d �o �b�j �e �c�t�, �c�l �o�t �h�, �g�r �a �n �u�l �a�r �m �a�t �e�r�i �a�l�, �a �n �d û� �u�i �d�s�. �T �o
�r �e �p�r �e�s �e �n�t �a �s�i �m �u�l �a�t �a �b�l �e �o �b�j �e �c�t �t �h �a�t �i �s �c �o �m �p �a�t�i �b�l �e �w�i�t �h �o �u�r
�p �h �y�s�i �c�s �s �o�l �v �e�r�s�, �w �e �b �u�i�l �d �a �s�i �m �u�l �a�t�i �o �n�-�r �e �a �d �y �r �e �p�r �e�s �e �n�t �a�-
�t�i �o �n �o �n �t �o �p �o�f �t �h �e �G �a �u�s�s�i �a �n �s �u�r�f �e�l �s �b �y �a �d �d�i �n �g �c �o �n �n �e �c�t�i �v�-
�i�t �y �t �o �t �h �e �m�, �t �u�r �n�i �n �g �t �h �e �m �i �n�t �o  ��t �o �p �o�l �o �g�i �c �a�l �G �a �u�s�s�i �a �n �s �u�r�-
�f �e�l �s  ��. �F �o�r �m �a�l�l �y�, �t �h �e �t �o �p �o�l �o �g�i �c �a�l �G �a �u�s�s�i �a �n �s �u�r�f �e�l �s �c �o �n�s�i �s�t
�o�f�N�O �G �a �u�s�s�i �a �n �s �u�r�f �e�l �s �w�i�t �h �e �d �g �e�s �a �n �d �v �e�l �o �c�i�t�i �e�s�,�O�t �=
�{�E�,�v�t�,�p�O
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�O
�t �}�, �w �h �e�r �e �t �h �e �e �d �g �e �m �a�t�r�i �x�E "�

�{�0�,�1�}�N�O�×�N�O �i �n �d�i �c �a�t �e�s �t �h �e �t �o �p �o�l �o �g�i �c �a�l �c �o �n �n �e �c�t�i �v�i�t �y �o�f �t �h �e
�s �u�r�f �e�l �s�, �a �n �d�v�t "� �R�3�N�O �d �e �n �o�t �e�s �t �h �e �v �e�l �o �c�i�t �y�.

�W�e �c�r �e �a�t �e �t �h �e �i �n�i�t�i �a�l �t �o �p �o�l �o �g�i �c �a�l �G �a �u�s�s�i �a �n �s �u�r�f �e�l �s�O�0 �b �y
û��r �s�t �g �e �n �e�r �a�t�i �n �g �a �n �o �b�j �e �c�t �m �e�s �h �f�r �o �m �a �n �i �m �a �g �e �s �e �g �m �e �n�t �o�f
�t �h �e �o �b�j �e �c�t �u�s�i �n �g �a �n �i �m �a �g �e�-�t �o�- �m �e�s �h �m �o �d �e�l �I �n�s�t �a �n�t �M �e�s �h �[�6 �9�]�.
�T �h �e �n�, �w �e �b�i �n �d �a �G �a �u�s�s�i �a �n �s �u�r�f �e�l �t �o �e �a �c �h �o�f �t �h �e �m �e�s �h �v �e�r�-
�t�i �c �e�s�. �W�e �d �e�t �a�i�l �t �h�i �s �p�r �o �c �e�s�s �i �n �A �p �p �e �n �d�i �x�B�. �3�.

�M �a�t �e �r�i �a�l �s�.�B �e�s�i �d �e�s �t �h �e �g �e �o �m �e�t�r �y �a �n �d �a �p �p �e �a�r �a �n �c �e �r �e �p�r �e�s �e �n�-
�t �a�t�i �o �n�O�, �a �n �o �b�j �e �c�t �a�l �s �o �h �a�s �m �a�t �e�r�i �a�l �p�r �o �p �e�r�t�i �e�s�m�. �T �h �e �d �e�f�-
�i �n�i�t�i �o �n �o�f �o �b�j �e �c�t �m �a�t �e�r�i �a�l �d �e �p �e �n �d�s �o �n �t �h �e �o �b�j �e �c�t �t �y �p �e�, �w �h�i �c �h
�f �o�l�l �o �w�s �a �6�- �w �a �y �c�l �a�s�s�i û� �c �a�t�i �o �n�: �r�i �g�i �d�, �e�l �a�s�t�i �c�, �c�l �o�t �h�, �s �m �o �k �e�,
�l�i �q �u�i �d�, �a �n �d �g�r �a �n �u�l �a�r�. �W�e �d �e�t �a�i�l �t �h �e �m �a�t �e�r�i �a�l �p�r �o �p �e�r�t�i �e�s �i �n
�A �p �p �e �n �d�i �x�B�. �4�.

�3�. �2�. �H �y �b �r�i �d �G �e �n �e �r �a�t�i �v �e �S�i �m �u�l �a�t �o �r

�M �a�i �n �i �d �e �a�.�T �h �e �r �e �c �o �n�s�t�r �u �c�t �e �d �s �c �e �n �e �g �e �o �m �e�t�r �y�S�0 �a �n �d �e�s�t�i�-
�m �a�t �e �d �m �a�t �e�r�i �a�l �p�r �o �p �e�r�t�i �e�s�m �a�r �e �i �n �h �e�r �e �n�t�l �y �i �n �a �c �c �u�r �a�t �e �a �n �d
�i �n �c �o �m �p�l �e�t �e�, �a �n �d �a �c �c �u�r �a�t �e �p �h �y�s�i �c�s �s �o�l �v �e�r�s �f �o�r �a�l�l �m �a�t �e�r�i�-
�a�l �s �a �n �d �t �h �e�i�r �c �o �m �p�l �e �x �i �n�t �e�r �a �c�t�i �o �n�s �a�r �e �s�t�i�l�l �a �n �o �p �e �n �p�r �o �b�-
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�V�i �d �e �o� �D�i�f�f �u �s�i �o �n� 
�M �o �d �e�l

�I �m �a �g �e�I
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�F�i �g �u�r �e �3�. �I�l�l �u�s�t�r �a�t�i �o �n �o �n �o �u�r �s �p �a�t�i �a�l�l �y �v �a�r �y�i �n �g �b�i �m �o �d �a�l �c �o �n�t�r �o�l�,
�w �h�i �c �h �d�r�i �v �e�s �t �h �e �v�i �d �e �o �g �e �n �e�r �a�t �o�r �w�i�t �h �i �n �p �u�t �i �m �a �g �e�I�, �p�i �x �e�l�- �s �p �a �c �e
û� �o �w�F �a �n �d �s�i �m �u�l �a�t�i �o �n �r �e �n �d �e�r �e �d�Ü�V�.

�l �e �m�. �T �h �e�r �e�f �o�r �e�, �e �x�i �s�t�i �n �g �m �e�t �h �o �d�s �a�r �e �l�i �m�i�t �e �d �t �o �s�i �m �p�l �e
�r�i �g�i �d�/ �e�l �a�s�t�i �c �s�i �m �u�l �a�t�i �o �n�s �[�4 �3�,�5 �9�,�7 �3�]�. �O �u�r �m �a�i �n �i �d �e �a �t �o �a �d�-
�d�r �e�s�s �t �h�i �s �c �h �a�l�l �e �n �g �e �i �s �e �x�t�r �a �c�t�i �n �g �t �h �e �d �y �n �a �m�i �c�s �k �n �o �w�l �e �d �g �e
�f�r �o �m �a �v�i �d �e �o �g �e �n �e�r �a�t �o�r �w �h�i �c �h �h �a�s �b �e �e �n �t�r �a�i �n �e �d �o �n �n �u �m �e�r�-
�o �u�s �v�i �d �e �o�s �o�f �r �e �a�l�- �w �o�r�l �d �p �h �y�s�i �c�s�.

�I �n �p �a�r�t�i �c �u�l �a�r�, �w �e �u�s �e �p �h �y�s�i �c�s �s �o�l �v �e�r�s �t �o �e�s�t�i �m �a�t �e �a �c �o �a�r�s �e
�a �n �d �i �n �c �o �m �p�l �e�t �e �d �y �n �a �m�i �c �s �c �e �n �e�{ �Ü�S�t�}�T�t�= �1�g�i �v �e �n �i �n�i�t�i �a�l �s �c �e �n �e
�S�0 �a �n �d �a �c�t�i �o �n�s�f�g�,�f�w�,�f�p�. �T �h �e �c �o �a�r�s �e �d �y �n �a �m�i �c �s �c �e �n �e �i �s �u�s �e �d
�t �o �d�r�i �v �e �t �h �e �v�i �d �e �o �g �e �n �e�r �a�t �o�r �t �o �s �y �n�t �h �e�s�i �z �e �a �v�i �d �e �o�V �t �h �a�t
�h �a�s �r �e �a�l�i �s�t�i �c �d �y �n �a �m�i �c�s�. �W�e �o �b�t �a�i �n �t �h �e �o �u�t �p �u�t �d �y �n �a �m�i �c �s �c �e �n �e
�{ �S�t�}�T�t�= �1�b �y �u �p �d �a�t�i �n �g�{ �Ü�S�t�}�T�t�= �1�t �o �m �a�t �c �h �t �h �e �v�i �d �e �o�V�t �h�r �o �u �g �h
�d�i�f�f �e�r �e �n�t�i �a �b�l �e �r �e �n �d �e�r�i �n �g�.

�P �h �y�s�i �c�s �s �o�l �v �e �r�s�.�A�t �e �a �c �h �s�i �m �u�l �a�t�i �o �n �t�i �m �e �s�t �e �p�, �a �p �h �y�s�i �c�s
�s �o�l �v �e�r �t �a �k �e�s �t �h �e �c �u�r�r �e �n�t �s �c �e �n �e�Ü�S�t �a �n �d �f �o�r �c �e�s�f�g�,�f�w�(�t�)�,�f�p�(�t�)
�a�s �i �n �p �u�t�, �a �n �d �s �o�l �v �e�s �f �o�r �t �h �e �o �b�j �e �c�t �d �y �n �a �m�i �c�s �a�t�t�r�i �b �u�t �e�s �i �n�-
�c�l �u �d�i �n �g �t �h �e �v �e�l �o �c�i�t �y�v�t�+ �1�, �p �o�s�i�t�i �o �n�p�O

�t�+ �1�, �a �n �d �o�r�i �e �n�t �a�t�i �o �n
�q�O

�t�+ �1�a�t �t �h �e �n �e �x�t �t�i �m �e �s�t �e �p�:

�v�t�+ �1�,�p�O
�t�+ �1�,�q

�O
�t�+ �1�= �s �o �l �v �e �r�(�Ü�S�t�,�f�g�,�f�w�(�t�)�,�f�p�(�t�) �)�, �( �1�)

�w �h �e�r �e�Ü�S�0 �= �S�0�. �T �h �e �n�, �w �e �c �o �n�s�t�r �u �c�t �t �h �e �c �o �a�r�s �e �s �c �e �n �e �a�t �t �h �e
�n �e �x�t �t�i �m �e �s�t �e �p�Ü�S�t�+ �1�b �y

�Ü�S�t�+ �1�= �B�0 "* �{�E�,�v�t�+ �1�,�p�O
�t�+ �1�,�q

�O
�t�+ �1�,�s

�O
�0�,�o

�O
�0�,�c

�O
�0�}�, �( �2�)

�w �h �e�r �e �w �e �k �e �e �p �a�l�l �n �o �n�- �d �y �n �a �m�i �c�s �a�t�t�r�i �b �u�t �e�s �t �h �e �s �a �m �e �a�s�S�0�.
�T �o �c �o �m �p �u�t �e �t �h �e �d �y �n �a �m�i �c�s �a�t�t�r�i �b �u�t �e�s �o�f �v �a�r�i �o �u�s �m �a�t �e�r�i �a�l �s�, �w �e
�e �m �p�l �o �y �m �u�l�t�i �p�l �e �t �y �p �e�s �o�f �p �h �y�s�i �c�s �s �o�l �v �e�r�s�. �T �h �e�s �e �s �o�l �v �e�r�s �a�r �e
�c �o �u �p�l �e �d �t �o �t �a �c �k�l �e �m �u�l�t�i�- �p �h �y�s�i �c�s �s �c �e �n �e�s�, �e�. �g�.�, û� �u�i �d �a �n �d �r�i �g�i �d
�a�s �s �h �o �w �n �i �n �F�i �g �u�r �e�2�. �P�l �e �a�s �e �s �e �e �d �e�t �a�i�l �s �f �o�r �d�i�f�f �e�r �e �n�t �s �o�l �v �e�r�s
�i �n �A �p �p �e �n �d�i �x�B�. �4�.

�C �o �n �d�i�t�i �o �n�i �n �g �t �h �e �v�i �d �e �o �g �e �n �e �r �a�t �o �r�.�G�i �v �e �n �t �h �e �c �o �a�r�s �e �d �y�-
�n �a �m�i �c �s �c �e �n �e�{ �Ü�S�t�}�T�t�= �0�, �w �e �c �o �n �d�i�t�i �o �n �a �v�i �d �e �o �g �e �n �e�r �a�t �o�r �t �o
�s �y �n�t �h �e�s�i �z �e �a �v�i �d �e �o�V "� �R�(�T�+ �1 �)�×�H�×�W�×�3 �t �h �a�t �h �a�s �m �o�r �e
�d �e�t �a�i�l �e �d �m �o�t�i �o �n �w �h�i�l �e �a �d �h �e�r�i �n �g �t �o �t �h �e �a �c�t�i �o �n �c �o �n�s �e �q �u �e �n �c �e
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Fi g ur e 4. Q u alit ati v e c o m p a ris o ns b et w e e n W o n d er Pl a y ( o urs) a n d t h e b as eli n e m et h o ds. T h e t o p r o w s h o ws t h e i n p ut i m a g es, a cti o ns,
a n d t h e t e xts d es cri bi n g t h e a cti o ns f or C o g Vi d e o X [ 7 0 ].

d e pi ct e d b y t h e c o ars e d y n a mi c s c e n e. T o t his e n d, w e i n-
tr o d u c e a bi m o d al c o ntr ol s c h e m e t h at us es t w o m o d aliti es
f or c o ntr ol: m oti o n (r e pr es e nt e d b y fl o w) a n d a p p e ar a n c e
( R G B). I n p arti c ul ar,

V = g (F , Ṽ , I ), ( 3)

w h er e g d e n ot es t h e vi d e o g e n er at or, F ∈ R T × H × W × 2

d e n ot es t h e pi x el-s p a c e fl o w r e n d er e d usi n g t h e v el o cit y
{ v t }

T
t = 1 , Ṽ ∈ R ( T + 1 ) × H × W × 3 d e n ot es t h e vi d e o r e n d er e d

fr o m t h e c o ars e s c e n e { S̃ t }
T
t = 0 , a n d I d e n ot es t h e i n p ut i m-

a g e. We s h o w a n ill ustr ati o n i n Fi g ur e 3 .

M oti o n c o ntr ol. We l e v er a g e a pr e-tr ai n e d m oti o n-
c o ntr oll e d i m a g e-t o- vi d e o diff usi o n m o d el,  G o- wit h-
t h e- Fl o w [1 3 ], as o ur g .  T h e m oti o n c o ntr ol is b as e d
o n n ois e w ar pi n g. I n s h ort, i nst e a d of usi n g a n u n-
str u ct ur e d r a n d o m G a ussi a n n ois e distri b uti o n, it us es a
w ar pi n g- b as e d str u ct ur e d n ois e N (F ) ∈ R ( T + 1 ) × H × W × 3 .
N (F ) is cr e at e d b y first s a m pli n g a r a n d o m G a ussi a n
N 0 ∈ R H × W × 3 a n d t h e n it er ati v el y d oi n g w ar pi n g s u c h
t h at N t + 1 = w a r p (N t , F t + 1 ) w h er e F t + 1 ∈ R H × W × 2

d e n ot es t h e fl o w at t + 1 . T h e str u ct ur e d n ois e N (F ) is t h e n
f us e d wit h s o m e r a n d o m n ois e t o i m pr o v e vis u al q u alit y,

c o ntr oll e d b y a d e gr a d ati o n f a ct or γ [1 3 ].1

R G B c o ntr ol. T o i n c or p or at e a d diti o n al c o ntr ol wit h R G B
fr a m es Ṽ , w e us e S D E dit [4 5 ]. S p e ci fi c all y, t h e diff usi o n-
b as e d g e n er ati o n pr o c ess is gr a d u all y d e n oisi n g N (F ), s u c h
t h at V s − 1 = D e n o i s e (V s , s) w h er e s = S, S − 1 , · · · , 1
d e n ot es t h e diff usi o n ti m est e p, V S = N (F ) is t h e i niti al
n ois e, a n d t h e g e n er at e d vi d e o is gi v e n b y V = V 0 . We
c o ntr ol t his pr o c ess b y s ki p pi n g first s e v er al st e ps a n d di-
r e ctl y st arti n g t h e d e n oisi n g fr o m st e p s 1 < S wit h

V s 1
= α s 1

Ṽ + 1 − α 2
s 1

N (F ), ( 4)

w h er e α i d e n ot es t h e diff usi o n c o ef fi ci e nt at ti m est e p i.
T his h as b e e n s h o w n t o c o ntr ol t h e m ai n c o nt e nt of t h e g e n-
er ati o n, w hil e all o wi n g d et ails t o b e s y nt h esi z e d [ 4 5 ].

Dis c ussi o n. Wit h o ur bi m o d al c o ntr ol, w e p ass t h e c o ars e
m oti o n a n d a p p e ar a n c e i nf or m ati o n fr o m t h e p h ysi cs si m-
ul at or t o t h e vi d e o g e n er at or. T his all o ws n ot o nl y g e n er-

1 T h e vi d e o m o d el is a l at e nt diff usi o n m o d el [ 7 0 ] w hi c h d o w ns a m pl es
t h e s p ati ot e m p or al di m e nsi o ns H, W, T a n d u ps a m pl es f e at ur e di m e nsi o n
fr o m 3 t o C . B ut f or n ot ati o n al si m pli cit y, w e d o n ot disti n g uis h t h e l at e nt
s p a c e fr o m t h e pi x el s p a c e.
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ati n g m or e r e alisti c m oti o n, b ut als o fi x es a p p e ar a n c e arti-
f a cts c a us e d b y i m p erf e ct 3 D s c e n e r e c o nstr u cti o n a n d t h e
l a c k of li g hti n g i nf or m ati o n t o r es ol v e a p p e ar a n c e c h a n g es.
T h e q u esti o n is h o w m u c h w e tr ust t h e g e n er at or t o o v er-
writ e t h e c o ars e i nf or m ati o n. I nt uiti v el y, t his is di ct at e d b y
s 1 : If s 1 is cl os e t o 0 , t h e n t h e g e n er at or o nl y m o di fi es t h e
c o ars e vi d e o Ṽ a bit; if s 1 is cl os e t o S , t h e n it c a n o v er writ e
Ṽ m or e a n d h all u ci n at e n e w c o nt e nts. T h us, s 1 p ositi v el y
c orr es p o n ds t o t h e r es p o nsi bilit y of t h e vi d e o g e n er at or.

S p ati all y v a r yi n g r es p o nsi bilit y. T h e r es p o nsi bilit y of t h e
vi d e o g e n er at or is i n h er e ntl y u n e v e n a cr oss s p ati al r e gi o ns
i n e v er y fr a m e. F or e x a m pl e, m ost of o ur b a c k gr o u n d r e-
m ai ns st ati c i n t h e d y n a mi c pr o c ess, w hi c h w e w a nt t o tr ust
t h e si m ul at or o ut p ut Ṽ m or e, r at h er t h a n t h e vi d e o g e n er-
at or, b e c a us e t h e vi d e o g e n er at or m a y h all u ci n at e i n c orr e ct
d et ails s u c h as g h ost o bj e cts. T o t his e n d, w e i ntr o d u c e t h e
s p ati all y v ar yi n g bi m o d al c o ntr ol.

I n t his w or k, w e c o nsi d er t w o r es p o nsi bilit y l e v els i n o ur
s p ati all y v ar yi n g bi m o d al c o ntr ol f or t h e b a c k gr o u n d a n d
t h e d y n a mi c o bj e cts, r es p e cti v el y, s u c h t h at w e s et a l o w er
r es p o nsi bilit y s 2 < s 1 of t h e vi d e o g e n er at or o n m o dif yi n g
t h e b a c k gr o u n d. S p e ci fi c all y, at t h e st e p s 2 , w e c o m p ut e

V̂ s 2 = M ⊙ V s 2 + ( 1 − M ) ⊙ (α s 2 Ṽ + 1 − α 2
s 2

N (F )),

( 5)
w h er e V s 2 is c o m p ut e d fr o m gr a d u all y d e n oisi n g V s 1 .
M ∈ { 0 , 1 } ( T + 1 ) × H × W × 3 d e n ot es t h e bi n ar y m as k t h at
us es 1 t o m ar k a pi x el of d y n a mi c o bj e cts a n d 0 t o m ar k a
pi x el of t h e b a c k gr o u n d, w hi c h is r e n d er e d fr o m t h e c o ars e
s c e n e. Aft er t his c o m p ut ati o n, w e s et V s 2

← V̂ s 2
a n d c o n-

ti n u e t h e d e n oisi n g t o g e n er at e V .

U p d ati n g s c e n e d y n a mi cs. Fi n all y, w e us e t h e g e n er at e d
vi d e o V as a s u p er visi o n t o u p d at e t h e c o ars e d y n a mi c
s c e n e { S̃ t }

T
t = 0 . T his is d o n e b y mi ni mi zi n g a p h ot o m etri c

L 1 l oss: mi n { c B
t ,O t } T

t = 0
∥ V − Ṽ ∥ 1 o v er t h e f or e gr o u n d o b-

j e ct’s m oti o n tr aj e ct or y a n d a p p e ar a n c e { O t }
T
t = 0 . We als o

u p d at e t h e b a c k gr o u n d c ol or c B
t f or s h a di n g eff e cts. T his

o pti mi z ati o n yi el ds t h e fi n al d y n a mi c s c e n e { S t }
T
t = 0 .

4. E x p e ri m e nts

I m pl e m e nt ati o n d et ails. F or p h ysi cs si m ul ati o n, w e a d o pt
t h e G e n esis [3 ] fr a m e w or k, w hi c h u ni fi es s e v er al diff er e nt
p h ysi cs s ol v ers. F or all s c e n es, w e r u n p h ysi c al si m ul ati o n
f or 9 6 0 st e ps a n d r e n d er o n e fr a m e f or e a c h 2 0 st e ps. We
i n cl u d e a d diti o n al i m pl e m e nt ati o n d et ails i n A p p e n di x B. 1 .

B as eli n es. We c o m p ar e a g ai nst t w o t y p es of b as eli n es f or
a cti o n- c o n diti o n e d 3 d d y n a mi c s c e n e g e n er ati o n: p h ysi cs-
b as e d a n d c o n diti o n al vi d e o g e n er ati o n m et h o ds. F or
p h ysi cs- b as e d m et h o ds, w e c o m p ar e wit h P h ys G e n [ 4 3 ] a n d
P h ys G a ussi a n [ 6 7 ]. P h ys G e n d e c o m p os es a n i m a g e i nt o
2 D ri gi d b o di es a n d r u n ri gi d si m ul ati o n gi v e n c ert ai n a c-
ti o n. P h ys G a ussi a n m o d els t h e 3 D s c e n e as el asti c o bj e cts

P h ysi cs Pl a usi bilit y M oti o n Fi d elit y Vis u al Q u alit y

O v er P h ys G e n [ 4 3 ] 7 8 .0 % 7 8 .0 % 8 0 .1 %

O v er P h ys G a ussi a n [ 6 7 ] 8 0 .2 % 8 1 .2 % 8 5 .2 %

O v er T or a [ 7 4 ] 7 7 .0 % 7 2 .0 % 7 1 .0 %

O v er C o g Vi d e o X-I 2 V [ 7 0 ] 8 0 .2 % 7 3 .0 % 7 4 .6 %

Ta bl e 1. H u m a n st u d y 2 A F C r es ults of f a v or r at e of W o n d er-
Pl a y ( O urs) o v er b as eli n e m et h o ds.

M et h o ds I m a gi n g ( ↑ ) A est h eti c (↑ ) M oti o n (↑ ) C o nsist e n c y (↑ ) P h ys R e al (↑ )

P h ys G e n 0 .6 9 2 0 .5 9 3 0 .9 9 2 0 .2 1 2 0 .5 4 5

P h ys G a ussi a n 0 .4 9 2 0 .5 6 4 0 .9 9 4 0 .2 0 6 0 .3 5 0

C o g Vi d e o X 0 .6 8 6 0 .5 7 4 0 .9 9 3 0 .2 1 9 0 .6 7 0

T or a 0 .6 4 4 0 .6 2 0 0 .9 9 2 0 .2 1 0 0 .5 3 0

O u rs 0 .6 9 5 0 .6 1 0 0 .9 9 5 0 .2 1 7 0 .7 0 0

Ta bl e 2. Q u a ntit ati v e c o m p aris o n t o b as eli n es o n 1 5 s c e n es.

wit h t h e M P M [ 3 0 ] fr a m e w or k. Si n c e P h ys G e n o nl y r e-
q uir es a si n gl e i m a g e as t h e i n p ut, w e dir e ctl y f oll o w t h eir
pr e pr o c essi n g f or i m a g e d e c o m p ositi o n. P h ys G a ussi a n r e-
q uir es m ulti vi e w i m a g es t o r e c o nstr u ct t h e u n d erl yi n g s c e n e
first, s o w e pr o vi d e as i n p ut o ur r e c o nstr u ct e d 3 D s c e n e
a n d t h e n r u n si m ul ati o n wit h gi v e n a cti o ns. F or c o n diti o n al
vi d e o g e n er ati o n m et h o ds, w e c o m p ar e a g ai nst t w o m et h-
o ds: C o g Vi d e o X-I 2 V [ 7 0 ] wit h t e xt pr o m pts a n d T or a [7 4 ]
wit h dr a g- b as e d c o n diti o ni n g. F or T or a, w e us e t h e tr aj e c-
t ori es fr o m o ur si m ul ati o n as t h e dr a g i n p ut.

M et ri cs. We r e n d er vi d e os fr o m t h e i n p ut vi e w p oi nt
t o c o m p ut e q u a ntit ati v e m etri cs. We a d o pt t h e i m a gi n g,
a est h eti c, m oti o n q u alit y, a n d c o nsist e n c y m etri cs fr o m
V B e n c h [ 2 9 ]. We als o a d o pt t h e G P T- 4 o- b as e d p h ysi c al
r e alis m m etri c [1 5 ]. We c ur at e 1 5 e x a m pl es, i n cl u di n g 7
r e al p h ot os a n d 8 r e alisti c s y nt h eti c i m a g es, c o v eri n g di-
v ers e t y p es of s c e n es c o nt e nts i n cl u di n g cl ot h, ri gi d b o d y,
el asti c o bj e cts, li q ui d, g as, gr a n ul ar s u bst a n c e, et c.

4. 1. R es ults

C o m p a ris o n t o b as eli n es. We s h o w si d e- b y-si d e c o m p ar-
is o ns o n t w o s c e n es i n Fi g ur e 4 . T h e t o p r o w s h o ws i n-
p ut i m a g es, a cti o ns ( gr a vit y f or d u c k dr o p pi n g, f or c e t o
p ull t h e r e d b o at t o w ar ds t h e ri g ht) a n d t h e t e xt pr o m pt f or
C o g Vi d e o X-I 2 V [ 7 0 ], f oll o w e d b y t h e a cti o n- c o n diti o n e d
g e n er at e d d y n a mi cs fr o m o ur m et h o d a n d t h e b as eli n es.

D es pit e t h eir a bilit y t o pr o d u c e pl a usi bl e vis u al q u al-
it y, vi d e o g e n er ati o n m et h o ds str u g gl e t o a d h er e t o t h e a c-
ti o ns. I n t h e d u c k- dr o p pi n g-i nt o- w at er s c e n e, T or a [7 4 ] s u b-
m er g es t h e d u c k u n d er t h e w at er a n d t h e n c h a n g es its s h a p e
aft er it r e- e m er g es. C o g Vi d e o X-I 2 V str u g gl es t o g e n er at e
r e alisti c d y n a mi cs f or t h e d u c k’s dr o p a n d a d ds u n d esir a bl e
d y n a mi cs b y m o vi n g t h e d u c k t o t h e l eft. B ot h m o d els als o
str u g gl e wit h t h e b o ats s c e n e. T or a c o m pl et el y alt ers t h e
s c e n e mi d- vi d e o, w hil e C o g Vi d e o X-I 2 V f ails t o g e n er at e
m e a ni n gf ul d y n a mi cs.

As f or t h e p h ysi cs- b as e d m et h o d, P h ys G e n [ 4 3 ] is li m-
it e d t o ri gi d b o d y si m ul ati o n i n 2 D s p a c e, m a ki n g it h ar d t o
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Input Images & Actions  Action-conditioned Dynamic 3D Scenes

Figure 5. Qualitative results of the proposed WonderPlay. In the left column we show the input scene image and actions, where , ,
indicate gravity action, wind field action and 3D point force action, respectively.

Figure 6. Different actions on the same scene. WonderPlay supports to use different 3D actions on the same scene. Here we show four
different scenes and the corresponding dynamics from two different actions within each scene.

handle scene with complex materials such as water. Phys-
Gaussian [43] typically requires multiview images and as
a result, struggles to produce a reasonable 3D representa-
tion with only one input image. Also due to the lack of

a complete 3D physical state, both physics-based methods
fail to properly handle the shading effect in the boats scene
and make the reflections move with the boats. Our method,
in contrast, offers the advantages of both physical simula-
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Figure 7. Ablation on hybrid generative simulator. Top row:
Coarse simulation (i.e., only physics solver is used without video
generator for refinement). Bottom row: Refined dynamic scene.

Full model

w/o RGB

w/o flow

Figure 8. Ablation on the motion signal and the appearance signal
to condition the video generator.

tion and video generation: the physical simulation handles
a wide range of materials and ensures the desired dynam-
ics, and the video generation model provides visual realism
by successfully synthesizing water waves and bubbles sur-
rounding the duck, as well as the following reflections. Also
shown in Table 2, WonderPlay (ours) achieve the best or
second-best performance across all metrics, showing strong
motion quality, visual quality, and physical plausibility.
User study. To evaluate the generation results with human
preference, we recruit 200 participants and conduct a user
study. We employ a Two-alternative Forced Choice (2AFC)
protocol. Each participant evaluates 10 scenes. The partic-
ipants view an action description alongside a randomly or-
dered side-by-side comparison video: one from our method
and one from a baseline. Participants then select which
video demonstrates superior performance in one of three
criteria: physics plausibility which measures the correctness
of the predicted motion in response to the action, motion fi-
delity that reflects the quality and naturalness of the gener-
ated motion, and visual quality.

We show the averaged results on all scenes in Table 1. In
comparison to all baselines, about 70% to 80% of the par-
ticipants prefer WonderPlay (ours) across all three aspects,
proving the superior performance of combining the physi-
cal simulator and video generator for dynamics with fidelity
in response to actions and realistic visual appearance.
Diverse scenes and materials. In Figure 5, we present the
generated dynamic 3D scenes on a variety of input images
with diverse actions. It is important to note that achieving

realistic visual quality in simulations of complex materials
from a single image input with limited physical state infor-
mation is extremely challenging. However, with the aid of
the video generator, the sticky jam appears vivid as it pours
onto the cake, and the river waves look natural in response
to the boat’s movement. Notably, the underlying physical
simulator ensures that all dynamics follow the input actions.
For example, the roses are initially blown to the right by the
wind and then move back due to their elasticity.
Condition on different actions. A significant advantage
of our method is that it enables generating different interac-
tions with different actions in the same scene. In Figure 6,
we present four scenes, each with two different actions and
their corresponding output dynamic 3D scenes.

4.2. Ablation on Hybrid Generative Simulator
In the following we discuss an ablation study on the hybrid
generative simulator. We leave quantitative numbers and
further ablation in Appendix A.
Video generator refines both dynamics and appearance.
In Figure 7, we compare a dynamic scene created solely
with the physics simulator, i.e., the coarse simulation (top
row), and the refined dynamic scene created by our full
model (bottom row). In the coarse simulation, we observe
unrealistic motion: the motion of the smoke looks too sticky
due to numerical viscosity that exists for almost all fluid
solvers. The video model refines it so that the fluid mo-
tion looks smooth with swirls. There are also appearance
artifacts in the coarse simulation such as the grainy smoke,
where the video model can also refine them.
Both signals to condition the video generator are neces-
sary. To demonstrate the benefit of conditioning the video
generator on both motion and appearance signals, we show
ablation results in Figure 8. The top row shows the syn-
thesized video from our full model with both signals; “w/o
RGB” uses motion but no appearance; and “w/o flow” uses
appearance but no motion. Using only RGB conditioning
(“w/o flow”), the video model fails to retain or improve de-
tailed dynamics in the sand grains. Using only a motion
signal (“w/o RGB”) leads to unexpected hallucinations be-
yond user action input, e.g., it hallucinates a pile of sand
standing in the back and the background texture unexpect-
edly changes. In contrast, using both signals produces the
best results.

5. Conclusion
In this work, we propose WonderPlay, a novel framework
for action-conditioned dynamic 3D scene generation from a
single image. WonderPlay features a hybrid generative sim-
ulator for simulation fidelity and visual quality. We show-
case superior performance of WonderPlay on diverse scenes
with various interactions.
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