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Background & Motivation

• Flow Matching allows us to generate data by solving ODE

• �� = ���� + ����,  �� ∼ �����,  �� ∼ � 0, � , � ∈ [0,1]

• ��(�)
��

= � �(�), � , � ��, � = � ��
��� + ��

��� �� , � 1 = ��

• Iteratively solving the ODE is time-consuming

• Directly solve it with a network ��(��, �, �) for one-step generation 

• It approximates � ��, �, � , which is the solution function of the velocity ODE



Goals & Mathematical Principles

• Build a strong model that is compatible with Classifier-free guidance (CFG) and 
doesn’t require Jacobian-vector product (JVP) computation

• Our model only needs to satisfy this PDE with a boundary condition
���� ��, �, � � ��, � + ���� ��, �, � = 0

 �� ��, �, � = ��

• Where ���� ∈ ��×� is the Jacobian matrix function, ���� ∈ �� is the partial 
derivative function with respect to �, and � is the data dimension. 



Model Parameterization

• Parameterization (satisfying the boundary condition):
���� ��, �, � � ��, � + ���� ��, �, � = 0

 �� ��, �, � = ��

• We consider �� ��, �, � = � �, � �� + � �, � ��� ��, �, � , � �, � = 1, � �, � = 0

• �� ��, �, � = �� + (� − �)���(��, �, �) Euler

• �� ��, �, � = cos �
�

� − � �� + sin �
�

� − � ���(��, �, �) Trignometric



Flow Matching Loss

• Flow matching loss for � = � situation (satisfying the PDE):
���� ��, �, � � ��, � + ���� ��, �, � = �

 �� ��, �, � = ��

• They imply ���� ��, �, � = �(��, �), where ���� ∈ �� is the partial derivative of s

���,�[�� �, ��� �
�

���� ��, �, � − � ��, �
�

�
]

• �� ��, �, � = � �, � �� + � �, � ��� ��, �, � , � �, � = 1, � �, � = 0
• ���� ��, �, � = ��� �, � �� + ��� �, � ��� ��, �, �



Solution Consistency Loss

• Solution Consistency Loss for � < � (satisfying the PDE):  
���� ��, �, � � ��, � + ���� ��, �, � = �

 �� ��, �, � = ��

• An Equation with network’s derivatives is not desirable

• 0 = ���� ��, �, � � ��, � + ���� ��, �, � = �� ��,�,� ���(���� ��,� ��� ,�,�) 
���

+ �(� − �)

• Insight from Taylor expansion :  �� ��, �, � → ��(�� + � ��, � � − � , �, �) 



An Illustrative Figure
• Insight from Taylor expansion :  �� ��, �, � → ��(�� + � ��, � � − � , �, �) 

 ���,�,�,�[�� �, �, �, ���
1
�

�� ��, �, � − ��� �� + � ��, � � − � , �, � �
�

]

• �� means stop-gradient operation, � is the data dimension.



Classifier-Free Guidance

• Flow matching loss with CFG:

���,�[�� �, ���
1
�

���� ��, �, �, � − ����
�

�
]

• Solution Consistency Loss with CFG:

���,�,�,�[�� �, �, �, ���
1
�

�� ��, �, �, � − ��� �� + ���� � − � , �, � �
�]

• ���� = � � ��
��� + ��

��� + 1 − � ����� ��, �, �, � + (1 − �)����� ��, �, �, �

• � is CFG strength, � is the velocity mix ratio to reduce the variance of the random term

• Simply replacing the velocity term with ���� to enable CFG



Time Sampling Method

• We sample �, � from logit-normal 
distributions , i.e. sigmoid(� �, �� )

• Then, � is determined by �, � and a 
schedule function �(�, �), where �, �
are current and total training steps 

• � = � + � − � �(�, �)

• �(�, �) decreases exponentially during 
training to gradually move � to �



Main Results

• 20 ablation studies to determine the 

hyperparameters (see our paper)

• ImageNet 256x256, 240 Epochs

• Strong 1-NFE, 2-NFE FID-50K 

performance compared with 

MeanFlow models (same DiT

architecture and training steps)



Visual Samples



Computational Costs

• SoFlow models eliminate the need of JVP computation

• More compatible with accelerated attention implementations

• Faster (23%) and less GPU memory consumption (31%)


