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What is DiffTaichi?

Source Code TransformationsDifferentiable Programming 
Language

Physical Simulation

Embedded in 
Python
🙂

https://docs.google.com/file/d/1zfDtusTc2AARONBpKyCslOB01iGB0yut/preview


# Global variables

x = ti.Vector.field(2, dtype=real, shape=(num_steps, num_particles))
v = ti.Vector.field(2, dtype=real, shape=(num_steps, num_particles))
f = ti.Vector.field(2, dtype=real, shape=(num_steps, num_particles))

spring_anchor_a = ti.field(dtype=ti.i32, shape=num_springs)
spring_anchor_b = ti.field(dtype=ti.i32, shape=num_springs)
spring_length = ti.field(dtype=real, shape=num_springs)
spring_stiffness = ti.field(dtype=real, shape=num_springs)

Example Code: Mass-Spring System
@ti.func
def apply_spring_force(t: ti.int32):
    for i in range(num_springs):
        a = spring_anchor_a[i]
        b = spring_anchor_b[i]
        spring_vec = x[t, a] - x[t, b]
        spring_force = -spring_stiffness[i] * (
            spring_vec.norm() - spring_length[i]
        ) * spring_vec.normalized()
        f[t, a] += spring_force
        f[t, b] -= spring_force

# Assembling the Forward Simulator

def forward():
   for t in range(1, steps):
     apply_spring_force(t)
     integrate(t)

@ti.func

def integrate(t: ti.int32):

    for i in range(num_particles):

        v[t + 1, i] = v[t, i] + dt * f[t, i]

        x[t + 1, i] = (

            x[t, i] +

            0.5 * dt * (v[t, i] + v[t + 1, i])

        )



Megakernels
1. Uses source code transformations and 

just-in-time compilers.
2. Not present in TensorFlow and PyTorch.

DiffTaichi automatic differentiation

Imperative Programming Language
1. Allows if-else statements (Important in 

many physics simulation, like collision 
detection).

2. Easier to port existing physical simulation 
code to DiffTaichi.

Flexible Indexing
1. Existing parallel differentiable 

programming systems provide 
element-wise operations on arrays of the 
same shape. c[i, j] = a[i, j] + b[i, j].

2. Allows updating arrays via arbitrary 
indexing. Necessary in many physical 
simulations. y[p[i] * 2, j] = x[q[i + j]].



DiffTaichi AD: Two Scale AD

Source Code Transformation

High Performance

Poor Flexibility

Long compilation time

Tracing

Flexibility

Poor Performance

Two-Scale Automatic Differentiation System

1. SCT for differentiating within kernels. 
High Performance

2. Light-weight tape that only stores function pointers and 
arguments for end-to-end simulation differentiation. 
Flexibility



DiffTaichi AD: Assumptions

Global Data Access Rules
1. If a global tensor element is written more than 

once, then starting from the second write, the write 
must come in the form of an atomic add 
(“accumulation”).

2. No read accesses happen to a global tensor 
element, until its accumulation is done.

Avoid mixed usage of parallel 
for-loop and non-for statements

@ti.kernel
def differentiable_task():
    loss[None] += x[0]
    for i in range(10):
        ...

Rules can be validated 

ti.init(debug=True)
ti.ad.Tape(..., validation=True)



Local AD: Source Code Transformation

Preprocessing
1. Flatten Branching
2. Eliminate Mutable Local Variables

Loops
1. Keeps parallel loops as it is
2. Reverse the order of non-parallel 

loops in differentiation.
3. No local mutable variables allowed. 

to avoid complex history tracking.
4. Use global variables instead.



Local AD: Source Code Transformation

Primal Kernel
Adjoint Kernel

y[i] = sin(x[i] * x[i])



Global AD: Using a Light-Weight Tape

Light weight: Only stores points and scalar input params.



Evaluation

https://docs.google.com/file/d/1zfDtusTc2AARONBpKyCslOB01iGB0yut/preview
https://docs.google.com/file/d/1WBOsombM1Cb3RYVstwbyV_JeGEj1urXQ/preview


Evaluation

Using gradient descent optimization on the initial 
velocity field, find a velocity field that changes the 
pattern of the fluid to a target image.

https://docs.google.com/file/d/1sGa_F-Yr0gPrU6AKlIZas41vi444LJzM/preview


Improving Collision Detection
Elastic Collision
Gradient of Final Height w.r.t 
Initial Height of should be -1.

Naive Time Integrator with 
Discrete Collision Detection 
gives Gradient = 1.

Solution
Use continuous collision detection.

Almost identical forward results (With small ∆t)
Correct gradient using Time of Impact (TOI).



Evaluation: Rigid Body

The optimization goal is to maximize the distance moved 
forward with 2048 time steps.

https://docs.google.com/file/d/1ISIDBdihQE9BgmQLdIR99lMC2d1ekbGb/preview
https://docs.google.com/file/d/1T0o7mUo-SzOKTHty6cY2o2TI0KTN93lA/preview
https://docs.google.com/file/d/1hPEo5o6PVCbWVSy9JTMhAOmwx-XSMQHV/preview


Evaluation: Rigid Body

Adding TOI greatly improves gradient and optimization quality.



Results: Billiards

FinalInitial

https://docs.google.com/file/d/1Deo53A3HIw9o0kXCn6nXeGOS59J4nKkZ/preview
https://docs.google.com/file/d/1PQhW3l9Q8msXLDQvMyBZ9_FO2RZUDzRP/preview


Results: Water Renderer

AIM: Fool VGG-16 into thinking that the refracted 
squirrel image is a goldfish.

https://docs.google.com/file/d/16efcFTCggXgVUv4jegHyXL2SzdGnCi_m/preview


Results: Volume Renderer
Optimize for the density field of the volume to fit the 
target images. Using gradient descent on density field 
and L2 loss with target images.



Additional Features

Complex Kernels
For setting the gradients of a 
kernel manually.

Checkpointing
Reusing allocated memory using 
Complex Kernels.

Forward-Mode Autodiff
Calculates Jacobian Matrix Column-Wise and 
returns Jacobian-Vector product. Normal Autodiff 
mode calculates Row-Wise Jacobian Matrix.



Limitations
1. Restrictive global data access rules. Programmer may need to make 

subtle changes in the original physical simulator code.
2. High memory requirements to follow global data access rules unless 

using complicated checkpointing.
3. Restrictive kernel structure. (Multiple Loops, or straight line statements).
4. Only the code inside the Taichi Kernels is differentiable.

Thank You!


