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About me

2

• UPenn -> MSRA -> Taichi Graphics

• Research Interests:
• Physically based simulation

• Numerical methods / Nonlinear optimization

• Parallel computing



The Goal of this Course

Unoptimized Code High-performance Code
2-10x faster

Optimizing 
Data 

Access
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Outline

• The data access matters (10 mins)

• A quick recap of the Taichi programming language (10 mins)

• Efficient dense data layouts (25 mins)

• Spatially sparse data structures (20 mins)

• Mesh-based data access (10 mins)

• Optimization hints for the Taichi compiler (5 mins)

• Quantized data types (15 mins)
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The Data Access Matters



The Von Neumann architecture (1945)
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Fast CPU + Fast Data Access = Good Performance

CPU

Physical Memory
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However, our processors run much faster than memory

CPU Core

Computation

Computation

Computation

Computation

Computation

Computation

Main Memory
35.8 GB/s

256 cyc latency
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“The era of slow memory”

9[Hennessy and Patterson 2011]



The memory hierarchy

Physical Memory CPU
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The memory hierarchy

Physical Memory CPUL3 Cache L2 Cache L1 Cache

Page Table 
& TLB
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The Intel Skylake i7 (Die)

12
https://en.wikichip.org/wiki/intel/microarchitectures/skylake_(client)



The Intel Skylake i7 (Die)
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https://en.wikichip.org/wiki/intel/microarchitectures/skylake_(client)



The Intel Skylake i7 (Core)
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https://en.wikichip.org/wiki/intel/microarchitectures/skylake_(client)



The Intel Skylake i7 (Core)
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https://en.wikichip.org/wiki/intel/microarchitectures/skylake_(client)



Caches come to the rescue

CPU Core

Computation

Computation

Computation

Computation

Computation

Computation

Main Memory
35.8 GB/s

256 cyc latency

L3 Cache 2MB
134.4 GB/s

42 cyc latency

L2 Cache 256KB
268.8 GB/s

12 cyc latency

L1 Cache 32KB
403.2 GB/s

4 cyc latency
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Cache lines
constexpr int n = 256 * 1024 * 1024;
int a[n];

void benchmark() {
auto t = get_time();
for (int i = 0; i < n; i += stride) {

a[i] = i * 2;
}
printf("%f\n", get_time()-t);

}

stride = 1:  0.13 s
stride = 2:  0.13 s
stride = 4:  0.13 s
stride = 8:  0.13 s
stride = 16: 0.13 s
stride = 32: 0.096 s
stride = 64: 0.069 s
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Cache lines
constexpr int n = 256 * 1024 * 1024;
int a[n];

void benchmark() {
auto t = get_time();
for (int i = 0; i < n; i += stride) {

a[i] = i * 2;
}
printf("%f\n", get_time()-t);

}

stride = 1:  0.13 s
stride = 2:  0.13 s
stride = 4:  0.13 s
stride = 8:  0.13 s
stride = 16: 0.13 s
stride = 32: 0.096 s
stride = 64: 0.069 s

stride = 1:  0.13 s

stride = 4:  0.13 s

stride = 16: 0.13 s

stride = 32: 0.096 s skipped skipped 18



Remark

• Memory accesses are usually much slower than computations in 
modern computer architectures

• The slow memory problems can be even worse for GPUs

• Optimizing data access can help accelerate our code by a lot
• Improving the cache hit rate

• Making use of prefetched cache lines

19



Remark

• Memory accesses are usually much slower than computations in 
modern computer architectures

• The slow memory problems can be even worse for GPUs

• Optimizing data access can help accelerate our code by a lot
• Improving the cache hit rate

• Making use of prefetched cache lines

Now I know why. 
But how?
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A Quick Recap of Taichi



Taichi-Lang was born in the graphics community

22

[Hu et al. 2019]

[Hu 2020]



Taichi-Lang serves graphics applications

23
[Fei et al. 2021] [Hsu et al. 2022] [Liu et al. 2022]



The Taichi programming language

• A domain specific language (DSL) for computer graphics and parallel 
computing. The Taichi-lang…
• has a Python frontend;

• is Optimized for parallel computing;

• can be deployed everywhere on CPUs and GPUs;

• thrives through open-source development.
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The Taichi programming language

• A domain specific language (DSL) for computer graphics and parallel 
computing. The Taichi-lang…
• has a Python frontend;

• is Optimized for parallel computing;

• can be deployed everywhere on CPUs and GPUs;

• thrives through open-source development.
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Taichi

https://sourl.cn/TfUmvv
https://sourl.cn/TfUmvv


Installation

• python3 -m pip install taichi -U

• Until today (10/30/2022)
• Latest version: 1.2.0

• Taichi supports Python 3.6/3.7/3.8/3.9/3.10 (64-bit)

• Taichi supports Windows, Linux, and OS X.
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Quick start

• Use python3 –m taichi or simply ti to start Taichi’s CLI

• For example:
• ti gallery: list featured examples    /    ti example: list all provided examples
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Let’s try: a simple Julia set program

• 𝑧 = 𝑧2 + 𝑐
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“import taichi as ti”

• ti.init()
• The entry point of every Taichi 

program
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The most useful data container: ti.field

• multi-dimensional array of elements

• like an ndarray in NumPy or a tensor 
in PyTorch

32



ti.field

• “a global N-d array of elements”

33

heat_field = ti.field(dtype=ti.f32, shape=(256, 256))



ti.field

• “a global N-d array of elements”
• global: can be read/written from both the Taichi-scope and the Python-scope

• N-d: (Scalar: N=0), (Vector: N=1), (Matrix: N=2), (N = 3, 4, 5, …)

• elements:  scalar, vector, matrix, struct
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ti.field

• “a global N-d array of elements”
• global: can be read/written from both the Taichi-scope and the Python-scope

• N-d: (Scalar: N=0), (Vector: N=1), (Matrix: N=2), (N = 3, 4, 5, …)

• elements:  scalar, vector, matrix, struct

• access elements in a field using [i,j,k,…] indexing 

import taichi as ti
ti.init()

pixels = ti.field(dtype=float, shape=(16, 8))

pixels[1, 2] = 42.0

import taichi as ti
ti.init()

vf = ti.Vector.field(3, ti.f32, shape=4)

@ti.kernel
def foo():

v = ti.Vector([1, 2, 3])
vf[0] = v
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ti.field

• “a global N-d array of elements”
• global: can be read/written from both the Taichi-scope and the Python-scope

• N-d: (Scalar: N=0), (Vector: N=1), (Matrix: N=2), (N = 3, 4, 5, …)

• elements:  scalar, vector, matrix, struct

• access elements in a field using [i,j,k,…] indexing
• One special case, access a zero-d field using [None] 

zero_d_scalar = ti.field(ti.f32, shape=())
zero_d_scalar[None] = 1.0

zero_d_vec = ti.Vector.field(2, ti.f32, shape=())
zero_d_vec[None] = ti.Vector([2.0, 2.5])
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ti.field examples

• “3D gravitational field in a 256x256x128 room”

• “2D strain-tensor field in a 64x64 grid”

• “a global scalar that I want to access in a Taichi kernel”

gravitational_field = ti.Vector.field(n = 3,dtype=ti.f32,shape=(256,256,128))

strain_tensor_field = ti.Matrix.field(n = 2,m = 2, dtype=ti.f32, shape=(64,64))

global_scalar = ti.field(dtype=ti.f32, shape=())
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Computations in Taichi

• Decorated with @ti.kernel or @ti.func

• The outermost for loop is automatically 
parallelized

40



For-loops in a @ti.kernel

• For loops at the outermost scope in a Taichi kernel is automatically 
parallelized

41

@ti.kernel
def fill():

for i in range(10): # Parallelized
x[i] += i

s = 0
for j in range(5): # Serialized in each parallel thread

s += j

y[i] = s

for k in rang(20): # Parallelized
z[k] = k



For-loops in a @ti.kernel

• Outermost scope ?

42

import taichi as ti
ti.init()

@ti.kernel
def foo(k: ti.i32):

for i in range(10): # Parallelized :-)
if k > 42:

...

@ti.kernel
def bar(k: ti.i32):

if k > 42:
for i in range(10): # Serial :-(

...



Types of for-loops in Taichi

• range-for: loops over a range, identical to Python range-for

• struct-for: loops over a ti.field, only lives at the outermost scope

43

import taichi as ti
ti.init()

N = 10
x = ti.field(dtype=ti.i32, shape=N)

@ti.kernel
def foo():
for i in range(N):

x[i] = i

foo()

import taichi as ti
ti.init()

N = 10
x = ti.Vector.field(2,dtype=ti.i32, shape=(N,N))

@ti.kernel
def foo():
for i,j in x:

x[i,j] = ti.Vector([i, j])

foo()



Types of for-loops in Taichi

• range-for: loops over a range, identical to Python range-for

• struct-for: loops over a ti.field, only lives at the outermost scope

44

import taichi as ti
ti.init()

N = 10
x = ti.Vector.field(2,dtype=ti.i32, shape=(N,N))

@ti.kernel
def foo():
for i,j in x:

x[i,j] = ti.Vector([i, j])

foo()

import taichi as ti
ti.init()

N = 10
x = ti.field(dtype=ti.i32, shape=N)

@ti.kernel
def foo():
for i in range(N):

x[i] = i

foo()



Race condition

• Taichi uses += as an atomic add

• The compiler optimizes for unnecessary atomic operations

45

@ti.kernel
def sum():

for i in range(10):
# 1. OK
total[None] += x[i]

# 2. OK
ti.atomic_add(total[None], x[i])

# 3. data race
total[None] = total[None] + x[i]



Visualization in Taichi

• Using the GUI or GGUI system to 
visualize your results
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“ti example mpm128” [Hu et al. 2018]
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Remark

• The most useful data container:
• ti.field

• Functions taken over by the Taichi compiler:
• decorated with @ti.kernel or @ti.func

• For-loops
• The outer-most for-loop in a @ti.kernel is parallelized

• Types of for-loops: range-for and struct-for
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Efficient Dense Data Layouts



Still remember the memory hierarchy?

Physical Memory CPUL3 Cache L2 Cache L1 Cache

Page Table 
& TLB
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We want to keep our data cached

Physical Memory CPUL3 Cache L2 Cache L1 Cache

Page Table 
& TLB
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Accessing a 1-D array

x = ti.field(ti.i32, shape=16)

@ti.kernel
def fill():

for i in x:
x[i] = i

fill()
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Accessing a 1-D array

x = ti.field(ti.i32, shape=16)

@ti.kernel
def fill():

for i in x:
x[i] = i

fill()

Data in global memory
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Accessing a 1-D array

x = ti.field(ti.i32, shape=16)

@ti.kernel
def fill():

for i in x:
x[i] = i

fill()

Data in global memory

Cached data

0

(Assuming each the cache line is 16 Bytes here)

Accessed data
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Accessing a 1-D array

x = ti.field(ti.i32, shape=16)

@ti.kernel
def fill():

for i in x:
x[i] = i

fill()

Data in global memory

Cached data

0 1 2 3

(Assuming each the cache line is 16 Bytes here)

Accessed data
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Accessing a 1-D array

x = ti.field(ti.i32, shape=16)

@ti.kernel
def fill():

for i in x:
x[i] = i

fill()

Data in global memory

Cached data

0 1 2 3

(Assuming each the cache line is 16 Bytes here)

Accessed data

4
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Accessing a 1-D array

x = ti.field(ti.i32, shape=16)

@ti.kernel
def fill():

for i in x:
x[i] = i

fill()

Data in global memory

Cached data

(Assuming each the cache line is 16 Bytes here)

Accessed data

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

4 coalesced global memory access

57



The access order aligns with the memory order ☺

x = ti.field(ti.i32, shape=16)

@ti.kernel
def fill():

for i in x:
x[i] = i

fill()

Data in global memory

Cached data

(Assuming each the cache line is 16 Bytes here)

Accessed data

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Access Order

Memory Order

58



How about multi-dimensional arrays?

59

x = ti.field(ti.i32, shape = (4, 4))

@ti.kernel
def fill():

for i, j in x:
x[i, j] = 10 * i + j

fill()



N-D arrays are stored in our 1-D memory… 

60

An N-D array
we think

An N-D array
we store



Ideal memory layout of an N-D field:

61

1 2 3 4 5 6 7 8

1 2 3 4

5 6 7 8

Access Order Memory Order



Ideal memory layout of an N-D field:

62

1 5 9 13 2 6 10 14

1 2

5 6

9 10

13 14

A
ccess O

rd
er

Memory Order



Ideal memory layout of an N-D field:
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1 2 5 6 3 4 7 8

1 2 3 4

5 6 7 8

Memory Order



What we want:

• Store our data in a memory-access-friendly way.

64

Access Order

A
ccess O

rd
er

Access Order

Memory Order
=



Access row/col-major arrays in C/C++
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int x[3][2]; // row-major
int y[2][3]; // column-major

foo(){
for (int i = 0; i < 3; i++) {

for (int j = 0; j < 2; j++) {
do_something(x[i][j]);

}
}

for (int j = 0; j < 2; j++) {
for (int i = 0; i < 3; i++) {

do_something(y[j][i]);
}

}
}

C/C++

But that requires a huge stack in my brain …



Upgrade your ti.field()
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Layout 101: from shape to ti.root

67

x = ti.Vector.field(3, ti.f32, shape = 16)

x = ti.Vector.field(3, ti.f32)
ti.root.dense(ti.i, 16).place(x)

ti.root In English:
Each cell of root has a dense container with 16 cells along 
the ti.i axis. Each cell of a dense container has field x



Layout 101: from shape to ti.root

68

x = ti.Vector.field(3, ti.f32, shape = 16)

x = ti.Vector.field(3, ti.f32)
ti.root.dense(ti.i, 16).place(x)

ti.root In English:
Each cell of root has a dense container with 16 cells along 
the ti.i axis. Each cell of a dense container has field x

Root



Layout 101: from shape to ti.root

69

x = ti.Vector.field(3, ti.f32, shape = 16)

x = ti.Vector.field(3, ti.f32)
ti.root.dense(ti.i, 16).place(x)

ti.root In English:
Each cell of root has a dense container with 16 cells along 
the ti.i axis. Each cell of a dense container has field x

Root

ti
.i

a
xi

s

1
6

 cells



Layout 101: from shape to ti.root
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x = ti.Vector.field(3, ti.f32, shape = 16)

x = ti.Vector.field(3, ti.f32)
ti.root.dense(ti.i, 16).place(x)

ti.root In English:
Each cell of root has a dense container with 16 cells along 
the ti.i axis. Each cell of a dense container has field x

Root
t
i
.
V
e
c
t
o
r
.
f
i
e
l
d
(
3
,

t
i
.
f
3
2
)



ti.root: more examples:

71

x = ti.field(ti.f32, shape=()) x = ti.field(ti.f32)
ti.root.place(x)

x = ti.field(ti.f32, shape=3)

x = ti.field(ti.f32, shape=(3, 4))

x = ti.field(ti.f32)
ti.root.dense(ti.i, 3).place(x)

x = ti.field(ti.f32)
ti.root.dense(ti.ij, (3, 4)).place(x)

x = ti.Matrix.field(2, 2, ti.f32, shape=5) x = ti.Matrix.field(2, 2, ti.f32)
ti.root.dense(ti.i, 5).place(x)



ti.root: the root of a SNode-tree

• SNode: Structural Node

• An SNode tree:
• ti.root  the root of the SNode-tree

• .dense()                         a dense container describing shape
• .place(ti.field())        a field describing cell data

• …

72

Root



ti.root: the root of a SNode-tree

• SNode: Structural Node

• An SNode tree:
• ti.root  the root of the SNode-tree

• .dense()                         a dense container describing shape
• .place(ti.field())        a field describing cell data

• …

73

rootroot

dense

Field



The SNode-tree

74

x = ti.field(ti.i32, shape = (4, 4))

x = ti.field(ti.i32)
ti.root.dense(ti.ij, (4, 4)).place(x)

x = ti.field(ti.i32)
ti.root.dense(ti.i, 4).dense(ti.j, 4).place(x)

Root



Row-major v.s. column-major
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Access Order

A
ccess O

rd
er

x = ti.field(ti.i32, shape = (4, 4))



Row-major v.s. column-major

76

x = ti.field(ti.i32)
y = ti.field(ti.i32)
ti.root.dense(ti.i, 3).dense(ti.j, 2).place(x) # row-major
ti.root.dense(ti.j, 2).dense(ti.i, 3).place(y) # column-major

Root

ti.i

ti.j

Field x

Root

ti.j

ti.i

Field y

# address: low ........................................... High
# x: x[0, 0] x[0, 1] x[1, 0] x[1, 1] x[2, 0] x[2, 1]
# y: y[0, 0] y[1, 0] y[2, 0] y[0, 1] y[1, 1] y[2, 1]



Access row/col-major arrays

77

import taichi as ti
ti.init(arch = ti.cpu, cpu_max_num_threads=1)

x = ti.field(ti.i32)
# row-major
ti.root.dense(ti.i, 3).dense(ti.j, 2).place(x)

@ti.kernel
def fill():

for i,j in x:
x[i, j] = i*10 + j

@ti.kernel
def print_field():

for i,j in x:
print("x[",i,",",j,"]=",x[i,j],sep='', end=' ')

fill()
print_field()

import taichi as ti
ti.init(arch = ti.cpu, cpu_max_num_threads=1)

x = ti.field(ti.i32)
# column-major
ti.root.dense(ti.j, 2).dense(ti.i, 3).place(x)

@ti.kernel
def fill():

for i,j in x:
x[i, j] = i*10 + j

@ti.kernel
def print_field():

for i,j in x:
print("x[",i,",",j,"]=",x[i,j],sep='', end=' ')

fill()
print_field()



Access row/col-major arrays

78

import taichi as ti
ti.init(arch = ti.cpu, cpu_max_num_threads=1)

x = ti.field(ti.i32)
# row-major
ti.root.dense(ti.i, 3).dense(ti.j, 2).place(x)

@ti.kernel
def fill():

for i,j in x:
x[i, j] = i*10 + j

@ti.kernel
def print_field():

for i,j in x:
print("x[",i,",",j,"]=",x[i,j],sep='', end=' ')

fill()
print_field()

import taichi as ti
ti.init(arch = ti.cpu, cpu_max_num_threads=1)

x = ti.field(ti.i32)
# column-major
ti.root.dense(ti.j, 2).dense(ti.i, 3).place(x)

@ti.kernel
def fill():

for i,j in x:
x[i, j] = i*10 + j

@ti.kernel
def print_field():

for i,j in x:
print("x[",i,",",j,"]=",x[i,j],sep='', end=' ')

fill()
print_field()

Loop over ti.j first Loop over ti.i first



Access row/col-major arrays in C/C++ v.s. in Taichi
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int x[3][2]; // row-major
int y[2][3]; // column-major

foo(){
for (int i = 0; i < 3; i++) {

for (int j = 0; j < 2; j++) {
do_something(x[i][j]);

}
}

for (int j = 0; j < 2; j++) {
for (int i = 0; i < 3; i++) {

do_something(y[j][i]);
}

}
}

x = ti.field(ti.i32)
y = ti.field(ti.i32)
ti.root.dense(ti.i, 3).dense(ti.j, 2).place(x) # row-major
ti.root.dense(ti.j, 2).dense(ti.i, 3).place(y) # column-major

@ti.kernel
def foo():

for i,j in x:
do_something(x[i, j])

for i,j in y:
do_something(y[i, j])

C/C++ Taichi



A special case:
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x = ti.field(ti.i32)
ti.root.dense(ti.i, 4).dense(ti.i, 4).place(x) # what is this?

R
o

o
t

ti.i

ti.i



Hierarchical layouts
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x = ti.field(ti.i32)
ti.root.dense(ti.i, 4).dense(ti.i, 4).place(x) # A hierarchical 1-D field

R
o

o
t

ti.i

ti.i



Hierarchical layouts

82

R
o

o
t

ti.i

ti.i

- Access like a 1-D field
- Store like a 2-D field (in blocks)

x = ti.field(ti.i32)
ti.root.dense(ti.i, 4).dense(ti.i, 4).place(x) # A hierarchical 1-D field



Z-order (block-major) access?

83

x = ti.field(ti.i32, shape = (4, 4))



Z-order access using hierarchical layouts

84

x = ti.field(ti.i32)
ti.root.dense(ti.ij, (2,2)).dense(ti.ij, (2,2)).place(x) # block-major

R
o

o
t

ti.ij ti.ij



Flat layouts v.s. hierarchical layouts
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import taichi as ti
ti.init(arch = ti.cpu, cpu_max_num_threads=1)

# a row-major flat layout, size = 4x4
z = ti.field(ti.i32, shape=(4,4))

@ti.kernel
def fill():

for i,j in z:
z[i, j] = i*10 + j

@ti.kernel
def print_field():

for i,j in z:
print("z[",i,",",j,"]=",z[i,j],sep='', end=' ')

fill()
print_field()

import taichi as ti
ti.init(arch = ti.cpu, cpu_max_num_threads=1)

z = ti.field(ti.i32)
# a block-major hierarchical layout, size = 4x4
ti.root.dense(ti.ij, (2,2)).dense(ti.ij, (2,2)).place(z)

@ti.kernel
def fill():

for i,j in z:
z[i, j] = i*10 + j

@ti.kernel
def print_field():

for i,j in z:
print("z[",i,",",j,"]=",z[i,j],sep='', end=' ')

fill()
print_field()

First loop over ti.i, then ti.j First loop over ti.ij, then ti.ij, 
in 2x2 blocks



Example: a stable fluid simulation

𝑝𝑖,𝑗
𝑝𝑖+1,𝑗𝑝𝑖−1,𝑗

𝑣𝑥𝑖−1/2,𝑗 𝑣𝑥𝑖+1/2,𝑗

𝑝𝑖,𝑗+1
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Δ𝑥2

= −
𝑣𝑥𝑖+1/2,𝑗

𝑛 − 𝑣𝑥𝑖−1/2,𝑗
𝑛 + 𝑣𝑦𝑖,𝑗−1/2

𝑛 − 𝑣𝑦𝑖,𝑗−1/2
𝑛

Δ𝑥
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Array of structures (AoS) v.s. structure of arrays (SoA) in C/C++

87

struct S1
{

int x[8];
int y[8];

}
S1 soa;

struct S2
{

int x;
int y;

}
S2 aos[8];

x y

SoA

AoS



AoS v.s. SoA, which one is better?
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• It really depends…
struct S1
{

int x[8];
int y[8];

}
S1 soa;

do_something(soa.x[0]);
do_something(soa.x[1]);

struct S2
{

int x;
int y;

}
S2 aos[8];

do_something(aos[0].x);
do_something(aos[0].y);x y

SoA

AoS



SoA in Taichi
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x = ti.field(ti.i32)
y = ti.field(ti.i32)
ti.root.dense(ti.i, 8).place(x)
ti.root.dense(ti.i, 8).place(y)
# address: low ........................... high
# x[0] x[1] … x[7] y[0] y[1] … y[7]

x y

SoA



AoS in Taichi
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x = ti.field(ti.i32)
y = ti.field(ti.i32)
ti.root.dense(ti.i, 8).place(x, y)
# address: low .......................... high
# x[0] y[0] x[1] y[1] … x[7] y[7]

AoS

x y



Switching between AoS and SoA in Taichi
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x = ti.field(ti.i32)
y = ti.field(ti.i32)
ti.root.dense(ti.i, 8).place(x, y)

@ti.kernel
def foo():

for i in x:
do_something(x[i])

for i in y:
do_something(y[i])

x = ti.field(ti.i32)
y = ti.field(ti.i32)
ti.root.dense(ti.i, 8).place(x)
ti.root.dense(ti.i, 8).place(y)

@ti.kernel
def foo():

for i in x:
do_something(x[i])

for i in y:
do_something(y[i])



pos = ti.Vector.field(2, ti.f32, N)
vel = ti.Vector.field(2, ti.f32, N)
force = ti.Vector.field(2, ti.f32, N)

...

@ti.kernel
def update():

dt = h/substepping
for i in pos:

#symplectic euler
vel[i] += dt*force[i]/m
pos[i] += dt*vel[i]

SoA Example, N-body:

92



AoS Example, N-body:
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pos = ti.Vector.field(2, ti.f32)
vel = ti.Vector.field(2, ti.f32)
force = ti.Vector.field(2, ti.f32)
ti.root.dense(ti.i, N).place(pos, vel, force)

...

@ti.kernel
def update():

dt = h/substepping
for i in pos:

#symplectic euler
vel[i] += dt*force[i]/m
pos[i] += dt*vel[i]



Tips for accessing advanced data layouts

• Tips?
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Tips for accessing advanced data layouts

• No Tips!
• You can access your advanced data layouts using struct-for(s) as if they were 

your old friend ti.field() defined with shape.

95



Remark: dense data layouts

• It is always preferred to align the memory order with access orders

• Taichi fields are Tree-structured: we call them SNode-trees
• A SNode stands for “Structural Node”

• We can append (multiple) dense cells to other dense cells
• Row/col-major: ti.root.dense(ti.i, N).dense(ti.j, M)

• Hierarchical layouts: ti.root.dense(ti.i, N).dense(ti.i, M)

• SoA/AoS: ti.root.dense(ti.i, N).place(x, y, z)

• We do not need to worry about the access of our data layouts
• The Taichi struct-for handles it for us
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Remark: dense data layouts

• It is always preferred to align the memory order with access orders

• Taichi fields are Tree-structured: we call them SNode-trees
• A SNode stands for “Structural Node”

• We can append (multiple) dense cells to other dense cells
• Row/col-major: ti.root.dense(ti.i, N).dense(ti.j, M)

• Hierarchical layouts: ti.root.dense(ti.i, N).dense(ti.i, M)

• SoA/AoS: ti.root.dense(ti.i, N).place(x, y, z)

• We do not need to worry about the access of our data layouts
• The Taichi struct-for handles it for us
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Spatially Sparse Data Structures



Sparse computation! but why?

• MPM simulation ➔➔
• 256x256 grid cells in total

• Subdivided to 16x16 blocks
• Each block has 16x16 grid cells

• Allocating memory for the total 256x256 
grid cells is a waste.
• The dark blocks are filled with zeros anyway

101



A SNode-tree

• root: the root of the data structure

• dense: a fixed-length contiguous array.

102

rootroot

dense

Field



A SNode-tree

• root: the root of the data structure

• dense: a fixed-length contiguous array.

• bitmasked: similar to dense, but it also uses 
a mask to maintain sparsity information, 
one bit per child.

• pointer: stores pointers instead of the 
whole structure to save memory and 
maintain sparsity

103

root

dense

Field



• A dense SNode-tree:

Let’s start with a dense SNode tree
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Root

Dense

Dense Dense Dense

Dense

Dense Dense Dense

Dense

Dense Dense Dense

x = ti.field(ti.i32)
block1 = ti.root.dense(ti.i, 3)
block2 = block1.dense(ti.j, 3)
block2.place(x)
# equivalent to ti.root.dense(ti.i,3)
.dense(ti.j,3).place(x)



• A dense SNode-tree:

… and fill it with a single non-zero element
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Root

Dense

Dense Dense Dense

Dense

Dense Dense Dense

Dense

Dense Dense Dense

1 0 0

0 0 0

0 0 0



• A dense SNode-tree:

… and fill it with a single non-zero element

106

Root

Dense

Dense Dense Dense

Dense

Dense Dense Dense

Dense

Dense Dense Dense

1 0 0

0 0 0

0 0 0

1 0 0 0 0 0 0 0 0



• A dense SNode-tree:

It is a huge waste
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Root

Dense

Dense Dense Dense

Dense

Dense Dense Dense

Dense

Dense Dense Dense

1 0 0

0 0 0

0 0 0

1 0 0 0 0 0 0 0 0



• A sparse SNode-tree:

From .dense() to .pointer()

108

Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0

0 0 0

0 0 0

1 0 0 0 0 0 0 0 0



• A sparse SNode-tree:

From .dense() to .pointer()
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Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0

0 0 0

0 0 0

1 0 0 0 0 0 0 0 0



• A sparse SNode-tree:

From .dense() to .pointer()
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Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0 0 0 0 0 0 0

x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.i, 3)
block2 = block1.dense(ti.j, 3)
block2.place(x)
# equivalent to ti.root.pointer(ti.i,3)
.dense(ti.j,3).place(x)



• A sparse SNode-tree:

From .dense() to .pointer()
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Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0 0 0 0 0 0 0

x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.i, 3)
block2 = block1.dense(ti.j, 3)
block2.place(x)
# equivalent to ti.root.pointer(ti.i,3)
.dense(ti.j,3).place(x)



Activation

• A sparse SNode-tree born empty:
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Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

0 0 0 0 0 0 0 0 0

x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.i, 3)
block2 = block1.dense(ti.j, 3)
block2.place(x)
# equivalent to ti.root.pointer(ti.i,3)
.dense(ti.j,3).place(x)



Activation

• Once writing an inactive cell:
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Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0 0 0 0 0 0 0

x[0,0] = 1
# activates block1[0]



Activation

• Once writing an inactive cell:
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Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0 0 0 0 0 0 0

x[0,0] = 1
# activates block1[0] and thereby block2[0],
block2[1] and block2[2]



Data access in a sparse field (a sparse SNode-tree) 

• Use Taichi struct-for to access a 
sparse field
• Inactive pointers are skipped

• Manually reading inactive data 
gives you a zero
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@ti.kernel
def access_all():

for i,j in x:
print(x[i, j]) # 1, 0, 0

print(x[2, 2]) # 0

Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0 0 0 0 0 0 0



Why activating x[0, 1] and x[0, 2] as well?

• Because they belong to the same dense block
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Root

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

Pointer

Dense Dense Dense

1 0 0 0 0 0 0 0 0

x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.i, 3)
block2 = block1.dense(ti.j, 3)
block2.place(x)
# equivalent to ti.root.pointer(ti.i,3)
.dense(ti.j,3).place(x)



Why not using pointer everywhere?

• Bad design idea:
• a ti.i32 → 32 bits

• a taichi pointer → 64 bits 

• Dense blocks are faster to visit
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Root

Pointer

Pointer Pointer Pointer

Pointer

Pointer Pointer Pointer

Pointer

Pointer Pointer Pointer

1 0 0 0 0 0 0 0 0

x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.i, 3)
block2 = block1.pointer(ti.j, 3)
block2.place(x)
# equivalent to ti.root.pointer(ti.i,3)
.pointer(ti.j,3).place(x)



Use bitmasks if you really want to flag leaf cells one at a time…

• Works for leaf cells only

• Each leaf cell has its own activation 
flag
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x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.i, 3)
block2 = block1.bitmasked(ti.j, 3)
block2.place(x)
# equivalent to ti.root.pointer(ti.i,3)
.bitmasked(ti.j,3).place(x)Root

Pointer

BM BM BM

Pointer

BM BM BM

Pointer

BM BM BM

1 0 0 0 0 0 0 0 0



Use bitmasks if you really want to flag leaf cells one at a time…

• Works for leaf cells only

• Each leaf cell has its own activation 
flag

119

Root

Pointer

BM BM BM

Pointer

BM BM BM

Pointer

BM BM BM

1 0 0 0 0 0 0 0 0

@ti.kernel
def access_all():

for i,j in x:
print(x[i, j]) # 1



Use bitmasks if you really want to flag leaf cells one at a time…

• Cost 1-bit-per-cell extra

• Skip struct-for(s) when bitmasked inactive

120

Root

Pointer

BM BM BM

Pointer

BM BM BM

Pointer

BM BM BM

1 0 0 0 0 0 0 0 0



Manual sparse field manipulation

• APIs
• Check activation status:

• ti.is_active(snode, [i,j,…])

• for example: ti.is_active(block1, [0]) #=True

• Activate/deactivate cells:
• ti.activate/deactivate(snode, [i,j])

• Deactivate a cell and its children:
• snode.deactivate_all()

• Compute the index of ancestor
• ti.rescale_index(snode/field, ancestor_snode, index)

• for example: ti.rescale_index(block2, block1, [4]) #=1
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x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.i, 3)
block2 = block1.dense(ti.j, 3)
block2.place(x)
# equivalent to ti.root.pointer(ti.i,3)
.dense(ti.j,3).place(x)

https://sourl.cn/HsHn7B


Putting things together

• A column-major 2x4 2D sparse field:
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x = ti.field(ti.i32)
ti.root.pointer(ti.j,4).dense(ti.i,2).place(x)

Root

P P P P

D

D

D

D

D

D

D

D



Putting things together

• A hierarchical (block size = 3) 9x1 1D sparse field:
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x = ti.field(ti.i32)
ti.root.pointer(ti.i,3).bitmasked(ti.i,3).place(x)

Root

P

P

P

B

B

B



Putting things together

• I wrote this because I could:
• x: A column-majored 2x3 2D sparse field

• y/z: hierarchical sparse 4x1 1D sparse fields

• y and z share the same sparsity pattern on p2
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x = ti.field(ti.i32)
y = ti.field(ti.i32)
z = ti.field(ti.i32)
p1 = ti.root.pointer(ti.j,3)
p2 = ti.root.pointer(ti.i,2)
d11 = p1.dense(ti.i, 2)
d21 = p2.dense(ti.i, 2)
b22 = p2.bitmasked(ti.i, 2)
d11.place(x)
d21.place(y)
b22.place(z)

Root

p1p1 p1

d11

d11

p2

p2

d21

d21

b22

b22

y

z

x d21

d21

b22

b22

y

z

d11

d11

d11

d11



“ti example taichi_sparse”
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n = 512
x = ti.field(ti.i32)

block1 = ti.root.pointer(ti.ij, n // 64)
block2 = block1.pointer(ti.ij, 4)
block3 = block2.pointer(ti.ij, 4)
block3.dense(ti.ij, 4).place(x)

The grid is divided into 8x8 block1 containers;
Each block1 container has 4x4 block2 cells;
Each block2 container has 4x4 block3 cells;
Each block3 container has 4x4 pixel cells;
Each pixel contains an i32 value x[i, j].



Remark: Sparse data structures

• Append more types to your SNode-tree:
• .pointer() to represent sparse cells

• .bitmasked() to represent sparse leaf cells

• Activate cells (and its ancestors) by writing
• x[0,0] = 1

• Use Taichi struct-for(s) to access sparse fields
• as if they were dense ☺
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Remark: Sparse data structures

• Append more types to your SNode-tree:
• .pointer() to represent sparse cells

• .bitmasked() to represent sparse leaf cells

• Activate cells (and its ancestors) by writing
• x[0,0] = 1

• Use Taichi struct-for(s) to access sparse fields
• as if they were dense ☺
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Further Readings

• The SNode system (dense and sparse) was one of the main 
contribution of the original Taichi paper

• Check more demos at the Taichi Elements repo

129
[Hu et al. 2019]

Taichi Elements

https://sourl.cn/Rieuw2
https://sourl.cn/Rieuw2


Mesh-based Data Access



Meshes are represented with explicit relations

relations

131



Data accessing for meshes are typically slow
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Example: Vertex normal

1

2

3

4

F-V Relation

f1 v1 v2 v4

f2 v2 v3 v4

f3 v2 v3 v1

f4 v1 v3 v4

f5 v1 v4 v5

f6 v3 v5 v1

f7 v5 v3 v4

x (Attribute)

v1 float[3]

v2 float[3]

v3 float[3]

v4 float[3]

v5 float[3]

n (Attribute)

v1 float[3]

v2 float[3]

v3 float[3]

v4 float[3]

v5 float[3]

face_id

1

f6 v3 v5 v1

2 v1 float[3]

v3 float[3]

v5 float[3]

vertex_id(s)

4
v1 float[3]

v3 float[3]

v5 float[3]

vertex_id(s)



Slow data accessing
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Example: Vertex normal

Store attributes

Local Computation 

Get neighbor indices

Load attributes

Data Dependency

1

4

2

3

Severe race conditions

Require out-of-cache global 
memory access for both 
attributes and indices

Global Memory R/W Shared Memory R/W Register R/W



Patch-based data localization and parallization

NVIDIA Turing Mesh Shader RXMesh [Mahmoud et.al 2021]
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Improved data accessing
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Store attributes

Local Computation 

Get neighbor indices

Load attributes

Data Dependency

1

4

2

3

Severe race conditions

Require out-of-cache global 
memory access for both 
attributes and indices

Unoptimized MeshTaichi

Local store attributes

Local Computation 

Get neighbor indices

Local load attributes

Data Dependency

2

5

3

4

Store Atrribute

Load Atrribute
1

6
Compiler-level
Optimization

Accelerate the acquisition of 
the mesh attributes using 
shared memory

Moderate race conditions

Compute indices in 
compile-time

Global Memory R/W Shared Memory R/W Register R/W



Instantiating a mesh in MeshTaichi 

1. Load a tri/tet mesh from an external file

2. Tell the compiler your wanted relations

3. Define the attributes for each mesh element

mesh = Patcher.load_mesh(“./bunny.mesh”, relations=[“CV”])

mesh.verts.place({'pos': ti.math.vec3,
'vel': ti.math.vec3,
'force': ti.math.vec3})

mesh.cells.place({‘B’: ti.math.mat3,
'w': ti.f32})

136



Looping over a mesh model using mesh-for 

• “for every cell in a bunny”:

• “for every vertex in a bunny”:

• mesh-for-loops are executed in parallel for each patch

# parallel loop over all mesh vertices
for v in bunny.verts:

...

# parallel loop over all mesh cells
for c in bunny.cells:

...

137



Querying relations

• “The velocity of the first vertex of a tetrahedron”:

• “The position of all neighboring vertices of a vertex”:

for c in bunny.cells:
v = c.verts[0].vel

for v0 in bunny.verts:
for v1 in v0.verts:

diff = v0.pos - v1.pos

138



Caching attributes in advance

• Try satisfying lowest occupancy constraint 
first (determining the maximum size for 
cached attributes)

• Cache stored attributes first

• Order the other attributes by their load 
frequency

139



A sample computation on meshes

Auto-managed 
mesh relation

Optimized mesh 
attribute R/W 

Automatic 
Parallelization

140



Changing memory order?

• Sometimes we want to reorder the attributes w.r.t. the patches

mesh.verts.place({'pos': ti.math.vec3,
'vel': ti.math.vec3,
'force': ti.math.vec3})

mesh.cells.place({‘B’: ti.math.mat3,
'w': ti.f32})

mesh.verts.place({'pos': ti.math.vec3,
'vel': ti.math.vec3}, reorder = True)

mesh.verts.place({'force': ti.math.vec3}, reorder = False)
mesh.cells.place({'B': ti.math.mat3,

'w': ti.f32}, reorder = True)

141



How to access reordered data?

• “for every cell in a bunny”:

• “for every cell in a reordered bunny”:

• They are the same ☺
• Changing memory ordering does not change the computation

# parallel loop over all mesh vertices
for c in bunny.cells:

...

# parallel loop over all mesh cells
for c in bunny.cells:

...

142
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Projective Dynamics
0.7 M Tets, 5 PD iterations / frame, 30 CG iterations / linear solve
34 FPS



Remark: Mesh-based operations

• Operations on meshes are usually complicated and slow
• Relation information need to be managed explicitly (using lookup tables)

• Memory access is far less coherent compared to grid data

• MeshTaichi
• Intuitive syntax to access relations using reference style (no lookups!)

• Automatic parallelized execution for each patch

• Efficient attribute access

• Decouple memory order with computation
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• Efficient attribute access
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Further Readings

• Technical details described in [Yu et al. 2022]

• Check more examples at the MeshTaichi repo

146
[Yu et al. 2022]

MeshTaichi

https://sourl.cn/gLDwpG
https://sourl.cn/gLDwpG


Compiler Hints



Compiler hints

• The cache / shared memory has limited size

• Some data may be more important (more frequently used) than 
others

• We can tell the compiler to prioritize the important data
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Thread hierarchy of Taichi in GPU

149

Iteration: each iteration in a 
for-loop

Thread: the minimal 
parallelizable unit

Block: threads are grouped in 
blocks with shared block local 
storage.

Grid: the minimal unit that 
being launched from the host 



The block local storage (BLS) 

• Implemented using shared memory in GPU

• Fast to read/write but small in size
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a = ti.field(ti.f32)
# `a` has a block size of 4x4
ti.root.pointer(ti.ij, 32).dense(ti.ij, 4).place(a)

Decide the block size

• The ideal block size of an hierarchically defined field (SNode-tree): 
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Block

Root

0,0 a0,1 0,2
0,
31

1,0 1,1 1,2
1,
31

31,
0

31,
1

31,
2

31,
31

0,0

1,0

0,1

1,1

0,2

1,2

0,3

1,3

2,0

3,0

2,1

3,1

2,2

3,2

2,3

3,3

bls_size = 4x4(x4 Bytes) 
bls_size = 64 Bytes



Decide the block size

• Decide the size of the blocks by prepending a ti.block_dim() before a 
parallel for-loop: (default_block_dim = 256 Bytes)
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@ti.kernel
def func():

for i in range(8192): # no decorator, use default settings
...

ti.block_dim(128) # change the property of next for-loop:
for i in range(8192): # will be parallelized with block_dim=128

...

for i in range(8192): # no decorator, use default settings
...



Cache the wanted data

• Cache the most frequently-used data into local storage manually 
using ti.block_local():
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a = ti.field(ti.f32)
# `a` has a block size of 4x4
ti.root.pointer(ti.ij, 32).dense(ti.ij, 4).place(a)

@ti.kernel
def foo():
# Taichi will cache `a` into shared memory first
ti.block_local(a)
for i, j in a:
print(a[i - 1, j], a[i, j + 2])



Cache the wanted data

• Cache the most frequently-used data into local storage manually 
using ti.block_local():
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ti.block_local(a)
for i, j in a:
print(a[i - 1, j], a[i, j + 2])

Root
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bls_size = 5x6(x4 Bytes) 
bls_size = 120 Bytes



Cache the wanted mesh data

• Cache the most frequently-used attributes into local storage manually 
using ti.mesh_local():

# put attributes pos and force of vertices into the shared memory
ti.mesh_local(bunny.verts.pos, bunny.verts.force)
for c in bunny.cells:

...
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Remark: Compiler hints

• Tell the compiler to cache the most important (frequently-used) data
• ti.block_local: works for dense SNodes, good for stencil computation

• ti.mesh_local: works for mesh attributes
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Quantized Data Types



Previously in this course: data locality 

Physical Memory CPUL3 Cache L2 Cache L1 Cache

Page Table 
& TLB
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Previously in this course: data types

• Primitive data types:
• signed integers: ti.i8, ti.i16, ti.i32, ti.i64

• unsigned integers: ti.u8, ti.u16, ti.u32, ti.u64

• floating points: ti.f32, ti.f64

• Compound data types:

• Multi-dimensional arrays:

vec3f = ti.types.vector(3, ti.f32)
mat2f = ti.types.matrix(2, 2, ti.f32)
ray = ti.types.struct(ro=vec3f, rd=vec3f, l=ti.f32)

gravitational_field = ti.Vector.field(n = 3,dtype=ti.f32,shape=(256,256,128))
strain_tensor_field = ti.Matrix.field(n = 2,m = 2, dtype=ti.f32, shape=(64,64))
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Now let us focus on total memory consumption

Physical Memory CPUL3 Cache L2 Cache L1 Cache

Page Table 
& TLB
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Quantization

• “Mapping input values from a large set to output values in a smaller 
set”, for example:
• (Signal processing) Mapping an analog signal to digital signal

• (Computer) Mapping high-precision data types to low-precision data types
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Quantization

• “Mapping input values from a large set to output values in a smaller 
set”, for example:
• (Signal processing) Mapping an analog signal to digital signal

• (Computer) Mapping high-precision data types to low-precision data types
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We can  trade off precision 
for memory consumption



Quantized data types

• Quantized integers

• Quantized fixed-point numbers

• Quantized floating-point numbers
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# if we know the quantity belongs to [0, 32)
u5 = ti.types.quant.int(bits=5, signed=False)

# 10-bit signed (default) fixed-point type within [-20.0, 20.0]
fixed_type_a = ti.types.quant.fixed(bits=10, max_value=20.0) 
# 5-bit unsigned fixed-point type within [0.0, 100.0]
fixed_type_b = ti.types.quant.fixed(bits=5, signed=False, max_value=100.0) 
# 6-bit unsigned fixed-point type within [0, 64.0]
fixed_type_c = ti.types.quant.fixed(bits=6, signed=False, scale=1.0) 

# 15-bit signed (default) floating-point type with 5 exponent bits
fp_5_10 = ti.types.quant.float(exp=5, frac=10) 



“ti example euler”

• Q = ti.Vector.field(4, dtype=ti.f32, shape=(N, N))
• Every vector is sized 4 × 32 = 128 bits

• Can we shrink it to 64 bits?
• Sure: 
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fp_8_8 = ti.types.quant.float(exp=8, frac=8)



Packing quantized data types to quantized fields
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128bits

A field with 
regular data types

16bits

A field with 
quantized data types

64bits

An ideal field with 
quantized data types



ti.BitpackedFields

• Packing multiple quantized primitives into one SNode:
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fp_8_8 = ti.types.quant.float(exp=8, frac=8)
Q = ti.Vector.field(4, dtype=fp_8_8)
bitpack = ti.BitpackedFields(max_num_bits=64)
bitpack.place(Q)
ti.root.dense(ti.ij, (N, N)).place(bitpack)

Exponent: 8 bits Sign: 1 bit Fraction: 7bits 



And it looks bad…
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fp_8_8 = ti.types.quant.float(exp=8, frac=8)
Q = ti.Vector.field(4, dtype=fp_8_8)
bitpack = ti.BitpackedFields(max_num_bits=64)
bitpack.place(Q)
ti.root.dense(ti.ij, (N, N)).place(bitpack)

Full precision Quantized



Why?
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Full precision Quantized

• We reduced the sign and fraction bits too much from 24 to 8



Share exponent using shared_exponent
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fp_8_8 = ti.types.quant.float(exp=8, frac=8)
Q = ti.Vector.field(4, dtype=fp_8_8)
bitpack = ti.BitpackedFields(max_num_bits=64)
bitpack.place(Q)
ti.root.dense(ti.ij, (N, N)).place(bitpack)

fp_8_14 = ti.types.quant.float(exp=8, frac=14)
Q = ti.Vector.field(4, dtype=fp_8_14)
bitpack = ti.BitpackedFields(max_num_bits=64)
bitpack.place(Q, shared_exponent=True)
ti.root.dense(ti.ij, (N, N)).place(bitpack)

Exponent: 8 bits
Sign: 1 bit
Fraction: 7bits 

Shared Exponent: 8 bits
Sign: 1 bit
Fraction: 13bits 

64 bits

64 bits



Now we have a better looking simulation

• … and reduce the memory consumption of Q by half.
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Full precision Quantized
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Quantized Simulation
1B particles on a single GPU with 80G memory



Remark: Data Quantization

• Quantization
• Trade off precision for less memory consumption

• QuanTaichi
• ti.types.quant: quantized primitive data types

• ti.BitpackedFields: quantized fields
• shared_exponent: quantized fields with shared exponent
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Remark: Data Quantization

• Quantization
• Trade off precision for less memory consumption

• QuanTaichi
• ti.types.quant: quantized primitive data types

• ti.BitpackedFields: quantized fields
• shared_exponent: quantized fields with shared exponent
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Further Readings

• Technical details described in [Hu et al. 2021]
• An automatic version of QuanTaichi: [Liu et al. 2022]

• Check more examples at the QuanTaichi repo
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QuanTaichi

[Hu et al. 2021] [Liu et al. 2022]

https://sourl.cn/BmY8T4
https://sourl.cn/BmY8T4


To summarize 

• Data matters a lot in computer graphics applications

• The SNode system in Taichi
• Changing data layout
• Constructing sparse data structures

• MeshTaichi
• Parallelize mesh-based operations in patches
• Reorder / cache mesh attributes without changing computation

• Tell the Taichi compiler to optimize cached data manually
• ti.block_local / ti.mesh_local

• QuanTaichi
• Reduce memory consumption using quantization
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To summarize 
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• Reduce memory consumption using quantization
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To summarize 

• Data matters a lot in computer graphics applications

• The SNode system in Taichi
• Changing data layout
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64 bits



Thank you Taichi Lang GitHub

Twitter

Taichi Lang

https://sourl.cn/TfUmvv
https://sourl.cn/9Cvra2
https://sourl.cn/zPvjpx
https://sourl.cn/zPvjpx

