Thesis contributions

* Intrepydd: Performance, Productivity, and Portability for Data Science Application
Kernels
* [Onward!20] Compile Python/NumPy to C++ with high-level optimizations
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Problem statement: desired input and output

 Desired input: whole kernel in Python  Desired output: C++ code
(control flow is fine e e .

223 int iterations) {
224 /* Declarations =/

225 double *F_p_data_ptr_pydd;

226 double *grad_data_ptr_pydd;

227 int64_t N;
228 int n;
229 int person;
230 py::array_t=double> grad;
o 231 py::array_t=double> F_p;
. it=0 232 double 11
. . . . 233 int __wvar7;
. while it <max_iter: 234 '
_ 235 N = pydd::shape(A, 8);
. u= 1.0/ X 236 for (int _i = 8; _i = iterations; _i += 1) {

c*(1/(KT@u) zs tor e im0 <M em 1)

1
2
3
4. v
5
6

X = ((1 / r) E 3 K) @ Vv 239 person = _i;

¢ 240 grad = gradient(F, A, person);

. it += 1 241 F_p = pydd::get_row(F, person);
242 pydd::compatibility_check(F_p, grad);
243 F_p_data_ptr_pydd = F_p.mutable_datal);
244 int F_p_shape® = pydd::shape(F_p, 8);
245 /f int F_p_shape® = pydd::shape(F, 1);
246 // F_p_data_ptr_pydd = (doubles)F.mutable_datal) + person*F_p_shape®;
247
248 grad_data_ptr_pydd = grad.mutable_datal();
249 for (int _i = @; _i < F_p_shape®; _i += 1) {
250 __war? = _i;
251 pydd: :setitem_1d|(
252 F_p_data_ptr_pydd,
253 (pydd: :getitem_1d(F_p_data_ptr_pydd, _ var7) +
254 (8.805 = pydd::getitem_ld(grad_data_ptr_pydd, _ var7))}),
255 __var7);
256 Y
257
258
259 pydd::set_row(F, person, pydd::maximum(®.081, F_p));
260
261 Y
262 11 = log_likelihood(F, A);
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Compilation Pipeline: From Intrepydd to C++

1. def foo(xs: Array(double, 2)) -> double:

2. foriin range(shape(xs, 0)):
Intrepydd source code 3. for j in range(shape(xs, 1)):

4, sum += xs[i, j]

5.
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Compilation Pipeline: From Intrepydd to C++

=

def foo(xs: Array(double, 2)) -> double:

foriin range(shape(xs, 0)):
forjinrange(shape(xs, 1)):
sum += xs[i, j]

Intrepydd source code

nRhwN

Intrepydd compiler

Array<double>* foo(Array<double>* xs) {

for (inti=0;i< pydd::shape(xs, 0); i += 1) {
for (intj=0; j < pydd::shape(xs, 1); j+= 1) {

Resulting C++ code
sum += xs.data()[i*pydd::shape(xs, 1)+j];
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Code Optimization

* High-level Optimizations in AOT compilation

* Loop invariant code motion (LICM OPT)
« Dense & Sparse Array Operator Fusion (Array OPT)
« Array allocation and slicing optimization (Memory OPT)
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Code Optimization: LICM

1. it=0
C. Sparse 2. # Hoisted loop-invariant expressions
K, u: dense 3. ‘
4.
5. while it < max_iter:
6. u=1.0/x
it=0 7. v = empty_like(c)
while it < max_iter: 8. # Fused loop iterating over non-zero elements
u=10/x » 9. for row, col, val in c.nonzero_elements():
v=c* (1/(r@ u)) # SDDMIM 10. tmp3 =0.0
x = )@V 11. for idx in range(shape(tmpd, 1)):
it+=1 12. tmp3 += [row, idx] * u[idx, col]
13. tmp4 =val * (1 /tmp3)
14. spm_set_item(v, tmp4, row, col)

15. x= spmm_dense(-, V)

16. it+=1
Intrepydd source code (Sinkhorn)

Transformed code Gl."
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Code Optimization: Sparse Operator Fusion

C. sparse
K, u: dense

it=0
while it < max_iter:
u=1.0/x

v =|?(1 /(KT @ u)) # SDDMIM

x=((1/1) K@V
it+=1

SDDMM: masked matmul

Intrepydd source code (Sinkhorn)
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it=0
# Hoisted loop-invariant expressions
tmpl =KT
tmp2=(1/r)*K
while it < max_iter:
u=1.0/x
v =empty_like(c)

ﬁ_ﬁus_gd_lg_q_mmi_ng over non-zero elements
or row, col, val in c.nonzero_elements():

tmp3 =0.0

foridx in range(shape(tmp1, 1)):
tmp3 +=tmp1[row, idx] * u[idx, col]

tmp4 =val * (1 /tmp3)

spm_set_item(v, tmp4, row, col)

= spmm_dense(tmp2, v)

it+=1

Transformed code
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Code Optimization: Dense Operator Fusion

C. sparse
K, u: dense

it=0
while it < max_iter:
u=1.0/x

v =|F(1/(|<.T @ u)) # SDDMM

x=((1/1) K@V
it+=1

SDDMM: masked matmul

Intrepydd source code (Sinkhorn)
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it=0
# Hoisted loop-invariant expressions
tmpl =KT
tmp2=(1/r)*K
while it < max_iter:
u=1.0/x
v =empty_like(c)

Ifﬂ_Eus_gd_LQ_Q_mmi_ng over non-zero elements
or row, col, val in c.nonzero_elements():

tmp3 =0.0

foridx in range(shape(tmp1, 1)):
tmp3 += tmp1[row, idx] * u[idx, col]

tmp4 =val * (1 /tmp3)

spm_set_item(v, tmp4, row, col)

= spmm_dense(tmp2, V)

it+=1

Transformed code
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Experimental Methodology

Benchmark Applications

A subset of Python based data analytics applications from a recent DARPA
program

« Mix of non-library call and library call dominated applications
Test machine

 Dual Intel Xeon Silver 4114 CPU @ 2.2GHz with 192GB of main memory and
hyperthreading disabled

Comparisons

 Baseline idiomatic Python 3.7.6
« Cython

 Numba

Georgia
66 Gl" Tech.




Intrepydd Sequential Performance
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Code Optimization

* High-level Optimizations in AOT compilation

« Loop invariant code motion (LICM OPT)
 Dense & Sparse Array Operator Fusion (Array OPT)
» Array allocation and slicing optimization (Memory OPT)

« Impact on performance by each OPT

Primary Kernel execution times (seconds)

Intrepydd
Benchmark Intrepydd (+£nlt(r:e1vp}y(£)ldPT) (+gl:::§ygg,r) (+Memory
OPT)
bigCLAM 2.558 2.557 1.541 1.086
changepoint 1.472 1.469 1.466 1.471
ipnsw 1.679 0.786 0.786 0.786
ISTA 79.362 18.732 18.473 18.509
PR-Nibble 0.831 0.114 0.106 0.106

68 sinkhorn-wmd 47.612 47.395 1.225 1.220
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Intrepydd summary

» We present Intrepydd, a Python-based programming system, which is
designed to enable data scientists to write application kernels with high

performance, productivity, and portability

« We implement a number of high-level compiler optimizations during the
compilation

« We evaluate the performance of Intrepydd using 6 data science kernels and
show significant single-core performance improvements of Intrepydd
relative to vanilla Python/NumPy (1.5x to 498.5x), Cython (1.5x to 47.5x)
and Numba (1.7x to 38.1x)

Georgia
69 Gl" Tech.



	Slide 1: High-level Compiler Optimizations for Python Programs
	Slide 2: Python is the most popular programming language today (according to the PyPL index)
	Slide 3: Python is also widely used in scientific computing and data science
	Slide 4: Python’s rich ecosystem for scientific computing
	Slide 5
	Slide 6
	Slide 7: Thesis statement
	Slide 8: Thesis contributions
	Slide 9: Thesis contributions
	Slide 10: Motivation for APPy
	Slide 11: Abstract machine model: a multi-vector processor 
	Slide 12: APPy compiler directives
	Slide 13: Vector addition with APPy
	Slide 14: Utilize both layers of parallelism: parallel for + simd
	Slide 15: Utilize both layers of parallelism: parallel for + simd
	Slide 16: APPy allows you to use both loops and tensor expressions
	Slide 17: Code simplified with tensor expressions
	Slide 18: Tensor-Oriented model
	Slide 19: Matrix vector multiplication using tensor expressions
	Slide 20: Map an APPy worker to GPU execution
	Slide 21: Implementation
	Slide 22: A code generation example
	Slide 23: Performance evaluation
	Slide 24: Performance results
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29: Sparse matrix dense vector multiplication (SpMV)
	Slide 30: More results explanation
	Slide 31: APPy summary
	Slide 32: Thesis contributions
	Slide 33: Problem statement: desired input and output
	Slide 34: Limitations with State-of-the-art
	Slide 35: Redundancy types identified
	Slide 36: (Type 1) Reduction redundancy
	Slide 37: (Type 2) Loop-Invariant redundancy
	Slide 38: (Type 3) Load-Store redundancy
	Slide 39: (Type 4) Dead-Value redundancy
	Slide 40: Redundancies eliminated by each approach
	Slide 41: How is ReACT able to reduce these redundancies?
	Slide 42: Performance evaluation
	Slide 43: SpMM-MM results – 5.9x faster than TACO 
	Slide 44: SpMM-MM results – 5.7x faster than SciPy
	Slide 45: SDDMM results – 1.5x faster than TACO 
	Slide 46: SDDMM results – 57.3x faster than SciPy
	Slide 47: Sparse-softmax results – 2.0x faster than TACO
	Slide 48: Sparse-softmax results – 23.5x faster than SciPy
	Slide 49: Example: SpMM-MM
	Slide 50: Index tree of SpMM-MM
	Slide 51: SpMM-MM index trees
	Slide 52: Index tree corresponding loop structure
	Slide 53: SpMM-MM index trees: TACO (maximal fusion )
	Slide 54: SpMM-MM index trees: TACO (maximal fusion )
	Slide 55: SpMM-MM index trees: ReACT (partial fusion)
	Slide 56: SpMM-MM index trees: ReACT (partial fusion)
	Slide 57: ReACT summary
	Slide 58: Thesis contributions
	Slide 59: Problem statement: desired input and output
	Slide 60: Compilation Pipeline: From Intrepydd to C++
	Slide 61: Compilation Pipeline: From Intrepydd to C++
	Slide 62: Code Optimization
	Slide 63: Code Optimization: LICM
	Slide 64: Code Optimization: Sparse Operator Fusion
	Slide 65: Code Optimization: Dense Operator Fusion
	Slide 66: Experimental Methodology
	Slide 67: Intrepydd Sequential Performance
	Slide 68: Code Optimization
	Slide 69: Intrepydd summary
	Slide 70: Thank you!
	Slide 71
	Slide 72: APPy Backup
	Slide 73: More complicated examples
	Slide 74: A stencil kernel “heat_3d” using tensor expressions
	Slide 75: Utilize both layers of parallelism: parallel for + simd
	Slide 76: Sliced index notation (inspired by Einstein notation)
	Slide 77: Abstract machine model: a multi-vector processor 
	Slide 78: Loop-Oriented model
	Slide 79: Loop-Oriented model
	Slide 80: More complicated examples
	Slide 81: More complicated examples
	Slide 82: More complicated examples
	Slide 83: Tensor expressions are inherently parallel
	Slide 84: Tensor Oriented Programming Model
	Slide 85: Tensor Oriented Programming Model
	Slide 86: Example workflow for vector addition
	Slide 87: “Loops + Slices”: a simple and flexible programming model 
	Slide 88: “Loops + Slices”: two levels of parallelism
	Slide 89: Tensor Oriented Programming Model
	Slide 90: Performance improvement over DaCe by category
	Slide 91: DaCe code generation for go_fast
	Slide 92: APPy code generation for go_fast
	Slide 93: DaCe code generation for syrk
	Slide 94: APPy code generation for syrk
	Slide 95: Automatic compiler optimizations
	Slide 96: Loop fusion case study: gesummv
	Slide 97: The final APPy code after automatic fusion
	Slide 98: Loop fusion case study: floyd_warshall
	Slide 99: Loop tiling case study: covariance
	Slide 100: Loop tiling case study: covariance
	Slide 101: Loop tiling case study: floyd_warshall and gesummv
	Slide 102: Evaluation
	Slide 103: Programmability evaluation
	Slide 104: Typical stencil kernel: heat_3d
	Slide 105: Typical loop-based kernel: covariance
	Slide 106: Vanilla programming model alone
	Slide 107: Comparison of the two programming models
	Slide 108: Memory consistency model implementation
	Slide 109: Synchronization optimization
	Slide 110: Some constraints
	Slide 111: Storage implication
	Slide 112: Loop tiling case study: covariance
	Slide 113: ReACT backup
	Slide 114: How is ReACT able to reduce more redundancies?
	Slide 115: Sparse-softmax N=16384
	Slide 116: Redundancy-Aware fusion via index tree
	Slide 117: SpMM-MM index trees
	Slide 118: Index tree corresponding loop structure
	Slide 119: Redundancy-Aware fusion using index tree
	Slide 120: SpMM-MM index trees: no fusion
	Slide 121: Future work
	Slide 122: Intrepydd backup
	Slide 123: Code Optimization: Array Memory Recycling
	Slide 124: Code Optimization: Array Memory Recycling
	Slide 125: Code Optimization: Array Memory Recycling

