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Goal: Enable Compilers to Automatically Optimize Code

Automatic Compiler Optimizations

// Algorithm

var i(0, N), j(0, N), k(0, N);

input A(i,j), B(i,j);

computation C(i,j);


C(i,j) = 0;

C(i,j) += A(i, k) * B(k, j);


// Schedule

var i0, j0, k0, i1, j1, k1;

C.parallel(i);

C.up(0).tile(i,j,       64,32,

              i0,j0,     i1,j1)

       .separate(i1, j1, 64, 32)

       .vectorize(j1,32).unroll(i1);

High level code

Hardware



Optimization Selection

Optimization 
Selection

;

List of Loop Optimizations

Loop fusion
Loop interchange
Loop tiling
Loop parallelization

…
Loop vectorization

Loop parallelization
Loop tiling

Best combination

(minimizes execution time)

Code
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Optimization Selection
Loop C

yes no

C.tile(32,32)    C

tile?

Unroll?

C.tile(16,8).unroll(4) C.tile(16,8)

yes no

C.tile(16,8).unroll(2) C.tile(16,8).unroll(8) C.tile(16,8).unroll(16)

2 8 16

C.tile(8,8) C.tile(16,8) C.tile(32,8)

8,8 16,8 32,8

Parameters?

Explore: tiling, unrolling
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DNN-based

Cost Model

Code Schedule

Speedup
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Goal
Build a deep learning model for speedup prediction

Two main properties

• Takes a polyhedral 

schedule matrix

• Support affine unimodular 

transformations



Schedule
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Difference with Previous Work (Baghdadi et al., 2021)

(Baghdadi et al., 2021)
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DNN-based Cost Model



DNN-based

Cost Model

Code Schedule

Speedup
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Model



Representation for Code & Optimizations
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for i:  
  for j:
    for k:
      computation A      
    for l:
      computation B     
    for m:
      for n:
        computation C 
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Loop i

Loop j

Loop m

Parallelization, Tiling, and Unrolling tags applied on loop i

Parallelization, Tiling, and Unrolling tags applied on loop j 

Parallelization, Tiling, and Unrolling tags applied on loop m

Memory access 1
Memory access 2

Memory access n
Operations count

Memory access 3

Schedule Matrix



Neural Network Architecture
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Training Dataset

• Data generated

• 13M datapoints

• Data generation took 8 months on 16 nodes (48 cores)
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Preliminary Results



Automatic Optimization
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