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Halide algorithm:
blurx(x, y) = (in(x-1, y) + in(x, y) + in(x+1, y))/3;
blury(x, y) = (blurx(x, y-1) + blurx(x, y) + blurx(x, y+1))/3;

Halide schedule:
blury.tile(x, y, xi, yi, 256, 32).vectorize(xi, 8).parallel(y);
blurx.compute_at(blury, x).store_at(blury, x).vectorize(x, 8);



Recap & Questions?
Functional (no side effect, no loop in algorithms (mostly)) 
Pipeline of functions


Embedded in C++:  
Under the hood: C++ classes represent the Halide program


Simple syntax: Func, Var, Expr 
Call realize to compile and execute 

Image<float> input = load<float>("images/rgb.png");
Var x, y;
Func blur_x, blur_y; 
blur_x(x,y) = (input(x,y)+input(x+1,y)+input(x+2,y))/3.0;    
blur_y(x,y) = (blur_x(x,y)+blur_x(x,y+1)+blur_x(x,y+2))/3.0;
Image<float> output = blur_y.realize(input.width()-2, input.height()-2);



Scheduling



Schedule
Given an algorithm defined as a pipeline/graph of Func 

Specifies the order, granularity and interleaving of 
computation (and storage)



Schedule
Given an algorithm defined as a pipeline of Func 

Specifies the order/granularity/interleaving of computation 
within each Func

across Func (the more interesting part)


Boils down to specifying nested loops 
e.g. tiled computation for one stage:

for y_tile_index:
   for x_tile_index:
      for y_within_tile:
         for x_within_tile:
             out(y_tile_index*tile_height+y_within_tile,  
                 x_tile_index*tile_width+x_within_tile)=…



Loops
e.g. separable blur: blur_y of blur_x 



Schedule across stages
e.g. separable blur: blur_y of blur_x 

blur_y (later stage) is the consumer 

blur_x (earlier) is the producer 



Schedule across stages
e.g. separable blur: blur_y of blur_x 

blur_y (later stage) is the consumer 

blur_x (earlier) is the producer 

Locality: have values consumed soon after they are produced 

Scheduling is driven by the consumer 

Specify when the producer is computed with respect to the 
consumer



Why start with consumer
In general, think about schedule from the output to the input 

Because consumer knows dependencies, producer doesn’t 
while data flow from producer to consumer,

dependencies flow from consumer to producer


essentially pull perspective rather than push



Roadmap
First two extreme (and simple) schedules 
Root

Inline


Then smarter granularity/interleaving in between  
Stuff like tiling and merging stages for locality



Compute_root



Root schedule (across)



Root schedule
Most similar to what you’d do in C++ 

Compute the producer on the entire image before starting the 
consumer 

Specified with Func.compute_root() 

Default and only option for the output (last stage) 

    blur_x(x,y) = (input(x,y)+input(x+1,y)+input(x+2,y))/3;
    blur_y(x,y) = (blur_x(x,y)+blur_x(x,y+1)+blur_x(x,y+2))/3;
    blur_y.compute_root();
    blur_x.compute_root();



Root schedule equivalent



Root schedule equivalent
allocate tmp(width, height+2)
for y in(0..height+2):
    for x in(0..width):
        tmp[x,y]=(input[x,y]+input[x+1,y]+input[x+2,y])/3

for y in(0..height):
    for x in (0..width):
        out[x,y] = (tmp[x,y]+tmp[x,y+1]+tmp[x,y+2])/3



Root pross and cons

no 
redundant 

work locality

parallelism 

tradeoff



Most similar to what you’d do in C++ 

Compute the producer on the entire image before starting the 
consumer 

Specified with Func.compute_root() 

Default and only option for the output (last stage) 

    blur_x(x,y) = (input(x,y)+input(x+1,y)+input(x+2,y))/3;
    blur_y(x,y) = (blur_x(x,y)+blur_x(x,y+1)+blur_x(x,y+2))/3;
    blur_y.compute_root();
    blur_x.compute_root();

Recap: root redundant 
work

locality

parallelism 

tradeoff



inline



Inline schedule (across)



Inline schedule
Opposite of root: compute producer right when needed,  
for each value of the consumer 
No loop for the producer, all inside consumer


    blur_x[x,y] = (input[x,y]+input[x+1,y]+input[x+2,y])/3
    blur_y[x,y] = (blur_x[x,y]+blur_x[x,y+1]+blur_x[x,y+2])/3
    blur_y.compute_root()
    blur_x.compute_inline()
    # both could be skipped since they are the default



Inline schedule equivalent
//reminder, Halide algorithm:
// blur_x[x,y] = (input[x,y]+input[x+1,y]+input[x+2,y])/3

// blur_y[x,y] = (blur_x[x,y]+blur_x[x,y+1]+blur_x[x,y+2])/3

allocate out (width, height)



Inline schedule equivalent
//reminder, Halide algorithm:
// blur_x[x,y] = (input[x,y]+input[x+1,y]+input[x+2,y])/3

// blur_y[x,y] = (blur_x[x,y]+blur_x[x,y+1]+blur_x[x,y+2])/3

allocate out (width, height)
for y in (0..height):
    for x in(0..width):
        out[x,y] = ((inputP[x,y]+inputP[x+1,y]+inputP[x+2,y])/3
              + (inputP[x,y+1]+inputP[x+1,y+1]+inputP[x+2,y+1])/3
              + (inputP[x,y+2]+inputP[x+1,y+2]+inputP[x+2,y+2])/3 )/3



Inline schedule
Opposite of root: compute producer right when needed,  
for each value of the consumer 
No loop for the producer, all inside consumer


Specified with Func.compute_inline() 
Default schedule (except output) 
This makes it easier to use many intermediate Funcs for complex algebraic 
calculations. 


    blur_x[x,y] = (input[x,y]+input[x+1,y]+input[x+2,y])/3
    blur_y[x,y] = (blur_x[x,y]+blur_x[x,y+1]+blur_x[x,y+2])/3
    blur_y.compute_root()
    blur_x.compute_inline()
    # both could be skipped since they are the default



Inline pros and cons

redundant 
work

locality

parallelism 

tradeoff



Root vs. Inline
Scheduling is often about finding a compromise halfway 
between root and inline 
good locality like inline

limit redundancy like root

redundant 
work

locality

parallelism 

tradeoff



More general box blur, 5x5, 35 MPixels on 12 
default schedule (inline) 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds 



Producer-consumer
First schedule consumer (start with output) 
so far trivial, root (more interesting soon)


For producer, at what granularity of the consumer is it 
computed? 



Producer-consumer
First schedule consumer (start with output) 
so far trivial, root (more interesting soon)


For producer, at what granularity of the consumer is it 
computed? 
root: prepare all producer values needed for entire image

inline: produce on the fly, for each individual consumer pixel 
(lots of redundancy but super local)

more options soon

Once you specify consumer granularity 
Halide figures out how much is needed, allocates buffers, etc. 


Then maybe schedule within producer 



Tiling



Tiling (within stage)
Split the domain into inner and outer loops 

Specified with Func.tile() 
requires new Vars for inner and outer indices



Tiling (within stage)
Split the domain into inner and outer loops 

Specified with Func.tile() 
requires new Vars for inner and outer indices


Let’s look at a single-stage pipeline function that only blurs 
vertically 
    Var x, y; Func blur_y;
    blur_y(x,y) = (input(x,y)+input(x,y+1)+input(x,y+2))/3;
    
    Var xo, yo, xi, yi;
    blur_y.tile(x, y, xo, yo, xi, yi, 256, 32);



Tiling: equivalent
allocate out (width, height)



Tiling: equivalent
allocate out (width, height)
for yo in (0..height/32): #assuming height%32=0                                        
   for xo in (0..width/256): #assuming width%256=0 
      for yi in (0..32):
         y=yo*32+yi
         for xi in (0..256):
            x=xo*256+xi
            out[x,y] = (input[x,y]+input[x,y+1]+input[x,y+2])/3



Tiling: equivalent for non-integer multiple
width, height = input.width()-2, input.height()-2
out=numpy.empty((width, height))
for yo in (0..(height+31)/32): #+31 to get the ceiling int                                         
   for xo in(0..(width+255)/256):#+255 to get the ceiling int                                         

      for yi in(0..32):
         y=yo*32+yi
         # make sure y doesn’t go beyond height   
         # worst case we’ll recompute the last rows multiple times                                      
         if y>=height: y=height-1
         for xi in(0..256):
            x=xo*256+xi
            # make sure x doesn’t go beyond width
            # worst case we’ll recompute the last columns   
            if x>=width: x=width-1
            out[x,y] = (input[x,y]+input[x,y+1]+input[x,y+2])/3



Why tile? 
Parallelism 

Soon: parallelism+locality+limited redundant work



Parallel
func.parallel(var) 

turns the “for” of this var into a parallel for



vectorize (SIMD)
vectorize(var) 

always innermost var 

Use systematically  



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds 
tile  256 x 256  + parallel + vector  
          took  1.10970659256 seconds 



Tiling under the hood



Tiling under the hood
Tiling is a sugar for split+reorder 

split y into yo, yi 

split x into xo, xi 

reorder from yo, yi, xo, xi  
to yo, xo, yi, xi 



Tiling  & fusion



Tiling II (within+across)
Back to 2-stage pipeline, tile the consumer (blur_y) 

what about the producer, blur_x?



Tiling II
Back to 2-stage pipeline, tile the consumer (blur_y) 

what about the producer, blur_x? 

default: inline 

could do : compute_root + tile 



Tiling II
Back to 2-stage pipeline, tile the consumer (blur_y) 

what about the producer, blur_x? 

default: inline 

could do : compute_root + tile 
but Halide will compute all tiles of blur_x before starting blur_y 
bad locality 
note that tile without compute_root doesn’t make sense:  
you can’t tile something that’s inline


Instead, we want to compute each tile of blur_x before the 
corresponding tile of blur_Y



Tiling and Fusion (within and across tiles)
Split consumer into tiles and compute producer for the whole 
tile just before computing the consumer tile.  

Specified using .tile() on consumer and 
                           .compute_at() on producer 

compute_at inserts the producer loop at a specified level of 
the nested consumer loops 

Halfway between root and inline:  
~root within tile: produce full tile before consuming it

~inline across tile: compute a tile when it is needed



Tiling and Fusion (within and across tiles)
Often requires to enlarge the producer tile 
Because the consumer footprint might need extra pixels

e.g. blur_y needs extra pixels vertically

Inferred automatically by Halide




Tiling and Fusion (within and across tiles)
Split consumer into tiles and compute producer for the whole 
tile just before computing the consumer tile.  
Specified using .tile() on consumer and 
                           .compute_at() on producer 
     blur_x(x,y) = (input(x,y)+input(x+1,y)+input(x+2,y))/3;
    blur_y(x,y) = (blur_x(x,y)+blur_x(x,y+1)+blur_x(x,y+2))/3;
    Var xo, yo, xi, yi;
    blur_y.tile(x, y, xo, yo, xi, yi, 256, 32);  
    blur_x.compute_at(blur_y, xo); 

compute_at inserts the producer loop at a given level of the 
nested consumer loops (xo here, x coordinate of tile)



Tiling and Fusion: equivalent 



Tiling and Fusion: equivalent 
width, height = input.width()-2, input.height()-2
allocate out((width, height))
for yo in(0..(height+31)/32):                                          
    for xo in (0..(width+255)/256):
        allocate tmp((256, 32+2)) 
        for yi in (0..32+2):
            y=yo*32+yi
            if y>=height: y=height-1
            for xi in (0..256):
                x=xo*256+xi
                if x>=width: x=width-1
                tmp[xi,yi]=(inputP[x,y]+inputP[x+1,y]+inputP[x+2,y])/3
        for yi in (0..32):
            y=yo*32+yi
            if y>=height: y=height-1
            for xi in (0..256):
                x=xo*256+xi
                if x>=width: x=width-1
                out[x,y] = (tmp[xi,yi]+tmp[xi,yi+1]+tmp[xi,yi+2])/3



Tiling and Fusion: equivalent 
width, height = input.width()-2, input.height()-2
allocate out((width, height))
for yo in (0..(height+31)/32):     #loops over tile                                     
    for xo in (0..(width+255)/256):
        allocate tmp((256, 32+2)) #tile to store blur_x. Note +2 for enlargement 
        for yi in (0..32+2):    #loops for blur_x nested inside xo yo of blur_y
            y=yo*32+yi
            if y>=height: y=height-1 # for boundary tiles
            for xi in (0..256):
                x=xo*256+xi
                if x>=width: x=width-1 # for boundary tiles
                tmp[xi,yi]=(inputP[x,y]+inputP[x+1,y]+inputP[x+2,y])/3 
                               #computation on x,y but store at xi, yi
        for yi in (0..32):     #loops for blur_y
            y=yo*32+yi
            if y>=height: y=height-1 # for boundary tiles
            for xi in (0..256):
                x=xo*256+xi
                if x>=width: x=width-1 # for boundary tiles
                out[x,y] = (tmp[xi,yi]+tmp[xi,yi+1]+tmp[xi,yi+2])/3
                       #computation on xi,yi but store at x, y (opposite of blur_x)

indexing code affected by 
schedule in green



Tiling and fusion pros and cons

redundant 
work

locality

parallelism 

tradeoff



Tiling and fusion pros and cons
Scheduling is often about finding a compromise halfway 
between root and inline 
good locality like inline

limit redundancy like root


Tile size controls the tradeof

redundant 
work

locality

parallelism 

tradeoff



Performance



Final 3x3 blur: add parallelism and vectorization
Var x, y;
Fun blur_x, blur_y ;

blur_x(x,y) = (input(x,y)+input(x+1,y)+input(x+2,y))/3.0;    
blur_y(x,y) = (blur_x(x,y)+blur_x(x,y+1)+blur_x(x,y+2))/3.0;

Var xi, yi ; 
blur_y.tile(x, y, xi, yi, 8, 4) \
      .parallel(y) \
      .vectorize(xi, 8);
blur_x.compute_at(blur_y, x) \
      .vectorize(x, 8);

output=blur_y.realize(input.width()-2, input.height()-2);



More general box blur, 5x5, 35 MPixels on 12 
default schedule (inline) 
           took  5.80736255646 seconds 



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds 
tile  256 x 256  + interleave 
           took  1.7552740097 seconds 
tile  256 x 256 + parallel+vector 
           took  0.550438785553 seconds 
tile  256 x 256  + parallel+vector without interleaving 
           took  1.10970659256 seconds 



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds 
tile  256 x 256  + interleave 
           took  1.7552740097 seconds 
tile  256 x 256 + parallel+vector 
           took  0.550438785553 seconds 
tile  256 x 256  + parallel+vector without interleaving 
           took  1.10970659256 seconds 
           Note the exact doubling (memory bound)



void box_filter_3x3(const Image &in, Image &blury) {
  __m128i one_third = _mm_set1_epi16(21846);
  #pragma omp parallel for
  for (int yTile = 0; yTile < in.height(); yTile += 32) {
    __m128i a, b, c, sum, avg;
    __m128i blurx[(256/8)*(32+2)]; // allocate tile blurx array
    for (int xTile = 0; xTile < in.width(); xTile += 256) {
      __m128i *blurxPtr = blurx;
      for (int y = -1; y < 32+1; y++) {
        const uint16_t *inPtr = &(in[yTile+y][xTile]);
        for (int x = 0; x < 256; x += 8) {          
         a = _mm_loadu_si128((__m128i*)(inPtr-1));
         b = _mm_loadu_si128((__m128i*)(inPtr+1));
         c = _mm_load_si128((__m128i*)(inPtr));
         sum = _mm_add_epi16(_mm_add_epi16(a, b), c);
         avg = _mm_mulhi_epi16(sum, one_third);
         _mm_store_si128(blurxPtr++, avg);
         inPtr += 8;
      }}
      blurxPtr = blurx;
      for (int y = 0; y < 32; y++) {
        __m128i *outPtr = (__m128i *)(&(blury[yTile+y][xTile]));
        for (int x = 0; x < 256; x += 8) {
          a = _mm_load_si128(blurxPtr+(2*256)/8);
          b = _mm_load_si128(blurxPtr+256/8);
          c = _mm_load_si128(blurxPtr++);
          sum = _mm_add_epi16(_mm_add_epi16(a, b), c);
          avg = _mm_mulhi_epi16(sum, one_third);
          _mm_store_si128(outPtr++, avg);
}}}}}

9.9 → 0.9 ms/megapixel
Same as Hand-optimized C++ 11x faster  

(quad core x86)

Tiled, fused
Vectorized
Multithreaded
Redundant 
computation
Near roof-line 
optimum





TODO
compute_at 

figure out loop level 

figure out consumer rectangle 

figure out bound expansion for producer 

introduce loops for this rectangle (as a function of within 
scheduling)



Warning
There are two hard things about Halide:  

compute_at 

reductions (histogram, convolutio, etc.)



compute_at : across
producer.compute_at(some_consumer, var)



compute_at
producer.compute_at(some_consumer, var) 

given the nested loops of the consumer,  
performs computation of producer at loop for var 

Halide infers everything needed by consumer for loops below 
var 
i.e. rectangle xmin, xmax, ymin, ymax (and other coordinates if applicable)


The resulting rectangle can then be scheduled within



producer.compute_at(consumer, var_k)
for var1

    …

    for var_k

       //Insert computation of producer here

       // whatever is needed for the consumer loops below

       allocate temp buffer of appropriate size

       for producer_var1

           for producer_var2

                …

                temp(var1, var2, …) = …

       for var_k+1

         …

         for var_n

             consumer(index1, index2,…) =…



compute_at example
     blur_x[x,y] = (input[x,y]+input[x+1,y]+input[x+2,y])/3;
    blur_y[x,y] = (blur_x[x,y]+blur_x[x,y+1]+blur_x[x,y+2])/3;
    Var xo, yo, xi, yi;
    blur_y.tile(x, y, xo, yo, xi, yi, 256, 32);  
    blur_x.compute_at(blur_y,    ); 



compute_at example
     blur_x[x,y] = (input[x,y]+input[x+1,y]+input[x+2,y])/3;
    blur_y[x,y] = (blur_x[x,y]+blur_x[x,y+1]+blur_x[x,y+2])/3;
    Var xo, yo, xi, yi;
    blur_y.tile(x, y, xo, yo, xi, yi, 256, 32);  
    blur_x.compute_at(blur_y,    ); 



compute_at
producer.compute_at(some_consumer, var) 

given the nested loops of the consumer,  
performs computation of producer at loop for var 

Halide infers everything needed by consumer for loops below 
var 
i.e. rectangle xmin, xmax, ymin, ymax (and other coordinates if applicable)


The resulting rectangle can then be scheduled within 

Could be any consumer above the producer 
typically in multi-stage pipeline,  
there are key consumers that everybody compute_at



multistage(>2) pipeline



root & inline as compute_at





Extra scheduling options
Reorder  
e.g. for x for y => for y for x


Split  
e.g. for x => for xo for xi

Tiling combines a set of splits and a reorder


Unroll 

Vectorize 

Parallel 

some CUDA-specifc 



Final 3x3 blur: add parallelism and vectorization
Var x, y;
Fun blur_x, blur_y ;

blur_x(x,y) = (input(x,y)+input(x+1,y)+input(x+2,y))/3.0;    
blur_y(x,y) = (blur_x(x,y)+blur_x(x,y+1)+blur_x(x,y+2))/3.0;

Var xi, yi ; 
blur_y.tile(x, y, xi, yi, 8, 4) \
      .parallel(y) \
      .vectorize(xi, 8);
blur_x.compute_at(blur_y, x) \
      .vectorize(x, 8);

output=blur_y.realize(input.width()-2, input.height()-2);



Parallel
func.parallel(var) 

turns the for of this var into a parallel for



vectorize
Don’t worry too much about vectorize for 6.815/6.865 

It can be finicky 



void box_filter_3x3(const Image &in, Image &blury) {
  __m128i one_third = _mm_set1_epi16(21846);
  #pragma omp parallel for
  for (int yTile = 0; yTile < in.height(); yTile += 32) {
    __m128i a, b, c, sum, avg;
    __m128i blurx[(256/8)*(32+2)]; // allocate tile blurx array
    for (int xTile = 0; xTile < in.width(); xTile += 256) {
      __m128i *blurxPtr = blurx;
      for (int y = -1; y < 32+1; y++) {
        const uint16_t *inPtr = &(in[yTile+y][xTile]);
        for (int x = 0; x < 256; x += 8) {          
         a = _mm_loadu_si128((__m128i*)(inPtr-1));
         b = _mm_loadu_si128((__m128i*)(inPtr+1));
         c = _mm_load_si128((__m128i*)(inPtr));
         sum = _mm_add_epi16(_mm_add_epi16(a, b), c);
         avg = _mm_mulhi_epi16(sum, one_third);
         _mm_store_si128(blurxPtr++, avg);
         inPtr += 8;
      }}
      blurxPtr = blurx;
      for (int y = 0; y < 32; y++) {
        __m128i *outPtr = (__m128i *)(&(blury[yTile+y][xTile]));
        for (int x = 0; x < 256; x += 8) {
          a = _mm_load_si128(blurxPtr+(2*256)/8);
          b = _mm_load_si128(blurxPtr+256/8);
          c = _mm_load_si128(blurxPtr++);
          sum = _mm_add_epi16(_mm_add_epi16(a, b), c);
          avg = _mm_mulhi_epi16(sum, one_third);
          _mm_store_si128(outPtr++, avg);
}}}}}

9.9 → 0.9 ms/megapixel
Hand-optimized C++ 11x faster  

(quad core x86)

Tiled, fused
Vectorized
Multithreade
d
Redundant 
computation
Near roof-
line optimum



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds 
tile  256 x 256  + interleave 
           took  1.7552740097 seconds 
tile  256 x 256 + parallel+vector 
           took  0.550438785553 seconds 
tile  256 x 256  + parallel+vector without interleaving 
           took  1.10970659256 seconds 



More general box blur, 5x5, 35 MPixels on 12 
default schedule 
           took  5.80736255646 seconds 
root first stage 
           took  1.99803357124 seconds 
tile  256 x 256  + interleave 
           took  1.7552740097 seconds 
tile  256 x 256 + parallel+vector 
           took  0.550438785553 seconds 
tile  256 x 256  + parallel+vector without interleaving 
           took  1.10970659256 seconds 
           Note the exact doubling (memory bound)


