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Images, Simulations, Knitting, and Diagrams

• Halide: A language for fast, portable computation on images


• Taichi: A language for high-performance computation on spatially sparse data 
structures


• Knitout: Low-level knitting machine instructions


• Penrose: from mathematical notation to beautiful diagrams
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Halide: A language for fast, portable computation on images

• Observations:


• Most image processing pipelines are just per-pixel functions


• Fast image processing code is a composition of a small set of loop optimizations (machine-
specific)


• Idea: specify image processing algorithms as a per-pixel function:





• Separately specific loop optimizations (shown in a few slides)

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
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blury . tile(x, y, xi, yi, 256, 32) . vectorize(xi, 8) . parallel(y);

blurx . chunk(x) . vectorize(x, 8);



Representing Algorithms
• Proposed a functional, data-parallel algorithm specification: what to compute


• Supports:


• Basic arithmetic


• Loads from external images / other functions


• If-then-else


• (Finite-sized) reductions


• Notably: not Turing-complete!
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Representing Schedules (AKA Optimizations)
• Decide how a producer is scheduled with respect to its consumer


• Decide traversal order (e.g. column-first, row-first, channels-first)


• Add parallelization / loop unrolling / etc.
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Design Decisions

• Embedded in C++


• Enables using C++ metaprogramming to search for good schedules!


• Avoids needing to develop and maintain a parser


• Added benefit: one of the (at-the-time) 5 supported Google languages


• Easy use of LLVM compiler infrastructure
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Images, Simulations, Knitting, and Diagrams
• Halide: A language for fast, portable computation on images


• Decouple algorithms from optimizations for portability


• Taichi: A language for high-performance computation on spatially sparse 
data structures 

• Knitout: Low-level knitting machine instructions


• Penrose: from mathematical notation to beautiful diagrams
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Taichi
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Taichi
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Taichi
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Different Kinds of Sparsity
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Aside: Goals and Design Decisions
• Expressivity


• Complex computation kernels and control flow


• Performance


• Data structure design is vital: but also (task and machine)-specific


• Productive


• Algorithm code written as if grids are dense


• Portable


• No low-level target-specific intrinsics
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Design Decisions
• Decouple data structures from computation


• Provide dense-like abstraction, let DS specification map indexing


• Regular grids as building blocks


• No meshes (yet), no graphs, no trees, etc.


• Specify data structures through hierarchical composition


• Compile-time constant data structure hierarchy (no trees)


• Single-Program-Multiple-Data (SPMD) with sparse iterators
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Programming Model: Dense Grids

ui,j =
1

Δx2
(4vi,j − vi+1,j − vi−1,j − vi,j+1 − vi,j−1)
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Programming Model: Dense Grids

 

for i, j in v: 

  c = 1 / (dx * dx) 

  u[i, j] = c * (4 * v[i, j] - v[i+1, j] - 

                     v[i-1, j] - v[i, j+1] - v[i, j-1])

ui,j =
1

Δx2
(4vi,j − vi+1,j − vi−1,j − vi,j+1 − vi,j−1)
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Interface: Iteration (over non-empty elems)

 

for i, j in v: 

  c = 1 / (dx * dx) 

  u[i, j] = c * (4 * v[i, j] - v[i+1, j] - 

                     v[i-1, j] - v[i, j+1] - v[i, j-1])

ui,j =
1

Δx2
(4vi,j − vi+1,j − vi−1,j − vi,j+1 − vi,j−1)
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Interface: Loads

 

for i, j in v: 

  c = 1 / (dx * dx) 

  u[i, j] = c * (4 * v[i, j] - v[i+1, j] - 

                     v[i-1, j] - v[i, j+1] - v[i, j-1])

ui,j =
1

Δx2
(4vi,j − vi+1,j − vi−1,j − vi,j+1 − vi,j−1)
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Interface: Stores

 

for i, j in v: 

  c = 1 / (dx * dx) 

  u[i, j] = c * (4 * v[i, j] - v[i+1, j] - 

                     v[i-1, j] - v[i, j+1] - v[i, j-1])

ui,j =
1

Δx2
(4vi,j − vi+1,j − vi−1,j − vi,j+1 − vi,j−1)
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Data Structure Specification
• Specify structure via tiled types and decorators


• Types: dense, hashed, dynamic


• Decorators*: morton, bitmasked, pointer
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Level0 = Hash<(i, j), Level1>;  

Level1 = (Level2*)[4]; // 2x2 

Level2 = Value[4]; // 2x2



Generating Interface Code
Value read(Level0 root, int i, int j) { 

  if (Level1 l0 = root.find(i, j)) { 

    int i1 = i % 4, j1 = j % 4; 

    if (l1[i1 * 2 + j1]) { 

      int i2 = i1 % 2; 

      int j2 = j1 % 2; 

      return (*l1)[i2 * 2 + j2]; 

    }} 

  return (Value)0; }
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Results
• Excellent performance (+ pretty simulations)


• Capable of representing a large number of sparse grids from literature


• SPGrid, OpenVDB, Hierarchical Particle Buckets, Hybrids, etc


• Algorithm code never changes
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https://www.youtube.com/watch?v=wKw8LMF3Djo


Halide and Taichi
• Decouple algorithm from “performance optimizations”


• Allows writing an algorithm once 

• But need a (schedule | data structure) per machine 

• Allows iteration over choosing the right optimizations without changing 
program correctness


• If you’re interested in these sorts of languages: take CS 343D!
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Images, Simulations, Knitting, and Diagrams
• Halide: A language for fast, portable computation on images


• Decouple algorithms from optimizations for portability


• Taichi: A language for high-performance computation on spatially sparse data 
structures


• Decouple algorithms from data structures for portability


• Knitout: Low-level knitting machine instructions 

• Penrose: from mathematical notation to beautiful diagrams
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Knitout: Low-level machine knitting instructions
• Some background:


• Loops of yarn pulled through other loops can prevent unraveling, and 
produce structured fabric


• A knitting machine uses needles (in beds) to keep loops in place until the 
yarn (attached to a carrier) can add new loops through them

36
images from Jenny Lin: https://textiles-lab.github.io/posts/2017/11/27/kout1/



Knitout: Low-level machine knitting instructions
• Needle Operations:


• tuck: adds a loop to a needle


• knit: pulls a loop through the loops of a needle


• Yarn operations:


• in: bring a yarn carrier into action from grippers


• inhook: select a specific yarn type on a hook


• Configuration operations:


• rack: adjusts the alignments of the needle beds


• stitch: adjusts the stitch size
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A Knitout program
inhook 6           // pick yarn carrier 6


tuck - f20 6      // move left (-) to start on front bed needle #20, use carrier 6


tuck - f18 6      // tuck alternating needles


. . .


tuck + f1 6       // turn around and tuck alternating odd needles


. . .


knit - f20 6       // do the same with the knit command instead


. . .                    // alternate left (-) and right (+) knitting directions per row
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A Knitout program output

39
image (and example) from Jenny Lin: https://textiles-lab.github.io/posts/2017/11/27/kout1/



Design Decisions
• An external (parsed) language


• Straight-line machine-executable code


• No loops, conditionals, etc. Just what the machine can do


• Multiple embedded versions developed (e.g. in Javascript) to use 
metaprogramming for control flow
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carrier = 6, rows = N, columns = 20


knitout.inhook(carrier)


for (int j = 0; j < columns; j += 2) { knitout.tuck_left(j, carrier) }


for (int j = 1; j < columns; j += 1) { knitout.tuck_right(j, carrier) }


for (int i = 0; i < rows; i++) {


  for (int j = columns - 1; j >= 0; j--) { knitout.knit_left(j, carrier) }


  for (int j = 0; j < columns; j++) { knitout.knit_right(j, carrier) }


}
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Penrose: From Mathematical Notation to Beautiful Diagrams
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https://penrose.cs.cmu.edu/



Design Goals
• Mathematical objects should be expressed in a “familiar” way


• System should not be limited to a fixed set of domains


• Should be possible to apply many different visualizations to the same 
mathematical content


• No inherent limit on visual sophistication


• Should be fast enough to facilitate an iterative workflow


• Effort spent on diagramming should be generalizable and reusable
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System Design
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Language Framework
• Domain schema: declares objects, relationships, and notation available in a 

domain


• Substance program: makes specific mathematical assertions within some 
domain


• Style program: defines a generic mapping from mathematical statements in a 
domain to a visual representation
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Domain Schema
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Substance Programs
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Style Programs
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Style Programs
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Style Programs
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Layout Engine
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Another example: Sets
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How did they evaluate?
• Case studies:


• Sets


• Functions


• Geometry


• Linear Algebra


• Meshes


• Ray Tracing


• Performance reporting (not really comparisons)
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Images, Simulations, Knitting, and Diagrams
• Halide: A language for fast, portable computation on images


• Decouple algorithms from optimizations for portability


• Taichi: A language for high-performance computation on spatially sparse data structures


• Decouple algorithms from data structures for portability


• Knitout: Low-level knitting machine instructions


• Knitting machines are programmable too


• Penrose: from mathematical notation to beautiful diagrams


• Mathematical visualizations are multiple DSLs of their own
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