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The IMPLEMENTATION must be fast or you may

lose your JOB. Exits to the NORTH.

? why is this my life

I don’t understand WHY.

? get paper

You pick up the PAPER off the DESK and

look at it...
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Outline of ID3 algorithm:

1. Create a root decision tree node for the whole dataset.
2. Calculate the information gain for every possible split of

every dimension of the dataset.
3. Split the dataset into two subsets along the dimension

for which information gain (after splitting) is maximized.

4. Create a new decision tree node for each subset and re-
curse to step 2.
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Okay, you will write the algorithm in C++.
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Will you support arbitrary data or just double-precision
matrix-shaped data?
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Okay, your implementation will support only double-precision
matrix-shaped data.
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Do you expect user data to be in reasonable ranges (i.e. no
NaN, inf, or similar)?

◮ no
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Okay, your implementation will assume that users are not
passing in extreme-valued or NaN data.
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What device will you target?

toaster
◮ modern x86-64 CPU

modern CPU/GPU
FPGA
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Okay. Your implementation will be written in C++ for only
double-precision matrix-shaped data that takes values only in
reasonable ranges, and is targeted to a modern x86-64 CPU.

Have a great day!
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First let’s design our data structure...

We want it to be as small as possible. We absolutely must hold:

● A link to the left child
● A link to the right child
● The dimension we are splitting on
● The split value to determine if a point goes left or right

● (if the node is a leaf) Class probabilities for prediction
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struct DecisionTree

{

size_t splitDim;

double splitValue;

DecisionTree* left;

DecisionTree* right;

arma::vec classProbs;

};
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Next, we want to use the information gain:

∑

c∈C

P (c) log2 P (c)

where C is the set of possible class labels. This quantity is maximized when
P (c) = 1 (i.e. when all labels are of one class).

Let’s write an implementation (using the Armadillo C++ matrix library)...
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{
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counts[labels[i]]++;

double gain = 0.0;

for (size_t i = 0; i < numClasses; ++i)

{

const double f = ((double) counts[i] / (double) labels.n_elem);

if (f > 0.0) // Work around divergence!!

gain += f * std::log2(f);

}

return gain;

}
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How do we split a node? The paper doesn’t consider continuous data!

Let’s borrow from the CART strategy...

● Find the information gain of the unsplit node.
● For each dimension...

For each possible binary split in that dimension...
See if this split provides a new best information gain.

● If the best found split’s information gain is better than the information
gain of the unsplit node, then split!
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void BestBinarySplit(const size_t dimension,

arma::mat& data,

arma::uvec& labels,

const size_t numClasses,

double& bestGain,

double& bestSplitValue)

{

// Sort the labels.

arma::uvec sortedIndices = arma::sort_index(data.row(dimension));

arma::uvec sortedLabels(labels.n_elem);

for (size_t i = 0; i < sortedLabels.n_elem; ++i)

sortedLabels[i] = labels[sortedIndices[i]];
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arma::vec gains(data.n_cols - 1);

gains.fill(-DBL_MAX);

for (size_t i = 1; i <= gains.n_elem; ++i)

{

if (data(dimension, sortedIndices[i]) ==

data(dimension, sortedIndices[i - 1]))

continue;

// Calculate the gain for the left and right child.

const double leftGain = InfoGain(

sortedLabels.subvec(0, i - 1), numClasses);

const double rightGain = InfoGain(

sortedLabels.subvec(i, data.n_cols - 1), numClasses);

// Calculate the fraction of points in the left and right children.

const double leftRatio = double(i) / double(sortedLabels.n_elem);

gains[i - 1] = leftRatio * leftGain + (1. - leftRatio) * rightGain;

}
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// (after filling gains vector with possible gains...)

// These were passed by reference, so we just have to set them.

bestGain = gains.max();

bestSplitValue = data(dimension,

sortedIndices[gains.index_max() + 1]);

}
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void SplitNode(DecisionTree* node,

arma::mat& data,

arma::uvec& labels,

const size_t numClasses)

{

if (data.n_cols == 1)

return; // no split
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void SplitNode(DecisionTree* node,

arma::mat& data,

arma::uvec& labels,

const size_t numClasses)

{

if (data.n_cols == 1)

return; // no split

// Get baseline gain.

double bestGain = InfoGain(labels, numClasses);

size_t bestDim = data.n_rows;

double bestSplitValue;
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// Find the best possible split.

for (size_t dim = 0; dim < data.n_rows; ++dim)

{

double dimGain, splitVal;

BestBinarySplit(dim, data, labels, numClasses, dimGain, splitVal);

if (dimGain > bestGain)

{

bestGain = dimGain;

bestDim = dim;

bestSplitValue = splitVal;

}

}
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if (bestDim != data.n_rows)

{

node->splitDim = bestDim;

node->splitValue = bestSplitValue;

arma::mat left, right; arma::uvec leftLabels, rightLabels;

for (size_t i = 0; i < data.n_cols; ++i)

{

if (data(bestDim, i) < bestSplitValue) // Point is on the left.

{

left = arma::join_rows(left, data.col(i));

leftLabels = arma::join_cols(leftLabels, labels.subvec(i, i));

}

else // Point is on the right.

{

right = arma::join_rows(right, data.col(i));

rightLabels = arma::join_cols(rightLabels, labels.subvec(i,i));

}

}



__

if (bestDim != data.n_rows)

{

node->splitDim = bestDim;

node->splitValue = bestSplitValue;

arma::mat left, right; arma::uvec leftLabels, rightLabels;

for (size_t i = 0; i < data.n_cols; ++i)

{

if (data(bestDim, i) < bestSplitValue) // Point is on the left.

{

left = arma::join_rows(left, data.col(i));

leftLabels = arma::join_cols(leftLabels, labels.subvec(i, i));

}

else // Point is on the right.

{

right = arma::join_rows(right, data.col(i));

rightLabels = arma::join_cols(rightLabels, labels.subvec(i,i));

}

}



__

if (bestDim != data.n_rows)

{

node->splitDim = bestDim;

node->splitValue = bestSplitValue;

arma::mat left, right; arma::uvec leftLabels, rightLabels;

for (size_t i = 0; i < data.n_cols; ++i)

{

if (data(bestDim, i) < bestSplitValue) // Point is on the left.

{

left = arma::join_rows(left, data.col(i));

leftLabels = arma::join_cols(leftLabels, labels.subvec(i, i));

}

else // Point is on the right.

{

right = arma::join_rows(right, data.col(i));

rightLabels = arma::join_cols(rightLabels, labels.subvec(i,i));

}

}



__

// Recurse and build the children.

node->left = new DecisionTree();

SplitNode(node->left, left, leftLabels, numClasses);

node->right = new DecisionTree();

SplitNode(node->right, right, rightLabels, numClasses);

}
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else // We are not going to split the node.

{

// Calculate leaf probabilities.

arma::uvec counts(numClasses);

for (size_t i = 0; i < labels.n_elem; ++i)

++counts[labels[i]];

node->classProbs.set_size(numClasses);

for (size_t i = 0; i < numClasses; ++i)

node->classProbs[i] = double(counts[i]) / double(numClasses);

}

}
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● InfoGain(): calculate information gain

● BestBinarySplit(): find best binary split in a dimension

● SplitNode(): split a decision tree node
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● InfoGain(): calculate information gain

● BestBinarySplit(): find best binary split in a dimension

● SplitNode(): split a decision tree node

That’s all we need!

// Create and build the tree on our data!

DecisionTree* tree = new DecisionTree();

SplitNode(tree, data, labels, numClasses);

$ g++ -o tree tree.cpp -O3 -march=native -DARMA_NO_DEBUG -larmadillo
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Every time we recurse we are copying data in SplitNode():

// Split the data.

arma::mat left, right;

arma::uvec leftLabels, rightLabels;
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Instead use an in-place quick-sort-like approach:

// Split the data, but in-place. Just like quicksort!

size_t left = 0, right = data.n_cols - 1;

while (left < right)

{

while (data(bestDim, left) < bestSplitValue && left < right)

++left;

while (data(bestDim, right) >= bestSplitValue && left < right)

--right;

if (left >= right)

break;

data.swap_cols(left, right);

labels.swap_rows(left, right);

}

// ...
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Instead use an in-place quick-sort-like approach:

// Split the data, but in-place. Just like quicksort!

size_t left = 0, right = data.n_cols - 1;

while (left < right)

{

while (data(bestDim, left) < bestSplitValue && left < right)

++left;

while (data(bestDim, right) >= bestSplitValue && left < right)

--right;

if (left >= right)

break;

data.swap_cols(left, right);

labels.swap_rows(left, right);

}

// ...
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// Build children recursively using Armadillo subviews.

// (The definition of SplitNode() requires very slight

// modification.)

node->left = new DecisionTree();

SplitNode(node->left, data.cols(0, left - 1),

labels.subvec(0, left - 1), numClasses);

node->right = new DecisionTree();

SplitNode(node->right, data.cols(left, data.n_cols - 1),

labels.subvec(left, data.n_cols - 1), numClasses);
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Information gain is 0 when we have a perfect split:

∑

c∈C

P (c) log2 P (c)

So if we see a gain of 0, we can’t do any better. This will often happen
for decision tree nodes with few points!
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for (size_t i = 1; i <= gains.n_elem; ++i)

{

if (data(dimension, sortedIndices[i]) ==

data(dimension, sortedIndices[i - 1]))

continue;

// Calculate the gain for the left and right child.

const double leftGain = InfoGain(

sortedLabels.subvec(0, i - 1), numClasses);

const double rightGain = InfoGain(

sortedLabels.subvec(i, data.n_cols - 1), numClasses);

// Calculate the fraction of points in the left and right children.

const double leftRatio = double(i) / double(sortedLabels.n_elem);

gains[i - 1] = leftRatio * leftGain + (1. - leftRatio) * rightGain;

}
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for (size_t i = 1; i <= gains.n_elem; ++i)

{

if (data(dimension, sortedIndices[i]) ==

data(dimension, sortedIndices[i - 1]))

continue;

// Calculate the gain for the left and right child.

const double leftGain = InfoGain(

sortedLabels.subvec(0, i - 1), numClasses);

const double rightGain = InfoGain(

sortedLabels.subvec(i, data.n_cols - 1), numClasses);

// Calculate the fraction of points in the left and right children.

const double leftRatio = double(i) / double(sortedLabels.n_elem);

gains[i - 1] = leftRatio * leftGain + (1. - leftRatio) * rightGain;

if (gains[i - 1] == 0.0)

break; // The split is optimal---stop searching.

}
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for (size_t dim = 0; dim < data.n_rows; ++dim)

{

double dimGain, splitVal;

BestBinarySplit(dim, data, labels, numClasses, dimGain, splitVal);

if (dimGain > bestGain)

{

bestGain = dimGain;

bestDim = dim;

bestSplitValue = splitVal;

}

}
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for (size_t dim = 0; dim < data.n_rows; ++dim)

{

double dimGain, splitVal;

BestBinarySplit(dim, data, labels, numClasses, dimGain, splitVal);

if (dimGain > bestGain)

{

bestGain = dimGain;

bestDim = dim;

bestSplitValue = splitVal;

if (bestGain == 0.0)

break; // Split is optimal---stop searching.

}

}
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Modern processors have far more than one core...

An easy way to exploit this is with OpenMP.

OpenMP allows us to define individual tasks with the

#pragma omp task

directive. We can use one of these each time we recurse...



__
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// Recurse and build children.

node->left = new DecisionTree();

SplitNode(node->left, data.cols(0, left - 1),

labels.subvec(0, left - 1), numClasses);

node->right = new DecisionTree();

SplitNode(node->right, data.cols(left, data.n_cols - 1),

labels.subvec(left, data.n_cols - 1), numClasses);
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// Recurse and build children.

if (data.n_cols > 100)

{

// Build children in parallel.

// ...

}

else

{

// Build children serially.

node->left = new DecisionTree();

SplitNode(node->left, data.cols(0, left - 1),

labels.subvec(0, left - 1), numClasses);

node->right = new DecisionTree();

SplitNode(node->right, data.cols(left, data.n_cols - 1),

labels.subvec(left, data.n_cols - 1), numClasses);

}
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if (data.n_cols > 100)

{

// Build children in parallel.

#pragma omp task

{

node->left = new DecisionTree();

SplitNode(node->left, data.cols(0, left - 1),

labels.subvec(0, left - 1), numClasses);

}

#pragma omp task

{

node->right = new DecisionTree();

SplitNode(node->right, data.cols(left, data.n_cols - 1),

labels.subvec(left, data.n_cols - 1), numClasses);

}

#pragma omp taskwait

}

else // Build serially ...
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Now we have to compile with the -fopenmp option!
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__

Most modern processors support SIMD (single instruction multiple data)
instructions.
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Most modern processors support SIMD (single instruction multiple data)
instructions.

gcc (and clang) can and may (depending on options) auto-vectorize
simple loops:

for (size_t i = 0; i < numClasses; ++i)

{

const double f = ((double) counts[i] / (double) labels.n_elem);

if (f > 0.0)

gain += f * std::log2(f);

}
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But what about more complicated indirect-access-type loops?

// Count the number of elements in each class.

arma::uvec counts(numClasses, arma::fill::zeros);

for (size_t i = 0; i < labels.n_elem; ++i)

counts[labels[i]]++;
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But what about more complicated indirect-access-type loops?

// Count the number of elements in each class.

arma::uvec counts(numClasses, arma::fill::zeros);

for (size_t i = 0; i < labels.n_elem; ++i)

counts[labels[i]]++;

This turns out to be a really hard problem. We want something like this:

counts[0] += a[0];

counts[1] += a[1];

counts[2] += a[2];

counts[3] += a[3];

Can we get there?
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counts[0] += a[0];

counts[1] += a[1];

counts[2] += a[2];

counts[3] += a[3];



__

counts[0] += a[0];

counts[1] += a[1];

counts[2] += a[2];

counts[3] += a[3];

Then a must be some kind of partial count of the number of labels in each
class.
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(seems like a non sequitor)

Most modern processors also support the POPCNT (population count)
instruction. In a single instruction, we can count the number of 1 bits in
a 64-bit vector.

0xFF00FF00 → 16 in a single instruction!

● We want a partial count.
● Population counts can count 64 one-bit values extremely quickly.

Encode our labels as bitsets!

One bitset for whether or not the label is class 0, one bitset for whether or
not the label is class 1, and so forth...
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One bitset for whether or not the label is class 0, one bitset for whether or
not the label is class 1, and so forth...
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So given the labels

[0, 2, 0, 1, 1, 3, 0, 0],

we want to construct the bitsets

[1, 0, 1, 0, 0, 0, 1, 1],
[0, 0, 0, 1, 1, 0, 0, 0],
[0, 1, 0, 0, 0, 0, 0, 0],
[0, 0, 0, 0, 0, 1, 0, 0]

4 POPCNTs to evaluate 8 labels vs. 8 iterations of a loop! (and with more
labels it gets significantly faster...)
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So the overall strategy is going to be this:

● In BestBinarySplit(), when we sort the labels, instead assemble
the sorted bitsets.
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So the overall strategy is going to be this:

● In BestBinarySplit(), when we sort the labels, instead assemble
the sorted bitsets.

● In InfoGain(), use the sorted bitsets to do something like below:

// Four POPCNT instructions! (or go buy an AVX-512 processor!)

a[0] = popcnt64(bitset[0][i]);

a[1] = popcnt64(bitset[1][i]);

a[2] = popcnt64(bitset[2][i]);

a[3] = popcnt64(bitset[3][i]);

// One AVX2 vector add instruction!

counts[0] += a[0];

counts[1] += a[1];

counts[2] += a[2];

counts[3] += a[3];
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Let’s talk about memory alignment issues.
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More decision trees and fast implementations?

A fast C++ machine learning library with emphasis
on flexibility and efficiency. Now with Python bind-
ings! More implementation tricks there than what’s
been shown here.

http://www.mlpack.org

https://github.com/mlpack/mlpack/

http://www.mlpack.org
https://github.com/mlpack/mlpack/
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Your BOSS is impressed with your

IMPLEMENTATION. He says the great job you

did has inspired him to give you much more

WORK. It seems for now that your JOB is

secure.

?
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Your BOSS is impressed with your

IMPLEMENTATION. He says the great job you

did has inspired him to give you much more

WORK. It seems for now that your JOB is

secure.

? inventory

You possess the following TRICKS:

- Avoid unnecessary copies and memory

allocations.

- Terminate the algorithm early if

possible.

- Use parallelism when possible.

- Exploit SIMD or other processor-specific

instructions.

There are many more TRICKS. Search the

WORLD to find more.

?
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