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• Basic approach to parallel programming


• Survey of parallel programming models


• Tradeoffs in representations

Today’s goals



Parallelism:

Use multiple resources to  
accomplish a goal faster.









Single-core is tapped out (mostly)





Sum all elements of a vector

fn main() { 
    let vec: Vec<i64> = (0..100000).collect(); 

    let mut sum = 0; 
    for i in vec { 
        sum += i; 
    } 

    println!("Sum: {}", sum); 
} 



2. Assignment

3. Orchestration

1. Decomposition: reduction

4. Mapping

use std::thread; 
use std::sync::Arc; 

const NUM_WORKERS: usize = 8; 

fn main() { 
    let vec: Arc<Vec<i64>> = Arc::new((0..100000).collect()); 

    let chunk_size = vec.len() / NUM_WORKERS; 

    let handles: Vec<thread::JoinHandle<i64>> = 
        (0..NUM_WORKERS).into_iter().map(|i| { 
        let vec_ref = vec.clone(); 
        thread::spawn(move || { 
            let mut sum = 0; 
            for j in (i * chunk_size)..((i + 1) * chunk_size) { 
                sum += vec_ref[j]; 
            } 
            sum 
        }) 
    }); 

    let mut final_sum = 0; 
    for handle in handles { 
        final_sum += handle.join().unwrap(); 
    } 

    println!("Sum: {}", final_sum); 
} 



OpenMP parallelizes for loops on CPU

“Each iteration of this loop is independent”

int main() { 
  int x[] = {1, 2, 3, 4, 5}; 

  #pragma omp parallel for 
  for (int i = 0; i < 5; ++i) { 
    x[i] = x[i] + 1; 
  } 
} 



CUDA parallelizes functions on the GPU

“Each call this function is independent”

__global__ void add_one(int *x) { 
  int index = blockIdx.x * blockDim.x + threadIdx.x; 
  x[index] = x[index] + 1; 
} 

int main() { 
  int x[256]; 
  int* x_gpu; 
  cudaMalloc(&x_gpu, 256 * sizeof(int)); 
  cudaMemcpy(x_gpu, x, 256 * sizeof(int), 
             cudaMemcpyHostToDevice); 

  add_one<<<1, 256>>>(x_gpu); 
} 



Problem: most of the hard work is left 
to the programmer.



int x = 1; 
int y = x + 2; 
int z = x * 3; 
printf("%d\n", z + y) 
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import tensorflow as tf 

a = tf.placeholder(tf.float32) 
b = tf.placeholder(tf.float32) 

c = a + b 
d = a * c 

with tf.Session() as sess: 
    result = sess.run([d], {a: 2, b: 3}) 
    print(result) 

TensorFlow = dataflow + tensors



TensorFlow = dataflow + tensors

import tensorflow as tf 

x = tf.constant([[1.0, 2.0], 
                 [3.0, 4.0]]) 
y = tf.constant([[1.0, 0.0], 
                 [0.0, 1.0]]) 
z = tf.matmul(x, y) 

with tf.Session() as sess: 
    print(sess.run(z)) 



Spark = RDDFlow (RDD[T] = Vec<T>)



Spark supports DAGs



Spark transformations and actions



Solution #1: partitioning



Solution #1: partitioning



Solution #2: streaming
fn main() { 
    // Non-streaming 
    let v = (0..(1024i64*1024*1024*1024)).into_iter(); 
    let v1: Vec<i64> = v.collect(); 
    let mut v2 = Vec::new(); 
    for x in v1 { 
        v2.push(x + 1); 
    } 
    println!("{}", v2[0]); 

    // Streaming 
    let v = (0..(1024i64*1024*1024*1024)).into_iter(); 
    let mut v2 = v.map(|x| x + 1); 
    println!("{}", v2.next().unwrap()); 
} 


