
Announcements / Reminders

•Pre-proposal due this Thursday (Jan 18) - use your GT login to access 
papers, if necessary


•HW1 due next Monday (Jan 22)


•PACE ICE down Jan 23-25


•Originally the plan was to release HW2 on Jan 25th due to PACE 
maintenance - I will release it earlier (on Jan 22nd) to allow extra time to 
read the handout. The deadline will stay the same (Feb 6)


•Please search for project partners via Ed discussion thread
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Previously on CSE 6230

2

Memory hierarchy

Caches (and associativity) -> also, a short sidebar to answer a question from last 
lecture

Memory latency and bandwidth

Ideal-Cache model

Matrix multiplication


Cache-aware algorithms

TO FINISH -> Cache-oblivious algorithms



Set associativity and resource augmentation 
Given an -way set-associative cache of total size k, assuming sets are 
chosen with a fully-random hash function,

α

3From “An Associativity Threshold Phenomenon in Set-Associative Caches,” Bender et al., SPAA ’23.

Recall: tradeoff in 
 between hit rate 

and search latency 
α

https://arxiv.org/pdf/2304.04954.pdf


Recall: Tiled (Blocked) matrix multiply
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Analysis of cache misses 
Tune s so that the submatrices just fit into cache: 


s = (M1/2).

Submatrix Caching Lemma implies (s2/B) 
misses per submatrix. 

Q(n) = ((n/s)3(s2/B) = (n3/(BM1/2). 

Θ
Θ

Θ Θ
Optimal 
[HK81]

void Tiled_Mult(double *C, double *A, double *B, int64_t n) { 
  for (int64_t i1=0; i1<n/s; i1+=s) 
    for (int64_t j1=0; j1<n; j1+=s) 
      for (int64_t k1=0; k1<n; k1+=s) 
        for (int64_t i=i1; i<i1+s && i<n; i++) 
          for (int64_t j=j1; j<j1+s && j<n; j++) 
            for (int64_t k=k1; k<k1+s && k<n; k++) 
              C[i*n+j] += A[i*n+k] * B[k*n+j]; 
}

From MIT 6.172

How?

Challenging in multilevel 
caches and multiprogrammed 

environments

Can we achieve cache 
optimality with none (or 

at least fewer) tuning 
parameters?



Divide and Conquer
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Recursive matrix multiplication
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Divide-and-conquer on nxn matrices:

8 multiply-adds of (n/2)x(n/2) matrices.
From MIT 6.172



Recursive code

7From MIT 6.172



Recursive code

8From MIT 6.172



Analysis of work
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W(n) = 8W(n/2) + (1)

= (n3)

Θ
Θ

From MIT 6.172



W(n) = 8W(n/2) + (1)Θ

Analysis of work

10From MIT 6.172



W(n) = 8W(n/2) + (1)Θ

Analysis of work

11From MIT 6.172



W(n) = 8W(n/2) + (1)Θ

Analysis of work

12From MIT 6.172



W(n) = 8W(n/2) + (1)Θ

Analysis of work

13From MIT 6.172



Analysis of cache misses

14From MIT 6.172



Analysis of cache misses

15From MIT 6.172



Analysis of cache misses

16From MIT 6.172



Analysis of cache misses

17From MIT 6.172



Analysis of cache misses

18From MIT 6.172



Efficient cache-oblivious algorithms
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•No tuning parameters.

•No explicit knowledge of cache sizes.

•Handle multilevel caches automatically (asymptotically optimally).

•Good in multiprogrammed environments (see: cache-adaptive algorithms).

From MIT 6.172

Memory
Processor 

Control
Arithmetic

Load

Store
Registers

No 
knowledge of 

B or M

https://www3.cs.stonybrook.edu/~bender/newpub/2014-BenderEbFi-soda-cache-adaptive.pdf


Next on CSE 6230
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Today: How do the theoretical models and analysis we learned last class 
pan out in practice? 

How can we further model specific machines and applications?



CSE 6230: 
HPC Tools and Applications

Helen Xu 
hxu615@gatech.edu

(Some slides from MIT’s OCW 6.172, UC Berkeley CS267, Sam Williams’ roofline talk)

Lecture 3: Practical Matrix 
Multiplication and the Roofline Model

+

mailto:hxu615@gatech.edu


Case study: Matrix multiplication 
(From MIT 6.172 OCW)
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(Square) Matrix Multiplication

23For simplicity, assume that n is a power of 2.

void Mult(double *C, double *A, double *B, int64_t n) { 
  for (int64_t i=0; i < n; i++) 
    for (int64_t j=0; j < n; j++) 
      for (int64_t k=0; k < n; k++) 
        C[i*n+j] += A[i*n+k] * B[k*n+j]; 
}  

From MIT 6.172



AWS c4.8xlarge Machine Specs

24
Peak = (2.9 x 109) x 2 x 9 x 2 x 8 = 839 GFLOPS

From MIT 6.172



Version 1: Nested loops in Python

25From MIT 6.172



Version 1: Nested loops in Python

26From MIT 6.172



Version 2: Java

27From MIT 6.172



Version 3: C

28From MIT 6.172



Where we stand so far

29From MIT 6.172



Interpreters are versatile but slow

30From MIT 6.172



JIT Compilation
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https://keeplearning.dev/jit-compiler-in-php-655d690f976c

JIT compilers can recover some of the 
performance lost by interpretation.

• When code is first executed, it is 

interpreted.

• The runtime system keeps track of 

how often the various pieces of code 
are executed.

• Whenever some piece of code 

executes sufficiently frequently, it gets 
compiled to machine code in real time.

• Future executions of the code use the 

more-efficient compiled version.

From MIT 6.172



Recall: Loop order

We can change the order of the loops in this program without affecting 
correctness.
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void Mult(double *C, double *A, double *B, int64_t n) { 
  for (int64_t i=0; i < n; i++) 
    for (int64_t j=0; j < n; j++) 
      for (int64_t k=0; k < n; k++) 
        C[i*n+j] += A[i*n+k] * B[k*n+j]; 
}  

void Mult(double *C, double *A, double *B, int64_t n) { 
  for (int64_t i=0; i < n; i++) 
    for (int64_t k=0; k < n; k++) 
      for (int64_t j=0; j < n; j++) 
        C[i*n+j] += A[i*n+k] * B[k*n+j]; 
}  

Q(n) = n· (n2/B) 
     = (n3/B)

Θ
Θ

Q(n) = (n3) 
(Worst case when 
B doesn’t fit into 

cache)

Θ

From MIT 6.172



Performance of different loop orders

33From MIT 6.172



Recall: Row-major order

34

In this matrix-multiplication code, matrices are laid out in memory in row-major 
order.

From MIT 6.172



Access pattern for order i, j, k

35From MIT 6.172



Access pattern for order i, k, j

36From MIT 6.172



Access pattern for order j, k, i

37From MIT 6.172



Cache performance with different orders

38From MIT 6.172



Version 4: Interchange loops
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What other simple changes can we try?

From MIT 6.172



Compiler optimization

40From MIT 6.172



Version 5: Optimization switches

41From MIT 6.172



Multicore parallelism

42

We’re running on just 1 of the 18 parallel processing cores on the system. 
What happens if we use them all?

Intel Haswell E5: 9 cores per chip


The test machine has 2 of these chips.

From MIT 6.172



Parallel loops
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 parallel_for (int64_t i=0; i < n; i++) 
 for (int64_t k=0; k < n; k++) 
 parallel_for (int64_t j=0; j < n; j++) 

        C[i*n+j] += A[i*n+k] * B[k*n+j]; 

Many parallel programming methods (e.g., OpenMP, Cilk, TBB, etc.) provide 
parallel for loops that allow all iterations of the loop to execute in parallel.

Which loops should we parallelize?

These loops can be 
(easily) parallelized

From MIT 6.172



Experimenting with parallel loops
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 for (int64_t i=0; i < n; i++) 
    for (int64_t k=0; k < n; k++) 
      parallel_for (int64_t j=0; j < n; j++) 
         C[i*n+j] += A[i*n+k] * B[k*n+j]; 

Parallel i loop
 parallel_for (int64_t i=0; i < n; i++) 
 for (int64_t k=0; k < n; k++) 
 for (int64_t j=0; j < n; j++)      

        C[i*n+j] += A[i*n+k] * B[k*n+j]; 

 parallel_for (int64_t i=0; i < n; i++) 
    for (int64_t k=0; k < n; k++) 
      parallel_for (int64_t j=0; j < n; j++) 
        C[i*n+j] += A[i*n+k] * B[k*n+j]; 

Parallel j loop

Parallel i and j loop

Runtime: 3.04s

Runtime: 531.71s

Runtime: 10.64s

(parallel loops here implemented in Cilk)

Rule of thumb: 
Parallelize outer 
loops rather than 

inner loops.

From MIT 6.172



Version 6: Parallel loops

45From MIT 6.172



Recall: Cache basics
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Cache is fast (expensive) memory which keeps a copy of the data; it is hidden 
from software.


Cache-line length: number of bytes loaded together in one entry (often 64 bytes).


Simple example: data at address xxxxx10 is stored at cache location 10.

Cache hit: access to a memory address in cache - cheap

Cache miss: non-cached memory access - expensive


Need to look in next, slower level of memory.

Processor 

Control 
Arithmetic 
Registers

Cache
Addr Value

xxxx00 ‘actg’
xxxx01
xxxx10
xxxx11

‘wait’
42
29

Memory
Addr Value

1001010 42
13

‘actg’
‘wait’

1001011
1001100
1001101
1001010
1001011
1001100
1001101

‘seen’
29

‘test’
8

Look for addr 
1001010 = hit

Look for addr 
10011101 = miss

From UC Berkeley CS267



Data reuse: Loops

47From MIT 6.172



Data reuse: Blocks

48From MIT 6.172



Tiled matrix multiplication

49

void Tiled_Mult(double *C, double *A, double *B, int64_t n) { 
  parallel_for (int64_t i1=0; i1<n; i1+=s) 
    parallel_for (int64_t j1=0; j1<n; j1+=s) 
      for (int64_t k1=0; k1<n; k1+=s) 
        for (int64_t i=i1; i<i1+s && i<n; i++) 
          for (int64_t k=k1; k<k1+s && k<n; k++) 

 for (int64_t j=j1; j<j1+s && j<n; j++) 
              C[i*n+j] += A[i*n+k] * B[k*n+j]; 
}

Tuning parameter: 
How do we find the 

right value of s? 
Experiment!

From MIT 6.172



Version 7: Tiling

50From MIT 6.172



Recall: Divide-and-conquer matrix multiplication

51From MIT 6.172



Serial cache-oblivious matrix multiplication
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// C += A * B 
void mm_dac(double *C, int n_C, double *A, int n_A, double *B, int n_B, int n) { 
  assert((n & (-n)) == n); 
  if (n <= 1) { 
    *C += *A * *B; 
  } else { 
#define X(M,r,c) (M + (r*(n_ ## M) + c)*(n/2)) 

mm_dac(X(C,0,0), n_C, X(A,0,0), n_A, X(B,0,0), n_B, n/2); 
mm_dac(X(C,0,1), n_C, X(A,0,0), n_A, X(B,0,1), n_B, n/2); 
mm_dac(X(C,1,0), n_C, X(A,1,0), n_A, X(B,0,0), n_B, n/2); 
mm_dac(X(C,1,1), n_C, X(A,1,0), n_A, X(B,0,1), n_B, n/2); 

mm_dac(X(C,0,0), n_C, X(A,0,1), n_A, X(B,1,0), n_B, n/2); 
mm_dac(X(C,0,1), n_C, X(A,0,1), n_A, X(B,1,1), n_B, n/2); 
mm_dac(X(C,1,0), n_C, X(A,1,1), n_A, X(B,1,0), n_B, n/2); 
mm_dac(X(C,1,1), n_C, X(A,1,1), n_A, X(B,1,1), n_B, n/2); 

} 
} 

From MIT 6.172



Parallelizing divide-and-conquer matrix multiply
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// C += A * B 
void mm_dac(double *C, int n_C, double *A, int n_A, double *B, int n_B, int n) { 
  assert((n & (-n)) == n); 
  if (n <= 1) { 
    *C += *A * *B; 
  } else { 
#define X(M,r,c) (M + (r*(n_ ## M) + c)*(n/2)) 

parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,0), n_A, X(B,0,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,0), n_A, X(B,0,1), n_B, n/2); 
parallel_sync; 
parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,1), n_A, X(B,1,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,1), n_A, X(B,1,1), n_B, n/2); 
parallel_sync; 

} 
} 

The child function call is 
spawned, meaning it may 
execute in parallel with the 

parent caller.

Sync means that control 
may not pass this point 

until all spawned children 
have returned.

From MIT 6.172



Parallelizing divide-and-conquer matrix multiply
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// C += A * B 
void mm_dac(double *C, int n_C, double *A, int n_A, double *B, int n_B, int n) { 
  assert((n & (-n)) == n); 
  if (n <= 1) { 
    *C += *A * *B; 
  } else { 
#define X(M,r,c) (M + (r*(n_ ## M) + c)*(n/2)) 

parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,0), n_A, X(B,0,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,0), n_A, X(B,0,1), n_B, n/2); 
parallel_sync; 
parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,1), n_A, X(B,1,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,1), n_A, X(B,1,1), n_B, n/2); 
parallel_sync; 

} 
} 

The base case is too small. 
We must coarsen to 

overcome function-call 
overheads.

Initial runtime: 93.93s 
…about 50x slower than 

the last version!

From MIT 6.172



Coarsening the recursion
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// C += A * B 
void mm_dac(double *C, int n_C, double *A, int n_A, double *B, int n_B, int n) { 
  assert((n & (-n)) == n); 
  if (n <= THRESHOLD) { 
    mm_base(C, n_C, A, n_A, B, n_B, n); 
  } else { 
#define X(M,r,c) (M + (r*(n_ ## M) + c)*(n/2)) 

parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,0), n_A, X(B,0,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,0), n_A, X(B,0,1), n_B, n/2); 
parallel_sync; 
parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,1), n_A, X(B,1,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,1), n_A, X(B,1,1), n_B, n/2); 
parallel_sync; 

} 
} 

Just one tuning 
parameter, for the size 

of the base case

From MIT 6.172



Coarsening the recursion
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// C += A * B 
void mm_dac(double *C, int n_C, double *A, int n_A, double *B, int n_B, int n) { 
  assert((n & (-n)) == n); 
  if (n <= THRESHOLD) { 
    mm_base(C, n_C, A, n_A, B, n_B, n); 
  } else { 
#define X(M,r,c) (M + (r*(n_ ## M) + c)*(n/2)) 

parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,0), n_A, X(B,0,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,0), n_A, X(B,0,1), n_B, n/2); 
parallel_sync; 
parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,1), n_A, X(B,1,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,1), n_A, X(B,1,1), n_B, n/2); 
parallel_sync; 

} 
} 

Just one tuning 
parameter, for the size 

of the base case

void mm_base(double *C, int n_C, double *A, int n_A, 
double *B, int n_B, int64_t n) { 
  for (int64_t i=0; i < n; i++) 
    for (int64_t k=0; k < n; k++) 
      for (int64_t j=0; j < n; j++) 
        C[i*n_C+j] += A[i*n_A+k] * B[k*n_B+j]; 

From MIT 6.172



Coarsening the recursion
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// C += A * B 
void mm_dac(double *C, int n_C, double *A, int n_A, double *B, int n_B, int n) { 
  assert((n & (-n)) == n); 
  if (n <= THRESHOLD) { 
    mm_base(C, n_C, A, n_A, B, n_B, n); 
  } else { 
#define X(M,r,c) (M + (r*(n_ ## M) + c)*(n/2)) 

parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,0), n_A, X(B,0,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,0), n_A, X(B,0,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,0), n_A, X(B,0,1), n_B, n/2); 
parallel_sync; 
parallel_spawn mm_dac(X(C,0,0), n_C, X(A,0,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,0,1), n_C, X(A,0,1), n_A, X(B,1,1), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,0), n_C, X(A,1,1), n_A, X(B,1,0), n_B, n/2); 
parallel_spawn mm_dac(X(C,1,1), n_C, X(A,1,1), n_A, X(B,1,1), n_B, n/2); 
parallel_sync; 

} 
} 

Just one tuning 
parameter, for the size 

of the base case

void mm_base(double *C, int n_C, double *A, int n_A, 
double *B, int n_B, int64_t n) { 
  for (int64_t i=0; i < n; i++) 
    for (int64_t k=0; k < n; k++) 
      for (int64_t j=0; j < n; j++) 
        C[i*n_C+j] += A[i*n_A+k] * B[k*n_B+j]; 

From MIT 6.172



Version 8: Divide and Conquer
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Caveat: Some work 
has found that 

carefully-tuned cache-
aware programs are 
faster than carefully-

tuned cache-oblivious 
programs.


See: “An experimental 
comparison of cache-
oblivious and cache-
conscious programs" 

by Yotov et al. ‘07

From MIT 6.172

https://dl.acm.org/doi/abs/10.1145/1248377.1248394
https://dl.acm.org/doi/abs/10.1145/1248377.1248394
https://dl.acm.org/doi/abs/10.1145/1248377.1248394
https://dl.acm.org/doi/abs/10.1145/1248377.1248394
https://dl.acm.org/doi/abs/10.1145/1248377.1248394
https://dl.acm.org/doi/abs/10.1145/1248377.1248394


Vector Hardware

59

We will have more in-
depth lectures later 
on SIMD in theory 

and in practice

From MIT 6.172



Vectorization flags

60From MIT 6.172



Version 9: Compiler vectorization

61From MIT 6.172



Intel vector intrinsics

Intel provides C-style functions, called intrinsic instructions, that provide direct 
access to hardware vector operations:

62

https://software.intel.com/sites/landingpage/IntrinsicsGuide

From MIT 6.172



Version 10: AVX Intrinsics

63From MIT 6.172



Comparison with Intel MKL

64From MIT 6.172



Comparison with Intel MKL
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You generally won’t see such extreme performance improvements 
(~50,000x) as we did for matrix multiplication. 

But in CSE 6230, we will learn general techniques for performance 
improvement of a wide variety of applications.

From MIT 6.172



The roofline model for performance 
(Slides inspired by UC Berkeley CS267)

66



What is a performance model?

67

A performance model is a mathematical description based on a simplified 
machine model (ignoring many details) that aims to come up with a 
quantitative estimate for expected performance.

https://hpc-wiki.info/hpc/Performance_model

Performance 
(Often runtime)

Bandwidth
Energy use

Clock speed

…and other factors

Memory footprint

Fraction of peakTotal work (in flops)

From UC Berkeley CS267



Why use a performance model?
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Performance models help us to understand and predict performance 
behavior without confounding factors from architectures, programming 
models, implementations, etc.

? ??

From UC Berkeley CS267



Why use a performance model?
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Help identify 
performance 
bottlenecks

Find where the 
bottleneck is 
(software? 
hardware? 
algorithm?)

Determine when 
we’re done 
optimizing

From UC Berkeley CS267



Roofline model

70
Samuel Williams, Andrew Waterman, David Patterson. "Roofline: an insightful visual performance model for multicore architectures.” 
Communications of the ACM 52.4 (2009): 65-76.

2847 citations!

Main idea: applications are limited by either compute peak or memory bandwidth.

Bandwidth bound - e.g., matrix-vector multiply

Compute bound - e.g., matrix-matrix multiply

Sam Williams
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Components of roofline model
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Maximum

achievable 


performance

for your application

Arithmetic performance (flops/s): 
Depends on clock speed and 

parallelism (e.g., SIMD, multicore)

Memory bandwidth (bytes/s): 
Not including latency (best case)

Computational (arithmetic) intensity: 
Application balances (flops/word or 

flops/byte)

M
ac

hi
ne

Ap
pl

ic
at

io
n
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Example machine:
Roofline performance model
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Example machine:
Roofline performance model

Top of the roof is the peak 
compute rate.
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How good is flops/s as a model?

74Image and related paper “Applying the Roofline Model” by G. Ofenbeck et al.

What’s a better 
model for DGEMV 

(dense matrix-
vector multiply)?
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Machine balance
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Machine balance =

https://www.hpcwire.com/2016/11/07/mccalpin-traces-hpc-system-balance-trends/

Peak Performance (flop/s)
Peak Bandwidth (bytes/s)

Ideally, balance ~ 1, but 
usually, it is much greater 
than 1 (and increasing).


Typical is 5-10 flops/byte.

From UC Berkeley CS267
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Computational (Arithmetic) Intensity

76

Computational intensity (CI) = Flops performed
Data moved (in bytes)

Depends on 
application

CI is a 
spectrum

From UC Berkeley CS267



(DRAM) Roofline
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Assuming idealized processors/caches and cold start (data in DRAM):

#FP ops / Peak flop/s

#bytes moved / peak bytes/s
Time = max

Peak flops/s

(#FP ops / #bytes moved) * peak bytes/s
= min#FP ops

Time

CPU(s)

DRAM

Bandwidth

(Bytes/s)
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Example machine:
Roofline performance model

Machine balance = 4
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Example machine:
Roofline performance model

Machine balance = 4
Slope = memory 
bandwidth
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Example machine:
Roofline performance model

Machine balance = 4
Slope = memory 
bandwidth

Balanced application 
uses max bandwidth 
and max flops/s
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Example machine:
Roofline performance model

(Memory) 
Bandwidth 

bound

Compute  
bound
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Three categories of software optimization

82
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Mul/add imbalance

w/out SIMD

w/out ILP

Example machine:
Maximizing attained in-core performance

No fused multiply-add (FMA), 
SIMD, instruction-level 
parallelism (ILP) will lower 
what is attainable.


Software optimizations such 
as explicit SIMD can 
increase the horizontal 
ceiling (what can be 
expected from the compiler).


Other examples include loop 
unrolling, reordering, etc.
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Example machine:
Maximizing attained memory bandwidth

Compilers won’t give great 
out-of-the-box bandwidth.


Increase bandwidth 
ceilings:

• NUMA aware allocation 

and parallelization

• Software prefetching

• Maximize memory-level 

parallelism (MLP)

W/out N
UMA optim

iza
tio

n

W/out S
W prefetch

Peak BW

NUMA = non-uniform 
memory access 

(some memory closer 
to some cores)
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Cache prefetching 

85

Prefetching is a technique that fetches 
instructions / data from their original storage 
before they are needed.


Hardware prefetching - triggered by two or more 
consecutive cache misses in succeeding or 
preceding cache lines (not necessarily unit stride).


Software prefetching - the compiler can insert 
instructions (or the programmer can manually add 
them) to prefetch specific addresses.

https://faculty.cc.gatech.edu/~echow/ipcc/hpc-course/HPC-proclevel.pdf

Needed to achieve full memory 
bandwidth capabilities
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Example machine:
Minimizing memory traffic

Use performance counters to 
measure empirical arithmetic 
intensity (flops/byte).


Might be much lower than 
the best case:

• Cache capacity / 

associativity

• Pad structures to avoid 

conflict misses

• Use cache blocking to 

avoid capacity misses

Peak BW
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Example machine:
Effective Roofline (before and after)

Before optimization, traffic, 
and limited bandwidth - 
performance is limited to a 
very narrow window.


After optimization, ideally, 
performance is significantly 
better.

Peak BW

W/out N
UMA optim

iza
tio

n

W/out S
W prefetch

Peak BW Mul/add imbalance

w/out SIMD

w/out ILP
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