MICRO-30 : Correlation Profiling 1 Toronto

Carnegie Mellon

Predicting Data Cache Misses in Non-Numeric

Applications Thr ough Corr elation Pr ofiling

Todd C. Mowry Computer Science Department

Car negie Mellon University

Chi-Keung Luk Department of Computer Science University of T oronto

MICRO-30 : Correlation Profiling 2 Toronto

Carnegie Mellon

Softwar e-Based Latency T olerance T echniques

Examples:

• prefetching, scheduling non-blocking loads early, etc.

Advantages:

• exploit knowledge of application-wide behavior • flexible • minimal har dwar e support

Key Challenge:

• maximizing gain while minimizing over heads

apply only to dynamic refer ences that suf fer misses

Promising appr oaches for addr essing the memory latency pr oblem

MICRO-30 : Correlation Profiling 3 Toronto

Carnegie Mellon

Predicting Data Cache Misses

Numeric Applications:

• static locality analysis works r easonably well [Mowry et al , 1992]

• strip-mining, peeling, etc. can be used to isolate miss instances

Non-Numeric Applications:

• static locality analysis is extr emely difficult :

• pointers, complex contr ol flow, etc.

one possibility: use profiling infor mation

MICRO-30 : Correlation Profiling 4 Toronto

Carnegie Mellon

State-of-the-Art: Summary Pr ofiling

Information Collected:

• precise miss ratio of each memory r efer ence

Latency T olerance Strategy: all-or -nothing for a given r efer ence

The Problem: refer ences with inter mediate miss ratios

Ideally: precisely isolate dynamic miss instances our solution: Corr elation Pr ofiling

Ref_i

(misses/r efs)

0 Threshold

Ref_j Ref_k

Applied Not Applied Hits Misses 100%

Refs Breakdown

Ideal:

Threshold = V/L V = overhead L = latency

wasted overhead

Applied

Ref_j lost opportunities

Not Applied

Ref_k

MICRO-30 : Correlation Profiling 5 Toronto

Carnegie Mellon

Corr elation Pr ofiling

Information Collected:

• precise miss ratios of dynamic contexts

• context: instances of a r ef. with a common distinguishable patter n

Latency T olerance Strategy:

• contexts ar e statically isolated in the code • decision is made on a context-by-context basis

enables further r efinement of the optimization strategy

Context A Context B Context C Context D

Ref_i 400

100 100 100 100

Applied Not Applied Not Applied

Applied

Hits Misses

MICRO-30 : Correlation Profiling 6 Toronto

Carnegie Mellon

Goals

• Can corr elation pr ofiling of fer impr oved pr ediction accuracy?

• Can we translate this impr oved accuracy into per formance gains?

• When and why does corr elation pr ofiling succeed?

we must be able to statically isolate contexts in the sour ce code

MICRO-30 : Correlation Profiling 7 Toronto

Carnegie Mellon

Overview

Corr elation Pr ofiling Techniques

• Contr ol-Flow Corr elation

• Self Corr elation

• Global Corr elation

• Experimental Results

• Exploiting Corr elation Pr ofiling in Practice

• Conclusions

MICRO-30 : Correlation Profiling 8 Toronto

Carnegie Mellon

Contr ol-Flow Corr elation

• Corr elate cache outcomes with r ecent contr ol-flow paths

• Useful for detecting data r euse or cache displacement

void walk(node* p){
  int dt = p->data;
  work(dt);
  if (go_left(dt))
    p = p->left;
  elsif (go_right(dt))
    p = p->right;
  elsif (go_up(dt))
    p = p->up;
  elsif (go_down(dt))
    p = p->down;
  else p = NULL;
  if (p != NULL) walk(p);
  else return;
}

A B

C D

P Q

R S contr ol-flow corr elated

MICRO-30 : Correlation Profiling 9 Toronto

Carnegie Mellon

Self Corr elation

• Corr elate cache outcome with N pr evious instances of the same load

• Useful for detecting:

• spatial locality non-obvious to compilers • runs of all hits, all misses

preorder(treeNode* p) {
  if (p != NULL) {
    work(p->data);
    preorder(p->left);
    preorder(p->right);
  }
}

1 2 3 4 5 6 7 8

9 10 11 12 13 14 15

preor der traversal self cache outcomes M M H M H M H M H M H M H M H

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

self corr elated

MICRO-30 : Correlation Profiling 10 Toronto

Carnegie Mellon

• Corr elate cache outcome with N pr evious instances of any loads

• Useful for detecting bursty patter ns acr oss multiple loads

Global Corr elation

while (1) {
  int i = hash(get());
  listNode* curr = htab[i];
  while (curr != NULL){
    work(curr->data);
    curr = curr->next;
  }
}

                                             htab[10]
                                             A->data
                                             A->next
                                             B->data
                                             B->next
                                             ...
                                             htab[311]
                                             G->data
                                             G->next
                                             ...
                                             htab[10]
                                             A->data
                                             A->next
                                             B->data
                                             B->next

M M H M H ... M M H ... H H H H H global memory accesses global cache outcomes

     htab

10

311

               A B

               G

globally corr elated

MICRO-30 : Correlation Profiling 11 Toronto

Carnegie Mellon

Overview

Corr elation Pr ofiling Techniques

Experimental Results

• Framework

• Case Study: li

• Overall Results

• Exploiting Corr elation Pr ofiling in Practice

• Conclusions

MICRO-30 : Correlation Profiling 12 Toronto

Carnegie Mellon

Experimental Framework

Benchmarks (22 in total):

• SPECint: all of 95, r emaining fr om 92 • SPLASH-2: unipr ocessor versions of raytrace, radiosity • Olden : 8 pointer-intensive applications • UNIX utilities: awk

Compiler:

• MIPS C compilers with -O2 under Irix 5.3

Simulator:

• driven by full pixie traces • simplified version of CELLO

• models a per fectly-pipelined single-issue pr ocessor

MICRO-30 : Correlation Profiling 13 Toronto

Carnegie Mellon

Case Study: li

all thr ee corr elation pr ofiling schemes impr ove pr ediction accuracy

Misprediction Count

1

3 4 5 6

53 54 55

57 58

2

56 traversal tree link chunk 1 chunk 2 miss hit

Predict HIT / Actual MISS Predict MISS / Actual HIT P = summary C = contr ol-flow S = self G = global

V / L = overhead to latency ratio

MICRO-30 : Correlation Profiling 14 Toronto

Carnegie Mellon

Corr elation pr ofiling r educes lost opportunities and/or wasted overhead

Per formance of li

Predict HIT / Actual MISS (lost opportunities)

Predict MISS / Actual HIT (wasted overhead)

Predict MISS / Actual MISS (useful overhead) Busy

MICRO-30 : Correlation Profiling 15 Toronto

Carnegie Mellon

• All three schemes of fer significant impr ovements in pr ediction accuracy

• Self: recognizes (i) non-obvious spatial locality, (ii) runs of all hits / misses

• Global: essentially assimilates self corr elation

• Contr ol-flow: captur es call-chain dependent behaviors

Impact on Pr ediction Accuracy

Predict HIT / Actual MISS

Predict MISS / Actual HIT

MICRO-30 : Correlation Profiling 16 Toronto

Carnegie Mellon

Exploiting Corr elation Pr ofiling in Practice

• Easiest case to exploit is contr ol-flow corr elation using procedur e cloning

• Different caching behaviors r esult fr om:

• different call-site ar guments • depth in r ecursion

• Per formance study for pr efetching in our technical r eport

   foo(T* p) {

     ...
     load X;
     ...
   }

...
foo(r);
...

          ...
          foo(s);
          ...

Miss Hit

...
foo_0(r);
...

               ...
               foo_1(s);
               ...

Original

foo_0(T* p){

 ...
 load X;
 ...
}

               foo_1(T* p){
                prefetch X;
                ...
                load X;
                ...
               }

Latency- Tolerant

clone

MICRO-30 : Correlation Profiling 17 Toronto

Carnegie Mellon

Conclusions

• Corr elation pr ofiling of fers impr oved accuracy over summary pr ofiling:

• contr ol-flow corr elation: call-chain dependent behaviors • self corr elation: spatial locality, runs of all hits/misses • global corr elation: bursty misses (subsumes self corr elation)

• Corr elation pr ofiling can be exploited in practice:

• collecting pr ofiling infor mation:

• informing memory operations [Hor owitz et al , 1996] • isolating dynamic miss instances:

• procedur e cloning (& other code-duplication techniques)

• Detailed case studies can be found in our technical r eport:

corr elation pr ofiling may enable mor e aggr essive softwar e-based latency-tolerance techniques

CMU-CS-97-175, http://www.cs.cmu.edu/~tcm

MICRO-30 : Correlation Profiling 18 Toronto

Carnegie Mellon

Execution T ime (L = 50 cycles)

Predict HIT / Actual MISS

Predict MISS / Actual HIT

Predict MISS / Actual MISS

Busy

MICRO-30 : Correlation Profiling 19 Toronto

Carnegie Mellon

Experimental Methodology

Corr elation-pr ofiled loads:

• a load instruction is corr elation pr ofiled only if

• 10% < miss ratio < 90%, and • among the top 15 loads in ter ms of total cache miss count

History lengths:

• contr ol-flow corr elation: 50 - 200 basic blocks • self and global corr elation: 32 previous cache outcomes

Cache configuration:

• single-level data cache, 2-way set-assoc., 32-byte lines • cache size ranges fr om 4 - 128 KB:

• chose the size r esulting in the most corr elation-pr ofiled loads

MICRO-30 : Correlation Profiling 20 Toronto

Carnegie Mellon

Applying Corr elation Pr ofiling to Pr efetching

• Use pr ocedur e cloning to isolate dynamic instances

• Adapt the pr efetching strategy to the call sites

Corr elation pr ofiling r educes overheads without sacrificing the gain

L1 I & D-Caches 32KB, 2-way set assoc. L2 Cache 2MB, 2-way set assoc. Line Size 32 B L1-to-L2 Miss Latency 12 cycles L1-to-Memory Miss Latency 75 cycles D-Cache Miss Handlers 8 D-Cache Banks 2 D-Cache Fill T ime 4 cycles Main Memory Bandwidth 1 access / 20 cycles

Memory Parameters for our MIPS R10K Simulator

load stall store stall inst stall busy

N = no pr efetching S = summary pr ofiling C = corr elation pr ofiling

MICRO-30 : Correlation Profiling 21 Toronto

Carnegie Mellon

Suite Name Insts Loads Load Miss Rate CP Load Refs CP Load Misses

SPECint 95 m88ksim 132M 22M (17%) 0.8% 1% 48%

perl 79M 15M (18%) 12.3% 21% 95%

go 568M 121M (21%) 7.1% 10% 23%

ijpeg 1438M 266M (18%) 2.7% 2% 17%

vortex 2838M 830M (29%) 3.3% 7% 48%

compr ess 39M 8M (20%) 3.9% 6% 87%

gcc 282M 61M (22%) 1.4% 2% 40%

li 228M 54M (24%) 4.0% 8% 73%

SPECint 92 sc 833M 143M (17%) 9.2% 26% 92%

espr esso 560M 112M (20%) 2.2% 6% 70%

eqntott 986M 210M (21%) 5.5% 14% 77%

SPLASH-2 raytrace 2105M 588M (28%) 4.8% 10% 53%

radiosity 996M 236M (24%) 0.4% 1% 32%

Olden bh 2326M 667M (29%) 1.0% 3% 82%

mst 90M 14M (16%) 6.9% 17% 91%

perimeter 123M 17M (14%) 2.3% 5% 88%

health 8M 2M (25%) 9.0% 20% 84%

tsp 825M 239M (29%) 1.0% 1% 37%

bisort 732M 132M (18%) 2.5% 6% 74%

em3d 420M 73M (17%) 1.4% 4% 98%

voronoi 263M 87M (16%) 1.3% 4% 57%

Unix Utilities awk 70M 9M (7%) 7.6% 16% 90%

Dynamic Benchmark Statistics