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GOAL: MAPPING:
to minimize the enegy and determines the workload'’s
latency of running Al kernels execution on the hardware
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Contributions

Mapping Formalization

Mathematical formulation

of the mapping problem. Map-space size analysis.

SoA Analysis
New Mapping Tool: FactorFlow

Many mapping techniques.

No current mapping tool Three novel robust heuristics to map GEMMSs.

focuses on GEMMS.

Mapping Tools Comparison

FactorFlow finds 1-161x better mappings in up to
205x less time than four SoA tools.



General Matrix Multiplication (GEMM)

Definition: Nested Loop Form:

T oW s o,
or m in [OQ,M):
. Out In € MKXN for k in [0,K):

W € Mok for n in [O,N):

M 1 ' Out[m,n] +=
ot ﬂ-. Out, Bias € My«n W[m, k] -In[k,n]

* Each operand is orthogonal to a loop = data reuse

Multiply and
Accumulate (MAC)

* Regular data dependencies = parallelism opportunities

* Loop order is arbitrary, a loop can be split in multiple copies.



Spatial Architectures (SAs)

Components:

* Array of Processing Elements (PEs)
* Memory hierarchy

* Interconnects

Modeled as a hierarchy of levels:
* Memory level

* Spatial fanout level

* Compute level

[S—Y <Sp. Fanout Level>]

DRAM

<Memory Level>

v

SRAM Buffer

<Memory Level>

AArX

[3—X <Sp. Fanout Level>]

¥

RF

PE
\

v

RF

— PE —

RF) (RF| [ RF
LPEHPEHPEJ
| | |

Y

N_PEJ
|

RF) (RF) [RF
LPEJ_[PEJ_[PEJ

=

~

10s GIB
slow

<1 MiB
fast

<1 KIB
Instant

" Registers

<Memory Level>

<Compute Level>

-
b ™
“\
-
»
-~

P E{ M AC!/




Performance and Data Reuse

Performance metrics:

* Energy

* Latency

* Energy-Delay Product (EDP)

Energy and latency of memory

accesses dominate those of compute.

Memory hierarchy and
interconnects = exploit data reuse!

Multiple PEs = exploit parallelism!

Source: [11]
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Performance and Data Reuse

* Many types of reuse

* Arbitrary data allocation

* Flexible data movement

* Several orders of computation

= A mapping exploits data
reuse and parallelism!
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The Mapping Problem
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The Mapping Problem

B

WITH MINIMAL ENERGY
AND LATENCY

How: by distributing prime factors
of total loop iterations to SA levels.

Source: [5, 6]
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Tiling
Fits operands on memory levels by tiling them.

Modeled by allocating GEMM iterations to each memory level.
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Parallelism Strategy

Unfold some iterations in parallel over the PEs array.

Modeled by replicating GEMM's loops on each spatial fanout level.

Let “pfor” indicate spatial iterations.
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The order of each loop triplet dictates a dataflow.

Loop Ordering

The operand orthogonal to the innermost loop is reused.

Input Stationary

for n in [0, N)

for k in [0, K)
for m in [6 M#1)
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Map-space: set of all
mappings for a
GEMM-SA pair.

The mapping problem
s complex because:
map-spaces are huge!

Major size contributor:

factor allocations!

I::tiling
parallelism strat.

Map-Space Sizes

Map-Space Size
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ource.

Mapper and Model Paradigm

estimate

feedback

Latency

Utilization

Objective: Minimize the EDP
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SoA Mapping Tools

Limitations:

* Focused on convolutions
(GEMMs as a byproduct)

* Lack of comparison with
each other

Mapping Tool Approach Flexible
Timeloop [5] random search yes
GAMMA [6] genetic algorithm no

FLASH [7] exhaustive no
LOMA [8] exhaustive pruned yes
SALSA [9 simulated annealing yes
CoSA [10] mixed integer programming yes
In
W=Q=1
Out T
. VY(fiIters) /
R=1 i P=N
H=P=N

d

C=K
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Our Appoach: FactorFlow

* Specialized for GEMMs

FactorFlow : Map-Space Exploration
N start
- N\ until exhaustin
CO M p 'ISeS a INda p pe 8 GEMM Specn‘lcatlon - Iterate Permutations permutationsg alse
e Adaptive Programming < < >j
a nd a mOdel . [M . L e Buffer past solutions y
4 \
. Ret
Architecture ¢ equi-dataflow match ;el;;n
' Memories | else Mapping
* Implements three Suffer : e — _Found
Fanouts Fanout Maximization [Resume fmm]
r \ e Prevent underutilization -
nOvel heu rIStICS Compute L Try all extreme cases y Past Solution
rConstraints‘ . J'- l ’CurrentJ—\
) ’ Factors LMapping
, . Allocation g% Starting Point
Iterate Permutations Pl . Greedy local l else
4 N\ =3 for min [0, M): search
Locally |
@ for k in[0, K): e Robust ’
+ Optimal DD: ?c(r)rnl?n[[o, |\)|); starting point Eg Try Adjiacents < new best
Mapping - _ :
. : \. /| 7al| for min [0, M): Analytical
[FanOUt MaXImlzatlon] " Estimated | t% e (m| (T N Model |——Estimate Metrics—® Select Best
v crergy and |l FH ]
for k in [0, K): * latency
L Latency ) E Or<<|\l/|anC>>) \\ e utilization j/

[ Factors Allocation ]




Analytical Model

* Fully flexible, can model most SAs * Three passes over the SA hierarchy

* Functionally equivalent to Timeloop [5] Max measured execution time: 1T ms

[ Analytical Model
pass 1

I pass 2 ‘

pass 3

Compute Memory Accesses Compute Latency and Stalls Estimate Energy and Bottlenecks
l() / - e @ total cycles lo reads/writes
0 tile sizes | 0 « total cycles
ll ‘ e fills o reads o stalls ¢ real bandwidth . Op. energygl ‘
l e drains e updates e leakenergy
cycles ideal ) energy
217 ] l3 pertile  bandwidth Ve e I®
l1 tile sizes ll ¢ ... ... _®
3 b4 « stalls » real bandwidth ehergy
o fills e reads
l4 ! e drains e updates l cycles deal ! argmazx;c g Energy(l)
e | pertile  bandwidth o argmazcgStalls(l)

I
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Step 1: Iterate Permutations

Exhaustively try loop permutations.  Total permutations: 6"evets

Perm. 1 Perm. 2 Perm. 3
for ng in [0, 1) for ng in [0, 1) for kg in [0, 1)
for mg in [0, 1) for kg in [0, 1) for mg in [0, 1)

for kg in [0, 1) for mg in [0, 1) for ng in [0, 1)

Fanout Maximization Fanout Maximization Fanout Maximization

[Iterate Permutationsj%—% -

Fanout Maximization Fanout Maximization Fanout Maximization

Perm. 4 Perm. 5 Perm. 6
for kg in [0, 1) for mg in [0, 1) for mg in [0, 1)
for ng in [0, 1) for ng in [0, 1) for kg in [0, 1)
for myg in [0, 1) for kg in [0, 1) for ng in [0, 1)

Target decision:
loop ordering

15



Step 1: Iterate Permutations

Exhaustively try loop permutations.

Equi-dataflow: same relative order
of loops with >1 iteration, same EDP.

Adaptive programming: speedup

exploration of equi-dataflow

permutations by restarting from a
past solution'’s factors allocation.

Must buffer past solutions.

Equi-dataflow matches are likely,

as are loops with 1 iteration.

Total permutations: 67'¢vets

Current

( Past Solution

equi-dataflow

for mg in [0, 1)
for kg in [0, 1)

for ng in [0, 1) L\L for ng in [0, 8)

for kg in [0, 16)
for mg in [0, 1)

W Resumption Point

J

for mg in [0, 1)
for kg in [0, 16)
for ng in [0@, 8)

[Iterate Permutations]—P Factors Allocation

Current

( Past Solution

not equi-dataflow

for ng in [0, 1) for kg in [0, 16)
for mg in [0, 1) X for mg in [0, 1)
for kg in [0, 1) for ng in [0, 8)

\

J

Starting Point

GEMM: M: 64 K:48 N: 8—
for ng in [0, 64) «——
for mg in [0, 48) <«
for kg in [0, 8) <«

[Iterate Permutations]—P Fanout Maximization

15.1



Step 2: Fanout Maximization

: ‘re : : : Target decision:
Higher utilization increases reuse and parallelism. parallelism strategy

Try all mappings saturating instances with different spatial dimensions.

Spatial Architecture: Starting Point Maximize M Maximize K
— for mg in [0, 64)  for mg in [0, 16) v for mg in [0, 64)
SRAM Buffer Lo for kg in [0, 48) E for kg in [0, 48) E for kg in [0, 8)
<Memory Level> for ng in [0, 8) for ng in [0, 8) for ng in [0, 8)
A AR B ~ pfor my in [0, 1) ' pfor my in [0, 4) ' pfor my in [0, 1)
'M/K <Sp. Fanout Level>) _—l1— pfor ky in [@, 1) ' pfor kg in [0, 1) ' pfor kg in [0, 6)
N v M pfor ny in [0, 1) pfor ny in [0, 1) pfor ny in [0, 1)
3 | (RF RF RF ) |-lo—— - R e
c || PE PE PE Utilization: 1/6 ! Utilization: 4/6 ! Utilization: 6/6
E RF RF RF [Fanout I\/Iaximization]i Factors Allocation E Factors Allocation
_J | PE PE PE | i }



Step 3: Greedy Descent Factors Allocation

Local search between adjacent mappings, reach local optimality.

Adjacency: two mappings differing by a single moved prime factor.

Starting point: all unused prime factors on the first level.

H

Factors Allocation

EDPoU: 16
for mg in [0, 16)

for k@ in [9, 48)
for ng in [0, 8)
pfor my 1n [Q, 4) 2
pfor ki1 1n [0, 1)
pfor nq1 1in [0, 1)
for my in [0, 1)

for ko, in [0, 1)
for ny, in [0, 1)

EDPoU: 14

for mg in [0, 8)
for k@ in [9, 48
for ng in [0, 8)
pfor my 1n [0, 4)
pfor ki1 1n [0, 1)

\ pfor nq1 1in [0, 1)
for my in [0, 2)

for ko, in [0, 1)
_ for ny, in [0, 1)
Adjacency

O »O

Target decision:tiling

17



Step 3: Greedy Descent Factors Allocation

Local search between adjacent mappings, reach local optimality.

G EDPoU: 16 EDPoU: 14 EDPoU: 12 EDPoU: 10 EDPoU: 6
for mg in [0, 16) for mg in [0, 16) for mg in [0, 16) for mg in [0, 16) for mg in [0, 8)
for kg in [0, 48) for kg in [0, 24) for kg in [0, 8) for kg in [0, 8) for kg in [0, 8)
for ng in [0, 8) for ng in [0, 8) for ng in [0, 8) for ng in [0, 4) for ng in [0, 4)
for my in [0, 1) for my in [0, 1) for my in [0, 1) for my in [0, 1) for my in [0, 2)
S for k, in [0, 1) for k, in [0, 2) for k, in [0, 6) for k, in [0, 6) for k, in [0, 6)
= for ny, in [0, 1) for ny, in [0, 1) for ny, in [0, 1) for ny, in [0, 2) for ny in [0, 2)
8 [ >(.) >C) """""""""""""""" 'C)< d
= | Starting Adjacency
< Point
% PO - - O
S| for mg in [0, 8) for mg in [0, 8) for mg in [0, 8) for mg in [0, 8) for mg in [0, 8)

2 for kg in [0, 48) for kg in [0, 16) for kg in [0, 8) for kg in [0, 4) for kg in [0, 4)
LL for ng in [0, 8) for ng in [0, 8) for ng in [0, 8) for ng in [0, 8) for ng in [0, 4)
for my in [0, 2) for my in [0, 2) for my in [0, 2) for my in [0, 2) for my in [0, 2)

for ko, in [0, 1) for ky, in [0, 3) for ko, in [0, 6) for ky in [0, 12) for ky in [0, 12)
for ny, in [0, 1) for ny, in [0, 1) for ny, in [0, 1) for ny, in [0, 1) for ny in [0, 2)
o EDPoU: 12 EDPoU: 11 EDPoU: 9 EDPoU: 8 EDPoU: 5

17.1



Step 3: Greedy Descent Factors Allocation

Local search between adjacent mappings, reach local optimality.

Factors Allocation

EDPoU: 16
for mg in [0, 16)
for kg 1in [0, 48)
for ng in [0, 8)
for my in [0, 1)
for ky, in [0, 1)
for ny, in [0, 1)

EDPoU: 14
for mg in [0, 16)
for kg 1in [0, gﬂ)
for ng in [0, 8)
for my in [0, 1)
for ky 1in [0, 2)
for ny, in [0, 1)

|
Starting
Point

Adjacency

for mg in [0, 8)
for kg 1in [0, 48)
for ng in [0, 8)
for my in [0, 2)
for ky in [0, 1)
for ny, in [0, 1)

EDPoU: 12

>O
for mg in [0, 8)
for kg 1in [0, 1@)
for ng in [0, 8)
for my in [0, 2)
for ky 1in [0, 2)
for ny, in [0, 1)

EDPoU: 11

Empirically, local optimality often
leads to global optimality as well.

Fast and effective handling of the
most complex part of the map-space.

GEMM-SA Pair

Gemmini

Eyeriss

TTTTT
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Step 3: Greedy Descent Factors Allocation

Intuition: where to find optimal mappings.

|
2| for 2 In (2, 1) 128,/1%%//%// ;
|

/b size: 32 elems

64
@ local optimum
® global optimum 32 s
| 16 | !
possible greedy | :
descent path 8 —'— |
| I
4 O AN :
the local search |
chooses between local 2 T
and global optima 0 !
— e O) Ly
NS\

: _ |
MAP-SPACE 0 2 4 8 16 32 64 128 256 512 210 211 712 213M1

= one lattice point, one mapping. = remaining iterations are on /.
17.3
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DRAM <Memory Level> inf

Buffer | <Memory Level> |108 KiB
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Experimental Setup

4 SoA Spatial Architectures
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I
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I
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[Accumul. <Memory Level> | 4 KiB I [ Y <SpI Fanout Levels ]
[
I 16-K <Sp. Fanout Level> I [PE Accum. | <Memory Level> | 768 B ]

W Reg. | <Memory Level> 1B

[ 1 MAC <Compute Level> I
[ 1 MAC <Compute Level> ]

Gemmini [2] Simba [3]

10 GEMMs

DRAM

<Memory Level> inf

W DRAM = <Memory Level> inf

Buffer | <Memory Level> |24 MiB
W FIFO | <Memory Level> 256 KiB
[ 256-M <Sp. Fanout Level> ]
[ Accumul. | <Memory Level> | 16 KiB ]
[ 256-K <Sp. Fanout Level>
Regs. <MemcI)ry Level> = 2B
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GEMM

BERT Transformer [12]
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Normalized EDP

Normalized EDP

Comparison Results: EDP
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Comparison Results: EDP

Architecture: Gemmini
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Execution Time [s]

Execution Time [s]
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Comparison Results: Execution Time
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Comparison Results: Global Optima
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Conclusions

FactorFlow consistently finds equal or better mappings for GEMMs.

FactorFlow's heuristics are considerably faster than previous techniques.

Future Developments

FactorFlow redesign to target convolutions (mostly done).

Extension to accelerators based on in-memory computing.

(=] 25 £ (0]

FactorFlow is open-source, find it on GitHub: %
https://github.com/EM]Jzero/FactorFlow ) [u]
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