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Programmable Accelerators (eg. GPUs) Fail to Handle
Arbitrary Control/Memory Dependence

Control Dependence s Memory Dependence
Arbitrary code

Request al3] | al0] | al5] | a[1] Arbitrary

Insight: Restricted control and memory dependence is
sufficient for many data-processing algorithmes.
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Outline

* Irregularity is ubiquitous
* Sufficient and Exploitable forms of and Memory dependence
e Example Workload: Matrix Multiply

* Exploiting data-dependence with SPU accelerator
* uArch: Stream-join Dataflow & Compute-enabled Scratchpad
e SPU Multicore Design

e Evaluating SPU

* Conclusion



Irregularity is Ubiguitous

Sparsity within dataset = Data-structures representing  Purpose to reorder data

(Machine Learning) relationships (Graphs) (Databases)
before pruning after pruning N
0.4 ,/Ki/ 0.6

pruning _ _ .

Synapses
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- =
neurons
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Pruned Neural Network Sorting
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Irregularity Stems from Data-dependence
Data-dependent aspects of execution

1. Control flow: if(f(a[i])) Restricted Control flow: Stream-Join

Restricted Memory Access: Alias-Free
Indirection

2. Memory Access: bla[1]]

Main-Insight: There are narrow forms of dependence which are:

* Sufficient to express many algorithms (from ML, graph analytics,
databases)
 Exploitable with minimal hardware overhead



Algorithm Classification

Restricted memory

Restricted control dependence

dependence

Alias-free
Indirect

No control/memory

General dependence

Irregularity



Regular Example:
Dense Matrix Multiply

Input Vector A (N)

0 2 0 3 0 4 0
* No data-dependence; X

Sparse matrix-multiply can be implemented in two ways:
1. Inner product: Data-dependent control

2. Outer product: Data-dependent memory

0

OlO0O|]O]0]O
0 11 0|0])0]|]6|0(O0
6 2 (3|41 0((0]0]O0

Input Matrix B (NxN)

Outp




Sparse Inner Product Multiply (stream-join)

CSR format: Compressed Sparse Row

A idx

B[O] idx

Output of
conditional

2 |3

5

t

o
=

val | 2 | 3| 4

total+=3*1

val | 1 | 4 | 1

Conditional output 0
means no multiplication

 Known memory access pattern, but unpredictability in control
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Sparse Inner Product Multiply (stream-join)

FLoat iijgfeggzgp‘“’w "1, r2) CSR format: Compressed Sparse Row
float total=0 ]
while(il<rl.cnt & & i2<r2.cnt) A idx|2]3]5 val | 2 |3 |4
if  (rl.idx[i1]==r2.idx[i2]) 4
total+=rl.val[il]*r2.val[i2]
il++; i2++ total+=3*1
elif (rl.idx[il1]> r2.idx[i2]) .
il++ |ndicative of B[O] idx| o | 1] 3 val | 1 | 4|1
else Stream-Join *
12++
Outputof [,Tolol1/o| Conditional outputO

conditional means no multiplication

 Known memory access pattern, but unpredictability in control

* Stream Join:
* Memory read can be independent of data*™
* Order that we consume streams of data is data-dependent
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Sparse Outer Product Multiply (Alias-free Indirection)

CSC: Compressed Sparse Column

idx [ 1|3 |5

A

val | 2| 3| 4

idx 0 1 5 3141]0 3 0 3
B
va | 1 2 2 3 2 4 3 1 1
C C C C
0/0 O(Z O<) O/Q)
C

* High memory unpredictability, but known control pattern

Accumulate
output
vector

* No unknown dependencies (only atomic updates: out[i]=out[1i]+prod[i])
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Sparse Outer Product Multiply (Alias-free Indirection)

float sparse mv(row rl, m2)

for i1=0 to rl.cnt, ++il
cid = rl.idx[il1]
for i2=ptr[cid] to ptr[cid+1]
out _vec[m2.idx[i2]] +=
rl.val[il]*m2.val[i2]
12++ Indirection

* High memory unpredictability, but known control pattern

A

B

CSC: Compressed Sparse Column

idx 11315
val [ 2| 3| 4
idx o(1(5] 3 0] 3 0] 3
va | 1 2 2 3 4 3 1 1
C C C C
0/0 O(Z O/<J O/Q)
C

Accumulate
output
vector

* No unknown dependencies (only atomic updates: out[i]=out[i]+prod[i])

e Alias-free Indirect:

* Produce addresses depending on other data

* Memory dependences, but no unknown (data-dependent) aliases
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Graph Mining (e.g. Triangle Counting)

* For every pair of connected nodes, ° 0
find if they have a common ’
neighbor ° ‘

(alias-free indirect) G

A B ( D E F
e|b|d c | f

edge list b|d|a]c

el| f| a

(stream-join)



Stream Join Alias-free Indirection

Machine Learning

Graph

Databases

(irreg. control) (irregular memory)
Neural Net (FC + Conv) Inner Product Mult. Outer Product Mult.
Supp. Vector (SVM)
Sparse + Histo '
= gramming
Decision Trees (GBDT) data access
Bayesian Networks Condition on + DAG Access
node type
Page Rank Sparse join of + Indirect acc.
& BFS active list for edges
Trianele Countin Find common + Indirect acc.
8 & neighbor edges for edges
Join (inner) Sort-Join Hash-Join
Sort Merge-Sort Radix-Sort
Filter Generate Generate
Filtered Col. Column Ind. "



Outline

* Exploiting data-dependence with SPU accelerator
* uArch: Stream-join Dataflow & Compute-enabled Scratchpad
* SPU Multicore Design

e Evaluating SPU

* Conclusion



Approach: Start with a Dense Programmable

l InstBuf 1l HotBuf __CoIdBuf
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e PuDianNao (ASPLOS’15)

128x128 128x128

Google TPU v2
ISCA’17
Systolic Array 5
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= = = Control —
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Accelerator Core
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Approach: Start with a Dense Programmable
Accelerator

Wide Scratchpad |Router

Ctrl

T | [Systolic
Array




Approach: Start with a Dense Programmable
Accelerator

Wide Scratchpad |Router

Ctrl

L3513 |Systolic
- Array




Approach: Start with a Dense Programmable
Accelerator

Compute-Enabled Bank Scratchpad
Scratchpad for fast\ﬂmmLAAmm - Router

Alias-free indirect T R

access * ¥ ol
Systolic array Systolic
supporting Array

stream-join
control



Specializing for Stream Join

Systolic array
supporting
stream-join
control

Bank Scratchpad

TR AN T, Router
N0 R0
KA A | Ctrl

Systolic
Array




Novel Dataflow for Stream Join

" _
Sparse MM A dx[2]3]5 B[0] id« | 0| 1]3
Example val | 2 | 3| 4 val | 1| 4|1

Systolic array

Traditional Dataflow

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

PE

Control-dep. Load,
Cyclic dependence,
Unpredictable branch!




Novel Dataflow for Stream Join

Sparse MM A idx|2]3]5 B[0] id« | 0| 1]3
Example val | 2 | 3| & val | 1| 4|1
[} 4
Traditional Dataflow Novel Stream Join Dataflow

values based on control
decisions.

23




Novel Dataflow for Stream Join

Sparse MM A idx|2]3]5 B[0] id« | 0| 1]3
Example val | 2 | 3| 4 val | 1| 4|1

Traditional Dataflow Novel Stream Join Dataflow




Novel Dataflow for Stream Join

Sparse MM A idx|2]3]5 B[0] id« | 0| 1]3
Example val | 2 | 3| 4 val | 1| 4|1

Traditional Dataflow Novel Stream Join Dataflow




Novel Dataflow for Stream Join

Sparse MM A idx|2]3]5 B[0] id« | 0| 1]3
Example val | 2 | 3| 4 val | 1| 4|1

Traditional Dataflow Novel Stream Join Dataflow




Other Kernels as Stream Join

Database Join Merge (sort) Resparsify (filter)




Supporting Stream-Join in Hardware

PE PE PE PE PE
PE PE PE PE PE
PE PE PE PE PE
PE PE PE PE PE
PE PE PE PE PE
“Systolic” CGRA

Data-Flow l
Flow-Ctrl 1

Stream-Joinl

FIFO,

4 VI

1T

FIFO, FIFO,

reuse

\ 4

v 3
Func. Unit /ﬁ'

] T discard

—

|
v se

CGRA Processing Element
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Specializing for Indirection

Compute-Enabled
Scratchpad for fas
Alias-free indirect
access

k Scratchpad

Ban
t\ﬂmmmmm

I]][I][

[II]I]I][

Router

¥ ""?( Systolic

Ctrl

Array
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Indirection with SPU Banked Memory
guaranteed alias-freedom ,/— /— /—\ /—\ /\ /\  indirect

Vec read reql [ 0x18 | 0x58 | 0x68 | 0x118 | 0x98 | OxA8 | OxBS | OxDS |
Traditional Banked Memory Vec write req2 | 028 | 0x48 | 0x8 | 0x218 | 0x38 | 0x78 | 0x228 | 0x328 |

BanK | | Bank || Bank || Bank || Bank
0 L 1 2 3 4 n
Bank | | Bank || Bank || Bank | | Bank | | Bank '1]'_*pic3_|_+_ﬁ'§|u i neck
| S S .
0 1 2 3 4 n ¥ \d 1 ‘sl Y] - Indirect
Queue Cycle count | cess w/o
A y A A A A I 1 2 3 d‘ f5 6
0 Ox8 pendence
v v il il il il Ad(?’ﬂ 1| Ox18 |Ox118| Ox98 |0x218 eck
Arbitrated Crossbar w 2] OxA8 \ /DKZB 0x228|0x328 .
—1d 83 oves . |ox3s ordering
Datal Data Ac S |4 \ 0x48 :indirect
=
Gerz¥s|oxs8 |oxb8| | | ad
Dependence — U 6| 0x68 | |
check in a vector 7 || | 0x78
Addr. v

Known apriori that they
won’t alias. Serialization
unrequired.

From/To Compute Fabric & Network
30



= W M e O

Syueq Yaeads

~1

Indirect Access Reordering in Scratchpad

Vec read reql [ 0x18 | 0x58 | 0x68 | 0x118 | 0x98 | 0xA8 | OxBE | OxDS |

Vec write req2 | 0x28 | 0x48 | 0x8 | 0x218 | 0x38 | 0x78 | 0x228 | 0x328 |

SPU

Typical GPU

Cycle count N
1 2 3 4 5 o]
Ox8
0x18 |0x118| Ox98 |0x218
OxA8 0x28 |0x228|0x328
0xB8 0x38
0x48
0x58 | OxD8
Ox68
0x78

WMo e O

SYUeq Y23eds

~1

Cycle count

2

3

4

'

Ox8

Ox18

O0x118

0x98

0x218

OxA8

Ox28

O0x228

0x328

OxB&

Ox38

O0x48

Ox58

OxD8

Ox68

Ox78




SPU: Sparse Processing Unit

Network: Traditional mesh NoC

Scratchpads in global address space: for
nearby core communication

Broadcast: using memory stream engine

Synchronization: Dataflow Counters (sync.
On SPAD write)

Main Memory

Memory Stream Engine

SPU SPU 3 SPU
Core Core Core
1 1 1
SPU SPU 3 SPU
Core Core Core
SPU SPU B SPU
Core Core Core

\

Compute-Enabled
Scratchpad for fast

Bank Scratch Ia_d Router
Alias-free indirect ROB

access - Ctrl
L. Systolic
= Array




Outline

* Evaluating SPU
e Conclusion



Methodology

* Programming: C + Intrinsics +
Dataflow Graphs

* SPU Simulation: Gem5+Ruby
(RISCV inorder control core)

Datasets (with varying sparsity)

Benchmarks

Workloads CPU GPU

GBDT LightGBM LightGBM
Kernel-SVM LibSVM Hand-coded
AC Hand-coded Hand-coded
FC MKL SPBLAS cuSparse
Conv layer MKL-DNN cuDNN
Graph Alg. Graphmat

TPCH

MonetDB

Wkld
GBDT Cifar10-bin  Higgs-bin  Yahoo-bin  Ltrc-bin
(1) (0.28) (0.05) (0.008)
KSVM Connect Higgs Yahoo Ltrc
(0.33) (0.92) (0.59) (0.24)
CONV  VGG-3 VGG-4 ALEX-2 RES-1
(0.34) (0.1) (0.14) (0.05)
FC VGG-12 VGG-13 ALEX-6 RES-1
(0.04) (0.09) (0.16) (0.22)
AC Pigs Munin Andes Mildew
Graph  Flickr Fb-artist  NY-road




Overall Design

Core Design

Domain-agnostic comparison points
P4000 Pascal GPU

Main Memory

SM-1 SM-2 SM-N
SIMD unit

Ctrl

FU-1 | | FU-2 [**+| FU-N
Shared mem || L1 Cache

Mem bw =
243 GB/s

SPU-inorder

Main Memory

CPU | | CPU | _ CPU
Core Core Core
CPU CPU . CPU
Core Core Core

Array of in-order cores

FP units:
3696
On-chip
mem:4MB

Ctrl Ctrl Ctrl
FU-1 | | FU-2 [+« FU-N
Bank Scratch Lin. Scratch

SPU

Main Memory

Mem bw = I I
256 GB/s SPU || SPU || spu
Core Core Core
SPU | | SPU | spu
Core Core Core
Systolic CGRA
Ctr
|
FP units: FU!'l """""""""""""""" FU!-2
2260 FU-8 - -l FU-N
On-chip
mem:3MB| | Bank Scratch Lin. Scratch

Mem bw =
256 GB/s

FP units:
2632
On-chip
mem:3MB



SCNN (Sparse convolution): ISCA’17

Graphicionado (Grap

Stream 1

Stream 2

Stream 3

Stream 4

DRAM

Domain-specific comparison points

IARAM
(sparse)

OARAM
(sparse)

T Coordinate

IARAM indices
OARAM indices il

| Fel

EIE (Sparse fully connected): ISCA’16

|+ Computation 4
—H® ®

l

[

Fel
indices 7
Weight FIFO | £

(sparse) [ ® ®

I Neighbors |
PPU Act Val .
PPU | |Act Queue L Act Leading]
Halos SRAM NZero
! Encoded
Compress Act Ind Weight Detect
Col Sparse Weight
| Even Ptr SRAM Bank Start/ Matrix Decoder oy -
£( [outrerbont End | | sRAM Act]| Act
2 Regs||R
S[MEP 0dd Ptr SRAM Bank || 99" Address| . . . |Regs||Regsiu)| RelU
Tx % i | i - Relative Accum . . .
21|6B [[surer bank Pointer Read Sparse Matrix Access "~ % ¥ Arithmetic Unit Act R/W
<M

-

P1: Read
SRC Froperty

P1: Read
SRC Froperty

P1: Read
SRC Froperty

P1: Read
SR Property

FxI multiplier array

A ac

N Ana

cumulator buffers

ytics): MICRO’1

Source - Destination-
Qriented ~ /____-——-—-—' Oriented ———_\\
F2 : Read F3: Read [
Edge ID Edges for PB: Reduce
Table given SRC

P3: Read
Edges far

given SRC MNxMN
Crossbar

F2 : Read P3: Read Switch
Edge ID Edges for
Table given SRC
P2 : Read P3: Read
Edge D Prlys for
Table given SRC

[Optional]
P4 : Read
DET Froperty

[Optional)

*| P4:Read

DT Froperty

P8: Reduce

P7: Read
Temp
D5T Froperty

PB: Reduce

6 Q100 (Databases): ASPLOS’ 14

Table7

Final
Answer
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Speedup Normalized

100

over CPU
(IR
o

Machine Learning
EIE

SCNN
|| Ill ||| |||

FC CONV KSVM AC

Overall Results

GBDT GM

Graph Processing

Graphicionado

1
I |

BFS

|

GM

N-S

Databases

Q100

B GpPu [ SPU-inorder I SsPU

ASIC

T h T
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Cost of adding stream-join in systolic CGRA

* 1.69x area overhead dueto
addition of flow control. s
s 1.5
@
e 1.63x power overhead. 5 !
]
'Té 0.5
Compared to whole design, it 5 .
is 6.9% area overhead and Trad. CGRA CGRA+Stream-Join

14.2% power overhead. M Area M Power

Methodology: SPU’s DGRA is implemented in Chisel and synthesized using
Synopsis DC with a 28nm UMC technology library.
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Conclusion

3 Outers
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Graph.
(Graph) ‘
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Programming SPU

Example of gradient
boosting decision trees
(GBDT)

- Stream join control
expressed in the
dataflow graph

- Alias-Free Indirection
expressed as update
stream

(a) C code (single core)

while(idl < len(node_ind[p]) &&
id2 < len(feat_ind[fid])):

ind1l
ind2 =

if

(indl==ind2):

node_ind[p][id1]
feat_ind[fid][1id2]

hist_bin =feat_val[fid][id2]
grad_hist[hist_bin] +=

+

elif (indl<ind2):

+
els
+

Local

Memories

setup
streams

+id1; ++id2

+id1l
e:
+id2

(d) Hardware Mapping

Linear Scratch

grad[indl]

Map stream-join

pattern to SPU
control model

Banked Scratch

Store
node_ind[0:n/C],
grad[0:n/C]

Store grad_hist[0..k]

10 -0

| Scratchpad Controller

Addr. | IC_AUzmay

Gen.

| Crossbar ﬂ-‘
_ - — 1

Execute
stream
s

Control
Core

1

code

dataflow 1l

Remote
Mem.&
Network

DGRA
(runs dataflow graph) |

strm

setup

l

hist addr+grad update

Main Memory To/From Network

feat_ind[tid][0:n]
feat_wal[tid][0:n]

node_ind[p][0:n],
grad[0:n]

W (c) Parallel Stream Code

m (b) Stream-Join Dataflow Graph

id1, id2 implicit using
stream-join control

Linear
streams

[c] .
Filter) erad_histio]

hist_update SPU Program:

Dataflow +
Stream code

hist_addr

Indirect Update |
Stream )

# Setup local linear scratchpad streams

strm_indl = ld(node_ind[p][@:n], scr=1)

strm_grad = 1ld(grad[@:n], scr=1)

multicast(strm_indl, mask="1111")

multicast(strm_grad, mask="1111")

# Setup main-memory streams

strm_ind2 = ld(feat_ind[tid][@:n])

strm_hist_bin = ld(feat_val[tid][@:n])

# Setup local indirect scratchpad streams

update(addr=st_hist_addr,
val=st_grad_update, opcode="add”,
offset_Llist={sp_addr[tid]})

wait_local_streams()

# Global reduction using dataflow tracker

if (tid==0): wait_df(C-1)

else: st(red_val[tid], dst=core®, scr=1)



Approach Overview

Sparsity-Enabled SPU Core

Streams of data

Compute-Enabled
High-bandwidth
Indirect Scratchpad

Decomposable
Memory/Network/
Compute

N RO

o

‘ scratchpad I
I
WideScratchpad 1 '

AR LA LA -

Stream-Dataflow ISA

flow from wide - = %
Local o 3
Q
Storage 3 S
<
A Routerp| | | A[O.N] B[O.N]
¥ S N
|
Ctrl : : :m g
. | 5 =
Systolic ' = S
Array : l | =
|

| Maps dataflow I |

computation to

the systolic array

Out

| To Memory

Dataflow Computation:
Dependence graph
(DFG) with input/output
vector ports.

Streaming Memory:
Streams of data fetched
from memory and
stored back to memory.
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Note: The relative position are the best to our

Efficiency on Alias-

Free Indirection
Algorithms

knowledge

3 Outers
pace

Graph.

(Graph)

[

Efficiency on Stream-
Join Algorithms



Indirect Access Reordering in Scratchpad

Vecreql | Ox18 | Ox58 | Ox68 | 0x118 | 0x98 | OxA8 | 0xB8 | OxD8 |

= W M e O

Syueq Yaeads

~1

Vecreq2 | 0x28 | Ox48 | Ox8 | 0x218 | 0x38 | 0x78 | Ox228 | 0x328 |

Typical GPU

Cycle count N
1 2 3 4 5 o]
Ox8
0x18 |0x118| Ox98 |0x218
OxA8 0x28 |0x228|0x328
0xB8 0x38
0x48
0x58 | OxD8
Ox68
0x78

SPU

Cycle count

2

3

4

'

Ox8

Ox18

O0x118

0x98

0x218

OxA8

Ox28

O0x228

0x328

OxB&

Ox38

WMo e O

O0x48

SYUeq Y23eds

Ox58

OxD8

Ox68

()]

~J

Ox78

IROB Buffer at Cycle 2

Ox18

Ox58

0x68

0x118|

OxA8

OxB8

OxD8

O0x28

O0x48

0Ox8

0x38

Ox78




SPU: Sparse Processing Unit

Independent Lanes
(with/without Communication)

Local Spatial Communication Pipelined Communication

Main Memory

Main Memory

Main Memory

Global Stream Engine

Global Stream Engine

Global Stream Engine

SPU | | SPU | | SPU SPU_LL SPU L__L SPU

Core Co’tg Core Core Core Core
1 1 1 1

spu LLsPU L_L sPU SPU Ll SPU J,F_IED'U:

Core Co%(i Core Core Core Core
sPU | [SPU | [SPU | [sPU

Core Core Core Core

Fully Connected Layer
(broadcast row)

Graph Processing

(core-core communication)

Sparse Convolution
(communication with
neighbors for halos)

Arithmetic Circuits —
Pipelined DAG Traveral
(pipeline node updates)



How much density is exploitable?

103 :
i CPU-dense = (GPU-sparse = SPU-sparse-S]
* Bound?d by memory . CPU-sparse -+ SPU-dense = SPU-sparse-AF-Ind
bandwidth, sparse versions . = GPU-dense
are better at less than 50%  _ 10%:
density. E
Q
(al
* SPU-sparse has 2 101"
. . . a -
exponential gain with =
sparsity. E
=
10°
102 ' ! ! ! | ' ' '
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Density
27



Alias-free Indirection Abstractions

1: Indirect Memory -- d = a[b[1]]

- Allow to specify indirect loads or stores using an input stream as address
values.

- Offset list for array-of-structs organization.

Example C code Stream code

struct {int f1, f2} a[N]
for i=0 to N

ind = b[i] strl=load(b[0..n])
.. = a[ind].f1 -> ind load(addr=stril,
offset list={0,4})
. = a[ind].f2

14



Update stream

2: Histogram -- a[hist _bin] += ¢
- Enhance ISA with compute-enabled semantics for the access stream
- Add update stream for common reduction operations

for 1=0 to n str_ind = load(index[0:n])
ind = index|[i] str_val = load(value[0:n])
val = value[i] —? update (addr=str_ind , val = str_val,
histo[ind] += val opcode="add", offset_list ={0})

Listing 3: Indirect Update Stream



Sparsity-Enhanced Memory Micro-
architecture

Linear Scratchpad Banked Scratchpad

We keep 2 logical
scratchpad memories: NoC
banked and linear.

. g Linear
Linear Memory i Access

i Stream
Table

UOT3}eJdauan
SS3JppY JeauTT

- reads/writes

Control Unit




Sparsity-Enhanced Memory Micro-
architecture

Linear Scratchpad Banked Scratchpad

We keep 2 logical
scratchpad memories:

banked and linear. - Arbiter
Linear Memory | L1l 1 ’P Control Logic
- reads /Writes . , i o o omposable o
c ' P i e oo
BankEd Memory = L ------------- i|~d-wn~ bank-queues
. ] 'B' \ 4 I I I
- Indirect writes/updates 5 e XBAR (eg.16x32)
. o {  Rd/W Indirect :
- Indirect reads o Atémgé Address Indirect
i Stream Gener- ROB
i  Table ation |

To Compute Fabric

From Compute Fabric

[HY
~N



A[O]

Benefits of Heterogeneity on CGRA

Example DFG

B[O] C[1] D[1] C[O]

D[O] All]  B[1]

WoW o oW

16

R

>,

Mapping to DGRA

AlQ.2] B[Q-\Z]

C[}.Z] D[0.2]

CGRA datapath width = 64-bits
Initial datatypes= 16-bits

v

Output

 Effective vectorization width is increased by 64/data-

width.
* DGRA supports Concat and Extract using sub-networks.
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Neo ANl
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v
Output
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Sparsity-Enhanced Computation Micro-
architecture

DGRA Switch: same external DGRA Processing Element:
interface but splits i/p and o/p. Decomposed to fine-grained

|
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P4y PO ITO T Lo ] * DGRA | _PE
\ :3 /NS /Ny /N7 SE, " SE, SE, SE
S ) ¢ I - 4= 64-bit
(0] I S I S 502 I So?. I I \ / + 32-bit

MUX FIFO ALU
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More Decomposable

B Area (pm?)
Il Power (mW)

—
~

c

~ 90k
m

g

<L

64 bits 32bits 16bits Sbits
Trad. Trad. Trad. Trad.




Remaining Challenges

* Generality
* What about other forms of irregularity? (task-based?)

* Programmability Challenges

* Workload balance (1) same amount of work in each core
2) efficient use of available on-chip memory (global
addressing helps in this case)

* Partitioning of Computation/Memory (Locality & Parallelism)

* Programming in low-level intrinsic (dataflow compute & stream
mem)

* Virtualization/integration with CPU



Domain-agnostic comparison points
24-core Intel Skylake CPU  P4000 Pascal GPU

Overall Design

Core Design

Main Memory

Main Memory
1 1
0o00-1 +-------— 000-2
/ |
000-3 [ 000-4
Ctrl
FU-1 FU-2 FU-N
L1 Cache

L2 Cache

SM-1 SM-2 SM-N
Ctrl

FU-1 FU-2 FU-N
Shared mem L1 Cache

3584

4MB

SPU-inorder

Main Memory

SPU | | SPU | | SPU
Core Core Core
| ;
SPU || SPU . SPU
Core Core Core
Ctrl Ctrl Ctrl
FU-1 FU-2 FU-N
Bank Scratch Lin. Scratch

2048

2.5MB



