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Operation Sequencing
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Accelerator Taxonomy
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Multiprocessor

Inter-processing element
communication is

through cache hierarchy
Memory (DRAM)
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Highly-Parallel Compute Paradigms

Temporal Architecture Spatial Architecture
(SIMD/SIMT) (Dataflow Processing)

Memory Hierarchy Memory Hierarchy

Register File

y y y y

ALU ALU ALU ALU
y y y y

ALU ALU ALU ALU
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Spatial Architecture for DNN
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Global Buffer (100 — 500 kB)

Local Memory Hierarchy

* Global Buffer
* Direct inter-PE network
* PE-local memory (RF)

-
-
- -

Processing
Element (PE)

Reg File

Control

0.5-1.0kB
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Accelerator Taxonomy
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Accelerator
Architecture

/\

Temporally Spatially
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CPU
FPGA RAW

GPU
TRIPS ASAP
WaveScalar PicoChip
DySER Triggered

Instructions
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Field Programmable Gate Arrays

Look Up Table (LUT)

And Or
R 00 0 00 0
— 01 0 01 0
—
— 10 0 10 1
11 1 11 1
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Microsoft Project Catapult

Configurable Cloud (MICRO 2016) for Azure

2-socket server blade

TOR ‘TOR. Programmable HW Plane (FPGAs)

7 7N 77z iy

awa i\ / /Haw'waPé Service
i X Y
]

\\
JIA KA N S LS /i 7 7
VAR AR ST AT A ST e Gend 6

Accelerator card

1]
Switch

F‘rogrammable SW Plane (CPUs)

Accelerate and reduce latency for
* Bing search

» Software defined network

* Encryption and Decryption
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Microsoft Brainwave Neural Processor

Matrix-Vector Unit Convert to msft-fp Lo Neural Functional Unit
e

Matrix RF  VRF
Kernel

Instruction Control
Decoder Processor
—1

Matrix Vector
Multiply

v
Tensor Manager

Input Message
LRl 7 Processor

Vector Memory f
Manager — bl Output Message
Processor

| —

Legend
Multifunction

il <+—Tensor data o Activation

<*— |nstructions o Multiply
TA
T b SR Commands ° Add/Sub

- Memory TA | Tensor Arbiter

Source: Microsoft
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Heterogeneous Blocks

« Add specific purpose logic on FPGA

— Efficient if used (better area, speed, power),
wasted if not

« Soft fabric
— LUT, flops, addition, subtraction, carry logic
— Convert LUT to memories or shift registers

SOFT | SOFT SOFT | SOFT

* Memory block (BRAM) Loaic [Locic | e = [MY¥ ] LoGic [Locic
_ . . . c 3

Conflgure word and address size (aspect ratio) [ 28 [ sorr [ sort

— Combine memory blocks to large blocks LOGIC |LOGIC LOGIC [LOGIC

— Significant part fqr FPGA area soF [soFT | _ | yuur | soFT [ soFt

— Dual port memories (FIFO) LOGIC |LOGIC © 2 LOGIC |LOGIC

o SOFT | soFT | = 8 MuLT | SOFT | sOFT

. |\/|u|t|p||ers /MACs > DSP Logic |Logic| = LOGIC |LOGIC

SOFT | SOFT = | muLT SOFT | SOFT

- CPUs and processing elements ose|cles LoGIC|LoGIC
S o

SOFT | SOFT | = SOFT | SOFT

oaic|rocic] = MU ‘ocic|locic
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Accelerator Taxonomy
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Programmable Accelerators

Processing
Element

Many Programmable Accelerators look like an array of PEs, but have dramatically
different architectures, programming models and capabilities
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Fixed Operation PEs

 Each PE hard-wired to one operation

* Purely pipelined operation

— no backpressure in pipeline

o Attributes

— High-concurrency
— Regular design, but
— Regular parallelism only!

— Allows for systolic communication
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Configurable Systolic Array - WARP

HOST

INTERFACE
UNIT

X X
celll Jcell L Jcell .
1 'Y 2 "l n

WARP PROCESSOR ARRAY

_ -

Source: WARP Architecture and Implementation, ISCA 1986

March 11, 2024 UHm Sze and Emer



L11-18

Fixed Operation - Google TPU

p— P— DDR3 DRAM C
14 GIBs 0 GBS ) Gievs ¢ .
DDR3 Weight FIFO
[ Mo ] E——>|_ woight Fotcher) _
[comve) e o] U
( T
s
- Unified 167 Matrix Multipty
E 10GIB/S |  Buffer Systolic |Gi unit
14 GiBls 'g 14 GIBJs é Local Data {64K por cycle)
£ Activation Setup
ﬁ - Storage)
= —
T Activation
2
- = Normalize | Pool
[[] onr-chipuo J
[[] Duts Bustter
[B] Compatation ]
B controa
Mol iy Scaks

Systolic array does 8-bit 256x256 matrix-multiply accumulate
Source: Google
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Single Configured Operation - Dyser
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Decode I Execute

I Memaory I Writeback

Fetch
Execution
ICache ] Decode
pipeline .
1
1
1 1
Register I
1 1
File :’ :
1 1
1 1
1
1
1 1
1 1
p——- 1
1
1

E Switches
Functional Unit

-lDynaml'c Synthesized Execution Resources

-

JOV4dILNI LNdNI ¥3SAQ

JOV4¥3LINI LNdLNO ¥3SAQ

A S

DCache

.

Source: Dynamically Specialized Datapaths for Energy Efficient Computing. HPCA11
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Accelerator
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TPU
NVDLA

Configured-operation

PC-based

WARP
DySER
TRIPS

WaveScalar

TTA

Wave

RAW
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PC-based Control — Wave Computing

Pipelined 256-entry Instruction RAM /w ECC

Instruction pipe
Instruction RAM .

(Circular Buffer) Tob

Processing Element (PE) (clre buffer size)

RTZ

» Local routing

To Switch

» Operand to arith coproc
To data RAM

From elsewhere
Local routing =——»

Critical path

From b
From ¢
From d*

ACCUMULATCR

From Switch

From data RAM
Result from arith coproc |—"|

To elsewhere

control

Control in d  1-b logic .
: Control out

Local
Registers |}

Quad of PEs are fully
connected

Data RAM

Pipelined 1KB Single Port Data RAM /w BIST & ECC

Source: Wave Computing, Hot Chips ‘17
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Accelerator Taxonomy
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Guarded Actions

reg A;

reg B;

reg C;

{

N W >
AN AN
0 W0 O

A

rule X (A > 0 & B != Q)

+ 1;
- 1;
k A;

rule Y (..)

{.}

rule Z (..)

{.}

Scheduler

March 11, 2024

* Program consists of rules that may perform
computations and read/write state

« Each rule specifies conditions (guard) under
which it is allowed to fire

» Separates description and execution of data
(rule body) from control (guards)

 Ascheduler is generated (or provided by
hardware) that evaluates the guards and
schedules rule execution

« Sources of Parallelism
— Intra-Rule parallelism
— Inter-Rule parallelism
— Scheduler overlap with Rule execution
— Parallel access to state
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Triggered Instructions (TI)
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» Restrict guarded actions down to efficient ISA core:

doPass when (p_ d1d _cmp & & !p_cur_is_larger)

»out0.data —,ﬁlh@ first;

%in@.deq;
p_did cmp false; ...
Trigger Operation Predicate Op
read any number of read/write data regs write 1-bit preds
1-bit predicates channel control (data-dependent)

When can this
happen?

What does it do?

What can happen
next?

No program counter or branch instructions

March 11, 2024 UHu

Sze and Emer



Triggered Instruction Scheduler
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Trigger O

Trigger 1

Trigger 2

Trigger n

Trigger
Resolution

p0

p3

Operation 0
2 Operation 1
é e Operation 2
o
Operation n
“can trigger” “will trigger”

Use combinational logic to evaluate triggers in parallel

Decide winners if more than one instruction is ready
« Based on architectural fairness policy
*  Could pick multiple non-conflicting instructions to issue (superscalar)

Note: no wires toggle unless status changes

to datapath

Sze and Emer
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Goals of Today’s Lecture

* Impact of data movement and memory hierarchy on energy
consumption

« Taxonomy of dataflows for CNNs

— Output Stationary
— Weight Stationary
— Input Stationary
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Background Reading

* DNN Accelerators

— Efficient Processing of Deep Neural Networks

» Chapter 5 — thru 5.7.1
 Chapter 5—-5.8

All these books and their online/e-book versions are available through
MIT libraries.
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Dataflow and Memory
Hierarchy
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Spatial Compute Paradigm

Spatial Architecture
(Dataflow Processing)

Memory Hierarchy
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Memory Access is the Bottleneck

Memory Read

filter weight ——

fmap activation
partial sum

March 11, 2024

MAC’

X

o

ALU

Memory Write

» updated partial sum

* multiply-and-accumulate

L11-33
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Memory Access is the Bottleneck

Memory Read MAC’ Memory Write

:®_ ALU

* multiply-and-accumulate

Worst Case: all memory R/W are DRAM accesses

« Example: AlexNet [NeurlPS 2012] has 724M MACs
- 2896M DRAM accesses required

March 11, 2024 UHm Sze and Emer
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

ALU
DRAM L Mem :®_ .

‘ Extra levels of local memory hierarchy

Under what circumstances will these extra levels help?

March 11, 2024 UHm Sze and Emer
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

0 ALU

‘ Extra levels of local memory hierarchy

Opportunities: @) data reuse

March 11, 2024 UHm Sze and Emer
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Types of Data Reuse in DNN

Convolutional Reuse

CONV layers only
(sliding window)

Input Fmap

Filter

Activations

R ;
SUSe Filter weights
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Types of Data Reuse in DNN

Convolutional Reuse Fmap Reuse

CONV layers only CONYV and FC layers
(sliding window)

Filters
. Input Fma Input Fma
Filter p P p P
0‘ ‘0. 1;
=|'I'.’ 0/
_—
2
Activations L.
Reuse: Reuse: Activations

Filter weights
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Types of Data Reuse in DNN

Convolutional Reuse Fmap Reuse Filter Reuse
CONV layers only CONYV and FC layers CONV and FC layers
(sliding window) (batch size > 1)
Input Fmaps
Filters o
Filter InE)ut Fmap K Y InPut Fmap Filter
— P
_2__I.-
Activations L : :
Reuse: Reuse: Activations Reuse: Filter weights

Filter weights
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

(1]
: ALU
DRAM Niiem :®‘

‘ Extra levels of local memory hierarchy

Opportunities: @) data reuse

0 Can reduce DRAM reads of filter/fmap by up to 500%™
** AlexNet CONV layers

March 11, 2024 UHm Sze and Emer
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Memory Access is the Bottleneck

Memory Read MAC Memory Write

(1]
: ALU
DRAM Niiem :®‘

‘ Extra levels of local memory hierarchy ‘

Opportunities: @) data reuse @ local accumulation

0 Can reduce DRAM reads of filter/fmap by up to 500x
g Partial sum accumulation does NOT have to access DRAM

March 11, 2024 UHm Sze and Emer
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Memory Access is the Bottleneck

Memory Read

MAC

Memory Write

‘ Extra levels of local memory hierarchy ‘

Opportunities: @) data reuse @ local accumulation

0 Can reduce DRAM reads of filter/fmap by up to 500x
g Partial sum accumulation does NOT have to access DRAM

« Example: DRAM access in AlexNet can be reduced
from 2896M to 61M (best case)

March 11, 2024
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Leverage Parallelism for Higher Performance

Memory Read MAC Memory Write

ALU

ALU

ALU
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Leverage Parallelism for Spatial Data Reuse

Memory Read MAC Memory Write

ALU

ALU

ALU
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Spatial Architecture for DNN
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Global Buffer (100 — 500 kB)

Local Memory Hierarchy

* Global Buffer
* Direct inter-PE network
* PE-local memory (RF)

-
-
- -

Processing
Element (PE)

Reg File

Control

0.5-1.0kB

Sze and Emer



Low-Cost Local Data Access
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Global

Buffer

fetch data to run
a MAC here

ALU

0.5-1.0 kB [Ig—

ALU

NoC: 200 - 1000 PEs [ PE ——>

ALU

100 - 500 kB [ENI—

ALU

En——

ALU

Normalized Energy Cost’

1x (Reference)
1x

* measured from a commercial 65nm process
i
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Low-Cost Local Data Access
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How to exploit ) data reuse and @) local accumulation
with limited low-cost local storage?

ALU

0.5-1.0 kB [Ig—

ALU

ALU

NoC: 200 - 1000 PEs [ PE ——>

ALU

100 - 500 kB [ENI—

En——

ALU

March 11, 2024

Normalized Energy Cost’

1x (Reference)
1x

* measured from a commercial 65nm process
i
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Low-Cost Local Data Access
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How to exploit ) data reuse and @) local accumulation
with limited low-cost local storage?

specialized processing dataflow required!

ALU

ALU

0.5-1.0 kB [Ig—

ALU

NoC: 200 - 1000 PEs [ PE ——>

100 - 500 kB [ENI—

ALU

En——

ALU

March 11, 2024

Normalized Energy Cost’

1x (Reference)
1x

* measured from a commercial 65nm process
i
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How to Map the Dataflow?

March 11, 2024

CNN Convolution

iacts
weights

partial
sums

Spatial Architecture
(Dataflow Processing)

Memory Hierarchy

Goal: Increase reuse of input data
(input activations and weights)
and local partial sums
accumulation

vl Sze and Emer
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Dataflow Taxonomy

* Output Stationary (OS)
« Weight Stationary (WS)
* Input Stationary (IS)

[Chen et al., ISCA 2016]
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Output Stationary (OS)

Global Buffer

Activation
mmmmm

Psum

* Minimize partial sum R/W energy consumption
— maximize local accumulation

 Broadcast/Multicast filter weights and reuse
activations spatially across the PE array

March 11, 2024 UHm Sze and Emer
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OS Example: ShiDianNao

Top-Level Architecture PE Architecture
weights activations
'ShiDianNao: B Kernel Neuron PE(right) PE(bottom)
: Decoder = |nst PE W
| NBin: l | B Regw ------------
s 8 | >\ Bank #0 NEU: . operand T
© : c : *
EL (e o~ P T
| NBout: g (Column) E :.ET >|1
- Bank:#o § - . : g x gg
— =) =]l
| SB: = H‘
~ Bank.#o f— m B
Bank' #Py-1 — el 0 LX : l
Output
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, E output FIFO output

* Inputs streamed through array psums

* Weights broadcast
 Partial sums accumulated in PE and streamed out

[Du et al., ISCA 2015]
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OS Example: KU Leuven

16x16b / 1x16b
Feature SRAM T
16 Features | F T | T F-T O |-
* activations
16 Weights
_ 16x16b M M M
Filter SRAM weights .
W ISinM
=i JAmlImM] .M
I | |

[Moons et al., VLSI 2016, ISSCC 2017]
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1-D Convolution Einsum

Og = lg+s X I

Operational definition of Einsum says traverse all

valid values of “q” and “s”... but in what order....

Traversal order (fastest to slowest): S, Q

Which “for” loop is outermost?

|I|i|_ Sze and Emer
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1-D Convolution

Weights Inputs Outputs
T - [OIC S =
S W Q = W-ceil(R/2)t
int i[W]; # Input activations
Pt 'S5 # Filter weights
int o[Q]; # Output activations

RO rade It [O5€0)s
3 o) s I [ C )
[a] += i[qg+s]*f[s]

What dataflow is this?

|s it easy to tell dataflow from

the loop nest?
T Assuming: ‘valid’ style convolution

March 11, 2024 UHm Sze and Emer
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Output Stationary - Movie

Tensor: F[S]

Rank: S
0 1 2
8 5 2

Tensor: 0[Q]

Rank: Q

March 11, 2024 UHm Sze and Emer
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Output Stationary — Spacetime View

Tensor: F[5, T]

Rank: S

Tensor: I[W, T]

Rank: W

Tensor: 0O[Q, T]

Rank: Q

March 11, 2024 Sze and Emer
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CONV-layer Einsum

Om,p,q — Ic,p+r,q+s X 'mers

Traversal order (fastest to slowest): S, R, Q, P

Parallel Ranks: C, M

Can you write the loop nest? | hope so &

March 11, 2024 UHm Sze and Emer



CONYV Layer OS Loop Nest

L11-59
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int i[C,H,W]; # Input activations
int f[M,C,R,S]; # Filter weights
int o[M,P,Q]; # Output activations
Rorsp e [6;€P )
FOREIG i M O5 7 Q)
O * a8, 'R

for s N ERe S h:
parallel-for
parallel-for

O[ » P> ] += i[ ) ’

Tt -[O8514EY .
in [0, M):
]*f[m,c,r,s]

4

Sze and Emer
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CONYV Layer OS Dataflow

input fmap output fmap

_ C
filters 7 >
c :
T/ H "t
L I || L P pi
|10 |
«— S —> < W Q
. M=
C=3 r
W, R=2 ' Filter overlay
R H=3
[{M-1 | W=3
— 8§ — P=2 i | Incomplete partial sum
Q=2 |
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CONYV Layer OS Dataflow

input fmap output fmap

filters >
TB/ || 8"
2 2 o
|10
3/ Filter overlay
l | ___________________
Wi

— 2 — i i Incomplete partial sum

March 11, 2024 UHm Sze and Emer
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

3 input fmap output fmap
filters < I
2 .
| 3 ; 8
22— 1 | 21—~ l
|10
«— 2 — 3 2
3/ Filter overlay
| I ___________________
2
(7 }
—2— i | Incomplete partial sum
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

3 input fmap output fmap
filters e I
A 1
! 3 T
21 “—NI | 21—~ ! l
|10
«— 2 — 3 2
3/ Filter overlay
| ‘ ___________________
5 ;
1k ]
—2— i | Incomplete partial sum
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

3 input fmap output fmap
filters “ I
2 .4
! 3 |8
oll— [l 21" Pl
|
— 2 — < 3 > «— 2 —>
3/ Filter overlay
i | ___________________
2
S, T
— 2 — : i Incomplete partial sum

March 11, 2024 UHm Sze and Emer



L11-65

CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

3 input fmap output fmap
filters v — -
! 3 s
2 2 o[
|10 !
«— 2 — < 3 > < 2
3/ Filter overlay
NI e
2
17 ﬂ
— 2 — i | Incomplete partial sum
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CONYV Layer OS Dataflow

Start processing next output feature activations

3 input fmap output fmap
filters e =
5 —
l 3 . |i8
YN | T
[0
«— 2 — 3 2
3/ Filter overlay
| | ___________________
2
7 }
—2— i | Incomplete partial sum
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

3 input fmap output fmap
filters e =
3 =]
l 3 | 5T
PR R S T
lo
«— 2 — 3 2
3/ Filter overlay
| ‘ ___________________
) ;
17 ]
—2— i | Incomplete partial sum
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CONYV Layer OS Dataflow

Cycle through input fmap and weights (hold psum of output fmap)

3 input fmap output fmap
filters e =
2 =1 b

3 i 8

of ) 2| e
|

— 2 — < 3 > «— 2 —>

3/ Filter overlay
1 | ___________________
2
S, I

— 2 — : i Incomplete partial sum
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CONYV Layer OS Dataflow

March 11, 2024

Cycle through input fmap and weights (hold psum of output fmap)

3 input fmap output fmap
filters e
b4
8

l 3l ; |
|10 \ .

— 2 — < 3 > «— 2 —>

3/ Filter overlay
NI e
2
17 ﬂ

— 2 — i | Incomplete partial sum

|I|i|_ Sze and Emer
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Next:
More dataflows

March 11, 2024 UHm Sze and Emer
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