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What will you learn in this course?

* Principle and design of DNN Accelerators

— Energy efficiency of hardware accelerators
— Speeding up the GEMM kernel
— Designing hardware accelerators for

GEMM/CONV
— Available accelerators for DNNs E.;r :{BE
_ . . . . .;‘ o0 6!:.
Computing at the right precision ?f §
o
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Complexity Issues of Deep Neural Networks

e Two main tasks

— training - determine set of network
parameters to solve a task

(minimize a loss on a training set)

— Inference - given an input, compute

(forward propagate) using the pooshet0
trained network Poplar® graph
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Computing Demand of Al

* is higher than what computer architectures can bring

Training FLOPs Scaling for SOTA CV, NLP, and Speech Models
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Evolution of the Number of Parameters

Parameter Count (Billion)

is much higher than available (on-chip) memory capacity
Al and Memory Wall
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Memory Bottleneck

Compute

units

Data movement Computations

* move input data & model from - vector/matrix manipulations
memory to compute units « done on CPU. GPU. or

» send partial results back to custom accelératoré (e.qg.,

memory FPGA, ASIC)



Evolution of Bandwidth

Normalized Scaling

is much slower than FLOPS

Scaling of Peak hardware FLOPS, and Memory/Interconnect Bandwidth
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On the Computer
Architecture Side

The Hardware Lottery

Sarah Hooker, The Hardware Lottery, Communications of The ACM, 2021



Silicon Technology Evolution

 Now several billions or transistors! HPE Frontier
— Apple M1: 33 BTr, 5nm, 2.5cm?2 N 1.6 Exa FLOPS

* Amazing compute progress
— 12 orders of magnitude performancei
— A supercomputer in every body’s pocket



The Many Walls of Computer Architecture

48 Years of Microprocessor Trend Data

More transistors
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Original data up to the year 2010 collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond, and C. Batten
New plot and data collected for 2010-2019 by K. Rupp
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Energy Cost in a Chip

* Fetching operands costs more than computing

64-bit DP s DRAM
_
20p) Rd/Wr
256-bit - Efficient
buses off-chip link

256-bit access Addition Multiplication

8 kB SRAM 0.03p) /36um?  0.2p) / 282um?

32-bitfloat  0.9p) /4184um?  3.7p) / 7700um?
|

8-bit integer

CMOS 28nm [after B. Dally, NVIDIA & Stanford] 11



Energy Efficiency

Ener
Performance e &Y
e.g., Tera op/s (TOPS) ICIenCy
e.g., TOPS/Watt
Operations Joules
Power = x .
Second Operation

 Power budget is fixed

 How to increase energy efficiency while
maintaining performance?
12



Improving Energy Efficiency

Technology?
— What can advanced technology nodes bring?
— Dark Silicon Era
Accelerate
— Energy advantages of specialized hardware
Approximate

— Playing with precision and number representations to
reduce energy

Key message of this course: specialized hardware
that computes at the right (lowest) precision

13



Outline

e Partl: the clear need for specialized hardware
— Energy efficiency of hardware accelerators
* Partll: accelerating GEMM

— DNN kernels with a focus on convolution
— Speeding up the GEMM kernel
— Designing hardware accelerators for GEMM/CONV

— Available accelerators for DNNs

* Part lll: computing at the right precision
— A bit of arithmetic
— Inference and training with low precision

14



Energy Cost in a Processor O-cache
6%

* Operations
— 32-bit addition: 0.05p)
— 16-bit multiply: 0.25p)
— 64-bit FPU: 20pJ/op

Datapath
38%

Fetch/
Decode
19%

 |nstructions

— fetch, decode, read two

operands from RF, General Purpose Processor

execute, write back 91 pJ/instruction
15



Achieving Higher Performance

e Pushing clock frequency...
* Branch/value prediction
e Cache memory

* |n-core parallelism
— Superscalar
— Out of order execution R e
— VLIW+good compilers _ v (e e

Mefmiory Coptroller : |

 Multiple cores on a single chip
16



Pushing for Hardware
Acceleration!



What is a Hardware Accelerator?

e Specialized hardware for a
given set of kernels

 With limiting
programmability
 Computes just right!

e e.g., Matrix Multiplication

External Memory

Memory Buffer

Memory Buffer

PE PE PE PE

18



Energy Savings in Specialized HW

D-cache D-cache

o
0% 6% Datapath
3%

Datapath
38%

Fetch/
Decode
19%

GPP: 91 pJ/instr. Specialized Core: 8 pJ/instr.



An example: Bitcoin Mining

Type Model Mhash/s Mhash/) Power (W)
GPP Intel Xeon X5355 (dual) 22.76 0.09 120
GPP ARMCortex-A9 0.57 1.14 1.5
GPP Intel Core i7 3930k 66.6 0.51 130
GPU | AMD 7970x3 2050 2.41 850
GPU Nvidia GTX460 158 0.66 240
ASIC | AntMiner S1 180.000 500 360
ASIC | AntMiner S5 1.155.000 1957 590
FPGA | Bitcoin Dominator X5000 100 14.7 6.8
FPGA | Butterflylabs Mini Rig 25.200 20.16 1250

BITCOIN MINER



Apple Silicon M2 Max

5 nm (TSMC 2G), 40 billion
transistors
8 performance cores
— 38 Int MOPS, 56 MFLOPS
— NEON vector processor
4 power-efficiency cores
Unified memory (32-96 GB

LPDDR5-6400) next to the (400
GB/s bandwidth) for GPU&CPU

89W (peak CPU+GPU), CPU
36W (peak)

High-performance media
engine
16 TOPS Neural Engine

— 10,000 times the GPU speed
for ML tasks

—  “power-efficient” (but no
reported power figures)

21



Accelerators for ML

Threads Massive Threads LUTs MM Unit
SIMD SIMD DSP BRAM
HBM BRAM

22



Key Takeaways

* Energy efficiency requires deeply specialized
hardware

— which also may come with pain from the
programmer/designer

* Basic tasks of DNNs are easy to accelerate
— this course is mainly focused on matrix multiplication

* Number representations and precisions are key
techniques

— also memory access since execution is often memory-
bound

23



TARAN Team at a Glance

Domain-Specific Computers
in the post Moore’s law era

—

Lannion

Accelerators . ~40 people, Rennes and Lannion campuses ~
. * Our focus: hardware specialization and
ép;proxmate acceleration ©:IRISA
mputm:g — Energy Efficiency of hardware accelerators

Resilient —Domain-specific architectures, languages and @
Computing compilers

>+ Automatically create hardware that is resilient, TARAN
Embracing secured, and computes just right
Ted‘"°'°9. 00 —From Sensors to Clouds
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Outline

e Part ll: accelerating GEMM
— DNN kernels with a focus on convolution
— Speeding up the GEMM kernel
— Designing hardware accelerators for GEMM/CONV
— Available accelerators for DNNs

e Part lll: computing at the right precision
— A bit of arithmetic
— Inference and training with low precision

25



Speeding Up GEMM

Efficient Processing of Matrix Multplication

Focus on Convolution Neural Networks (CNN)

26



2D Convolution

Input Activations

a b c d

f g h i

H k |l | m | n | o

774

H: Height of Input Activation
W: Width of Input Activation
R: Height of Weight

S: Width of Weight

T: Height of Output Activation
U: Width of Output Activation

Weights Output Activations
1 2 3 A B C
4 | 5|6 = T | D|E]|F
7 8 9 G H |

S U
Example is with:
= stride=1

# of rows/columns traversed per step
= padding=0

# of zero rows/columns added

27



2D Convolution

Input Activations

d

b

C

d

e

f

g

h

j

k

m

n

o

R

Weights Output Activations
2 3 A B C
5|6 == T | D|E]|F
8 9 G H |

S U

A=aX1+ bX2+ cX3 + fxX4+ gX5+ hXx6 + kX7 + [X8 + mx9

(RxS) Multiply and Accumulate (MAC) operations
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2D Convolution

Input Activations Weights Output Activations
a|b|c|d| e | stride=1
Fleh|i]] 1|23 AlB]|C
k S © Je R | 4|56 = T |D|E]|F
Plajprips|t 7|18]09 G| H|I
u | v |w]| x|y S U

W

B =bX1+ cX2+ dX3+ gXx4+ hX5+ iX6 + [X7 + mX8 + nx9

(RxS) Multiply and Accumulate (MAC) operations
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2D Convolution

Input Activations Weights Output Activations

a b c d e
f g h i j 1 5 3 A o c
k I m | n o * R A 5 6 — T 5 : :
o] q r S t 7 3 9 = T :
u vV | W | X y s U
w
r=A-R
(TxU x RxS) MAC operations in total stride
_Ww-=S

A lot of potential data reuse for memory accesses +1

~ stride



3D Convolution

Input Activations Output Activations
C .-
R
g | h | i j
® = T
q r S t U
e R C: # of Input Channels

K: # of Output Channels

N: Batch size

31



Convolution Loop Nest

for (n=0; n<N; n++) { // for each Batch
for (k=0; k<K; k++) { // for each Output Channel
for (t=0; t<T; t++) { // OA Height
for (u=0; u<U; u++) { // OA Width
/’OA[n][k][t][u]= 0;
for (r=0; r<R; r++) { // W Height
for (s=0; s<8; s++) { // W Width
for (c=0; c<C; c++) { // for each Input Channel
CONV h =t * stride - pad + r;
<< w = u * stride - pad + s;
kernel OA[n] [k] [t] [u] += IA[n][c][h]([w] * W[k][c][r][s];
}
}
}

\\.Activation(OA[n][k][t][u]);
}




Opportunities for
Data Reuse



Convolution Kernel

Input Activations Weights Output Activations
(feature maps) C
R
* = T .
U N
R .
C: # of Input Channels

K: # of Output Channels
S N: Batch size 34




Opportunities for Data Reuse

Input Activations Weights
(feature maps)

* Input reuse

— different filters
are applied to the
same input

— each inputis
reused K times

C: # of Input Channels
K: # of Output Channels
N: Batch size 35




Opportunities for Data Reuse

Input Activations Weights
(feature maps)

* Filter (weight) reuse

— when processing a

batch of size N, all

inputs are applied to

the same filter

— each filter weight is
reused N times

A C: # of Input Channels

K: # of Output Channels

N: Batch size 36




Opportunities for Data Reuse

Input Activations Weights

* Conv. reuse
(feature maps)

— filters slide across
different positions of
R _ the same input

— each weight is reused

S ~T.U times

Output Activations — each input is reused

~R.S times

C: # of Input Channels

K: # of Output Channels
N: Batch size 37




Other Kernels

* Fully-Connected Layer

— H=W=R=S=T=U=1
* Depth-Wise Convolution

— K=1
* Pooling Layer

— [MAX, AVG], pooling stride and kernel size
 BatchNorm Layer

— provides zero-mean, unit-variance activations
* Activations

— RelU, L-RelLU, sigmoid, tanh, clipping

38



Speeding Up the GEMM Kernel

for (m=
for (
for

0; m<M;

m++)

n=0; n<N; n++)

(k=0;
Clm] [n]

k<K; k++)
+= A[m] [k]

*

Baseline

Blk] [n]

note: a register should be used instead of C[m] [n]

note: C[m] [n] Should be intialized to 0

Cyuxn = Ayxx XBgxn

Input
Activations
A

k

»
»

Weights
B

M
Output

Activations
C

39



Speeding Up the GEMM Kernel

m=0 Baseline
n=0
for (k=0; k<K; k++)
Clm] [n] += A[m][k] * B[k]I[n]

k#

Traversal Order

40



Speeding Up the GEMM Kernel

m=0 Baseline

n=1

for (k=0; k<K; k++)

Clm] [n] += A[m] [k] * B[k][n]

k,

»
»

— Assuming the storage is , .
row-major, what

happens in the cache

memory?

— For which matrix?

o

Traversal Order

41



Caching

* CPU caches are orders of magnitude faster, but much
smaller, so using them correctly is critical

— Automatically managed by the CPU.

— Every time we fetch data from the main memory, the CPU
automatically loads it and its neighboring memory into the
cache, hoping to utilize locality of reference.

Data you
requested

L - J

Data loaded in cache

42



Caching

@

©

In our case:

— once we access
A[m, k], the next
element in the
row, A[m, k+1] is
already cached

— but we get a
cache miss for
each data from
matrix B fetched

B[k, n]

for (m=0; m<M; m++)

for (n=0; n<N; n++) Baseline
for (k=0; k<K; k++)
Clm] [n] += A[m] [k] * B[k][n]
A B
| Traversal order >
*

=

= cache miss, requested from RAM %

= loaded as part of cache line g—’

&

43



Speeding Up the GEMM Kernel

for (m=0; m<M; m++)
for (n=0; n<N; n++)
for (k=0; k<K; k++)
Clm] [n] += A[m] [k]

* Blk] [n]

Baseline

Traversal Order

44



Speeding Up the GEMM Kernel

for

(m=0; m<M; m++) Baseline Reordered

for (k=0; k<K; k++)

for (n=0; n<N; n++)
Cli][J] += A[1][k] * B[k][]]

Reordering the loops
fromm,n, ktom, k, n

* Improve data locality
(better cache usage)

45



Speeding Up the GEMM Kernel

m Baseline Reordered

=0
k=0 K

for (n=0; n<N; n++)

Cli][3] += A[1][k] * Blk][J]

K, LS

Traversal Order K N



Speeding Up the GEMM Kernel

m Baseline Reordered

=0
k=1 K

for (n=0; n<N; n++)

Cli][3] += A[1][k] * Blk][J]

k n

BB sensessescessssscsssrsenssssescsnssssssssrssnsenserestastseanatsanstnsarnnn
»

— Assuming the storage is , .
row-major, what

happens in the cache

memory?

— Why does this loop
reordering result in

better cache usage?

o

Traversal Order K N



Speeding Up the GEMM Kernel

for (m=0; m<M; m++) Baseline Reordered
for (k=0; k<K; k++)
for (n=0; n<N; n++)
Cli][g] += A[i][k] * B[k][J]

* Reordering the loops
fromm,n, ktom, k, n

* Improve data locality
(better cache usage)

..................................... >
....................................... >
............... r
................ > T
............. —> S —
............... > T
.............. > — —




Speeding Up the GEMM Kernel
* Tiling
— Looping on smaller submatrices (tiles of size T X T)

* small enough to fit in the cache

K N 21 3

Al A2 Bl C1

Cl == A1XBl + AzXB4_




Speeding Up the GEMM Kernel
* Tiling
— Looping on smaller submatrices (tiles of size T X T)

* small enough to fit in the cache

K N N
B2
K
M B5 M
= A C8 - A5XBZ + A6XB5 =




Speeding Up the GEMM Kernel

* Tiling
— Looping on smaller submatrices (tiles of size T X T)
for (m=0; m<M/T; m++) // Tile row index
for (n=0; n<N/T; n++) // Tile column index
for (k=0; k<K/T; k++) // Tile inner index
for (mt=0; mt<T; mt++) // Tile-level mult.
for (nt=0; nt<T; nt++) note: for this code M, N and
for (kt=0; kt<T; kt++) K must be divisible by T
C[m*T+mt] [n*T+nt] += A[m*T+mt] [k*T+kt]
Tiling * B[k*T+kt] [n*T+nt]

51



Speeding Up the GEMM Kernel

GEMM GFLOP/s for various loop versions

4.5 . .
baseline (GFLOP/s) ——
baseline reordered (GFLOP/s)—>¢6—_.
ar tiling (16) (GFLOP/s)
tiling (32) (GFLOP/s)
35} tiling (64) (GFLOP/s)
()] 3 i
S~
S 25} ] Results on CPU
[T
© Ll (Apple Silicon M2 Pro)
1.5}
| ;7”
0.5 i
0 1000 1500 2000

Matrix Size

* More of TiIing
— Tile inner loops can be vectorized and unrolled

— Tiles can run in parallel (multithreading) 52



Try it yourself

git clone https://gitlab.inria.fr/sentieys/dnn_acc.git

cd GEMM

# look at the C code: baseline.c, baseline_reordered.c, opti-ll.c,
opti-12.c

make all

How to add SIMD and vectorization?

53
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Designing Hardware

Accelerators for
GEMM/CONV



Building the Accelerator

Pipeline (Dataflow)
Architecture

Global

Architecture

GIobaI memory

Global memory
. e

Sequential
Architecture

LOL1L2

Li: Layer i

55



Building the Accelerator % -

75 -

e Sequential Architecture

50 =1 L1| L2

25 -

0

___________________________________________________________________________________________________

On-chip

7] Time



Building the Accelerator f%%e“” -----------------------------------

e Dataflow Architecture

1t 3

e

[ P.E. Array } i [ P.E. Array J

L2 L3

Area L1 Area L2 Area L3
Hardware Area 57



Exploiting Data Reuse in PE Array

 Temporal Architecture e Spatial Architecture

— SIMD (CPU), SIMT (GPU) — Dataflow accelerators
— Classical Memory Hierarchy

R TR
Memory Buffer

Memory Buffer (or Cache)

Reglster File

]
&=
>
s
>
—
o
S
9]
=

58



Exploiting Data Reuse

ive energy cost

DRAM

|
* Why reuse is important? e
— Relative energy costs T
— Memory access is the bottleneck
N N PE
DRAM [ SRAM > RF SRAM
— —bt
pr— a A
DRAM: 200x  SRAM:6x  PE:2x  MAC: 1x Energy

(external) (cache, buffer)

59



Exploiting Data Reuse

 Temporal Reuse * Spatial Architecture
— e.g., memory hierarchy — e.g., systolic, multicast
— the same data is used more than — the same data is used by more
once over time by the same PE than one PE at different spatial

locations of the hw

PE
: : I I A
> :A >
-0
: } pe 8
 Temporal and Spatial Reuse e |

— Memory hierarchy and multiple e I o I . N _.E

PEs systolic multicast
60




Back to the GEMM Kernel

for

(m=0; m<M; m++) {

for (n=0; n<N; n++) {

}
}

C[m] [n] = 0;

for (k=0; k<K; k++) {
Clm] [n] += Alm] [k]
}

Cyuxn = Ayxg XBgxn

*

Blk] [n];

Input
Activations
A

M

Weights

Output

Activations
C

61



Accelerating GEMM

* Parallelizing most inner loop
— (1) Adder tree
e Typical width: 8-64
— e.g. NVDLA, NVIDIA Tensor cores, FINN

for (m=0; m<M; m++) {
for (n=0; n<N; n++) {
Clm] [n] = 0;
parallel for (k=0; k<K; k++) {
Clm] [n] += A[m] [k] * B[k][n];
| } for: temporal execution order
} parallel for: parallel execution

[Credit: Sophia Shao, Hardware for
Machine Learning, Course@UC Berkeley]
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Accelerating GEMM

e Parallelizing most inner loop

— (2) Systolic Multiply-And-Accumulate (MAC)
* Typical width: 8-256 } } } }

— e.g. Gemmini, Google TPU MACRSMACESMACERVAQ

for (m=0; m<M; m++) {

}

for (n=0; n<N; n++) {

MACggMACggVIACamgMAC
Clm] [n] = 0;
parallel for (k=0; k<K; k++) { MACES)\ ACE\ACEVIAC
Clm] [n] += A[m] [k] * B[k][n];
}
} MACGggMACggVIACamgMAC

63



Accelerating GEMM

* Parallelizing second inner loop

— (3) Multicasting a (sub)line of weights

— e.g. NVDLA, NVIDIA Tensor cores

e Typical width: 8-16

for

(m=

0O; m<M; m++) {

parallel for (n=0; n<N; n++) {
Clm] [n] = 0;

}

for

}

(k=0; k<K; k++) {

Clm] [n] += A[m][k] * Blk][n];

for: temporal execution order
parallel for: parallel execution

[Credit: Sophia Shao, Hardware for
Machine Learning, Course@UC Berkeley]
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Accelerating GEMM

* Parallelizing second inner loop

(4) Systolic multicast
* Typical width: 8-256

e.g. Gemmini, Google TPU

for
parallel for (n=0; n<N; n++) {
Clm] [n] = 0;

}

}

(m=

for

}

0; m<M; m++) {

(k=0; k<K; k++) {

Clm] [n] += A[m][k] * Blk][n];

OE-00B00 8
ONORORO

[Credit: Sophia Shao, Hardware for
Machine Learning, Course@UC Berkeley]

65



Accelerating GEMM

* Parallelizing second and most inner loops
— (1)+(3) Adder Tree + Multicast

—e.g. NVDLA, FINN

for

(m=0;

m<M; m++) {

parallel for (n=0; n<N; n++) {
Clm][n] =
parallel for (k=0; k<K; k++)

}
}

}

Clm] [n]

0;

+= Alm] [k]

* Blk][n];

000 ®®[®E®®] 0000 ® ®
| OWBO) ::0"0 : :0 ON
B i B

—_—— e e e e e ——

[Credit: Sophia Shao, Hardware for
Machine Learning, Course@UC Berkeley]



Accelerating GEMM

* Parallelizing second and most inner loops
— (2)+(4) Systolic MAC + Systolic Multicast

— e.g. Gemmini, Google TPU

for
parallel for (n=0; n<N; n++) {

}

}

(m=0; m<M; m++) {

Clm] [n] = 0;
parallel for (k=0; k<K; k++)

Clm] [n] += A[m] [k] * Blk][n];

}

[Credit: Sophia Shao, Hardware for
Machine Learning, Course@UC Berkeley]
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Systolic Arrays

* Replace single Processing Element (PE) with an array of
regular PEs

* Orchestrate data flow for high throughput with less memory
access than classical architectures

* Each PE may have (small) local instruction and data memory
* Analogy with the heart—bieed—(many)cells—>heart
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Systolic Arrays are New?

SYSTOLIC ARCHITECTURES FOR CONNECTED SPEECH RECOGNITION (*)

Francois CHAROT
. Patrice FRISON
- Patrice QUINTON

IRISA, Campus de Beaulieu,
35042 RENNES-CEDEX
FRANCE

July 1984

ABSTRACT

‘Systolic arrays for two_connected speech recognition methods are presented. The first
method is based on the dynamic time warping algorithm which is applied directly on acous-
tic feature patterns. The second method is the probabilistic matching algorithm which
requires that the input sentence be preprocessed by a phonetic analyzer. It is shown that

both methods may be implemented on either a two-dimensional or a linear systolic array. .

Advantages of each of these implementations are discussed. The architecture of a 12000
transistors programmable NMOS prototype IC which can be used as the basic processor of

(*) This work has been
Research Center).

partly funded by a grant of the CNET in Lannion (French Telecommunication
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Systolic Array Matrix Multiplication

bo,1

0,0

0,1

a0,2

0,3

a0

ar1

a0

a3

9.0

a2

9.0

a93

a3.0

a3 1

a3.0

as 3

K-—1
Cij = Z Qi X by,
k=0

j = @0 X bO,j + ai1 X bl,j +...+ a; K—1 X bK—l,j

T

Co,0 C|,1 Co,2 | Co,3

C1,0<C1,1 Cro | C1.3
\___/

g

Coo | Co,1 | Co0 [ Cos3

C30 | Cs1|C30]|C33
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 QOutput (C)
Stationary

a13 [ a2 | ann | a0

g3 | Ago [ A9 | A9

33 | 39 | A1 | A3




 Cycle 1l

bs by by
bs 0 by b1 o boj3
by b b9
b o by
b 0

40,3 | 40,2 | 20,1 | 20,0
Az | Adig | A1 | A0
dg3 | Ag,2 | 42,1 | 420
33 | 432 | 43,1 | 43,0
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e Cycle 2

b3,2 b2,3

bs by by

b0 by by bo3
by b, b9

0,3 | 40,2 | Q0,1
Az | A | a1 | 410
d93 | 42,2 [ A2,1 [ 42,0
a3z | Ag9o | 431 | 430




Cycle 3

bs o by s

bs.; by b

bs o by 1 b bo3
by by, b9

0,3

a3 [ A1
Ao 3 | A2 | A2 1
az3 | Azo | 431 | 430
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bs
b b
 Cycled i I
bs 1 by b3
b3 by 1 b1 b s

- ~B-E-30
}

413 | 41,2 | = — — =g PE

A23 | 422 | A2 1 | i — =S DE

il Bl Nl _’M_' 75




 Cycle 5

a9:3

a3 3

as o

as 1

b3 by 3
bs by o b3
I ¥ J ¥
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* Cycle 6

as 3
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* Cycle 7: all PEs contain (;; results

* (; values can be shifted to last column/row
through the PEs at each cycle

b3,3




* Weight (B)
Stationary

— First phase:
load weights

by by | by 9 by 5
by b byo by 3
by by | by by 3
bs bs | b3, b3 3

time
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* Weight (B) Stationary

— Second phase:
matrix multiplication

b;; PPi;

1

acc <

ébmgl PPi+1,

ai1+1

PPi+1,; = Aij+1 Xbjr1; + PPi;
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Systolic Array Matrix Multiplication (WS)
* Cycle 1

0,3

0,2

0,1

a0,0

a3

a1 9

a1

ar,0

as 3

a9 .9

a9 1

9.0

33

as 9

a3 ]

a3.0
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Systolic Array Matrix Multiplication (WS)

e Cycle 2

0,3

40,2

a0,1

a3

a2

a1

a0

a9 3

a9 9

a91

a9 0

a3 3

a3 9

a3.]

a3.0

—p =
‘Pplo ¥ ﬁ .
- Emg

-0
B-E-R-

Canxbo | aX by

ajgX by
+
a0,0X bo
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Systolic Array Matrix Multiplication (WS)

* Cycle 3

0,3

0,2

a3

a0

a1

a9 3

a9 9

a9

a9 .0

a3 3

a3 9

a3.]

a3.0

vy

a0 1

YPPLO §

— R _.@_.
+PP2o §

—

a

aj; Xbyg, ajoXby s
ag 1 X boy ay0X by |
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Systolic Array Matrix Multiplication (WS)

 Cycled

—

40,3

¢
~I3
'

a3

{
b

a9

9.3

a9 9

a9 1

a3 3

a3 9

a3 1

a3

v
v

—

V

a

0

V

Co,0 —

as X by
a9 X by
aj0Xbg.

ag X bgy
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 Cycle 5

— New inputs can start to be broadcasted
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R

C2,0 C1,1 Co,2

CL0 Co,1

Co,0
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* Cycle?7

87



* Cycle 10: all G;
results have
been outputted

C3.0
C2.0
C1,0

C0,0

Cs3,1
CQ,I

C1,1

Co,1
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Outline

— Available accelerators for DNNs

e Part lll: computing at the right precision
— A bit of arithmetic
— Inference and training with low precision
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Accelerators for ML
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SIMD SIMD DSP BRAM
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 Accelerators: GPU, TPU
* Open-source accelerators: NVDLA, Gemmini
* FPGA: overlays, dataflow (e.g., FINN)



GPU

* NVIDIA Volta GV100 (2017, 14nm)

21B transistors
815 mm?

80 SM
5120 CUDA Cores
640 Tensor Cores

16 GB HBM2
900 GB/s HBM2
300 GB/s NVLink

High-Speed Hub

VVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVV

*full GV100 chip contains 84 SMs

* NVIDIA Hopper GH100 (2022, 4nm)
— 144 SMs
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GPU

 Volta GV100: SM’s details

L1 Instruction Cache

LO Instruction Cache
Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/clk)

Register File (16,384 x 32-bit)

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

[
sT ST

TENSOR TENSOR
CORE CORE

W W
sT ST

LO Instruction Cache
Warp Scheduler (32 thread/clk)
Dispatch Unit (32 threadlclk)

Register File (16,384 x 32-bit)

sT

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

FP32 FP32

L Lo
sT ST

FP64
FP64
FP64

TENSOR TENSOR FPos

CORE ' | CORE =

FP64
FP64
FP64

W W Lo
sT ST sT ST

LO Instruction Cache
Warp Scheduler (32 thread/clk)
Dispatch Unit (32 thread/clk)

Register File (16,384 x 32-bit)

FP32 FP32
FP32 FP32
FP32 FP32

FPI2FP32 1o\ cop

radfpsz CORE

FP32 FP32
FP32 FP32
FP32 FP32

L L/ LD LI
ST ST ST ST

L0 Instruction Cache
Warp Scheduler (32 threadlclk)
Dispatch Unit (32 threadlclk)

Register File (16,384 x 32-bit)

INT FP32 FP32
INT FP32 FP32
INT FP32 FP32

INT FPR2FPR2 1o\ cor

[ Frafpaz CORE

INT FP32 FP32
INT FP32 FP32

INT FP32 FP32

Lo/ L/ W W Lo
ST ST ST ST ST st

128KB L1 Data Cache / Shared Memory

Tex

Tex

TENSOR
CORE

TENSOR
CORE
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NVIDIA Tensor Cores

Mixed-Precision Matrix Math

— 4x4 matrices operations in one cycle
Q

52252, 8
ll. Tensor Core Throughputs

Multiply-Accumulates per clock per SM
(multiply by 2x for ops counts)

-mm

Volta 64
Turing 64 512 1,024 2,048 8,192
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NVIDIA GPU

* Highest Peak Performance

Peak performance (TFLOPS)

A new chipin less than two years now...
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GPU

 GPU have high control overhead

Half-precision Fused Multiply-Add
Half-precision 4-way Dot Product

H.-p. Matrix Multiply and Acc.

e But also have very efficient tensor cores

* Last generation: Hopper GH100 GPU

Operation Energy** Overhead*
HFMA 1.5pJ 2000%
HDP4A 6.0pJ 500%
HMMA 110pJ 27%

— 144 SMs with 128 FP32 cores, 64 FP64 cores, 64 INT32 cores, and four

Tensor Cores per SM

— Support for FP8 format

— 4nm, 700 Watts...
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TPU: Tensor Processing Umt(GoogIe)

* TPUv1
— 2016, 28nm, 700MHz
— 8GB DDR3, 28MB on-chip mem
— 75W, 23 TOPS

* TPUV3

— 2018, 16nm, 940 MHz
— 32GB HBM, 32 MB
— 450W, 92 TOPS




TPU

Coarse-grained matrix
multiply and data read/write
instructions

Compute intensive
— 64K MACs per cycle
Memory intensive

— 4 MB of on-chip
Accumulator Memory

— 24 MB of on-chip Unified
Buffer (activation memory)

— Two 2133MHz DDR3 DRAM,

8 GiB of off-chip (weight
DRAM)

>25X as many MACs vs GPU

14 GiB/s

=

14 GiB/s

=

Interface

PCle Gen3 x16

—

D Off-Chip 1/0
D Data Buffer
D Computation

. Control

Host Interface

14 GiB/s

DDR3 DRAM Chi
Q 30 GIBls

DDR3 2133
Interfacas

Unified
Buffer Systolic
Data

Setup

(Local
Activation
Storage)

167 GiB/s

Weight FIFO
(Weight Fetcher)

Matrix Multiply
Unit '
(64K per cycle)

[ Activation ]

[ Normalize / Pool ]
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TPU M
Matrix Multiply Unit: 256x256

A
(65,536) 8-bit MAC as a systolic — — —> Data
array . _, weights l
— Peak: 92 TOPS l l
* 2x65,536x700MHz .
| i\lc

Datapath: 1
— Parallel-K: systolic accumulation :
— Parallel-N: systolic multicast ¥

Memory

— Custom systolic registers , _ _é _é _cb _é
— Dedicated accumulation and activations
]

Welght bUfferS > "> —> Done

— Double-buffered, weight- J
stationary dataflow PSUMS
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Accelerators for ML
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Threads Massive Threads LUTs MM Unit
SIMD SIMD DSP BRAM
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* Open-source accelerators: NVDLA, Gemmini
* FPGA: overlays, dataflow (e.g., FINN)
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NVDLA

* NVIDIA Deep Learning Accelerator

— 8-16 bit datapath, weight compression

— Int8, Int16, FP16
— large-small config.

— open-source

e system Verilog

Control Bus

/\

Configuration and Control

y

V

v

@nd tiod Buffer (SRAM)

Input activations

Filter weights

Post-

— Convolution
g Core — processing

it

v

Memory Interface

O

S&%AM htemi}ll RAM
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Gemmini
 UC Berkeley

[Gemmini, DAC 2021]
https://github.com/ucb-bar/gemmini

— open-source (Chisel), systolic array

Rocket Gemmini Accelerator
RoCC Cmd Controller Transposer
Core
RoCC PTW Dependency Mgmt HiEIEEEn
{ DMA Engine ]
L11+D Local TLB ][ Systolic ][]
[ ][ Array ][]
Scratchpad 0,0
L2 Bank 0 o000
: )
Bank K Seal Accumulator
DRAM VB[ |__SRAM
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https://github.com/ucb-bar/gemmini

Gemmini

* Weight-Stationary or Output-Stationary dataflow

Systolic Array
B/D

to accumulator or scratchpad

Tile PE
Weight Partial Sum
| | | Preload (from PE above)
|
7 7 7
— PE PE |>++« | PE H> @BT—_’(H . Forwarded
T T T Input | Input
WS Activation| (X
—» PE I PE > PE > n
., Partial Sum
to PE bel
el e [P O3 | (to PE below)
Weight
l i i | I Accumulator
At | Preload
Activation %
> Acc
——
v

https://github.com/ucb-bar/gemmini

Partial Sum
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https://github.com/ucb-bar/gemmini

Accelerators for ML
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* FPGA: overlays, dataflow (e.g., FINN)
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FPGA

e Xilinx Alveo U55C card
— PCle® Gen3x16 or dual Gen4x8

 Ethernet 2 x 100 Gb/s

e XCUS5S5 UltraScale+ FPGA

— 16 GB High-Bandwidth Memory
(HBM?2), 460GB/s bandwidth |-

— 1.3M CLBs e
— 270+70M BRAM o>
— 9K DSP blocks, 4 INT8 MAC/DSP |-
— 28 TOPS INTS (peak, S00MHz)

‘‘‘‘‘‘‘

g g
M
o

Q

C I JE S
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HLS vs. Overlays

e HLS synthesizes C-like high-level design and performs

code transformations and synthesis optimizations

 FPGA overlay is a coarse-grained design abstraction layer

over fine-grained FPGA resources

}{ id foo(int in[3], ch har b, char c, int out[3])
! .

| for(inti = 071<3; i++) ¢

sty

3

Clock Cycle [

1 I

= =I

Scheduling A5

Phase a— N ou
in_data

X

. Memol

Initial AddSub AddSub Aoonard MUL
Binding

Phase AddSub
Target
[Binding AddSub | AddSub e DSP48 }
Ph

—out_addr
>

Conltrol —>in_addr "83::\%66
Logic —in_ce

Extra Finite State Machine (FSM)

W

User Design

/
,
/
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HLS vs. Overlays

e HLS synthesizes C-like high-level design and performs
code transformations and synthesis optimizations
— FINN (Xilinx): SIMD + parallel Matrix Vector Activate Unit
— HLS4AML: "true" HLS style + reuse

— HLS Libraries: e.g., Vitis Accelerated Blas Library,
GEMM_HLS, HLS_LIB, AC_ML

 FPGA overlay is a coarse-grained design abstraction
layer over fine-grained FPGA resources

— Xilinx Deep Learning Processing Unit (DPU) + Vitis Al
software stack + runtime (XRT)

— VTA+TVM
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TVM+VTA O T @@ e

e End-to-end Graph Optimizer
hardware-software
DL system stack
— hardware design
— sequential o

- d r|Ve I‘S, J IT Fu nt| me Edge FPGA Cloud FPGA (in progress) Simulator

Ye . Hardware

L p Deployment
= @ =
st B 1 107

Compiler and
Code Generation

— optimizing compiler ..
stack based on TVM Lo




FINN

* Experimental framework from Xilinx

Research Labs

— Provides an HLS library of standard NN

layers

— Design space exploration of QNN
accelerators on FPGAs

— Generates HLS code that supports a wide

range of precisions

* Inference only, focused on Quantized NNs
— Pipelined dataflow architecture
— AXI controlled dataflow structure for low

latency

QNN training in PyTorch

Customization )
of Algorithm Brevitas

Frontends, Transformation,
Dataflow Backend

Customization .
of Hardware FINN Compiler

Architecture

Deployment with

EXILny,

ALVEQ,




Outline

e Part lll: computing at the right precision
— Number representation and precision
— Inference and training with low precision
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Computing just right!

(with the right accuracy and precision)
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Number Representations and Precision

* Energy, delay, and area vary a lot between
numeric formats and word-length

Multiplication
8-bit integer 0.03pJ /36um?  0.2pJ / 282um?
32-bit float 0.9p) / 4184um?  3.7pJ / 7700um?
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Humans Approximate....
But Computers Do Not!

923 * No need for complex
21 > 1.75 computation

923 > 45 More accurate

21

computation is required

* High-precision computations often lead to inefficiency 44,



Resilience of ANN?

Aoccdrnig to a rscheearch at Cmabrigde Uinervtisy, it
deosn’t mttaer in waht oredr the Itteers in a wrod are,
the olny iprmoatnt tihng is taht the frist and Isat Itteer

be at the rghit pclae. And we spnet hlaf our Ifie larennig
how to splel wrods. Amzanig, no! [O. Temam, ISCA10]

* Our biological neurons are tolerant to computing
errors and noisy inputs

e Quantization of parameters and computations

provides benefits in throughput, energy, storage .



Number Representations
* Fixed-Point (FxP)

* Floating-Point (FIP)

r=(—1)% x m x 267127
s: sign, m: mantissa, e: exponent

€c;

€c.

€;

€o

1 my 4

m;

m,

Exponent: E bits

5 Mantissa: M bits

— Easy to use

— High dynamic range

— Hardware cost and power

r=pxX K

p: integer, K=2": fixed scale factor

2m-1

— Integer arithmetic

— Efficient operators
* Speed, power, cost

— Harder to use...

21 20121 2
|

S

b

m-1

b

m-2 b1 b 0 b -1 b -2 b-n+2b-n+1 b -n

Integer part: m bits Fractional part: n bits




What can be Customized?

Floating-Point (FIP)

Precision

— Exponent (E) and Mantissa
(M) bit-width

— e and m both impact
accuracy

Play with exponent bias
Sub-normal numbers or
not?

0, o, NaN?

Rounding modes

— stochastic, to nearest,
truncation, to 0/oo

Fixed-Point (FxP)

Precision

— Integer (m) and fractional (n)
bit-width

— nimpacts accuracy

— m impacts dynamic range

— Wordlength (W=m+n+1)

Rounding modes

— stochastic, to nearest,
truncation, to 0/oo

Saturation modes
— wrap, max/min
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Area cost (um?)

1750 A

1500 A

1250 A

1000 A

750 1

500 A

250 A

Energy Gains of Low Precision

* Multiplier (float)

Multiplier: Area vs Energy

X
X
X X
X
I X 532,32)
X g%?;
X ¥ X
)(X2>é . xx X
X %?X»&' o
0 1 2 3 4 5 6 7 8
Energy (J) le—13

>200x

32 bits

900 A

800 A

Area cost (um?)

S ()] ~

o o o

o o o
1

w

o

o
1

200 A

100

w

o

o
1

* Adder (float)

Adder: Area vs Energy

"B 14X X32 pa)
X
X %32,82)
XX XXX
X X BXQX
XX
);‘ ?&8,1
)
é&o,m)
Xxx
12)
10)
110)
+88)
0 1 2 3 4 5 7 8
Energy (J) le—13

>30x

32 bits
116



Very Low-Precision float Multiplication
 Example: 7 bits (7,5,1)

S«

€x

ey

1 JO/I

1.m,={1.0; 1.5}

s, =SxNXORs,

S,

1.m, = {1.0; 1.5; 2.25}

e, = e, +e,+ (mx AND my)

]

1.m,={1.0; 1.5; 1.5 or 1.0}

m, =m, OR/XOR m,
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How does this apply
to DNNs?



Low-Precision Inference

* Not only Weights, but also Activations, Per-Layer

Quantization, etc.

Accuracy with (weight mantissa size , weight exponent size) in the legend

100
80
2 60- Resnet-18, CIFAR100
(]
g —— (2,4)
—— (1,3)
40 (3.3)
—o— (1,5)
(1,8)
20 - —o— (3.8)
—o— (23,5)
o o % i—— (23,8)
(L) G122 (L3 (44 (58  (23.8)

Activation quantization (mantissa, exponent)

4-bit activations and
10-bit weights keeps
accuracy near (98.4%)
32-bit float reference
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Even Worse for Training...
e Carbon footprint of DNN training

Analyzing the carbon footprint of current natural-language processing models
shows an alarming trend: training one huge model for machine translation emits

the same amount of CO2 as five cars in their lifetimes (fuel included)
[Strubell et al., ACL 2019]

 Many more operations than inference
* More pressure on memory access
* Much more difficult to accelerate

Need for a Significant Reduction of the Carbon
Footprint of Neural Network Training Hardware



Mixed Precision DNN Training

a; . E & LP Mult LP Acc
1 Quantize W Z X To FP32 241,
* GEMMs and weight W, |
) g . Forward GEMM )

updates are performed .

In custom precision = N
oL oL | LPAcc LP Mult W, k5
a_a[ 63[ N3 £ . (—[
«—To FP32 X E Quantize
< ——ro
ATy — = e o0
acKwar: / 3’5[-1

e GEMMs are performed N o

on GPU or FPGA kernels
oL oL ( LPAcc  LP Mult ) &% ) a
48LT0 FP32 « OW¢ X)j Quantize‘
) ac ) ac

e Different arithmetic \__ Backvard GEMM) 5= o
configurations for FWD,

BWD and WU operations [ weaw) g w,
Wi Wea (O} |
«—To FP32 ‘ \j—/z Quantize
oL ‘oL

\_ Weight Update ) W,



Mixed Precision DNN Training

* We can reach baseline ResNet20
accuracy using lower ,
precision

* Too low of a precision could
lead to divergence

Accuracy (%)
Accuracy (%)
w
o

30
20
e A Performance-Precision | = 10| el U e
equilibrium must be found T3 3 3 3 % 7 I3 3 3 5 & 7
——-#F':'QZantissa—.B-itESG-default -@- E4-default —— ESALS#M—iPtEi‘lS-I?Sa Bits
[FPT2022]
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Putting It All Together

* MPtorch-FPGA: a Custom Mixed Precision
Framework for FPGA- based DNN Trammg

[DATE2025] p

Alveo U55 FPGA

\
Read B Tiles \
Systolic Array #1
HBM [2]4/,ReadATiles‘ . PE, YPEy_1 > PEy
mﬁ Host N ) - -
HBM [3] Write Z Tiles < H .
ooencL PCle Ty - Systolic Array:
—> Op HLS Kernel ; C cores of N
4 - PEs of M MAC
Read B Tiles
Systolic Array #10
N\ >
Read A Tiles >l : >

c units
MPTorch-CPU
PyTorch —)‘ C++ Kernel J MPTorch

PCle
MPTorch-GPU
> CUDA§:>{ CUDA Kernel
\\ P
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Results

e Optimize <N,M,C,F> configuration for a given DNN model

* Explore model accuracy for different arithmetic configurations

— FP8 multiplier, FP12 (E6M5) with Stochastic Rounding
— with less than 2% accuracy loss w.r.t FP32

Multpher Accumulator  LeNetS  ResNet20  VGGI6  ResNetS0
I } } Fa

EGM5-RZ 97.10 10.00 10.00 10.00

EGM5-RO 98.00 10,00 10.00 10.00

E5SM2-NR E6M5-RN 98.61 10.00 10.00 10.00

FP8/FP12 SR EOM5-SR___ 99.00 90.55 88.99 8088
FOMIO-RN ___ 99.05 01.24 R0.81 %297

FP32 baseline [ ESM23-RN __ ESM23-RN __ 99.18 91.91 90.67 82.00

~ FXP4, 4-RN 99.06 10.00 10.00 10.00

FXP4, 4-SR 99.14 10.00 10.00 10.00

FXP4,4-RZ FXPS, 8 98.85 10.00 10.00 10.00

FXP4, 4-RO 10.00 10.00 10.00 10.00

Datasets: ' MNIST, *CIFAR10, = Imagewoof
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What's next?

* Efficiency of hardware specialization

— Domain-specific architectures and languages
e Computing just right

— @design-time or @run- time

 Hardware-aware optimizations are mandatory

— Deep knowledge of the hardware is required to

propose energy-efficient DNN models
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* Does pruning always trans

Pruning

a|b|c
f{O0]O
O]l |m
p| O r
ul|v|oO

Solution:
structured pruning

Network Pruning

before pruning after pruning

pruning
synapses

-—>

pruning
neurons

ate into energy savings?
Unstructured — Structured
tiling channel out
- E H T [
| B o H m]m
| = R L :_{}_
1] = o H L] : H L] :
= | = ] [ ‘*:'L [ ‘*:VL
(a) Fine-Grained (b) Pattern (c) Channel (d) Filter
B  Pruned weights [  Unpruned weights
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Key Metrics

Accuracy

— Evaluate using the appropriate DNN model
and dataset

Programmability

— Support multiple applications
Throughput / Latency

— GOPS, frame rate, delay
Energy / Power

— Energy per operation and memory access
DRAM Bandwidth
Area Cost (memory size, # of cores)

Number of FLOPs, MACS, and Weights are
not a good proxy for energy and latency

=
Z

SN WY &~~~ &N —

7))
-]

NOowx+rILualy
N~=¥RNN s~ &
PRANNI ~=Jd
S e NS w 03\
SLQOPANQINN
S QU RN W
0N o & — J] o0 b £ o
SR UKo NS
NONONO LY —

BW
CHIP L4

[Eyeriss tutorial] 128



NVDLA

* Small configuration

INT§ MACs OV Area Memory
(# instances) el (mm?2) BW
(KB) (GB/s)
2048 512 3.3 20
1024 256 1.8 15
512 256 1.4 10
256 256 1.0 5
128 256 0.84 2
64 128 0.55 1

https://en.wikichip.org/wiki/nvidia/microarchitectures/nvdla

ResNet50

Perf Power Power Eff.

(frames/s) (mW) (DL TOPS/W)

269 388 54
153 185 6.3
93 107 6.8
46 64 5.6
20 41 3.8
7.3 28 2.0

TSMC 16 nm process at 1 GHz
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https://en.wikichip.org/wiki/nvidia/microarchitectures/nvdla

NVDLA

* Large configuration

Configuration

INT16/FP16 512 MACs Data
Type

INT8 1024 MACs

Conv Buffer 256 KB INT8

Area 2.4 mm?2 FP16

DRAM BW 15 GB/s INT8

TCM R/W BW 25/25 GB/s FP16

Internal
RAM Size

none

none

2M

2M

https://en.wikichip.org/wiki/nvidia/microarchitectures/nvdla

Perf
(frames/s)

165
59

230

115

ResNet50

Power Power Eff.
(mW) (DL TOPS/W)

267 4.8
276 1.6
348 5.1
475 1.9

TSMC 16 nm process at 1 GHz

130


https://en.wikichip.org/wiki/nvidia/microarchitectures/nvdla

FPGA: DSP

 DSP Double Data Rate (DDR) technique

Clk'lx.‘ clk2x > clk1x
<—I=:~ PCOUT :<—>
| |

MG ! A A '
ram [+ asy DLY |
1 [RES RES ouT
I 4
> 1D > I[P AD — R B
| D DLY | D
MG, [ D DI|D > D |
ram I Async DLY I
| |
D I D D D PC(F;UT I
' B RES| ! [ouT
weT] ! ['B0 B | [B B 1M
ram| | |async SEL [ D I D
| |
D | P D || D D |
| . |
WGT + B1 DSP48 Slice :
ram | | [agyne PCIN |
| |
| p |
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Deep Learning Processing Unit (DPU)
& XILINX.

Performance |«

DPU: programmable engine Scheduler
optimized for DNNs ;

Includes :
— high-performance scheduler - Instruction Global Memory Pool
— hybrid computing array module
— instruction fetch unit module ! ! P
— global memory pool module ! !

High Speed Data Tube

Uses a specialized instruction k
set

Sequential architecture RAM
model APU - Application Processing Unit 132

PE PE PE PE

\

Hybrid Computing Array
A

Y

A
Y

Y




Vitis Al Stack

* Vitis Al User Application
— Al Compiler Frameworks
— Al Quantizer
— Al Optimizer
— Al Profiler Vigs Al
— Al Library e
— Xilinx Runtime  overiay
Library (XRT)

133



Vitis Al Stack o

€ Build sw o
c Build Model DPU IPs CC++ Accelerated Libraries

4 Caffe @ @ A </> b2

O PyTorch

Al
Optimizer
(optional)

v

Al
Quantizer

L

Al Al

Runtime Library Xilinx Object Xilinx Object Xilinx Object
(.x0) ()] (.x0)

Al
Compiler

Compiled
Model Files

Built HW

I
I
I
I
I
I
I
I
I
I
I
I
I
|
I
|
|
I
I
|
I
I
I
I
I
I
I
0

X24832-12042
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XDNN processing engine

instruction memory

execution controller

element-wise processing units

systo

FPGA Physical Slice

IC array

Logical Processing Element

1x Clock

Weight
Cache
(Pong)

1 2x Clock

Reformat

Weight
Cache
(Ping)

Reformat |

CLB-M CLB-M
DSP48E2

CLB-M CLB-M

CLB-M CLB-M

CLB-M CLB-M
DSP48E2

CLB-M CLB-M

Weight
Cache
(Pong)

Reformat l

Weight
Cache
(Ping)

Reformat [ \\

Image Queue | |

| Instruction Buffer |

| Spill/Restore DMA Controller |

-~
]
9]
E
L ‘g_»
<-C> Systolic Array
<
] 8
i
~
ft—p-
i
Y Y
| Bias | | Bias | | Bias | | Bias |
Pooling/
Element-Wise | ReILU | | Rel'-U | | Rel'-U | | Rel'-U |
Addition |Pooling| |Pooling| |Pooling| |Pooling|
| ]

4' Cross Bar |
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XDNN processing engine

e Command-Level Parallel Execution

Filt

Scheduling Coreae
Conv 1x1 Conv 3x3 Conv 5x5 Conv 1x1

Conv 3x3 Reduce Conv 3x3
Conv 1x1
Parallel Execution | Conv 5x5 Reduce
5555555 Conv 3x3 Conv 5x5 | :?;(3 |
ax Poolin
:lConv 1 Reduce Reduce g
Previous
Laye

* Hardware-Assisted Image Tiling
e Custom Network Support through Heterogeneous Execution

FPGA or CPU FPGA CPU - FPGA CPU

°oeo_ Q
GD»CPWIQ.ﬂ.aD»CPWIQ.H‘VCF*1.»|M

Pre-processing Subgraph 1 Parallel Subgraphs Post-Processing 136




XfDNN Inference Toolbox

Graph Compiler Network Optimization

“One Shot”
Network

Deployment

Python tools to quickly compile * Automatic network optimizations for
networks from common lower latency by fusing layers and
Frameworks — Caffe, MxNet and buffering on-chip memory
Tensorflow

xfDNN Quantizer

..........

Quickly reduce precision of trained

models for deployment
* Maintains 32bit accuracy at 8 bit
within 2%
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Mixed Low Precision

Top-5 mTop-1 _

90 - oo Top-5889°% _ oo 80
%80 2 8 B R & R Top-1687%4 _ o o 0 L__ g D L L L __ - 70 %
® o 0 & | om Relative Performance
8 8 i
=z 60 L 50 < - _ 120
& I I 3 ‘ @ 10.0
sy ] I e
DECODER 1 s E 60
GowLeNet REGMAP — DISPATCHER — — Py
Source:Weighted-Entropy-based Quantization, Eunhyeok, CVPR, 2017- j INT4 iNT3 | INT2 2 40
PROFILER | ©
. o o s | o vl e 20
Fixed low-precision quantization already | [0 [wcwe]  m
showed competitive results. [ o 52 [ we GRS T SN
Y \é& \% & & (1\6\
Q}c‘l{o\ o{o\ Q@:
. - . . N N X
Next generation: Variable precision of X
N

*accuracy drop less than 1%
BW 2 3 4 5 6 7 8

wgt 0 3 4 6 0 0 3
r- act 0 0 0 2 5 10 5

activation/weights among layers
Preliminary experiments on
BW 2 3 4 5 6 7
w0 o T3 [z 7 0l popular networks.

I—- — —
8bit g Xbit © Ybit Zbit 8bit ] 01 0] 06|83 (vgg-16,resNet-50,inception-
y v4
> Input__ BW 2 3 4 5 7 8 )
&7 o wgt | 0 | 0 | o | 15 | 84 | 38 | 13
) T Wweight “' o act | 0 0 0 0 84 | 99
12345678 910111213

Layer Num 1 3 8

O = N W b OO N 0 ©
T —
T —

Bit width

i

o

{

(o2}




VTA: Versatile Tensor Accelerator

* VTA: an open,
generic, and
customizable DL
accelerator

— Sequential
architecture model

* Complete TVM-
based compiler stack

INSTRUCTION FETCH MODULE

LOAD
CMD Q
Y

LD—-CMP Q

LOAD
MODULE

CMP—-LD Q

COMPUTE
CMD Q

COMPUTE MODULE

REGISTER
FILE

—>

]

J A
|—>| INPUT BUFFER |———

STORE
CMD Q

CMP—-ST Q

ST—-CMP Q

=

STORE
MODULE

——| WEIGHT BUFFER f—————

—| OUTPUT BUFFER |—T
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TVM: Open Deep Learning Compiler Stack

 Apache TVM is an open source machine
learning (ML) compiler framework for CPUs,
GPUs, and accelerators

— optimize and run computations efficiently on any

hardware backend qt
«sBLVIT)
a N
TVM
@ @ ® @ ® ® @
TE TE + Schedule
[ TF/PyTorch/ONNX ] =) (Higt?— ?;"\’Z”R) =) (Computation =) A?;?lgﬁﬁ':}ﬂg’i%%ﬁg;er =) (Optimization =) (Low]cIeSeIIR) =) [ Machine Code ]

definition) specification)
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FINN Matrix Vector Activate Unit

* Two versions: block and streaming / \

weight memory |||  wrapper
weight streamer
weight memory . Wg:Ig:?)t
] Tl MvAUwith [ —

in FIFO HLS weight mem out FIFO l ]

\_ ) MVAU with | |
— | streaming : —
mem_mode = “const’ \in FIFO Heignts out FIFOJ
i CO m Utatl O n St r U Ct U re HLS components mem_mode = “decoupled”

[] p

— PES based on SIMD UnItS D Verilog components

— #PE and #SIMD/PE are configurable
141



FINN Matrix Vector Activate Unit

Weight matrix

#PE=4
# SIMD = 4

\ 4

2 clock cycles -§
#PE =4 =
# SIMD = 2 S

o

\

4 clock cycles

HLS sources: MVAU, MAC
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https://github.com/Xilinx/finn-hlslib/blob/master/mvau.hpp
https://github.com/Xilinx/finn-hlslib/blob/master/mac.hpp

HLS4ML

* hls4ml converts DNN models into a full HLS project

e Supports many kinds of models (MLP, CNN, RNN) and
different formats (Keras/Tensorflow, Pytorch, ONNX)

i’y Vivado™ HLS
— Lacks good m*Tl‘ ‘ \

. . . Kera
optimization TensorFlow .
( resource u Sag e) ’ / PYT_?_rCh v. Co-processing kernel
models needs to be hls 4 ml
quantized s
aggressively ——t. <
.. model — iy
— Limited boar d, conversion Custom firmware
FPGA, recent HLS Usual ML 7 design
H software workflow
Comp I I er Sup p Ort ‘ tune configuration
PYTORCH e/ e
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Integer Addition

* Ripple-Carry Adder

Tn Yp 1 Y1 Lo Yo
}

Lo

FA FA |——c;=0

FA e ccccccccccccccnns p—

-

Cn+1

delay: O(N)
cost: O(N)

Parallel prefix adders

delay: O(logN)
cost: O(NlogN)

! ! i

Sn S1 S0

T15 Ti4 T13 T12 T11 Ti0 X9 Xg Ty Te X5 T4 T3 T2 X1 X
Y15 Y14 Y13 Y12 Y11 Yo Yo Ys Yr Ys Ys Y4 Y3 Y2 Y1 Yo

NDUDDDDDUDDDDUDYD
OO O OO
efejoferereserereioserereies B

e e e
T
=

EEzoce
S e o
efeeisiei
=
=
DDDDDDDDDDDDDD DY

215 %14 <13 212 <11 R10 <9 28 R7 k6 K5 R4 k3 k2 21 20144

WA

L —

WA

/
/
——

DS
NSNS

e




Integer Multiplication

* Many implementation depending on
compression scheme and final adder | |

Booth recoding,
partial product generation

compression tree
delay: O(logN) @

cost: O(N?)

final adder

-

J-M. Muller et al., Handbook of floating-point arithmetic, Springer, 2009. 145



Fixed-Point Representation

* Representation
(w,m,n)
w=m-+n

 Examples
97 =01100001, in (8,2,6)
1+1/2+1/64 = 1.515625

97 =01100001, in (8,-2,10)
244254210
0.0947265625

om-2 21 20 !2—1 2-n
|
Bobm-s b, | b, lbd b, [
|
Integer Part Fractional Part
(range) (accuracy)

Arithmetic Rules (scaling)
2m—1 2-n
20 21 22 23 24 25 26 27 28 29 210

x | x {x |'S | b, bs| by bt b,

W J 146




Floating-Point Multiplication

S« €y 1 1.mx
x [s) o [LLITT] | RN 1.m,
e;=e +e, 1.m,
— < —~- >
Normalization Rounding
(me > 1.my) w 9€ztey (shift m,, add 1 to e,)

1 <1mg,1my <2

1< 1.mg X Limy, <4

S, 147




Floating-Point Multiplication

e, +b e, +0 Lm, 1m,
 Representation (W,E,M) \_l_\ I b
— Exponent e on E bits |
> ) i X
— Mantissa m on M bits — —
214021 """ Z?pQI
2p
= R
* Floating-point )z sticky
. . Z1 | 2-pi
hardware is doing the Y f
. + + “U‘ 2 g
job for you! L ks o1
T T rounding |- mode
— FIP operators are + logic
therefore more complex 5 inc

[J.-M. Muller et al., Handbook of Floating-point arithmetic, 2009] e.+0b

than FxP V_'_l/% or increr%enter
-1
my
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Floating-Point Addition

Sx eX 1 1.mx
N ) B 2 0 0 I I I A P 1.m,
* sSwap tq haye €y < & ex—e,2 2 1 olo|o
* determine if effective
subtraction (far path) 0/10/10/1

* calculate e,— e,
* shift mantissa m, accordingly

« cancellation may occuronly if
o711
- normalization (LZC/shift) (close path) 1]

owang o[o]o[o]r] | |
rounding 0 149




Floating-Point Addition

 Representation (W,E,M)
— Exponent e on E bits
— Mantissa m on M bits

s, = 84 XOR s,

vy =(=1* - (lel+ (-1 - lyl)

[J.-M. Muller et al., Handbook of Floating-point arithmetic, 2009]

x

i

Yy

!

exp. difference / swap
e Ty 5 Cff = ey — ey
mul
|1_-bit shift | My shift
- Pl % +2
Lza | |jm, —my| T 1)
| B | +/— [|sticky
A
Cx shift ey (epebfe—gid |5
|_T_| A | prenorm (2-bit shift) |
|__LZA correction __|s' =0 “ i
e, m, Ap+1
c/f
rounding,normalization
and exception handling
B 150
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Arithmetic Support in Latest Chips?

 Hopper GH100 GPU from Nvidia

— FP8 support in tensor cores provides up to 4x speedup
s N

FP8 FP8
&t tri
<Range  Precision i Bitbiboalodi
% exponent mantissa
___e8 m23 : multiply
FP32 BT O
e5 m10 :
ST accumulate into
FP16 E—1IDNIIMIN—"—- FP32 or FP16
e8 ~m7_
BF16 ST T bias/act/...
EP8 o e5 m2
U B—{I11D convert
: m e4 m3
FP8 g—TIN] FP32|FP16|BF16|FP8
i matrix
i SM)
Allocate 1 bit to either Support for multiple accumulator

range or precision and output types 151



