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Goals of Today’s Lecture

» Last lecture, we discussed an abstract representation for sparse tensors with
ranks, fibers and fibertrees.

« Today, we will discuss how to translate sparsity into reductions in energy
consumption and processing cycles through dataflows that exploit sparsity

Resources: Course notes - Chapter 8.2 and 8.3
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Design Steps

Problem

Spec Algorithm Schedule

[Halide, Ragan-Kelly, et.al., PLDI 2013]
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Matrix Multiply
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Matrix Multiply
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Data
S Pro_?lerp Algorithm Format +
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Einsum — Matrix Multiply

Zm,n — Am,k X Bn,k

Operational Definition for Einsums (ODE):

- Traverse all points in space of all legal index values (iteration space)

- At each point in iteration space:
- Calculate value on right hand at specified indices for each operand
- Assign value to operand at specified indices on left hand side
- Unless that operand is non-zero, then reduce value into it

[Relativity, Einstein, Annelen de Physik, 1916]
[TACO, Kjolstad et.al., ASE 2017]
[Timeloop, Parashar et.al., ISPASS 2019]

Data
Problem
Specification m gﬁﬂ@gﬂé
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Einsum — Matrix Multiply

Zm,n — Am,k X Bn,k

« Shared indices -> intersection

Data
Problem
Specification m ggﬁ@gﬂé
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Einsum — Matrix Multiply

Zm,n — Am,k X Bn,k

« Shared indices -> Intersection

« Contracted indices -> reduction

Data
Problem
Specification m ggﬁ@gﬂé
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Einsum — Matrix Multiply

Zm,n — Am,k X Bn,k

« Shared indices -> intersection
« Contracted indices -> reduction

« Uncontracted indices-> populate output point

Data
Problem
Specification m gﬁﬂ@gﬂé
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Convolution (CONV) Layer
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Convolution (CONV) Layer

Input fmaps (N)

Output fmaps (N)
filters
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Einsum - Convolution

Op,q,m — 1c,p+r,q+s X Fm,c,r,s

 Shared indices -> intersection

Contracted indices -> reduction

* Uncontracted indices -> populate output point

Index arithmetic -> projection

[Extensor, Hegde, et.al., MICRO 2019]

Problem Data

Specification m Schedule

Format +
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Einsum - Convolution

Op,q,m — 1c,p+r,q+s X Fm,c,r,s

 Shared indices -> intersection

Contracted indices -> reduction

* Uncontracted indices -> populate output point

Index arithmetic -> projection

[Extensor, Hegde, et.al., MICRO 2019]

Data

Problem -
Specification Algorithm ggggg&;
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Aspects of Scheduling - Sparsity

>[N\e

Format:
Choose tensor representations to
save storage space and energy
associated with zero accesses

Gating:

Explicitly eliminate ineffectual
storage accesses and computes by
letting the hardware unit staying idle
for the cycle to save energy

Skipping:

Explicitly eliminate ineffectual
storage accesses and computes by
skipping the cycle to save energy and
time
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CONV: Exploiting Sparse
Weights
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CONYV Layer

c input fmap output fmap
filters Z —
; . — :
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R o Pl
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C/ Filter overlay
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™ }
— 8 — i | Incomplete partial sum
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1-D Output-Stationary Convolution

Oq = lg+s X Is

i = Array(W) # Input activations
f = Array(S) # Filter weights
o = Array(Q) # Output activations

for g in [0, Q):
for s in [@, S):
=q +
o[q] += i[w] * f[s]

T Assuming: ‘valid’ style convolution
April 8, 2024 UHE Sze and Emer
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1-D Output-Stationary Convolution

Weights Inputs Outputs
111 -~ LI 11 = [
5 W Q = W-ceil(5/2)t
i = Array(W) # Input activations
f = Array(S) # Filter weights
o = Array(Q) # Output activations

for g in [0, Q):
for s in [@, S):
=g +
o[q] += i[w] * f[s]

What opportunity(ies) exist if
some of the values are zero?

T Assuming: ‘valid’ style convolution
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1-D Output-Stationary Convolution

Weights Inputs Outputs
8 06 *
S W Q = W-ceil(5/2)t
i = Array(W) # Input activations
f = Array(S) # Filter weights
= Array(Q) # Output activations
for g in [0, Q):

for s in [@, S):

= +

if (1f[s]): o[q] += i[w]*f[s]

What did we save using the conditional execution?

What didn’t we save using the conditional execution?

T Assuming: ‘valid’ style convolution
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Eyeriss — Clock Gating

Img —

Image

Scratch Pad =3 >

Skip mult and mem reads

when image data is zero.

Reduce PE power by 45%

(12x16b REG)

Zero
Buffer

Filt —

>

Filter

LA
= (225x16b SRAM)

Input_>
Psum

April 8, 2024

Partial Sum

Scratch Pad
(24x16b REG)

s
[ 2-stage
— j Enable pipelined
0 | multiplier
<==L=p ~@= F®-

Accumulate
Input Psum
1

N
0

Output
Psum
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Weight Stationary

i = Array(NW) # Input activations
f = Array(S) # Filter weights
o = Array(Q) # Output activations

: Note: s, w are the
for s 1n.[0, S): . coordinates of the desired
for w in [s, Q + s): elements of the tensor
q=W-S5
o[q] += i[w] * f[s

Need to calculate position/coordinate in
third tensor, i.e., do a projection

The variables “i” and “f" are?

What are the tensor representations of “i" and “f’?

The variables “s” and “w” are?
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Naive Sparse Weight Stationary

i = Tensor(W) # Input activations
f = Tensor(S) # Filter weights

o = Array(Q) # Output activations
for s in [@Q, S):

for w in [s, Q + s):

o[q] += i.getPayload(w) * f.getPayload(s)

(1324

The variables “i” and “f” are?

What are the tensor representations of “i” and “f’?

(1Pt 13 7

The variables “s” and “w” are?

(13 7

The variables “q
Why is this inefficient?

is?

L17-22
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs
8 06 * =
S w Q = W-ceil(5/2)1

T Assuming: ‘valid’ style convolution
April 8, 2024 UHE Sze and Emer
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs
806) =
PSSy W Q = W-ceil(S/2)t
~ Weights Compressed Weights
Inputs Outputs
8 6 % —
S W Q = W-ceil(5/2)t

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs
? 0 6 * =
PSSy W Q = W-ceil(5/2)
~ Weights Compressed Weights
Inputs Outputs

W Q = W-ceil(5/2)t

Fiber coordinate values

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs

? 0 6 * =

PSSy W Q = W-ceil(5/2)
Weights  / Compressed Weights

Outputs

Q = W-ceil(5/2)t

Fiber coordinate values

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs

? 0 6 * =

PSSy W Q = W-ceil(5/2)
Weights  / Compressed Weights

Outputs

Q = W-ceil(5/2)t

Fiber coordinate values

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs

? 0 6 * =

PSSy W Q = W-ceil(5/2)
Weights  / Compressed Weights

Outputs

Q = W-ceil(5/2)t

Fiber coordinate values

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs

? 0 6 * =

PSSy W Q = W-ceil(5/2)
Weights  / Compressed Weights

Outputs

Q = W-ceil(5/2)t

Fiber coordinate values

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs

? 0 6 * =

PSSy W Q = W-ceil(5/2)
Weights  / Compressed Weights

Outputs

Q = W-ceil(5/2)t

Fiber coordinate values

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs

? 0 6 * =

PSSy W Q = W-ceil(5/2)
Weights  / Compressed Weights

Outputs

Ll

Q = W-ceil(5/2)t

Fiber coordinate values

T Assuming: ‘valid’ style convolution
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Output Stationary — Sparse Weights

i = Array(W) # Input activations
f = Tensor(S) # Filter weights
o = Array(Q) # Output activations

for q in [@, Q):
for (s, f val) in f:
W=gqg+S
o[g] += i[w] * f _val

Concordant traversal

What is “s”?
What is “f_val’?
The traversal of “f” will be?

For sparser weights, this implementation will be?
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Tensor:

Rank: S

Output Stationary — Sparse Weights

F[S, T]

Tensor: I[W, T]

Rank: W

Tensor:

Rank: Q

o] (o

T]

Rank: T

III 7 7 7 7 7 7 7 7
0 .- 10 10 10 10 10 10
0 0 0 .- 11 11 11 11 11

0 0 III 5 5 5 5
0 0 0 o0 IIIIII 9 9
0 0 0 0 0 0 IIIIII
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Output Stationary — Sparse Weights
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Output Stationary — Sparse Weights
l o’[q]

ﬁ
Update
q & | o[q]
—| Coord Payload =—» 5:_' : MAC
1
Partial Sums A i
1
1 1
______________________________________ [ | .
| i[w]
1
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1
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1 I I
Coord -
Pos | f[s]
[ Payload
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Weight Stationary - Sparse Weights

Oq = Ig+s X Fs

i = Array(W) # Input activations
f = Tensor(S) # Filter weights
o = Array(Q) # Output activations

RO Pae(s, A6 Vadl) adln® g
FORME 1 MS[LO5 @
W=g+ S
o[gq] += i[w] * f val

Concordant traversal

What dataflow is this?

April 8, 2024 Illil_ Sze and Emer



L17-37

Weight Stationary - Sparse Weights

| Filter Weights |

o’[q]
v
Update
|> q o[q]
Cgen » Coord  Payload MAC
i Partial Sums
| i[w]
P . "
_______ % o Gac Coord  Payload
! N\_as Input
i 1 S Activations
1
i I Coord L
¢ IPos : f[s] % f[s]
E Payload =
| A
I [}
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To Extend to Other Dimensions of DNN

 Need to add loop nests for:
— 2-D input activations and filters
— Multiple input channels

— Multiple output channels

 Add parallelism...

Consider working on two weights at a time
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Fiber Splitting Equally in Position Space

Before Split Equal by 2 ?
S  omccmmmmmmmdmeeooa

—
f—

-
—_—
o
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Fiber Splitting Equally in Position Space

Before Split Equal by 2 ?
S  omccmmmmmmmdmeeooa

—
f—

-
—_—
o

e
L
— oy
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Fiber Splitting Equally in Position Space

Before Split Equal by 2 ?

April 8, 2024 Illil_ Sze and Emer
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Fiber Splitting Equally in Position Space

Before Split Equal by 2
S  ohmmmmmmmm T T T T o mmmm e

—
f—

~~~
—

-.~--
s el R T . S —

81 _--zz--- o TP
0
< @ @
Complexity for uncompressed fiber? ... for coordinate/payload list fiber?
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Parallel Weight Stationary - Sparse Weights

i = Array(W) # Input activations Get groups of two
f = Tensor(S) # Filter weights weights
o = Array(Q) # Output activations

Work on two

for (s1, f_split) in f.splitEqual(2): weights in parallel

for g1 in [0, Q/4):
parallel-for (s, f_val) in f_split:
parallel-for g9 in [0, 4): Work on four

q = q1%*4 + qo outputs at once
W=gq+ S

o[q] += i[w] * f _val

Calculate
coordinates

Accumulate Look up input
multiple outputs activation

. each spatially
April 8, 2024 Illil_ Sze and Emer



L17-44

Cambricon-X — Activation Access

Weight (metadata) Input Activations Weight (metadata)
connections input neurons connections
1 no Ll
0 n1 1
g =2 O
0 Indexing n3 Indexing 1
1 n4 | 0
o ns i
0 no né n1n6 1
0 n4 n2 0

I n3
PE #0 B Ll PE#1

Cambricon-X — Zhang et.al., Micro 2016
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Parallel Weight Stationary - Sparse Weights
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CONV: Exploiting Sparse Inputs
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Weight Stationary - Sparse Inputs

Og = lgys X Fy = 0, =I,xF

i = Tensor(W) # Input activations
f = Array(S) # Filter weights
o = Array(Q) # Output activations Need to restrict

input coordinates
for the current
weight coordinate

Skipping traversal

for s in [OQ, S):
for (w, i_val) in i if s <= w < Q+s:
gq=W-=-S5
o[g] += i_val * f[s]

Projection of w and

Can look up this weight once

Populate Reduction

since it is stationary.
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Weight Stationary - Sparse Inputs

L17-48

—
Cgen — Coord  Payload %
-y

Filter Weights

f[s]
MAC
o’[q]
\ 4
Update
Coord Payload -
o[q]
Partial Sums
i[w]

[ [
Payload

: Input Activations
m =
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Output Stationary - Sparse Inputs

L17-49

Og = lg4s X I

m 0, =1, %XF,

i = Tensor(W)
f = Array(S)
o = Array(Q)

for g in [O, Q):
for (w, i_val) in
S =W - (
o[q] += i_val *

# Input activations
# Filter weights
# Output activations

iifgq<=w<qg+S:

f[s]

Need to look up a filter

weight for each input

April 8, 2024

Need to restrict input coordinates
to the active outputs

Sze and Emer
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Sparse Sliding Window

April 8, 2024 Illil_ Sze and Emer
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Sparse Sliding Window

——’
—

1<=w<4
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Sparse Sliding Window

—”
—

2<=w<5
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Sparse Sliding Window

—

—”
—

3<=wWw<6
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Sparse Sliding Window

—

—”
—

4<=w<7
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Sparse Sliding Window

—

—”
—

5<=w<8
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Output Stationary - Sparse Inputs

L17-56

o1q]
v
Update
q o[q]

Cgen Coord Payload MAC

i Partial Sums

|

|

2 : @\S‘ Coord  Payload

1% g _ oor. ayloa

, N P A

i Filter Weights

1

- Goord
Poen > Ipos w)

I Value
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Cnvlutin
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Subunit 0

Input Activations
from central

Lane O
cDRAN ==

Filter Weights
Lane Q0 LaneO

Nbin

|-t o of

(eDRAM)

Filter weights
‘n’J) Lane 15 Lane0

Subunit 15

from central Input Activations
N Lane 15
eDRg Offsets
S  Filter Weights
< Lane 0 Lane 15

o

Q

@O

L Filter weights
m Lane 15 Lane 15

S

April 8, 2024

200

X |eee] X

Nbin

X |eese] X<

INBout
o
: | @
[ 1] : 8- *
@ |[fo central
eDRAM

Source: CNVLUTIN: Ineffectual-neuron-free DNN computing
i
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Serial Cnvlutin Loop Nest

i = Tensor(C,NW) # Input activations
f = Tensor(M,C,S) # Filter weights
o = Array(Q,M) # Output activations

Output stationary

for q in [O, Q]:
for m, f ¢ in f: Implicit intersection
for (c, (f_.s, i w)) in f c & i_c:
for (w, i_val) in getWindow(i w, g, S):
S =W - (
o[m, q] += i_val * f_s.getPayload(s)

Irregular sliding
How do we make the getPayload() cheap? window

Corresponds to lookup of

More loops needed to show parallel weight based on current
processing of input and output channels input (and output)

April 8, 2024 Illil_ Sze and Emer
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CNVLUTIN - Speedup

1.5

Better

0.5

0

Alexnet Google NIN VGG19 VGG_M VGG_S Geo

Compressing zero activations

Source: CNVLUTIN: Ineffectual-neuron-free DNN computing
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Input Stationary - Sparse Weights & Inputs

O =lges XF; ™ 0, =1,XF

i = Tensor(W) # Input activations
f = Tensor(S) # Filter weights
o = Array(Q) # Output activations

for (w, i_val) in 1i:

for (s, £ val) in f if w-Q <= s < w:
q=W-S=

o[gq] += i_val * f val

What dataflow is this?

Need to restrict weight
coordinates to those relevant to
the current input

What sparsity can it exploit?

April 8, 2024 Illil_ Sze and Emer
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CONV: Exploiting Sparse
Inputs & Sparse Weights

April 8, 2024 Illil_ Sze and Emer
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Input Stationary - Sparse Weights & Inputs

_____ 1
: | fls] a
[ o’[q
| Pos PayloadI vac )€
i Coord |_
1
i | Filter Weights
: —_— | | ] | S
1
i l Update
1 Z
1D
_______ !ﬁ @aDq— Coord Payload
| ' o[q]
1
i ‘ Partial Sums
1
L e W
i ' }
l [
Coord — | [ _
! .POS |3 ]
i Payload|=> >
! [
i __Mpubaes, N
1
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Fiber Splitting Equally in Position Space

Before Split Equal by 2

— -
— - -
—___.——
—
-
-

\~~
o

P
- o
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Input Stationary - Sparse Weights & Inputs

i = Tensor(W) # Input activations
f = Tensor(S) # Filter weights
o = Array(Q) # Output activations

for (wl, i_split) in i.splitEqual(2):
for (sl1, f_split) in f.splitEqual(2):
parallel-for (w06, i_val) in i_split:
parallel-for (s0, f _val) in f_split if wo-Q <= <

o[q] += i_val * f val 7

How many multipliers in this design?

Is there a nice pattern to the multipliers’ input operands?
Is there a nice pattern to the multiplier outputs?
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Cartesian Product
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Sparse CNN (SCNN)

Supports Convolutional Layers

Densely Packed All-to all .
and Activations Weights and Activations

Scatter
network

PE frontend PE backend
Input Stationary Dataflow [Parashar et al., SCNN, ISCA 2017]
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Flattening

Tensor: A[C, H, W]

Rank: C

Rank: H

Rank: W

Tensor: A+flattened[C, ['H', "W']]

Rank: C

Rank: ['H', "W']

April 8, 2024 Illil_ Sze and Emer
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SCNN Tile — one channel

Omp.q = lp+rg+s X Imr.s

Rearrange indices

Om,h—r,w—s — Ih,w X Fm,r,s

Flatten
Om,h—r,w—s = Ihw X Fnrs

L17-68
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SCNN Tile — one channel

Om,h—r,w—s = Ipw X Fnrs

i = Tensor(HW) # Input activations
f = Tensor(MRS) # Filter weights
o = Array(M,P,Q) # Output activations

for (hwl, i split) in i.splitEqual(4):
for ( , f split) in f.splitEqual(4):
parallel-for ((( ), i val) in i_split:
parallel-for (( ), f_val) in f_split if “legal”

o[m,p,q] += i_val * f val

April 8, 2024 Illil_ Sze and Emer
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SCNN PE microarchitecture

Sparse-compressed [M][P][Q];
frontend  Meoord(nrer, et meet);
= Wcoord(wh1, )-Rcoord( , , );
= Hcoord( , )-Scoord( , , )3 g g g
F/ . F*I g § -g
l;lvatfened [C][M*R*S] f, Coordinate ” 2=
eights 7 Computation
Weight FIFO F i
(sparse) 7 ® ® 2 @ Buffer bank
indices : 32 PPU:
. F*l | = . Halos
:+ MRSO X WHO|—— 5 H : RelLU
',% Compress
IARAM | <
(sparse) v, ® ® . @ Buffer bank I
indices — .
" FxI multiplier array A accumulator buffers Neighbors
Flattened [C][W*H]
Input Dense backend
Activations

[Parashar et al., SCNN, ISCA 2017]
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SCNN Latency Versus Density

=== DCNN/DCNN-0opt e===SCNN

14

Latency (cycles)
o
co

\

0.2 /

U I T T T T T T
0.1/0.1 o0.2/02 0.3/03 o04/04 05/05 0.6/0.6 0.7/0.7 0.8/0.8 0.9/09 1.0/1.0

Weight / Activation Density

[Parashar et al., SCNN, ISCA 2017]
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SCNN Energy Versus Density

~#—DCNN ——DCNN-opt =——SCNN

14

1.2

O
oo

Energy
o
(22 ]

0.2

0 I I I I I I I I I 1
0.1/0.1 0.2/0.2 0.3/0.3 0.4/04 05/05 0.6/06 0.7/0.7 0.8/0.8 0.9/0.9 1.0/1.0

Weight / Activation Density

[Parashar et al., SCNN, ISCA 2017]
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Weight Stationary - Sparse Weights & Inputs

L17-73

April 8, 2024

i

f =

(0

for (
for (

Tensor (W)
Tensor(S)

Array(Q)

# Input activations
# Filter weights

# Output activations

, f_split) in f.splitEqual(2):
, 1 split) in i.splitEqual(2):

parallel-for (w0, i val) in i_split:

parallel-for (s, f val) in f_split if w@-Q <= sO < w0

0[] +=

i val ¥ f val

4

Do you see any disadvantage to this design?
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Output Stationary - Sparse Weights & Inputs

Oq = Ig+s X Fs
i = Tensor(W) # Input activations
f = Tensor(S) # Filter weights
o = Array(Q) # Output activations

for g in [0,Q):
for (s, (f_val, i val)) in f.project(+q) & 1i:
o[q] += i_val * f val

Need to work on a series of pairs
of weights and inputs
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Fiber Coordinate Projection

Weights

— O

W Q = W-ceil(R/2)t
Inputs Outputs

.project(+2) N

a b c? a b C

Does projection require complex hardware?
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Fiber Intersection
00 ? + 0 @ ©
sBolE N
9

| |
1
o

N
0>
-

Does intersection require complex hardware?

What representations would be good?
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Output Stationary - Sparse Weights & Inputs

q U
---------------------------------------- Pgen Update
I I IS e . I

| [
i S Calc » Coord Payload =
l ! I Payload Partial Sums
! E | Filter Weights | f[s]
: : ————— f[S]
i3 ‘,
! - Inter- o[q]
".:" section
| .
:Z A
1 % (W]
5 - - = 71 MAC
’ :- L1 o'ld]
Pos Payload
I CoordI
| InputAct. | W
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IS-OS Dataflow Einsums (K=1)

OP,Q — IC;P+7",CI+S X FC,T',S
Substituting h=p+r, p=h-r and w=q+s, qg=w-s

On—yrw—s = Ic,h,_w X Fers

Split into multiple steps
Thrw-s = lepw X Fors
On—rw-s = Thrw—s
Reverse-substituting p=h-r, h=p+r and g=w-s into the second step

Th,r,w—s — Ic,h,w X F c,T,S

Op,g = Tp+rrg
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IS-OS Dataflow — Step 1

77erv—s ::ICJLMI>(}%335

Order:h>w->c->r->¢

parallel-for h, (t. r, i w) in t h << i_h: Project 't g to s’
using 's = w-q

FORMWGE L W v it s .
FORMIESY LI, Tl o [N IR ¢
MO P8 (GELTAR £os¥ ' Bt << Al
parallel-for s, (t_ref, f val) in t_g.project(w-q) << f s
t ref 4= 1 val * f val

The fiber 't _q is

from the 'w-s’ rank of T
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IS-OS Dataflow — Step 2

Op.q = Tp+rrg

Order:p ->q->r ->p+r

parallel-for p, o g in o p:
mor (i Cobraf, Tlvalheln o *qi<<Mtig:
ROR e M h gt n:
t val = t _h.getPayload(p+r):
o ref += t val

Pathological iteration over

rank, since it is constrained
by known p and r’
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IS-0OS Dataflow

parallel-for h, {(t_ r} i w) in|t_h|<< i_h:
for w, i val in 1 w: R
s T oY G T 0y B B O e o o
for r, QEEEN T s) in R << T r:
parallel-for s, (t_ref, f val) in [t_g.project(w-q) << f_s

t ref += 1 val * f val

[CCHJ), ﬂ'R)), CCQ))] _> [ﬂ' )), CCRJ)’ ((H)J]

parallel-for p, 0. q in o _p:
for. g, (o ref,lNE8H) in o0.g << [N
o ,lt_h 1 1 IS
t_val =|t_h|getPayload(p+r):

o ref += t val

4
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1IS-OS Dataflow

L17-82

parallel-for h, (t_.r, i w) in t h << i_h:
for w, 1 val in 1 w:
T i et G i I o T e e = o
170 e w00 © Ry B L LR e 7 o
parallel-for s, (t_ref, f val) in t _g.project(w-q) << f_s
t ref += 1 val * f val

[ﬂ'H)).’ CCR)), C(Q)}] _> [ﬂ' )), ﬂ'RJ)’ ﬂ'H)J]

parallel-for p, o g in o _p:
ToRN,, (0 retTaltor IINToagic< STk
-For\ r, t_h in t_r\: T is traversed
t val = t h.getPayload(p+r):
o_ref += t _val

in a discordant
order

4

April 8, 2024
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IS-0OS Dataflow

L17-83

parallel-for h, (t_.r, i w) in t h << i_h:
for w, i val in 1 w:
s T oY G T 5 B e ¢ R o
170 e w00 © Ry B L LR e 7 o
parallel-for s, (t_ref, f val) in t _g.project(w-q) << f_s
t ref += 1 val * f val

-t —_ t.SWiZZleRankS([“H”, C'CR)), CCQ))] = [“‘QJJ, ('CRJ), “’HJ}])

parallel-for p, o g in o p:
FORNG.,, (Ol Ret s M r IR Rtoagiic<c &g
O 0 N 0N g b R e
t val = t h.getPayload(p+r):
o ref += t _val

4

April 8, 2024
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IS-0OS dataflow breakdown

Filters Input activations

T W
RI \ & 1

ﬁ

K jH

Wavefront col i
channel 0

»

Layer 1

IS-0S

Output activations

»
P

e —

Q

>

] £

Channel 2

Wavefront col i-S Step 0

[Yang et al., ISOSceles, HPCA 2023]
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IS-0OS dataflow breakdown

Filters Input activations Output activations

RIIT (‘;/ W__, Layerl ‘|f(/._.7?_’
N |

1S-0S (%
P

S
K —J H
Wavefront col i Wavefront col i-S Step 0

channel 0 - A Channel2
IS OS Out ut\
wavefront frontend backend | \avefront

[Yang et al., ISOSceles, HPCA 2023]

In ut
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IS-0OS dataflow breakdown

L17-86

Filters

K .S—JH

Input activations

>

W
“

Wavefront col i
channel 0

»

Layer 1

IS-0S

A

In ut

wavefront

April 8, 2024

Output activations

y Q
P =

v

] £

|| »

Wavefront col i-S
Channel 2

Layer 2

IS-0S

Step O

IS oS Out ut\
frontend backend wavefront

»

[Yang et al., ISOSceles, HPCA 2023]
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ISOSceles Speedup

B Fused-Layer B SparTen ISOSceles

=
on
|

7.5

Speedup over
Fused-Layer

[Yang et al., ISOSceles, HPCA 2023]
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Next Lecture:
Sparse Multiplication
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