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1-D Output-Stationary Convolution

Oq = Ig+s X Is

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

for g in [0, Q):
for s in [@, S):
+

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

T Assuming: ‘valid’ style convolution
March 9, 2026 v Sze and Emer
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1-D Output-Stationary Convolution

Weights Inputs Outputs
1] - I = O3
S W Q = W-ceil(5/2)t
i = Array(NW) # Input activations
f = Array(S) # Filter weights
o = Array(Q) # Output activations

for g in [0, Q):
for s in [@, S):
+

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

/4
What opportunity(ies) exist if Can avoid reading operands, doing
some of the values are zero? multiply and updating output

T Assuming: ‘valid’ style convolution

March 9, 2026 v Sze and Emer
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1-D Output-Stationary Convolution

Weights Inputs Outputs
(806 = | | = |
S " Q = W-ceil(5/2)t
i = Array(NW) # Input activations
f = Array(S) # Filter weights
= Array(Q) # Output activations

for g in [@, Q):
for s in [@, S):

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

4

What did we save using the conditional execution? Energy

What didn’t we save using the conditional execution?  Time

T Assuming: ‘valid’ style convolution

March 9, 2026 v Sze and Emer
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Eyeriss — Gating

Gate multiply and memory reads
Input > Image when input data is zero.
—1|| [ ScratchPad : > o
Activations (12x16b REG) .’"""’D_ Reduce PE power by 45%
y I 2-stage
— Zero I L Accumulate
= g o | Enable pipelined
Buffer, l multiplier Input Psum
Filter [T Filter 4____IL_ X @ '
Weights Scratch Pad :,::
| (225x16b SRAM) . Output
|nput . Psum
Psum
: 0 —1
Partial Sum
Scratch Pad :D—' 0 —’m
r (24x16b REG)

W, 2025 i [Chen, ISSCC 2016]
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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
coordinates of the desired
elements of the tensor

for s in [0, S):
for w in [s, Q + s):
q=W-3=5
o[q] += i[w] * f[s

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

(134
I

The variables “i” and “f” are? Tensors, Arrays and Fibers

Uncompressed

What are the tensor representations of “iI” and “f"? C :
Implicit coordinate

The variables “s” and “w” are? Coordinates and Positions

March 9, 2026 v Sze and Emer
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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 [@, S):
for w in [s, Q + s):

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

The variables “i” and “” are? Tensors, Fibers

What are the tensor representations of “” and “’?  Abstract, Fibertree

The variables “s” and “w” are? Coordinates

The variables “q” is? Coordinate and position

Why is this inefficient?  No time savings --- uses getPayload()
March 9, 2026 v Sze and Emer
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Output Stationary — Sparse Weights

Uncompressed Weights

Weights Inputs Outputs
. _
Py W Q = W-ceil(S/2)f
Weights Compressed Weights
Inputs Outputs

11 = £ |

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

Fiber coordinate values

T Assuming: ‘valid’ style convolution

March 9, 2026 v Sze and Emer
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Output Stationary — Sparse Weights

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

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

Concordant traversal

Whatis “s”? Coordinate

What is “f val’? Payload, Value

The traversal of “” will be? Concordant

For sparser weights, this implementation will be? Faster

March 9, 2026 v Sze and Emer
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Output Stationary — Sparse Weights

Tensor: I[W, T]

Tensor: F[S, T]
Rank: W

Rank: S

Tensor: C[Q, T]

Rank: Q

.-10 1010 10 10 10

.- 11 11 11 1%
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Output Stationary — Sparse Weights

Tensor: F[S]

Rank: S

Tensor: I[W]

Rank: W

Tensor: O[Q] ?

March 9, 2026 v Sze and Emer



Output Stationary — Sparse Weights

LO6G-14

March 9, 2026
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Weight Stationary - Sparse Weights

Og = lg+s X Iy

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

RO s, . Vall) Sl
Fordq «ins] 0, @t
W=g+ S
o[q] += i[w] * f_val

What dataflow is this? Concordant traversal
Weight stationary

Where does it exploit sparsity?
Weights

March 9, 2026 v Sze and Emer
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Weight Stationary - Sparse Weights

[
L Filter Weights
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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

March 9, 2026 |I|il- Sze and Emer
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Fiber Splitting Equally in Position Space

Before Split Equal by 2 ?

March 9, 2026 v Sze and Emer
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Fiber Splitting Equally in Position Space

Before Split Equal by 2 ?
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Fiber Splitting Equally in Position Space

Before Split Equal by 2 ?
S oammmmmmmmmmmdmm e

March 9, 2026 v Sze and Emer
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Fiber Splitting Equally in Position Space

Before Split Equal by 2 ?
S oammmmmmmmmmmdmm e

Complexity for uncompressed fiber? ... for coordinate/payload list fiber?
Low, but doesn’t exploit sparsity Also low, but exploits sparsity
March 9, 2026 v Sze and Emer
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Parallel Weight Stationary - Sparse Weights

Get groups of two
weights

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

O -h
1

for (s1, f _split) in f.splitEqual(2): Work on two
for ql1 in [@, Q/4): weights in paralle
spatial-for (s, f val) in f_split:
spatial-for g0 in [0, 4): Work on four
Uncompressed tiling q = ql*4 + q0 outputs at once
W=4q+ S
o[q] += i[w] * f val

Calculate
coordinates

Accumulate Look up input

multiple outputs activation

each spatially
March 9, 2026 v Sze and Emer
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Cambricon-X — Activation Access

We|ght (metadata) Input Activations We|ght (metadata)

connections input neurons connections

olojoj~lololo]
HEERRREB
o|ola]2l0

o
=
Bix
o

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

Tensor: F[S]

Rank: S

Tensor: 0[Q] ?

March 9, 2026 v Sze and Emer
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CONV: Exploiting Sparse Inputs

March 9, 2026 |||i|- Sze and Emer
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Weight Stationary - Sparse Inputs

Oy = Igss X Fy m 0, =I,xF

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

input coordinates
for the current
weight coordinate

for s in [0, S): Skipping traversal

for (w, i_val) in i if s <= w < Q+s:
q=W-3-5
o[q] += i_val * f[s]

Projection of w and

Can look up this weight once
since it is stationary.

Populate Reduction

March 9, 2026 v Sze and Emer
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Weight Stationary - Sparse Inputs
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Output Stationary - Sparse Inputs

Og = Ig+s X Fs

™ 0,=1I,%XFE,_g

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

for q in [0, Q):
for (w, i_val) in
S =W - (
o[q] += i_val *

# Input activations
# Filter weights
# Output activations

iifg<=w<gq+S:

f[s]

Need to look up a filter

weight for each input

March 9, 2026

Need to restrict input coordinates
to the active outputs
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Sparse Sliding Window

March 9, 2026 v Sze and Emer
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Sparse Sliding Window
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1<=w<4
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Sparse Sliding Window
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2<=w<5
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Sparse Sliding Window

—
—~~
~

_—’
-

3<=w<6
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Sparse Sliding Window

_—’
-

4<=w<7
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Sparse Sliding Window

_—’
-

5<=w<8

March 9, 2026 v Sze and Emer



Output Stationary - Sparse Inputs

L06-35

March 9, 2026
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Cnvlutin
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S
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Serial Cnvlutin Loop Nest

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

Output stationary

for q in [0, Q]:
for m, f ¢ in f: Implicit intersection
for (c, (f.s, iw)) in f c & i c:
for (w, i_val) in getWindow(i_w, g, S):
S =WwW-(
o[m, q] += i_val * f_s.getPayload(s)

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

Use uncompressed
Corresponds to lookup of

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

March 9, 2026 v Sze and Emer
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CNVLUTIN - Speedup

Better

Alexnet Google NIN VGG19 VGG_M VGG_S Geo

Compressing zero activations

Source: CNVLUTIN: Ineffectual-neuron-free DNN computing
March 9, 2026
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Input Stationary - Sparse Weights & Inputs

Oq =lges XFs ™ 0,  =1,%XF

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

for (w, i _val) in i:

for (s, f_val) in f if w-Q <= s < w:
q=W-S5

o[q] += i_val * f val

What dataflow is this?

_ Need to restrict weight
Input stationary coordinates to those relevant to
the current input

What sparsity can it exploit?
Inputs and Weights

March 9, 2026 v Sze and Emer
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CONV: Exploiting Sparse
Inputs & Sparse Weights

March 9, 2026 |||i|- Sze and Emer
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Input Stationary - Sparse Weights & Inputs

F____1

| sl
Pos revoad <
i [ Coordl—
E |_Filter Weights |
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i ! Update
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o[q]
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Fiber Splitting Equally in Position Space

March 9, 2026 v Sze and Emer
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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 (s1, f split) in f.splitEqual(2):
spatial-for (w0, i_val) in i_split:
spatial-for (s@, f val) in f_split if wo-Q <= <

o[q] += i_val * f val I 4

How many multipliers in this design? 4

Is there a nice pattern to the multipliers’ input operands? Yes
Is there a nice pattern to the multiplier outputs? No

March 9, 2026 |I|il- Sze and Emer



Cartesian Product Multiplication

i_split(w)

—— — —_——
—
-
-~

f split(s)

March 9, 2026 Illil—

o

ofs

Coordinates
are w-s
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Sparse CNN (SCNN)

Supports Convolutional Layers

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

=

*

*

D O N T 9w
N
EAEAE BNEN
EISES CNSEY

Scatter

network

*

— Accumulate MULs
PE frontend PE backend

Input Stationary Dataflow [Parashar et al., SCNN, ISCA 2017]
March 9, 2026 |I|il- Sze and Emer
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Flattening

Tensor:

Rank: C

Rank: H

Rank: W

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

Rank: C

Rank: ['H', 'W']

March 9, 2026 v Sze and Emer
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SCNN Tile — one channel

Om,p,q = lp+r,g+s X Fm,r,s

Rearrange indices

Om,h—r,w—s — Ih,w X Fm,r,s

Flatten
Om,h—r,w—s = Ipw X Fnrs

L0G-47
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SCNN Tile — one channel

L06-48

March 9, 2026

Om,h—r,w—s = Ipw X s

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):
spatial-for ((( ), i_val) in i_split:
spatial-for (( ), f_val) in f_split if “legal”

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

Sze and Emer
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SCNN PE microarchitecture

Sparse-compressed [MI[PI[QI;
frontend - Meord(nrer, et mreoys
= Wcoord(wh1, )-Rcoord( , , );
= Hcoord(wh1,wh®)-Scoord( B , ); %’q; ]
==
Flattened 7 oordinate i G| =
Weights [CIIM*R*S] I,' Computation &
Weight FIFO F _
(sparse) 7 ® ® 2 @ Buffer bank
T i o PPU:
indices ) =5 % ) ot
: MRSO X WHO—r— 5 | RelLU
,‘% Compress
IARAM | <
(sparse) 2 ® ® L @ Buffer bank I
i a ;
n 'Ce: FxI multiplier array A accumulator buffers Heighbors
Flattened [CI[W*H]
Input Dense backend
Activations

[Parashar et al., SCNN, ISCA 2017]

March 9, 2026 |I|il- Sze and Emer
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SCNN Latency Versus Density

=== DCNN/DCNN-Opt === SCNN

=
>

-
(]

(3=

Latency (cycles)
o
o

Qo o O
>

N

o

0.1/0.1 0.2/0.2 0.3/0.3 0.4/04 05/0.5 0.6/0.6 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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SCNN Energy Versus Density

~@#—DCNN —#—DCNN-opt =——SCNN

0.1/0.1 0.2/0.2 0.3/0.3 04/04 05/05 0.6/0.6 0.7/0.7 0.8/0.8 09/09 1.0/1.0
Weight / Activation Density

[Parashar et al., SCNN, ISCA 2017]

March 9, 2026 v Sze and Emer



Weight Stationary - Sparse Weights & Inputs

L06-52

March 9, 2026

i = Tensor(W)

f
(o)

for (
for (

Tensor(S)
Array(Q)

# Output activations
, f_split) in f.splitEqual(2):

# Input activations
# Filter weights

, 1_split) in i.splitEqual(2):

spatial-for (

spatial-for (s9, f val) in f _split if wo-Q <= sO < wo

, i_val) in i_split:

o[q] += i_val * f val

4

Do you see any disadvantage to this design?

Yes, more frequent read from larger buffer

Sze and Emer
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Output Stationary - Sparse Weights & Inputs

Og = lg+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

March 9, 2026 v Sze and Emer
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Fiber Coordinate Projection

Weights
S
L]
| FELLLEE RN R LN : | — | D |
w Q = W-ceil(R/2)1
Inputs Outputs
N .project(+2) N

a b c? a b C

Does projection require complex hardware?
Representation dependent

March 9, 2026 v Sze and Emer
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Fiber Intersection

Gte , aaan

o o>
0 m

Does intersection require complex hardware?
Representation dependent

What representations would be good?

Uncompressed, bit-mask, maybe coordinate/payload
March 9, 2026 v Sze and Emer
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Output Stationary - Sparse Weights & Inputs

A Update
i I » Coord Payload =
E W [ Pos Coord
i : [ Payload Partial Sums
| LFiterWeights | fls f
i 1 Z [s]
1 10D :
i -1
i _ Inter-
E ‘.
41 [w]
i I _____ I | @
| ifw] )
IPos Payload b=—— o’[q]
[ Coord |——
L Input Act. w
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IS-OS Dataflow Einsums (K=1)

OP,CI = IC,P+7‘,q+S X Fc,r,s

Substituting h=p+r, p=h-r and w=qg+s, q=w-s

Oh—r,w—s — Ic,h,_w X Fc,r,s

Split into multiple steps
Thrw-s = lepw X Feprs
Oh-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,r,S

Opq = Tptrrg

March 9, 2026 |I|il- Sze and Emer
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IS-OS Dataflow — Step 1

Th,r,w—s =/ chw X F, cr,s

Order:h ->w->c->r->¢

spatial-for h, (t_r, i w) in t h << i h: Project 't g to s’
using 's = w-q

ToRSW,L/A wWal, dmedtaw
FORMES W IalV, ARy Ll G gl e
RO (N e WAt | T AR
spatial-for s, (t_ref, f val) in t_g.project(w-q) << f_s
t ref += i val * f val

The fiber 't g is

from the "'w-s” rank of T

March 9, 2026 v Sze and Emer



IS-OS Dataflow — Step 2

L06-59

Opq = Tp+rrg

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

spatial-for p, o g in o_p:
for q, (o ref, t val) in o g << t_gq:
on'yr Vb gin-TE= re
t val = t _h.getPayload(p+r):
o ref += t_val

March 9, 2026

Pathological iteration over

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

L06-60

for w, i val in i w:
for¥e’ V(1 wWa SFin) SN 1 40R o ¢

t ref += i val * f val

spatial-for p, o g in o_p:

spatial-for h, (t=r, i w) in t_h Xl

for g, (o ref,lt H) in o g << |t g

for r, [Sssil in [Nswiar
t val =|t_h|getPayload(p+r):
o _ref += t_val

h:

for r, (EROH f s) in @8 << T r:
spatial-for s, (t_ref, f val) in {_

g.groject(w-q) << f s

[""HJ.” CCR)J’ (TQ).’] _> [ﬂ' J), "(’RJ.’, ('(HJ.’]

4

March 9, 2026
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IS-0OS Dataflow

L06-61

spatial-for h, (t_.r, i w) in t h << i_h:
for w, i val in i w:
forFe) (G twa =) siin i e if et
0] G et (oo 0 gy o i 1 B [ LA et 7
spatial-for s, (t_ref, f val) in t_g.project(w-q) << f_s
t ref += i val * f val

[((‘H)J, f('R)J’ ('(Q)J] _> [ﬂ' J.’, "(RJJ, ('(HJ.’]

spatial-for p, o g in o_p:
for g, (o_ref, t r) in o gq << t_q:
FOP< P hig et 5 T is traversed
t_val = t_h.getPayload(p+r): in a discordant
o ref += t _val order

4

March 9, 2026 Illil-

Sze and Emer



IS-0OS Dataflow

L06-62

spatial-for h, (t . r, i w) in t h << i_h:
for w, i val in i w:
HerFe) “(G Twa SR SN JERE i et
0] G et (oo 0 gy o i 1 B [ LA et 7
spatial-for s, (t_ref, f val) in t_g.project(w-q) << f_s
t ref += i val * f val

= t.swizzleRanks([“H”, “R”, «Q»] -> [“Q”, “R”, “H”])

spatial-for p, o g in o_p:
for.'q, (o 'ref,.t r)fin o.gi<<t q:
for< P higin b
t_val = t_h.getPayload(p+r):
o_ref += t_val

4

March 9, 2026 |||i|-
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1IS-0OS dataflow breakdown

Filters Input activations Output activations

. A W Q
RI j _. Layer 1 |y = .
» IS-0S (%

S
K j H P
: Wavefront col i Wavefront col i-S
channel 0 Channel 2 Stepo

[Yang et al., ISOSceles, HPCA 2023]

March 9, 2026 v Sze and Emer



LOG-64

1IS-0OS dataflow breakdown

Filters Input activations Output activations

. Ve W layerl K, —2—
[l e " L

»|1S-0S (%
P

—

S

K j H
" Wavefront col i Wavefront col i-S Step 0

channel 0 A Channel 2

Input I IS oS
frontend | backend

wavefront
S

Output
wavefront

[Yang et al., ISOSceles, HPCA 2023]
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1IS-0OS dataflow breakdown
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ISOSceles Speedup
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