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Background: Communication patterns in Versal
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Switch b §
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Switch-based connection: stream or DMA

* cansend from any tile to any tile
* can broadcast

* Only 32 bits/cycle bandwidth, large overhead

Shared memory connection
* canonly send to adjacent tile in 4 directions
* atmost 256 bhits/cycle, smaller overhead
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u l Local memory \\ g §
(16KB x 4 banks)
N 128b Shared memory connection
_ v _ * canonly send to adjacent tile in 4 directions
v S
- N OdN e at most smaller overhead
N \ N - !
N[N LN[HN -~ LR N2senl N
K ] = 1\
IR RPN
AEarray | N | N | N § N N B Cascade connection
§ § * Can only send to adjacent tile in W->E or N->S
- < - - .
Mem tiles &\ &\ \\ &\ @ % N directions

3 * 512 bits/cycle, smallest overhead

Session 7B 2026 Great Lakes Symposium on VLSI Slide 4



Background: Communication patterns in Versal

* On-chip communication patterns of AIE

4

\‘ Switch-based connection: stream or DMA
Switch N\ * cansend from any tile to any tile
WitE 32b ;. > * can broadcast
Processor {\ N\ Q S Only 32 bits/cycle bandwidth, large overhead
u l Local memory \\ g §
(16KB x 4 banks)
N 128b Shared memory connection
H v H * canonly send to adjacent tile in 4 directions
3 . Q N N . \\ * at most , smaller overhead
N LN LNLN ~ [N 2560l N
K ] = 1\
N[ N[R[N-[R
AIE array g N N § | N B B Cascade connection
§ § * Can only send to adjacent tile in W->E or N->S
- < - - .
Ve tiles &\ Q \\ &\ @ % \ directions

3 * 512 bits/cycle, smallest overhead

We should leverage the high-
e bandwidth connection
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Baseline communication patterns

v
7.

v
o,

—— DMA activation

----» Cascade ~ weights
output

----- » Shared-mem

Partial results
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Baseline communication patterns

e Load Activations from DMA

N | e Load weights from DMA
N N
N NN
—— DMA — activation
----» Cascade weights

----- » Shared-mem output
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Baseline communication patterns

Load Activations from DMA
Load weights from DMA

N Store outputs using DMA
The output needs to be re-loaded for next layer

\ N\ I
—— DMA activation
----» Cascade ~ weights

----- » Shared-mem output

Partial results
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t * To enable the spatial partitioning K-dim,
N N cascade for the partial results
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—— DMA activation
----» Cascade — weights
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* Load weights from DMA

32 b/cycle \ N » Store outputs using DMA
@ - N |3 | * The output needs to be re-loaded for next layer
3 * To enable the spatial partitioning K-dim,
N\ N cascade for the partial results
: yy v

—— DMA activation

----» Cascade ~ weights

----- > Shared-mem output

Partial results
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Baseline communication patterns

 Load Activations from DMA
* Load weights from DMA

AL A

32 b/cycle \ N e Store outputs using DMA
@ - ] |4 | * The output needs to be re-loaded for next layer
AL A \ PY

To enable the spatial partitioning K-dim,
N N cascade for the partial results

J | /I Quick Math: 8x32x64 INTS kernel (256 MAC/cycle, 1GHz):

—— DMA activation
----» Cascade — weights
----- > Shared-mem output

Partial results
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Baseline communication patterns

 Load Activations from DMA

- ] | * Load weights from DMA
32 b/cycle \ N e Store outputs using DMA
@ e . |3 * The output needs to be re-loaded for next layer
P ‘ 3 N * To enable the spatial partitioning K-dim,
N I\ cascade for the partial results
o ' Quick Math: 8x32x64 INT8 kernel (256 MAC/cycle, 1GHz):
DMA activation * 64 cycles to load the activation
"7 Cascade welents « 512 cycles to load the weight
_____ » Shared-menm output cycles to load the weights

* 64 cycles to compute
e 128 cycles to store the results
—512+64+128=704 cycles(704 ns) for one single layer,

Partial results
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 Load Activations from DMA

- ] | * Load weights from DMA
32 b/cycle \ N e Store outputs using DMA
@ e . |3 * The output needs to be re-loaded for next layer
P ‘ 3 N * To enable the spatial partitioning K-dim,
N I\ cascade for the partial results
o ' Quick Math: 8x32x64 INT8 kernel (256 MAC/cycle, 1GHz):
DMA activation * 64 cycles to load the activation
7 Cascade welents « 512 cycles to load the weight
_____ » Shared-menm output cycles to load the weights

* 64 cycles to compute
e 128 cycles to store the results
—512+64+128=704 cycles(704 ns) for one single layer,

Impossible to finish whole model in 1 us!

Partial results
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Baseline communication patterns

 Load Activations from DMA

- ] | * Load weights from DMA
32 b/cycle \ N e Store outputs using DMA
@ e . |3 * The output needs to be re-loaded for next layer
P ‘ 3 N * To enable the spatial partitioning K-dim,
N I\ cascade for the partial results
o ' Quick Math: 8x32x64 INT8 kernel (256 MAC/cycle, 1GHz):
DMA activation * 64 cycles to load the activation
7 Cascade welents « 512 cycles to load the weight
_____ » Shared-merm output cycles to load the weights

* 64 cycles to compute
e 128 cycles to store the results
—512+64+128=704 cycles(704 ns) for one single layer,

Impossible to finish whole model in 1 us!

Partial results

Optimizing on-chip communication is the key!
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Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN
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The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN
H
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Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN
. <—--—-8 ----- >

 p—
N g
; :

(a) Blocked layout of intermediate data
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Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN

. <—--—-8 ----- > .
' /f‘/f ———|aile::load
N » 4 : —:? —4‘?{ ———
v
(a) Blocked layout of intermediate data (b) The vector register layout and aggregation computation pattern
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Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN

_ DU N > 256-bit(32 element) vector register

A - p > ~]aie::load
e e — T o o N
\»454‘?@?/‘ ?_’ " g " i
(a) Blocked layout of intermediate data (b) The vector register layout and aggregation computation pattern
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Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN

N »4'

A

1
1
v

L/
/

1
1 »
1

(a) Blocked layout of intermediate data

v

®

aie::load

——>

256-bit(32 element) vector register

B | S|

.\
\
N
N

\
\ A 4

-~
-
-

-
-

No native
support in AlE

(b) The vector register layout an.g%ggregation computation pattern
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Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN

| «-8 ., , i a:-Toad 256-bit(32 element) vector register
? / f‘/> / L/ aleo . Oa . - I’ I’
| < > | o) > > > >
N g —— R | | E—"
v ] \\ II - - /”’ »
¥ NS T T No native

® ? support in AIE
n

(a) Blocked layout of intermediate data (b) The vector register layout and aggregation computation pattern

Extract

v
v

» ! »
Ll »
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The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN
. <—--—-8 ----- >

256-bit(32 element) vector register

~|laie::load
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N\ | —— | || —
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® ? support in AIE
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(a) Blocked layout of intermediate data (b) The vector register layout and aggregation computation pattern
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-

v
v

» ! »
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Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN

(a) Blocked layout of intermediate data

N »4'

<—--—-8 ----- >
R -y ; : ~
V| e—— /‘/‘ —_—
| ——— | —— —_—
v 1

v

b 4

Extract. -~

-

®

256-bit(32 element) vector register

[ 1 !
» 1 » 1 » | »
> > > >
1 1 !
AN " k. A
\
\
\

7 P PEd

aie::load

——>

ST T No native
“@‘r‘ ’ support in AIE

(b) The vector register layout and aggregation computation pattern

Baseline reduction implementation, 7 sequential Instrs(4 extraction, 3 addition) operations are needed

Session 7B

2026 Great Lakes Symposium on VLSI

Slide 6



Other Gaps: Non-linear layers such as Reduction

The Cost for computation efficiency is data layout requirement

E.g. Suppose we do (1) Matrix Multiplication then (2) reduce the MxN mat to 1xN

(a) Blocked layout of intermediate data

N »4'

<—--—-8 ----- >
R -y ; : ~
| /‘/‘/‘ —_—
| ——— | —— —_—
v 1

v

b 4

Extract. -~

-

®

256-bit(32 element) vector register

[ 1 !
» 1 » 1 » | »
> > > >
1 1 !
AN " k. A
\
\
\

7 P PEd

aie::load

——>

/.-~ _.--=~" No native
' support in AIE

(b) The vector register layout an.g%ggregation computation pattern

\ ! We achieve this operation

in one instruction

Baseline reduction implementation, 7 sequential Instrs(4 extraction, 3 addition) operations are needed
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Other Gaps: to Estimate the Performance

Example: MM1: 8x32x32 > 8x32 intermediate data 2> MM2: 8x32x32,
weights are preloaded to AIE tile
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Example: MM1: 8x32x32 —>8x32 intermediate data 2> MM2: 8x32x32,
weights are preloaded to AlE tile

780.008 ns BOO.006 ns 820.0800 ns B40.006 ns B60.000 ns B880.000 ns 500.006 ns 920.0800 ns 940.0008 ns 960.008 ns 980.000 n

....... | PPN S IR PP B PP RSN S PSPPI B BT PRI PP B SIPEP EAPENIP TAEIP I B B I

mm2s dma transfer

nmul (adf::io buffer<signed char,...

mmul (adf::io buffer<signed char,...
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Example: MM1: 8x32x32 > 8x32 intermediate data 2 MM2: 8x32x32,
weights are preloaded to AIE tile
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Example: MM1: 8x32x32 > 8x32 intermediate data 2 MM2: 8x32x32,
weights are preloaded to AIE tile
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Example: MM1: 8x32x32 > 8x32 intermediate data 2 MM2: 8x32x32,
weights are preloaded to AIE tile
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mmul (adf::io buffer<signed char,...

Ideal
MM1 25.6ns

MM?2 25.6ns
comm 51.2ns
Total 102.4ns



Example: MM1: 8x32x32 > 8x32 intermediate data 2 MM2: 8x32x32,
weights are preloaded to AIE tile

780.000 ns BOO.00O ns lBEG_HDB ns 840.000 ns IBEO_GDB ns 880.000 ns
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i |
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mmul (adf::io buffer<signed char,...

Ideal Profiled
MM1 25.6ns 49.2 ns

MM2 25.6ns 50.4 ns
comm 51.2ns 54.2 ns
Total 102.4ns 215.9 ns



Example: MM1: 8x32x32 —>8x32 intermediate data 2> MM2: 8x32x32,
weights are preloaded to AlE tile
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Example: MM1: 8x32x32 —>8x32 intermediate data 2> MM2: 8x32x32,
weights are preloaded to AlE tile
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! | |
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Ideal Profiled Error
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u-ORCA: Optimizing Acceleration for Microsecond-Scale
Deep Neural Network Inference on ACAP

us-scale NN inference can not be reached by simply scaling down the existing accelerator architecture

On-chip communication bottleneck
(DMA transfer, 32-bit/cycle)

Inefficient kernel implementation )
for full model

Inaccurate performance model ‘
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Deep Neural Network Inference on ACAP

us-scale NN inference can not be reached by simply scaling down the existing accelerator architecture

On-chip communication bottleneck support transferring intermediate data

. (1) directly between 2 layers as AIE arrays (w/o L2 access)
(DMA transfer, 32-bit/cycle) (2) With local mem or cascade communication enabled
- Up to 16x bandwidth improvement

Inefficient kernel implementation )
for full model

Inaccurate performance model ‘
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us-scale NN inference can not be reached by simply scaling down the existing accelerator architecture

On-chip communication bottleneck support transferring intermediate data

. ) (1) directly between 2 layers as AIE arrays (w/o L2 access)
(DMA transfer, 32-bit/cycle) (2) With local mem or cascade communication enabled
— Up to 16x bandwidth improvement

(1) Global aggregation support for Deepset models
(2) Bias and ReLU support
(3) Quantization support

Inefficient kernel implementation )
for full model

Inaccurate performance model ‘
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u-ORCA: Optimizing Acceleration for Microsecond-Scale
Deep Neural Network Inference on ACAP

us-scale NN inference can not be reached by simply scaling down the existing accelerator architecture

On-chip communication bottleneck support transferring intermediate data

. ) (1) directly between 2 layers as AIE arrays (w/o L2 access)
(DMA transfer, 32-bit/cycle) (2) With local mem or cascade communication enabled
- Up to 16x bandwidth improvement

(1) Global aggregation support for Deepset models
(2) Bias and RelLU support
(3) Quantization support

Inefficient kernel implementation )
for full model

Inaccurate performance model —> Fine-grained performance model

Design space exploration
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u-ORCA: Single Kernel Architecture

— |Input — Weight — Output — Partial Results —— DMA — Cascade ===9 Parameter (pre-loaded)

i

32 b/cycle .
Sync w/t comp g S

\ A A\k
N\
\
.‘

512 b/cycle”
A Can overlap

(a)Baseline (a)u-ORCA
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u-ORCA: Single Kernel Architecture

— |Input — Weight — Output — Partial Results —— DMA — Cascade ===9 Parameter (pre-loaded)

E E
= N

H ' B
512 b/cycle” ® & &
A Can overlap @

(a)Baseline (a)u-ORCA

i

32 b/cycle .
Sync w/t comp g SR

\ A A\k
N\
\
“

® Pre-load the weight and bias

Session 7B 2026 Great Lakes Symposium on VLSI Slide 9



u-ORCA: Single Kernel Architecture

— |Input — Weight — Output — Partial Results —— DMA — Cascade ===9 Parameter (pre-loaded)
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Sync w/t comp g SR

\ A A\k
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\
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A Can overlap

(a)Baseline (a)u-ORCA

® Pre-load the weight and bias
® Loadthe input directly from last layer
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® Pre-load the weight and bias
® Loadthe input directly from last layer
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u-ORCA: Single Kernel Architecture

— Input — Weight —— Output — Partial Results —— DMA — Cascade ===9 Parameter (pre-loaded)

From
E> Last Layer

32 b/cycle .
Sync w/t comp g SR

\ A A\k
N\
\
“

512 b/cycle/
Can overlap

(a)Baseline (a)u-ORCA

® Pre-load the weight and bias

® Loadthe input directly from last layer

® Spread the input via cascade

® Compute, accumulate partial results via cascade
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u-ORCA: Single Kernel Architecture

— Input — Weight Output — Partial Results —— DMA — Cascade === Parameter (pre-loaded)

From

32 b/cycle , . E> Last Layer
Sync w/t comp B ' - B

\ A A
N\
\
‘Q

512 b/cycIe/
Can overlap

(a)Baseline (a)u-ORCA

® Pre-load the weight and bias

® Loadthe input directly from last layer

® Spread the input via cascade

® Compute, accumulate partial results via cascade

® Send results directly via cascade
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(a)Baseline (a)u-ORCA

Quick Math: 8x32x64 INT8 kernel: ® Pre-load the weight and bias
® Loadthe input directly from last layer
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® Compute, accumulate partial results via cascade

® Send results directly via cascade
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u-ORCA: Single Kernel Architecture

— Input — Weight Output — Partial Results —— DMA — Cascade === Parameter (pre-loaded)
A B : .‘ :
32 b/cycle - :> Last Layer . Next
Sync w/t comp N - B : = . Layer
@ . 512 b/cycle/
. Can overlap
(a)Baseline (a)u-ORCA
Quick Math: 8x32x64 INT8 kernel: ® Pre-load the weight and bias
* 4 cycles to load the activation ® Load the input directly from last layer
* 64 cycles to compute ® Spread the input via cascade
* 8cycles to store the results ® Compute, accumulate partial results via cascade

® Send results directly via cascade
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u-ORCA: Single Kernel Architecture

— Input — Weight Output — Partial Results

32 b/cycle .:|

Sync w/t comp g "

\ A A
N\
\
‘Q

From

H
=

Alk\k

A
1
-l

512 b/cycIe/
Y Can overlap

(a)Baseline

Quick Math: 8x32x64 INT8 kernel:
* 4 cycles to load the activation

* 64 cycles to compute

* 8cycles to store the results

2 4+64+8=76 cycles, 9.2x gain over the baseline
—>preload weights in baseline: 76 vs. 256, 3.4x gain

— DMA

-==% Parameter (pre-loaded)

—— Cascade

(a)u-ORCA

Pre-load the weight and bias

Load the input directly from last layer

Spread the input via cascade

Compute, accumulate partial results via cascade

Send results directly via cascade
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Scale to Multiple AIE Tiles

Current layer
N

Session 7B 2026 Great Lakes Symposium on VLSI Slide 10



Scale to Multiple AIE Tiles

Current layer
N

Partition M,K,N dim to
A,B,C pieces

E.g. A=4,B=2,C=1
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Current layer

Partition M,K,N dim to
A,B,C pieces
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Scale to Multiple AIE Tiles

_— -
~

u.z

Partition M,K,N dim to
A,B,C pieces

E.g. A=4,B=2,C=1

For consecutive two
layers, if A=A’ and
C=C'=1:

N -

last layer Current layer

_______________

i
v,

v

\
D

v

i

i
v,

——— -

Next layer

__________________

v

v

v

.
v

__________________
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Scale to Multiple AIE Tiles

\ last layer Current layer Next layer

: | = ] 5

on |

‘ | N N i
Jp— -

. \ S 1 S

i N\ 5 N q |

N B ] N |

Partition M,K,N dim to | — = = \ 5
A,B,C pieces | S i - - i
| | N

E.g. A=4, B=2, C=1 : | E N

____________________________________

For consecutive two
layers, if A=A’ and
C=C'=1:
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Scale to Multiple AIE Tiles
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in the last layer
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Scale to Multiple AIE Tiles

N

Partition M,K,N dim to
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Scale to Multiple AIE Tiles

last layer Current layer Next layer

N JoTTTTTTTTTTTTT TS N JoTTTTTTETTTETT T TS N
'l N : I o I
: \ N
‘ o N
: i \ y |
i N
N s
i N\ SN
B |
Partition M,K,N dim to i ‘ =
A,B,C pieces | N - |
! N
E.g. A=4, B=2, C=1 o N
For consecutivetwo T T
layers, if A=A" and Input data distributed Horizontal data
C=C=1: in the last layer transfer:

Can use cascade!
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Scale to Multiple AIE Tiles

N

Partition M,K,N dim to
A,B,C pieces

E.g. A=4,B=2, C=1

For consecutive two
layers, if A=A’ and
C=C'=1:

last layer Current layer Next layer

____________________________________

\
D

.
v

\
D

.
v

)

\

v

.

N

.
v

__________________

Input data distributed Horizontal data
in the last layer transfer:

Can use cascade!
During computation:

Cascade reused for partial results
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Scale to Multiple AIE Tiles

N

Partition M,K,N dim to
A,B,C pieces

E.g. A=4,B=2,C=1

For consecutive two
layers, if A=A’ and
C=C'=1:

last layer Current layer Next layer

Input data distributed Horizontal data Data send to next
in the last layer transfer: layer

Can use cascade!
During computation:

Cascade reused for partial results
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

— DMA transfer

----» Cascade transfer

o

AIE tile

{ ] layer boundary

v
v
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 2:

A,B,C=2,2,1
Layer 2

2. 9
A U
27 A
2. 7
)

Layer 1:
ABC=2,2,2

___________________

v

v

— DMA transfer

----» Cascade transfer

o

AIE tile

] layer boundary
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
" 7k Layer 2: — DMA transfer
[ 7 ZR Yy
L 91 9
- . S T £ ----» Cascade transfer
o O = :
7 /. | 2/ 7 7 AIE tile
2.0 4. Bl A
2"’ é i\ é"’ / | ! layer boundary
279

N
~

___________________

nconsistent shape and placement:
Fallback to direct DMA

v
v
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A B,C=2,2,1
P . Layer 1: Layer 2:
/ 7 Z R . —_
i %__’ % : Layer 2: AB,C=2.21 ABC=221 DMA transfer
L 21 7
I yoTT AN D BSSneEEEEES o\ emeememmmmoeeea - ----» Cascade transfer
% ) % Zh W 7 (W 7R
775 271 Y % 7k % % ]
- 2 Zj—y 1.2 1 7 ] AIE tile
Z zZh 2 % . . s B
- ' - 7B 7, ] (==
7 % Z - 2k - 7k i ! layer bounda
27 a7 gL ‘all |1BIH gl | Y
7 7 R ety ety ’
) 2k
nconsistent shape and placement:
Fallback to direct DMA
t t

v
v
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A B,C=2,2,1
P — - Layer 1: Layer 2:
: 7, 7B . —_
| A O Layer 2: AB,C=2,2,1 AB,C=2,2,1 DMA transfer
! A v I
I S LA rrmmmmnn e o emmmmmmmeeeeeeeee - ----» Cascade transfer
% ) % Zh 7 ZA % 7"
7 /a 7’} % 7 % Z i
2 Z 7 % i > Z " " /,, /| AIE tile
Z 7 7 % . ! .
2 U 7 7 2.0 B Bl g o
% % 4 __________ / é--» é-;--?» é--» é j . ! layer boundary
7, Z i et e g
‘ é"’ é ,; consistent shape and placement:
T —— a Use cascade

nconsistent shape and placement:
Fallback to direct DMA

v
v
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
T T - Layer 1: Layer 2:
/ 7 Z R . —_
i g__’ g : Layer 2: AB,C=221 AB,C=221 DMA transfer
| /o A
7 - ‘/ """" v_, jormTTm T T ----» Cascade transfer
7 7 21 Y " % Z % 7k
- - 2 L2 1 G 1 7 ] AIE tile
7, ? 7 7 o L : -
- - - Z . 7 ZR =7
7 % Z ) ZIEEN7 ) ' layer boundar
-~ = e Z " é " Z 7 é v 1Y Y
7 277 I e T e -
é"’ é ,; consistent shape and placement:
R —— g Use cascade
Inconsistent shape and placement:
Fallback to direct DMA
111 cycle 111 cycle
t t

v

Layer 1 Layer 2
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
P — - Layer 1: Layer 2:
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
P — - Layer 1: Layer 2:
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é"’ é ,; consistent shape and placement:
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Fallback to direct DMA
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Large Comm. latency
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
T T - Layer 1: Layer 2:
/ s A N . ) D
i g__’ g : Layer 2: AB,C=2.21 AB,C=221 MA transfer
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7 - ‘/ """" v_, jormTTm T T ----» Cascade transfer
7 = {0490
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7 % 2 7 7 ZH 7]
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Fallback to direct DMA
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
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Fallback to direct DMA
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
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Computation-communication Tradeoff
The shape constrain could limit the parallelism...

Layer 1: Layer 2:
A,B,C=2,2,2 A,B,C=2,2,1
P — - Layer 1: Layer 2:
/ 2 A N . —_— D
L O1 0 aver 2 AB,C=2,2,1 AB,C=2,2,1 VA transter
! A v I
| y a w/ """" £ e e ----» Cascade transfer
Oof O— T 7 : % 7. % 7).
2 4; Lz A ; ” C " i C /) AIE tile
Z 7 Z ) | . | .
-1 7 21 7 A/
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[ o e
é"’ é ,; consistent shape and placement:
R a Use cascade
Inconsistent shape and placement:
.. Fallbacktodirect DMA
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The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction
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The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction

One INT8 VMAC instr. 2 4x8x8 MM kernel
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The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction

BN
0 0 0 0

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0
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The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction

CACEENCE

b10

b77

BN
0 0 0 0

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

RHS: Two input blocks from last layer

Session 7B 2026 Great Lakes Symposium on VLSI Slide 12



The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction

CACEENCE

b10

Coj = 2 byj

CU(l * 0) =0 b77

EIENENED
0 0 0 0 0

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

RHS: Two input blocks from last layer

Output: the first row(first 8 elements) is the
accumulated results
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The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction
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One INT8 VMAC instr. 2 4x8x8 MM kernel
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The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction

CACEENCE

b10

Coj = Xy bij

b77

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

RHS: Two input blocks from last layer
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The Global Reduction Layer
® Single AIE: using MAC operations, such
reductions can be done in 1 VMAC instruction

CACEENCE
b10

Coj = Xy bij

b77

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line =1, other=0

RHS: Two input blocks from last layer

Output: the first row(first 8 elements) is the
accumulated results

No layout change: 7x reduction in #instr
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The Global Reduction Layer
® Single AIE: using MAC operations, such ® Reduction across multiple AlEs
reductions can be done in 1 VMAC instruction

CACEENCE
b10

Coj = Xy bij

b77

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

RHS: Two input blocks from last layer

Output: the first row(first 8 elements) is the
accumulated results

No layout change: 7x reduction in #instr
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The Global Reduction Layer
® Single AIE: using MAC operations, such ® Reduction across multiple AlEs
reductions can be done in 1 VMAC instruction

CACEENCE

b10

last layer Global Reduction

o

Coj = Xy bij

b77

\ \
D D

A,
o

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

e = = e = e = e e e e e e e e e e e e e e e e e e e e e e e —
N
N e e e e e e e e n En e En em em e e e e e e e e e P

A,
o

_——— -

RHS: Two input blocks from last layer

Output: the first row(first 8 elements) is the
accumulated results

No layout change: 7x reduction in #instr
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The Global Reduction Layer
® Single AIE: using MAC operations, such ® Reduction across multiple AlEs
reductions can be done in 1 VMAC instruction

CACEENCE

b10

last layer Global Reduction

o

Coj = Xy bij

b77

-
N

o

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

o

/,______________________________________‘\

RHS: Two input blocks from last layer

Output: the first row(first 8 elements) is the
accumulated results

No layout change: 7x reduction in #instr
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The Global Reduction Layer
® Single AIE: using MAC operations, such ® Reduction across multiple AlEs
reductions can be done in 1 VMAC instruction

CACEENCE
b10

last layer Global Reduction
jemmnes —

Z,

Coj = Xy bij

§
Gpan |

b77

Z

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

N
\

Input: shared mem

N

N e

_——— -

e = = e = e = e e e e e e e e e e e e e e e e e e e e e e e —

N —_———— -—— - ——

RHS: Two input blocks from last layer

Output: the first row(first 8 elements) is the
accumulated results

No layout change: 7x reduction in #instr
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The Global Reduction Layer
® Single AIE: using MAC operations, such ® Reduction across multiple AlEs
reductions can be done in 1 VMAC instruction

CACEENCE
b10

last layer Global Reduction

_________

z,

Coj = Xy bij

L -

Cascade local

.:| - \ reduction results

b77

Z

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

Z

o . . e e e e e Em em e R R Em e e R e e e e e e e e E—
Y

~

_——— -

RHS: Two input blocks from last layer Input: shared mem

Output: the first row(first 8 elements) is the
accumulated results

No layout change: 7x reduction in #instr
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The Global Reduction Layer
® Single AIE: using MAC operations, such ® Reduction across multiple AlEs
reductions can be done in 1 VMAC instruction

CACEENCE
b10

last layer Global Reduction

_________

z,

Coj = Xy bij

Cascade local
reduction results

b77

!

Z

One INT8 VMAC instr. 2 4x8x8 MM kernel
LHS: static matrix with first line = 1, other=0

%

o e e e e e e S m En Em Em em em e e e e e e e e
Y

~

_——— -

RHS: Two input blocks from last layer Input: shared mem Cascade to next layer

Output: the first row(first 8 elements) is the
accumulated results

No layout change: 7x reduction in #instr
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Case Study: The DeepSets Mode

Input

64 particles x
21features =
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Layer 1

Linear
21264
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Layer 3
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64-64

Session 7B
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Layer 5 Layer 6 Output
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Case Study: The DeepSets Mode
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Case Study: The DeepSets Mode

Before: 5.8 us

Juuup L S || /\fter: 0.538 us
H H L2l k2 " 10x latency reduction
LJ Meet 1-us deadline
| l e
Y J \ T J \ J GA | Y
L1(16 AIE) L2(32 AIE) L3(32 AIE)  (8AIE) L5(2 AIE) L6(2 AlE)
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Case Study: The Deepsets Model
AIE simulator trace for tiles in each layer, single inference

2,750.000 ns 2,850.000 ns 2,900.000 ns 2,950.0800 ns 3,1060.800 ns 3,150.000
T R R R R R I ST IS I I R e ————
11 mmul3{adf::io...

12 mmul_k3(input cascade<acc32, void=*, signed ch...

14 nl3(adf::io0 buffer<:iigned cha...
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Layerl start: < : » Layer6 end:
T=2643 ns 0.538 us computation latency T=3181 ns
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15 mmul Kl(input cascade=acc32, void>*, signed char const (&) [2048], output cascade=acc32, volc>*}.0.15[0][1][@]

Layerl start: < : » Layer6 end:
T=2643 ns 0.538 us computation latency T=3181 ns

0.88 us computation with PL latency
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Case Study: The Deepsets Model

AIE simulator trace for tiles in each layer, single inference

NAME |2,65@.90@ ns I

2,700,000 ns IZ,?E@.E@D H
s Tile(9,0) L1 mmul3{adf::io...
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3 Tile(13,0) Ir_mmul_k3{input_cascade<acc32. void>*, signed ch...

5 Tile(17,0)
5 Tile(18,0)
5 Tile(20,0)

5 Tile(21,0)

14 nl3(adf::io0 buffer<:iigned cha...
15 mmul kl{input cascade=acc32, void=*, signed char const (&) [2848], output cascade=acc32, wvolc>*).0.15[0][1][0]

6_mmul_k@({input_cascade<acc32, void>*, signed char const (&) [1024], adf::io_buffer=signed char, adf::direction::out, adf::io_buffer config<adf

Layerl start: _
T=2643 ns 0.538 us computathn latency
0.88 us computation with PL latency

Layer6 end:
T=3181ns

AIE simulator trace for last layer, pipelined inference

14 mmul...
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Case Study: The Deepsets Model
AIE simulator trace for tiles in each layer, single inference

NAME IE,E-SEI.GOE' ns IE..?E)EI{BEIE' I IZ,?EEI.E:‘EID ns

l?. ,800.000 ns 12 ,850.000 ns I2 ,900.000 ns
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» Tile(20.0) 15 mmul kl(input cascade=acc32, void=*, signed char const (&) [2048], output cascade<acc32, voic>*).0.15[0][1][0]
£ S e

3 Tile(21,0) 6_mmul_k@({input_cascade<acc32, void=*, signed char const (&) [1024], adf::io_buffer<signed char, adf::direction::out, adf::io_buffer_config<adf:...

Layerl start: _
T=2643 ns 0.538 us computathn latency
0.88 us computation with PL latency

Layer6 end:
T=3181ns

AIE simulator trace for last layer, pipelined inference
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Experiments

Synthetic MLLPs: sequence of square MM, INTS8, dense

[] FPGA-only (HLS4AML) [ ]ssr FJ] SSR (u-ORCA mapping) [ ] AlEaML ] AIEAML (u-ORCA mapping) %] u-ORCA DMA (ours) € u- ORCA Cascade (ours)
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Figure 10: Latency comparison of synthetlc MLP workloads with various layer shapes and number of layers.
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Experiments

Synthetic MLLPs: sequence of square MM, INTS8, dense
AMD VEK280, Vitis 2024.1

* FPGA baseline: Excel at small workloads, resource bounded for large ones

[] FPGA-only (HLS4AML) [ ]ssr FJ] SSR (u-ORCA mapping) [ ] AlEaML ] AIEAML (u-ORCA mapping) %] u-ORCA DMA (ours) € u- ORCA Cascade (ours)
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Figure 10: Latency comparlson of synthetlc MLP workloads with various layer shapes and number of layers
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Experiments

Synthetic MLLPs: sequence of square MM, INTS8, dense

AMD VEK280, Vitis 2024.1

* FPGA baseline: Excel at small workloads, resource bounded for large ones
* AIE baselines: Better flexibility at larger scales, cannot meet 1-us budget

* Uu-ORCA(ours): optimized on-chip communication, can handle 12 32x32x32 layers or 6 64x64x64 layers

[] FPGA-only (HLS4AML) [ ]ssr FJ] SSR (u-ORCA mapping) [ ] AlEaML ] AIEAML (u-ORCA mapping) %] u-ORCA DMA (ours) € u- ORCA Cascade (ours)
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Figure 10: Latency comparlson of synthetlc MLP workloads with various Iayer shapes and number of layers
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Experiments

Realistic workloads: MLP and Deepset variants

[T FPGA-only (HLS4ML) []ssr ] SSR (u-ORCA mapping) ] AlEamL
5 [ AIEAML (u-ORCA mapping) [] u-ORCA DMA (ours) EJ U-ORCA Cascade (ours)
6.2 13 25
. _
g, |
> —
v
c
- .
/
- I
1 o 4
1 L
x x x X /xx XXX /XK x XXX
% 1
0 Vi A

J5C-M JSCXL JSC-XL-d Deepsets-32 Deepsets-64  Deepsets-32-d  Deepsets-64-d

Figure 11: Latency comparison on realistic workloads
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Realistic workloads: MLP and Deepset variants

[T FPGA-only (HLS4ML) []ssr ] SSR (u-ORCA mapping) ] AlEamL
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Figure 11: Latency comparison on realistic workloads

e U-ORCA excels at us-scale DNN inference!
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Experiments

Realistic workloads: MLP and Deepset variants
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e U-ORCA excels at us-scale DNN inference!
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Experiments

Realistic workloads: MLP and Deepset variants

[T FPGA-only (HLS4ML) []ssr ] SSR (u-ORCA mapping) ] AlEamL

, [ AEmL (wORCA mapping) - [E] w-ORCA DMA (ours) @ U-ORCA Cascade (ours) Latency of different global aggregation layers
g [ Input  #AIE Baseline Ours Speedup
g, I I
B - 32 X 32 4 373 66 5.65X
{ [ ; 32x 64 4 760 72 [10.56x
1 - ’ 64 X 32 8 397 139 2.86X
0 i i A E! 64 X 64 8 834 145 5.75%
FlgureJ 11: La{ency cjomparlpson on realistic worlpdoéds
* Uu-ORCA excels at us-scale DNN inference! * Average 6.2x speedup for the global aggregation
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Experiments

Single AIE kernel performance: measured vs performance model
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Figure 9: Normalized single AIE measured latency and esti-
mated latency from different performance models.
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Experiments

Single AIE kernel performance: measured vs performance model
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Figure 9: Normalized single AIE measured latency and esti-
mated latency from different performance models.
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Thank You

M-ORCA: Optimizing Acceleration for Microsecond-Scale

Deep Neural Network Inference on ACAP
Shixin J1*, Jinming Zhuang*, Zhuoping Yang*, Xingzhen Chen*, We1 Zhang*, Peipe1 Zhou*

Brown University*
shixin_ji@brown.edu
peipel_zhou@brown.edu
https://peipeizhou-eecs.github.io/
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