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Cost-driven accelerators design
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Cost-driven accelerators design

Processing unit Conventional memory

Data D Digital interface

B —
el 010001010101011000101010

Memory array
(storing D)

11101001010001010100100100
_—
Result f(D)

Computation in
.. Pprocessor

Asif Ali Khan, ASPLOS 2024.
Ve

CENTER FOR

ADVANCING
ELECTRONICS
DRESDEN

LPDDR DRAM

(Gigabytes)

640pJ/word

On-chip SRAM
(Megabytes)

50pJ/word

Local SRAM Bill Dally,
(Kilobytes) MICRO, 2019

0.2pl for 8bit 5pl/word
multiplication
(45nm CMOS)\-

Computation is almost for free

u B cyairror
HE N compILER
CONSTRUCTION



Cost-driven accelerators design

Processing unit

Conventional memory

Data D Digital interface

B —
el 010001010101011000101010

Memory array
(storing D)

11101001010001010100100100
_—
Result f(D)

Computation in

, processor
N e Computational memory
Computation in \\\ Uigits
memory :
3 ' Memory array
— SAY; (storing D)
1001 ﬁ A
Command ("perform fon D")
Abu Sebastian et al, Nature Nanotechnology, 2020
1 Asif Ali Khan, ASPLOS 2024.

CENTER FOR

ADVANCING
ELECTRONICS
DRESDEN

LPDDR DRAM

(Gigabytes)

640pJ/word

On-chip SRAM
(Megabytes)

50pJ/word

Local SRAM Bill Dally,

(Kilobytes) MICRO, 2019

0.2pl for 8bit 5pl/word
multiplication
(45nm CMOS)\-

Computation is almost for free

u B cyairror
HE N compILER
CONSTRUCTION




CENTER FOR

. . cfaed
Cost-driven accelerators design 7

Processing unit

Conventional memory

LPDDR DRAM

Data D Digital interface

. -~ .
eI L 010001010101011000101010 (Gigabytes)

Memory array

(storing D) 640pJ/word

11101001010001010100100100
On-chip SRAM

_—
Result f
st (Megabytes)

Computation in
processor

JRRRRIT I I LR Can be compute near- 50p)/word
. Computational memory k Local SRAM Bill Dally,
. memory or in-memory (Kilobytes) MICRO, 2019
Computationin ~ \. Ligits
memory :
Mi .
SN (Z;g(r)i%a&ay O-ZIFt’_J flt')r ?blt 5pl/word
> multiplication
0T, ﬁ S @ (45nm CMOS)\-
Command ("perform fon D")

Abu Sebastian et al, Nature Nanotechnology, 2020 L.
Computation is almost for free

u u CHAIRFOR
COMPILER

12 Asif Ali Khon, ASPLOS 2024. mew w CONSTRUCTION




CENTER FOR

faed i
Computation near memory (CNM) cfaed

Samsung

S. Lee et OI., ISSCC 2022 (SK Hynix) u B cyarFor

HE N compILER

] 3 ASi‘F Ali Khon, AS PLOS 20 24. CONSTRUCTION
N 4 'y B



Computation in memory (CIM)

Memristive crossbar

Step 1: Write V5 to crossbar
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Memristive crossbar

Step 1: Write V5 to crossbar
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Computation in memory (CIM)

Memristive crossbar Content Addressable Memory (CAM)

Step 1: Write V5 to crossbar
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Computation in memory (CIM)

Orders of magnitude Content Addressable Memory (CAM)
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Content addressable memories
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Typically 32 or
64 columns

O Can be implemented with different memory technologies (FeFET in this work)
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Content addressable memories

Bank Mat Array
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Output driver
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Typically 32 or
64 columns

O Can be implemented with different memory technologies (FeFET in this work)

O Larger search vectors are first split into small chunks based on subarray sizes

O These chunks are then mapped to subarrays
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CAMs programmability challenges

What the user
writes

cfae
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~ =
def forward(self, input: Tensor, dot: bool = False)
< -> Tensor: S
others = self.weight.transpose(-2, -1) .
matmul = torch.matmul (input, (others)) Tarch3cript
values, indices = torch.ops.aten.topk(matmul, 1,
< largest=False)
return indices
A P,
A
o query vector / found nearest neighbors
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>
o
o
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CAMs programmability challenges

cfae
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def forward(self, input: Tensor, dot: bool = False)
= -> Tensor: e
What the user others = self.weight.transpose(-2, -1) .
. matmul = torch.matmul (input, (others)) TorEhacpe
writes values, indices = torch.ops.aten.topk(matmul, 1,
< largest=False)
return indices
q 4
What the device
expects
s Bank Mat Array M

e ~ K Sub-Array
Mat Mat | |, | |Amay Amay| | /| |Sub- Sub- || 1" [Datalin decoder]
cam_config = load config() I ’ Array Amay| . Dataline driver
cam = CAMASim(cam confiq) ‘ 5 - 5 3 & I "a % . CAM "
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cam.wrlte.(CAM_Data) Mat Mat Array Array Array Array = E columns
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CAMs programmability challenges
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def forward(self, input: Tensor, dot: bool = False)
< -> Tensor: S
What the user others = self.weight.transpose(-2, -1) .
R matmul = torch.matmul (input, (others)) Torch3cript
writes values, indices = torch.ops.aten.topk(matmul, 1,
< largest=False)
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Challenges with manual designs

O Different CAM types and similarity metrics
O TCAM, MCAM, ACAM

0 Hamming/Euclidean distance, dot-product/cosine similarity

Asif Ali Khan, ASPLOS 2024.
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Challenges with manual designs

O Different CAM types and similarity metrics
O TCAM, MCAM, ACAM

0 Hamming/Euclidean distance, dot-product/cosine similarity

O Different cell precisions (single bit vs. multi bit): Tradeoffs in accuracy/perf
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Challenges with manual designs

O Different CAM types and similarity metrics
O TCAM, MCAM, ACAM

0 Hamming/Euclidean distance, dot-product/cosine similarity
O Different cell precisions (single bit vs. multi bit): Tradeoffs in accuracy/perf

O Different mappings have different impact on utilization, performance, energy
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Challenges with manual designs

O Different CAM types and similarity metrics
O TCAM, MCAM, ACAM

0 Hamming/Euclidean distance, dot-product/cosine similarity
O Different cell precisions (single bit vs. multi bit): Tradeoffs in accuracy/perf
O Different mappings have different impact on utilization, performance, energy
O Different merge operations

O Presently all of this is handled manually with low-level APIs, restricting CAMs

usability to device experts
HWE N compPILER
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C4CAM to the rescue

Asif Ali Khan, ASPLOS 2024.
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The MLIR ecosystem

O Allows representing and transforming
intermediate representations at
different abstraction levels (dialects)

Affine Vector

30 e
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The MLIR ecosystem

O Allows representing and transforming
intermediate representations at
different abstraction levels (dialects)

O Allows defining your own operations
and dialects

Asif Ali Khan, ASPLOS 2024.
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The MLIR ecosystem

O Allows representing and transforming
intermediate representations at
different abstraction levels (dialects)

O Allows defining your own operations
and dialects

QO Significantly simplifies compilation for
heterogeneous hardware

Asif Ali Khan, ASPLOS 2024.
'y B
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Input: C/C++ or higher abstraction

v

EEEEEEEEE

EEEEEEEEEEE
DRESDEN

Torch-MLIR —  TOSA

Affine Vector

!

sC
v v

MLIR LLVM-IR

MLIR

v
LLVM IR
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C4CAM: An end-to-end compilation flow for CAMs

O TorchScript

dist = torch.norm(x, ..., None)

knn = torch.topk(dist,... , False)
return knn

Arch. specification

- ProcessNode: 45
- Wordwidth (bit): 64
- Rows per array: 256

C4CAM lowering pipeline

Abstraction over
CIM devices
- acquire N -
Extended to add - exgcule \-—/ s:nr::::igg'tlgn :_Zl_a\tllhoﬂnlsﬂ&
more functions,

e.g., norm, topk - release
-9~ niorm. fop Memristive Lower to loops,
crossbar arrays and optimize

CAM Simulator

Host backend

Linker

Host CPU

O Takes a high-level device-agnostic representation and arch. specification

33
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C4CAM: An end-to-end compilation flow for CAMs Claed

C4CAM lowering pipeline

O TorchScript PyTorch MLIR Abstraction over CAM Simulator
- converter CIM devices cam i
dist = torch.norm(x, ..., None) ( )
knn = torch.topk(dist,... , False) = l Host backend
return knn —_ cim loops scf & arith  ———— livm » Linker

torch | )
Arch. specification l

EE 1 - acquire Generic optimizations &

- ProcessNode: 45 Extended to add ; exgcule crossbar conversior? io LLVM IR Host CPU

- Wordwidth (bit): 64 |mp more functions, - release

- Rows per array: 256 e.g., horm, topk Memristive Lower to loops

. crossbar arrays and optimize

O Takes a high-level device-agnostic representation and arch. specification
O cim™ performs pattern-matching and rewriting

*Khan et al. Cinm (cinnamon): A compilation infrastructure for heterogeneous compute in-memory and compute near-memory paradigms.
To appear in ASPLOS'25. BN cyurFor
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C4CAM: An end-to-end compilation flow for CAMs

O TorchScript

dist = torch.norm(x, ..., None)
knn = torch.topk(dist,... , False)
return knn

Arch. specification

- ProcessNode: 45
- Wordwidth (bit): 64
- Rows per array: 256

-

-

C4CAM lowering pipeline
PyTorch MLIR Abstraction over

converter CIM devices / cam \\

—_— cim loops scf & arith ~— livm
torch
- acquire Generic optimizations &
crossbar
Extended to add - execute conversion to LLVM IR

more functions,

- release
e.g., horm, topk

Memristive Lower to loops,
crossbar arrays and optimize

=

CENTER FOR

cfaed i

=

CAM Simulator

Host backend

Linker

\ J

Host CPU

O Takes a high-level device-agnostic representation and arch. specification

U

O cam leverages device experts' knowledge and optimize for it

cim®* performs pattern-matching and rewriting

*Khan et al. Cinm (cinnamon): A compilation infrastructure for heterogeneous compute in-memory and compute near-memory paradigms.

35

To appear in ASPLOS'25.
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f ™)

C4CAM lowering pipeline

O TorchScript Abstraction over CAM Simulator
o CIM devices
dist = torch.norm(x, ..., None) /]
knn = torch.topk(dist,... , False) = Host backend
return knn - .
Linker
Arch. specification ~
- acquire i imizati
- ProcessNode: 45 Extended to add et Ge“er'°,°p't'm:_zf\t"“°nnlsﬂ& Host CPU
- Wordwidth (bit): 64 = more functions, conversion to

- Rows per array: 256 e - release
o P Memristive Lower to loops,

crossbar arrays and optimize

g J

O Extended torch-mlir to support topk and norm operations

L] | CHAIRFOR
COMPILER

|
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C4CAM: Rewriting and transformations

C) TorchScript

dist = torch.norm(x, ..., None)
knn = torch.topk(dist,... , False)
return knn

Arch. specification

- ProcessNode: 45
- Wordwidth (bit): 64
- Rows per array: 256

CENTER FOR

ADVANCING
ELECTRONICS
DRESDEN

f =)
C4CAM lowering pipeline
Abstraction over
CIM devices
. N
- acquire Generic optimizations &
2z i - execute conversion to LLVM IR
more functions, - release
e.g., horm, topk d
’ ' Memristive Lower to loops,
crossbar arrays and optimize
. J

O Extended torch-mlir to support topk and norm operations

O The cim dialect finds search patterns and rewrite them

37
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C4CAM: Rewriting and transformations

O TorchScript

dist = torch.norm(x, ..., None)
knn = torch.topk(dist,... , False)
return knn

Arch. specification

- ProcessNode: 45
- Wordwidth (bit): 64
- Rows per array: 256

-

-

CENTER FOR

cfaed i

=

F =)
C4CAM lowering pipeline
PyTorch MLIR Abstraction over cam CAM Simulator
converter CIM device:! _____i___———
l e // ﬁ (
—  cm loops scf@aith —  Ivm L
torch \ )
Extended to add : ::gg::z crossbar ?;]Zfigigﬁti? iLZI:a\B'iI\OIInISH& Host CPU
more functions, - release
Gl | Memristive Lower to loops,
crossbar arrays and optimize
. J
0 Extended torch-mlir to support topk and norm operations
O The cim dialect finds search patterns and rewrites them
d Partition operands to fit onto CAM arrays
u u CHAIRFOR
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Rewriting similarity search operations

%4 = cim.acquire : index
%5:2 = cim.execute(%4, %2, %0, %3) ({
%7 = cim.transpose %2 : tensor<10x8192xf32>
-> tensor<8192x10xf32>
%8 = cim.matmul %0, %7 : tensor<l0x8192x£f32>,
tensor<8192x10x£f32>
-> tensor<10x10xf32>
%values, ¥indices = cim.topk %8, %3 : tensor<10x10xf32>
, 164 -> tensor<10x1xf32>, tensor<1@x1xf32>
cim.yield %values, %indices : tensor<10x1xf32>, tensor<l0x1xf32>
}) : (index, tensor<10x8192xf32>, tensor<10x8192xf32>, i64)
-> (tensor<10x1xf32>, tensor<10x1xf32>)
cim.release %4 : index

Asif Ali Khan, ASPLOS 2024.
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Rewriting similarity search operations

%4 = cim.acquire : index
%5:2 = cim.execute(%4, %2, %0, %3) ({
%7 = cim.transpose %2 : tensor<10x8192xf32>
-> tensor<8192x10xf32>
%8 = cim.matmul %0, %7 :
tensor<8192x10x£f32>
-> tensor<10x10xf32>
%¥values, ¥indices = cim.topk %8, %3 : tensor<10x10xf32>
, 164 -> tensor<10x1xf32>, tensor<1@x1xf32>
cim.yield %values, %indices : tensor<10x1xf32>, tensor<l0x1xf32>
}) : (index, tensor<10x8192xf32>, tensor<10x8192xf32>, i64)
-> (tensor<10x1xf32>, tensor<10x1xf32>)
cim.release %4 : index

tensor<10x8192x£f32>,

Asif Ali Khan, ASPLOS 2024.
'y
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=

/* Pattern matching for dot product similarity */
Replace op<topk> (op<matmul> (arg2, op<transpose> (argl)), arg3)
with op <similarity> (dot, argl, arg2, arg3);

/* Pattern matching for Euclidean distance */
Replace op <topk>(op<norm> (op<sub> (argl, arg2)), arg3)
with op <similarity> (euc, argl, arg2, arg3);

/* Pattern matching for cosine similarity */

Replace op <smulmat>(op <div> (consl, op<mul>(op<norm>(argl),
op<norm> (arg2))), op<matmul>(argl, op<transpose>(arg2)))
with op <similarity> (cos, argl, arg2);

/* Pattern matching for Hamming distance */
Replace op <nonzero>(op <cmp>(It, op <popcount>(op <xor>(argl,

arg2), arg3)
with op <similarity> (ham, argl, arg2, arg3),

u B cyarFor
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Rewriting similarity search operations

%4 = cim.acquire index
%5:2 = cim.execute(%4, %2, %0, %3) ({
%7 = cim.transpose %2 tensor<10x8192xf32>
-> tensor<8192x10xf32>
%8 = cim.matmul %0, %7
tensor<8192x10x£f32>
-> tensor<10x10xf32>
%¥values, ¥indices = cim.topk %8, %3 tensor<10x10xf32>
, 164 -> tensor<10x1xf32>, tensor<1@x1xf32>
cim.yield %values, %indices tensor<10x1xf32>, tensor<l0xl1xf32>
}) : (index, tensor<10x8192xf32>, tensor<10x8192xf32>, i64)
-> (tensor<10x1xf32>, tensor<10x1xf32>)
cim.release %4 index

tensor<10x8192x£f32>,

%4 = cim.acquire : index
%5:2 = cim.execute (¥4, %2, %0, %3) ({
%¥values, ¥indices = cim.similarity dot %2,
%0, %3 tensor<10x8192xf32>, tensor<10x8192xf32>,
i64 -> tensor<10x1xf32>, tensor<l10xlxf32>
cim.yield ¥values, ¥indices : tensor<10x1xf32>,
}) : (index, tensor<10x8192xf32>, tensor<10x8192xf32>,
-> (tensor<10x1xf32>, tensor<108x1xf32>)
cim.release %4 index

tensor<10x1xf32>
i64)

Asif Ali Khan, ASPLOS 2024.
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=

/* Pattern matching for dot product similarity */
Replace op<topk> (op<matmul> (arg2, op<transpose> (argl)), arg3)
with op <similarity> (dot, argl, arg2, arg3);

/* Pattern matching for Euclidean distance */
Replace op <topk>(op<norm> (op<sub> (argl, arg2)), arg3)
with op <similarity> (euc, argl, arg2, arg3);

/* Pattern matching for cosine similarity */

Replace op <smulmat>(op <div> (consl, op<mul>(op<norm>(argl),
op<norm> (arg2))), op<matmul>(argl, op<transpose>(arg2)))
with op <similarity> (cos, argl, arg2);

/* Pattern matching for Hamming distance */
Replace op <nonzero>(op <cmp>(It, op <popcount>(op <xor>(argl,

arg2), arg3)
with op <similarity> (ham, argl, arg2, arg3),

u B cyarFor
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Rewriting similarity search operations 7

%4 = cim.acquire : index
%5:2 = cim.execute(%4, %2, %0, %3) ({
%7 = cim.transpose %2 : tensor<10x8192xf32>
-> tensor<8192x10xf32>
%8 = cim.matmul %0, %7 : tensor<l0x8192x£f32>,
tensor<8192x10x£f32>
-> tensor<10x10xf32>
%¥values, ¥indices = cim.topk %8, %3 : tensor<10x10xf32>
, 164 -> tensor<10x1xf32>, tensor<1@x1xf32>

cim.yield %values, %indices : tensor<10x1xf32>, tensor<l0x1xf32>
}) : (index, tensor<10x8192xf32>, tensor<10x8192xf32>, i64)

-> (tensor<10x1xf32>, tensor<10x1xf32>)
cim.release %4 : index

%4 = cim.acquire : index
%5:2 = cim.execute (¥4, %2, %0, %3) ({
%¥values, ¥indices = cim.similarity dot %2,
%0, %3 : tensor<10x8192xf32>, tensor<10x8192xf32>,
i64 -> tensor<10x1xf32>, tensor<l10xlxf32>

cim.yield %¥values, ¥indices : tensor<10x1xf32>, tensor<l10x1xf32>

}) : (index, tensor<10x8192xf32>, tensor<10x8192xf32>, i64)
-> (tensor<10x1xf32>, tensor<108x1xf32>)
cim.release %4 : index

scf. for ¥argl

%cO® to %c8192 step %c32 {

¥extr_slice = tensor.extract_slice %2[0, ¥argl] [10, 32]
[1, 1] : tensor<10x8192xf32> to tensor<l®x32xf32>

¥extr_slice_® = tensor.extract_slice %8[8, ¥argl] [18, 32]
[1, 1] : tensor<10x8192xf32> to tensor<l®x32xf32>

%7 = cim.acquire : index

%8:2 = cim.execute(¥%7, ¥extr_slice, ¥extr_slice_®, %3) ({
%values, ¥indices = cim.similarity dot ¥extr_slice,

¥extr_slice 0, %3 : tensor<10x32xf32>, tensor<10x32xf32>,

i64 -> tensor<10x1xf32>, tensor<l10xl1xf32>

cim.yield ¥values, %indices : tensor<l10xl1xf32>,
tensor<10x1x£f32>}) : (index, tensor<10x32xf32>,
tensor<10x32x£f32>, i64) -> (tensor<lOxl1xf32>,
tensor<10x1x£32>)

%9 = cim.merge_partial values similarity dot horizontal
%7, %4, %B#0 : index, tensor<10x1xf32>, tensor<1®xlxf32>
-> tensor<l10x1xf32>

cim.release %7 : index

u B cyarFor
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C4CAM lowering pipeline

O TorchScript Abstraction over CAM Simulator
o CIM devices
dist = torch.norm(x, ..., None) /]

knn = torch.topk(dist,... , False) = Host backend
return knn - .
Linker

Arch. specification \
- acquire / neri imization:
- Processhode: 45 Extended to add - exgcute - s:n\;r:igl‘:‘to Ll_a\tlhoﬂ ISF!& Host Py
- Wordwidth (bit): 64 » more functions, - release
- Rows per array: 256 e.g., horm, topk Memristive Lower to loops
- crossbar arrays and optimize
. J

O cam maps the split search vectors to CAM arrays

43 mEnE N
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C4CAM: Mapping to CAM arrays

CENTER FOR

cfaed i

=

C4CAM lowering pipeline

O Torchscript PyTorch MLIR Abstraction over CAM Simulator
- converter CIM devices L cam i
dist = torch.norm(x, ..., None) /] ( )
knn = torch.topk(dist,... , False) = l Host backend
return knn — cim loops scf & arith  —— livm » Linker

torch | )
Arch. specification l

e ] - acquire Generic optimizations &

- ProcessNode: 45 Extended to add ; exgcule crossbar conversior? io LLVM IR Host CPU

- Wordwidth (bit): 64 |mp more functions, - release

- Rows per array: 256 e.g., horm, topk Memristive Lower to loops

. crossbar arrays and optimize
| J

O cam maps the split search vectors to CAM arrays
O Mapping chunks of the a vector to the same subarray requires multi cycles

u B cyarFor
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C4CAM: Mapping to CAM arrays

O TorchScript

dist = torch.norm(x, ..., None)
knn = torch.topk(dist,... , False)
return knn

Arch. specification

- ProcessNode: 45
- Wordwidth (bit): 64
- Rows per array: 256

-

-

PyTorch MLIR
converter

!

torch

Extended to add
more functions,
e.g., horm, topk

Abstraction over
CIM devices

cim

- acquire
- execute
- release

/]

Ve

cam

crossbar

Memristive
crossbar arrays

C4CAM lowering pipeline

loops scf & arith ~— livm

Generic optimizations &
conversion to LLVM IR

Lower to loops,
and optimize

O cam maps the split search vectors to CAM arrays

=

CENTER FOR

cfaed i

=

CAM Simulator

Host backend
Linker

\ J

Host CPU

O Mapping chunks of the a vector to the same subarray requires multi cycles

O Also implements merge operation

45 Asif Ali Khan, ASPLOS 2024.
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C4CAM: Mapping to CAM arrays

: memref<2x10x1xf32>
: memref<2x10x1xf32>

memref.alloc()
memref.alloc()

¥bank_values_buffer =
%¥bank_indices_buffer =

scf.parallel (%argl) = (¥c®) to (%c8192) step (%c4096) {
%1 = cam.alloc_bank %c32, %¥c32 index, index -> cam.bank_id

scf.parallel (¥arg2) = (%c®) to (%c4096) step (¥clB24) {
%4 = cam.alloc_mat %1 cam.bank_id -> cam.mat_id

scf.parallel (¥arg3) = (%c@®) to (%cl024) step (%¥c256) {
%7 = cam.alloc_array %4 cam.mat_id -> cam.array_id

scf.parallel (%¥arg4) = (¥cO®) to (X%c256) step (¥c32) {

%12 = cam.alloc_subarray %7 cam.array_id -> cam.
= subarray_id

cam.write_value ¥12, ¥subarray_data_buffer
cam.subarray_id, memref<10x32xf32>

cam.search exact eucl ¥12, ¥subarray_gquery_buffer :
cam.subarray_id, memref<1x32xf32>

%13:2 = cam.read exact %12 cam. subarray_id
-> memref<10x1x£f32>, memref<10x1xf32>

!
...}

-

-}

cam.merge_partial bank values horizontal ¥1,

%¥value_res =
:cam.bank_id, memref<2x10x1xf32>

¥bank_values_buffer
-> memref<10x1xf32>

46
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O One possible mapping (optimized
for latency)

O All chunks goes to different
subarrays that can run in parallel
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Evaluation

Asif Ali Khan, ASPLOS 2024.
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Experimental setup

CENTER FOR

cfaed i

=

Table 1. Simulator configuration

O Simulation environment: CAMASIm

Architecture & Circuit configuration

Type HDC KNN DNA
Horizontal merge Voting Voting Counter
A Vertical merge Comparator Comparator ~ Gather

3 NVIDIA RTX 3090 GPU Cell TCAM  TMCAM  TCAM

Sensing circuit BE BE TH
Cost of additional circuits
Type Latency Energy
Adder 0.25ns 1.3 fI/bit
Register 0.5ns 4.5 fI/bit
Comparator 0.25ns 0.4 fI/bit
Decoder/Encoder 0.25 ns 2911
u B cuarror
b Asif Ali Khan, ASPLOS 2024 L o
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o cfaed &
Experimental setup 7

Table 1. Simulator configuration

O Simulation environment: CAMASIm Architectare & Ciroutt confizuration
Type HDC KNN DNA
Horizontal merge Voting Voting Counter
Vertical merge Comparator Comparator ~ Gather
D NVIDIA RTX 3090 GPU Cell TCAM T/MCAM TCAM
Sensing circuit BE BE TH
Cost of additional circuits
- . - H Type Latency Energy
O Use-cases: K-NN, DNA mapping, Type tency __ Energy
H H H Register 0.5ns 4.5 fI/bit
Hyperdimensional computing (HDC) Commarator 03ame 0t
Decoder/Encoder 0.25 ns 2911
... = CHAIRFOR
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o cfaed &
Experimental setup =

Table 1. Simulator configuration

O Simulation environment: CAMASIm

Architecture & Circuit configuration

Type HDC KNN DNA
Horizontal merge Voting Voting Counter

Vertical merge Comparator Comparator ~ Gather

D NVIDIA RTX 3090 GPU Cell TCAM T/MCAM TCAM

Sensing circuit BE BE TH
Cost of additional circuits

- . - H Type Latency Energy
O Use-cases: K-NN, DNA mapping, = o
Hyperdimensional computing (HDC) Comparo 035m 040
Decoder/Encoder 0.25 ns 2911

O Datasets: MNIST (HDC), human genome (DNA mapping), Iris-Wine-
Cancer-WineQuality (K-NN)

O Configurations: Multiple bit-precisions, different opt targets o

50 Asif Ali Khan, ASPLOS 2024. 5 .
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Results validation

C4CAM-1b

# of columns

CENTER FOR

ADVANCING
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L

Manual-1b " ! C4CAM-2b ! 1 Manual-2b I 1 C4CAM-3b 1 1 Manual-3b

) o g 0.6 -
g 10 . g o, 0.4 =
Candy i
- 6 . | . =
- S 0
16 32 64 1 16 32 64 128
# of columns # of columns
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Results validation

C4CAM-1b

# of columns

CENTER FOR

ADVANCING
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L

C4CAM vs manual

Manual-1b " ! C4CAM-2b ! 1 Manual-2b I 1 C4CAM-3b 1 1 Manual-3b

) o g 0.6 -
g 10 . g o, 0.4 =
Candy i
- 6 . | . =
- S 0
16 32 64 1 16 32 64 128
# of columns # of columns
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Results validation

C4CAM-1b

# of columns

CENTER FOR

ADVANCING
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C4CAM vs manual Different precisions

Manual-1b " ! C4CAM-2b ! 1 Manual-2b I 1 C4CAM-3b 1 1 Manual-3b

) o g 0.6 -
g 10 . g o, 0.4 =
Candy i
- 6 . | . =
- S 0
16 32 64 1 16 32 64 128
# of columns # of columns
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Results validation

C4CAM-1b

# of columns

CENTER FOR
ADVANCING
ELECTRONICS
DRESDEN

C4CAM vs manual Different precisions

Manual-1b " ! C4CAM-2b ! 1 Manual-2b I 1 C4CAM-3b 1 1 Manual-3b

16 32 64 128 16 32 64 128
# of columns # of columns

[EE G —y

Latency (ns)
0O N
Energy
consumption (nJ)
(=]
.

O Comparable accuracy (1% difference)

O Latency increases with the array size

O 1 bit/cell and larger array sizes config consume less energy
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CENTER FOR
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GPU comparison 7

O K-NN: CAM array size is 128x128

C4CAM-3b | 1 C4CAM-2b [ 1 C4CAM-1b+LSH I Cosine-GPU Il Euclidean-GPU

5-?100 S —_ 3 10° I
bl g o =
1y 15
3 = = 102 |-
5 60 2 t5 §
< - o

40 8107

W c wQ
... =CHAIRFOR
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. cfaed
GPU comparison 7

O K-NN: CAM array size is 128x128

C4CAM-3b | 1 C4CAM-2b I 8 C4CAM-1b+LSH I 1 Cosine-GPU Il Euclidean-GPU

Ly ré\ 105

? 100 é 10 -

5 60 2 4 §

é} %0 a 101 |- . . ] g B

B W C WQ °10 W Cc WQ

O 3 bit CAMs achieve GPU comparable accuracy

O Exhibits around 14x less latency

O 5 orders of magnitude less energy

u .CHAIRFOR
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Design space exploration

a

cam-base (optimized for latency), cam-power (optimized for power),
cam-density (optimized for density)

cam-base ' ' cam-density ! ¥ cam-power Il § cam-density+power

—_ ) . . | @ 10 B —_— - i
3 10 é 10 E | a
5 5 | . I ' E10t}
'?g' 1095 L _ g 10° I i ' § - :
84 3 D? I
l -1 | 100 | i B
L e 10 E T T
16 32 64 128 256 16 32 64 128 256 16 32 64 128 256
subarray size (N X N) subarray size (N X N) subarray size (N X N)
. . CHAIRFOR
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. . cfaed
Design space exploration

O cam-base (optimized for latency), cam-power (optimized for power),
cam-density (optimized for density)

cam-base ' cam-density ! ! cam-power [ I cam-density+power

3 10 é 10 B
2 5 - Ewr|
m 3 £ I
L & l | il | | ]_()_1 = = 100 : - |} |
16 32 64 128 256 16 32 64 128 256 16 32 64 128 256
subarray size (N X N) subarray size (N X N) subarray size (N X N)

O cam-power can reduce the power considerably vs. cam-base
ad The latency remains the same

. . . = CHAIRFOR
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Conclusions 7
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Array

have demonstrated great potential = 7
TorchScript Arra Array

Com;l)“arator
Mat Buffer

M
O CAMs, and other CIM designs, C4CAM“ Array
y

.. . = CHAIRFOR
59 Asif Ali Khan, ASPLOS 2024, compen



Conclusions

O CAMs, and other CIM designs,
have demonstrated great potential

TorchScript

CACAM

»

EEEEEEEEE

Mat

Array | | Amay| |

Array m Array

Com;l)“arator
Mat Buffer

O C4CAM bridges the abstraction gap between CAM APIs and high-level

application descriptions

60 Asif Ali Khan, ASPLOS 20 24.
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Conclusions

O CAMs, and other CIM designs,
have demonstrated great potential

TorchScript

CACAM

»

EEEEEEEEE

Mat

Amay| __.

Array| |

Array m Array

Com;l)“arator
Mat Buffer

O C4CAM bridges the abstraction gap between CAM APIs and high-level

application descriptions

O It enables rapid design space exploration
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Conclusions

O CAMs, and other CIM designs,
have demonstrated great potential

TorchScript

EEEEEEEEE

Mat

CACAM | |Amey| ... [Amey) |

» Array ‘ Array

Com:I)"arator
Mat Buffer

O C4CAM bridges the abstraction gap between CAM APIs and high-level

application descriptions

O It enables rapid design space exploration

O Future work: Supporting heterogeneous CAM structures, integrating
C4CAM in CINM, a generalized framework for CINM targets
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Thank you

ioao.lima@1tu-dresden.de

cfaed.tu-dresden.de/ccc-about
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