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NN Architecture and Hardware Development Cost
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* Large variety of NN architectures

* Rapidly evolving
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[1] S. Hashemi et. al. "Understanding the impact of precision quantization on the accuracy and energy of neural networks," DATE 2017
[2]_https://www.researchgate.net/figure/Chip-Design-and-Manufacturing-Cost-under-Different-Process-Nodes-Data-Source-from-IBS _figl 340843129
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NN Architecture and Hardware Development Cost
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Rapidly evolving

Increased HW development cost
- reconfigurable solution
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Operand Precision Scaling
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[3] https://www.researchgate.net/figure/Number-of-parameters-ie-weights-in-recent-landmark-neural-networks1-2-31-43 figl 349044689
[4] P. C. Knag et al., “A 617-TOPS/W All-Digital Binary Neural Network Accelerator in 10-nm FinFET CMOS,” IEEE J. Solid-State Circuits (JSSC), 2021.
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 Deployment on edge devices = Quantization

* Operand width |
e MAC HW superlinearly ||
* Overhead (sub)linearly |

e Efficient data reuse + minimized data movement
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Transport-Triggered Architecture
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Transport-Triggered Architecture

su | [ Aw | [RF| | cu |
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+ Compile-time configurable - flexible schedule

+ Exposed datapath - RF bypassing
+ Exposed datapath - Operand sharing
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BrainTTA: Toolchain and System
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* OpenASIP, retargetable [1]

* LLVM-based compiler

* |SA simulator

 HDL Database - custom units
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BrainTTA: Toolchain and System
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Design Flow Architecture design:
* OpenASIP, retargetable [1] * Tech: GF 22nm FDX
* LLVM-based compiler * RISC-V + peripherals
e |SA simulator  DMEM/PMEM split + banked access
« HDL Database = custom units * IMEM + HW loopbuffer
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BrainTTA: TTA Core
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BrainTTA: TTA Core
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BrainTTA: TTA Core
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Application Mapping

Quantized NNs =2
OS schedule

Output feature map height
Output feature map width
Ouput channels

for h in [0, H- R + 1]:
for w in [0, W - S + 1]:
for m in [0, M]:
accu = bias[m]
for ¢ in [0, C]:
for r in [0, R]: Kernel height
for s in [0, S]: Kernel width
accu += in[h+r][w+s][c] = wlc][r][s][m]
output[h][w][m] = act_function (accu)

Input channels
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Application Mapping

Quantized NNs =2
OS schedule

Loop tiling
Loop interchange

Output feature map height
Output feature map width
Ouput channels

for h in [0, H- R + 1]:
for w in [0, W - S + 1]:
for m in [0, M]:
accu = bias[m]
for ¢ in [0, C]:
for r in [0, R]: Kernel height
for s in [0, S]: Kernel width
accu += in[h+r][w+s][c] = wlc][r][s][m]
output[h][w][m] = act_function (accu)

Input channels

Output feature map height
Output feature map width
Ouput channels (vy; = 32)

for h in [0, H- R + 1]:
for w in [0, W - S + 1]:
for m in [0, M/32]:
accu = bias[32:xm)]
for ¢ in [0, C/4]:
for r in [0, R]:
for s in [0, S]:
for tm in [0, 31]:
for tc in [0, 3]:
accu += in[h+r][w+s][4xc+tc ]
* W[dzc+tc [[r][s][32+m+tm ]
output[h][w][m] = act_function (accu)

Input channels (vc = 4)
Kernel height
Kernel width
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Application Mapping

for h in [0, H - R + 1]: Output feature map height

for w in [0, W - S + 1]: Output feature map width

for m in [0, M/32]: Ouput channels (vyr = 32)
accu = bias|[32+m]

for ¢ in [0, C/4]: Input channels (vo = 4)

for r in [0, R]: Kernel height

for s in [0, S]: Kernel width

for tm in [0, 31]:
for tc in [0, 3]:
accu += in[h+r][w+s][4*c+tc]
* wW[dsxc+tc][r][s][32+m+tm ]
output[h][w][m] = act_function (accu)
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Application Mapping Kernel
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Application Mapping Kernel
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Application Mapping

Kernel
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Post-layout Energy Consumption [GF 22nm FDX]

8-bit Convolution
E =405 fJ/op

14.1%

" PMEM ® IMEM #© DMEM ® Loopbuffer DMEM LSU PMEM LSU = IC vRF TTA other RISC vMAC

BrainTTA: A 28.6 TOPS/W Compiler Programmable Transport-Triggered NN SoC Operating conditions:TT corner,, T=25 °C, Vdd=0.5V
IEEE ICCD 2023 Conv params:W=H=16, M=C=128, R=5=3 21



Post-layout Energy Consumption [GF 22nm FDX]

8-bit Convolution
E =405 fJ/op

14.1%

" PMEM ® IMEM #© DMEM ® Loopbuffer DMEM LSU

Binary Convolution
E =35 fl/op

5.69%

8.53%

8.07%
5.68% 16.5%
5.74%
3.29%" 2.87%
L5.79%
17.3%
20.6%

PMEM LSU = IC vRF TTA other RISC vMAC
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Comparison to SotA

Eyeriss v2 XNE SamurAl XPULPNN Dustin This work
Tech 65nm 22nm 28nm 22nm 65nm 22nm
Progamm Configurable ASM ASM Compiler Compiler Compiler
ability
Energy 252 GOPS/W(8b)' 1.3 TOPS/W (8b) | 2.2 TOPS/W (8b) 606 GOPS/W (8b) 2.5 TOPS/W (8b)
efficiency 6.1 TOPS/W (2b)| 2304 GOPS/W (2b) 14.9 TOPS/W (T)
8.7 TOPS/W (1b) 28.6 TOPS/W (1b)
Memory 246 520 464 640 80 10242
Cap. [kB]
Area Eff. 5.5 (8b)3 0.6 (8b) 21.7 (8b) 0.9 (8b) 25.8 (8b)
[GOPS/m 70.7 (2b) 3.46 (2b) 103.0 (T)
m2] 28.9 (1b) 206.0 (1b)

*after technology scaling

TAverage on AlexNet.
2Excluding instruction memory.
SArea estimated using gatecount diff. EyerissV1, EyerissV2.

BrainTTA: A 28.6 TOPS/W Compiler Programmable Transport-Triggered NN SoC
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Programmable vs. Fixed-Function Trade-off

* Programmable
architectures
* Fixed-function

* Spatial loop unrolling
* Fixed FM/weight bufferring

Energy efficiency (TOPS/W)

Area efficiency (TOPS/mmA2)
© Dustin, 650m, 0.8V, [18]

B xpPULPNN, 220m, 0.6V, [17)

O SamurAl, 28nm, 0.45V [20]

“ XNE, 22nm, 0.6V [19]
BrainTTA, 22nm, 0.5V

B Eyeriss V2, 65nm, [21]
@ CUTIE, 22nm, 0,65V, [23]
O Knag et al, 10nm, 0.37V, [14]

© CchewBaccaNN, 22nm, 0.4V, [22]
(3x3 kernel)

BrainTTA: A 28.6 TOPS/W Compiler Programmable Transport-Triggered NN SoC
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BrainTTA - Conclusion

>

* Efficient and flexible NN inference engine:
* Mixed-precision
* Compile-time reconfigurable
« Eff: 2.47 /14.9/ 28.6 [TOPS/W]
* Throughput: 77 / 307 / 614 [GOPS]

1725um

jg!'géj_illijrl_li_;ﬂﬂi
e Superlinear energy eff. scaling ) MEMIMEM
* 8-bit — ternary: x5.96 1730um
* 8-bit — binary: x11.4
BrainTTA: A 28.6 TOPS/W Compiler Programmable Transport-Triggered NN SoC 26
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