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Evaluation results

Family Method Shortcomings

Resource duplication Wider links[1] Large area overhead

Muliple planes[2]

Multiple routers[3]

Resource reuse Channel reuse [4] Limited impact on FC layer 

traffic patternBuffer sharing [5]

𝑌𝑁𝑜𝑢𝑡 = 𝑊𝑁𝑜𝑢𝑡×𝑁𝑖𝑛 × 𝑋𝑁𝑖𝑛

Techniques for Bandwidth Optimization and Latency Reduction in NoCs

FC latency in clock cycles FC dynamic energy in (µJ)
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CLB LUTs 2064 2137 290810 339549

Flip Flops 1142 1146 158620 164996

❖ Synthesis

❖ Data propagation results

❖ Integration into an AI dataflow accelerator

Execution time breakdown of FFN layers of DeiT-S on 16x16 and 64x64 configurations of the accelerator[6]

Execution time of FFN layers of ViT-Base on 

baseline NoC, HT-NoC and ME-ViT[7]

Execution time of FFN layers of the transformer model on 

baseline NoC, HT-NoC and the transformer accelerator[8]

Synthesis results on Versal XCVC1902 FPGA at 100MHz

❖ Comparison with SoA accelerators

Normal mode

HT mode

HT router connections HT router architecture

Higher bandwidth utilization Higher resources utilization

Motivation

Layer Mapping

Related works

❖Operating modes ❖ HT router

CONV layer mapping in 2D mesh
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Add limited amount of 

logic to fully reuse all 

available router 

resources

HT-NoC

Strategy

Execution phases of FC and CONV layers

𝑌𝑁𝑜𝑢𝑡: Output neurons vector

𝑋𝑁𝑖𝑛 : Input neurons vector

𝑊𝑁𝑜𝑢𝑡×𝑁𝑖𝑛 : Weight matrix

• Found in many AI models

• FFN blocks of transformers

• Classification layers of CNNs

• Bandwidth bound

• Propose High Throughput 

Network-on-Chip (HT-NoC) : a 

reconfigurable NoC to accelerate 

FC layers execution.

• HT-NoC shows promising results

for some CONV layers also.

FC layer

2.7x acceleration 3x acceleration

❖ Communication phases
Phase FC layers CONV layers

Comm. Type Mode Comm. type Mode

Input neurons propagation Broadcast Normal Diagonal multicast HT

Weight propagation Unicast HT Horizontal multicast Normal

Computation No communication

Output neurons collection Unicast Normal Unicast Normal 

Execution phases of FC and CONV layers

• Normal mode : bandwidth evenly distributed across all output ports

• HT mode : all available bandwidth is allocated for West-to-East communication

• HT blocks switch from one operating mode to another 

• HT mode : router ports and internal resources uitlization are 

maximized

• Post-implementation simulation

• FC layers       : 4x acceleration and 2.75x energy reduction

• CONV layers : overall performance depends on the layer. Better results on early layers

• HT-NoC : +17% LUT usage compared to mesh NoC (12x12 configuration)

• HT-NoC : acceleration of weight propagation phase => Better overall performance


