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Abstract: Network-on-Chip (NoC) devices have been widely used in multiprocessor systems. In recent years, NoC-
based deep neural network (DNN) accelerators have been proposed to connect neural computing devices using NoCs. Such
designs dramatically reduce off-chip memory accesses of these platforms thus reduce the accelerators’ classification latency
and power consumption. However, the large number of one-to-many packet transfers significantly increase the communica-
tion latency with traditional unicast channels. We proposed a multicast mechanism for resource-constrained noc-based deep
neural network accelerators (MRNDA) to compute large DNN models by using limited number of processor elements
(PEs). This paper proposes a tree-based multicast acceleration network to decrease the communication latency of DNN ac-
celerators. Simulation results show that, compared with the baseline method, the multicast mechanism proposed in this pa-
per reduces the classification latency of the accelerator by up to 86.7% and the communication latency by up to 88.8%,
while its router’s area and power only account for 9.5% and 10.3% of the baseline routers.
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hy PE QnAn] AR 55 8 A 26 28 T-15 5 1 D AR
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I \: array<int> neural_network_size, int curreni_layer, int MPC,
int local_id

1 bool hands_up_signal

hands_up_signal = true

1. IF (neural_network_size[current_layer] < MPC) THEN

2 IF (local_id > neural_network_size[current_layer]) THEN
3 hands_up_signal = false

4 ELSE

5. hands_up_signal = true

6 ENDIF

7 ELSE

8

9

ENDIF
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WAL S i, 25 buffer 25, W 2847 2 buffer H .
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A g AR AL B 52 BR | Controller 23 B flit 7 FH 1Y
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AL S % T Noxim ™ Wy i v 2% 19 98 T 07 o0, 78
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TR T, P 3 B T S 9 s A S A
&6 JEE 7R 1 MRNDA i 1 i & 26 i 1 142 30 11 22 [A]
WfR 54k . Kkt 1215 56l i buffer_info iy 2T
FE U H buffer FARZSAR B, #5300 H buffer JE25
A flit 77 2 26 ) 2338 1 R tx_req {7 5 1M 45404
i 0 Kk AB S (i IR . T ik vm 0 ,Ix_req TEH
T kAL flit AR R A5, F2 080 1138 8 rx_req Y )
AW 3 2R 5 2= FF )3 buffer M flit_channel _tx 77352 BY flit,
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| Routing Info ‘ Control Info | Data |
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(44bits) | Address (16 bits) | Control Info (12 bits) | Data (16 bits) |
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75.6% , MRNDA 77 % . BASE 77 % 1 43 25 1E 32 AKX T
86.7% ,85.4% F181.6%. 1iif MRNDA A [t XY-Tree 7E 3 il
AN TR i 22 2% v i A 2 E SR BEAIR T 21.3%, 18.7%,
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