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Abstract @ As the emerging field of deep learning, implementing deep learning accelerators using
High-level Synthesis (HLS) makes it easier to run low-power and high-performance deep
learning operations on FPGA. An HLS based deep learning accelerator, VTA, 1is the
three—stage—architecture which is designed to run ‘Load’, ‘Compute’ and ‘Store’ modules
sequentially and not allowed to transfer output data to input buffer without DRAM operations.
This results in low utilization of processing elements and high power consumption. In this paper,
we extend ISA (Instruction Set Architecture) of VTA to define ‘MOV’ instruction which transfers
the data of output buffer to input buffer directly and implement it using pure HLS code. As a
result, the proposed ISA and implementation improve the data transferring speed by 184% with
the same FPGA resource usage.
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Fig. 2. VTA’s memory instruction set
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Fig. 3. VTA’s MOV instruction set
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if (insn.generic.opcode == VTA_OPCODE_LOAD) { 25
if (insn.mem.memory_ type == VTA_MEM_ID MOVE) {
for (int 1L = ®; 1 < insn.mem.x_size; i++) {
inp_mem[i][@] = out_mem[i][0]; 20
131

15

{us)

a4 4. MOV I2E=A HLS 54

10
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€7 (tnsn.generic.opcode == VTA_OPCODE_LOAD) { RO L L
1 (insn.mem.memoryitype == VTA MEM ID_MOVE) {
#pragma HLS UNROLL factor:z
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