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[Abstract]

Deep learning with faster and more accurate results requires large amounts of storage space and
large computations. Accordingly, many studies are using hardware accelerators for quick and accurate
calculations. However, the performance bottleneck is due to data movement between the hardware
accelerators and the CPU. In this paper, we propose a data prefetch strategy that can efficiently reduce
such operational bottlenecks. The core idea of the data prefetch strategy is to predict the data needed
for the next task and upload it to local memory while the hardware accelerator (Matrix Multiplication
Unit, MMU) performs a task. This strategy can be enhanced by using a dual buffer to perform read
and write operations simultaneously. This reduces latency and execution time of data transfer. Through
simulations, we demonstrate a 24% improvement in the performance of hardware accelerators by

maximizing parallel processing with dual buffers and bottlenecks between memories with data prefetch.
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I. Introduction
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3. High Bandwidth Memory(HBM)
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4.2 Data Compressed
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III. The Proposed Scheme
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3. MMU Module
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3.2 Data Prefetch Module
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s //
ISM_READY / \ J
Prefetch_addr X__CIFM pre addr )} CKM pre addr X pre_addr. ¥ Z i /)i
ISM_START / \ /
input_data 8 CIFM X CKM ¥ 7 7 )
input_pos 7 Z CIFM_pos X CKM_pos ¥ 227777 72777 17277
Data_END it I X Ji
Read_done [_\ f—\ //
CIFM_valid_out £ 1 1 1 1 6 I
CKM_valid_out A TR el B B /
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CIFM_data_out 7

X CIFfM_data_ouwt W77 7
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777 CKM_pos_owt Y 01,

CKM_data_out

7Z7X__CKM _data out Y7 7/}

end_sig

/Y A I

ism_end

/A L |

Fig. 7. Data Prefetch Module Timing Diagram
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3.3 AZS Module
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3.4 MAC Module
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CIFM data
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AZS MAC

KM Non-zero position
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Fig. 8. All Zero—Skipping

Algorithm 1 AZS B & Pseudo-code

LT: for(x = 0; x < CIFM_NZP ; x++)

L2 :
L3:
L4 :
L5 :

for(fory = 0; y < CKM_NZP; y++)
if(CIFM_NZP ==
CIFM_Data_out = CIFM[x]
CKM_Data_out = CKMy];

CKM NZF)

Fig. 9. AZS Module Pseudo—code

4. Data set
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Fig. 10. Fine—grain pruning
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input 313 kernel
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Fig. 11. Stride Data
Table 1. Comparison of Data Prefetch and Non-Data Prefetch results
Average Average
number of processing Result Average Performance
operations time accuracy Improvement
Data Prefetch 14,974,554 1,935,418.75 7.7 byte/ns 100% =
byte ns
Non-Data 14,974,554 1,556,915.00 9.6 byte/ns 100% 24%
Prefetch byte ns

CIFM} CKM dlo]ejgre chea
Epd 2 9ok

24 (2), (3) apo] 1

CIFM = CIFM Width=CIFM _Heights (2)
CIFM Depth
CKM=CKM Width=CKM Height+ (3)

C KM _Depth

IV. Performance Analysis
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ol B MRAREE e golc. ol BF et 4k
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V. Conclusion
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