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FEMFRTERARRAARR . SRERRZERGEEFNPERZRITERARSH
FAEIARR. BRSERZEFRHFRERE 7 —R5EEEE ISA NEZE. R,
Z ZEEMAINEEF I AR Cambricon-F, HRAIRE THRENE, iLARIR
FEEEREN. ZF—REG, JURER—EFRIR. B—ER4%, E7E—
EERF, NMmRAXIRES 7SS T ENATIERER .,

Zhao, Yongwei & Du, Zidong & Guo, Qi & Shaoli, Liu & Xu, Zhiwei & Chen,
Tianshi & Chen, Yuniji. (2019). Cambricon—-F.: machine learning computers
with fractal von neumann architecture. Proceedings of the 46th International

Symposium on Computer Architecture.

Level O (top) Level N (leaf node)
Controller Controller
Local instructions ﬁacltcal instructions
l ¥ ¥ ¥
EFU FFU FFU .. FFU
L = 3
Level i - Level i+1 -~
- local  Controller - local  Controller
— instructions S — instructions
fractal instructions | fractal jnstructions
I —— " —
LFU <« FFU -  FFU LFU «, | FFU +-  FFU
LFU < FFU .. FFU | LFU< FFU .. FFU

A typical fractal von Neumann architecture: level O (top node) ... level i node and its son
node in level i+1 ... level N (leaf node).
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ERAZHE . BRARERE—XSIEEAZNRRR. SREFHERBEEFET
MoS2 A ENXRRTRILSLIL T 2 TTAISRARINAE, £ XUMIR R IAE SR MoS2
FRMERBIE, BT FERABRIRNES, MoS2 A TTLURZENEETT. SMMEn
A MOSFET, IMlAMZFSHRERITPNERAN, HARRTEWHEISESR
RIETEITHIBRL R

Bao, Lin & Zhu, Jiadi & Yu, Zhizhen & Jia, Rundong & Cai, Qifeng & Wang,
Zongwei & Xu, Liying & Wu, Yanging & Yang, Yuchao & Cai, Yimao &
Huang, Ru. (2019). Dual-Gated MoS2 Neuristor for Neuromorphic Comput-
ing. ACS Applied Materials & Interfaces. 2019.
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Band Structure

The band structure and density of states (DOS) of intrinsic MoS2
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RZ RS, o BT SHR A SNSRI B,

Xumeng Zhang, Ye Zhuo, Qing Luo, Zuheng Wu, Rivu Midya, Zhongrui
Wang, Wenhao Song, Rui Wang, Navnidhi K. Upadhyay, Yilin Fang, Fatemeh
Kiani, Mingyi Rao, Yang Yang, Qingfei Xia, Qi Liu*, Ming Liu*, J. Joshua
Yang*. An Artificial Spiking Afferent Nerve Based on Mott Memristors for

Neurorobotics. Nature Communications 11, 51(2020).
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SNS scheduling process
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BRERZEHE. §ERRIGOETIBEEAFRIHE. SEEFEHNEREBESFELEGX
BIFT IR L T — e B etS R RZIRNN BREFAT REEZ2MNT RAURERS
A REREMELAIH A IBEE S Spread—n—Share (SNS), iZF%RiEEBEm

W& RZRNFARFES SR E 248 o FLUEMREFAIMESRIN, FISRIEELMI
R EF RN S, LI TIIE SNS fY/RENEESE Uberun, 1287 19.8%

MRARRRELE, BRI T FY 1.8% HIRESIE.

Xiongchao Tang, Haojie Wang, Xiaosong Ma, Nosayba El-Sayed, Jidong
Zhai, Wenguang Chen, Ashraf Aboulnaga. Spread-n-share: improving
application performance and cluster throughput with resource—aware job
placement. In Proceedings of International Conference for High Performance

Computing, Networking, Storage, and Analysis (SC), 2019.

Job queue sorted by priority QQQQO A A HME

Scheduling point

SNS scheduling process
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SNS scheduling process
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KIRE T EHBALIBAEEER ANN 5 SNN SrENKERE, HESRIETE
B LSRN/ BERNEES, KMPEESRFIALERERAGE (B2) IEXEH
R o

Jing Pei, Lei Deng, Sen Song, Mingguo Zhao, Youhui Zhang (% @ — 1€ ),
Shuang Wu, Guanrui Wang, Zhe Zou, Zhenzhi Wu, Wei He, Feng Chen, Ning
Deng, Si Wu, Yu Wang, Yujie Wu, Zheyu Yang, Cheng Ma, Guogqi Li, Wentao
Han, Huanglong Li, Huagiang Wu, rong Zhao, Yuan Xie, Luping Shi. (2019) To-

wards artificial general intelligence with hybrid Tianjic chip architecture. Nature.
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ERAZFEHE . BERRIFZERNFEXZHE. SRARIFE—FEXEL
ETFRERWF IR CCGRA FIEREMREIIILIRA, 5 CGRA £/ DFG BRI/
WHBMFIPINE, ZBRSZBIRBRIRITHIRE NS, BENGET
RN, LIRERKR, 20 EZNMSIRESEFNEAAEEEE, TLUEN AR
AOTR 451, BREIRIEINEN.

Dajiang Liu, Shouyi Yin, Guojie Luo, Jiaxing Shang, Leibo Liu, Shaojun Wei,
Yong Feng, and Shangbo Zhou. Data-Flow Graph Mapping Optimization for
CGRA with Deep Reinforcement Learning. |EEE Transactions on Comput—

er—Aided Design of Integrated Circuits and Systems (IEEE TCAD), 2019.

Observation: Mapping state

Action: PE Interchange

Reward: validity and quality

An overview of RL based DFG mapping on CGRA
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(a) A general CGRA architecture  (b) A registered routing (c) Anunregistered routing
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EXZFRIHE. BRFFERERITFEFEIXIELS Caffe HESE L AT KR
BEMEGE FPGA £, SEMTMFLIRITEMUEZEFAIMEE, KET EHRW
F5IKE, FIXIS TCAD 2019 RfFEIEXE,

Chen Zhang, Guangyu Sun, Zhenman Fang, Peipei Zhou, Peichen Pan,
Jason Cong. Caffeine: Towards Uniformed Representation and Acceleration
for Deep Convolutional Neural Networks. IEEE Transactions on Comput-—
er—Aided Design of Integrated Circuits and Systems , Vol. 38, No. 4 (IEEE
TCAD), 2019.
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[Design space exploration for FCN input-major mapping under various batch and kernel sizes
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(a) Design space in CTC ratio (b) Design space in revised roofline model  (¢) Comparison of original, revised roofline mod-
els and on-board test results

[Design space exploration for FCN weight-major mapping under various batch and kernel sizes
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