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PUMA: A Programmable Ultra-efficient Memristor-based Accelerator for Machine Learning Inference

O memristive crossbar
O 2-6 bits per cell vs 1-bit or CMOS(SRAM) = 6x
O cell areais 4F*2 vs 1202 for CMS(SRAM) = 30x
0 Analog MVM 1.34pJop
O ref. RENO DAC15, PRIME ISCA16
O Domain-specific ISA
O large register address space to support memoristive crossbar
O vector width keepsinstruction memory low in spatia architecture
O Hybrid core
O hybrid memrisitive and CMOS
O compiler optimization
O graph partitioning
0 MVM instruction consume high latency
inference energy: skylake, Pascal 0 0 O O O OO

PUMA compiler https.//github.com/illinois-impact/puma-compiler
PUMA simulator https://github.com/Aayush-Ankit/dpe emulate
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FPSA: A Full System Stack Solution for Reconfigurable ReRAM-based NN Accelerator Architecture

O isues
DSe)RAMDDDDDDD DACO ADCO OO OO (Logica View 0 ReRAM OO 0O O
O communication bound
O reliability
O flexibity
0 ReRAM-based VMM (fast), Digital-based others(relatively slow)
O refs. bridge tha gap between neural netwoks and ..., ASPLOS'18
0 FPSA; ReRAM-based processing element
O reduce digital circuit, spiking schema
O fully paralel
O routing = iland-style, like FPGA (ref. mrFPGA)
O system stack: neural synthesizer -> spatial-to-temporal mapper -> place & route

Bit-Tactical: A Software/Hardware Approach to Exploiting Vaue and Bit Sparsity in Neural Networks
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TANGRAM: Optimized Coarse-Grained Dataflow for Scalable NN Accelerators


https://github.com/Aayush-Ankit/dpe_emulate
https://github.com/illinois-impact/puma-compiler

O scaling NN perf.
O use more PEs & more on-chip buffers
O monolithic engine <- low resource utilization, long array busses, far from SRAM
O ->tiled architecture - mostly local datatransfers, easy to scale up/down
O - <- dataflow scheduling ?
O inter-layer parallel
O buffer sharingdataflow -0 0 00000000 - 00000O00O0OO0OO0DOOOOO
o0
O inter-layer pipeline
O pipeline multiple layers, pros: save DRAM B/W, cons: utilize resources less efficiently(long
delay, large SRAM)
O ->fine-grained dataforwarding
O forward each subset of datato the next layer as soon as ready
O require matched access patterns between adjacent layers
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Packing Sparse Convolutional Neural Networks for Efficient Systolic Array Implementations: Column
Combining Under Joint Optimization
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O zero weightsin systolic arrays are wasteful
0 ->columncombining. 90 000 300000
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O ref. Full-stack Optimization for Accelerating CNNs with FPGA Validation, ICS 2019 ?7??

Split-CNN: Splitting Window-based Operations in Convolutional Neural Networks for Memory System
Optimization

O DL facesamemory problem, HBM meomry is expensive
O Accelerator(eg. GPU): 16GB/32GB/..., Host: 512GB/1TB/...
O opportunities enabled by NV-LINK
O ref. vDNN(Rhu, MICRO 49)
O memory profile of training DNN
O Split-CNN
O accuracy drops slowly as we splite degper and into more patches
O bachO0O splitd 000000

0 HMMS s astatic memory planner that detemines the timing of memory allocation, deallocation,
prefetching and offloading
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LightStore: Software-defined Network-attached K ey-value Drives
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0 one ssd per network port, KV interface,
O optimization
O system optimization
O mmemcopy, thread
0 LSM-tree spec. opt
O decoupled keysfrom KV paris, bloom filter
O FTL inHW

SOML Read: Rethinking the read operation granularity of 3D NAND SSDs
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O fewer number of NAND chips-> lower multi-chip parallelism
0 « sigle-operation-multiple-location
0 Partial-pageread 0 1READ OO0 O OO

FlatFlash: Exploiting the Byte-Accessibility of SSDswithin A Unified Memory-Storage Hierarchy
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O HatFlash, byte addressable interface
0 avoid paging
O reducei/o traffic
O reduces dram latency
O draminssd + pcie mmio + opencapi
O ref. FlashMap, ISCA'15 - unifying the memory and storage <- FlatFlash 0 1.6 0 0 0O
0 DRAM OO promote 0 0 OO ->background O 0O O O O ->consistency O O
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A Casefor Variability-Aware Policies for NI SQ-Era Quantum Computers

Oref.qubitd swapO 0O OO0 O0
O not al qubis are created equal
O exploit variation in error rates to improve reliability
[0 assign more operations on reliable qubits/link
O<-SWAPOOOOOOOOO

Tackling the Qubit Mapping Problem for NI1SQ-Era Quantum Devices

O qubit connection limitation
O mapping with SWAP

O heuristic - Zulehner et a., DATE'18, Siraichi et a., CGO'18
O reduce search complexity



O swap-based search

O Prev.: mapping-based search, high complexity - O(exp(N))

0 Proposed: search a SWAP sequence - only consider high-priority qubits - O(N”2.5)
O reversetraversa for init. mapping

O Prev.: random initial mapping

O Proposed: Inspired by the reversibility
O control the parallelism

Noise-Adaptive Compiler Mappings for Noisy Intermediate-Scale Quantum Computers

QagoritmI OO DOOODOOODOO
NISQ Resource constraints

O Low qubits: 5-72

O high gate error rates. 1-10%

0 Qubts hold state for 100us
0 cur.

OO

compile onece per input: more optimization opportunities
reduce program execution time to avoid decoherence
communication/SWAP optimization
Used in IBM, Rigetti, Google compilers
-> NISQ system have ~10x spatial and temporal noise variation!
U proposed: noise-adaptive compilation
O noise variation impacts successes rate

0 noise datais measured twice daly by IBM -

https://quantumexperience.ng.bluemix.net/gx/devices

#1: choose agood initial mapping
#2: coherene-aware sheduling

O influences mapping: choose qubits with good coherence time
O #3: reduce SWAPSs, use low-error rate routes
O ->implement as a constrained optimization
O
O
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Scaffold Program -> LLVM IR Scaff CC -> Optization using zZ3 SMT Solver* -> OpenQASM
*0000000000

https:.//qithub.com/prakashmurali/TriQ

Optimized Compilation of Aggregated Instructions for Realistic Quantum Computers
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O layered approach to quantum compilation
0 GRAPE - GRadient Ascent Pulse Engineering
O how to maximally utilize optimal control? - physical gate decomposition, phisical gate optimization


https://github.com/prakashmurali/TriQ
https://quantumexperience.ng.bluemix.net/qx/devices
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