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GPU FPGA TPU

Analog CMOS (or eNVMs)
~ 10-100 TOPS/W

Conventional computing platforms 
~ 0.1 TOPS/W

Digital CMOS ASICs
~ 1-10 TOPS/W

Compute-in-memory (CIM)

Hardware Accelerators for AI

Floating-point Fixed-point Low-precisionĄ accuracy? 

Â GPU still dominates the training in cloud, FPGA is good for inference for fast prototyping
Â TPU (or similar digital ASIC) is ramping up in cloud as well as edge

Â To further improve energy efficiency (TOPS/W), analog CIM (possibly with eNVMs) is promising 
especially in the edge inference where the model is pre-trained. 

Â CIM chip could also support incremental learning with continuous (possibly unlabeled) new data 
when deployed to the field.
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CIM Basics: Mixed-Signal Compute
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Needs for Early Design Exploration

CIM macro demonstration

Critical Needs: Evaluate system-level multi-macro performance with new synaptic devices 
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NeuroSim: Open-Source Simulator for CIM

https://github.com/neurosim

üPre-RTL simulator for early-stage research

https://github.com/neurosim
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MLP+NeuroSim

(2-layer MLP)

DNN+NeuroSimV1 
(Inference)

DNN+NeuroSim

V2 (Training)

P.-¸Φ /ƘŜƴΣ L95aΩмтΣ 
P.-¸Φ /ƘŜƴΣ ¢/!5Ωму

P.-Y. Chen,S. Yu-!ǆNeuroSim: A 
circuit -level benchmark simulator 
for neuro-jotqjsfe!bsdijufduvsft-Ǉ!
Workshop on Hardware and 
Algorithms for Learning On-a-
chip (HALO) 2015, Austin, TX.

The first appearance:

NeuroSimHistory

·Φ tŜƴƎΣ L95aΩмф 

·Φ tŜƴƎΣ ¢/!5Ωнл

Contributors: 
Pai-Yu Chen, XiaochenPeng
ShanshiHuang, YandongLuo
AnniLu, etc...

Interface w/ PyTorch

Interface w/ PyTorch



....
7

Impact of NeuroSimFamily

Industry R&D
Research Center

University

CURRENT GLOBAL USERS > 300

Resulted in publications 100+
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DNN+NeuroSimMethodologies(Python & C++)
ü End-to-end frameworks for: 1*inference engine [1], 2*online training system [2], 3*3D-CIM design [3]
ü Input parameters related to: device Ą circuits Ą architecture hierarchy and data-flow Ą algorithm
ü Software-hardware co-simulation reports: inference/training accuracy, TOPS, TOPS/W and 

TOPS/mm2

Algorithm accuracy estimation based on WAGE method [4]
Å Hardware-aware quantization for weight, activation, gradient, error, as well as partial sum 

quantization based on ADC precision.
Å Support various network models for CIFAR-10/-100 and ImageNet 
Hardware metrics estimation based on analytic models that are calibrated with SPICE at module-level.
Å Massive options (tech-node 130nm to 7nm, memory device type, RONΣ !5/ ƻǇǘƛƻƴΧύ
Å Analog modules (e.g.ADC) calibrated with Cadence custom simulation;
Å Digital modules estimated with standard cell area and logic gate delay/dynamic power/leakage 

power;
Å Interconnect modules (e.g.H-tree) estimated with parasitic RC delay and power;

ώмϐ ·Φ tŜƴƎΣ Ŝǘ ŀƭΦΣ L95aΩнлмфΤ ώнϐ ·Φ tŜƴƎΣ Ŝǘ ŀƭΦΣ ¢/!5ΩнлнлΤ ώоϐ ·Φ tŜƴƎΣ Ŝǘ ŀƭΦΣ L95aΩнлнлΦ ώпϐ {Φ ²ǳΣ Ŝǘ ŀƭΦ L/[wΩнлму
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Area Estimation

SRAMeNVM
2: Auto-define peripheries

According to the synaptic array 
size 128*128
ĄDefine switch matrix or 

decoder specs (e.g. 7-bit)
According to the wire loading cap
ĄDefine transmission gate (TG) 
size (avoid large IR drop)

3: Other user-defined 
peripheries

e.g. ADC (MLSA/SAR-ADC) User define: 
precision, ADC-mode, ADC-mux-sharing

Align area according to the synaptic array 
(w/ width or height)

1T1R or crossbar ?

1: Get array size
e.g. cell size=4F*4F, 

synaptic array 
size=128*128
Ą Array area = 

(128*4F) * (128*4F)

Assume 
RTG=RON*Droptolerance
(default = 0.1)
Define TG size 
according to RTG

Note
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Latency Estimation

WriteRead

1: RC delay 
(digital block)

Tech-file provides 
temperature-dependent 
ION& IOFFĄ get R(based 
on transistor size)

Similarly, get C (loading 
cap can be wire cap)

1*: Cadence fitting 
function (analog ADC)

Column resistance RCOL 
is calculated based on 
real-trace (mapped 
conductance and input 
vector)

RCOLas input of latency 
fitting function

2: Consider operation 
scheme

Each block needs to 
consider number of 
operations (i.e. T=N*t)

Total latency needs to be 
άңέ ƻǊ άa!·έ ŀŎŎƻǊŘƛƴƎ 
to the operation scheme 
(depends on working in 
sequence or in parallel)
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Dynamic Energy Estimation

WriteRead

1: CV2 dynamic energy 
(array)

Loading wire in array:

E += CWL*Vdd
2*#WLSelected

E += CBL*Vread
2*#BLSelected

E *= #op

2: CV2 dynamic energy 
(digital block)

Assume critical operation 
scheme, count number of 
transistors that need to be 
charged-up;

Sum-up CV2 for all charged-
up transistors;

Also times #op (number of 
operation).

3: Cadence 
fitting function 
(analog block)

Column resistance 
RCOLis calculated 
based on real-trace 
(mapped conductance 
and input vector)

RCOLas input of power 
fitting function

Energy is calculated 
based on latency and 
power fitting function
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DNN+NeuroSimV1 for Inference Engine

·Φ tŜƴƎΣ Ŝǘ ŀƭΦΣ L95aΩнлмфΦ
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DNN+NeuroSimV1 for Inference Engine

Fig. 2 System-level benchmark (VGG-8) with various design options (4-
bit/cell).

Fig.1 Architecture hierarchy of CIM accelerator (defined in DNN+NeuroSimV1.0).

Fig.3 Inferenceaccuracy with different ADC quantization: sweep 
subarray size and cell precision.

Sweep array size & cell precision & ADC precision on 
CIFAR-10 accuracy
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ADC Design Considerations

For partial sum precision larger than 4bit, SAR ADC provides better tradeoffs than Flash ADC

Voltage mode SA
for Flash ADC and SAR ADC

Current mode SA for MLSA

S. Yu. et al. CICC 2020
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Weight Mapping and Duplication

15

Conventional mapping Novel mapping

Input reuse in novel mapping

Weight duplication 
for speed up

X. Peng TCAS-I 2020
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DNN+NeuroSimV1 Reveals Key Factors in CIM
Table 1 Benchmark CIM accelerators on 8-bit VGG-8, across versatile device technologies.

Fig. 1 Energy efficiency as a function of 
computation vs. standby ratio of CIM 
accelerators (across versatile device 
technologies).

ü Desired RON: 100k ~ 1M Ҡ
üŜb±a Ƴǳǎǘ ōŜ άƳǳƭǘƛƭŜǾŜƭέ ǘƻ ōŜŀǘ {w!a Ϫ ŀŘǾŀƴŎŜŘ ǘŜŎƘ-

node
ü For practical eNVM (e.g.Intel RRAM), can out-perform 7nm-

SRAM at edge device (with low compute activity). 
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DNN+NeuroSimV2 for Online Training
ü Extends online training hardware and software analysis
ü Non-ideal weight-update: asymmetry and non-linearity, device & cycle variation

·Φ tŜƴƎΣ Ŝǘ ŀƭΦΣ ¢/!5ΩнлнлΦ
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DNN+NeuroSimV2 for Online Training
ü Transposable synaptic array to support feed-forward & back-propagation (error calculation)
ü Add weight gradient calculation (by SRAM-CIM), need frequent data reload (from DRAM)

* SRAM-CIM for weight 
gradient calculation (need 
frequent data reload)

Fig. 1 CIM architecture supports online training.

Fig. 2 Transposable synaptic array 
support both of feed-forward and 
back-propagation (take example of 
3-terminal eNVM).
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Asymmetry and Nonlinearity in Analog Synapse

ÅAsymmetry makes devices statistically easier to 
converge to the middle range of the conductance than 
approaching Gmaxor Gmin.

ÅFrequent sign flipping causes a large unwanted 
conductance change towards the middle range.
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Online Training: Nonlinearity & Asymmetry

Mommentum optimization: 

Fig. 1 Analysis of nonlinearity and asymmetry (8-bit VGG-8 for CIFAR-10), w/ and w/o momentum optimization. 
Results show at +5/-5, the accuracy is still >80% (w/ momentum optimization).

Ўὡ ὸ ‍Ўὡ ὸ ρ ρ ‍ɇ
‬ὒ

‬ὡ
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Device & Cycle Variation Behavior Model
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Device-to-device variation
introduce different 
nonlinearity (NL). 

Randomly generates NLs to 
different synapse with a 
standard deviation (̀ ) 
respect to the mean NL (˃).

ˋ ˃ Cycle-to-cycle variation
introduce variation in 
conductance change at 
every weight-update.

Express C2C variation 
standard deviation (̀ ) 
in terms of percentage 
of entire weight range.
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Online Training: Device & Cycle Variation

Fig. 1 Analysis of device-to-device 
variation under different non-
linearity, w/ momentum 
optimization. 
Behavior model randomly 
generates NLs to different synapse 
with a standard deviation (̀) 
respect to the mean NL (˃).

Fig. 2 Analysis of device-to-device 
variation under different non-

linearity, w/ momentum 
optimization. 

Behavior model generate variation 
in G change at every programming 

pulse; introduce standard 
deviation (̀ ) in terms of 

percentage of entire weight range.
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Online Training: System Performance

Fig. 16 The data shows the 100th epoch of 
FeFET-based CIM online training accelerator. 
(a) area breakdown by main components; (b) 
latency and (c) energy breakdown by main 
components; (d) latency and (e) energy 
breakdown by operations; (f) peak latency and 
(g) peak energy breakdown by operations. 

FeFET 
[4]

ü ADC (6-bit) & weight gradient units (SRAM-based) 
dominant in total area

ü Buffer latency & DRAM energy is the bottleneck of 
performance

üWeight gradient computation is the bottleneck in 
the entire learning (require frequent DRAM access)
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DNN+NeuroSimV2 Key Insights 

(1) Ron still plays important role to 
ŀŎƘƛŜǾŜ ōŜǘǘŜǊ άǇŜŀƪέ ǇŜǊŦƻǊƳŀƴŎŜ

(2) When write pulse width is long (> 1 us), 
the weight-update will affect the 
throughput (batch-size=200)

(3) Desired nonlinearity: below +3/-3; cycle-
to-cycle variation: <1%; to guarantee 
learning accuracy

(4) 7nm Parallel-SRAM shows superior performance; while 
FeFET is a promising synaptic device to achieve high-
performance CIM training architecture

(5) DRAM access dominates the overall energy consumption, 
resulting in ~2 TOPS/W regardless of device technologies
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NeuroSimValidation with Real Chip Implementation

0.5mm

0.5mm

After calibration, the prediction with post-layout simulation error rate is less than 2%. 

CIM RRAM at TSMC 40nm
ό²Φ [ƛΣ Ŝǘ ŀƭΦ /L//Ωнлнмύ Adjustment factors 

introduced to 
calibrate:
Å transistor sizing
Åwiring area
Ågate switching 

activity
Åpost-layout 

performance drop

A. Lu, et al. AICAS 2021
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NeuroSimExtension Roadmap

Reconfigurable 
NeuroSim[p1]

Monolithic 3D 
NeuroSim[p2]

Heterogeneous 
3D NeuroSim
[p3]

Cryogenic 
NeuroSim[p4]

3D NAND 
NeuroSim[p4]

[p1] A. Lu et al., T-VLSI, 2021 & DATE 2020
[p2] X. Peng et al., IEDM, 2020
[p3] X. Peng et al., TED, 2021
[p4] P. Wang el al., ISCAS, 2021
[p5] W. Shim et al., EDL 2021

One custom chip 
supports various 
DNN models that 
may have larger on-
chip memory 
capacity than the 
chip could hold 

3D stacking with multi-
tier memory 
interleaved with logic-
tier by hybrid bonding 
and micro-TSV. 
Thermal modeling 
supported 

Monolithic 3D 
partition between 
memory at legacy 
node with BEOL 
oxide transistors 
and peripheral 
logic at advanced 
7nm node 

77K and 4K cryogenic 
transistor technology 
files calibrated for 
data-center computing 
and quantum 
peripheral control

3D NAND based 
architecture for GB-
level model for 
language, graph, 
genome,and
recommendation 
system.
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Reconfigurable CIM Design 
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Monolithic 3D
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Heterogeneous 3D
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ü TSV and hybrid bonding for 5-tiers
ü¢ǿƻ {ŎƘŜƳŜΥ ά[ŀȅŜǊ-by-[ŀȅŜǊέ ǾǎΦ άtƛǇŜƭƛƴŜέ
ü SRAM: both logic and memory tier @ 7nm
ü RRAM: 2-ōƛǘκŎŜƭƭΣ whb ƛǎ сƪʍ όƻƴκƻŦŦҐмрлύΣ ƳŜƳƻǊȅ ǘƛŜǊ 

@ 22nm, logic tier @ 7nm
ü¢{± ŘƛŀƳŜǘŜǊΩǎ sweet spot: 1~3um

X. Peng et al., TED, 2021
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Cryogenic NeuroSim
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3D NAND based GB model
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Examples of Running DNN+NeuroSimV1.3 
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ÅNeuroSimcore: device features in param.cpp

ÅType:

ÅSRAM:

ÅeNVM:
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Examples of Running DNN+NeuroSimV1.3 
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ÅNeuroSimcore: circuit features in param.cpp

ÅTechnology:

ÅSub-array size:

ÅADC type/sharing/resolution:



....

Examples of Running DNN+NeuroSimV1.3 
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ÅPython wrapper that interfaces with PyTorch
Åtrain.py (optional): some pre-trained models provided to skip training

VGG-8 for CIFAR-10, DenseNet-40 for CIFAR-10, ResNet-18 for ImageNet

Åinference.py: accuracy estimation w/ hardware effects

Model/dataset/mode

Resolution

Hardware properties

Nonideal effects

(variation, retention)
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Examples of Running DNN+NeuroSimV1.3 
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ÅOptional: self-defined network models
Å/ǊŜŀǘŜ ȅƻǳǊ ƻǿƴ ŦƛƭŜ ƛƴ άƳƻŘŜƭǎέ ŦƻƭŘŜǊΥ wŜǇƭŀŎŜ ƴƴΦ/ƻƴǾнŘ κ nn.Linearas QConv2d / QLinear

Åmake_layersfunction (just call it, no need to change)


