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Figure 1.0: A majority of modern computing systems rely on SRAM for fast on‐chip memory resources physically close
to compute resources (green), rely on additional off‐chip (red) memory resources with increased density (e.g., DRAM)
during computation, and also incorporate higher‐capacity, non‐volatile memory sources for permanent storage, as
described in Section 1.0.0.
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Figure 1.1: A memory array is comprised of a set of banks (left), each of which in turn may exhibit a hierarchical organi‐
zation into mats and sub‐arrays. Within each sub‐array, there is additional periphery circuitry to read and write data in
and out of a set of memory cells (right), adapted from60,62.



Figure 1.2: For a small (8KB) SRAM array under two different organization choices (simulated using NVSim62), different
memory organization choices impact the area efficiency, latency, and energy of access. Organizing the 8KB array as a
single bank (Area‐optimal) requires less area, while using 16 smaller sub‐arrays (the read‐energy‐delay‐product‐optimal
(ReadEDP) choice) drastically reduces energy and latency of access at the cost of additional periphery circuitry and
routing from sub‐array to port. The energy and latency per access can be further broken down into the contributions
from individual architecture components, as labeled in Figure 1.1.
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Figure 1.3: Two common types of neural network layers, either fully‐connected (left) or convolutional (right) can be
summarized as operations on an input ( ) using trained parameters referred to as weights ( ) to produce a transformed
output ( ), adapted from193,192.



















Figure 1.4: Number of ISSCC, VLSI, and IEDM papers published per eNVM technology, 2016‐2020, showing sustained
interest in RRAM, STT, and emerging interest in ferroelectric‐based devices, taken from185.





Table 1.0: Characterization of several example non‐volatile memory arrays circa 2017, adapted from183.



Figure 1.5: Characterization of published and extrapolated eNVM proposals comparing area and read latency for a fixed
capacity (4MB) using read‐energy‐delay‐product‐optimized results from NVSim62; section and citation numbers are to
references in original publication context, taken from183.



Table 1.1: High‐level listing of memory cell technologies and ranges for key characteristics; recent publications are
complemented by simulation and industry references to form technology cell definitions discussed, indicated by [X],
though some emerging technologies have limited available data for certain metrics, indicated by ‘‐’ , adapted from185.



Application

System / 
Architecture

Hardware / 
Devices

Image Processing (e.g., 
Object Tracking, Medical 
Imaging) via Deep Neural 

Network Inference

● fault tolerance 
● latency constraints
● high storage required

DNN Accelerator in a Mobile 
SoC or embedded device

● energy efficiency
● limited device size and 

on-chip resources
● datatype and format

Multi-level-cell, embeddable 
non-volatile memory 

technologies (MLC eNVM)

● variable fault rates
● poor write characteristics
● non-volatility
● high storage density

(a) Simplified 
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(b) Example 
Research Interests

(c) Important 
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Figure 1.6: The optimizations and opportunities, as well as the design methodologies and frameworks, proposed in
the following chapters both expose and exploit the interdependent nature of design choices at the memory device,
architecture, system, and application level of the computing stack.
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Figure 2.0: Given a trained and quantized DNN model, Ares can simulate the impact of transient and static fault models
on DNN execution, resulting in concrete application‐level impacts (e.g., image classification accuracy) under varying fault
rates, adapted from193.
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Figure 2.1: Ares is an application‐level fault injection framework for simulating both static and dynamic fault models,
incorporated in program execution either during evaluation or off‐line during model construction, taken from193.
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(a)MNIST‐FC
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(b)MNIST‐LeNet5
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(c) TiDIGITS‐GRU

10�9 10�7 10�5 10�3 10�1

Bit Error Rate

0

25

50

75

100

C
la

ss
ifi

ca
tio

n
Er

ro
r(

%
)

Q 3.13

Q 2.10

(d) CIFAR10‐AlexNet
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(e) ImageNet‐ResNet50
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(f) ImageNet‐VGG16

Figure 2.2: The tolerable bit‐error‐rate (BER) before classification accuracy degrades (marked by vertical, dashed lines
per model) varies per DNN and per quantization choice, taken from193.
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Figure 2.3: Sign‐magnitude encoding results in models tolerating up to 10× higher bit error rates (BERs) than two’s
complement, nearly matching the effect of oracle protection of the sign bit, taken from191.
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Figure 2.4: Mean and min/max (indicated by shaded region) classification error across 20 instances of VGG12 trained
on CiFar10 for varying BERs and different data encodings (two’s complement, 2c, and sign‐magnitude, SM). SM exhibits
slower degradation and lower variance, visible as a smoother curve, taken from191.
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Figure 2.5: Test chip die photo and column schematic for Charge‐Trap‐Transistors (CTT), adapted from183,157.



Figure 2.6: For programmed MLC‐CTT test devices, we measure the distribution in current corresponding to each pro‐
grammed level across voltage (left) and at fixed 0.8V (right), adapted from183,157.
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Figure 2.7: For a generic multi‐level‐programmed cell (MLC), each level can be represented as a gaussian, and the prob‐
ability of mis‐reading a programmed value corresponds to the overlap or intersection of adjacent programming distribu‐
tions, labeled as , adapted from60.
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Figure 2.8: At a memory array level, the programmed level per MLC device correlates to a current value in a fixed, pro‐
grammable range, and is directed to sensing circuitry for read‐out, adapted from60.
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Figure 2.9: Example schematic for a sensing circuit for multi‐level programming (left), highlighting the relative size of
M1/M2 as a determinant of fault rate, and simulated fault rate results for 3‐bit MLC programming including ADC (right),
plus application‐level impact on ResNet/CiFar10 image classification error, adapted from183.
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Figure 2.11: Area reductions for fixed‐point NN weights, with no loss in DNN accuracy, for MLC‐CTT storage vs. on‐
chip SRAM, adapted from60.



Table 2.0: For each model, we report the quantization (Q) in the form integer.fractional bits, the number of clusters, and
the configurations for each encoding scheme: fixed‐point (FxP), clustered (C), and pruned & clustered (P+C). For VGG16,
the two values of number of clusters, config, and level map given represent the values for CNN layers vs. FC layers,
respectively, adapted from60.
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Figure 2.12: Area reductions for clustered NN weight values, with no loss in DNN accuracy, for MLC‐CTT storage vs.
on‐chip SRAM, adapted from60.
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Table 2.1: DNN models for MaxNVM evaluation including baseline classification error, computed error bound, and
storage requirements under varying quantization and encoding schemes, taken from183.
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flip errors can be catastrophic in the BitMask structure by resulting in mis‐assigned data values to the entire remaining
matrix during reconstruction, but lightweight counters can prevent faults from propagating to preserve task accuracy by
periodically synchronizing the index into the vector of non‐zero data values, taken from183.





Figure 2.14: Introducing sparse encodings will have a direct impact on the resilience of our stored values. Existing,
well‐established schemes to mitigate the impact of faults are effective in the context of detecting and correcting eNVM‐
related faults for DNN inference execution, but a lower‐overhead proposed technique (IdxSync) offers a compelling
alternative, taken from183.



Figure 2.15: The storage strategy in terms of data format, sparse encoding, and MLC programming varies per layer for
each DNN studied, with lightweight error mitigation via IdxSync corresponding to the lowest number of memory cells
required for several models by enabling use of MLC‐3 at no loss in applicaiton‐level accuracy, taken from183.
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Figure 2.16: (a) FeFET device schematic; (b) Transfer characteristics of a FeFET device in 8 different resistance levels for
3‐bit‐per‐cell (MLC‐3) programming, adapted from204.
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Figure 2.17: (a) AND array memory architecture highlighting a single FeFET NVM cell; (b) Customized multi‐level sensing
circuit for four programmed (2‐bit) MLC, taken from204.
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Figure 2.18: ADC quantized levels with variation as a Gaussian function with 3 deviation of 5% and target currents for
3‐bit FeFET MLC, taken from204.
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Figure 2.19: (a) Proposed write‐verify programming schematic; (b) Example of pulse by pulse level tuning process of an
individual FeFET device into the target range, taken from204.



Single  Pulse

Write-verify

(a)

(b)

200 Domains

200 Domains

50 Domains

50 Domains

Single  Pulse

Write-verify

(a)

(b)

200 Domains

200 Domains

50 Domains

50 Domains

Figure 2.20: (a) Current distribution of 2‐bit FeFET MLCs with single pulse programming for 1500 cells; (b) Current
distribution of 2‐bit FeFET MLCs with write‐verify programming for 1500 cells, taken from204.
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Figure 2.21: Shmoo plot of maximum read fault probability as a function of cell size and bits per cell for single pulse vs.
write‐verify programming, colored according to whether the raw fault rate is higher (red), lower (green), or similar to
MLC‐programmed RRAM taken from204.



Figure 2.22: Fault injection studies are performed per cell size and programming scheme to evaluate resulting applica‐
tion error, as measured by relative degradation from baseline accuracy. The minimum cell size that keeps relative error
below the acceptable threshold dictates densest storage per scheme, taken from204.



Table 2.2: Summary of minimal cell size in number of domains per programming scheme and bits per cell (BPC) without
application accuracy degradation, adapted from204.
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Table 2.3: Summary of optimal programming schemes, device characteristics, and resulting memory array characteristics
provisioned per workload, adapted from204.



Figure 2.23: For an example workload (ALBERT, 4MB capacity), we show key characteristics for FeFET memory arrays
with acceptable application accuracy across programming schemes and NVSim optimization targets. From these, we
select optimal array configurations summarized in Table 2.3 that minimize array area, read latency, and read energy per
access, taken from204.
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Figure 3.0: MaxNVM summary of the tools, optimizations, and intermediate results used in final system evaluations;
technology characteristics, specific system requirements, and a variety of application‐level optimization opportunities
inform the proposed MaxNVM system designs, taken from183.





Table 3.0: NVSim, baseline NVDLA parameters62,212,28 for use in system‐level evaluation of MaxNVM, taken from183.
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Figure 3.1: Baseline NVDLA (left) vs. Proposed Architectures (center, right) from MaxNVM, taken from183.
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Figure 3.2: Array‐Level area of various on‐chip memory solutions for storing all DNN weights in eNVM, taken from183.
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Figure 3.3: Array‐Level read energy per access of various on‐chip memory solutions for storing all DNN weights in
eNVM, taken from183.
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Figure 3.4: Achievable frame rate (inferences‐per‐second) for baseline NVDLA (LPDDR4 weight memory) vs. Proposed
Architectures from MaxNVM, taken from183.
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Figure 3.5: Total energy‐per‐inference and average system power for baseline NVDLA (LPDDR4 weight memory) vs.
proposed architectures from MaxNVM, taken from183.
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Table 3.1: Summary of optimal storage per eNVM proposal, characterized per DNN. ‘BPC’ is the maximum number of
bits per cell used across DNN layers, ‘MB’ is the approximate capacity, ‘FPS’ is the maximum frames per second for
NVDLA‐1024, and ‘Read’ is the Read Latency of each eNVM array in , taken from183.



Figure 3.6: Partitioning a fixed on‐chip area between SRAM and a highly‐dense eNVM solution is strictly beneficial until
the SRAM capacity becomes insufficient to store intermediate results, which sharply degrades inference performance
(e.g., at 45‐60% of area devoted to eNVM), taken from183.
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Figure 3.7: Average Energy‐per‐Inference for baseline NVDLA vs. proposed architectures at varying frame rates; for
typical frame rates, it is strictly beneficial to leverage eNVM storage and wake the system per‐inference, taken from183.
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Table 3.2: Optimistic total time to write all DNN weights per eNVM solution, taken from183.
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Table 3.3: Summary of dataset characteristics, and maximum training accuracy for the model trained entirely from
scratch on each dataset or using residual adapters on a pre‐trained network. Pre‐trained shared parameters on Ima‐
geNet, with 67.65% accuracy, taken from59.
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Figure 3.8: NVDLA system diagram, with additional optional interface to multi‐level‐cell RRAM for on‐chip weight
storage in a multi‐task image processing setting, taken from59.
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Figure 3.9: Accuracy Results for MEMTI (left) and Energy vs FPS for the different design configurations normalized to
the DRAM baseline (right). The power savings of the RRAM‐based design for higher frame rates is exacerbated by the
frequent RRAM writes, making the design less efficient than the DRAM‐based baseline. On the other hand, the energy
per inference for MEMTI and RRAM adapters is strictly better than the baseline, taken from59.
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Table 3.4: Summary of power, performance and area for the four design configurations considered in this work. The
energy savings are normalized to the all DRAM configuration for the intermittent multi‐task operation over three tasks
running at 30 FPS. On‐chip RRAM shows the physical memory capacity (i.e. number of cells), taken from59.
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Figure 3.10: EdgeBERT design elements, a comprehensive codesign intersected with the memory density and efficiency
considerations of MaxNVM to improve storage density and enable clever on‐chip weight storage of ALBERT shared
weights, in conjunction with several interdependent algorithmic optimizations and stategic use of dynamic voltage and
frequency scaling (DVFS), taken from226.
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Table 3.5: Results of fault injection simulations impact of RRAM embedding storage on overall task accuracy.
SLC=single‐level cell (1 bit per cell). MLC2= 2 bits per cell. MLC3 = 3 bits per cell, adapted from226.
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Figure 3.11: Replacing accesses to off‐chip DRAM for word embedding storage with embedded RRAM drastically re‐
duces both the memory energy (left) and latency (right) across inference tasks, taken from226.
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Figure 4.0: NVMExplorer Overview; There are three main stages, as discussed in Section 4.0: (1) a user configures their
design space of interest, either with specific constraints and characteristics or leveraging broad, provided configurations;
(2) the evaluation automatically generates corresponding configurations, runs a backend memory array simulator and/or
application‐level fault injection trials, and uses an analytical model to extrapolate results to application‐level and system‐
level metrics of interest; (3) a user explores results interactively, discovering opportunities for optimization and optimal
memory system configurations, as well as filtering and refining the design space, adapted from185.









Figure 4.1: NVMExplorer example array characterization (4MB, various optimization targets), including read and write
characteristics per access, storage density, and projected endurance based on the minimum, maximum, and average
reported endurance across survey results in Chapter 1.2, taken from185.





Figure 4.2: NVMExplorer dashboard summary, as appeared on live webpage in November 2021.
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Figure 4.3: CHAMPVis representative figures; a user may flexibly explore TopDown257 statistics across many workloads
or hardware platforms, filtering to identify and classify performance bottlenecks at a glance, taken from184.
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Table 4.0: NVMExplorer leverages existing efforts by extending NVSim, while enabling cross‐stack DSE across multiple
use cases and domains, including more breadth than previous works, and providing a unified platform to explore and
iterate design, adapted from185.









Figure 4.4: Example memory‐array‐level validation of reference (yellow)61 vs. optimistic (green) and pessimistic (red)
underlying cell ‘tentpole’ configurations; metrics of a fabricated STT array from the literature61 fall within the bounds of
those generated using our device‐level ‘tentpole’ characterization, taken from185.





Figure 4.5: Read characteristics and storage density for 2MB arrays, provisioned to replace on‐chip SRAM for NVDLA,
taken from185.
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Figure 4.6: The most energy‐efficient eNVM varies under different DNN inference use cases, such as continuous (left,
operating power) vs. intermittent (right, reporting energy per input image frame); these results exclude eNVM solutions
that are unable to meet application latency and accuracy targets, taken from185.
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Figure 4.7: The eNVM storage solution (iso‐capacity arrays provisioned per task, optimized for ReadEDP) that minimizes
total memory energy consumption varies according to system wake‐up frequency and DNN inference task; All solutions
shown maintain application accuracy and a< s latency per inference, taken from185.



Table 4.1: Summary of preferred eNVM under varying DNN use case, task, storage strategy, and optimization priority.
Several distinct eNVM solutions are best suited in different cases under either optimistic underlying cell characteristics
(“Opt eNVM”) or considering only reference and pessimistic configurations (“Alt eNVM”), taken from185.



Figure 4.8: Memory power for traffic patterns encompassing graph processing demands, including specific graph kernels
as labeled. The lowest power solution depends on the expected read traffic, taken from185.
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Figure 4.9: Memory latency and projected lifetime for traffic patterns encompassing graph processing demands, in‐
cluding specific graph kernels as labeled. FeFET solutions fail to match SRAM performance. STT provides superior
performance and memory lifetime, taken from185.
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Figure 4.10: Array access characteristics in for consideration of replacing (iso‐capacity) a 16MB LLC, taken from185.



Figure 4.11: Memory operating power under continuous operation across SPEC benchmark traffic to a 16MB LLC
shows preferred eNVM depends on traffic demands and optimization goal. All solutions shown meet per‐benchmark
read/write demands. For high‐traffic benchmarks, STT provides lowest power, lowest latency, and longest projected
lifetime, taken from185.



Figure 4.12: Memory latency and projected lifetime under continuous operation across SPEC benchmark traffic to a
16MB LLC shows preferred eNVM depends on traffic demands and optimization goal. All solutions shown meet per‐
benchmark read/write demands. For high‐traffic benchmarks, STT provides lowest power, lowest latency, and longest
projected lifetime, taken from185.



Figure 4.13: Back‐gated (BG) FeFETs provide the high density and low operating power required by graph processing
benchmarks while maintaining SRAM‐comparable performance, and these solutions begin to close the performance gap
between non‐BG FeFET and other memory technologies across SPEC2017 benchmarks, taken from185.





Figure 4.14: Results for 8MB arrays are filtered according to a maximum area efficiency (top right). Arrays with lower
area efficiency are highlighted across all views and tend to result in low memory latency and power across many traffic
scenarios, taken from185.



Figure 4.15: Masking write latency or reducing write traffic via introduction of a write caching scheme could make a
broader set of eNVM technologies viable, taken from185.





Figure 4.16: When we consider multi‐level cells (MLC)s and filter out memory solutions that don’t provide acceptable
ResNet18 inference accuracy after fault injection, we note MLC RRAM is denser and more performant than SLC RRAM,
while MLC FeFET is only sufficiently reliable for larger cell sizes (red), taken from185.
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