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ReRAM is an attractive main memory technology due to its high density and low idle

power. However, ReRAM exhibits costly writes, especially in terms of energy and endurance.

Prior studies demonstrate that retention can be traded off for write energy and endurance by

employing soft write operations with lower currents. But given their reduced retention times,

soft writes require refresh operations to prevent data loss. Unfortunately, a large number of

refreshes are needed in between writes to infrequently updated data. Given the large capacity of

ReRAM, always doing soft writes is not viable, as the exorbitant cost of refreshing every cell will

outweigh any benefits from soft writes. Hence, a non-volatile memory system with soft writes

still needs traditional hard writes and a way to choose between them.

Whether or not soft writes provide a benefit depends on the amount of time between back-

to-back writes to the same data, which we call the overwrite time. As long as the cost for the soft

write and its refreshes within the overwrite time window is less than the cost for a hard write,



then the original soft write is profitable. Otherwise, it would have been better to perform a hard

write in order to eliminate the refreshes.

We propose SRTP, a predictor that learns the overwrite time between back-to-back writes to

main memory and associates them with static store instructions in a prediction table. As dynamic

stores execute, SRTP predicts whether a soft or hard write is best based on the magnitude of

the predicted store reuse time. This soft write decision is placed in the cache hierarchy and

eventually informs the writeback to the main memory to use either a soft or hard write. Our

results show SRTP provides 2.6x - 4.1x improvement in endurance and 2.9x - 4.2x improvement

in write energy over a state-of-the-art predictor. We also show that SRTP is within 18.5% of

the Oracle policy. Furthermore, we integrate SRTP with a prior wear leveling technique, called

Ouroboros, and show that SRTP improves actual memory system lifetime by 6.4x over a baseline

that only performs hard writes. Finally, we introduce a new guiding metric for wear leveling in

the presence of variable intensity writes and show that it improves wear-leveling efficacy by 5.7%

to 19.4%.
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Chapter 1: Introduction

With the rise of artificial intelligence and the era of big data, the capacity requirement of modern

workloads is increasing at a drastic rate. To sustain the increasing demand of these workloads,

hardware improvements need to keep pace, especially in the main memory systems. Figure 1.1,

for instance, shows the trend of deep learning model sizes. Machine learning models rely upon

more layers, more weights, and larger datasets to improve accuracy. Over the last three years, the

largest models have grown over 1000x to over half a trillion parameters, while GPU memory has

only increased by 5x (16 GB to 80 GB) [9,10]. This causes issues in both training and deployment

of models. Less memory per machine means more nodes need to be added to fit the larger

data sets and models. This reduces training throughput significantly due to high communication

overhead between nodes [9]. Once trained, even the inference stage will require more capacity

on the device side because of increasing model sizes.

DRAM, the technology of choice for main memory over the last several decades, is facing

major challenges in capacity scaling. It is already lagging far behind the 3 nm technology node

of CMOS transistors at 18 nm, and its scaling beyond 11 nm is unknown as per International

Roadmap for Devices and Systems(IRDS) 2021 [11]. Traditionally, reducing the component

size also means being able to fit more in the same die area leading to a reduction in the cost of

each cell or getting more at the same price. But due to the increased complexity of the DRAM

1



Figure 1.1: Natural language processing(NLP) model sizes’ historical trend [2].

fabrication process, any device level shirking the manufacturers are able to achieve costs a lot

more, causing the cost per bit of DRAM to plateau for the past several years. So even if DRAM

manages to scale to the smaller feature sizes, the larger capacity comes at a proportionally higher

cost, unlike in the past when the price came down as well. While the cells are not shrinking to

fit more DRAM in the same space, increasing the capacity by allocating more space for DRAM

chips is a non-starter too. As the capacity of DRAM is increased at the same technology node,

the frequent global refresh operation becomes the bottleneck, with the memory system spending

almost half of its power and time just to retain the data [12].

Emerging non-volatile memory (NVM) technologies, such as resistive random access mem-

ory (ReRAM) and phase change memory (PCM), offer much higher memory capacities com-

pared to DRAM. Not only are their individual memory cells denser than DRAM at the same

2



technology node, but they are much more scalable as well. For example, ReRAM can certainly

scale to 7 nm, and going further down to 5 nm is possible [13]. At the same time, they also

provide improved power efficiency since their non-volatility eliminates the need for global re-

fresh operations. Given these benefits, non-volatile memories have been studied extensively in

research [14–22], and they have also become commercially available (e.g., Intel’s Optane mem-

ory [23,24]), leading to their deployment in real systems. This makes them an excellent candidate

for main memory to keep pace with the demands of new workloads.

The main disadvantage of non-volatile memories, however, is the high cost of their writes.

Not only do their write operations incur greater latency than read operations, but they also con-

sume significantly more energy and cause the memory system to wear out. Higher latency can

be tolerated since writes are buffered and do not block the execution of cores. Energy and wear

out are the main limiting factors for non-volatile memory. Because of the significantly higher

write energy consumption, expensive cooling systems would be needed, or the processor’s lim-

ited power budget would be reduced. At the same time, non-volatile memory cells exhibit limited

endurance, which is much smaller than the virtually infinite endurance of DRAM (ReRAM’s en-

durance is reported to be in the range of 106-109). Writing indiscriminately to the NVM could

lead to memory failure very quickly. This has inspired a lot of work on wear leveling tech-

niques for NVMs to evenly spread out the writes across memory lines in an effort to maximize

lifetime [6, 7, 25, 26].

One approach for addressing these problems is to reduce the frequency of writes to the non-

volatile memory. Hybrid memory systems take such an approach by employing DRAM along

with the non-volatile memory [19,27–34]. For example, the DRAM can be placed in front of the

non-volatile memory, acting as a cache that automatically filters the write stream [19]. Or, the
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DRAM can be placed side-by-side with the non-volatile memory, relying on the programmer [28]

or the operating system [27,29] to explicitly allocate the most frequently written data in DRAM.

This works well if DRAM is able to accommodate frequently written data. But in cases when

the dataset doesn’t fit, it will ping-pong between DRAM and NVM, amplifying the writes even

further. Hence, this approach is constrained by DRAM’s scaling challenges.

Rather than reduce the write frequency, another approach for addressing the high cost of

writes in non-volatile memories is to give up some retention. Writes to ReRAM or PCM nor-

mally employ high currents, long write pulses, and/or multiple write cycles to switch the resistive

medium (either metal oxide for ReRAM or chalcogenide glass for PCM). This ensures the data

persistence that is expected for storage systems. (For example, the ReRAM from Crossbar, Inc.

has a retention of 10 years [35]). However, in main memory, the majority of writes by a program

are confined to a set of lines that are written multiple times over its execution. For all such lines,

the usual years-long retention time is overkill since the written data will be over-written anyway

before the retention time expires.

This opens the door to trade-off retention for improved write energy and endurance. In

particular, writes to ReRAM or PCM can be performed using lower currents, shorter write pulses,

and/or fewer write cycles. Such soft writes consume less energy and incur less wear, but they

do not fully switch the resistive medium. For example, a soft write to ReRAM forms a smaller

conductive filament (CF) within the metal oxide layer which is susceptible to dissolution [36–38],

and hence, results in lower retention times. Chapter 2 covers this phenomenon in more detail.

Given their reduced retention times, soft writes require refresh operations to prevent data

loss. While the refreshes themselves can also use soft writes, a large number of refreshes are

needed in between writes to infrequently updated data, which defeats the purpose of using soft
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writes in the first place. Hence, a non-volatile memory system with soft writes still needs tra-

ditional persistent or “hard” writes. Moreover, the memory system also needs a way to decide

when to use soft writes and when to use hard writes. Having the option of doing a hard write

will also allow ReRAM to avoid the refresh bottlenecks observed in DRAM. Our work intends

to selectively perform soft writes only on the lines where they are worthwhile, thus obviating the

need for refreshing the whole memory. Only the softly written lines need to be refreshed, keeping

the refresh overhead in check as the memory capacity scales.

Recently, researchers proposed the Region Retention Monitor (RRM) [8] for controlling the

selection of soft versus hard writes in Multi-Level Cell (MLC) PCM memory systems. Unlike our

work which tries to improve energy and endurance, RRM uses soft writes to boost performance

by reducing the number of write cycles, and hence the latency, of soft writes compared to hard

writes. RRM tracks write frequency at the page level and uses soft writes only for the most

frequently written pages. These “hot pages” are kept in a hardware table which issues refresh

operations to the softly written data. For all other pages (not found in the table), RRM performs

hard writes instead, thus eliminating many harmful refresh operations.

Although RRM was originally designed for performance, we adapted it to also improve

energy and endurance. Unfortunately, we find that RRM does not translate well to these other

objective functions. The problem is RRM performs soft / hard write selection using an ad hoc

heuristic which is oblivious to the actual relationship between store locality and retention time

that governs the effectiveness of soft writes.

Specifically, following every soft write, refresh operations are needed periodically in inter-

vals equal to the retention time, as shown in Figure 1.2. Whether the soft writes provide a benefit

depends on how much time elapses before the same data is written to again–i.e., the time interval
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Figure 1.2: The profitability of soft writes depends on the last-touch store reuse time, and hence,
the number of refreshes needed before the next write.

between writebacks to the same memory block from the last-level cache (LLC). In our work, we

associate this reuse time back to the last store instruction that caused the initial writeback, so we

refer to it as the last-touch store reuse time, or simply the overwrite time. As long as the cost for

the soft writes occurring within this time window is less than the cost for a hard write, then the

original soft write is profitable. Otherwise, it would have been better to perform a hard write in

order to eliminate the refreshes. For instance, if one considers write energy as the cost metric,

then soft writes should be performed whenever the following inequality holds:

OverwriteT ime

RetentionT ime
<

EHdWr

ESfWr

(1.1)

where, ESfWr and EHdWr are the soft and hard write energies, respectively. (Inequality 1.1 is

the criterion for selecting soft writes to optimize endurance. Chapter 2 will discuss optimizing

endurance versus energy in more detail.)

To achieve the greatest gains, a separate selection decision should be made at every dynamic

store instruction. But RRM is ineffective at such fine-grain control because it aggregates memory-
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side access information at a coarse page granularity. Our work makes the key observation that

store reuse times are correlated to store PCs. Although store locality can vary significantly across

different memory accesses, the accesses performed by the same static store instruction tend to

exhibit a single dominant store reuse time. By training a CPU-side predictor on the dominant

reuse time for each static store, Inequality 1.1 can be predicted accurately for every dynamic

write to the main memory. We call this predictor the Store Reuse Time Predictor, or SRTP.

Numerous prior techniques have leveraged locality information for optimizing systems.

In particular, many examples exist in the literature, including cache and TLB replacement poli-

cies [39–46] or cache partitioning techniques [47–49]. However, our work differs in that the

reuse times we try to predict are much, much longer. Previous techniques mainly studied cache

reuse, so the reuse times involved were relatively short–on the order of milliseconds. In con-

trast, SRTP predicts reuse for main memory that potentially spans multiple soft write retention

intervals, which can last several seconds.

Training a predictor on multi-second events could result in long training times. Moreover,

infeasibly large predictors might be necessary to track the huge number of events that occur over

such long time horizons. Fortunately, store reuse tends to be stable on a per-store PC basis, as

mentioned earlier. Also, a small number of static store instructions typically accounts for a large

fraction of the dynamic stores executed. SRTP employs a small buffer, called the Reuse Time

Detector (RTD), tracking only two dynamic instances per static store instruction. The RTD can

learn the most important store reuse times even when they last for a second or more.

Besides predicting Inequality 1.1, our technique must also issue refreshes to the softly

written data. Unlike our prediction mechanism which resides on the CPU side, we track refresh

operations on the memory side at the page level, similar to RRM. One difference, however, is
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that our refresh tracking information is much larger because SRTP capitalizes on many more soft

write opportunities. Whereas RRM combines the prediction and refresh information in the same

table, we decouple them and move the refresh information–which is much larger but accessed

less frequently–to the main memory.

Our work also integrates SRTP with wear leveling. We modify an existing wear leveling

technique, Ouroboros [50], to account for the asymmetric wear across soft and hard writes. Ad-

vanced wear-leveling techniques like Ouroboros already store per-page address translation tables

in the main memory. We integrate SRTP’s refresh tracking information into these already exist-

ing data structures. Although SRTP’s refresh information is substantial, it only adds 3.8% more

memory on top of Ouroboros’ address translation tables.

1.1 Contributions

This thesis makes the following contributions to enable non-volatile main memory systems

by addressing two major concerns related to their write endurance and energy.

Adapt State of the Art: We adapt RRM, which was originally designed for performance, to

control soft / hard write selection for improving energy and endurance in ReRAM-based

memory systems. We also perform sensitivity studies on different RRM parameters to

choose the best-performing values for comparison against our work.

Oracle-Based Policy: We introduce an oracular scheme that has perfect knowledge of the time

when future writes are going to arrive at each line. Based on this future information, Oracle

can predict soft vs hard writes with 100% accuracy. This limit study helps us estimate the

maximum endurance/energy gain possible for each benchmark and demonstrates that RRM
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leaves a lot of room for improvement.

Store Reuse Time Predictor: We propose a novel hardware predictor, called SRTP, to select

soft versus hard writes at the CPU side on a per-dynamic store instruction basis. This

allows our technique to make these decisions at a much finer granularity than RRM and get

closer to the performance of the Oracle.

Wear Leveling Integration: We integrate our hardware predictor with a wear leveling scheme

to benefit both techniques. SRTP uses wear leveling tables to track softly written data, so

it can be refreshed to maintain reliable operation with low retention time. This keeps the

refresh tracking overhead in check. Further, there are no wear leveling schemes that take

different types of writes into account. We show this reduces the effectiveness of wear level-

ing techniques. Making soft write information available to wear leveling enables improved

efficiency. To our knowledge, this is the first time wear leveling has been considered in the

context of soft write techniques.

Experimental Evaluation: We undertake a simulation-based evaluation of SRTP, and show that

it beats RRM by 410% and comes within 18.5% of the Oracle. We also demonstrate that

SRTP can improve lifetime by 6.4x when coupled with practical wear leveling.

The rest of this thesis is organized as follows. Chapter 2 presents background on retention

versus energy and endurance trade-offs. Then, Chapter 3 provides motivation, and Chapter 4 de-

scribes our SRTP technique. Next, Chapter 5 discusses experimental methodology, and Chapter 6

presents the results. Chapter 7 goes over the new guiding metric for wear-leveling and lifetime

results, and Chapter 8 covers the additional benefit of customizing the device-level trade-offs for

each program. Finally, Chapter 9 discusses related work, and Chapter 10 concludes the thesis.
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Chapter 2: Background

This chapter gives the background necessary for the thesis. It starts with a brief review of various

memory technologies that can be used for main memory. This includes traditional technology

like DRAM as well as emerging non-volatile memory technologies like STT-RAM, PCM, and

ReRAM. We motivate why ReRAM is the best candidate out of all of them and then move on to

its device-level characteristics for trading off retention to improve write energy/endurance, which

enable this work. Then, the chapter closes by summarizing wear leveling techniques used with

emerging non-volatile memories.

2.1 Memory technologies

Main memory is a crucial component of any computing system, providing fast, high band-

width, and high capacity storage for programs and data actively used by the processors. The

penalty for missing in main memory is pretty high, making it important that the capacity of the

memory system scales with the size of workloads. Table 2.1 shows the parameters of various

devices that can be used to implement main memory. In this section, we discuss the benefits and

limitations of each one of them.
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SRAM DRAM STT-RAM PCM ReRAM
Non-volatile N N Y Y Y

Cell Area(F 2) 50-120 6-10 4-20 6-12 <1
Read latency(ns) 1 30 2-20 20-50 <50
Write latency(ns) 1 50 2-20 50-120 <100

Endurance 1016 1016 1010-1012 106-108 106-108

Table 2.1: Comparison of different memory technologies [1].

Word line

B
it

 L
in

e

Access Transistor

Capacitor

Ground

Figure 2.1: DRAM cell.

2.1.1 DRAM

Over the past several decades, DRAM has been the technology of choice for implementing

main memory. As seen in Figure 2.1, each DRAM cell is made up of an access transistor and a

capacitor. Data is stored in the DRAM cell by altering the charge in the capacitor. A logic ‘1’

is indicated by charging the capacitor, while a logic ‘0’ is indicated by the capacitor having no

charge. The capacitor tends to leak charge over time, causing the DRAM cell to lose its stored

data gradually. The volatile nature of DRAM necessitates global refresh for all of its cells at

regular time intervals (typically 64 milliseconds).

Most main memory technology requirements, including low latency, low energy, and vir-
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tually limitless endurance, are met by DRAM. The disadvantage of DRAM is that it exhibits

relatively low density, which is caused by the requirement of per-cell access transistors. Worse

yet, DRAM suffers from scaling issues, which are caused by the capacitor’s inability to properly

maintain charge after having its area lowered past a certain point [51].

2.1.2 STT-RAM

Figure 2.2: STT-RAM cell [3].

Spin-transfer torque random access memory (STT-RAM) uses a magnetic tunnel junction

(MTJ) to store information. An MTJ contains two ferromagnetic layers (a reference layer and

a free layer) and one tunnel barrier layer shown in Figure 2.2. The reference layer has a fixed

magnetic direction, while the free layer’s magnetic direction can be changed by applying a pro-

gramming current. This, in turn, alters the resistance of the MTJ. If the magnetization of both

ferromagnetic layers is in the same direction, MTJ is in a low-resistance state (LRS), and dif-

ferent magnetization of the layers puts the MTJ in a high-resistance state (HRS). Data is stored
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by using LRS and HRS to indicate ‘0’ and ‘1’, respectively. STT-RAM cell is composed of one

access transistor and one MTJ. Because STT-RAM is not volatile, it does not require frequent

refreshes like DRAM or expend energy to maintain the data like SRAM. As shown in Table 2.1,

STT-RAM is faster than DRAM and denser than SRAM, making it a good candidate for caches.

Like other non-volatile memory technologies, it also suffers from a disproportionately high cost

of writes in terms of both energy and latency, as well as limited write endurance. Although we

concentrate on main memory candidates in this study, the methodology may be applied to any

non-volatile memory that can trade off retention for better write performance. STT-RAM may

also benefit from our findings because it has also shown retention trade-offs comparable to what

we examine in this work [52].

2.1.3 Phase Change Memory

(a) (b)

Figure 2.3: (a) Cross section of PCM cell. (b) Programming and reading pulses for PCM. [4]

Phase change memory, or PCM, is a non-volatile memory that makes use of a large resis-

tance difference between the amorphous and crystalline states of phase change materials. A PCM
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cell, as shown in Figure 2.3, consists of phase change material between the electrodes and a heat-

ing element that extends from the bottom electrode. The phase change is induced by injecting

current into the cell. Depending on the magnitude and duration of the current, the phase of the

material can be switched between amorphous and crystalline. A medium-sized, long-duration

electrical pulse is used to heat the PCM cell above crystallization temperature but below melting

point in order to set it into a crystalline state that corresponds to a logical ‘1’. To RESET the

device into a high resistance amorphous state (logical 0), a large current is applied to melt the

material, and it is then cut off abruptly.

PCM has higher latency and comparable density to DRAM. It is non-volatile with limited

write endurance. There has been evidence of trading off retention for endurance improvement in

PCM, too [53].

2.1.4 ReRAM

Figure 2.4: Switching in a ReRAM bitcell (from [5]).

A ReRAM cell consists of a metal oxide layer sandwiched between two metal electrodes, as

shown in Figure 2.4. Without any external influence, this device is in the High Resistance State
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(HRS) and acts as an insulator, Figure 2.4 (a). A sufficient voltage applied across the terminals

leads to oxygen ions moving from the metal oxide layer to the positive electrode leaving behind

a conductive filament (CF) of oxygen vacancies. This set operation puts the device in Low Resis-

tance State, or LRS, as shown in Figure 2.4 (d). The device can switch back to HRS by applying

voltage with an opposite polarity that makes the oxygen ions travel back into the metal oxide

layer and recombine with the vacancies. This reset operation dissolves the CF. Traditionally, the

LRS and HRS are treated as ‘1’ and ‘0’, respectively, to store data in ReRAM. To efficiently read

data from a ReRAM cell, a small voltage that will not disturb the state of the cell is applied to

determine the resistance of the cell.

ReRAM and PCM have the advantage of embedding a selector device inside a cell that

obviates the need for per cell access transistor. The memory cells in series with the selector

device are placed at the intersection of word and bit lines, as shown in Figure 2.5(a). The biasing

scheme to read data from a selected cell is shown in Figure 2.5(b). The word lines and bit lines

of the selected cell are biased such that a voltage difference of V appears across it. The rest of the

lines are kept at V/2, which ensures no other cells have a voltage drop of V across their terminals.

The high selectivity of the selector device guarantees that only the cells with a voltage drop of

V across them are read or written while the rest are cut off. The selector does not come into the

picture for endurance-retention trade-offs, so it is omitted from Figure 2.4 for clarity.

As shown in Table 2.1, ReRAM cells offer a good compromise between reasonable latency

and high capacity. The extremely low cell area can be attributed to compact device size and

the absence of per cell access transistor. The technology is scalable beyond 7 nm allowing the

capacity to be increased even further.
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(a) (b)

Figure 2.5: Crosspoint array with selector device and biasing scheme.

2.2 ReRAM retention vs Energy / Endurance Relationship

In this work, we focus on ReRAM-based memory technology, but the architectural techniques

can be adapted to other non-volatile technologies that exhibit similar trade-offs. The operation

of the ReRAM cell was previously discussed, and this section goes over the mechanism behind

trading off retention for energy / endurance gains. Data from this chapter will be used to guide

experiments in the simulation study.

It has been observed that the low resistance state of ReRAM is less stable than the high

resistance state. This instability can be attributed to the CF dissolving naturally over time (even

without an explicit reset) due to the random recombination of oxygen vacancies with mobile

oxygen ions, and migration of oxygen vacancies [38]. These events do not happen frequently but

end up dissolving the CF switching the ReRAM cell to high resistance state. The time it takes to

lose the stored data depends on the size, or cross-sectional area, of the CF: the wider the filament,

the longer the data lasts, whereas the narrower the filament, the sooner the data is lost [38,54,55].
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The CF is formed during the set operation, and its size depends upon the set compliance

current value. A larger set current leads to the formation of a wider, more stable filament, as

shown in Figure 2.4(d). The exact relationship is, the cross-sectional area of the filament, CFA,

is linearly proportional to the set current, ISET [56]. A wider filament means more energy is

required in the reset operation to dissolve it. A reset operation would need to use a reset cur-

rent, IRESET , that is linearly proportional to the CFA in order to disintegrate the filament [56].

Equation 2.1 demonstrates the relationship of the CF area with set and reset currents.

CFA ∝ ISET ∝ IRESET (2.1)

The switching voltage at which the CF forms or dissolves is a property of ReRAM cells and

remains fixed. The latency is decided by the compliance current value where the set operation

is stopped. Forming and rupturing a thinner filament will take less time, but for this work, we

conservatively assume writes employ fixed latency. At constant voltage and latency, write energy

is proportional to the ISET and IRESET , and hence, to CFA.

In addition, the endurance of ReRAM bit cells is inversely proportional to the total write

energy absorbed [57–59]. So, endurance is also inversely proportional to CFA. In other words,

we have the following relationship:

CFA ∝ Write Energy ∝ Endurance−1 (2.2)

ReRAM is traditionally deployed as a non-volatile memory, so significant energy is ex-

pended during write operations to form stable CFs that last for years. But Expression 2.2 shows

that soft writes can use smaller ISET and IRESET , forming and dissolving narrower CFs, as illus-
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trated by Figures 2.4(b) and (c), to both reduce energy and increase endurance [56].

As mentioned above, a narrower CF is less stable, and thus exhibits reduced retention time.

In particular, the retention time of a ReRAM bit cell is exponential with the diameter of the CF,

CFD [36], leading to the following relationship:

RetentionT ime ∝ ep∗CFD (2.3)

where “p” is a device-specific constant. Worst yet, the ReRAM bit cells within a large memory

system will be subject to variations, so the actual retention time exhibits a distribution [38, 60].

The retention time for bit cells at the tail of this distribution can be further reduced by up to

1000x [38]. In our work, we use the model from [36] to derive retention time for a given CF

size, and then further reduce it by 3 orders of magnitude to take the reliability of the tail bits into

account.

In particular, our work employs a soft write that incurs 10x less energy compared to the

basic hard write. As per Expression 2.2, this will also yield a 10x increase in write endurance.

To achieve this, CFA would need to reduce by 10x as well, leading to a 3.2x reduction in CFD.

Using Expression 2.2 and factoring in 1000x for the tail bits, there would be a 52,000x reduction

in retention time. We assume a baseline hard write retention time of 10 years, which is based

on Crossbar’s non-volatile ReRAM technology [35]. So, the retention time for soft writes goes

down to 10 seconds. This represents a worst-case retention time (due to the 1000x for the tail

bits), making our energy and endurance results conservative.
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2.2.1 Soft Write Criterion

Figure 1.2 illustrates the overhead of doing soft writes and its relation to the store to store

reuse time or overwrite time. More time separation between consecutive writebacks to the same

lines means more refreshes are needed to avoid data corruption. If the overwrite time value

is known, a soft write decision can be made by weighing the benefit of soft writes and their

added refreshes over hard writes. We call the overwrite time value where soft writes and hard

writes break even the Soft Write Interval (SWI). Any overwrite time value less than SWI warrants

performing a soft write. In this section, we derive the relationship of SWI with device parameters

for optimizing endurance and total energy consumption.

2.2.1.1 Optimizing For Endurance

In Equation 2.2, we saw endurance is inversely proportional to write energy. So, to op-

timize endurance, we need to choose an SWI value such that write energy of soft write and its

corresponding refreshes is less than the hard write energy. In other words, our objective for

optimizing endurance is to find an overwrite time threshold such that the following inequality

holds:

ESfWr + ERefWr < EHdWr (2.4)

where, ESfWr and EHdWr are the soft and hard write energies, respectively, and ERefWr is the

combined write energy of all refreshes incurred by the soft write. The reader should note that

a single refresh operation involves reading the data and writing it back. So, it is equivalent to a
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read and a soft write operation combined. The write energy of refresh is the same as a soft write,

but the total energy of a refresh operation would be the sum of read and soft write energy. When

optimizing endurance, we only consider the write energy portion of refresh because only writes

have an effect on endurance. If ref count refers to the number of refreshes incurred by the soft

write under scrutiny, then we can rewrite Equation 2.4 as follows:

ESfWr + ref count× ESfWr < EHdWr (2.5)

We also have the following relationship between the overwrite time and the number of

refreshes.

ref count =

⌊
OverwriteT ime

RetentionT ime

⌋
(2.6)

where, ⌊⌋ is the floor operator, which ensures that the refresh count is always an integer. Substi-

tuting Equation 2.6 into 2.5.

ESfWr +

⌊
OverwriteT ime

RetentionT ime

⌋
× ESfWr < EHdWr

⌊
OverwriteT ime

RetentionT ime

⌋
+ 1 <

EHdWr

ESfWr

(2.7)

Substituting the following identity for a floor operator:

⌊x⌋ > x− 1 (2.8)
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OverwriteT ime

RetentionT ime
<

EHdWr

ESfWr

(2.9)

Inequality 2.9 provides the overwrite time criterion for selecting soft versus hard writes by

weighing the benefit of soft writes over hard writes, while accounting for the additional refreshes

that soft writes require. We call the threshold overwrite time when soft writes and hard writes

break even normalized by the retention time the soft write advantage (SWA). SWA appears on the

right-hand side of Inequality 1.1 and changes according to the optimization objective. It is also

the number of refreshes up to which performing soft write is advantageous (see Expression 2.6).

SWA for optimizing endurance–i.e., SWAend is shown in Expression 2.10, which is also shown

in Inequality 1.1. Because endurance is proportional to write energy (Expression 2.2), SWAend

is just the ratio of hard and soft write energies, which is 10x, as discussed in Section 2.2.

SWAend =
EHdWr

ESfWr

(2.10)

2.2.1.2 Optimizing For Total Energy

Another optimization objective of interest is total energy. The SWA for total energy, or

SWAegy, is not as large as SWAend because the refresh operations shown in Figure 1.2 must

first perform a read before performing a soft write. This read doesn’t affect endurance but does

affect energy. So, our objective for optimizing total energy is to find an overwrite time threshold

such that the following inequality holds:

ESfWr + ERef < EHdWr (2.11)
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where, ERef is the total energy of refresh operations associated with the soft write. Since refresh

is a combination of a read and soft write, the total refresh energy can be replaced by read energy

(ERead) and soft write energy.

ESfWr + ref count× (ESfWr + ERead) < EHdWr (2.12)

ref count =

⌊
OverwriteT ime

RetentionT ime

⌋
<

(EHdWr − ESfWr)

(ESfWr + ERead)
(2.13)

Using Identity 2.8.

OverwriteT ime

RetentionT ime
− 1 <

(EHdWr − ESfWr)

(ESfWr + ERead)
(2.14)

OverwriteT ime

RetentionT ime
<

(EHdWr + ERead)

(ESfWr + ERead)
(2.15)

Equation 2.15 gives us the reuse time criterion for optimizing total energy. It also gives us the

following formulae for SWAenergy:

SWAegy =
EHdWr + ERead

ESfWr + ERead

(2.16)

2.2.1.3 Figure of Merit

In this work, we are interested in improving the endurance of the ReRAM-based memory

system, which will, in turn, improve the memory system’s lifetime. The traditional metrics of

Instructions Per Second (IPC) or execution time are not adequate for defining the performance
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of relevant methodologies. Some previous works employ lifetime to evaluate the effectiveness

of their schemes. While this is the end goal of the techniques, lifetime results are a combination

of several factors along with soft writes. We will see in Chapter 7 wear leveling policies impact

lifetime too. Hence, we need a metric that quantifies the impact of soft write schemes in isolation

in order to exclude interference from other factors in the study.

We introduce a performance equivalent term for endurance savings by soft writes and use

it to contrast soft write methodologies. The endurance of ReRAM cells is inversely proportional

to write energy (Expression 2.2), or in other words, endurance wear caused by a write operation

is directly proportional to its energy. If a soft write technique reduces the write energy by a

certain amount, the endurance wear is also reduced by the same amount. Keeping that in mind,

we use effective SWAend to quantify the endurance impact. Effective SWAend is the ratio of

the total write energy for baseline where all writes are hard writes and total write energy for the

soft write technique. This metric quantifies the factor of reduction in wear out provided by a

soft write technique. Chapter 7 will empirically demonstrate that the soft write policies improve

the lifetime by a factor roughly the same as the effective SWAend. (Given the parameters from

Chapter 2, the maximum effective SWAend is 10x, which occurs when every write is a soft write,

and there are no refreshes).

effective SWAend =
Write energy for Baseline

Write energy for soft write technique

effective SWAend =
WriteCountBaseline ∗ EHdWr

HardWriteCount ∗ EHdWr + SoftWriteCount ∗ ESfWr
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where WriteCountBaseline is the total original writes for baseline without any soft write schemes.

HardWriteCount and SoftWriteCount are the total hard and soft writes, respectively, per-

formed by the soft write technique being evaluated. Any auxiliary writes introduced by the soft

write policy will be folded into the correct category, e.g., refreshes are included in SoftWriteCount.

The expression can be further simplified using Equation 2.10.

effective SWAend =
WriteCountBaseline ∗ SWAend

HardWriteCount ∗ SWAend + SoftWriteCount
(2.17)

2.3 Wear leveling background

As shown in Table 2.1, limited write endurance is ubiquitous for non-volatile memory technolo-

gies. This is a major challenge for both main memory and storage applications; as the memory

lines start wearing out, the whole device could become unusable very fast. Unfortunately, the

memory access pattern of programs has been shown to be highly non-uniform. Some memory

locations are written very frequently, while others might not get any writes whatsoever. This will

cause the frequently written lines to fail much sooner, curtailing the memory system’s lifetime to

unrealistic values. On average, the memory system lifetime is reduced by 20 times due to non-

uniform writes, even if a significant number of spare lines are present [6]. Non-volatile memory

systems can also be targeted by malicious attacks that repeatedly write the same line, wearing

them out within minutes [61].

Wear leveling is a mechanism that migrates heavily written data from more worn-out phys-

ical memory locations to lightly used ones in order to make writes more uniform. The 20x
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realizable gain in the lifetime makes wear leveling indispensable for non-volatile memories. This

section briefly discusses the common wear leveling techniques for non-volatile main memory

systems and then describes the one integrated with our approach. We call the incoming addresses

at the memory controller logical addresses. These logical addresses are mapped to certain phys-

ical addresses that point to the actual memory locations where the data is stored. Wear leveling

techniques intercept this logical-to-physical mapping to direct writes meant for the same logical

location to different physical locations. Effectively, by moving the data around, wear leveling

techniques add another level of indirection in address translation at the main memory level after

the page tables. The wear leveling techniques can be broadly categorized into two groups: re-

stricted algebraic remapping based and table based, depending on how they store and resolve

their migration-generated indirections. The following sections describe both techniques with

representative examples.

2.3.1 Table-Based Wear Leveling

Secondary storage systems based on NAND Flash memory use table-based wear leveling, and

there has been significant work in extending it for emerging NVM technology at the main memory

level [17, 26, 62, 63]. The techniques in this category have the following properties in common.

They divide memory into regions of a certain size, called blocks, and keep track of the wear

out of each physical block as well as the write intensity of the logical blocks mapped to them.

Then periodically, the logical blocks with high write intensity are migrated to target physical

blocks to spread out the hotspots and uniformly distribute the writes. Typically, less heavily

written physical blocks are chosen as targets, but some techniques also mix in randomly selected
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physical blocks to make wear leveling resistant to attacks. Since this migration changes the

physical location of the data frequently, these techniques also need a fully associative mapping

table from logical blocks to physical blocks in memory, hence the name.

The advantage of table-based wear leveling is that it is aware of heavily used regions which

allows it to perform more targeted migrations for wear leveling. The downside is it can only do

the wear leveling at a coarse granularity to amortize the tracking overhead with large block sizes.

This works well for Flash-based storage since its wear-out causing erase operations can only

be done for large block sizes (1MB-8MB) [64, 65]. Erasing all lines in a block together makes

them wear out uniformly. But for byte-addressable emerging NVMs, uneven wear out can occur

inside the coarser blocks. Unfortunately, table-based techniques alone can handle wear leveling

between larger memory regions well, but not within them.

2.3.2 Restricted Algebraic Remapping Based Wear Leveling

These are the simplest wear leveling techniques that do not use tables to keep track of the

remapped data. They instead utilize deterministic, easy-to-compute algebraic expressions [6,

25, 66–69]. These techniques relocate the data in a constrained fashion such that indirection can

be resolved via an algebraic function. This obviates the need for a tracking table, reducing the

hardware overhead of the scheme significantly. Start-Gap [6] is a representative technique from

this category, and we use it to explain the advantages and shortcomings of this group.

Wear leveling is achieved by periodically moving each line to its neighboring location such

that, eventually, it leads to all lines getting moved up by a unit and causing a circular shift in the

whole region. This remaps the logical addresses to new physical addresses and frequently written
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locations write to a new location evening out the spread of writes.

Figure 2.6: Start-Gap wear leveling on a memory containing 16 lines [6].

Figure 2.6 shows a memory region consisting of 16 lines with Start-Gap wear-leveling.

An extra line is added to the region called the Gap Line to help the migrations. The only extra

hardware needed for the whole region are two registers called Start and Gap. The Start register

tracks the location of the top line of the region in the beginning, and the Gap register tracks the

index of the gap line. After the region receives a certain number of writes (usually 100), a gap

movement is triggered. During the gap movement, the contents of the line on top of the Gap

Line (gap register - 1) are copied into the Gap Line, as shown in Figures 2.6 (a,b) and 2.7 (a).

This shifts a single line to a new physical location, and its writes are directed to the new location

now. The Gap register is also decremented since the gap line moved up. After a certain number

of gap movements, the gap line reaches the top of the region shown in Figure 2.6 (d). The next

gap movement swaps the gap line with the very last line of the region leading to a circular shift

of the memory region in Figure 2.6 (e). This is called a Gap Rotation, and it increments the

Start register and resets the Gap register. After gap rotations equal to the number of lines in the
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Figure 2.7: (a) Flow chart of Gap Movement operations. (b) Restricted algebraic mapping of
Logical Address to Physical Address in Start-Gap.

region, each logical line would have been mapped to every physical line of the region, making

the write distribution more uniform. The advantage of this approach is that we can translate

the logical addresses to their physical locations at any point using simple calculations shown in

Figure 2.7(b) without needing a translation table that keeps track of mapping from logical to

physical lines. It only needs to store the Start and Gap registers as well as a write counter for

each region. So, the overhead per region goes from 2*N to 3, where N is the number of lines in

the region.

The main advantage of Start-Gap, as discussed earlier, is the small overhead per region and

fast translation. The overhead is also independent of the size of lines being moved around, allow-

ing the scheme to perform migrations at a very fine cache block granularity. The shortcoming of

the technique stems from the very same source. Since we are not tracking writes on a per-line

basis, the wear leveling technique moves every line in the region rather than targeting just the

frequently written addresses. The heavily written lines are moved only once every Gap-Rotation,

and the size of the region determines the Gap-Rotation period. If the period is too long, fre-
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quently written lines could possibly wear out before they are relocated since the moves are not

targeted. These techniques work really well for smaller regions, but as the region size increases,

their efficacy goes down. Start-Gap can be done independently on multiple smaller regions. This

will make the writes uniform within each region but will prevent wear leveling from exploiting

uneven wear across different regions.

2.3.3 Hybrid wear leveling schemes

The two general schemes discussed above are complementary. The algebraic scheme is good

at wear leveling in small regions, and table-based schemes excel at wear leveling across larger

region sizes. The hybrid wear-leveling schemes combine the two in a hierarchical fashion such

that they cancel out each other’s weaknesses. Ouroboros is one such scheme that is used in this

work. It is a two-level wear leveling scheme that migrates data at the local and global levels.

Local wear leveling uses Start-Gap for each frame to keep wear out of memory cells within it

balanced. At the global level, a table-based scheme is used for wear leveling across frames. The

global wear leveling occurs at epoch boundaries, when the total writes since the last epoch exceed

a Global threshold (108). This triggers a reorganization event where a small set of logical blocks

are migrated to different physical blocks. During an epoch, local wear leveling continues within

each physical block. When the number of writes to a physical block exceeds a local threshold

(100), a start-gap movement is triggered shown in Figure 2.7 (a).

Figure 2.8 shows the entries of the table for this scheme. The page number field from the

incoming logical address is used to index into the translation table. The translation table has

the physical page number of the memory location where the logical address currently maps to.
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Figure 2.8: Translation table of Ouroboros [7].

The table also stores Start, and Gap registers for each page. The logical offset to index into the

logical page is transformed into the physical offset by using these registers and performing the

operations specified in Figure 2.7 (b). The physical page number and offset are combined to get

the location of the data being requested in memory, as shown in Figure 2.8.

The translation table also has several counter fields. Theusage counter keeps track of the

wear out of a physical page by counting the writes to it. Thedemand counter keeps track of the

writes to a logical page to help determine frequently written data. Thelocal counter also counts

writes to the physical page and is used to trigger gap movement within the page. Once the gap

movement is triggered, the local counter is reset to zero. At the global threshold, a small subset

(10) of high-demand logical pages are selected and migrated to low-usage physical pages. Details

of the migration policy can be found in the original work [7].
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Chapter 3: Motivation

This chapter motivates our work by quantifying how much room exists for soft write techniques

to improve energy and endurance. We consider a state-of-the-art soft write selection technique,

RRM, adapting it for write energy and endurance gains. Then, we present the Oracle policy that

provides the upper bound and compare RRM against it. Finally, we discuss insights into closing

the gap between them, which will lay the foundations for our approach.

3.1 Region Retention Monitor

In general, soft writes should be employed for frequently written data, whereas hard writes should

be used for infrequently written data. A natural strategy, therefore, is to profile the write fre-

quency and to use the profile for driving soft / hard write decisions. The Region Retention

Monitor (RRM) [8] is a recent soft write technique that adopts this approach.

Figure 3.1 illustrates RRM. RRM employs a hardware table between the LLC and the

memory controller (MC). It gets two inputs from the last level cache and sends two outputs to

the memory controller. The RRM table observes the writes to dirty cache blocks in the LLC

and makes a soft write decision on evictions as they write back to an NVM main memory.

In order to keep the overhead in check, each entry in the RRM table tracks information per

page. The “write counter” field is used to figure out if a page is frequently written and hence
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Region Retention Monitor
Tags Retention Info

hot write_counter decay_countershort_retention
vector

LLC write
Requests

MC write
Requests

LLC writ

Registrations

e MC refresh
Requests

Figure 3.1: Region Retention Monitor hardware table. (Adapted from [8]).

a good candidate for soft writes. Whenever an LLC write is issued to a dirty cache block, a

“write registration” request is sent to the RRM table. If the corresponding page entry is found in

the table, its write counter is incremented. Otherwise, a new entry is inserted into the RRM table

according to the least recently used (LRU) replacement policy. Only dirty blocks are considered

for measuring write frequency to rule out pollution by streaming writes. Streaming writes exhibit

spatial locality, but RRM is interested in capturing temporal locality. When the write counter

exceeds a certain “hot threshold”, the page is considered frequently written, and its “hot” bit is

set. By default, writebacks from the LLC employ hard writes, but once a page’s hot bit is set,

the writebacks switch to using soft writes. When a dirty block is evicted from the LLC, the write

request is sent via the RRM table. If the page corresponding to the memory address being written

is found, RRM uses the hot bit to issue a soft or hard MC write request. This adds the RRM table

to the critical path of the writebacks, and a delay equivalent to RRM lookup is added to memory

writes. Since writes are non-blocking, this does not impact the performance in any significant

way.

Besides controlling the soft and hard writes decisions, the RRM table is also responsible

for tracking softly written data and issuing refreshes. At every retention interval, RRM checks the

32



hot bit of its entries. For each entry in the RRM table with the hot bit set, a refresh request for its

corresponding page is issued to the memory controller. RRM handles refreshes within a page at

memory block granularity. For that purpose, it tracks memory blocks within a page that have been

softly written using a bit vector, called the “short retention vector”. Refreshes are only issued to

the memory blocks marked in the bit vector. Since the circuitry to issue refreshes is present in

the CPU die, RRM also adds a refresh queue at the memory controller to queue these requests.

The memory controller drains this queue at a higher priority to make sure all refreshes happen

before the retention time expires. Issuing all refresh requests in this manner has the potential for

creating bursts of memory accesses at retention intervals where RRM issues refresh requests for

all of its hot pages. These bursts can create congestion as the regular memory requests line up

behind the refresh requests that need to be handled at higher priority. Unfortunately, RRM does

not circumvent this problem by spreading out these refresh requests throughout the retention

interval.

After identifying the hot data for soft write candidates, it is also necessary to detect if

and when the hot data transitions back to being infrequently written; otherwise, the refresh op-

erations could nullify the benefits of the soft writes. In RRM, this is implemented using the

“decay counter.” Periodically, the decay counter is incremented until it rolls over, at which point

the write counter is re-checked to see if it still meets the threshold for a hot page. If so, the

write counter is reduced in half, and the decay counter is reset. If the page stops receiving write-

backs, then the write counter will eventually drop below the hot threshold. When this happens,

the hot bit for the page is cleared, and hard writes are issued to all softly written data. This is

known as a reset hard write, which persists the data and allows the RRM table to stop issuing

refreshes to the page. In the original RRM work, the rollover duration for the decay counter was
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the same as the retention time. This only allows a page with a single retention time interval to

accumulate enough write counter increments. The reset needs to be done when the cost of soft

writes, including refreshes, becomes larger than the cost of hard writes. We observe that a lot of

these premature resets are not needed, and they cause a lot of unnecessary reset hard writes. From

Section 2.2.1, we know that the actual reset threshold is SWA times retention time since that is the

overwrite time when soft writes and hard writes break even. Hence, in this work, we update the

decay threshold such that the decay counter rollover period is equal to SWA ∗ retention time.

We also verified the improved performance of the new rollover period experimentally.

3.2 Oracle Soft Write Selection

To assess the effectiveness of RRM, we developed the Oracle policy for selecting soft versus

hard writes. As shown in Figure 1.2, the best soft / hard write decision depends on how far apart

back-to-back writes to the same memory location are. In our experiments, we simulate an oracle

mode which records the timestamp for every LLC writeback so that this overwrite time can be

computed precisely. More specifically, when performing a writeback, the simulator looks up the

timestamp for the last writeback to the same memory block, and computes the overwrite time.

The simulator then uses this overwrite time to evaluate Inequality 1.1 and determine whether the

previous writeback should have used a soft or hard write. (The Oracle currently optimizes for

endurance; we could also evaluate Inequality 2.15 to optimize for total energy). Accordingly,

the simulator attributes (after the fact) the write energy for either a soft or hard write to the

previous writeback. In the case of a soft write, the simulator also attributes the write energy for

⌊OverwriteT ime
RetentionT ime

⌋ number of refresh operations as well. Then, the simulator updates the memory
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block’s timestamp with the current time, and continues execution.

Effectively, the oracle scheme knows the time when each future write is going to arrive for

every line and uses this information to make a perfect soft/hard write decision. It also handles

refreshes at cache line granularity. RRM and, as we will show in Chapter 4, even our tech-

nique handles refreshes using a global timer. Both of these policies will refresh softly written

data whenever the global timer completes a retention period. This could lead to unnecessary re-

freshes. For example, if the overwrite time of stores to a line is shorter than the retention time,

then refreshes are not needed because the soft writes will keep on refreshing the data within the

retention period. Each memory line in the oracle scheme has its own timer. This timer is reset

whenever the line receives a write. As a result, it avoids any unnecessary refreshes incurred by

having a global timer. Hence, the oracle technique not only provides the best possible soft write

decision for a given benchmark and optimization objective, but it also accumulates the minimum

refreshes too. In short, the results of the oracle scheme provide us the limits of endurance/energy

improvements affordable by soft writes. The implementation of the Oracle policy is described in

Algorithm 1. We add it to our simulator, and compare RRM against it. (Chapter 5 will provide

more details on our simulator).

Figure 3.2 shows the endurance results achieved across several SPEC CPU2017 bench-

marks [70]. It plots the effective SWAend for the soft write techniques (RRM and Oracle). As

discussed in Section 2.2.1.3, effective SWAend quantifies the factor of reduction in wear out pro-

vided by a soft write technique, and it is capped at 10x for our parameter values. For RRM, two

sets of bars are reported: “RRM-base” which employs an RRM table with 4096 entries, match-

ing the original RRM paper [8], and “RRM-aggr” which employs a more aggressive 32,768-entry

table. Parameter values and overheads for both versions of RRM are provided in Table 5.3.
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Algorithm 1 Oracular scheme algorithm.
1: while Write issued (to line i) do
2: if ! the first write to line i then
3: overwrite time← current time− previous write timei
4: if overwrite time ≥ overwrite time threshold then
5: record hard write for previous write to line i
6: else
7: ref count← floor(overwrite time/retention time)
8: record soft write and ref count refreshes for previous write to line i.
9: end if

10: end if
11: previous write timei ← current time
12: end while

▷ When the program ends final write to each line should be hard to make the data
persistent.

13: for all lines do
14: if There was a previous write then
15: record hard write for the line.
16: end if
17: end for

As Figure 3.2 shows, there is significant room for improving RRM. RRM-base has an

effective SWAend of just 1.5x. One reason why these gains are so modest is that RRM-base can

only track 4096 hot pages, which is not enough for our SPEC 2017 benchmarks. When the RRM

table is increased to 32,768 entries–i.e., using RRM-aggr–the effective SWAend jumps to 2.4x.

However, Figure 3.2 shows the Oracle policy achieves an effective SWAend of 7.6x. Not only is

this fully 5x better than RRM-base, but it is also over 3x better than RRM-aggr. This motivates

our study to bridge the gap between prior techniques and what is theoretically possible.

3.3 CPU-Side Reuse Time Prediction

The Oracle policy from Section 3.2 knows the future overwrite time for every LLC writeback,

and uses it to evaluate Inequality 1.1 at each dynamic write. Our work tries to emulate this fine-
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Figure 3.2: Effective SWAend for RRM and Oracle assuming 10 second retention time and 1/10th

wear for soft writes.

grained soft write selection performed by the Oracle. The overhead of doing so for each memory

line would be prohibitively expensive, and the results would not be as good without oracle’s

foresight. We make an important observation that argues in favor of performing fine-grained soft

write decisions at every write instruction executed instead of at their corresponding writebacks.

In order to do so, we observe the overwrite time for certain dynamic writes (which the Oracle

omnisciently knows for all writes) and use these samples to predict the soft write criterion (either
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Inequality 1.1 or Inequality 2.15) for every dynamic store. Our technique is called the Store

Reuse Time Predictor, or SRTP. If high prediction accuracy is achieved, then SRTP can approach

Oracle’s performance.

Unfortunately, as shown in Figure 3.2, RRM is not effective at such predictions. The

problem is that RRM keeps memory access information on the memory side. In order to make

decisions like the Oracle, RRM would have to track access counts on a per-memory location basis

which is completely out of the question. RRM instead aggregates access counts at the page level,

but even so, the amount of predictor state can still be very large. This not only results in large

predictors, but it also incurs long training times (training is needed for every page in memory),

which reduces the number of soft write opportunities that prediction can capitalize upon.

Rather than make predictions from the memory side, SRTP performs the predictions from

the CPU side instead. It observes time intervals between writes to the same main memory loca-

tion, and uses them to directly assess either Inequality 1.1 or 2.15. SRTP associates the resulting

soft write decisions back to the static store instructions linked to those writes. As the store in-

structions execute again, SRTP predicts for every dynamic instance, either soft or hard write,

using the soft write decision previously made for the corresponding static store. The technique is

driven by the following insights into program behavior and store reuse time:

1. At the time of eviction, a dirty cache block could have been modified by multiple instances

of different static store instructions. The only one that matters is the last store instruction

to hit the cache block prior to eviction/writeback from LLC- i.e., the last-touch store.

2. Usually, there could be a lot of unique store instructions in a program but only a few

last-touch store instructions. For example, in the SPEC CPU2017 benchmarks studied in
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the thesis, on an average only 76 static last-touch store instructions account for 90% of

writebacks to the main memory. Because there are a much smaller number of static last-

touch store instructions than there are memory locations stored to, SRTP’s predictor state

is significantly reduced compared to RRM.

3. We find that CPU-side prediction can be very accurate thanks to last-touch store correla-

tion. While overwrite times can vary significantly across different dynamic writes to main

memory, those linked to the same static last-touch store instruction tend to exhibit a single

dominant overwrite time. To illustrate, Figure 3.3 shows the overwrite time histograms as-

sociated with the top-three static last-touch store instructions (PC0, PC1, and PC2) across

five different SPEC CPU2017 benchmarks (bwaves, cam4, lbm, wrf, and x264). Overwrite

time correlation around a single “peak” is clearly visible in each histogram. While the

peak can be wide for some benchmarks (cam4, PC2) or accompanied by secondary peaks

in other benchmarks (x264, PC0), there is nevertheless a single dominant overwrite time

in all cases. Hence, there is also a single soft write decision dictated by Inequality 1.1 or

Inequality 2.15 that is appropriate for each static last-touch store instruction as well. If we

learn the overwrite time peak associated with each static last-touch store PC, it can be used

to make soft write decisions for all the lines touched by it. By training our predictor per

last-touch store PC, we can exploit this correlation to achieve high prediction accuracy.

4. Unlike prediction, which SRTP performs at the CPU side, refresh and reset hard writes are

tied to specific memory locations, and must be performed at the memory side. Worse yet,

as we approach the Oracle’s performance, the amount of softly written data will increase,

making the state for tracking refreshes and resets significantly larger. Fortunately, this state
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Figure 3.3: Reuse time histograms for the top three last-touch stores from three SPEC CPU2017
benchmarks.

does not need to be accessed frequently. SRTP decouples the refresh and reset information

from its predictor, and moves it into main memory to take advantage of higher capacities.

Later, we show how this information can be integrated into wear-leveling data structures.
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Chapter 4: Store Reuse Time Predictor

Having motivated potential benefits, we now present the details of our technique. SRTP adds

new hardware components to a multicore CPU, modifies its existing cache hierarchy, and also

enhances the tables of the wear leveling controller. First, the Reuse Time Detector (RTD) is

added between the LLC and the memory controller. It learns the best soft write decision for each

static store instruction by observing store reuse times. Second, the Soft Write Predictor (SWP) is

replicated per core at the same level as their private L1 caches. SWP uses the soft write decisions

learned by the RTD to predict either soft or hard write for every dynamic store instruction. Each

SWP module predicts for its associated core. Figure 4.1 shows a multicore CPU with SRTP

modules integrated. Third, SRTP adds additional tracking state to all caches that enables RTD

to associate overwrite times to static store instructions as well as SWP to propagate its write

decisions. Finally, SRTP maintains information for driving refresh and reset hard writes in main

memory, which can be integrated with wear leveling. In this chapter, we go over each component

individually and then show how they function together.

4.1 Cache Enhancements

Before discussing the new components added to the processors, let’s go over the enhancements

to an already existing one, the cache hierarchy. Figure 4.2 shows the additional state added to
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Figure 4.1: The hardware modules of the Store Reuse Time Predictor (SRTP) and their input-
output paths.

the cache tags in SRTP. As discussed in Section 3.3, SRTP observes the overwrite time between

writes to main memory and associates it to the store instruction generating the writes. This allows

for making accurate soft write decisions for all future writes by those store instructions. To collect

the last touch store instruction and make it available to SRTP, we extend cache tags in the L1, L2,

and LLC with a store PC field. Each time a store hit occurs to a tracked cache block in the L1,

we write the instruction’s address into this field. Multiple store hits to the same L1 block simply

overwrite each other’s store PC. As dirty L1 cache blocks are evicted, they transfer their store PC

to the L2 and then to the LLC. Thus, on an LLC writeback, the store PC field will have the last
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store instruction to hit the cache block prior to the writeback, i.e., the last-touch store.

V D S

V D S tag

most cache sets (31/32)

sampled cache

V:  valid
D:  dirty
S:   soft write

Tags

... . . .

store PC

tag

Data Blocks

sets (1/32)

Figure 4.2: Additional state added to caches (L1, L2, LLC) shown in red.

One issue with this approach is the high overhead of adding a PC field to the tags of all

cache blocks. For the cache sizes simulated in this work from Table 5.1, the PC fields would

require 1.68 MB. Such a high space overhead of more than 10% of the LLC size is unreasonable.

We lower the tracking overhead of the last-touch stores in two ways. First, since the actual

number of distinct last-touch PCs is very small, it is unnecessary to track all 48 bits. We only

track the 20 least significant bits of the PCs allowing for some aliasing to occur in RTD. The

instances of aliasing are so infrequent that they do not adversely affect the results, as can be

seen in Chapter 6, where SRTP keeps up with the Oracle. Even with reduced bits per PC, the

overhead is still too large at 700 KB. Second, we use dynamic set sampling (DSS) [47, 71] to

further reduce the storage overhead. The key idea behind DSS is that the behavior of the cache

can be approximated by sampling only a few sets. We noted in Section 3.3 that for a particular

last-touch PC, the overwrite time is fairly consistent across all the cache blocks written by it. So,

only sampling a few cache blocks should suffice to capture this dominant overwrite time. In this

work, we sample one out of every 32 cache sets. This further reduces the space overhead of the

PC fields in the cache to a more manageable 22KB (0.14% of LLC). Section 6.3.1 evaluates the
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impact of sampling on SRTP’s performance.

Another modification to the cache fields is the addition of a soft write bit (S) to the tags for

tracking the soft write decisions corresponding to each dirty block. As we will see in Section 4.3,

each write from a core is accompanied by the SWP’s prediction for the soft write decision corre-

sponding to it. The S bit is set to 0 or 1 in L1 when its corresponding cache block is written, and

SWP predicts hard or soft write, respectively. The S bit is propagated to the lower cache levels

as the blocks are evicted from L1. Eventually, when the cache block is written back to the main

memory, it uses soft or hard write based on the final value of the S bit at the time of eviction

from the LLC. While we can use set sampling for the last-touch store PC field since it is only

involved in training, the S-bit must be carried in all cache tags so that every dirty cache block can

be written back to main memory with the appropriate write strength (either soft or hard).

V:  valid

VV store PC timestamp1tag1 timestamp2

. . .

tag2

PC Tags Writeback Tags / Time

...

V

Writeback from LLC

(Write Address,

Last-touch Store,

and timestamp)

Soft write 

decision to SWP

(Last-touch 

store and soft 

write decision)

1

2 3

4

3

Figure 4.3: Reuse Time Detector (RTD) module components, inputs, and outputs.

4.2 Reuse Time Detector (RTD)

The RTD module and its components are illustrated in Figure 4.3 and Figure 4.4 summarizes

the functioning of RTD via a flowchart. It is an associative buffer that performs training for the

SWP modules by observing reuse times (or overwrite times) between LLC writebacks from the

same last-touch store instruction. As specified in the previous section, caches are enhanced to
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Figure 4.4: Reuse Time Detector(RTD) flowchart.

track the PC of the last-touch store instruction of sampled dirty blocks. When a dirty LLC cache

block writes back to the main memory, it is also passed as an input to the RTD along with its

last-touch store PC and the timestamp at eviction (label 1⃝ in Figures 4.3 and 4.4). The RTD
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access happens in parallel with sending the writeback to the main memory. So, it does not delay

the writebacks, unlike RRM, which adds its access latency to writebacks.

RTD entries are tagged with the PC of the store instruction associated with the writeback.

The last store PC of the incoming writeback is matched against the store PCs already stored in

RTD (label 2⃝ in Figures 4.3 and 4.4). In case of a miss, the incoming PC is inserted into the

RTD, and evictions are handled using the least recently used (LRU) policy. If a match occurs,

RTD moves on to compare the current writeback address against the address tags in the matched

entry (label 3⃝ in Figures 4.3 and 4.4). (Notice, with both store PCs and memory blocks as tags,

an RTD lookup involves two matches: the store PC is used to both index the RTD and match one

of its ways, and then the memory block address is used to match one of the data tags associated

with the store PC). If no matching address tag is found, the writeback block address is filled

into the RTD as long as a free entry exists. PC miss will create a new entry with no address

tags, which results in the writeback address always being added. Whenever a block address is

added to a tag field, the time at which the writeback happened is filled into the timestamp field

adjacent to the tag. Later on, if the same memory block is written back again, a match in the

RTD will occur, allowing the elapsed time between the writebacks to be computed by subtracting

the previously stored time from the time on the matching lookup. This writeback-to-writeback

reuse time or overwrite time can then be used to evaluate Inequality 1.1 or Inequality 2.15, thus

determining whether the original writeback should have been a soft write or hard write. Whenever

the overwrite time is calculated, RTD has an output for the soft write decision. This decision can

be linked with a static store instruction from the last-touch store PC associated with the RTD entry

producing the soft write decision. The output of the RTD is then used to train SWP modules by

giving them a store PC value and corresponding soft write decision. This is indicated by label 4⃝
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in Figures 4.3 and 4.4. Section 4.3 will discuss this training procedure in more detail.

A writeback from LLC is directed to RTD only if it is from a sampled set described in the

previous section. Not only does this reduce the tracking overhead in the cache, but also greatly

simplifies the design of the RTD module, as its input bandwidth only needs to be a fraction of

the write bandwidth from LLC. For instance, RTD only needs to support 1
32

of the LLC write

bandwidth in this work. Because of this, the designer would be able to avoid many bandwidth-

improving techniques like pipelining, multi-banking, non-blocking accesses, etc., which signifi-

cantly increase the complexity of the control circuits [72].

One reason why soft write decisions are so challenging to learn is that overwrite times can

be extremely long, on the order of multiple seconds. In that length of time, a significant number

of dynamic store instructions forming a huge number of writeback reuses will occur. Fortunately,

the RTD module only needs to track a tiny fraction of these events for a couple of reasons. First,

the majority of dynamic last-touch stores can be traced back to a few static store PCs. As stated

in Section 3.3, for SPEC CPU2017 benchmarks, 90% of writes can be attributed to 76 last-touch

store PCs. Thus, the RTD only needs to keep track of a few store PCs. For the SPEC CPU2017

benchmarks, we find that 512 store PCs (i.e., RTD entries) are sufficient to capture the “working

set” of static store instructions responsible for most last-touch stores. To minimize conflicts, we

employ 16-way set associativity in the RTD.

Second, as discussed in Section 3.3, writebacks associated with the same static last-touch

store instruction tend to exhibit a single dominant overwrite time thanks to store correlation.

Thus, RTD does not need to track all the lines written by a store PC, and sampling a small

number of writeback-to-writeback reuse events suffices. However, sampling too few reuse events

might also be problematic. Since overwrite times can be very large (multiple seconds), it takes
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RTD some time to learn those. This allows some soft write opportunities to slip through while

RTD is trying to train SWP. So, tracking multiple memory blocks per store PC is beneficial as it

allows for faster training of SWP. The baseline RTD implementation tracks two memory blocks

per store PC, as shown in Figure 4.3. This makes it possible to detect two overwrite times for

each store PC at a time.

RTD uses replacement policies for the PC tags that are akin to caches. We employ the LRU

scheme, but other policies like RRIP, SHIP, and Hawkeye are also viable alternatives. However, a

different approach is necessary for the management of each PC’s address tag entries. Due to the

long duration of writeback-to-writeback reuse events, the memory block tags must be allowed to

linger in the RTD for a long time. Hence, we never evict memory block tags as long as the PC

entry is not evicted. Instead, only the following three circumstances cause the address tags to be

taken off.

1. Should the last-touch store PC entry be evicted. In this instance, its corresponding address

tags and timestamps are also removed to make room for the incoming PC entry. This case

does not happen frequently as the number of last-touch PCs is small enough that RTD is

able to accommodate all of them.

2. When a matching lookup takes place for address tags, and an overwrite time calculation is

completed. This may not necessarily improve the training speed, but it makes the training

process more robust to outliers. For example, if an address tag was not evicted once it yields

an overwrite time value, then RTD will continue to use it for future calculations too. There

is a small chance that the address is an outlier and its overwrite time is different from the

dominant peak of the corresponding last touch store instruction. Consequently, keeping the
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same outlier address tag around would mean that RTD would keep on feeding the wrong

training data to SWPs. Evicting the address tag once it yields an overwrite time candidate

would make the space available for other addresses. Given the majority of addresses will

have the dominant overwrite time, the likelihood of consecutive addresses being outliers is

very small. This allows the RTD to adapt to learning wrong overwrite time values.

3. Even if the address tag does not match, RTD also detects when a tag’s timestamp expires-

i.e., the timestamp becomes so old that Inequality 1.1 or Inequality 2.15 (whichever one is

being used) is guaranteed to be false even though we have yet to see an overwrite occur.

In that case, we conclude that hard write is the correct decision and eagerly remove the

tag, saving the need to wait for the time remaining before the next writeback reuse actually

occurs. This check can be triggered on an address tag miss.

4.3 Soft Write Predictor (SWP)
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Each SWP module, illustrated in Figure 4.5, is a predictor that makes soft or hard write predic-

tions for every dynamic store instruction executed in one of the CPU’s cores. There are multiple

SWP modules in the CPU–one for each core, as shown in Figure 4.1. A core accesses its local

SWP module when it executes a store instruction to predict the type of write to perform. SWP’s

soft write prediction must be recorded in the caches in order for the appropriate type of write to

be executed upon LLC eviction. To do so, it updates the soft-write bit or S-bit in the tags array of

the L1 cache, which was covered in Section 4.1.

SWP needs to update the soft write bit by the time the store instructions finish, so it in-

advertently becomes part of their critical path. SWP accesses must execute with a latency that

is equal to or lower than the fastest execution of store instruction, i.e., a write hit in the L1, in

order to avoid slowing down the execution of programs. The write hit operation in the L1 cache

can be broken down into two steps. The first step is tag lookup, which checks if the block being

written is already present in the cache, and the second is data update, which writes to the block if

it is found in the cache. SWP’s soft write prediction needs to be done by the time the L1 cache’s

tag lookup finishes. Then, S-bit can be updated in parallel to the cache block data modification.

This rules out using an SWP structure that is similar to a cache because doing so would force the

SWP cache to complete a full access (look up and read) in the same time as the L1 cache’s tag

lookup. Assuming we are using the fastest implementation for the L1 cache, this would imply

that SWP’s cache is even faster because it can complete the entire access in the L1 cache’s lookup

stage, which contradicts the assumption. The scenario where the SWP cache misses and the L1

cache hits would be even worse, possibly stalling the store instruction while the SWP cache does

an L2 or LLC lookup.

For predictions faster than tag lookups, we adapt SWP from the skewed predictor organi-
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zation of the ‘gskew’ branch predictor [73]. Here we only have a table that stores the confidence

scores for each PC entry, and the lookup is replaced by indexing using a hash function. There

has been significant work in fast and effective hash functions that entail simple bit manipulation

operations. Aliasing, where different PC values index to the same entry, is a problem with this

scheme and could interfere with training and prediction. To mitigate aliasing, three separate ta-

bles are employed in each SWP module, with each table indexed using a different hash function.

Additionally, the functions are also chosen to minimize the likelihood of collisions in all three

tables for any pair of unique PC values. Section 4.3.1 explains the indexing functions used in

SWP, and Section 4.3.2 goes over the implementation details of the whole module.

4.3.1 SWP indexing

We employ the hash functions from the gskew branch predictor and the skewed associative

caches [73,74]. The objective is to take information, like store instruction PC values in this case,

and hash it to create multiple indices such that collisions between different information values

are kept to a minimum. Consider the incoming binary representation of a PC value is a vector

of bits, ‘P.’ This vector can be further split into three bit strings (P3, P2, P1). P1 comprises the

‘n’ least significant bits of P, P2 has the n bits after that, and P3 is made up of the remaining bits

in P, where 2n is the total number of entries in each table being indexed. Consider the following

definition of a function H, which operates on bit strings of length n (yn, yn−1, . . . , y2, y1):

H : 0, 1, . . . , 2n − 1→ 0, 1, . . . , 2n − 1

H(yn, yn−1, . . . , y2, y1) = (yn ⊕ y1, yn, yn−1, . . . , y3, y2)
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H−1 : 0, 1, . . . , 2n − 1→ 0, 1, . . . , 2n − 1

H−1(yn, yn−1, . . . , y2, y1) = (yn−1, yn−2, . . . , y2, y1, yn ⊕ yn−1)

(4.1)

Essentially, H involves one bitwise exclusive OR operation(⊕) between the most significant

and least significant bits and then shifting the input right to insert the result of the XOR operation

as the most significant bit. It is a fairly simple and fast operation. The inverse operation, H−1,

is equally straightforward, as shown in Equation 4.1. H can be inverted by performing a bitwise

XOR operation between the two most significant bits and then shifting the input left to insert the

result of the XOR operation as the least significant bit. These two functions are used to define

three mapping functions, f1, f2, and f3, that index into different SWP tables as follows:

f1 : P → 0, 1, . . . , 2n − 1

f1(P ) = f1(P3, P2, P1) = H(P1)⊕H−1(P2)⊕ P2

f2 : P → 0, 1, . . . , 2n − 1

f2(P ) = f2(P3, P2, P1) = H(P1)⊕H−1(P2)⊕ P1

f3 : P → 0, 1, . . . , 2n − 1

f3(P ) = f3(P3, P2, P1) = H−1(P1)⊕H(P2)⊕ P2

(4.2)

An important property of these functions is that if two distinct vectors A(A3, A2, A1) and

B(B3, B2, B1) map to the same entry in one of the tables, they will not conflict in the other two

tables if (A2, A1) ̸= (B2, B1). This significantly mitigates the impact of conflicts in SWP. Also,

for a PC bit vector P, only the least significant 2n bits are used by the hash functions to calculate

the indices, where 2n is the size of each table being indexed.
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4.3.2 SWP Implementation

The internal structure of SWP is illustrated in Figure 4.5(a,b). SWP has three tables, each

containing a column of 3-bit saturation counters. Store PC is passed through the hash functions

from Equation 4.2 to calculate a different index per table. The baseline implementation in this

work has 1024 entries per table. So, only the 20 least significant bits of a PC are used by the hash

function. Apart from the space savings, this is another reason why we only track 20 bits of PC in

the sampled sets of cache, as described in Section 4.1.

Training of SWP modules is shown in Figure 4.5(b). As the RTD computes soft write

decisions, it trains the SWP by looking up the three counters associated with the tracked store

PC and incrementing/decrementing each one of them for soft write/hard write decisions. In the

beginning, all the counters are initialized to 0, corresponding to a hard write prediction, but flip

to a soft write prediction as the count reaches a certain “soft write prediction threshold” (T). The

SWP modules are at the same level as the L1 cache, and RTD resides near the LLC. This allows

the training data from RTD to SWP to be transmitted using the cache interconnect, obviating the

need to set up separate communication channels for it.

Simultaneously with training, each CPU core looks up the SWP whenever a store instruc-

tion executes using the store’s PC, illustrated in Figure 4.5(a). Each of the three counters in the

predictor associated with the store PC is then compared to the threshold value (2) to determine

whether the counter reflects a soft or hard write prediction. A majority vote across the three

counters determines the final soft write prediction for the store. (By using all three counters,

destructive aliasing in one table will not negatively affect the final prediction).

The SWP’s soft write prediction must be recorded in the caches so that the correct type of
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write can be performed upon LLC eviction. We add a soft-write bit or “S-bit” to the tags in all

the caches. The SWP writes the S-bit in the L1 tag with its prediction. The S-bit is then copied

into the L2 and LLC tags as the cache block is evicted. When the dirty blocks are removed from

the LLC, the S-bit regulates the strength of the write to main memory.

4.4 SRTP operation
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Figure 4.6: Interaction of SRTP modules.

Now that we have discussed the individual roles of the SRTP components, the next step is to

examine how they function together. Figure 4.6 shows the components of SRTP along with

how they interact with each other. Prediction, training, and refresh are the three main pathways

within SRTP mechanisms. The first two are situated on the CPU die and interact with each other.

Refresh, on the other hand, is relatively isolated on the main memory side. So we discuss it in

the following section with wear leveling. The prediction pathway is primarily handled by the top
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half of Figure 4.6, while training resides in the bottom half.

The prediction pathway begins at the Core when it executes a store instruction (label 1⃝ in

Figure 4.6). The store PC is used to index into the tables of the local SWP module. Depending on

whether or not their counter values exceed the soft write threshold (2), the tables either support or

oppose soft write (label 2⃝ in Figure 4.6). The majority vote is taken into account when writing

the soft write bit (S) in the L1 cache for the data that is being modified. At the same time, if the

cache set is a part of dynamic sampling, the store instruction’s PC value is also recorded (label 3⃝

in Figure 4.6). On eviction from L1-cache, the blocks carry this information along to the lower

levels of the cache hierarchy. The soft write bit determines the type of write that must be done

when the block is finally evicted from the last level cache, and the stored PC value helps with the

training pathway.

The training mechanism is activated when a writeback from a sampled block is issued from

the last level cache. The relevant tag information is sent to the RTD from these writebacks for

overwrite time estimation (label a⃝ in Figure 4.6). The store PC from writeback is compared

against the RTD entries first (label b⃝ in Figure 4.6). A new entry is allocated in the RTD on a

store PC miss, as described in Section 4.2. The remaining portion is triggered only if a store PC

hit occurs (label c⃝ in Figure 4.6). The memory address of the writeback is compared against

the address tags stored in the RTD entry with matching store PC (label d⃝ in Figure 4.6). On an

address match, the timestamp of the matching address tag and current time can be used to estimate

overwrite time. The overwrite time, in turn, gives the appropriate soft write decision for the store

PC (label e⃝ in Figure 4.6). The store PC value and soft write decision are communicated to

SWP modules from RTD for training (label f⃝ in Figure 4.6). Depending on whether soft or

hard writes were deemed appropriate, the relevant counters are incremented or decremented in
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Figure 4.7: Wear leveling table with added fields (in red) for SRTP refresh and reset operations.

the SWP (label f⃝ in Figure 4.6). At the same time, the right counters are selected by indexing

into SWP using the store PC from RTD (label f⃝ in Figure 4.6). Training of SWP modules begins

only when a soft write decision is confirmed. For that, a match must occur for the store PC and

address tag in the RTD.

4.5 Refresh, Resets, and Wear Leveling

In addition to soft write prediction, SRTP must also track the memory pages receiving soft writes

for refresh and reset purposes. As our results will show, SRTP performs many more soft writes

than RRM, which increases the number of pages that must be tracked. We find SRTP can have

100s of thousands of softly written pages (compared to just 4K or 32K pages for RRM-base and

RRM-aggr). Due to its size, we implement the tracking data structure in the main memory.

The tracking data structure contains two fields. First, there is a “soft write bit” for each page

that indicates whether the page has been softly written. This bit is similar to RRM’s hot bit in that

it identifies the pages requiring refresh operations. When a page receives a soft LLC writeback,
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its soft write bit is set. The memory controller checks the soft write bits of a few pages every

ten µsec such that all pages are checked by the end of a retention period. A refresh command

is issued for the pages with their soft write bits set. When performing refresh, SRTP refreshes

the entire page–it does not further distinguish softly written memory blocks within a page as

RRM does to minimize the tracking overhead. Another advantage of moving the refresh tracking

to the main memory is the ability to refresh a small group of pages at a time. As mentioned in

Section 3.1, RRM issues refresh requests for all softly written pages together near the end of each

retention period. This introduces a burst of requests suddenly into the memory system, resulting

in contention, which will degrade performance. SRTP can avoid these bursts by issuing a small

chunk of refresh requests at regular intervals within a retention period, thus handling the refreshes

without flooding the request queues at the controller.

SRTP’s tracking data structure also contains a 3-bit “reset counter” per page. This counter

is used to determine when softly written pages stop receiving soft writes. It is incremented when

the page is refreshed but is reset to zero after every 100 soft writes to the page. If the page

stops receiving soft writes, then the count will continue to rise, signifying that refreshes are

being incurred without any soft write benefit. When the count reaches a threshold (SWA), SRTP

performs a reset hard write: it issues a hard write to every memory block in the page, clears the

soft write bit, and stops refreshing the page. The refresh threshold should be chosen carefully

to avoid resetting the pages while they are receiving soft writes. If the value is too small, then

the pages with overwrite time values larger than the retention time times reset threshold might be

issued resets even though they are still receiving soft writes. This might create a ping-pong effect

where the soft write bit is continuously set and reset, amplifying the writes. The value cannot

be too large either, as that will lead to a lot of unnecessary refreshes once the page stops getting
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soft writes. Keeping the threshold at SWA is the appropriate trade-off. It will cause the resets

just beyond the overwrite time threshold, which is the bare minimum number of final refreshes

to avoid reset amplification.

To implement the soft write bits and reset counters, a separate standalone table could be

created in the main memory. However, we propose to implement SRTP’s tracking data structure

as part of an integrated wear leveling scheme. Wear leveling is still a problem in soft writable

memory systems (soft writes do not affect how the writes are distributed across memory). Yet, to

our knowledge, no prior soft write technique has considered integration with wear leveling.

Section 2.3 covered different wear-leveling techniques employed with emerging NVM.

In this work, we consider Ouroboros; a hybrid wear-leveling technique. It divides the physi-

cal memory into regions and uses table-based wear-leveling across regions. Within a region,

Ouroboros uses Start-Gap to provide wear-leveling locally. Figure 4.7 shows the translation ta-

ble for Ouroboros with the additional bits for handling SRTP’s resets and refresh in red. The

extension of wear-leveling to handle refresh and resets only incurs a 3.8% increase in the table

size.

For each incoming memory request, the translation table remaps it to the actual location of

data to take into account the remapping done by wear-leveling. First, address bits corresponding

to the logical page number are used to index into the indirection table. The corresponding entry

in the table has the physical page number where the data is located. This physical page number

replaces the logical page number in the address. Then the logical offset is converted into a

physical offset using the start and gap registers of the page entry. For writes, all the relevant

counters are incremented, and required migrations are performed as described in Section 2.3.3.

The work needed for SRTP integrates well with the local start-gap scheme. There is no need
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Figure 4.8: Flow chart of Gap Movement operations extended to accommodate the resetting of
reset counter for SRTP.

to separately count writes for setting the reset bit to zero. The local counter is already doing

that, and we can extend the gap-movement circuitry to set the reset bit to 0. Figure 4.8 shows

the extended flowchart for the gap movement. If the memory request is a soft write, then the

soft write bit (S) can be set while translating the address. The refresh circuitry iterates over the

translation table, issuing refreshes to pages whose S bit is set.

59



Chapter 5: Methodology

We use simulations to evaluate our technique against RRM and the Oracle. The timescale of

events we are looking at differentiates this work from the majority of previous work. Archi-

tectural simulators are typically used to study events that exhibit very short time horizons. In

this work, we are interested in studying ReRAM retention events that can span several seconds.

Hence, high-speed simulation is essential for our evaluation. At the same time, cycle accuracy is

important too since we need to faithfully model the overwrite times that drive soft write decisions.

We use the Zsim multicore simulator [75] for our evaluation. Currently, Zsim is one of

the fastest simulators available and can be used to study the time scales demanded by our re-

search. Zsim also provides detailed architecture models that enable cycle-accurate simulation

with validated out-of-order (OOO) core models. Table 5.1 reports the CPU parameters used in

our simulations. We configure the simulator to model a quad-core CPU with out-of-order cores

running at a 2 GHz clock. The system also has a 3-level cache hierarchy. Each core has private

32 KB, 4-way instruction and data L1 caches with 3 and 4 cycles hit latencies, respectively. This

is followed by private 256 KB, 8-way L2 caches with 7 cycles latency for hits. The L3 cache is

shared between all cores at 16 MB size, 16 ways, and 27 cycles hit latency. All caches imple-

ment the least recently used (LRU) replacement policy and a MESI coherence protocol with an

in-cache directory at the LLC.
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CPU
Number of cores 4
Core x86, out-of-order, 2GHz
L1-I Caches Private, 32 KB, 4-way, LRU, 3-cycle hits
L1-D Caches Private, 32 KB, 4-way, LRU, 4-cycle hits
L2 Caches Private, 256 KB, 8-way, LRU, 7-cycle hits
L3 Cache Shared, 16 MB, 16-way, LRU, 27-cycle hits
cache block size 64 B

Main Memory
Memory 667MHz, 8 KB page size, 8 GB capacity, closed page,

FCFS scheduling
Channels 4
Ranks per channel 4
Banks per rank 8
tRCD (read pulse) 140 cycles (210ns)
tWR (write pulse) 280 cycles (420ns)
tRFC (refresh pulse) 420 cycles (630ns)
Endurance 2 × 106 hard writes per bitcell
Read Energy 2 pJ/bit
Hard Write Energy 30 pJ/bit
Soft Write Energy 3 pJ/bit
Refresh Energy 5 pJ/bit
Soft write retention time 10 seconds
Wear Leveling Local threshold 100 writes, global threshold 108 writes,

10 migrations/global epoch, 128 spare frames

Table 5.1: Simulation parameters.
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Something lacking in Zsim is models of non-volatile memory. While there exist NVM

simulators, none of them are fast enough to be integrated into Zsim; doing so would completely

sacrifice the ability to study ReRAM retention events. Fortunately, Zsim exposes many detailed

memory timing parameters that can be configured. We set these parameters to match models

available in NVMain [76], a recent non-volatile memory simulator, to accurately reflect the tim-

ing characteristics of a ReRAM-based main memory system. The major changes are related to

the asymmetric read / write latencies and local refresh from soft writes. We adjust the duration

of read pulse (tRCD) and write pulse (tWR) to take those into account. We also introduce a local

refresh operation whose latency is guided by the tRFC parameter. This operation refreshes row

buffer size worth of cells at a time in a bank. Refresh requires reading the data to be refreshed

into the row buffer and writing it back. As a result, the refresh latency/energy is the sum of both

read and write latencies/energies. Since the row buffer will be unavailable during the refresh

operation, the memory bank it corresponds to should be blocked for the operation. We update

memory models in Zsim to keep the whole bank occupied while part of it is being refreshed.

While a particular bank is executing a refresh command, memory requests can be serviced by

other banks that do not share the row buffer.

Many different latency, energy, and endurance numbers have been reported for ReRAM in

the literature. Without loss of generality, we use the following values for these parameters in our

evaluation. We use a base latency (without contention) of 210ns and 420ns for reads and writes,

respectively [77]. These latencies are introduced into Zsim memory models through the timing

parameters (tRCD and tWR), as discussed earlier. Read energies in the range 1-2.4 PJ/bit [77,78]

and write energies in the range 4.8-53 PJ/bit [77, 79–81] have been reported. We use 2 PJ/bit

and 30 PJ/bit for the read and hard write energies, respectively. Chapter 2 covered that soft write
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energy is 10x less than hard write energy. So, we have soft write energy at 3 PJ/bit. Also, the

refresh operation involves a read and a soft write leading to 5 PJ/bit energy consumption. Lastly,

endurance values between 105 and 107 have been published [35, 82–85]. We use an endurance

of 2×106 hard writes per bit cell. The bottom portion of Table 5.1 reports all the timing, energy,

and endurance parameters employed in the memory system.

The main modification we made to Zsim is to add support for our SRTP technique. Specif-

ically, we added the RTD and SWP modules described in Chapter 4. A single RTD module is

added between the last level cache and the main memory, as shown in Figure 4.1. This mod-

ule gets the writeback information from the LLC when dirty blocks are evicted from sampled

sets. We also implemented one SWP module per core, which resides right next to its L1 cache.

By having RTD closer to LLC and SWP near the L1 cache, these modules can use the already

existing interconnect in the cache hierarchy to communicate. We also added the RRM hard-

ware discussed in Section 3.1–and modeled two versions of RRM–so that we can compare SRTP

against this prior state-of-the-art technique. (The RRM and SRTP parameters are given in Ta-

bles 5.3 and 5.4 and will be discussed later in this section). Lastly, to enable a limit study, we

implemented the Oracle policy from Section 3.2. This requires allocating a separate region of

memory to shadow the main memory, providing space for the per-memory block timestamps that

the Oracle requires.

To drive our simulations, we use the SPEC CPU2017 benchmarks [70]. These are stan-

dardized kernels developed from real world applications designed to compare compute-intensive

performance across hardware platforms. The benchmark suite consists of 23 programs derived

from 10 integer and 13 floating point applications. We employ 19 of these benchmarks in our

study except for gcc, cactuBSSN, povray, and exchange2. While povray and exchange2
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are excluded as they have barely any writebacks making soft writes unnecessary, gcc and cac-

tuBSSN fail to run on Zsim. Table 5.2 lists the benchmarks in order of their memory intensity.

(The benchmarks are sorted on column two of Table 5.2, which reports the number of LLC write-

backs per 1000 instructions, or “WPKI”). We compile the benchmarks using the Gcc compiler

with ‘-O3’ flag, which is the highest level of optimization. In every case, we run the bench-

marks to either completion or up to 8 trillion instructions, whichever comes first. On average,

the benchmarks were simulated for 6.5 trillion instructions and exhibited a wall clock time of

1,584 seconds (about 26 minutes). This allows us to observe numerous ReRAM retention time

intervals for each benchmark, leading to statistically meaningful results. For our wear leveling ex-

periments, we further extrapolate multiple runs of the benchmarks to determine actual lifetimes.

Chapter 7 will describe these extrapolation experiments.

In our experiments, we study both homogeneous and mixed workloads. For the former, we

run the same benchmark on all 4 cores of the CPU. This allows us to study the effectiveness of our

SRTP technique given each benchmark’s unique access patterns, yet, it provides a memory access

rate appropriate for a multicore memory system. Mixed workloads, covered in Section 6.1.4, run

4 different workloads together.

5.1 Hardware Cost

Before presenting the results, we compare the hardware costs for RRM and SRTP. Table 5.3

shows the configuration parameters for two versions of RRM that we evaluate. “RRM-base” has

4,096 entries (256 sets × 16 ways), requiring a 96 KB table. This is identical to the hardware

overhead from the original RRM paper [8]. “RRM-aggr” is a more aggressive version of the
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Benchmark WPKI Inst (T)
lbm 17.8 7.1
fotonik3d 11.4 6.1
omnetpp 5.5 4.2
roms 3.84 8
mcf 3.49 3.9
cactuBSSN 2.25 6.1
wrf 1.86 8
bwaves 1.62 6.6
cam4 1.35 8
xz 0.79 2.3
xalancbmk 0.76 5.1
deepsjeng 0.43 7.4
nab 0.36 8
parest 0.3 8
namd 0.21 8
perlbench 0.17 2.6
leela 0.13 8
blender 0.11 7.1
x264 0.05 7.7
imagick 0.005 8

Table 5.2: Benchmarks used in the study sorted by Writebacks Per Kilo Instructions (WPKI).
Simulated instruction counts are reported in trillions.

scheme with 8x more entries–32,768 entries– and 8x the table size–784 KB. This allows the

aggressive scheme to track more pages and unearth more soft write opportunities. It should be

noted that these tables occupy precious silicon real estate on the CPU die. Overheads comparable

to cache sizes are not very realistic, and hence keeping the on-die overhead within 1% of LLC

size (<160KB) is very important. RRM-aggr is not a practical solution because of this. We

simulate it to demonstrate the effectiveness of our scheme.

While RRM adds a single monolithic table, SRTP adds two hardware structures, the RTD

and SWP modules, and tracking in the cache tags. These are the structures residing on the CPU

die, and they amount to 69.8 KB which is well within the overhead bounds. Table 5.4 shows the

breakdown of the overheads for each component. SRTP also requires 512 KB to track refreshes
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RRM-base RRM-aggr
Sets 256 Sets 2048
Associativity 16 Associativity 16
Hot threshold 4 Hot threshold 4
Decay interrupt 100/16 seconds Decay interrupt 100/16 seconds
Overhead 98 KB Overhead 784 KB

Table 5.3: RRM parameters and overhead.

and resets. This table is large because SRTP is very successful at capitalizing on soft write

opportunities. Since this table is primarily used to refresh or reset softly written data, depending

upon the condition discussed in Section 4.5, it makes sense to keep it closer to the off-chip main

memory. Given the information in this table is not frequently accessed, it can be implemented in

the non-volatile memory. Moreover, if we integrate SRTP with Ouroboros, the refresh/reset bits

can be folded into the wear leveling tables with minimal overhead (see Section 4.5).

5.2 SRTP Modules Area and Energy

In this section, we quantify the area and energy overheads of the SRTP modules. To estimate

these parameters for RTD, we use a cache design tool, Cacti [86–88]. It is an analytical memory

modeling tool maintained by HP labs that can calculate delay, power, area, and cycle time for

various memory technologies. By setting the configuration parameters to be the same as RTD,

its area estimates are 0.44mm2 at the 22 nm technology node. RTD requires 0.18 nJ of energy

per access. This translates to 60 µW of average dynamic power for SPEC CPU2017 benchmarks.

The leakage power for RTD is 14 mW. The dynamic power is so low because RTD is activated

very infrequently. We can compare RTD’s activity to the LLC to get a sense of its power con-

sumption. First, it is only accessed on LLC writebacks which are a small fraction of the overall

LLC accesses. Second, sampling further cuts down a significant amount of activity as only 1
32

of
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RTD
Sets 32
PC Associativity (20 bits) 16
Addresses per PC (48 bits) 2
Timestamps per PC (32 bits) 2
Overhead 11.7 KB

SWP
SWP count 4 (one per core)
#Counter banks 3
Saturating counter entry size 3 bits
Soft write threshold 2
#Saturating counter entries 1024
Overhead 1.1 KB (4*3*3*1024/8 B)

Caches
Soft write bit(S) 1 per entry
Last write PC (20 bits) 1 every 32 entries
Overhead 57 KB (35+22)KB

Main Memory
Soft write bit (S) 1 bit per entry
Reset counter (R) 3 bits per entry
Ovhread 512 KB
Total Overhead 69.8 KB SRAM and 512 KB NVM

Table 5.4: SRTP parameters and overheads.
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the overall writebacks from LLC will be directed to the RTD.

The estimation of area and energy for SWP is not as straightforward as RTD because it

does not resemble a cache structure. So, Cacti cannot be used to perform these calculations for

SWP. But, an individual SWP table is identical to the local predictor of the tournament branch

predictor [89]. We configure the parameters for Xeon core’s local predictor in Mcpat [90] to be

similar to a single SWP table, i.e., 1024 entries of 3-bit saturating counters. By extending the

results to three tables, we get 0.028 mm2 area per SWP module at the 22 nm technology node.

The peak power, including both dynamic and leakage, for each SWP module is 0.05 W. All four

SWP modules combined will occupy 0.112 mm2 area and consume 0.2 W peak power. It should

be noted that the dynamic component of the peak power was calculated using the activity level of

the branch predictor, which is different from SWP modules. The average percentage of store and

branch instructions in the dynamic instruction mix of the SPEC CPU2017 benchmarks is 8.6%

and 14.7%, respectively [91]. As a result, we actually overestimate the dynamic power making

the results conservative at best.

The die size of the intel Ivy Bridge at 22 nm, which is comparable to our CPU, is 170

mm2 [92]. The overall area of SRTP modules at 0.55 mm2 is just a tiny fraction of the die area at

0.3%. So, the results shown in Chapter 6 are achieved at a tiny overhead area. Even the energy

consumption for the module is so low that we can easily ignore it in the memory system energy

calculation of Chapter 6.
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5.3 Assumptions

Evaluating a work with architectural simulations comes with certain assumptions. In this sec-

tion, we outline our assumptions and discuss their plausibility to demonstrate the validity of the

findings in the following chapters.

OS impact:As specified earlier, being able to simulate longer run times is crucial for this work

since we are studying events at larger than usual time scales. Therefore, simulation speed is

important, but it also comes with trade-offs. One such compromise is the inability to simulate in

full system mode with an operating system. Since simulators like GEM5, which can do so, are

very sluggish, it will take them years to simulate the required run time. As a result, we cannot

evaluate the effect of context switching handled by the operating system in this study.

Context switching will affect our results in two different ways. First, running different

programs together will cause interference in the new hardware modules, and second, program

interruptions will affect overwrite time values.

We have experiments that account for the former by running multiple workloads together

on different cores, as shown in Section 6.1.4. The accesses of these workloads will interleave with

one another as they go through the hardware modules. We show that this has minimal impact on

the performance of SRTP.

We do not, however, assess the effects of program interruptions, which can dilate the over-

write time values. This, in turn, would affect the performance of our scheme. Events like ex-

ceptions and interrupts are not significant issues as they are not very frequent and usually last

for micro-seconds. Since we are interested in reuse time on the scale of seconds, infrequent

perturbations on the micro-seconds level will not change the values significantly.
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However, context switching could slow down the execution time of the whole program

by making it time-share the core with other processes/threads. Depending upon the number

of processes sharing the core, this will increase the reuse times for each one of them. If we

have a single dominant workload per core, the reuse time remains unchanged for it, and our

results are valid. If more than one dominant workload is present, the additional workloads will

get time slices of the core based on the scheduling policy. Usually, scheduling policies like a

completely fair scheduler (CFS) in Linux will allocate equal time slices to processes weighted by

their priority. This will increase the store reuse time for a process by a predictable amount that

depends upon its priority and the number of competing processes allowing our scheme to learn it.

Effectively, context switching will shift the store reuse time peaks to higher values. This will lead

to more refreshes and fewer soft write opportunities impacting all soft write schemes, including

the oracle.

The first assumption we make is that either each core has a dominant workload or we have

a completely fair scheduler with predictable time slices for each workload. We leave studying

the impact of context switch interruption on the soft write policies and how to adapt our scheme

to learn the new overwrite time values for scheduling policies other than CFS for future work.

Dual Write: Another assumption is that the hardware for performing dual writes is feasible. In

other words, the access circuitry needed to perform two different types of writes at fine granularity

can be implemented without a lot of extra overhead. Usually, ReRAM writes already use a write-

verify-write technique [93]. Here, they start with a milder write pulse and check the resistance

value. If it is not in the desired state, a stronger write pulse is applied. This verify and stronger

write pulse operation repeats until the cells reach desired state. This is partially responsible for

long write latencies too. Modifying the circuit to stop this process sooner for soft writes should
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not be too expensive.

Readability: Soft write will need not only modification to the access circuits but sensing schemes

as well. The Set state of ReRAM after soft writes will have higher resistance values than hard

writes by the same factor as SWAend, which is 10 in this work. So effectively, soft writes are

reducing the sensing window by a factor of 10x. The reduced the sensing margin between set and

reset states for soft writes might impact sensing circuits. For the purpose of this work, we assume

that the sensing circuit will be able to distinguish HRS and LRS for soft writes too. Given that

the normal sensing window for ReRAM is significantly larger than the 10x reduction soft writes

are causing, this is a reasonable assumption.

We hope to motivate further research at circuit and device levels by demonstrating the

benefit of soft writes.
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Chapter 6: Experimental Evaluation

This chapter presents our experimental evaluation of SRTP and other soft write mechanisms. We

first present the results when optimizing for the endurance objective function 2.9. The following

section covers the results for optimizing total energy using Expression 2.15. Finally, we offer

insights into the various SRTP parameters used in the thesis via sensitivity studies.

6.1 Optimizing for Endurance

As discussed in Section 2.2.1, the threshold store-to-store reuse time value for performing soft

writes varies depending upon the optimization objective. The objective function for endurance

(Equation 2.9) targets an overwrite time value that minimizes the wear out of NVM cells. This

section goes over the simulation results for the endurance objective function and dives into the

reasons for SRTP’s better performance.

6.1.1 Endurance Savings

Here, we quantify SRTP’s improvement in endurance gauged by our figure of merit for

endurance, effective SWAend (defined in Equation 2.17). In Figure 6.1, we plot the effective

SWAend achieved by SRTP and compare it against the Oracle. The graph also plots the en-

durance improvement of the two versions of RRM we simulate, “RRM-base” and “RRM-aggr.”
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Figure 6.1: Effective SWAend for soft write techniques.

As mentioned in Section 3.2, the Oracle policy achieves an effective SWAend of 7.6x. Figure 6.1

shows SRTP’s effective SWAend is 6.2x, which is within 18.5% of the Oracle. This is a signif-

icant improvement over RRM-base and RRM-aggr, whose effective SWAend are just 1.5x and

2.4x, respectively. Overall we achieve 4.1x better endurance savings compared to the original

RRM (RRM-base) and 2.6x savings over the unrealistically aggressive version of RRM (RRM-

aggr).

To provide further insights, Figure 6.2 breaks down the types of writes performed by RRM
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(base and aggressive), SRTP, and Oracle. In addition to the soft write, refresh, and hard write cat-

egories, Figure 6.2 further breaks down reset hard writes into “eviction” and “decay” categories.

The eviction category includes resets due to a shortage of tracking entries. The majority of resets

for RRM fall into this category, alluding to a significant shortcoming in keeping track of relevant

data. The decay category includes resets that occur when a technique predicts it is no longer

profitable to continue issuing soft writes to specific memory locations. All bars are normalized

to the total number of writebacks induced by the application. (Because refreshes and resets are

in addition to the applications’ normal writebacks, the breakdowns add up to more than 100%).

As Figure 6.2 shows, SRTP does two things very well. First, it is able to identify and

convert a significant fraction of writes into soft writes. On average, 92% of the application-level

writes for SRTP are soft writes, whereas the percentage of soft writes for RRM-base and RRM-

aggr is only 30% and 51%, respectively. SRTP is also very close to Oracle, which performs 95%

of the application-level writes as soft writes. This is mainly why SRTP’s endurance results in

Figure 6.1 are superior to RRM and nearly match that of the Oracle. Second, SRTP has a very

small number of reset hard writes, just 0.6%, whereas the RRM policies have many more reset

hard writes. In particular, RRM-base and RRM-aggr incur 17% and 5.8% resets, respectively,

primarily due to evictions. (By definition, the Oracle has zero resets since it omnisciently knows

when to perform hard writes).

The improvements over the state-of-the-art RRM can be attributed to several factors. First,

the overwrite time metric SRTP tracks (Equation 2.9 or 2.15) is much more accurate compared

to a heuristic estimation of hot pages in RRM. Overwrite time between consecutive writes to

the same line gives very precise information on whether switching to soft writes is worthwhile.

Decisions guided by the hotness of pages determined by counting writes to them are not as
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Figure 6.2: Breakdown of different types of writes normalized against the writes without soft
write techniques.
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accurate. Frequently written pages could be identified, but if a program has a lot of sporadically

written pages, they might not be considered hot by RRM, even though the overwrite time is

within bounds for soft writes. While on the other hand, SRTP uncovers practically all soft write

opportunities because it accurately predicts overwrite time and applies the soft write criterion–

Inequality 2.9 or 2.15–to precisely determine the profitability of soft writes for each cache block

that is written. This fine-grain manner of soft write decision mimics the behavior of the Oracle, at

least for predictions. For refresh and resets, we still track information at a coarser page granularity

to reduce overhead. In contrast, RRM’s soft write decisions based on coarse-grained page access

counts are inaccurate, missing numerous soft write opportunities. For instance, we find that many

soft-write candidates may not land on a hot page, particularly when access patterns are sparse.

These candidates may still individually exhibit the store locality that warrants employing soft

writes.

Not only does SRTP exhibits higher accuracy, but the overhead required to track hot pages

in RRM is much larger compared to tracking last-touch store instructions in SRTP, as a single

instruction ends up writing to many pages. This is evident from the size of the tables used to

track this information in SRTP and RRM. The RTD requires only 11.7 KB, which is 8 and 67

times smaller than the hardware tables used in RRM-base and RRM-aggr, respectively. Despite

its small size, the RTD is able to track almost all last-touch store PCs. As a result, we don’t

observe a lot of evictions from RTD. In contrast, RRM (especially RRM-base) incurs numerous

evictions, as evident from the reset eviction components in Figure 6.2. Overall, SRTP’s CPU-side

prediction mechanism is much lighter weight compared to RRM’s memory-side predictor. There

are simply many more memory locations written to than there are store PCs writing them.

And lastly, SRTP’s lighter weight mechanism also makes it more adaptive. Even if RRM
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was able to track every page in memory, it would still need to train on every page. Inevitably,

some hard writes would sneak through due to long training times. In contrast, SRTP only needs

to train on the last-touch store PCs, which can happen rapidly because there are so few of them.

Once SRTP has trained for a last-touch store PC, all the pages touched by it will be covered. This

allows SRTP to make correct soft write decisions much sooner, as is evident from a much lower

fraction of hard writes for SRTP in Figure 6.2.

In conclusion, a PC-based policy is not only able to track soft writes better, but it also has

a much more accurate metric for doing soft writes and needs to be trained less frequently. Due to

all of these advantages, SRTP comes within 18.5% of the ideal results.

6.1.2 Energy Savings

Although our experiments in this section use Inequality 2.9 to explicitly optimize for en-

durance (instead of Inequality 2.15 to optimize for energy), they still show significant energy

improvements. The threshold overwrite time value beyond which soft writes are not beneficial

is 6.4× retention time for optimizing energy instead of 10× retention time for maximizing en-

durance. Inequality 2.9 performs soft writes for overwrite time between 6.4× retention time and

10× retention time, which when combined with refresh operations, consumes more energy than a

single hard write. However, this is just a tiny portion of the writes, and we still get energy savings

overall.

Figure 6.3 presents our energy results. In Figure 6.3, we plot the total energy incurred in the

memory system normalized to the energy consumed by the baseline memory system that always

performs hard writes. The figure also breaks down the total energy into reads and different types
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of writes. (Reset hard writes are folded into the hard write category for clarity). We plot the

data for RRM-base, RRM-aggr, SRTP, and Oracle schemes along with an additional bar for the

baseline system with just hard writes. The energy consumed by the SRTP modules (RTD and

SWP) is also part of the soft write energy since they are the enablers of it. However, the energy

consumption of these modules is miniscule (see Section 5.2), so their contribution can be safely

ignored.

On average, there are 4.5x more reads than writes in SPEC CPU2017 benchmarks. Regard-

less writes still consume 76% of the memory system energy, on average, as the breakdown of the

“Baseline” bars in Figure 6.3 shows. For the most write-intensive benchmark, lbm, writes ac-

count for 92% of the energy. The writes need to bring about physical changes in the device. They

require higher voltage and current, consuming disproportionately higher energy than reads, as

illustrated in Table 5.1. This significantly increases the energy consumption of the main memory

system making soft write techniques essential.

Unfortunately, on average, RRM-base provides only a small 3.3% reduction in energy.

This is primarily because baseline RRM incurs a great deal of auxiliary hard writes in terms of

resets that consume a lot of energy. The situation is significantly worse for some benchmarks

with many resets, like imagick, lbm, omnetpp, xz, etc., where RRM-base ends up increasing the

energy consumption rather than reducing it. These are mostly decay-based evictions, so even

changing the optimization objective to be more favorable to energy reduction will not help. The

issue is tied to the tracking capability of RRM-base. RRM-aggr does better, providing a 27%

energy reduction on average. The much larger tables in RRM-aggr eliminate a fraction of reset

hard writes caused by unnecessary evictions. This results in some energy savings for the majority

of benchmarks (energy consumption is still higher than the baseline for imagick).
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Figure 6.3: Breakdown of memory system energy normalized against main memory energy with
only hard writes.
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In contrast, SRTP brings forth a significant reduction in memory system energy by reducing

the energy consumption of writes by 4.3x. Overall this results in 2.12x reduction of total energy

consumed by the memory system for the endurance optimization objective (Expression 2.9).

Also, there are no outliers for SRTP where energy consumption increases because of auxiliary

writes. The ideal energy savings for the endurance objective function provided by the Oracle is

2.25x, which puts SRTP within 5.8% of the Oracle.

6.1.3 Performance Impact

The performance impact of SRTP is minimal as both of its modules are designed to be off the

critical path of the CPU. RTD is accessed for writebacks from the sampled sets of LLC. However,

this access is done in parallel to sending the write request to the main memory. Hence, no

additional latency is added to LLC writebacks by RTD. The store instructions with SRTP need

to update the soft write decision bit along with writing the data in the cache. This puts the

SWP modules on the critical path of store instructions being executed on their cores. To avoid

any slowdown in the execution of store instructions, it is imperative that the soft write decision

is faster than the L1-cache tag lookup. For this reason, we chose a hashed structure for SWP

instead of the tagged one in Section 4.3. It is similar to the local predictor from the tournament

branch predictor, which comfortably finishes the access in a single cycle [89, 94]. So, the SRTP

modules are carefully designed to overlap their latencies with the regular operations of the cores

and do not impact their operation directly.

On the other hand, for RRM, all writebacks from LLC must first access its hardware table

before being sent to the main memory. So, RRM latency is added to writebacks, but since writes
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are buffered and do not block the core, this latency is also easily overlapped. Hence, soft write

techniques do not degrade the performance too much compared to the baseline system with only

hard writes.

Instructions per cycle (IPC) is a standard metric to quantify a processor’s performance. It

is the ratio of total instructions executed and the number of cycles consumed while doing so for a

particular benchmark. This tells us the average instructions executed per cycle by the processor,

so higher is better. Figure 6.4 reports IPC values for various soft write techniques as well as the

baseline system with only hard writes.

Soft write techniques improve energy and endurance. However, they also add extra writes

in terms of refreshes and resets. Writes are usually buffered, which allows them to be off the

critical path of the cores. These additional memory operations are even more separated from the

cores since they are handled by the memory controller. Nevertheless, they can still impact the

performance by increasing the contention in the memory controller, for example, if a read request

queues behind an auxiliary write in a memory bank. In that case, the additional write indirectly

blocks a core by delaying its blocking read operation. Figure 6.4 reports the IPC for the different

techniques we evaluate. All of the soft write techniques incur a very small performance penalty,

indicating that contention effects are minimal. In the case of SRTP, there is a 4.3% performance

degradation averaged across all SPEC benchmarks. SRTP’s performance hit is the largest since

it is also the most aggressive in issuing soft writes (and hence, incurs the most refreshes). But,

SRTP’s performance impact is minimal relative to the energy and endurance gains it provides.
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Figure 6.4: Performance impact of soft write techniques.

6.1.4 Mixed Multiprogrammed Workload Impact

Thus far, we have only considered individual benchmarks where the same program runs on all

four cores. This provided insights into how various soft write techniques adapted to the access

patterns unique to each benchmark. Real-world multicore systems usually have different work-

loads running together. The performance impact of uneven pressure different workloads put on

various shared resources like LLC, network on chip(NoC), main memory, etc., are well docu-
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Mixed Workload Benchmarks Write Count(Billions)
mix1 (4 High) lbm, fotonik, omnetpp, roms 63.3

mix2 (4 Medium) bwaves, cam4, xz, xalancbmk 8.1
mix3 (4 Low) imagick, blender, x264, leela 0.7

mix4 (2 High + 2 Low) lbm, fotonik, imagick, blender 19.8
mix5 (2 High + 2 Low) omnetpp, roms, x264, leela 12

mix6 (2 High + 2 Medium) lbm, fotonik, bwaves, cam4 53
mix7 (2 High + 2 Medium) omnetpp, roms, xz, xalancbmk 13.4
mix8 (2 Medium + 2 Low) bwaves, cam4, imagick, blender 5
mix9 (2 Medium + 2 Low) xz, xalancbmk, x264, leela 1.3

Table 6.1: Mixed multiprogrammed workloads.

mented [95–101]. Soft write techniques also have shared structures like the hardware table in

RRM and RTD in SRTP. So, studying the impact of heterogeneous workloads is crucial to under-

standing the readiness of these schemes for deployment in real systems.

For this purpose, we created mixed workloads by combining SPEC CPU2017 benchmarks.

The benchmarks in Table 5.2 are grouped into high, medium, and low write intensity (WPKI)

categories. We picked 4 representative benchmarks from each category and used them to create

new mixed workloads. Table 6.1 shows the nine multiprogrammed workloads we created and the

mix of write intensities they represent. The first three mixes have different benchmarks but with

similar write intensities(all high, all medium, or all low). This will allow us to study the impact

of multiple programs for each write intensity category. For the remaining six mixes, we combine

benchmarks from different categories. These will have different programs that also vary in their

write intensities running together. Figure 6.5 plots the endurance results for these workloads in

the exact same format as Figures 3.2 and 6.1.

Figure 6.5 shows that SRTP does even better on mixed workloads. On average, SRTP

achieves an effective SWAend of 6.8x, up from 6.2x in Figure 6.1. This might seem counter-

intuitive since we were expecting the performance to be worse for heterogeneous benchmarks.
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Figure 6.5: Effective SWAend for mixed workloads.

Just looking at effective SWAend is misleading as the Oracle’s performance improves as well

from 7.6x for homogeneous benchmarks to 8.4x for mixed workloads. So, there are more overall

soft write opportunities in the case of these benchmarks and hence the higher endurance numbers

for SRTP.

A better way to gauge the effectiveness of SRTP would be to consider its difference from

the maximum achievable endurance savings of the Oracle. For mixed workloads, SRTP comes

within 19.1% of the Oracle, up from 18.5% for individual benchmarks in Figure 6.5. Since SRTP

lags further behind the Oracle for mixed workloads, its performance does suffer but only by a

small amount (0.6%). The primary reason behind this is the additional pressure on RTD as, in

this case, it needs to track the last-touch store PCs for multiple programs. This increases the

amount of state it has to cover, leading to more missed opportunities. Nevertheless, as discussed
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in Section 3.3, typically, there are not a lot of unique last-touch store instructions in a program

(On average, only 76 last-touch PCs account for over 90% of writebacks). So, the current ca-

pacity of RTD at 512 entries is enough to handle the additional pressure without impacting the

performance of SRTP too much. Another possible reason could be aliasing in RTD, where PC

values from different programs might collide. This can be easily resolved by adding “core-id”

bits to the instruction tags that will differentiate the colliding PC values. However, given the

small number of important last-touch static stores and a large number of overall instruction ad-

dresses available, the chances of these last-touch store instructions having the same PC values for

different workloads are negligible. This allows us to omit the core-id bits without worrying about

aliasing in RTD. The experiments simulate aliasing, and SRTP is already fairly close to the ideal

oracle’s performance, supporting this argument.

While the value of SRTP’s endurance gains improves for mixed workloads managing to

keep up with the oracle, RRM’s performance worsens. The effective SWAend for RRM-base

is down from 1.5x to just 1.13x for mixed workloads. While RRM-aggr does better than that,

its effective SWAend is still reduced from 2.4x to 1.8x. Overall, SRTP is 6x and 3.8x better

than RRM-base and RRM-aggr, respectively, up from 4.1x and 2.6x in Figure 6.1. So, RRM’s

sensitivity to multiple workloads running together is much higher than SRTP.

Another observation we can draw from Figure 6.5 is the behavior of soft write techniques

as we move from high to low write intensity (mix1 to mix3). The gains from the Oracle reduce

since benchmarks that do not write very frequently often have large store-to-store overwrite time

values limiting the soft write opportunities. The Behavior of SRTP and RRM relative to the

Oracle is the exact opposite here. SRTP is very close to the Oracle’s results for write-intensive

benchmarks (SRTP is within 13% of Oracle for mix 1), but as write intensity reduces, the distance
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Figure 6.6: Breakdown of different types of writes for mixed workloads normalized against the
writes without soft write techniques.

between them grows (SRTP is within 37% of Oracle for mix3).

This is again due to the fact that there are fewer soft write opportunities overall as well as

each last-touch PC does far fewer writes for mix3. As a result, SRTP can take less advantage

of the overwrite time values it learns for these PCs. RRM, on the other hand, gets barely any

benefit for write-intensive benchmarks (RRM-aggr is 8.4x times lower than the Oracle for mix1).

However, as the write intensity reduces, it starts to catch up (RRM-aggr is 2x lower than the
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Oracle for mix3). SRTP still outperforms RRM in all cases. Just the margin is not as high when

less write-intensive benchmarks are running. Usually, if a benchmark is not writing a lot to the

main memory, it stands to reason that it will not be modifying a lot of pages. This reduces the

amount of state page-based policies need to track, allowing them to catch up.

Figure 6.7: Memory system energy breakdown for mixed workloads.

The write-intensive workloads (mix1) issue 90 times more writes than the multiprogrammed

workload with low write intensity (mix3), degrading the NVM endurance faster by the same fac-
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tor. So soft writes are sorely needed for programs that write a lot to main memory. SRTP is a

better technique in this regard since its efficacy improves with the write intensity of the work-

loads. In contrast, RRM does not deliver endurance savings where it matters the most. As we will

see in Sections 7.3 and 7.4.1, the baseline scheme with only hard writes provides a reasonable

lifetime for programs with really low write intensity. Soft write techniques are needed mainly for

write-intensive programs. This is not limited to the case where all programs are write-intensive.

Even if a write-intensive benchmark is running with other programs that do not write as often, it

will end up dominating, skewing the write intensity of the mix to the higher side. This is evident

for mixed workloads from 4 to 7. SRTP follows the Oracle closely while RRM provides very

small endurance gains (RRM-base even makes the endurance worse in some cases). RRM gets

some gains when only low or medium write-intensity programs are running. Which we have

already established is not the main target for soft write techniques. Also, in a realistic system,

there is a good chance some of the programs that are running together at any instant will have

high write intensity, rendering RRM ineffective.

Figure 6.7 plots the main memory energy for the mixed workloads normalized to the base-

line energy of hard writes only case similar to Figure 6.3. The same issue persists that writes

consume a significant portion of energy in the baseline system at 81% and reads only account for

19% of energy consumption. Bringing this asymmetrically high write energy down is imperative

to keep the energy budget in check as the storage and workloads scale. RRM-base and RRM-

aggr reduce energy consumption by 1.04x and 1.5x, respectively. RRM-base especially struggles

when write-intensive benchmarks are present in the mix, and its energy consumption is more than

the baseline for all of those cases. This is for the same reason that a write-intensive benchmark

tends to modify a lot of pages. The capacity of RRM-base is not enough to keep track of all of
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these pages, and this also interferes with other programs running alongside the write-intensive

ones. This results in a lot of eviction based resets as well as fewer opportunities for soft writes, as

shown in Figure 6.6. RRM-aggr manages to do better because of the unrealistically high capacity

afforded to it. SRTP reduces the overall energy consumption by 3x, which is within 11.7% of the

Oracle’s reduction in total main memory energy of 3.4x. Similar to our discussion earlier about

the endurance savings, behavior of RRM and SRTP is very similar in the case of energy savings.

RRM works better for the less write-intensive benchmarks, which are not the primary target of

this study. On the other hand, SRTP tends to reduce energy consumption by a larger amount for

the write-intensive benchmarks where it is desperately needed while maintaining a significant

lead over the state-of-the-art in all cases.
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6.2 Optimizing for Energy

The last section presented results for soft write policies with the optimization objective

geared towards maximizing endurance. As we saw in Section 2.2.1, the optimization criterion

for minimizing total energy consumption is different from endurance because it needs to consider

total energy while endurance optimization only considers write energy. This results in refresh

operations becoming costlier from total energy perspective, as they perform a read and a write.

So, in this case, we can afford to do less number of refreshes before they break even with hard

writes.

6.2.1 Energy Savings

Equation 2.15 gives the overwrite time threshold for energy optimization. Substituting the energy

values from Table 5.1 gives us the SWAegy of 6.4x, which is lower than the SWAend of 10x on

the account of added read energy for refresh operations. This means one soft write and 6.4

refreshes break even with a single hard write in terms of total energy consumption. Since we

cannot have fractional refresh operation, we set the SWAegy to 6x. This allows soft writes with

overwrite time values incurring up to 6 refresh operations before the next write arrives.

Figure 6.8 plots the total main memory energy normalized to the energy of the baseline

system with only hard writes. Similar to Figure 6.3, it also breaks down the total energy into

reads and different types of writes. The baseline bar is for the system without soft writes, which

highlights energy spent in reads and writes. We also plot data for RRM-base, RRM-aggr, SRTP,

and Oracle schemes. We can safely ignore the negligible energy consumed by SRTP modules

(see Section 5.2) in the same manner as in Section 6.1.2.
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Figure 6.8: Breakdown of memory system energy normalized against main memory energy with
only hard writes for total energy optimization objective.
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For SPEC CPU2017 benchmarks, the energy optimization results are not that different from

the results for endurance objective. This is due to two factors. For starters, the number of writes

with overwrite time in the range between energy and endurance objectives (60 to 100 seconds)

is small. On an average, only 1% of soft writes get converted to hard writes when we reduce the

overwrite time threshold from 100 seconds to 60 seconds. Second, writes with long overwrite

time provide diminishing results. So, switching them between soft and hard writes does not make

a lot of difference. For example, consider two write streams with overwrite time values of 1 and

80 seconds, respectively. Converting the faster stream from hard writes to soft writes will reduce

their energy consumption by 8.5 times. Switching the slower stream from soft writes to hard

writes, on the other hand, will only reduce their energy consumption by 1.4 times. As a result,

for particularly large values of overwrite time, the number of writes is fewer, and the returns are

diminishing. Hence, changing the optimization objective from endurance to total energy only

reduces the energy consumption for the ideal oracle by 7.5%. SRTP’s energy savings are also

very similar to endurance objective at 2.45x.

6.2.2 Endurance Savings

Figure 6.9, plots the effective SWAend for SPEC CPU2017 benchmarks, when total energy op-

timization objective is used. The endurance results are also quite comparable to the endurance

optimization objective for the same reasons discussed in the last section. The writes in the range

where energy objective differs from endurance objective are much smaller with diminishing im-

pact on endurance. The effective SWAend for RRM-base, RRM-aggr, SRTP, and Oracle are 1.46,

2.5, 6.23, and 7.62, respectively.
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Figure 6.9: Effective SWAend for soft write techniques with energy optimization objective.
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6.3 Sensitivity Studies

The previous two sections presented the energy and endurance advantage of SRTP at a mini-

mal performance cost. We demonstrated substantial improvements over the state of the art and

proximity to the Oracle policy’s results. In this section, we conduct sensitivity studies for var-

ious parameters associated with SRTP, study their impact on its performance, and discuss the

underlying reasons for any changes.

6.3.1 Impact of Sampling in Cache

SRTP needs additional hardware on the CPU die to detect the overwrite time for last-touch store

instructions and associate correct soft write decisions to the data written by them. The majority

of processors use writeback caches at the lower levels, where writes are not sent to the main-

memory immediately when a store instruction is executed. The modified data lingers in the cache

and is sent to the main memory only when evicted from LLC by another piece of incoming

data. When the written data is being sent to main-memory, RTD needs its address and last-touch

store instruction to determine the overwrite time which in turn guides the soft write decisions

(Section 4.2). While the address is available at the time of eviction, the last-touch store PC values

are only accessible when executing the store instructions, not during the writebacks from LLC at a

later point. Hence, this necessitates storing the last-touch store PC values along with the modified

data. As discussed in Section 4.1, the overhead of storing the last-store PC could account for up

to 10% of the LLC cache capacity. SRTP employs dynamic set sampling (DSS) to make this

overhead more reasonable. Here, a small fraction of cache sets are chosen, and last-touch PC is

tracked only for these sampled sets. This reduces the tracking overhead by the sampling factor.
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Sampling fraction PC tracking overhead (KB) SRTP on die overhead (KB)
1 701.4 749.3
1/8 87.7 135.6
1/16 43.8 91.7
1/32 21.9 69.8
1/64 11 58.9
1/128 5.5 53.4

Table 6.2: Variation of SRTP overhead on CPU die with sampling fraction.

For instance, the overhead is 32 times lower if we sample one out of every 32 sets. If a particular

behavior is stable across cache sets, sampling a few sets is adequate to get the complete picture.

DSS has previously been used with cache replacement policies, dead block prediction tech-

niques etc. To the best of our knowledge, this is the first time it is being used while ascertaining

the overwrite time values. The impact of DSS on the accuracy of our technique would depend

upon the stability of the behavior it is trying to capture. Section 3.3 demonstrated the overwrite

time value has a single dominant peak for an individual static store instruction of a program.

Hence, sampling only a few instances of each last-touch store instruction is sufficient to capture

this behavior, making DSS a good fit to reduce overhead for SRTP without seriously compromis-

ing the accuracy of the scheme.

This section studies the impact of sampling on SRTP’s performance. Sampling fraction is

the ratio of sample size to the population size. We modify the sampling fraction by changing

the number of sampled cache sets and observe the variation in the endurance savings for SRTP.

Figure 6.10 plots effective SWAend for SRTP as sampling fraction is varied from 1 to 1
128

, which

represent cases where all sets have PC tags to one in every 128 sets has a PC tag, respectively.

The tracking overhead for last-touch store PCs goes by the sampling fraction and is shown in

Table 6.2. Effectively, we are trading off overhead by choosing to sample frequently in the cache
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Figure 6.10: Sensitivity of effective SWAend for homogenous benchmarks to the sampling frac-
tion for last-touch PC tags in cache.

hierarchy. It also shows the overall on die SRAM overhead of SRTP. The NVM overhead on the

memory side is omitted as it remains constant at 512KB.

The no sampling case with sampling fraction of 1 has effective SWAend of 6.28 which is

0.3% more than the result for baseline SRTP with sampling fraction of 1
32

. This is reasonable

price to pay for 10.8 times reduction in the table overhead on the CPU die. The results also

demonstrate that the sampling fraction can be reduced all the way down to 1
128

without further
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degrading the performance. This makes the current SRTP overhead conservative with a further

scope for 23.5% reduction. Overall, very small changes in performance with sampling further

underscores the stability of the store overwrite time values as well as SRTP’s ability to ascertain

it with only a few instances.

Figure 6.11: Sensitivity of effective SWAend for mixed workloads to the sampling fraction for
last-touch PC tags in cache.

Very similar behavior is observed for mixed workloads with sampling shown in Figure 6.11.

Sampling has almost negligible impact on the performance of SRTP with effective SWAend

increasing by only 1.4% when sampling fraction was changed from 1
32

to 1. When the sampling

fraction is reduced beyond 1
32

, the results don’t change. Therefore, earlier observation about

sampling and its effect on endurance savings holds true whether the workloads are homogenous

or mixed.
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6.3.2 Impact of RTD Entries

The reuse time detector is responsible for identifying the overwrite time peaks associated with

each last-touch store PC, as described in Section 4.2. The SWP modules are then trained using

this data to generate soft write predictions for those PC values. In contrast to the typical microar-

chitectural components like branch predictors and prefetchers, which cover events at the scale of

nanoseconds, we are interested in detecting overwrite time values that are in the range of seconds.

This means the entries in RTD need to persist for seconds to make a prediction. Consequently, it

is crucial to have enough entries in RTD to accommodate the majority of static last-touch store

instructions associated with the programs executing on the cores. We have noted that there are

typically not a lot of these instructions in a program; hence, RTD does not require a lot of stor-

age. For the SPEC CPU2017 benchmarks, the top 76 last-touch store instructions account for

over 90% of all program writes, though not all of them are active simultaneously.

This section examines the effects of RTD’s capacity to track different PC values by varying

the number of entries associated with it. The more entries the RTD is assigned, the more last-

touch PC values it can track without displacing other entries. But, this also means that on-chip

storage overhead will increase. Therefore, striking a balance between the two is very important

where we get optimal performance out of SRTP without taking up a lot of space on the CPU die.

Figure 6.12 plots the effective SWAend for SRTP while varying the RTD entry count. Here, we

increase the number of sets in RTD from 2 to 128 while keeping the associativity constant at 16.

This increases the RTD entries from 32 to 2048, and the overhead is increased from 1.5 KB to

46.8 KB.

The rate of eviction for last-touch PC entries in RTD goes down as more space is allocated
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Figure 6.12: Sensitivity of effective SWAend for homogenous benchmarks to the number of
entries in SRTP.

for them. Figure 6.13 shows the average rate of evictions (number of evictions divided by total

accesses) in RTD for SPEC CPU2017 benchmarks as the number of RTD sets is altered. Beyond

32 sets, the eviction rate is almost zero. The hit rate increases with more entries as fewer evictions

suggest RTD can better accommodate the working set of last-touch PCs. Figure 6.14 plots the

average last-touch PC hit rate in RTD for SPEC CPU2017 benchmarks. The RTD can keep the

entries for longer as the hit rate increases, allowing it to learn the large-scale overwrite times.
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Figure 6.13: The average last-touch PC entry eviction rate in RTD for SPEC CPU2017 bench-
marks for varying RTD entries.

Consequently, we observe improvement in effective SWAend, which went from 5.42x for 2 sets

to 6.27x for 32 sets. With gains plateauing at 32 sets, the tracking overhead is not too high for

homogenous workloads. In fact, RTD is almost four times over provisioned because, with the

exception of three benchmarks, the endurance gains for the 8 sets closely follow those for the 32

sets. On average, the effective SWAend for 8 sets is 6.02x which is within 96% of the maximum

achieved at 32 sets. It is possible to cut the RTD overhead by 4 times at a small cost of 4%

reduction in endurance savings.

Mixed workloads are more sensitive to the number of RTD entries since they have a more

diverse set of static store instructions to track. Figure 6.15 plots the effective SWAend for mixed

workloads from Table 6.1 at varying number of RTD sets while maintaining associativity constant

at 16. Similar to the homogenous case, as more entries become available, the store PC hit rate
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Figure 6.14: The average last-touch PC hit rate in RTD for SPEC CPU2017 benchmarks for
varying RTD entries.

increases and the eviction rate goes down. Once more, the performance peaks at 32 sets, but this

time, RTD is at most two times over provisioned. The endurance savings start to decline more

quickly, as the number of sets is decreased below 16. Effective SWAend drops by almost 23%

from baseline to 5.23x when number of RTD sets is reduced to 2.

6.3.3 Impact of RTD Associativity

Hardware caches use a small set of bits from the address to index into the sets. This often

results in situations where many accesses pathologically map to a small number of sets. If direct

mapped cache was used with just one entry per set, then these conflicts would cause frequent

evictions from cache even though space was available in other sets. RTD is very similar to cache

with last-touch PC used as the tags instead of data addresses. This section examines RTD’s
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Figure 6.15: Sensitivity of effective SWAend for mixed workloads to the number of entries in
SRTP.

susceptibility to conflicts within its sets and impact of associativity. Making the RTD N-way set

associative assigns N entries to each set where the data mapping to that set might be found. With

N places to go for each last-touch PC mapping to a set, conflict pressure is reduced significantly.

But this slows down the cache/RTD access rate due to added complexity of checking multiple

entries. RTD accesses, however, are parallel to main memory accesses, keeping it out of the

critical path, as we saw in Section 4.2. As a result, its access latency is not as important as the

endurance/energy savings that it provides.

In this section, we assess how sensitive SRTP is to RTD’s associativity. In order to correlate

variations in SRTP performance with shifts in RTD associativity, we maintain a fixed number

of entries in RTD. To achieve this, whenever associativity changes, the number of sets is also
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Figure 6.16: Sensitivity of effective SWAend for SPEC CPU2017 benchmarks to associativity of
SRTP sets.

changed in the opposite direction so that their product (number of RTD entries) remains constant.

We vary the associativity for the base case with 512 RTD entries (32 sets x 16 way associa-

tive). Impact of changing the RTD associativity on endurance savings or effective SWAend for

SPEC CPU2017 benchmarks is plotted in Figure 6.16. The RTD (sets x associativity) for each

configuration is displayed in the legend, with the product’s value always set to 512.

The findings indicate that RTD associativity is not a major factor in SRTP’s performance.
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Figure 6.17: The average last touch PC hit rate in RTD for SPEC CPU2017 benchmarks for
varying RTD associativity.

The effective SWAend increases from 6.18 to 6.27, when associativity is changed from 2 to

64. Overall, the endurance savings only improve by 1.4% with a 32x increase in associativity.

Figure 6.17 plots the average RTD hit rate for various associativity data points. The hit rate is

over 99% in all cases emphasizing the observation that high associativity is not a requirement

for RTD. This provides insights into the way last-touch store instruction addresses are distributed

into RTD sets. The store PCs are spread much more uniformly unlike the data addresses used

in regular caches, which are prone to pathological access patterns that put uneven pressure on

different sets. Hence, RTD associativity can be reduced to really low values to further bring

down design complexity as well as its access latency.

These same observations carry over to the heterogeneous workloads too. As demonstrated

in Figure 6.18, SRTP is not very sensitive to RTD associativity for mixed workloads too. In
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Figure 6.18: Sensitivity of effective SWAend for mixed workloads to RTD associativity.

fact, the variations are even smaller when multiple workloads are present. This makes sense, as

the chances are high that different workloads put uneven pressure on different sets in RTD. The

resulting conflicts will be more uniformly spread out compared to copies of the same benchmark

running together.

6.3.4 Impact of Address Tags in RTD

Another important factor in determining the efficacy of RTD to determine overwrite time values

and train SWP modules is the number of data address and timestamp pairs used for each PC entry.

As discussed in Section 4.2, an RTD entry is allocated for each last-touch store PC. These entries

track two writeback addresses, along with the timestamp of the most recent write operation to

those addresses in main memory. When the same addresses are written again, a match occurs
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in the RTD. At that point, the overwrite time for the last-touch store PC is calculated using the

difference between the current time and previously stored timestamp. Furthermore, the overwrite

time is used to evaluate if soft writes are profitable using Inequality 2.9 or 2.15. The soft write

decision, in turn, is used to train the SWP modules to decide the type of write that should be

used for the store instruction under consideration. Multiple address and timestamp pairs in each

RTD entry would allow it to simultaneously evaluate multiple overwrite time candidates, thus

increasing the speed with which SWPs are trained. From this point forward, we will refer to the

write address and timestamp combination as a ‘writeback sample’.

The balance between the overall number of entries and the writeback samples per entry is

crucial to the RTD design. For a fixed hardware budget, increasing the writeback samples tracked

per entry would result in fewer RTD entries overall, and vice-versa. Having more entries in RTD

increases coverage by enabling the tracking of more last-touch PCs. Conversely, increasing the

writeback samples for each RTD entry enables SWP to be trained more quickly for a specific

static store instruction. In this section, we study the impact of this trade-off between coverage

and speed for the SPEC CPU2017 benchmarks. The experiments involve increasing writeback

samples per RTD entry from 1 to 8. An increase in the writeback samples is accompanied by

a proportional reduction in the number of RTD entries. For example, when the writeback sam-

ples are increased from 1 to 2 per entry, the total number of RTD entries is reduced from 1024

(64x16) to 512 (32x16). The number of entries is changed by modifying the number of sets

while maintaining the same associativity. The 512 entry case with 2 writeback samples per entry

corresponds to the baseline SRTP configuration used throughout this work.

Figure 6.19 plots the effective SWAend for the RTD configurations with varying writeback

sample storage described earlier. The effective SWAend improves initially from 5.98 to 6.27,
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Figure 6.19: Sensitivity of effective SWAend for SPEC CPU2017 benchmarks to the number of
writeback samples in each RTD entry.

when the writeback samples in RTD entries are increased from 1 to 2. This improvement can

be attributed to RTD providing more SWP training updates. We note that the write address and

timestamp pairs per entry, at least when they are few in number, have a greater influence on the

SWP training speed than the number of RTD entries. This is evident from Figure 6.20, which

plots the average number of SWP training updates from RTD for SPEC CPU2017 benchmarks

for the configurations being studied in this section. The SWP training updates rise almost linearly
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Figure 6.20: The average SWP module training updates from RTD for SPEC CPU2017 bench-
marks while varying writeback samples and RTD entries.

as the writeback samples are increased, despite a reduction in the total number of RTD entries.

Therefore, sampling more addresses for each RTD entry enables SWP modules to be trained

faster for every last-touch PC. However, as the number of writeback samples is increased beyond

2, the endurance gains begin to level off, as shown in Figure 6.19. The speed of SWP training for

each PC has diminishing returns beyond a certain point.

At the same time, the impact of decreased last-touch PC coverage caused by reduction in

the RTD entries starts to show after a certain threshold. This is demonstrated in Figure 6.21,

which plots the average last-touch PC hit rate in RTD for the benchmarks and the configurations

under study in this section. Beyond 4 writeback samples per entry, there is a sharp drop in the hit

rate due to limited coverage of last-touch PCs in the RTD. This results in reduction of endurance

results when 8 writeback samples are taken per RTD entry, while the gains from faster SWP
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Figure 6.21: The average last-touch PC hit rate in RTD for SPEC CPU2017 benchmarks while
varying writeback samples and RTD entries.

training stagnate. Therefore, for a given hardware budget, striking a balance between coverage

and speed in RTD modules is crucial. For the individual benchmarks, having two writeback

samples in each RTD entry provides SWP training speed and last-touch PC coverage in RTD that

maximizes the endurance gains.

The tipping point between speed and coverage is a bit different for heterogeneous bench-

marks. Figure 6.22 illustrates the impact of varying the writeback samples per RTD entry on

effective SWAend achieved by SRTP for mixed workloads. As discussed in Section 6.3.2, mixed

workloads are more sensitive to the number of RTD entries because they have a more diverse

set of last store PC values. Therefore, results for mixed workloads do not suffer as much when

we slow down SWP module training by lowering the writeback samples per RTD entry from 2

to 1. While slower training does reduce the gains, the increased coverage from additional RTD
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Figure 6.22: Sensitivity of effective SWAend for mixed workloads to the number of writeback
samples in each RTD entry.

entries offsets most of it. At the same time, the endurance savings drop rapidly once the write-

back samples are increased beyond 2 per RTD entry. This is unlike the homogenous case, where

the outcomes didn’t start dipping again until 4 writeback samples were added to each RTD en-

try. As more benchmarks are added to the mix, the balance shifts in favor of slower speed and

greater coverage. In both single and mixed benchmarks cases, having two writeback samples per

RTD entry provides the best results on average. We use that as the default SRTP configuration

because we believe it to be a good equilibrium point in general. If the soft write policy could

dynamically modify the speed and coverage ratio to better match the workloads, performance

could be enhanced. The average effective SWAend would rise from 6.27 and 6.78 for single and

mixed cases to 6.43 and 6.83, respectively, if we let SRTP choose the best configuration for each
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benchmark.

6.3.5 Impact of SWP Table Size

Once trained, SWP modules, which are modelled after skewed branch predictors, are used to

forecast soft write decisions for store instructions. They have very small overhead, contributing

to merely 1.57% of the on die SRAM overhead of SRTP (refer to Table 5.4). As a result, we can

allocate oversized tables in SWP modules to prevent aliasing. This section examines how the size

of SWP tables affects SRTP performance. Figure 6.23 plots effective SWAend for SRTP while

varying the SWP table size from 128 to 1024. Given the small number of primary last-touch store

instructions, the number of entries in SWP tables have a minimal impact on endurance results of

SRTP. As a result, even when the SWP entries are scaled down by a factor of 8 from 1024 to 128,

the average performance stays the same.

When the impact does happen, it is very probabilistic because it depends upon the type

of aliasing that takes place. We can divide the aliasing into two categories: constructive and

destructive aliasing. The constructive or destructive nature depends upon the soft write decision

associated with the store instructions aliasing into a table. If the soft write decisions were the

same, then aliasing actually helps by speeding up the training, and we call it constructive. On

the contrary, colliding store instructions with opposite soft write decisions will interfere in one

another’s training, resulting in destructive aliasing. As the majority vote is taken into account,

having multiple tables further lessens the impact of collisions in one table. However, they do

occasionally happen as evidenced by a 1.3% average drop in performance of the 512 SWP entry

case.
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Figure 6.23: Sensitivity of effective SWAend for SPEC CPU2017 benchmarks to the number of
entries in each SWP table.

When dealing with heterogeneous workloads, the behavior hardly changes. The results

are not significantly affected by SWP table sizes, as shown in Figure 6.24. Destructive aliasing

causes a slight dip in performance for 1024 entries instead of 512 entries.
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Figure 6.24: Sensitivity of effective SWAend for mixed workloads to the soft write threshold of
SWP.

6.3.6 Impact of SWP Aggressiveness

Another important factor is aggressiveness of the SWP modules when assigning soft write labels

to static store instructions. Hard writes are the default for all store instructions in SWP. The

RTD ascertains overwrite time peaks for last-touch store instructions and relays a soft or hard

write decision based on that information to the SWP for training. These training inputs are used

by SWP to increase or decrease the saturation counters linked to the store instruction. As each

saturation counter exceeds soft write threshold, SWP’s confidence increases. When at least two

out of the three tables are voting in favor of a specific store instruction, SWP begins setting the

soft write bit in cache for that instruction. The soft write bit is consulted to determine the type

of write that needs to be performed in main memory on eviction of a dirty block from LLC. The
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Figure 6.25: Sensitivity of effective SWAend for SPEC CPU2017 benchmarks to the soft write
threshold of SWP.

soft write threshold determines how many training samples from RTD must be provided in order

for SWP to learn how to make soft write decisions for a specific store instruction. The soft write

threshold could be lowered to speed up how quickly SWP modules are trained for each store

instruction. But by completing the training on fewer writeback samples, it could also make soft

write decisions more inaccurate.

Figure 6.25 plots effective SWAend as a function of the soft write threshold of SWP mod-
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Figure 6.26: Average hard writes allowed by SWP for SPEC CPU2017 benchmarks normalized
by the writes of baseline case with only hard writes.

ules. The SWP tables entries are 3 bit saturation counters, which caps their values at 7. Therefore,

we only evaluate the soft write threshold between 1 and 6. As mentioned earlier, SWP aggres-

siveness decreases as soft write threshold value increases. In turn, this causes SWP modules to

take longer to learn the soft write decisions for each static store instruction. As a result, SRTP

performs more hard writes, as demonstrated in Figure 6.26. It plots the average number of hard

writes as a function of soft write threshold, normalized by the total writes from baseline case

without any soft write technique. Since baseline writes never change, they are used for normal-

ization instead of write count from soft write techniques which fluctuates with their parameters.

The auxiliary hard writes from resets are not included here. Higher threshold values also means

that the SWP modules are more certain of the choices they do make regarding soft writes. This

results in reduction in the fraction of reset hard writes caused by wrong soft write decisions. The
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Figure 6.27: Average reset hard writes allowed by SWP for SPEC CPU2017 benchmarks nor-
malized by the writes of baseline case with only hard writes.

average reset hard writes for the SPEC CPU2017 benchmarks as a function of SWP threshold

are plotted in Figure 6.27. The values are again normalized by the baseline write count. The rise

in hard writes always outpaces the decline in reset hard writes. Therefore, the lower threshold

values result in higher effective SWAend in Figure 6.25. The effective SWAend increases from

6.27 for the baseline with a threshold value of 2 to 6.43 when the threshold value is set to 1. The

results decline to 6.11 for the threshold value of 6.

Mixed workloads exhibit a very similar sensitivity to the soft write threshold as shown in

Figure 6.28. Highest effective SWAend of 6.88 is attained at a threshold of 1, and it decreases as

the threshold’s value rises.
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Figure 6.28: Sensitivity of effective SWAend for mixed workloads to the soft write threshold of
SWP.

6.3.7 Impact of Retention Time

The sensitivity studies so far considered the impact of SRTP hardware parameters on endurance

savings. Now we evaluate the effectiveness of our soft write technique compared to the Oracle

when ReRAM cell parameters are altered. ReRAM cells can be fabricated in a variety of ways

with different materials. Cells exhibit different properties depending on the materials used to

create the oxide layers. It is very likely that retention time will differ for these too. In this

section, we study the effects of varying the retention time while keeping the SWAend constant.

This will alter the overwrite time threshold until which soft writes are beneficial. Results from

this study will provide insights into the effectiveness of SRTP at different retention time values

as well as guide any future device-level work in designing ReRAM cells for soft writes.
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Figure 6.29: Sensitivity of effective SWAend for SPEC CPU2017 benchmarks to the retention
time of soft writes. Suffix to the technique represents the retention time value in seconds.
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Figure 6.29 plots the effective SWAend for soft write techniques as the retention time is

changed from 1 second to 10 seconds. We show results for both SRTP and Oracle at each reten-

tion time value. The numerical suffix to the technique name in the legend represents the retention

time in seconds; e.g., ‘SRTP-1’ stands for SRTP with the retention time of 1 second. The effective

SWAend decreases for all policies in every case, as we reduce the retention time. It is primarily

because of two reasons. First, as retention time decreases, fewer soft write opportunities become

available. This is because the threshold overwrite time up to which soft writes are beneficial is

directly proportional to retention time, as per Equation 2.3. Hence, as we reduce the retention

time, the number of beneficial soft writes also decreases. The second reason is because of the

additional cost of refreshes. Reduced retention time means the softly written data needs to be

refreshed more frequently. Quantifying the impact of refreshes as retention time decreases is not

as straightforward because even if the number of refreshes for individual soft write operations

increase, we have a relatively less number of soft writes too. Consequently, depending on how

many soft write opportunities were lost, the overall number of refreshes may also decrease.

Figure 6.30 plots the average difference in effective SWAend from Oracle for SRTP at

varying retention time values. The gap between Oracle and SRTP widens with decreasing reten-

tion time, going from 18% at 10 seconds to 33.2% at 1 second. We plot the average accuracy

of SRTP’s soft write decisions for the SPEC benchmarks in Figure 6.31. Each soft or hard write

decision made by SRTP is compared to an Oracle decision to determine its accuracy. The number

of times they concur divided by the total writes gives the accuracy of SRTP. While the accuracy

does drop with retention time, it only reduces by 5.1% from 96.5% to 91.4% for 10 and 1 second

retention time, respectively. So, inaccuracy in soft write decision-making is not the main reason

for the larger difference from Oracle at a smaller retention time.
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Figure 6.30: Average performance difference of SRTP from Oracle at different retention times.

Figure 6.32 illustrates the effect of more frequent refreshes at a shorter retention time. It

plots the average refresh count for SPEC CPU2017 benchmarks at different retention time values,

normalized by baseline write count with hard writes only. While the total number of writes

varies due to the varying number of auxiliary writes incurred in terms of refreshes and resets, the

baseline write count remains constant across all configurations. This makes the baseline write

count a good candidate for normalizing refresh count. The average refresh count rises much more

sharply for SRTP compared to Oracle at lower retention time values, as shown in Figure 6.32. For

instance, SRTP’s average refreshes increased by 4.67x when retention time is reduced from 10

seconds to 1 second. On the other hand, the average number of refreshes for Oracle increased by

3.3x times for the same retention time range. As a result, even though the accuracy of soft write

decisions by SRTP does not change significantly, its performance gap from Oracle increases at a

lower retention time due to a higher number of refresh operations.
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Figure 6.31: Average SRTP accuracy at varying retention time values for SPEC CPU2017.

Figure 6.32: Average number of refreshes incurred by SRTP at different retention times normal-
ized against the writes from baseline case without any soft writes.
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Chapter 7: Wear-Leveling Integration

In this chapter, we analyze the efficacy of SRTP when integrated with the Ouroboros wear-

leveling technique from Section 4.5, and report the actual lifetime achieved. SRTP and wear-

leveling policies have a symbiotic relationship. Section 4.5 covered one part of this relationship:

SRTP using wear-leveling indirection tables to track softly written data with minimal overhead.

The other part is making soft write decisions available to the wear-leveling scheme to improve

its accuracy. We first demonstrate the need for updating the wear-leveling techniques to take soft

writes into account and then go over the improvements in their performance by doing so. To

analyze the performance of wear-leveling techniques, we use the wear-leveling efficacy as the

yardstick, which is described next.

7.1 Wear-Leveling Efficacy

Before defining the wear-leveling efficacy, another term, endurance wear (EnWr), needs to be

introduced. It refers to the memory cell endurance consumed by a write operation. We assign the

wear caused by a single soft write as its unit. By that definition, EnWr for hard writes is SWAend.

The target of wear-leveling policies is to distribute EnWr evenly across all physical memory

locations. Hence, wear-leveling efficacy can be defined as the ratio of total EnWr accrued before

memory failure and the maximum EnWr the memory system can take, shown in Equation 7.1.
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Wear Leveling Efficacy(%) =
Total EnWr before memory failure

Maximum EnWr
∗ 100 (7.1)

For a given program and memory size, the total EnWr before memory failure is obtained

by running the program repeatedly until the number of defective lines is greater than the spare

lines. Given the requirement for at least a few years of lifetime before failure and slow simulation

speeds, running the program until system failure is not practical. We instead use extrapolation to

determine the total EnWr caused by the benchmarks. Since Start-Gap has been demonstrated to

be highly effective in regions much larger than our page size, we assume perfect wear-leveling

within a page for simplicity and do the extrapolation to examine wear-leveling across pages by

Ouroboros.

As discussed in Section 2.3.3, Ouroboros performs migrations at the end of a global epoch

(100 million writes). Hence, simulating the ordering of writes within an epoch is not necessary

for extrapolation as the policy does not care about that. It only cares about simulating the global

epochs in order. We collect per logical page write profiles for the benchmarks at every global

migration epoch of Ouroboros. This is a list of the number of writes each logical page receives

within a global epoch. Then during extrapolation, these profiles are run repeatedly in order until

all spare frames (128) are worn out. The extrapolation code simulates an Ouroboros translation

table. For each global epoch profile, it looks up the entry for logical pages that received any

writes. Then, the demand and usage counters for those entries are updated. After that, it simulates

the migration policy of Ouroboros to remap a few high-demand logical pages to new physical

pages. The translation table is also updated to reflect these migrations. If the usage counter of
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an entry exceeds the maximum value, the corresponding physical page is marked dead and is

substituted with a spare frame. When the policy runs out of spare frames, the next physical page

failure is where memory failure occurs. That’s when the extrapolation code stops, and the EnWr

accumulated until then is the numerator in Equation 7.1. The maximum EnWr only depends on

the memory size and per line endurance and is given by (Number of lines * Per line endurance *

SWAend). Wear leveling efficacy is estimated by plugging this information into Equation 7.1.

7.2 Write Count vs Wear Out

The main goal of wear-leveling techniques is to uniformly distribute the wear out caused by

writes. Under normal circumstances, all writes have the same impact on endurance wear out.

Evenly distributing the write count is equivalent to evenly distributing endurance wear out. As a

result, all wear-leveling policies aim to evenly distribute the write count across physical memory

locations. When soft writes are added to the mix, the relationship between write count and

endurance wear out breaks because hard and soft writes have a different impact on the endurance

wear of a cell. This is illustrated in Figure 7.1, which plots the fraction of endurance wear

different types of writes contribute to the benchmarks with SRTP. Hard writes account for only

6% of the write count(see Figure 6.2) but cause 23% of endurance wear. Consider two pages that

have been written the same number of times, but one has received only hard writes and the other

only soft writes. Judging by the number of writes, both pages will appear to have the same wear

out, but in reality, the page with hard writes has suffered 10 times (or SWAend times) more wear.

So, if the wear-leveling policy is not made aware of the type of writes, it will impact its ability to

uniformly spread out the endurance wear.
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Figure 7.1: Normalized Endurance Wear (EnWr) by different types of writes for SPEC CPU2017
benchmarks with SRTP.

When integrating with wear-leveling techniques, we propose to use endurance wear as a

guiding metric instead of write count, given that soft and hard writes cause uneven wear out. The

traditional policy of just considering write count will negatively impact the lifetime a wear lev-

eling technique can achieve. To make Ouroboros consider wear out, demand and usage counters

are incremented by the EnWr of the writes instead of their counts. So, soft writes and refreshes

cause increments of 1, and hard writes cause increments of SWAend (10). This allows Ouroboros
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to make migration decisions based on the endurance wear of pages instead of write count (WC).

To ascertain the improvement in wear leveling efficacy because of this, we simulate two versions

of Ouroboros for each soft-write policy. The first one uses write count as the guiding metric and

is represented by the suffix “-WC” to the policy name. The second one uses endurance wear and

is represented by the suffix “-EnWr”. Figure 7.2 plots the wear-leveling efficacy for both of these

techniques with RRM-base, RRM-aggr, and SRTP.

Figure 7.2: Wear-leveling efficacy of Ouroboros using write count (WC) and Endurance Wear
(EnWr) as guiding metrics for different soft write techniques.
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The wear-leveling efficacy for SRTP improved from 92.3% to 98% when write count was

substituted with endurance wear as the guiding metric. This demonstrates that only using write

count in wear -eveling techniques leaves some gains in the lifetime improvement on the table.

This is especially true for the benchmarks with a significant portion of hard writes in Figure 6.2.

Since larger the fraction of hard writes with disproportionate endurance wear, the more inaccu-

rate write count becomes as a metric to make wear-leveling decisions. So, not only do those

benchmarks achieve lesser gains from soft write techniques, but also, the wear-leveling perfor-

mance takes a hit. For example, blender has an effective SWAend of 3.1x with SRTP, and the

wear-leveling efficacy with write count is also just 74.6%. By adjusting the wear-leveling metrics

to take soft writes into account, we are able to increase the wear-leveling performance back up to

92.8%.

The difference between the two wear-leveling policies is even larger for RRM since it has

more hard writes in Figure 6.2. On average, RRM-base-wc and RRM-base-EnWr have wear-

leveling efficacy of 75.2% and 93.8%, respectively. RRM-aggr is also very similar, with the

efficacy of 75.9% and 95.3% for write count and endurance wear based wear-leveling, respec-

tively. Hence, depending upon the soft write technique employed, the endurance wear metric can

improve the average wear-leveling performance by 19.4%. This further corroborates our claim

regarding the inability of traditional wear-leveling techniques to perform well in the presence of

soft write methodologies. But, using the new guiding metrics proposed in this thesis, the wear-

leveling performance can be bought back to be close to ideal. To the best of our knowledge,

this is the first time the impact of writes with different wear out is considered on wear-leveling

techniques.
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7.3 Lifetime

The lifespan of non-volatile memory systems is an important measure due to constrained per-cell

endurance. The technology must have a practical lifespan before it can be used in the real world.

The extrapolation runs can be used to estimate memory lifetime with various benchmarks. The

number of runs of the benchmark from extrapolation and the runtime for a single simulated run

gives us the lifetime of the memory system if the program was run repeatedly until failure.

Figure 7.3 compares the lifetime achieved by the soft write policies against the baseline

system with just hard writes. For each soft write technique, we report the lifetime when using the

write count metric versus the endurance wear metric to guide wear-leveling, labeled with suffixes

“-WC” and “-EnWr”, respectively. The geometric mean is used instead of the arithmetic mean to

report the average results. This is done to reduce the excessive skew caused by results for a few

benchmarks like imagick, whose low write intensity results in really long lifetimes.

The lifetime is directly proportional to both effective SWAend achieved and the wear-

leveling efficacy. It all boils down to how many writes the memory system can take before all the

spare lines are consumed since more writes mean more runs of the program resulting in longer

lifetimes. Soft writes reduce endurance wear of individual writes, allowing the memory system

to accommodate more writes. Wear-leveling allows the memory system to come close to the

maximum number of writes it can take.

The dependence on wear-leveling efficacy is demonstrated by the similarity in the life-

time and efficacy results for the two wear -leveling policies simulated with the same soft write

technique. The average lifetime for SRTP-WC and SRTP-EnWr is 13.72 and 14.59 years, respec-

tively. It is the same 6.3% improvement as the wear-leveling efficacy from Figure 7.2. Similarly,
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Figure 7.3: Extrapolated lifetime

129



for RRM-base, the endurance wear metric improves the lifetime from 2.38 years to 3 years.

RRM-aggr sees the lifetime increase from 3.8 years to 4.83 years with the new metric. These im-

provements are also very close to the wear-leveling efficacy gains obtained by using endurance

wear for these techniques.

Overall, SRTP improves the average lifetime of ReRAM from 2.26 years of the baseline to

14.59 years. With wear-leveling efficacy close to 100%, these results can be primarily attributed

to endurance savings in terms of effective SWAend. The 6.2x effective SWAend translates to

a 6.4x improvement in memory lifetime. The memory lifetime improvements over baseline for

RRM-base, and RRM-aggr also agree with their effective SWAend at 3 years (1.3x) and 4.83

years (2.2x), respectively. Any slight differences could be attributed to the variations in wear

leveling efficacy. These results tie the figure of merit proposed in this thesis for endurance im-

provement to a real-time metric important for non-volatile memories. Any gains in effective

SWAend increase the lifetime of the memory system by the same factor, assuming wear leveling

efficacy remains constant.

So far, we have discussed average results, which are crucial to understanding the expected

lifetime of non-volatile memory chips. However, in the real world, the memory system will be

exposed to all sorts of write patterns, and it will be expected to function reliably for a reasonable

duration. Therefore, in order to assess the viability of NVMs, the worst-case lifetime must also

be taken into account. RRM and baseline are able to achieve a few years of lifetime on average.

But when they are exposed to write intensive programs (higher WPKI in Table 5.2), their lifespan

shrinks to much less than a year. In the case of lbm, the best they can do is 0.29 years by RRM-

agg-WC. SRTP, on the other hand, still manages to get 2.6 years of lifetime in the worst case.

SRTP outperforms the state of the art while achieving a reasonable lifetime in all cases, enabling
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more robust implementations of non-volatile memories.

7.4 Wear-Leveling Sensitivity Studies

This section further dives into the sensitivity of the wear leveling and lifetime results to multiple

workloads, as well as the spare lines present in the memory system.

7.4.1 Mixed Workloads

Thus far, the evaluations only considered the effectiveness of wear-leveling schemes with a single

workload running continuously. In this section, we assess a more realistic system with multiple

concurrent workloads. This study uses the multiprogrammed workloads from Section 6.1.4. To

determine the wear-leveling efficacy, write profiles were gathered and extrapolated as described

in Section 7.1. Figure 7.4 plots the wear-leveling efficacy for the mixed workloads. The results

for each benchmark are divided into the three soft write techniques, namely RRM-base, RRM-

aggr, and SRTP. These are further split into the different versions of Ouroboros simulated in this

work based on the guiding metric, denoted by the suffixes ‘WC’ and ‘EnWr’, which stand for

write count and endurance wear, respectively.

We find the conclusions from Section 7.1 still hold true in the presence of multiple work-

loads. As more workloads are added, the effectiveness of wear-leveling for soft write techniques

does not change all that much. SRTP-EnWr improves wear-leveling results from 93.3% of SRTP-

WC to 98.3%, showcasing that endurance wear is a superior guiding metric for wear-leveling.

Due to a higher percentage of hard writes, RRM-base and RRM-aggr still lag behind significantly

with write count metric at 72.2% and 69.9%, respectively. The majority of their wear-leveling
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Figure 7.4: Wear-leveling efficacy of Ouroboros using write count(WC) and Endurance
Wear(EnWr) for mixed workloads and various soft write techniques.

performance can be recuperated using the endurance wear metric. It raises the wear-leveling

efficacy of RRM-base and RRM-aggr up to 94.2% and 95.7%, respectively.

While there is little difference in the wear-leveling efficacy between single and mixed work-

loads, lifetime results are another matter. The memory system lifespan for multiprogrammed

workloads with different soft write policies and wear-leveling techniques is plotted in Figure 7.5.

For a given benchmark and soft write technique, the difference between the lifetime results of

132



Figure 7.5: Extrapolated lifetime for mixed workloads.

two wear leveling policies is the same as the difference in their efficacies from Figure 7.4. Since

the differences in the two wear-leveling techniques don’t have anything new to add, the rest of

this discussion focuses only on the lifetime results corresponding to endurance wear based wear-

leveling for brewity.

Mixed workloads see a reduction in the average lifetime of all techniques. This is partic-

ularly true for RRM, with the lifespan of its baseline and aggressive versions falling below two

years, at 1.24 and 1.92 years, respectively. SRTP’s lifetime also reduces from 14.59 years for in-
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dividual benchmarks to 7.9 years for mixed workloads. The lifetime, in general, is shorter when

multiple programs are running, even though the effective SWAend and wear-leveling efficacy are

similar to the single workload case. This is because, on average, mixed workloads experience

higher write intensity. Frequent writes lead to a shorter lifetime. The mixed workloads were cre-

ated by combining benchmarks with different write intensities (refer to Table 6.1 and Table 5.2).

We observe that the presence of a few or all write-intensive benchmarks in a mix (mix1, mix4,

mix5, mix6, mix7) ends up dominating the write intensity and skews the lifetime on the shorter

side. The only exception is the case where all the benchmarks have low write intensity (mix3).

Assuming benchmarks of all write intensities are equally likely to run, this can be broken

down into a balls and bins problem where our 4 cores are the bins, and the programs are the balls.

For each bin, we choose one ball randomly and throw it in. The chances of having all 4 programs

with low write intensity is 1
34

or 0.012, whereas the chance of having at least one write-intensive

program out of four are 1 − (2
3
)4 or 0.8. Therefore, chances are, some write-intensive programs

will appear in the mix. Running only a few write-intensive programs skews the lifespan of the

memory system to the worst-case lifetime value from Section 7.3, making the worst-case results

even more important. The lifespan of RRM-base when write-intensive programs are present in

the mix is consistently below 1 year. This leaves much to be desired from the lifetime achieved by

the state-of-the-art. SRTP bridges that gap successfully with a worst-case lifetime of 3.3 years.

7.4.2 Sensitivity to spare frames

Non-volatile memories with limited write endurance are typically equipped with some spare cells.

These spare cells keep the memory operational when a few lines are corrupted. Significant work
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has been done in bad block management for flash memory to identify the blocks about to fail

and replace them with fresh ones [102–105]. The slack that spare lines afford wear-leveling by

allowing the memory to function normally in case of some failures makes them an integral part

of non-volatile memory systems.

Figure 7.6: Wear-leveling efficacy variations with spare lines for endurance wear directed
Ouroboros running with SRTP.

Ouroboros has spare frames the same size as its pages (8 KB). The wear-leveling efficacy

and lifetime results so far assumed 128 spare frames. In this section, we examine the impact
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of spare frames on wear-leveling techniques. Figure 7.6 plots the wear-leveling efficacy for

endurance wear guided Ouroboros running with SRTP (SRTP-EnWr) as we change the number

of spare frames from 1 to 128. Ouroboros is not very sensitive to spare frames for the majority of

benchmarks, as demonstrated by a 1.46% gain in average wear-leveling efficacy as spare frames

go from 1 to 128. But, a few benchmarks like blender and imagick show higher sensitivity to

spare frames. Wear-leveling efficacy for blender goes from 86.5% to 92.8% as the spare frames

are increased from 1 to 128. Spare frames are needed to handle outliers like these instead of the

average case.

Figure 7.7: Average wear-leveling efficacy variations with spare frames for different soft write
technique and wear-leveling combinations.
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The trends for the remaining combinations of soft write techniques and wear-leveling tech-

niques are very similar. Hence, in the interest of space, we only plot variations of the average bars

with spare lines in Figure 7.7. The plots show that the wear leveling efficacy improves for at least

a few initial spares but then plateaus after 40 spare frames. Also, write count directed Ouroboros

is more sensitive to spare frames as its performance drops more in all cases when spare frames

are reduced.
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Chapter 8: Variable Retention

The tradeoffs between a ReRAM cell’s endurance and retention were covered in Section 2.2. This

includes the exponential relationship between retention time and conductive filament diameter in

Equation 2.3. Additionally, the conductive filament area was inversely proportional to SWAend.

Keep in mind that SWAend denotes the factor of reduction in endurance wear caused by a soft

write for a given retention time. Therefore, decreasing the diameter of the conductive filament

results in an exponential reduction in retention time. At the same time, soft writes with lower

retention cause proportionally lower endurance wear too. Figure 8.1 plots the retention time

and its corresponding SWAend. These parameters, along with overwrite time values, determine

when to perform soft writes, how frequently the softly written cells are refreshed, and the overall

endurance savings they provide.

In order to assess the soft write techniques, discussions and experiments up to this point

have only used one data point from the endurance-retention tradeoff. Depending upon the promi-

nent overwrite time distances in a program, this one retention fits all approach leaves some en-

durance gains on the table. For instance, the retention time of 10 seconds might be excessive if

the overwrite time for the majority of writes is much shorter than that. These writes might benefit

from a more aggressive reduction in the conductive filament area, which would lead to less reten-

tion that is still adequate to cover those overwrite times and provide higher SWAend. Similarly,
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programs with large overwrite time values will benefit from larger retention time values. In this

chapter, we explore the improvement in SRTP endurance gains by using a retention-endurance

data point customized for each program.

Figure 8.1: Retention vs soft write advantage for endurance.

8.1 Best Retention Time Per Program

To identify the retention time value that yields the best endurance results for a program, we collect

the overwrite time profile for each benchmark. For this, the programs are simulated in the oracle

mode, and we register the frequency of different overwrite time values encountered during its

execution. For each write to main-memory, there is an entry in the overwrite time profile. It is

recorded when the memory location modified by the write is written to again in the future. At that

point, the time difference between the two writes is the overwrite time value associated with the

former write. For the very last write to each memory location, including the writes for locations
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written once, we assign an infinite overwrite time value. The oracle already calculates this value

using a dedicated timestamp for each memory location, as described in Section 3.2. We combine

these into a histogram called the overwrite time profile of a benchmark.

Once the overwrite time is known for a write, we can determine the ideal soft or hard write

decision for any given retention time and SWAend pair using Inequality 1.1 (or Inequality 2.15,

depending upon the optimization objective). If it was a soft write, the number of refreshes in-

curred could also be calculated using Equation 2.6. With the write breakdown, i.e., number of

soft writes, refreshes, and hard writes, known Equation 2.17 gives the effective SWAend. In this

way, the overwrite time profiles can be used to determine the effective SWAend that the oracle

can achieve for various retention time values and their corresponding SWAend without having to

simulate them.

We sweep the retention time from 1 to 100 seconds and use the overwrite time profile to

calculate the effective SWAend for each case. This process is repeated for every benchmark to

find the retention time value that maximizes effective SWAend. This is the optimal retention time

for the benchmark with the Oracle scheme. Table 8.1 displays the best case retention time value

for each benchmark and the corresponding SWAend. Since all benchmarks, with the exception

of one, have optimal retention time values much lower than 100 seconds, we decided to limit

the maximum value of the retention time sweep to 100 seconds. At 100 seconds retention and

its associated SWAend, the majority of soft write candidates are already covered. Therefore,

retention time values above it won’t be able to take advantage of any new soft write opportunities.

However, their corresponding SWAend will continue to drop, effectively reducing the benefit of

each soft write. As a result, except imagick, the effective SWAend drops monotonically for all

benchmarks beyond 100 seconds.
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Benchmark Optimal retention time (seconds) SWAend

lbm 1 43.13
fotonik3d 3 18.96
omnetpp 1 43.13
roms 1 43.13
mcf 1 43.13
wrf 1 43.13
bwaves 11 9.6
cam4 1 43.13
xz 1 43.13
xalancbmk 1 43.13
deepsjeng 20 7.57
nab 1 43.13
parest 1 43.13
namd 1 43.13
perlbench 1 43.13
leela 1 43.13
blender 1 43.13
x264 8 11.2
imagick 100 4.4

Table 8.1: Best case retention time for each benchmark and the corresponding soft write advan-
tage in endurance.

The lower limits of the sweep are more constrained by the operational integrity of ReRAM

cells. Reduction in retention time also means reduced conductive filament area. Beyond a certain

limit, the filament would cease to be continuous, making the ReRAM cell non-operational. These

edge cases, where the assumption of a continuous filament will be violated, are not considered

in the retention-endurance tradeoff model. The cell will act like an insulator even in the low

resistance state, if there is not a continuous filament bridging the top and bottom portions of the

cell. The equations used to derive the relationship between retention time and endurance do not

hold because the conducting behavior is implicit in their derivation, which is why the ReRAM

cell is not functional in such circumstances.

Experimental data is available supporting ReRAM operation at 10x reduced filament area,
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which is the base case for soft writes in this work. Unfortunately, it has not been investigated to

what extent the filament area can be decreased before the ReRAM cell ceases to function as a

conductor, even in the SET state. We use 1 second as the lower limit for retention time sweep.

At this point, the conductive filament area has been shrunk by 43 times. Figure 8.1 shows the

retention time almost plateaus beyond SWAend of 43.12, which corresponds to 1 second. It is

reasonable to assume that beyond that point, the retention-endurance model does not hold either.

Figure 8.2: Effective SWAend for Oracle-base with 10 seconds retention time and Oracle-opt
with optimal retention for each benchmark.
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The effective SWAend improvement for the Oracle scheme with the best retention time is

shown in Figure 8.2. The baseline Oracle scheme used up to this point in this thesis, with a 10-

second retention time, is represented by the ‘Oracle-base’ plot. ‘Oracle-opt’ plots the endurance

results when using retention times that maximize each benchmark’s results. The average effective

SWAend for oracle-base and oracle-opt are 7.63 and 15.39, respectively. Therefore, there is still

room to improve the endurance results by 201% if the best retention time for each benchmark is

used.

8.2 SRTP with optimal retention

The previous section illustrated the best retention time for each program as well as potential gains

in endurance results for the oracular scheme. Now, we evaluate how well our soft write scheme

would function if each benchmark were to be used with the ideal retention time. ‘SRTP-opt’

refers to the SRTP scheme that is aware of the ideal retention time for each benchmark. We

simulate SRTP-opt and compare the results to the baseline scheme, called ‘SRTP-base’ in this

section, which was used in the earlier chapters. Figure 8.3 plots the effective SWAend for these

two versions of SRTP.

When using the best case retention time for each benchmark, SRTP-opt is able to raise

effective SWAend from 6.31 for SRTP-base to 10.48, an increase of 166%. As we saw in Chap-

ter 7, effective SWAend is directly related to the lifetime of the memory system. Therefore,

for SRTP-opt, the lifetime would also increase by about 166 percent. This is a significant ad-

vancement, but it necessitates profiling the overwrite time for a program ahead of time. The

overwrite time profile would be sensitive to numerous run-time factors like program inputs, ma-
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Figure 8.3: Effective SWAend for SRTP-base with 10 seconds retention time and SRTP-opt with
optimal retention for each benchmark.

chine configuration, etc. Hence, profiling a program just once and using the same information

in all circumstances would be ineffective. The ideal retention period would need to be deter-

mined at run-time by the soft write policy to accomplish these results. Here, we demonstrate the

advantages of doing so while leaving implementation to future research.

While SRTP-opt is able to get higher endurance savings compared to the baseline SRTP,

the gap between SRTP and the Oracle scheme grows wider for optimal retention compared to
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baseline retention. As discussed in Section 6.1, SRTP-base is within 18.5% of Oracle-base.

Results for SRTP-opt, on the other hand, are 31.9% less than Oracle-opt. Simply looking at the

effective SWAend numbers is misleading, as Oracle’s performance improvement depends on two

factors. The accuracy of soft write decision-making as well as the number of refreshes incurred

for those soft write decisions.

As shown in Table 8.1, the optimal retention for benchmarks is usually much lower than

the baseline retention of ten seconds. While doing so lessens the endurance cost associated

with a single soft write, it also increases the number of refreshes needed for a given overwrite

time. Hence, we observe a much larger number of refresh operations for optimal retention time.

Oracle has a highly unfair advantage when it comes to reducing the number of refreshes. It has

a timer associated with each memory line that not only does the bare minimal refresh at a line

granularity, but also eliminates refresh all together when the next write to a line arrives before

retention time expires. With the memory overhead of one timestamp per line, this is not feasible

for any practical soft write technique. As a result, practical soft write techniques have to resort to

using low overhead techniques like tracking and refreshing the whole physical pages.

We combine SRTP’s soft write decisions and Oracle’s refreshes to estimate the performance

loss brought on by an excessive amount of refreshing in a practical soft write technique. Results

for this scheme are represented graphically as ‘SRTP-opt-oracular-refresh’ in Figure 8.3. This

hybrid version of SRTP-opt achieves an effective SWAend of 13.2, closing the gap between

SRTP-opt and Oracle-opt from 31.9% to 14.2%. The remaining difference in the results can be

attributed to the accuracy and speed of the overwrite time detection by SRTP. Although this is not

a realistic implementation of SRTP, the results highlight crucial differences in the performance

of SRTP and Oracle for optimum retention time. With variations in refresh accounted for less

145



than half of the performance difference can be attributed to soft write decision-making. So SRTP

is still competitive in identifying soft write opportunities, but the refresh starts to incur higher

overhead at lower retention times.
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Chapter 9: Related Work

Multi-level cell PCM exhibits a tradeoff between write latency and retention. Writes can be

made faster by sacrificing some retention time. Previous work leveraged this to improve per-

formance at the expense of retention and incurring the requirement to refresh. Such techniques

include compiler based approaches [106–108], NVM as a cache for SSDs [109], persistent pro-

gramming frameworks [110], and architectural methodologies [8, 111]. Out of these, RRM is

the best-performing technique that (like our work) targets systems with CPUs and non-volatile

main memory [8]. We adapted RRM to control soft writes for single-level cell ReRAM main

memory to optimize energy and endurance. Our findings demonstrate that SRTP significantly

outperforms RRM for ReRAM cell properties. Another possible direction might be to optimize

SRTP for MLC PCM tradeoffs and then compare it against RRM.

Mellow Writes [84, 112] improve ReRAM endurance by spreading the same (or slightly

greater) write energy over a longer write cycle during idle periods in the memory system, thus

minimally impacting contention and performance. Because a similar write energy is used, Mel-

low Writes do not impact the CF size, so retention remains roughly the same. While Mellow

Writes only helps endurance, SRTP improves both endurance and energy since it employs “true”

soft writes that dissipate less energy (though at the expense of reduced retention time and the

need to refresh). Notice, SRTP and Mellow Writes are orthogonal. SRTP could make its soft or
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hard writes mellow, and further improve lifetime.

All of the above works try to reduce the impact of individual writes to non-volatile memory.

Another direction of work tries to reduce the number of writes. This includes techniques that read

the data first to only write the modified bits [113–117], encode the data [118–125], compress the

data [126,127], or utilize asymmetries in set and reset operations [113,114,128,129]. All of these

techniques are orthogonal to our work and can be applied on top of soft writes. In fact, there are

some co-optimization opportunities like refresh aware encoding where data is encoded keeping

not just soft writes but future refreshes in mind.

Another write reduction technique is LLC management policies to reduce the number of

writebacks [130–134]. These policies can only target writebacks with short overwrite times,

leaving a lot of soft write opportunities. Since SRTP is agnostic to LLC management, it can

adjust to these techniques as long as the RTD gets the needed information. Memory cocktail

therapy [135] looks at different techniques for optimizing aspects of non-volatile memory and

uses a learning based framework to adaptively choose the best techniques for an application.

SRTP can be added to its collection of techniques to take soft writes into account.
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Chapter 10: Conclusion

Conventional memory technologies are experiencing scaling issues while the requirements of the

modern workloads grow at never seen before rates. Emerging non-volatile memory technolo-

gies, such as ReRAM, offer a lucrative alternative because of their high density, scalability, 3-D

integration, and non-volatility. These technologies do, however, have some drawbacks of their

own. The main obstacle preventing these memories from becoming more widely used are prob-

lems with their write operation. In addition to having limited write endurance, their cells also

require much higher write energy. These limitations cause reliability issues where the memory

cells stop working after a certain number of writes and excessive energy consumption in memory

for programs that write frequently. Addressing these challenges is the subject of this thesis.

We note that the non-volatility or persistence is not without cost. The writes require a

significant amount of energy to make the data last for 10 years in memory, which also decreases

cell endurance. In fact, the write energy and endurance are inversely related. Reducing the energy

pumped into the ReRAM cell can increase its endurance. However, doing so makes the final state

of the device less stable, which leads to lower retention time. So, non-volatility is not absolute

and ReRAM exhibits multiple levels of volatility depending upon the intensity of the write. This

device characteristic allows trading off retention for energy and endurance, depending upon the

application.
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The average lifespan of a program is much less than 10 years. Furthermore, a sizable

portion of the modified memory locations is overwritten in a matter of seconds. Therefore, the

10-year retention time is not necessary for a significant portion of writes to the main memory. In

this thesis, we exploit the retention versus energy and endurance tradeoff that exists in ReRAM.

Our work identifies the relationship between store overwrite time, retention time, and soft write

advantage that governs the profitability of using soft writes for each LLC writeback. We develop

an architectural technique, called SRTP, that learns the dominant overwrite time on a per-store PC

basis, and uses the store locality information to predict a soft versus hard write decision at every

dynamic store instruction. We conduct a simulation-based evaluation of SRTP, and show that it

improves endurance by 2.6x to 4.1x compared to a state-of-the-art soft write technique, RRM.

SRTP also comes within 18.5% of the Oracle’s endurance. At the same time, SRTP reduces the

main-memory energy consumption by 2.12x. This is 1.67 to 2.05 times better than the energy

savings by RRM. We integrate SRTP with an existing wear-leveling technique and demonstrate

that SRTP can improve actual lifetime by 6.4 times.

Additionally, we showed that traditional wear-leveling methods were ineffective when there

were writers with various levels of endurance wear. This thesis’s novel wear-leveling policy

guiding metric aids in recovering the loss in the efficacy of the wear-leveling techniques by 5.7%

to 19.4%.
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