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Many emerging non-volatile memories are compatible with CMOS logic, potentially enabling their integra-

tion into a CPU’s die. This article investigates such monolithically integrated CPU–main memory chips. We

exploit non-volatile memories employing 3D crosspoint subarrays, such as resistive RAM (ReRAM), and in-

tegrate them over the CPU’s last-level cache (LLC). The regular structure of cache arrays enables co-design

of the LLC and ReRAM main memory for area efficiency. We also develop a streamlined LLC/main memory

interface that employs a single shared internal interconnect for both the cache and main memory arrays, and

uses a unified controller to service both LLC and main memory requests.

We apply our monolithic design ideas to a many-core CPU by integrating 3D ReRAM over each core’s LLC

slice. We find that co-design of the LLC and ReRAM saves 27% of the total LLC–main memory area at the

expense of slight increases in delay and energy. The streamlined LLC/main memory interface saves an addi-

tional 12% in area. Our simulation results show monolithic integration of CPU and main memory improves

performance by 5.3× and 1.7× over HBM2 DRAM for several graph and streaming kernels, respectively. It

also reduces the memory system’s energy by 6.0× and 1.7×, respectively. Moreover, we show that the area

savings of co-design permits the CPU to have 23% more cores and main memory, and that streamlining the

LLC/main memory interface incurs a small 4% performance penalty.

CCS Concepts: • Hardware → Memory and dense storage; • Computer systems organization → Mul-

ticore architectures;

Additional Key Words and Phrases: Crosspoint architectures, ReRAM, on-die main memory systems

This work is an extension of a conference paper. Our previous work [23–25] explored the concept of monolithic integration

and suggested the possibility of integrating ReRAM over the last-level cache. This article expands upon that with a detailed

Cacti design study of a full cache slice including ReRAM access circuitry overheads as well as a simulation-based perfor-

mance analysis of the proposed many-core CPU monolithically integrated with a ReRAM memory system. This represents

an addition of 60% new material.
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1 INTRODUCTION

In the post-Moore era, computer architects will no longer be able to rely on device scaling to
improve the energy efficiency and performance of computer systems. Instead, new technologies
will be needed to fuel the efficiency and performance gains of the future. A promising direction
is to use emerging non-volatile memory technology to supplement or even replace DRAM in the
memory system. Examples include resistive RAM (ReRAM), spin-transfer torque magnetic

RAM (STT-MRAM), and phase change memory (PCM).
Many researchers have already proposed main memory systems containing such non-volatile

memories [1, 14, 16, 31, 40, 41, 46, 50]. These new memory systems provide much higher capacity
at lower cost because the new non-volatile memories are denser and more scalable than DRAM.
There is also a significant energy efficiency benefit for these new memory systems, in part because
their non-volatility eliminates the need for refresh. One potential drawback of the new non-volatile
memories, however, is that they can be slower than DRAM. In addition, writes are more costly than
reads, not just in terms of latency but also in energy and endurance. Addressing these shortcomings
has been a major focus of the current research in non-volatile main memory systems.

In this article, we explore another interesting characteristic of emerging non-volatile memories:
their compatibility with CMOS logic. Whereas fabricating DRAM requires special VLSI processes
tuned for implementing DRAM memory cells, fabricating non-volatile memory can be done within
the context of a standard CMOS logic process. This implies that we can integrate non-volatile mem-
ory directly into the die of a CPU (or even a GPU). Compared to conventional discrete memory
systems, such monolithically integrated memory provides less planar area to fabricate the com-
bined compute and memory circuits. Nevertheless, thanks to its high density, significant amounts
of non-volatile memory–potentially 100s of gigabytes—can still be integrated.

Monolithically integrating main memory into a CPU’s die will improve computers in two ma-
jor ways. First, it will enable placing the memory system physically close to the cores, virtually
eliminating data movement for many memory accesses. This can significantly improve the energy
efficiency. As shown in Figure 1, a request to board-level memory (DDR4) incurs 22 pJ/bit [32],
whereas a request to High Bandwidth Memory (HBM2) incurs 5.9 pJ/bit. (The latter assumes
1.9 pJ/bit for traversing half the CPU die on average, and 4.0 pJ/bit [38] for energy on the silicon
interposer and in the HBM stack.) If main memory were monolithically integrated into the CPU’s
die, we could reduce the distance separating a core and the accessed memory bank to as little as
1 mm. This would enable a memory request to incur just 2.5 pJ/bit. Of this, only 0.1 pJ/bit would be
due to data movement thanks to the physical proximity, compared to 4.7 pJ/bit of data movement
energy (out of 5.9 pJ/bit) for HBM2.

Second, monolithic integration will also enable a massively parallel connection from the cores
to main memory. Depending on its organization, monolithically integrated non-volatile memory
can have many thousands of independent memory banks. These memory banks can be distributed
among the cores, affording every core the physical locality benefits mentioned earlier (at least to
a portion of the main memory). Due to the high wire density on die, every core can also have
a wide and dedicated connection to its local memory banks. This will result in large amounts
of memory bandwidth despite the higher access latency of non-volatile memory compared to
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Fig. 1. Impact of physical distance and wire density on energy.

DRAM. We estimate that at a 200 ns access latency on the 14-nm technology node, an on-die
memory system could support just over 1 TB/s. Given lower access latencies on more aggressive
technology nodes, even higher memory bandwidths would become possible. In contrast, discrete
memory systems, like DDR4 and HBM2 in Figure 1, are limited by a small number of I/O pins.
Moreover, even if DRAM dies were stacked on top of the CPU, the interconnect density supported
by the TSVs would still be one to two orders of magnitude lower than monolithic integration.
Not only would this sacrifice memory parallelism, but it would also limit physical locality as the
cores’ memory requests would have to route to a smaller number of, and hence more distant, TSVs
(e.g., along a middle stripe on the chip as shown in Figure 1), resulting in greater data movement
energy.

Recently, researchers have begun investigating monolithically integrated CPU–main memory
chips [3, 4, 23–25]. One problem addressed by the research in this area is that physically, the
integration must permit an entire processor and memory system to fit into a single die. If the two
are integrated in a 2D planar fashion, then the available area can become a limiting factor. But
recent non-volatile memories allow for monolithic 3D stacking of the memory cells (as opposed
to die stacking) to improve density. Examples include Intel’s 3D XPoint [22] and Crossbar’s 3D
ReRAM [11]. In these 3D memories, the bitcells are sandwiched in between metal wires (i.e., at the
intersection of wires laid out perpendicularly in adjacent VLSI layers) giving rise to a “crosspoint
architecture.” Rather than isolate individual bitcells using access transistors, isolation in crosspoint
subarrays is provided via “selector devices.”

The use of selector devices enables extremely small bitcells that can be stacked vertically across
multiple metal layers. However, it also means the transistors underneath the crosspoint subarrays
are free for implementing non-memory circuits. This implies the crosspoint memory can be fabri-
cated over the CPU, occupying the top-level metal layers of the CPU’s die. Meanwhile, the CPU’s
logic can be implemented in the die’s logic transistors, minus those needed for the memory access
circuits. Such placement of the memory system over the CPU can yield higher area efficiency.

Unfortunately, while the memory bitcells do not consume transistors, the non-volatile memory’s
access circuits (i.e., decoders and sense amplifiers) do. When integrated with random logic (e.g.,
the CPU’s datapath), the access circuits can disrupt the compute circuits’ layout, introducing sig-
nificant area overheads [24, 25]. Alternatively, the crosspoint arrays can be integrated over cache.
Prior work has observed that the regular structure of SRAM allows it to be placed underneath
crosspoint arrays with minimal overheads [23, 24]. In this work, we exploit this basic observa-
tion and present the design of a 3D memory structure comprised of a complete last-level cache

(LLC) slice and a crosspoint main memory module. Our design also places a coherence directory
underneath the crosspoint memory as well.

In addition to physical integration, another problem is what is the best way to architect the
LLC/main memory interface? On-die memory systems completely transform the interconnection
between the LLC and main memory. The integration moves main memory onto the same die
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as the memory controller (MC), making the off-chip memory bus unnecessary. Moreover, by
interspersing the memory system’s subarrays among the LLC’s cache mats, even the internal
interconnects between the cache/memory controller and the cache mats/memory subarrays
become redundant. In this article, we propose to provide a single shared internal interconnect
that carries requests from both the cache controller to the cache mats as well as the MC to the
memory subarrays. This shared interconnect further reduces the area impact of the integration.
Not only are the internal interconnects of the LLC and memory system redundant, but so are
the cache controller and MC. We further propose a single unified controller for both the cache
and memory system. Our unified controller retains the cache’s miss status holding registers

(MSHRs), but it integrates the MC’s scheduler queue into the cache’s MSHRs.
This work makes the following contributions:

• We integrate non-volatile main memory into the die of a highly parallel CPU—specifically,
an in-order multi-threaded many-core with two levels of cache. Our work considers both a
coherent and non-coherent version of the cache hierarchy. We associate a portion of main
memory with each core, resulting in high physical locality and access parallelism.

• We study physically integrating crosspoint subarrays over the LLC. In particular, our study
considers 3D ReRAM [11]. Using Cacti, we determine the best cache mat size for placement
underneath the ReRAM, then optimize the layout of the integrated cache and ReRAM sub-
arrays to form a complete LLC slice/main memory module. We also use leftover area to ad-
ditionally integrate an L1 directory. Co-designing the LLC and main memory module saves
27% in area with manageable increases in delay and energy for LLC accesses.

• We explore sharing a single internal interconnect between the controller(s) and the cache
mats and ReRAM subarrays. This provides an additional 12% area savings. We also propose
a unified controller for servicing both LLC and main memory requests.

• Finally, we evaluate our monolithically integrated CPU–main memory architecture. The
evaluation assumes a many-core CPU with non-coherent L1 caches. Compared to an HBM
DRAM-based CPU, a monolithic system gets 5.3× and 1.7× higher performance and 6.0×
and 1.7× lower memory system energy for several graph and streaming kernels, respec-
tively. We also show that the area savings of co-design permits another 23% in cores and
main memory, and that streamlining the LLC/main memory interface incurs a small 4% per-
formance penalty. Last, we also demonstrate that our results will not change appreciably for
a many-core CPU with coherent caches.

The rest of this article is organized as follows. Section 2 provides background on ReRAM and de-
scribes its monolithic integration with a many-core CPU. Then, Section 3 presents the integrated
ReRAM and LLC/directory, and Section 4 presents our shared interconnect and unified controller.
After conducting an evaluation in Section 5, Section 6 discusses related work and Section 7 con-
cludes the article.

2 MONOLITHIC CPU–MAIN MEMORY

2.1 Crosspoint Memory Technology

Certain non-volatile memories, such as Intel 3D XPoint [22] and Crossbar 3D ReRAM [11], employ
resistive memory cells [10] that can be fabricated without per-cell access transistors. This article
considers Crossbar’s ReRAM. Crossbar’s ReRAM bitcells are based on the creation of metallic
filaments in a silicon switching medium [11, 26, 27]. As shown in Figure 2, the ReRAM cells lie in
between perpendicular wires, in a crosspoint architecture that is fabricated up in the metal stack
during back-end of line (BEOL) processing steps. Multiple layers of such cells can be fabricated
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Fig. 2. Closeup of 3D ReRAM bitcells/selectors and crosspoint subarray bias scheme.

to increase density. Figure 2 shows two bitcell layers in between three metal layers. The number
of metal layers required to implement n layers of ReRAM is n + 1. As many as eight bitcell layers
are possible today.

Crosspoint subarrays. Instead of per-cell access transistors, isolation within crosspoint subarrays
is achieved via a FAST Superlinear Threshold Layer (STL), enabling high selectivity (>106–
1010). This selector device is integrated in series with the resistive element. A voltage above a
threshold (> VT H ) must be applied across the selector device and ReRAM bitcell to select the cell
and perform a read or write.

Figure 2 shows the subarray biasing scheme for selection. All wordlines and bitlines of the sub-
array are held at V/2, except the selected cell’s wordline and bitline are biased to have a difference
of V across it. The high selectivity of the selector device ensures minimal sneak current on unse-
lected cells, permitting large subarrays (e.g., 2K × 2K cells). But wordline drive current limitations
bound the number of bits that can be sensed along the same wordline to a small number, such as
4 to 8 bits per ReRAM layer. Although cells from different layers can be accessed simultaneously to
boost the access parallelism, the biasing scheme in Figure 2 prevents adjacent layers from being ac-
cessed. (Non-overlapping crosspoints would have to be accessed to utilize different wordlines and
bitlines across adjacent layers; however, unwanted selection of off-crosspoint cells would occur in
that case.) So, only every other layer can be accessed. The bottom line is that ReRAM crosspoint
subarrays inherently exhibit a fine access granularity.

Crosspoint subarrays are extremely dense due to their lack of access transistors and their fab-
rication in 3D layers. Based on Crossbar’s experience with their own ReRAM memory chips,
64 GB of ReRAM could be fabricated using two-stack subarrays and up to 256 GB of ReRAM
could be fabricated using eight-stack subarrays, assuming 14 nm on a 400-mm2 chip [12]. At the
same time, crosspoint subarrays are also quite small. We expect that 64,000 subarrays could fit
in a 400-mm2 die at 14 nm. Each subarray can be accessed independently, providing a very large
amount of memory access parallelism.

CPU integration. The use of selector devices instead of per-cell access transistors means that the
space beneath individual crosspoint subarrays is empty. Access circuitry (i.e., decoders and sense
amplifiers) do take up logic circuits, but these are amortized given larger subarrays. For example,
at 14 nm and assuming a subarray size of 2K × 2K bitcells per layer and eight layers, we estimate
that only 26% of the area underneath each crosspoint subarray would be occupied by the access
circuitry, leaving 74% of the area free. Our work exploits this free area to implement the LLC.

Access latency. ReRAM is a relatively new memory technology, so there is quite a bit of uncer-
tainty as to its access latency. This is reflected by the literature where a wide range of latencies
have been reported. Read latencies on par with DRAM [47] or even lower than DRAM (below
10 ns) [4, 15] can be found. However, other works have put ReRAM’s read latency above that of
DRAM, at 120 ns [49], or even between 300 and 600 ns [16]. Although there is agreement that
writes are more expensive than reads, a similarly wide range of write latencies have been reported
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as well. Write latencies from 10 ns [4] and 35 ns [47] to 150 ns [49] and 203 ns [15] or more [16]
can be found in the literature.

In our work, we assume a baseline read latency of 200 ns and a write latency of 400 ns. We
believe that this will be achievable when fabricating ReRAM on current state-of-the-art CMOS
technology. Our assumptions are based on Crossbar’s experience with their own ReRAM memory
chips [12]. We do not feel access latencies on par with DRAM will be feasible, especially for the
larger subarrays that are required to enable high densities and efficient integration with CPU logic.
(Larger subarrays will exhibit greater access latencies due to their long wordlines and bitlines.)
Given the uncertainty, however, our experiments will consider varying the access latency.

Write endurance. Besides access latency, another consideration for non-volatile memories is lim-
ited endurance. Because monolithic integration enables a highly parallel CPU with a high band-
width memory system, we can expect elevated write frequencies that make write endurance a
particularly important issue. For our evaluation in Section 5, a write endurance of 109 write cycles
along with good wear leveling [39] would achieve a system lifetime of 8 years. An endurance of
1012 to 1015 would allow a similar lifetime but without having to use wear leveling. For ReRAM,
endurance of 106 [49] to 1012 [30] have been reported, suggesting that current ReRAM could be
used as monolithic main memory but would need wear leveling. Our work does not consider en-
durance techniques. Instead, we assume wear leveling is employed (e.g., [39]) to permit acceptable
lifetimes.

Thermal dissipation. The silicon-based switching material used in Crossbar’s ReRAM is very
stable across a wide temperature range [11], so we do not expect the on-die ReRAM to impose
additional heat dissipation constraints. Additionally, in our technique, the ReRAM is not placed
above cores but the LLC, which is generally the coolest part of the CPU. Finally, compared to 3D
die stacking, we do not expect heat dissipation to be as problematic for monolithic integration
since we only add metal layers on top of a single CPU die. (More heat is trapped between multiple
dies in a die stack.) Most of the heat will be produced by the logic in the CPU die’s substrate, which
is adjacent to a heat sink.

2.2 Compute and Main Memory Architecture

Because of the higher access latency, general-purpose multicore CPUs with a few ILP cores are
unlikely to benefit from on-die ReRAM. Instead, we integrate ReRAM into a many-core CPU with a
large number of in-order multi-threaded cores that can gainfully use the memory-level parallelism
of on-die memory systems. We estimate that 256 cores with four hardware threads each could
fit on a die with 256 GB of ReRAM (see Section 5.1). Our cores resemble those found in early
chip multi-threaded (CMT) achitectures [19, 44], except we add SIMD execution units. The
SIMD units not only execute wide memory operations that fetch contiguous data blocks from
memory but also execute scatter-gather operations from recent ISAs (e.g., AVX-512 [21]). Such
scatter-gather operations are efficiently supported by the fine access granularity of ReRAM. To
further increase memory-level parallelism, we also assume that stride prefetching is supported.

Our many-core CPU employs a two-level cache hierarchy with private L1s and a physically
distributed, but logically shared, L2. Most CMT architectures with shared L2s support directory-
based coherence across the private L1s, but early architectures that considered a large number
of cores proposed non-coherent cache hierarchies [29]. (GPUs also employ non-coherent private
caches.) We design both a non-coherent and a coherent cache hierarchy. In our evaluation, we
simulate the non-coherent hierarchy but show that the results would not change appreciably with
cache coherence.

3D SRAM/ReRAM structure. A major benefit of monolithically integrated main memory is physi-
cal proximity between the cores and their memory system. To maximize this benefit, we distribute
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Fig. 3. Distributing ReRAM main memory

across tiles of a many-core CPU.

Fig. 4. Co-designed 3D SRAM/ReRAM structure.

the on-die ReRAM across the cores, as shown in Figure 3. We assume a 2D tiled organization,
where each tile consists of a core, a private L1 cache (not shown in the figure), and a shared L2
slice. All tiles are interconnected via a 2D mesh network-on-chip (NOC). We added the ReRAM
main memory to each tile, allowing a core to access a local portion of main memory that is just 1
or 2 mm away. This virtually eliminates data movement for local accesses. (A core may still access
main memory on a remote tile by communicating across the NOC.) In addition, due to the high
wire density available on-die, each core can have its own wide connection to the local portion of
main memory, resulting in high memory bandwidth aggregated across all cores.

ReRAM subarrays lack access transistors, so they can be integrated over CPU circuits to save
area, allowing more cores and main memory to be integrated together. However, not every CPU
structure is a good candidate to place beneath the ReRAM. Each ReRAM subarray also has access
circuitry that uses the lower metal layers and has dense connections to the upper layers, making
routing through it difficult. The need to limit routing constrains the type of circuits that can be
placed beneath the ReRAM subarrays.

Previous work has observed that CPU cache, such as the LLC, is a good candidate for 3D integra-
tion with the ReRAM main memory [23, 24]. SRAM cache is very regular: the highly interconnected
SRAM cells can fit neatly underneath crosspoint arrays and avoid their access circuits, whereas
only a few connections (the data and address lines) need to route out, consuming relatively few
routing tracks between the ReRAM subarrays. This applies to all levels of cache, but integrating
over the LLC provides unique opportunities for further integration discussed in Section 4. We de-
sign a 3D SRAM/ReRAM structure, shown in Figure 4, and replicate it to implement an integrated
L2 slice and main memory module, shown in Figure 3. The ReRAM cells in this 3D structure exist
entirely in the BEOL metal layers, whereas their access circuits are situated at the periphery of
the structure. In between the ReRAM access circuits, SRAM subarrays are fabricated with minimal
spacing to permit data and address line routing.

Memory controllers. In a conventional CPU or GPU, the memory system is off chip, and access
to it is provided via a small number of MCs, much fewer than the number of cores. So, traffic to
off-chip memory constricts as it funnels through the MCs, potentially leading to contention. In our
monolithic architecture, since the ReRAM main memory is distributed to each tile, it is natural to
have one MC per tile, as shown in Figure 3. This eliminates the constriction of memory traffic and
provides a highly parallel connection to main memory. Moreover, having an MC local to each tile

also affords opportunities to streamline the LLC/main memory interface. Our work presents several
optimizations related to this interface.

Multi-grain support. Individual ReRAM subarrays only provide a few bits per access. Multiple
subarrays must be grouped into ReRAM banks to provide a more useful data access granularity.
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Fig. 5. Sub-dividing an UCA array.

Our design supports the finest access granularity of practical interest, which we assume to be
8 bytes. Assuming eight-stack subarrays, access to four ReRAM layers in parallel, and 4 to 8 bits per
accessed layer (see Section 2.1 regarding crosspoint subarray accesses), each subarray can provide
2 to 4 bytes of data per access. This means that we need two to four subarrays to implement each
ReRAM bank.

Supporting 8-byte accesses benefits applications with sparse memory access patterns. That said,
it is also important to support larger cache block transfers from ReRAM. This can be achieved
by activating multiple ReRAM banks as a group. Assuming 64-byte cache blocks, a cache-line fill
would require accessing eight ReRAM banks. Multiple schemes for this type of activation have
been proposed [48]. In this work, we have opted to break coarse-grain requests into multiple fine-
grain requests and collate them within the MSHR file structure (as opposed to sending a single
coarse-grain request that would need to wait until all eight ReRAM banks are available).

To drive our multi-grain memory system, we employ the following heuristic: cache misses from
wide vector load/stores request data at cache-block granularity, whereas cache misses from scatter-
gather operations assume low spatial reuse and request data at 8-byte granularity. This determina-
tion is made at the L1 cache level based on the cache-missing instruction’s opcode and is indicated
with a single bit in the access packet header. To handle the multiple request sizes from the mem-
ory system, the caches need to be able to store both coarse-grain and fine-grain data blocks. Both
the L1 and L2 caches are sectored, and divide their 64-byte cache blocks (i.e., sectors) into eight
sub-blocks, each holding 8 bytes.

3 CO-DESIGN STUDY

3.1 Approach

We use Cacti to integrate one uniform cache access (UCA) array, or L2 slice, with one local
ReRAM main memory module, which we then tile across the many-core CPU. Cacti sub-divides
caches for performance [45], as shown in Figure 5. An UCA array is divided into banks that are
accessible in parallel. A bank is composed of subbanks; subbanks divide the cache bank bitlines,
and only one per bank is accessed at a time. Subbanks are partitioned into mats that divide the
wordlines; when a subbank is accessed, every mat is also accessed and provides a fraction of the
output. Mats are composed of cache subarrays. They are relatively self-contained with all inputs
and outputs coming through their center. The cache mat is the unit of SRAM that we integrate
underneath ReRAM banks.

For an associative cache, the number of sets per wordline can be adjusted: if it is a whole number,
multiple sets will be mapped to the same wordline; if it is a fraction, the ways of one set will be
mapped to different consecutive wordlines. This parameter, s , allows adjusting the aspect ratio of
the mats as seen in Figure 6(a). We use mat size and the s parameter to design SRAMs that will fit
beneath the ReRAM banks.

To implement our multi-grain memory system, we use ReRAM banks comprised of two to four
ReRAM subarrays each. Assuming a per-bank access width of 8 bytes, we gang eight ReRAM banks
together to yield an access width of 64 bytes. Cache sectoring can be implemented at the subbank
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Fig. 6. (a) A sweep through the s parameter that controls the number of sets per line. (b, c) Relative sizing of

cache mats and ReRAM subarrays. (d) A data mat and directory mat beneath ReRAM subarrays.

level by dividing each subbank into eight mats, one per sub-block within a sector, with each mat
supplying 8 bytes of data. Then, we integrate the eight cache mats underneath the eight ReRAM
banks in an “output matched” fashion such that the 8-byte ReRAM bank access width aligns with
the 8 bytes stored in each cache mat. (This eliminates any planar data movement when transferring
data between the ReRAM banks and SRAM.) For fine-grained transactions, we activate just one
cache mat/ReRAM bank; for coarse-grained transactions, we activate all eight cache mats/ReRAM
banks. Our co-design study uses Cacti’s smallest supported feature size of 32 nm.

3.2 Cache Mat and ReRAM Bank Size

First, we used Cacti to find mat sizes that would best fit under ReRAM banks. We assumed that
each ReRAM subarray’s access circuits form an “L-shape” along two edges of the subarray; the
remainder of the subarray area is available for integrating the cache mat. In Cacti, the cache was
configured to have one cache bank, one subbank, and eight mats with eight-way set associativity
and 64-byte cache blocks. The cache capacity and sets per wordline were swept to find mats that
could be placed beneath ReRAM banks. We focused on 2K ×2K and 1K ×1K ReRAM subarrays
in groups of two or four per ReRAM bank to achieve an output size of 8 bytes. The overhead
of the access circuitry increases in smaller ReRAM subarrays, leaving insufficient area to reason-
ably integrate the cache mats. For larger ReRAM subarrays, the delay and energy required per
access increases steeply, making them poor candidates for main memory. So, we limit our study to
2K × 2K and 1K × 1K ReRAM subarrays.

Figure 6(b) and (c) show example cache mats and ReRAM subarrays drawn to scale for the four-
and two-subarray ReRAM banks, respectively. The drawings look down “through” the ReRAM
bitcell stacks, with the blue “L shapes” denoting each ReRAM subarray’s access circuits. (We note
that Figure 4 is a 3D rendering of the top half of Figure 6(b).) Because we limited both the cache
and ReRAM subarrays to powers of 2, there are some unused areas, as Figure 6(b) and (c) show.

Next, Cacti was modified to include the area overhead of the ReRAM subarrays. This includes
not only the ReRAM’s access circuits but also the interconnect for routing their address and data
lines. The additional area overhead expands the placement of the cache mats and their intercon-
nects, thus impacting the cache energy and access time. (These modifications do not attempt to
model the energy used by the ReRAM, but rather the impact the ReRAM has on the cache.) Fig-
ure 7(a) shows the area of a cache-only design for an eight-mat 128-KB subbank using the cache
mat from Figure 6(c). Figure 7(b) shows the co-design of the same 128-KB cache subbank with eight
ReRAM banks in an output matched fashion. All eight ReRAM banks in Figure 7(b) are accessed
for coarse-grained (64-byte) transactions, but each ReRAM bank can be accessed independently
for fine-grained (8-byte) transactions.

3.3 L2 Slice and Main Memory Module

After co-designing the cache mat and ReRAM bank pairs, the cache capacity was increased by repli-
cating the cache mat/ReRAM bank units from Figure 6(b) and (c). The number of total subbanks
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Fig. 7. (a) A 128-KB cache subbank with eight mats. (b) The same co-designed with eight ReRAM banks.

Fig. 8. (a) A 2-MB L2 slice organized as two cache banks in a 1 × 2 grid when co-designed with 128 8-MB

ReRAM banks. (b) The same amount of cache and main memory designed separately. (Drawn to scale.)

for each design was increased to 32 and 16, respectively, with eight mats per subbank while main-
taining the mat dimensions. This yielded 256 4-MB ReRAM banks and 128 8-MB ReRAM banks
per L2 slice, respectively, which provides a 1-GB main memory module over a 2-MB L2 slice.

We further modified Cacti to allow us to dictate the layout of banks. Cacti’s default placement
of banks in a square is based on the assumption that the banks will also be close to square; our
co-designed banks often break this assumption. Using our modified Cacti, we find the optimal
configuration for an L2 slice-main memory module. Mat dimensions were fixed based on their
co-design with a ReRAM bank, the mats/subbank were fixed to provide the proper data access
granularity, and the total number of subbanks was fixed to maintain the capacity and approximate
area. The number of cache banks and their layout (e.g., 4 ×4 banks or 2 ×8 banks) were optimized
within these constraints.

Figure 9 shows the energy and percent of the cache occupied by ReRAM subarrays (which we
call ReRAM area efficiency) for the layouts considered; in this analysis, delay is correlated with
dynamic energy (r 2 = 0.999). A few of the design points in the figure are labeled with their layout
dimensions, showing that bank layouts with aspect ratios closest to squares produced the best
energy efficiency. A number of other factors, including the size of the tag arrays and the direction
of the bulk of the routing (vertical or horizontal), affect the ReRAM area efficiency. Figure 8(a)
shows Cacti’s best layout for the 2-MB L2 slice. This design consists of two cache banks with eight
subbanks each, in a 1 × 2 layout, integrated with 128 8-MB ReRAM banks.

3.4 Co-Design Impact

The main benefit of co-design is area savings. For example, Figure 8(b) shows the area of the 2-MB
L2 slice when designed separately (not integrated with) the 128-bank ReRAM, which has an area
of 10.6 mm2 at 32 nm. Comparing Figure 8(a) and (b), we see that co-design reduces the total area
to 8.3 mm2, a 27% area reduction compared to a separate design.

However, co-design negatively impacts the L2 slice due to two key changes: the modification
of the dimensions of the mats to fit beneath the ReRAM banks, and the area overhead of the
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Fig. 9. Design space for a 2-MB L2 slice with co-

designed ReRAM. The line represents a cache-

only design’s dynamic read energy.

Fig. 10. Penalty for co-designed L2 slice normal-

ized to a cache-only design.

ReRAM banks and their internal interconnects. Figure 10 shows the overheads associated with
each of these factors for the L2 slice in Figure 8(a), as well as the overheads of the sectored
cache.

The sectored cache requires adding additional valid and dirty bits to the tag array. This has a
minimal impact of the cache, increasing the area by 10%, the access time by 9%, and the leakage
by 3%. Cacti finds it optimal to divide the tag array into small mats due to the increased capacity,
which does result in a dynamic energy savings of 9%.

The change from the sectored cache-only design to the co-design mat size primarily increased
the cache access time. The access time remains less than 4 ns, and the latency of a distributed,
shared cache is dominated by the time spent reaching the cache rather than the access time once
there [37], minimizing its impact. Increasing the number of divisions also increased leakage by an
additional 18% since control logic and number of drivers increased.

Adding the area overhead of the ReRAM had the biggest impact, increasing the cache area by
a total of 116% over the standard cache. This would only be a concern if the total design area
increased, but co-design results in a significant net savings when considering the area of the L2
and main memory. Finally, dynamic access energy increases by a total of 45%. Part of this increase
is due to having a separate interconnect for ReRAM accesses (which adds 7% more access energy
compared to the cache-only design). This can be mitigated by modifying the LLC/main memory
interface, discussed in the next section. More importantly, Section 5 will show that the dynamic
energy impacts to the LLC are negligible when put in the context of total memory system power,
making the area savings of co-design well worth it.

3.5 Cache Coherence Directory

Although the architecture we evaluate in Section 5 does not include coherence, the co-designed
cache-ReRAM could support it with minimal changes. It is possible to implement a cache coher-
ence directory along with each L2 slice underneath the ReRAM. Rather than re-design from scratch,
we start with the best layout for the integrated L2 slice–main memory module in Figure 8(a),
keeping all parameters from Cacti’s solution fixed. Due to the power-of-2 and aspect ratio con-
straints, the area underneath the ReRAM is not entirely consumed by the L2 slice SRAM. So, we
can design another set of smaller mats for the coherence directory, utilizing the remaining free
area.

Because our L2 is a shared cache, the directory would be for L1 coherence. Given the smaller
size of the L1 caches, for simplicity, we assume a sparse directory [18] with full-map directory
entries. Each directory entry contains a 32-byte bit vector that can track up to 256 sharers. Similar
to the L2 slice, we created an eight-mat subbank for the directory, and integrated it underneath
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eight ReRAM banks. This means that each directory mat has an access width of 4 bytes. We further
assume the directory is 4-way set associative.

We used Cacti to find the largest directory mat with the desired access width and associativity
that will fit in the spare area under each ReRAM bank. Cacti selected a 4-KB directory mat with
s = 1. Figure 6(d) illustrates the layout of this directory mat next to the cache mat. For the entire
L2 slice–main memory module in Figure 8(a), Cacti is able to create a 512-KB directory. (Although
not shown, the tags for this directory also fit next to the L2 tags shown in Figure 8(a).) This is
large enough to handle a 32-KB, 64-KB, or 128-KB L1 with 64×, 32×, or 16× over-provisioning,
respectively.

Although the directory mats fit underneath the ReRAM, there is still an impact for the directory’s
interconnection with the cache controller (albeit, with a narrower 32-byte data bus compared to
the 64-byte data bus needed for the L2 and main memory). Figure 4 shows the two separate inter-
connects for the L2 slice and main memory. If a third interconnect were added for the directory,
the area of the L2 slice–main memory module in Figure 8(a) would expand by 5.1%. This would
also slightly impact the L2 overheads reported in Figure 10.

4 LLC/MAIN MEMORY INTERFACE

In addition to co-designing the cache and directory mats with ReRAM subarrays, monolithic CPU–
main memory integration also provides an opportunity to streamline the interface between the
LLC and main memory. Streamlining the LLC/main memory interface can provide further area
savings as well as energy benefits. There are two major system components that we consider
reducing: interconnects and controllers.

4.1 Shared Interconnects

If main memory moves onto the CPU die, there is an opportunity to eliminate interconnects that
facilitated communication between what used to be discrete components. Of course, the system
memory bus can be eliminated because memory requests no longer need to cross the system
motherboard.

But in addition, there are also the internal interconnects that facilitate communication from
controllers to the cache and directory mats/ReRAM banks. Normally, the LLC, directory, and main
memory are discrete components, so there are distinct internal interconnects for each of them.
But most of the time, the main memory’s internal interconnect (for the ReRAM banks) is under-
utilized. In the design we have laid out, there are 128 ReRAM banks and they have read latencies of
200 ns, meaning that even when fully accessing all of the ReRAM banks, only 128 requests would
be sent in 200 ns, a time frame that could service 200 requests.

For the co-designed structure from Section 3, the cache and directory access traffic and ReRAM
access traffic go to the same place. So, the cache controller and ReRAM MC could share internal
interconnects. In particular, the non-coherent L2 slice–main memory module shown in Figure 4
and designed in Section 3.3 could go from two interconnects down to one interconnect. In addition,
the L2 slice–main memory module with a directory designed in Section 3.5 could go from three
interconnects down to two interconnects.

Sharing interconnects results in modest savings in access time and energy. The main benefit,
however, is area savings. Without a directory, the area of the L2 slice–main memory module from
Figure 8(a) reduces by 12%. When combined with the 27% area savings from co-design mentioned
in Section 3.4, there is a total area savings of 39%. With a directory, the area of the L2 slice–main
memory module reduces by 8.8%. But sharing interconnects can hurt performance by introducing
contention. We will evaluate this in Section 5.
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Table 1. McPAT and Cacti Area at 14 nm

Component Area (mm2)

Core (including L1 cache) 0.72
Router 0.13
Memory controller 0.30
L2 slice-ReRAM module (co-designed) 1.46

L2 slice 0.81
ReRAM module 1.25

4.2 Unified Controller

Another streamlining opportunity is merging the cache controller and MC. The cache controller
schedules accesses to the cache arrays and keeps track of outstanding misses, whereas the MC
schedules the accesses to the memory arrays for those cache misses. The two can be combined
by making the cache’s MSHRs and the MC’s scheduling queue (which provides the controller’s
functionalities) the same structure. Instead of forwarding the request to the main MC, the unified
controller sends them directly to the main memory bank. This eliminates communication between
the cache controller and MC, reducing total access delay. Contention at the cache controller is
minimally affected by combining the two controllers, as every request would need to be handled
by the cache controller regardless of unification.

Merging both the interconnect and the controllers allows for even less data movement. In the
case of a cache miss, the request can be passed from the cache array to the memory array without
going across the internal interconnect. Similarly, when the data is available from the memory, it
can immediately be written into the cache array. This saves a traversal of the internal intercon-
nect for every cache miss, and two traversals in the case where it can be serviced immediately by
the memory. This requires the miss handling portion of the cache pipeline to tightly incorporate
memory operations. When using a unified interconnect, the pipeline scheduling must accommo-
date the resource usage when sending and receiving data to/from the ReRAM banks. Additionally,
the miss handling portion of the pipeline must schedule the memory requests that cannot be ser-
viced immediately.

5 EXPERIMENTAL EVALUATION

This section evaluates our monolithically integrated CPU–main memory chip. The evaluation as-
sumes that our CPU employs the co-designed L2–ReRAM main memory module from Sections
3.1 through 3.4 without the directory, but with the shared internal interconnect and unified con-
troller from Section 4. At the end of the evaluation, we will discuss the impact that including cache
coherence would have on our results.

5.1 Chip Area Simulated

Our evaluation assumes 14 nm. We first compute the CPU size that this technology node enables.
From Section 3, we have Cacti’s area estimates for our co-designed L2 slice–ReRAM main memory
module. For the core, we used McPAT’s Niagra 2 model [33], which is an in-order multi-threaded
core. The McPAT model not only includes the core (with L1 I-/D-cache), but it also includes the
router and MC. The MC is for DRAM; we removed the area for the I/Os and used the reduced
model as an estimate for a unified cache-ReRAM controller. We performed a regression on the
technology nodes available in Cacti and McPAT to scale down the component areas to 14 nm. The
first four lines in Table 1 report these results. We also did a regression on the cache-only design in
Figure 8(b). The last two lines in Table 1 report these results.
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Fig. 11. Overview of our simulator.

Table 2. Simulation Parameters for the Experiments

Cores 256, 4-way multi-threaded
Clock Rate 2 GHz
L1 Cache 32 KB, 4-way, 1 cycle
L2 Cache Slice 256 KB, 8-way
Sector Size 64 bytes with 8-byte sub-blocks
Stride Prefetcher 32-entry stride table
Unified Controllers 256 (1 per core), 64 MSHRs
ReRAM Banks 32,768 (128 per tile)
ReRAM Read/WriteLatency 200/400 ns
ReRAM Access Granularity 8 bytes
On-Chip Network 16 × 16, 2D-Mesh
Network Channels 4 × 64 bytes

Table 1 suggests that our co-designed L2 slice–ReRAM module permits a many-core CPU with
256 cores/tiles to fit in a 25.8 × 25.8 mm die, similar to that of Intel’s Knights Landing [13]. This
would provide a 256-GB main memory system. Table 1 also shows that a separately designed cache
and main memory would result in a tile that is 23.0% larger. Section 5.6.2 will explore this issue.

5.2 Simulator

We created a simulator that models the many-core CPU from Section 5.1 with an on-die main mem-
ory system. A high-level block diagram of our simulator is presented in Figure 11. The simulator
faithfully models our co-designed L2–ReRAM main memory module and streamlined LLC/main
memory interface. Table 2 lists the simulation parameters used as the baseline for our performance
evaluation.

Similar to recent simulators of many-core CPUs with a very large number of threads [7, 36, 43],
we use an Intel Pin-based front-end [35] to feed a parallel instruction trace to a cycle-accurate
back-end. The main difference is that for the front-end, we employ Intel’s Software Development

Emulator (SDE) [20]. SDE can execute ×86 binaries with thousands of threads. It can also emulate
AVX-512 instructions that support scatter-gather operations, which we assume (see Section 2.2).
Unlike previous multi-core simulators, ours sacrifices simulation speed in favor of cycle accuracy
with respect to the memory system; depending on the memory intensity and performance, the
simulator simulates at a rate of 5 to 20 KIPS.

Cores. The front-end executes 1,024 threads in SDE and maps them in groups of four onto the
256 back-end cores. Cores are single issue, in order, and multi-threaded with a five-cycle context
switching overhead. The cores employ a simple one cycle per instruction model and stall threads
whenever they encounter a cache miss. When encountering a scatter-gather instruction, the core
will perform each access on consecutive cycles and the thread will only stall once all requests have
been sent. In the literature, it has been shown that one cycle per instruction simulation models
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work well for relative performance when focused on homogeneous cores working on homoge-
neous workloads [6]. All of our simulations meet these requirements.

L1 cache. The L1 cache is 32-KB/tile and 4-way associative. Hardware prefetching is performed
via a 32-entry 2-delta stride table. After stride detection, data prefetching occurs into 16 prefetch
buffers. The L1 cache is explicitly flushed when the core reaches a barrier to enforce coherence
across barriers. When a cache miss occurs, the L1 cache uses the address to calculate the coordi-
nates of the L2 slice within the 2D mesh network where the data is stored and sends a request. If
the network buffer is full, it will stall the core and attempt to send it again during the next cycle.
All L1 caches are sectored to allow cache-miss fills at either 8-byte (on scatter-gather misses) or
64-byte (on all other misses) granularity.

Network-on-chip. The tiles are interconnected via a 16 × 16 2D mesh network. The NoC carries
the traffic between the private L1s and the L2 slices on L1 cache misses. It employs dimension-
ordered routing and supports two channels (one for requests and one for replies), and is deadlock
free. The routing and request information is contained in an 8-byte header sent with every packet.
We assume that each channel between any pair of NOC routers contains two uni-directional
64-byte sub-channels, resulting in a bisection of 32,768 wires. Although this is quite wide, it is
feasible given that all routers are integrated on the same die.

L2 cache/ReRAM. The L2 cache is 256-KB/tile and 8-way associative. The simulated L2 slices are
smaller than the slices designed in Section 3.4 to account for the much smaller data inputs we are
able to simulate. Like the L1, the L2 cache is sectored to allow cache-miss fills at either 8-byte or
64-byte granularity, as determined by a bit in the request header. Each cache slice has 32 MSHRs.
Each slice also contains 128 ReRAM banks, for a total of 32,768 banks chip-wide. ReRAM reads take
200 ns, whereas writes take 400 ns. The simulator faithfully models our co-designed LLC/ReRAM
main memory module and streamlined LLC/main memory interface, including all queuing and
conflicts at the controller.

Cache and memory scheduling follows a first-in first-out approach with older requests having
priority (practically meaning main memory requests have precedence over cache requests, and
receiving data from arrays has precedence over sending new requests). Cache read hits take five
cycles, and writes take seven cycles. The initial cycle for each consumes the shared interconnect,
preventing any ReRAM requests from being sent to the banks. The initial handling of a miss re-
quires three cycles, eventually followed by a seven-cycle write when the data is received. If no
MSHRs are available, handling new requests is stalled until main memory requests are completed
and an MSHR is freed. Scheduling ReRAM requests takes place during a miss while accessing the
MSHRs and is performed in a first-in first-out manner for each ReRAM bank. As each ReRAM
request completes, the next oldest request to the now unoccupied bank is sent, consuming a cy-
cle on the shared interconnect. The cache operations are pipelined; sending data to the arrays,
tag lookup, data array access, and MSHR operations are each assigned a pipeline stage to allow
multiple requests to be serviced simultaneously.

DRAM. We compare a monolithically integrated CPU–main memory chip to a discrete system
composed of the same CPU connected to four HBM2 DRAM stacks with no ReRAM. When a dis-
crete DRAM system is being modeled, an additional two network channels are added from the L2
cache to the MCs, and the main memory portion of the simulator is replaced with DRAMSim3 [34],
which accurately models all DRAM components. HBM2 uses four or eight MCs per stack—located
in the middle of each edge of the NOC—that control 16 or 32 total DRAM channels. The four-MC
case employs a 128-byte cache-block size and always fetches cache blocks. The eight-MC case em-
ploys a 64-byte cache-block size and normally fetches cache blocks, but uses a 32-byte fetch size
(the finest granularity in HBM2) for scatter-gather accesses. The peak DRAM bandwidth in both
cases is 1 TB/s. We also consider a scaled-up system with eight HBM2 stacks on 32 or 64 channels,
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Table 3. Benchmark Names, Input Sizes, and Number of Instructions

Simulated (in Billions)

Graph Kernels

All Pairs Shortest Path (APSP) scale = 22 1.4
Betweenness Centrality (BC) scale = 22 1.5
Page Rank (PR) scale = 22 2.1
Single Source Shortest scale = 22 1.8

Path (SSSP)

Streaming Computations

DAXPY 1.47B elements 1.5
K-means (KM) 1M points, 32 features 1.0
Nearest Neighbor (NN) 204.8M hurricanes 1.3
Pathfinder (PF) 15M columns, 100 rows 2.4

and a peak bandwidth of 2 TB/s. To account for the difference in area between our co-designed
cache and off-chip DRAM, each tile has a 512-KB LLC slice, double that of the monolithically inte-
grated cache.

5.3 Benchmarks

We drive our simulations using eight benchmarks, which are listed in Table 3. Half of our bench-
marks are graph kernels, whereas the other half are streaming computations. All but one are from
standard benchmark suites—either CRONO [2] or Rodinia [9]. The exception is DAXPY, which
computes y[i] = a ∗ x[i] + y[i] and was written by the authors.

All of the kernels were explicitly parallelized to create threaded code. The threaded code was
then vectorized by hand using AVX-512 intrinsics to generate SIMD instructions. Unit-stride array
traversals occur in all of the benchmarks and were converted to packed vector load/store instruc-
tions. In the graph kernels, memory indirection through edge lists are ubiquitous and were con-
verted to scatter-gather memory instructions. There is also opportunity for scatter-gather in one
of the streaming benchmarks, NN. In the streaming computations, we were able to partition the ar-
rays that exhibited unit-stride traversals such that the array portion operated upon by each core is
allocated in the core’s local ReRAM memory. However, the graph kernels exhibited large amounts
of irregular accesses, accessing data across a large portion of the memory space, preventing them
from being partitioned this way.

Because the simulator assumes the non-coherent version of our LLC–ReRAM main memory, we
must manage coherence manually. All of our benchmarks execute fully parallel loops, with depen-
dences occurring only across barriers. We added software directives to flush the L1 D-cache right
before each thread enters a barrier. Our simulator simulates these software-induced L1 flushes,
including writebacks of dirty L1 blocks.

The second column of Table 3 specifies the inputs for each benchmark. For the graph kernels,
we created an input graph using SSCA2 [5], which is based on the Recursive MATrix (R-MAT)

scale-free graph generator [8]. The number of vertices in the generated graph is 222 (i.e., scale =
22). For the Rodinia benchmarks, the input sizes are scaled-up versions of the inputs provided with
the benchmarks [9] to match the high degrees of parallelism in our experiments.

We functionally execute the serial initialization code of each benchmark in SDE only, then turn
on the cycle-accurate back-end for the parallel region. The last column of Table 3 reports the num-
ber of instructions (in billions) simulated in the parallel region. For the streaming benchmarks,
these represent the entire parallel region. For the graph kernels, the instruction counts represent
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Fig. 12. Normalized throughput on a monolithically integrated CPU–main memory chip and on a discrete

system with four-stack HBM2.

a portion of the parallel region. All benchmarks exhibit the same behavior throughout the par-
allel region, so we expect the four partially simulated benchmarks to still yield representative
results.

5.4 Performance Results

Figure 12 presents our performance results. The graph kernels are shown on the left side of the
figure, whereas the streaming computations are shown on the right side. The figure plots through-
put on the many-core CPU with a monolithically integrated ReRAM memory system and with
four discrete HBM2 DRAM stacks, labeled “Monolithic” and “Discrete-4,” respectively. The graph
kernels use the fine-grained 32-channel HBM2, whereas streaming computations use the coarse-
grained 16-channel HBM2, which provide the best performance for each benchmark. We scale the
number of threads from 256 to 1,024 by running 1, 2, or 4 threads in each multi-threaded core. All
bars are normalized against the Discrete-4 bars at 256 threads.

The monolithic system significantly outperforms the discrete HBM2 DRAM system. At 1,024
threads, the monolithic system’s throughput for the graph kernels is 5.3× higher than HBM2 on av-
erage, whereas the monolithic system’s throughput for the streaming computations is 1.7× higher
than HBM2 on average. Different reasons account for the performance advantages in the graph
kernels versus the streaming computations.

For graphs, the majority of cache misses are incurred by indirect memory references through
scatter-gather operations. The combination of 1,024 threads and 8-way scatter-gather generates an
enormous number of memory requests. The monolithic system employs 8-byte fetches for scatter-
gather memory requests. This opens up the 32,768-way bank-level parallelism to support the indi-
rect memory references. So, the ReRAM-based memory system is able to keep up without incurring
much bank contention. In Figure 12, this enables the performance scaling on the monolithic system
from 256 to 1,024 threads for the graph kernels. In contrast, HBM2 is unable to handle the massive
parallelism. It only has 256 banks, and although it uses HBM2’s finest fetch size (32 bytes) on sparse
requests, this still transfers unused data and incurs contention. Therefore, HBM2’s performance
does not scale.

For streaming, the majority of cache misses are incurred by linear array traversals. Instead of
random memory access parallelism, high streaming bandwidth is more important. The monolithic
system adapts to a cache-block fetch granularity, using its prefetcher to create long streams of
cache-block requests. Moreover, each core primarily computes on data stored in its local ReRAM
module (see Section 5.3). So, the streaming accesses avoid the NOC and experience minimal con-
tention, allowing the monolithic system to almost achieve its peak bandwidth, 1.3 TB/s (32,768
banks × 8 bytes / 200 ns) as can be seen in Figure 13. Note that the effectiveness of prefetching is
evident in Figure 12: higher thread counts provide less latency tolerance benefits for the streaming
computations compared to the graph kernels.
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Fig. 13. Average bandwidth in the network, LLCs, and RAM for a monolithically integrated CPU–main mem-

ory chip (running 1,024 threads) and for discrete systems with four-stack or eight-stack HBM2.

In contrast, although the HBM2 memory system has a comparable peak bandwidth, 1 TB/s, it
requires row buffer locality to achieve the peak. Streaming usually exhibits high spatial reuse, but
our many-core CPU causes a large number of streams to interleave at the small number of DRAM
banks, destroying the reuse within row buffers. As a result, only a fraction of the peak bandwidth
is achieved. In fact, for DAXPY, NN, and PF, performance actually degrades with more threads, as
this causes even greater stream interleaving.

Two benchmarks, NN and KM, exhibit unusual behavior. Although most streams are dense,
NN performs striding. For the monolithic system, the striding pattern permits only 25% of the
ReRAM banks to be utilized, reducing peak bandwidth by 3

4 . This limits performance gains for the
monolithic system as thread count scales (performance even goes down from 512 to 1,024 threads).
Last, the one benchmark for which HBM2 outperforms our monolithic system is KM. KM has
a high cache-hit rate and is much less memory intensive. It is latency bound and hence prefers
HBM2.

The average bandwidth of the network, cache, and main memory are shown in Figure 13. We
only show the thread count for which DRAM performs the best per benchmark. The network
bandwidth includes a request header, increasing its bandwidth usage over the cache bandwidth.
This is most evident in benchmarks that use scatter-gather requests since each packet will have a
larger ratio of header information to data. The cache and RAM bandwidths are very similar for the
majority of benchmarks due to high L2 cache miss rates. The exceptions are PR and SSSP, which
exhibit a degree of locality and so benefit from the LLC, resulting in their cache bandwidth being
larger than their RAM bandwidth. The issue of interleaving streams is evident for the discrete
systems, as they only reach about half their peak bandwidths in the best cases for the streaming
benchmarks.

Figure 14 shows a comparison against a more aggressive HBM2 with eight die stacks and 32
controllers, labeled “Discrete-8.” Instead of showing all thread counts, we only show the thread
count for which DRAM performs the best per benchmark. For graphs, HBM2 roughly doubles
in performance, but the monolithic system is still 2.7× faster. For streaming, the faster HBM2
now outperforms the monolithic system in all cases except NN. NN is not write intensive, and
much of its write traffic is sent to the 3

4 of banks that are not accessed by reads due to NN’s
striding pattern. Reducing write contention, especially as writes are twice the latency of reads,
gives NN an advantage over the other memory-intensive streaming benchmarks in the monolithic
system. Even though HBM2 outperforms the monolithic system in most streaming benchmarks,
the monolithic system is still within 9.7% of the aggressive HBM2. This underscores the advan-
tage of on-die memory systems: physical locality and memory-level parallelism allow them to
be competitive in performance with an off-chip memory system that has almost twice the peak
bandwidth.
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Fig. 14. Comparing normalized throughput with

eight-stack HBM2.

Fig. 15. Dynamic, refresh, and static energy in the

memory system.

5.5 Energy Results

Figure 15 shows the energy in the memory system, including the LLC, network, data movement
off the CPU chip, and RAM access (DRAM or ReRAM) for the four-stack HBM2, eight-stack HBM2,
and monolithic systems, labeled “Disc-4,” “Disc-8,” and “Mon,” respectively. Once again, we only
report results for the best-performing thread count per benchmark. Varying thread count only af-
fects the dynamic energy by a few percent, as roughly the same total amount of work is performed;
however, static energy grows with execution time. To obtain the LLC’s energy, we performed a
regression on the Cacti results from 90 nm to 32 nm, then extrapolated the 32-nm design from
Section 3.4 to 14 nm. We did this for the co-designed cache with a shared interconnect (monolithic
system) and the cache-only design (HBM2 system). For data movement on the CPU chip (i.e., the
NOC), we assumed 0.1 pJ/bit/mm. For off-chip data movement to HBM2, we used 2.8 pJ/bit [38].
DRAMSim3 provided the DRAM energy. Finally, similar to latency, there is also uncertainty in
ReRAM’s access energy. In recent literature, 1pJ/bit [4] and 1.6pJ/bit [49] have been reported. Based
on Crossbar’s experience with their ReRAM technology, we assume 2.4 and 4.8 pJ/bit for ReRAM’s
read and write energies [12].

As Figure 15 shows, the monolithic system consumes less energy than HBM2. On average, for
the graph kernels, the monolithic system uses 6.0× and 3.7× less energy compared to four- and
eight-stack HBM2, respectively, and for the streaming computations, the monolithic system uses
1.7× and 1.2× less energy compared to four- and eight-stack HBM2, respectively. The monolithic
system does not incur any off-chip data movement. For the streaming computations, the monolithic
system eliminates most of the on-chip data movement as well since memory accesses are almost
entirely localized within each tile. Additionally, as discussed in Section 5.4, the graph kernels and
NN exhibit sparse memory access patterns for which HBM2 incurs over-fetch. This increases all
components of HBM2 energy consumption relative to the monolithic system in these benchmarks.

5.6 Detailed Design Results

5.6.1 Latency Sensitivity. As discussed in Section 2.1, ReRAM is a relatively new memory tech-
nology, so there is uncertainty in its access latency. To study the sensitivity of our results to latency,
we ran simulations with read latencies of 100, 200, 500, 750, and 1,000 ns. In these experiments, the
write latencies are always set 2× higher. Figure 16 reports the monolithic system’s throughput
with 1,024 threads for the 200-, 500-, and 750-ns experiments as well as the best eight-stack HBM2
throughput normalized to the best four-stack HBM2 throughput (marked by the dashed line). Us-
ing all five latency experiments per benchmark, we performed a regression to extrapolate the
latency for which the monolithic system achieves the same throughput as HBM2. The two values
shown above each set of bars report this “break-even latency” for the monolithic system compared
to four- and eight-stack HBM2.

In the graph kernels, the monolithic system remains superior to four- and eight-stack HBM2
even at higher latencies. Averaged across the four graph kernels, the monolithic system’s
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Fig. 16. Latency sensitivity results for 2K × 2K

subarrays and 128 banks/tile.

Fig. 17. Latency sensitivity results for 1K × 1K

subarrays and 256 banks/tile.

break-even latencies with four- and eight-stack HBM2 are 1069 ns and 504 ns, respectively, show-
ing that there is significant “latency headroom” in the graph kernels. For streaming, the monolithic
system beats four-stack HBM2 at 200 ns, but loses at 500 ns or higher. Nevertheless, there is still
a little headroom: averaged across the four streaming computations, the monolithic system’s
break-even latency with four-stack HBM2 is 271 ns. However, to break even with eight-stack
HBM2, ReRAM’s latency would need to drop below 200 ns: 157 ns, as shown in Figure 16.

An important factor affecting access latency for ReRAM is the subarray size. We expect that the
latency for 1K × 1K ReRAM arrays will be a little more than half that of 2K × 2K ReRAM arrays.
Using the 1K × 1K ReRAM arrays also results in an increased amount of parallelism, with 256
ReRAM banks/tile. Thus, to study the performance of 1K × 1K ReRAM arrays, we simulated 256
banks/tile at half the latencies simulated for 2K × 2K ReRAM arrays. (In other words, we simulated
read latencies of 50, 100, 250, 375, and 500 ns, plotting the middle three results in Figure 17, then
using all five results for regression analyses, similar to what we did for the 2K × 2K results.) Fig-
ure 17 shows these results. The 1K × 1K configuration has a larger negative impact on the cache.
Although the cache area is only 1.2% larger than the 128 bank/tile slice, the smaller mats required
to fit beneath the smaller ReRAM banks increase leakage by 28% rather than 18%, as more access
circuitry is required. However, in return, Figure 17 shows the throughput increases significantly
compared to Figure 16. Moreover, the graph kernel average break-even latencies with four- and
eight-stack HBM2 increase to 1,273 ns and 603 ns, respectively. For the streaming computations,
the average break-even latencies with four- and eight-stack HBM2 increase to 558 ns and 292 ns,
respectively. The higher break-even latencies are due to the increased parallelism from the larger
number of ReRAM banks.

We also conducted experiments that vary the write latency while keeping read latency fixed.
This can occur when addressing reliability issues: the system may perform multiple cycles of writ-
ing and checking data integrity. Figure 18 reports the throughput on a monolithic computer when
the write latency is increased from 400 ns to 2 μs with the read latency held at 200 ns. Each bench-
mark is run with 1,024 threads and the performance is normalized to the baseline configuration
with 400-ns writes. These results show that the performance of our benchmarks is much less sen-
sitive to increases in write latency alone.

If the read latency is maintained at 200 ns, the break-even write latency for the graph kernels
compared to the four- and eight-stack HBM2 is 8.3 μs and 6.4 μs, respectively. For streaming com-
putations, 1.4 μs is the break-even write latency compared to the four-stack HBM2; changing the
write latency alone cannot make the streaming computations on par with eight-stack HBM2. Over-
all, increasing the write latency to 1 μs reduces throughput by 17%, whereas increasing it to 2 μs
reduces throughput by 39% on average.

5.6.2 Co-Design Area Benefit. All of our results so far have assumed the co-designed L2-ReRAM
main memory module. As mentioned in Section 5.1, without co-design, each tile would be 22.1%
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Fig. 18. Performance affect when increasing the write latency.

Fig. 19. Co-designed versus a separately designed

system (approximated).

Fig. 20. Streamlined LLC/main memory interface

versus redundant interconnects and controllers.

larger: instead of 256 cores, we would only have 210 cores in the same die area. Unfortunately,
our simulator requires a power-of-2 number of tiles, so we cannot evaluate 210 cores. To esti-
mate the impact, we reduced each core’s threads from 4 to 3 (25% reduction), and we reduced
the number of per-tile ReRAM banks from 128 to 112 (14% reduction) to maintain a divisible-by-8
match with cache lines. Figure 19 shows the performance of this reduced configuration, labeled
“Monolithic-Separate-Design,” normalized to the 1,024-thread “Monolithic” bars from Figure 12.
Figure 19 shows that on average, performance decreases by 18% for the reduced configuration.
Although this is not a precise experiment, it nevertheless shows that our co-designed L2-main
memory structure affords area efficiency that can directly translate into performance gains.

5.6.3 Shared Interconnect and Unified Controller Benefit. All of our results so far have assumed
the streamlined LLC/main memory interface. We ran a set of experiments that do not use this
streamlined interface—that is, assuming separate internal interconnects for the LLC and ReRAM
main memory, and assuming a separate cache controller and MC. Figure 20 shows the performance
of this memory system with redundant interfaces and separate controllers, labeled “Monolithic-
Redundant,” normalized to the 1,024-thread “Monolithic” bars from Figure 12. The streamlined and
redundant systems exhibit very similar performance, with an average of 4% better performance for
the redundant case. As mentioned earlier, the streamlined interface may increase contention due
to the shared internal interconnect, which is why performance is better for the redundant system
in BC, PR, SSSP, KM, and NN. At the same time, the streamlined interface has lower latency, which
is why performance degrades slightly for the redundant system in DAXPY and PF.

5.6.4 Variable Granularity Benefit. Our multi-grain fetch support benefits applications with
sparse memory access patterns, namely the graph kernels and NN. To quantify this benefit, we
re-ran our monolithic system experiments without this support—that is, all cache misses request
a full cache block rather than scatter-gather misses requesting only 8 bytes. We do not change
the underlying architecture, meaning that requests incur a small seven-cycle overhead to sequen-
tially send the request to each of the eight ReRAM banks. Figure 21 shows the performance of
this coarse-grained memory system, labeled “Monolithic-Coarse-Grain,” normalized to the 1,024-
thread “Monolithic” bars from Figure 12. Averaged across the five kernels with sparse memory
access patterns, the throughput is reduced by 20% without multi-grain support. (Although not
shown, the multi-grain support also improves dynamic energy consumption by 32%.) Compared
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Fig. 21. Variable fetch granularity versus always fetching 64-byte cache blocks.

Fig. 22. Performance effect when scaling the number of ReRAM banks.

to always accessing 64-byte cache blocks, the finer-grained 8-byte accesses provided by our multi-
grain support afford greater parallelism and eliminate wastefully fetched data for sparse memory
access patterns.

5.6.5 Technology Scaling Impact. Our selected design point includes 32,000 ReRAM banks in the
memory system, which is our estimate for the 14-nm technology node with 2-MB L2 cache slices.
This is a lot of memory parallelism. However, ReRAM is also highly scalable. In future technology
nodes (e.g., 7 nm), it is conceivable to have up to 128,000 banks. The given design point also has
a large amount of cache—512 MB. If the area dedicated to cache and the memory system were
reduced in favor of computational logic, the number of ReRAM banks would also be reduced. An
important question is how might scaling the number of banks impact our performance results?

Figure 22 reports the throughput on a monolithic computer when the number of ReRAM banks
is swept from 8,000 to 128,000 banks. For each benchmark, the performance is normalizaed to the
baseline configuration of 32,000 banks. For all of the experiments, we run the benchmarks with
1,024 threads and employ a read latency of 200 ns (and a write latency of 400 ns).

As Figure 22 shows, scaling up the number of ReRAM banks has a positive impact on perfor-
mance for all benchmarks but KM, which is compute bound. The reason for the improvement,
however, depends on the type of benchmark. For the graph kernels, performance improves pri-
marily because of a reduction in bank conflicts. We find that the scatter-gather requests in the
graph kernels are uncorrelated, so they tend to spread across all of the banks. Even though
the tiled CPU that we assume is not capable of completely saturating all 32,000 ReRAM banks,
the sheer volume of memory requests means there still exists a significant probability for accesses
to collide. The left half of Figure 22 confirms this: when the number of banks is increased from
32,000 to 128,000, the graph kernels’ performance improves by 24.4% on average.

In contrast, for the streaming computations, performance improves primarily because of an in-
crease in total memory bandwidth. As described earlier, the peak read bandwidth for the baseline
configuration is 1.2 TB/s (and is lower with writes factored in). When the number of banks in-
creases to 128,000, this peak read bandwidth quadruples to 4.8 TB/s. The streaming computations
running on our tiled CPU cannot utilize this amount of memory bandwidth, so we do not expect
performance to quadruple, but before that point the performance scaled fairly linearly with banks.
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As the right half of Figure 22 shows, the streaming computations exhibit a 102% improvement in
performance on the scaled-up configuration.

5.6.6 Cache Coherence Impact. Many-core CPUs with a two-level cache hierarchy and a shared
L2 usually maintain coherence on the private L1s. Although our design in Sections 3 and 4
considered directories, we did not simulate cache coherence in our evaluation, opting for non-
coherent L1s more akin to accelerators. However, we did analyze potential impact. In our simula-
tor, we counted the number of L2 accesses that do not require coherence: read hit with no writer,
write hit with no sharers, and miss to ReRAM. Averaged over all kernels, these counts make up
99.3% of all L2 accesses. For the worst-case benchmark, the counts make up 96.1% of all L2 accesses.
The memory-intensive nature of our kernels means cache blocks are short lived in the CPU caches,
so there is very little dynamic sharing. From this analysis, we conclude that our results would not
change appreciably for the design with directories. The main impact of cache coherence would be
eliminating the need to manually enforce coherence.

6 RELATED WORK

Gong [17] has designed a SRAM/MRAM hybrid TLB-Cache that makes use of monolithic 3D in-
tegration of non-voltatile memories. This work looks to increase the capacity and decrease the
power consumption of the cache by leveraging similar techniques to our main memory system.

Sabry Aly’s group [3, 4] proposed monolithically integrating STT-RAM and ReRAM with car-
bon nanotubes and CMOS transistors. However, their approach relies on advanced 3D processing
technology that can fabricate both compute and memory devices across multiple vertical layers
of silicon. In contrast, our work proposes stacking ReRAM in BEOL metal layers over CPU logic
that is implemented using planar transistors. This can be fabricated in today’s commercial CMOS
technology and is a more practical approach for integrating main memory with the CPU chip.

Our own previous work, Jagasivamani et al. [23–25], was the first, to the best of our knowledge,
to propose integrating ReRAM over cache, but that early version only showed that individual
cache mats can fit underneath ReRAM subarrays. This article provides the design of a complete
integrated ReRAM memory module and cache slice, including a coherence directory, and optimizes
the integrated 3D structure for area, delay, and power. The current work is also the first, to the best
of our knowledge, to propose a unified cache/memory controller and shared internal interconnects.
In addition, it incorporates our 3D LLC slice/main memory module into a variable granularity
memory system for a many-core CPU and fully evaluates the entire integrated architecture.

Besides monolithically integrated ReRAM, there are other integration methods that researchers
have explored. Embedded DRAM [28] can also be integrated into the CPU die, although at far lower
densities than what we propose with ReRAM. Another approach is stacking memory dies directly
on top of the CPU [42, 50]. However, as discussed in Section 1, die stacks provide a limited number
of TSVs since the TSVs are considerably larger than the vias that can be used with monolithic
integration. The TSVs are generally placed centrally on the chip to prevent disrupting the layout
of other logic, as shown in Figure 1. This increases data movement and energy, and reduces the
overall bandwidth and performance of the system. Moreover, to achieve comparable bandwidths,
the switching speeds need to be much higher over the smaller number of TSV connections, further
increasing power consumption. Finally, Xu et al. [47] also studied a ReRAM-based main memory
system, but it was discrete and not monolithically integrated with the CPU.

7 CONCLUSION

This article studies monolithically integrating ReRAM main memory over the CPU’s LLC. We ex-
ploit ReRAM’s 3D crosspoint architecture to recoup unused area underneath the subarrays for
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implementing the LLC. Using Cacti, we co-designed the LLC’s mats, subarrays, and banks with
ReRAM’s subarrays and banks to boost area efficiency. Our design saves 27% of the total LLC and
main memory area. We also integrated a sparse full-map directory alongside each L2 slice under-
neath the ReRAM that is large enough for a 32- to 128-KB L1 cache. In addition, we developed a
streamlined LLC/main memory interface that employs a shared internal interconnect and a unified
controller to service both LLC and main memory requests. These optimizations save an additional
12% in area. Our results show that monolithic integration of CPU and main memory improves
performance by 5.3× and 1.7× over HBM2 DRAM for several graph and streaming kernels, re-
spectively. It also reduces the memory system’s energy by 6.0× and 1.7×, respectively. We also
show that the area savings of co-design allows another 23% in cores and main memory, and that
streamlining the LLC/main memory interface incurs a small 4% performance penalty.
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