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Abstract—Emerging 3D stacked memory systems provide signiﬁcantly more bandwidth than current DDR modules. However,
general purpose processors do not take full advantage of these
resources offered by the memory modules. Taking advantage
of the increased bandwidth requires the use of specialized
processing units. In this paper, we evaluate the beneﬁts of
placing hardware accelerators at the bottom layer of a 3D
stacked memory system compared to accelerators that are placed
external to the memory stack. Our evaluation of the design
using cycle-accurate simulation and RTL synthesis shows that,
for important data intensive kernels, near-memory accelerators
inside a single 3D memory package provide 3x-13x speedup over
a Quad-core Xeon processor. Most of the beneﬁts are from the
application of accelerators, as the near-memory conﬁgurations
provide marginal beneﬁts compared to the same number of
accelerators placed on a die external to the memory package.
This comparable performance for external accelerators is due to
the high bandwidth afforded by the high-speed off-chip links.
On the other hand, near-memory accelerators consume 7%-39%
less energy than the external accelerators.

I. I NTRODUCTION
Given the importance of workloads that process large
volumes of data, numerous efforts are being channeled into
designing systems that can process these big-data applications
at higher speeds while consuming less power. For these
applications, cost of data movement dominates system performance and energy efﬁciency. Processing In Memory (PIM)
is a promising approach towards reducing the cost of data
movement by integrating memory and accelerators in the same
chip package.
The advent of commercially feasible 3D chip stacking
technology, such as the Hybrid Memory Cube (HMC) [1],
has renewed interest in PIM [2]–[5] architectures. A 3D chip
can consist of multiple logic and DRAM layers stacked on
top of each other and connected through high bandwidth
through-silicon-vias (TSVs). Unlike previously studied PIM
systems [6]–[8], the logic and DRAM layers can be manufactured using different process technologies. This makes
it possible to efﬁciently integrate high-quality logic into the
memory package.
In this paper, we implement and evaluate a PIM architecture
with accelerators for common data-intensive kernels: sorting,
string matching, memory copy, and hash-table lookup. We
study the advantages, limits, and challenges of integrating
them into a layer in a 3D stacked memory package, and
compare this near-memory processing approach with a conventional approach of implementing the accelerators in a
processor die. We also propose a data-mapping scheme which
optimizes for contiguous memory access patterns prevalent
in the near-memory workloads and facilitates load-balancing
across accelerators.
Our studies show that while near-memory accelerators
provide signiﬁcant speedup (up to 13x) and better energy
efﬁciency (up to 159x) compared to general purpose cores,
they render modest advantages compared to accelerators implemented on the processor die and external to the memory
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system. This is because accelerators that are integrated inside
the processor die still beneﬁt from high bandwidth access to
memory. A single Hybrid Memory Cube (HMC), for example,
offers a bandwidth of 160GB/s-320GB/s – more than 10x the
bandwidth offered by a single DDR3 module [1]. Furthermore,
since these accelerators can generate multiple outstanding
memory requests, they can achieve high throughput without
suffering greatly from the added latency of off-chip communication. On the other hand, near-memory placement of the
accelerators saves 7-39% energy compared to an accelerator
architecture that is tightly coupled to the processor.
II. BACKGROUND AND M OTIVATION
A. 3D Stacked Memory Systems
Memory system designers have been striving to increase
the amount of bandwidth and memory density per pin without
consuming disproportionate power. In the progression from
DDR to DDR4, the bandwidth of a single memory package
increased from 2.66GB/s to 21.3GB/s while energy consumption per bit accessed decreased 6 fold.
To maintain this trend, 3D stacked memory systems have
been introduced in recent years. Recently, Micron Inc. has
introduced the Hybrid Memory Cube (HMC), a 3D stacked
package that integrates multiple DRAM layers and a single
logic layer. The logic layer consists of memory control, testing,
and interfacing logic. The different layers are connected using
high bandwidth through-silicon-vias (TSVs), which can provide an aggregate internal bandwidth up to 320GB/s between
the logic layer and DRAM layers.
In tandem with internal bandwidth improvements, DRAM
vendors have spent signiﬁcant effort to improve the external
interface bandwidth as well. The package communicates with
the processor die (or other external units) through high bandwidth serializer-deserializer (SerDes) links and can support a
bandwidth of 160-320 GB/s depending on the number of links.
The memory slices are connected to the external SerDes links
through a crossbar.
Unfortunately, current processors are not capable of taking
full advantage of these improvements in internal and external
memory bandwidth. Figure 1 shows the memory resource
utilization of a simulated Quad Core Xeon CPU executing data
intensive benchmarks, while connected to a 16-vault HMC
DRAM with a 160 GB/s external SerDes interface. For each
execution, we measure the fraction of total bandwidth utilized
throughout the execution of the program. We also observed
that all banks are idle more than 80% of the time on average.
We consider a bank to be idle if it is not servicing a read,
write, or refresh operation during a particular cycle. Clearly,
the processor cores cannot take advantage of the bandwidth
improvements.
B. Data Intensive Kernels
To evaluate the beneﬁts of near memory processing, we implement accelerators for important big-data kernels described
below.
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III. A N A RCHITECTURE FOR ACCELERATED
N EAR -M EMORY C OMPUTATION
We base the design of our near-memory architecture on Micron’s Hybrid Memory Cube. Figure 2 illustrates the high-level
architecture of the design. The DRAM layers are composed
of multiple independent channels called vaults. Each of these
vaults are organized as independent vertical slices constructed
from multiple DRAM layers. Each of the vaults can be
accessed in parallel, and thus have independent accelerators
and memory controllers associated with them.
A. Application-Speciﬁc Accelerators
When operating on data residing in their local vault,
accelerators will have direct high-bandwidth access to the
DRAM layers via the TSVs. Some of the operations we will
discuss below require data to be gathered from multiple vaults.
In this case, memory has to be accessed through the onchip crossbar interconnect at a lower throughput. Whenever
possible, operations are scheduled on accelerators that are
directly connected to the banks containing the accessed data.
The DRAM controllers associated with each vault handle
requests from accelerators co-located with them as well as
read and write requests that come from the processor and
other accelerators through the interconnects. The accelerator
controllers also accept commands from the processor cores

1450

Address
Generation

Accelerator

MC A
Output
Buffer

Crossbar

Acc.
Controller

Fig. 1. Bandwidth Utilization. Bandwidth utilization of selected data
intensive operations running on a simulated Quad Core Xeon processor. All of
the operations run in four concurrent threads. Values are normalized against
160GB/s - the maximum bandwidth from a 16-vault HMC.

Sorting: Database and data analytics systems usually need
to sort intermediate and ﬁnal query results. Data processing
pipelines such as Hadoop and Spark rely on sort-based algorithms to shufﬂe data among mapper and reducer processes.
Sort operations have limited parallelism and signiﬁcant data
movement across different memory locations.
String Matching: String matching is a fundamental operation when searching through any text. Example applications
include database queries, searching through unstructured text
and network intrusion detection.
Memcopy: A recent study that proﬁled warehouse scale
computers in a Google data center has reported that at least 45 % of data center cycles are spent on memcpy and memmove
operations[9]. This study also found that approximately twothirds of the time spent on remote-procedure calls is consumed
by data movement of the payloads.
Hash Table Lookup: Hash table lookup is representative
of operations with poor data locality. In-memory key-value
stores, database join algorithms, and text indexing programs
are a few examples of applications that need to maintain large
hash tables in main memory. Furthermore, linked-list based
hash-table implementations have to perform pointer chasing
operations which require multiple expensive trips to memory
followed by short computations.

MC A

To Memory or
Crossbar

Acc.
Controller

(To/From Processor)

Fig. 2. Near Memory Accelerator Organization. Accelerators have high
bandwidth access to local vaults stacked directly on top of them. Accelerators
can also access banks in non-local vaults by sending data, address, and
command through the crossbar connecting all vaults together. For increasing
throughput, operations are scheduled on accelerators that are directly connected to the banks containing the data, whenever possible.
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Fig. 3. Memory Bank Mapping Schemes: Scheme A is the default address
mapping scheme under the HMC speciﬁcation. Scheme B is ideal for nearmemory processing but requires extra operations to lay out data.

and coordinate the operation of accelerators. The design of
individual accelerators is discussed in Section IV.
B. Optimizing Memory Mapping
The default memory mapping scheme (Scheme A in Figure 3) interleaves contiguous addresses across vaults. Nearmemory workloads typically process data stored in contiguous
addresses. Thus, it is preferable to have contiguous addresses
mapped to the same vault (Scheme B in Figure 3). This allows
the accelerators to access data directly from their local vaults.
Scheme B mapping can be achieved by allocating data
in the granularity of operating system pages, which ensures
that contiguous addresses map to the same vault. Minor
modiﬁcations to the address decoding scheme can ensure
that an entire 4KB page will be stored in a single vault. In
the default vault interleaved scheme (Scheme A), for a 4GB
device, physical address bits 6-9 are used as the vault index.
For proposed scheme (Scheme B), the physical address bits
12-15 are used as the vault index. The rest of the bits can also
be re-mapped in a manner that optimizes for row hits and
bank-level parallelism. This re-mapping does not require any
extra hardware in the Hybrid Memory Cube as it allows userdeﬁned memory mappings to be speciﬁed by writing to mode
registers[1]. Finally, when the OS allocates free pages for
near-memory processing, it has to ensure balanced mapping
of pages across vaults.
One disadvantage of mapping contiguous memory blocks
to the same vault is that it increases bank conﬂicts. In Section
V we explore the impact of the increased bank conﬂicts on
regular programs.
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IV. ACCELERATOR D ESIGNS
In this work, we evaluate accelerators for four different
data-intensive operations. We chose these particular operations because they represent a non-trivial subset of important
memory-intensive operations that are commonly part of bigdata workloads. In this section, we describe the design of the
accelerators used in this study.
A. Sorting Unit
The sorting accelerators proceed in two phases. The ﬁrst
phase sorts multiple small subsets of the data. The second
phase progressively merges these sorted subsets into a fully
sorted list.
During the ﬁrst phase, multiple sorting networks operate on
the data in parallel. We use Batcher’s bitonic sort network [10]
for this initial phase. Our area estimates based on a 45nm cell
library show that a sorting network with 128 input elements
will have an area of 1.72mm2 while a network with 64 input
elements will have an area 0.88mm2 . Since we place one
sorting unit per vault, it is not feasible to have sorting networks
that process large data sets in one pass. In this study, we model
a sorting network with an input size of 64 elements (64-bits
each) and runs at 800MHz.
After the sorting networks ﬁnish operating on the input
data, the merge units sequentially load the sorted subsets from
memory and progressively merge these sorted subsets into a
fully sorted list. We also implemented additional logic for inplace merging, which reduced the amount of extra memory
that is needed.
B. String Matching Unit
To evaluate string matching workloads, we implemented the
hardware described in [11]. It is an implementation of the wellknown Aho-Corasick algorithm. This algorithm is also used
by fgrep - which is a part of the GNU grep utility.
Before the search process begins, the processor core compiles the state machine from the query strings and the constructed state machine representation is written to SRAM tiles
within the accelerator. When the search process begins, the
accelerator starts loading memory blocks into a buffer. Each
of the characters in a memory block are serially processed to
update the state of the string matching module. It takes 64
cycles to process a 64 byte memory block.
C. Hash Table Lookup Unit
This unit is designed to search through open-chained hashtables, i.e, buckets store pointers to linked lists that store the
key-value data. When a key lookup request is received, the
bucket for the key is computed using hash units at the memory
interface. The request is then sent to the unit integrated
with the vault that is storing the bucket for the speciﬁc key.
Open-chained hash tables have poor locality. Hence, the units
integrated within each of the vaults may need to send packets
to remote vaults to fulﬁll a key lookup request.
The major component of this unit is the linked-list traversal
module. It is essentially a content addressable memory (CAM)
that keeps track of the state of multiple outstanding requests.
The table stores the keys being searched for, the address
of the current outstanding read requests for those speciﬁc
keys, and the state of the active look ups (reading pointer
to next element, fetching key). When a read response comes
from memory, the CAM is searched to ﬁnd the key and state
associated with a speciﬁc memory load.
The pointer chasing process requires virtual-to-physical address translation when traversing linked lists. All the addresses

stored as part of the hash table are virtual addresses while
the hardware requires the corresponding physical addresses.
Introducing an extra Translation Look aside Buffer (TLB)
in the memory cube and frequently updating it can have
high overheads. Fortunately, TLB lookups can be avoided by
mapping part of a process’s contiguous virtual address space
to a contiguous physical address range [12], either manually
within the OS or via large virtual pages. This eliminates the
need for TLB lookups.
D. MemCopy Unit
The memory copy unit is straightforward. The start address
and the size of the source and destination memory areas are
written to the accelerator before the copy begins. All reads and
writes occur in block-size chunks. As read requests can arrive
out-of-order, the accelerator checks the address of a memory
read reply and computes the write offset.
V. E VALUATION M ETHODOLOGY
We based our memory system design on the HMC speciﬁcation version 1.1. The memory structure is a 3D stacked
DRAM, with 16 vaults. The vaults are connected through a
crossbar to four serialize-deserializer (SerDes) channels. We
set the memory block size to 64 bytes, with a burst length(BL)
of 4 at a memory controller clock frequency of 800MHz. With
these settings, we were within an error of 1% of the HMC peak
read bandwidth. However, we observed that small changes to
these parameters have minimal effect on simulation results.
All the accelerators were also run at a frequency of 800MHz.
For performance evaluation, we use the MARSSx86 cycleaccurate full-system many-core simulator integrated with the
DRAMSim2 memory simulator. The DRAMSim2 simulator
was modiﬁed to model the crossbar and links. The 16 vaults
are simulated as 16 independent channels. The accelerators
were modeled using custom cycle-accurate SystemC models.
Power consumption estimates for the Xeon cores were obtained using McPat 1.3. We only consider the dynamic power
of the cores as the leakage component will still be present
when computations are completely ofﬂoaded to accelerators.
For the Atom cores, we assume an average power consumption
of 3W[13]. We created an approximate power and area model
for the accelerators by synthesizing the different specialized
units to a 45nm standard cell library using Synopsis Design
Compiler. Since the power consumed by the string matching
engine is mostly dominated by the SRAM arrays, we estimate
its the power consumption using CACTI 6.0.
We assume the DRAM read energy to be 3.76 pJ/bit,
while, the logic layer has an additional transfer energy of
6.78 pJ/bit[13]. Furthermore, for conservative estimation of
the accelerators’ energy efﬁciency, we assume a total DRAM
background power of 1.4 W based on the values in [2].
We analyze the following four systems in our experiments:
• Xeon+HMC: A single Quad Core Xeon processor (2.6GHz,
15MB L3, 256KB L2 and 32KB I-cache and D-cache)
connected with an HMC 3D DRAM stack.
• NM Atom: 16 Intel Atom cores (1GHz, 2-issue, 1MB L2
cache, 32KB I-cache and D-Cache) integrated into the logic
layer of HMC 3D DRAM stack.
• External Acc: 16 external accelerators integrated in the
processor die. Each of the accelerators are connected to
HMC via the SerDes links. Since there are only four links,
the accelerators are connected to the SerDes links through
arbiters, with four accelerators per SerDes link.
• NM Acc: Near Memory (NM) architecture with 16 accelerators.

2016 Design, Automation & Test in Europe Conference & Exhibition (DATE)

1451

Xeon+HMC

NM Atom
NM Acc

13x

memcpy

hash table
lookup

Fig. 4. Performance Comparison

We use representative input sizes for the four workloads
studied. The sorting benchmark sorts 256 MB of 8 byte
integers (i.e, 33 million keys). The software implementation
of sorting utilizes a multi-threaded quick-sort followed a series
of merge-sort operations. The string matching benchmark uses
256MB of input data. The software implementation of string
matching is a modiﬁed version of fgrep that takes advantage
of multiple cores by searching through different subsets of the
input string in parallel. The memory copy benchmark copies
128 MB of data and the software implementation is multithreaded with each thread operating on a subset of the data.
The hash table lookup benchmark processes 1 million keys for
a open-chain hash table with 2 million buckets.
VI. E XPERIMENTAL R ESULTS
Performance Comparison: The results in Figure 4 show
that near-memory accelerators provide up to 13x speedup on
data intensive operations compared to an external quad-core
Xeon CPU, and up to 8.5x speedup over near-memory Atom
cores. Clearly, the accelerators provide signiﬁcant performance
value, but the value of near-memory conﬁgurations is less, as
these conﬁgurations have only slightly increased performance
over external accelerators. This is due to the insensitivity of
the applications to the modest latency increase experienced by
external accelerators.
Optimized Memory Mapping: The proposed mapping
scheme enables a 20% speedup over vault interleaved mapping
for near-memory memcopy operation. On the other hand,
the proposed mapping scheme degrades near-memory sort
performance by 16%. Our measurements show that the last
merge step (which accounts for 70% of the execution time)
beneﬁts from the increased bank-level parallelism provided
by the vault interleaved mapping while the balanced mapping
scheme helps speed up only the ﬁrst 30% of the execution
period.
We measured that the multi-threaded string matching and
sorting kernels running on the Xeon core experience less
than 1% slowdown under the modiﬁed physical address to
vault/bank mapping. However, when subjecting the memory
system to continuous external reads and writes by having all 4
cores perform memcpy operation, a 4% slowdown is incurred.
Energy Comparison: The near-memory accelerators are
19x-159x more energy efﬁcient compared to the Xeon core
coupled with an HMC (Figure 5). On the other hand, nearmemory accelerators consume 7%-39% less energy than externally placed accelerators. So if energy is a critical constraint,
near memory computing becomes a more attractive option.
VII. C ONCLUSION
While emerging stacked memory systems provide signiﬁcantly more bandwidth and bank-level parallelism compared to
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current DDR3 and DDR4 modules, general purpose processors
have limited capabilities in leveraging these resources. In this
work we show that specialized accelerators integrated into
a 3D stacked memory system can provide 3x-13x speedup
over a Quad Core Xeon processor. However, the near-memory
accelerators provide marginal beneﬁts over accelerators placed
on an external die, since the off-chip links are capable of
providing a large amount of bandwidth. Furthermore, the
applications are not sensitive to the modest latency increase
due to off-chip communication. On the other hand, near
memory-accelerators can save 7%-39% energy compared to
off-chip accelerators.
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