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1 Introduction

The process-memory gap – the fact that DRAM memory performance is significantly insufficient to
service processors’ requests at the required rate – poses one of the most significant challenges to achieving
peak performance in contemporary applications [29, 25, 35]. Recent innovations in DRAM hardware
include integration of a layer of logic to create special memory-chip devices from 3-D stacked memory
[25, 26, 36] using Through-silicon vias (TSVs) to communicate at a significantly higher bandwidth,
lower latency and using lesser energy than the processor memory bus (figure 1).

Therefore, it is now not only beneficial to offload parts of computation in applications to DRAM’s
side, but PIM integration is also an architectural change to which real applications may need to adapt
to soon [1, 2]. Cuckoo Hashing, a variant of hashing with numerous real-world applications including
Open vSwitch [30] and Memcache [10], is one such application which can enjoy improved performance
– both concerning execution speed and energy requirement – from PIM.

Figure 1: A layer of compute integrated into 3-
D stacked memory using Through-silicon vias
(TSVs). Image source: [11].

Figure 2: A Cuckoo hash can map a key-value
pair to at most two buckets. Image source:
Google Images.

Cuckoo Hashing is a memory efficient – in terms of storage space – hashing technique which guarantees
O(1) insertion and lookup times amortized across multiple accesses [28]. Variants of Cuckoo hashing
can handle a higher load factor than standard hash tables and hence can work with smaller tables than
non-Cuckoo hashing for the same number of key-value pairs. A Cuckoo hash uses an array of buckets,
each with multiple slots to store a key, value, and hash. A key-value pair can be mapped to at most
two buckets (figure 2). To lookup a key, then, we need to fetch both buckets from memory and check
hashes in slots in both buckets. If the hash value at a particular slot matches with the query hash, we
check if the query key matches with the key stored in the slot. If both match, the key-value pair is
returned.

We utilize Processing In Memory (PIM) for efficient retrieval of the key-value pair. The goal is to
perform the key-value lookup in memory – more precisely, the logic layer integrated with the DRAM,
which we will refer to as a PIMcore – instead of fetching the corresponding buckets into the cache. In
other words, we offload the computation involved in key matching to the PIMcore to improve memory
utilization. Once the PIMcore receives information about the key to lookup, it will compute the hash
value and try to match it with the hash values in the stored bucket slots. If the hashes match, the
PIMCore will try to match keys and return the matched key-value pair if successful. Even without
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coherence support for caches, we can assume, for an immutable hash table, that in-memory matching
will return a valid result even if a part of the bucket is present in the CPU cache.

In essence, we plan to filter the key-value pairs to be returned to the core to realize three main objectives:

1. Avoid cache pollution caused by fetching buckets by performing the match in memory and re-
turning only the relevant key-value pair.

2. Decrease the traffic on the processor-memory interconnect.

3. Reduce the power consumption by reducing interconnect use.

2 Related Work

Although there is a trove of recent research on PIM, general techniques and principles related to it
date back to more than a decade ago. Most of early research recognized PIM’s potential to improve
latency and bandwidth to main memory and focused on performance improvements for specialized tasks
such as computer graphics, parallel computation [16, 17], bioinformatics [15], irregular applications –
operations on sparse matrices [13, 8] or N-body computations [6] – or applications on special-purpose
computing devices such as supercomputers [12, 22, 5] and embedded systems [23]. As a part of our
analysis will also reflect, a system with PIM has important implications for software and architecture
design, including support for specific data layout inside the memory [9, 21]. Newer research continues to
consider implications of PIM on performance, software and architecture of computer systems [34, 37, 11]
and applications – such as multimedia processing [18] – but also reflects a focus on integration with
contemporary multiprocessor systems, such as addressing issues related to coherence [4].

We consider our study to be an exploration of PIM for a specific application (Cuckoo hashing), and we
draw inspiration, particularly concerning system architecture and memory layout, from recent research
on in-memory bulk data copying [32], bitwise operations [33], pointer chasing [14] and DNA filtering
[19]. [32] and [33] are detailed treatments on adapting DRAM’s internal instructions to perform useful
computation, while [14] also performs address translation in PIM-based DRAM, and all three observe
significant latency, bandwidth, and energy improvements over application versions using the usual
memory hierarchy and the communication bus between the processor and the DRAM. [19] utilizes
these concepts for a higher-level filtering task based on matching a small pattern with contiguous
substrings at each index in a long string. [32] and [33] demonstrate that bulk-copy and bitwise AND,
OR and NOT operations can be performed by executing a series of row access strobes one after another,
without intervening row precharge operations. [14] extends the same general principles to speed-up a
relatively higher level application – pointer chasing – by using a memory with an integrated processing
element, while also implementing operating system structures such as page tables on the side of the
main memory. In our study, we extend inferences about memory latency, bandwidth utilization, and
energy consumption in the aforementioned research to PIM-based Cuckoo hashing, while also measuring
the benefits to applications concurrently executing with the hashing program.

3 Goals

Our most important goal in this study was to explore the design space and trade-offs in the structure
of a PIM architecture and its integration with Cuckoo hashing. We described in section 2 several
studies which exploit the high bandwidth provided by PIM-based cores to speed up memory-intensive
computations. Our project explores how similar ideas can be applied in the context of Cuckoo hashing.
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We use the ZSim simulator [31] to model our design choices in detail. Beginning with our goal to
model PIM functionality on ZSim to a high level of detail, we iterated through several designs with
varying levels of functionality. We began with a simple design where both the main processor and
the PIM-based processor were single core in-order processors, with the only difference between the two
processors being differences in main memory access. The main processor accessed the memory via the
cache hierarchy. On the other hand, the PIM-based processor accessed main memory directly, without
any caches coming into play, and with a lower latency due to the existence of TSVs. This design was
eventually improved – with the degree of faithfulness to a real PIM-based computer system being the
main criterion – to the architecture described in section 5. This architecture enabled the PIM cores to
access the memory with high bandwidth and low latency, while also taking into account nuances for
PIM logic in memory. We describe these in more detail in section 5.

As part of our final goal, we benchmarked the performance of our PIM architecture on a simple array
filtering program which scans a vast array to find a queried element and used this to check the correctness
of our architecture simulation. We then executed YCSB [7], a Cuckoo hash benchmark. Finally, to gauge
the possible impact on the degree of contention in the last level cache (LLC), we measured the interaction
between programs using the PIM-based processor with other programs executing concurrently on the
main processor.

4 A note on Architecture Simulators

Several candidate simulators may be used to model a PIM-based architecture. We briefly describe three
below.

IMPICA [14], a pointer chasing accelerator, utilized a Gem5-based simulator. Gem5 is a highly detailed
full system simulator with various DRAM modules such as DRAMSim2 [Insert more examples here].
However, since Gem5 simulates a complete operating system, it is usually slow to boot up (≈ 20 minutes
to boot up a full Linux kernel) and compile, and significantly tricky to debug (adding features may
require making modifications to several places in the kernel source).

Userspace simulators, such as ZSim [31] and Ramulator [20], based on trapping of application instruc-
tions (usually through Intel’s PIN [27]) to perform simulation present an attractive alternative. Although
these simulators, considering their userspace-based nature, are not as faithful as Gem5-based simulators
to real architectures, they provide several necessary features, including extensibility for adding PIM
support, userspace simulation to enable convenient benchmarking of Cuckoo hash programs, low exe-
cution overhead and easy debugging. Ramulator [20] is a dedicated DRAM simulator with fine-grained
state machines to module internal DRAM latencies accurately. However, it does not model architec-
tural details including the cache hierarchy, which is critical for our study. On the other hand, although
ZSim does not model internal DRAM latencies out-of-the-box, it models the cache hierarchy and is
extensible enough to allow the addition of the required degree of detail in modeling latency for PIM
and a 3-D stacked DRAM.

We chose to utilize ZSim for this study.

5 Architecture

We choose the specifications of Micron’s Hybrid Memory Cube (HMC) [3], a 3-D stacked memory
variant with an integrated logic layer, to model the DRAM in our PIM-based architecture PIM DRAM.
Full specifications for the HMC were released to the public by the HMC Consortium, making the HMC
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specification sheets an attractive source of fine-grained latency values for modeling the PIM DRAM. The
PIMcore is modeled as a purely in-order core with the same clock speed as the main processor.

5.1 Overview

Our PIM-based system’s architecture can be divided into two major parts: (i) the host side and (ii)
the memory side (figure 3).

Figure 3: The architecture digram showing PIM DRAM and PIM Cores

The host side comprises a quad-core Intel i7-4770 Haswell processor clocked at 3.4 GHz (Turbo Boost
off) with 32 KB L1, 256 KB L2 and 8MB L3 caches (table 1). Although the processor has four cores,
we only make use of a single, on which we schedule one or more tasks to execute concurrently.

Figure 4: A 3-D stacked memory-based DRAM with integrated logic and cache layers. The blue vertical
lines demarcate a vault.

5.2 PIM DRAM

The memory side consists of a 3-D stacked memory-based DRAM with an integrated logic layer based
on the 2nd generation HMC, HMC-15G-SR [3]. A number of PIMcores – which we implemented by
extending ZSim’s SimpleCore – build up the logic layer (figure 4). The number of PIMcores is set
equal to the number of vaults – vertical partitions of the 3-D stacked memory across the memory layers
(figure 4) – in the DRAM. Hence, there is a PIMcore for each vault. The number of vaults, in turn,
is determined by the total storage capacity (T ), the bank size (B) and the number of layers (L) as
T/(B × L) [3]. Fine-grained latencies inside the DRAM are modeled based on the HMC design [3] as
well (table 3). Additionally, the architecture can be configured to add a data cache to each PIMCore,
and an instruction cache shared by all PIMCores (table 2).
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Table 1: Host side processor cache configura-
tion. All caches use LRU replacement policy.

Cache Access Latency Size (KB)
Type (CPU Cycles) & associativity

L1-I 4 32, 4-way
L1-D 4 32, 4-way
L2 8 256, 4-way
L3 24 8192, 4-way

Table 2: Configuration of memory-side caches.
All caches use LRU replacement policy.

Cache Access Latency Size (KB)
Type (CPU Cycles) & associativity

PIMCore-D 4 1, Fully assoc.
PIMCore-I 4 32, 8-way

Table 3: Latencies inside the DRAM: RAS-to-CAS delay (tRCD), row precharge time (tRP ) and CAS
delay (tCL). Please refer to [3] for more details.

Latency Type Latency (CPU cycles)

tRCD 47
tRP 47
tCL 47

We extended ZSim’s SimpleMemory module to modeled basic functions of a 3-D stacked memory as well
as more detailed fine-grained latencies internal to the DRAM. Although PIMcores can access row buffers
across the stacked data storage layers within their respective vaults with a high bandwidth through
the TSVs, accesses to other vaults are slow due to inter-vault communication overheads [19]. Further,
when a PIMcore is unable to find its request item in the row buffer (4 KB), it takes tRP + tRCD + tCL

cycles to access that data item. Here, the RAS-to-CAS delay (tRCD), row precharge time (tRP ) and
CAS delay (tCL) values are drawn from HMC specifications [3]. On the other hand, on a row-buffer
“hit”, it requires tCL cycles to activate a column from an already activated row to access the data item.
Also, application data is striped across memory banks to maximize throughput to PIMcores in the logic
layer.

We integrated these components to seamlessly execute user-defined PIM-functions in real user-space
applications on the PIMcores.

5.3 PIM Functions

To enable the execution of memory-bound functions on PIMcores, we introduce a specialized function
type called PIM function. PIM functions are the same as ordinary functions with the difference
that the user may specify them to execute on PIMCores. A PIM function completely executes on
PIMcores upon invocation, is packed as a dynamically loaded module, and gets linked at run time to
the application. When an application issues a request to run a PIM function, the main processor stalls
and transfers control to the PIMCores through a special request to the memory. PIMcores then divide
and serve the request in parallel, utilizing the high bandwidth pathway available to them through the
TSVs. The results of PIM functions may be returned to calling routine as a list of logical pointers to
data items in memory.
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5.4 End-to-End Workflow

We are able to use the architecture described earlier to:

1. Identify PIM functions in the user-program.

2. Coordinate the execution of PIM functions on PIM cores.

3. Model in-memory operations inside the PIM DRAM and the detailed PIM DRAM latencies for PIM
cores to access memory.

When an application running on the main processor calls a function to perform operations using PIM,
a DRAM line write request is made to a special address outside of the usable address space, and a
portion of the execution context (described next) is written to the data segment of the application’s
virtual address space. When the DRAM controller observes a request to this address, it loads the
program counter (PC), arguments passed to the function and other related execution context from the
application’s data segment in its virtual address space. Please note, this assumes that the address space
layout is static (no address space layout randomization) and the CR3 register’s value is known by – or
can be communicated to – the DRAM controller to perform the necessary page table translations. The
DRAM controller then sets up the PIMcores to process this request by loading the required instructions
from the instruction cache in the PIM DRAM. Assuming data striping, PIM cores can maximize their
memory throughput by sending parallel requests across vaults. After PIMCores complete processing,
the DRAM controller sends an interrupt – specifically, a PIM request completion notification – to the
main processor. The PIM-based application, which was likely context-switched out earlier, can wake
up on this interrupt and start regular processing from the return address of the PIM function.

6 Evaluation

All benchmarks and evaluations were performed on a quad-core Linux “precise64” virtual machine with
4 GB of RAM.

6.1 Yahoo Cloud Service Benchmark (YCSB)

We used Yahoo’s Cloud Service Benchmark (YCSB) [7] to evaluate the effectiveness of our PIM archi-
tecture. YCSB is a popular cloud benchmark used to assess the performance of key-value stores and
databases. The benchmarking tool lets the user vary the load (total number of operations) and the
kind of operations (e.g., insert, updates and deletes) performed, and can also be used to generate two
benchmark distributions/patterns of key accesses which emulate distinct real-world workloads.

We implemented an example program using libcuckoo [24] to insert and query keys from a Cuckoo
hashing-based key-value store. Finally, we generated a dataset with (i) uniform and (ii) Zipfian query
distribution and 10K entries each, each with a 24-byte string as the key and a 1KB random string
as the value. The Zipfian workload is useful in modeling several real-world applications, where there
is hot data and cold data. Each slot in the hash table stores the key and the value (please note,
as described in figure 2, the table is made up of buckets, with each bucket consisting of four slots).
The table is initialized to 64 KB. The benchmark program executes 1 million point-queries on both
datasets. Since our preliminary experiments demonstrated that batching requests effectively amortized
the communication costs and other overheads related to PIM DRAM, we execute queries in batches of
size 1024.
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6.2 Concurrent Applications

In addition to Cuckoo hashing, we also implemented two auxiliary programs:

• Large-scale array filtering: This program filters elements in a large array (1 million elements),
where each array element is a struct of two random integers, to find elements which lie inside
a random range. The array is sorted on the first field of the struct and filtered on the second.
Since this array requires 7.6 MB of storage space, it would take up almost all of the 8 MB L3
cache in our simulated machine. Hence, running this filtering program concurrently with other
programs can enable us to study cache contention behavior.

• Sequential array scan: This program just scans a large array of structs multiple times. Similar
to the abovementioned program, the structs comprise two elements.

6.3 Experiments

We carried out four significant experiments with varying configurations of the PIM-based architecture.

1. Large-scale array filtering program executes concurrently with the sequential array scan program.
This experiment provides an estimate of the upper bound on the speedup achieved by offloading a
large-scale filtering processing – significantly memory bound – to the PIMCore. Streaming-based
systems and databases often experience workloads similar to large-scale filtering, wherein a large
amount of data is scanned to select a few data items eventually. This experiment also provides
insights into the effects of PIM on cache contention.

2. YCSB workload executes concurrently with sequential array scan. This experiment represents a
more realistic workload and, similar to the first experiment, can help study cache interactions
between the two programs.

Each of these experiments was executed with and without using PIM, and with a varying number of
PIMCores. This, in turn, varied the amount of bandwidth available to the PIMCores, since each PIMCore

can access data in its vault in parallel with other cores (table 4). We also varied PIM DRAM’s architecture
and benchmarked performance with and without PIMCores data caches.

Table 4: Experiment configurations: Number of PIMCores and PIM DRAM size and layout. Varying the
number of PIMCores varies the amount of bandwidth available to the PIMCores, since each PIMCore

can access data in its vault in parallel with other cores (table 4)

.

# PIMCores PIM DRAM size Bank size # memory layers

16 16 GB 256 MB 4
32 32 GB 256 MB 4
64 64 GB 256 MB 4

7 Results

For each graph hereafter, we study the speedup achieved in terms of the total number of cycles executed
in the main processor.
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Figure 5: Speedup in large-scale array filtering
when run concurrently with the sequential array
scan program. The baseline is running both pro-
grams without PIM.

Figure 6: LLC misses for large-scale array filtering
when run concurrently with the sequential array
scan program.

As the number of PIMCores is increased, the speedup in array filtering is observed to improve (figure 5).
This is mainly due to the increased amount of parallelism made available by a greater number of vaults
as the DRAM size increases. Since our design of the PIM DRAM includes a PIMCore under every vault, it
is beneficial to increase the number of vaults for memory-bound applications. When data caches (one
per PIMCore) are enabled, cores can access the rows from their vaults’ banks at L1 latencies (for hits).
Since array scan/filtering programs enjoy spatial locality, this greatly reduces the overhead induced by
column activations which would otherwise be required even on DRAM row-buffer hits. We can also
provide an upper bound on the speedup obtained by using PIM if we consider that all accesses from
PIMCores are hits. In this case, each access has a latency equal to L1 latency (four cycles in our case).
Therefore, for 64 PIMCores, the minimum total number of cycles required to execute the program using
PIM is 4 × len array = 4 × 1, 000, 000 = 4, 000, 000. We observed the number of cycles required using
only the main processor (no PIM) to be 1, 564, 316, 373. Therefore, we expect our speedups to be less
than the upper bound of 1, 564, 316, 373/( num cores × 4, 000, 000) = 6.11.

For an appropriate number of PIMCores, the PIM architecture is observed also to be useful in speeding
up Cuckoo hashing, another workload where a significant fraction of the work is memory operations.

Figure 7: Speedup of sequential array scan – which does not use PIM functionality – running along
with PIM-based array filtering. The baseline is running both programs without PIM.
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We also observe (figure 7) that utilizing PIM results in a speedup in the sequential array scan program
– which does not use PIM functionality – running along with PIM-based array filtering. Since data
accesses for array filtering are offloaded to the PIM, the filtering program interferes with the cache
requirement of the sequential scan to a lesser extent than it would have without PIM. Hence, PIM
can also improve the performance of applications which do not use PIM operations at all by virtue of
reduced cache contention.

Figure 8: Speedup of YCSB workload when run-
ning concurrently with the sequential array scan
program. The baseline is running both programs
without PIM.

Figure 9: LLC misses for YCSB workload when
running concurrently with the sequential array
scan program.

Finally, we observe a significant reducing the amount of data transferred between the main processor
and the DRAM on the processor-DRAM bus (figures 6 and 9). Since this bus is a significant consumer
of energy in contemporary systems, PIM can help provide useful energy savings for energy-constrained
or energy-efficient systems. Even though there is extra energy consumption by additional logic on the
DRAM, we believe that this will be offset by the energy gains observed from reducing the processor-
DRAM interconnect usage.

8 Limitations

1. Presently, computationally expensive hash computations required to execute key-value lookups
are performed on wimpy PIMCores.

2. We assume that the values in the hash table do not change during the lookups, i.e., we do not
support coherence between the PIMCores and the main caches.

3. ZSim does not support address (virtual to physical) translations or page tables. Performing
DRAM modeling by solely using virtual addresses is not representative of real systems.

4. We do not model fine-grained latencies for the PIM controller for PIM request scheduling tasks.

9 Future Work

1. One direction of future work we wish to explore is to modify internal libcuckoo routines to
compute hash values on the main processor and then transfer the value – as an additional argument
– to the PIMCores.
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2. Another direction is the addition of fine-grained latency modeling for PIM task-scheduling.

3. A final direction we are interested in exploring is benchmarking applications on real hardware,
such as AMD’s High Bandwidth Memory enabled systems [1].

10 Conclusions

We briefly explored various design choices that a PIM architect could face in designing a PIM-based
system for specialized workloads and the types of applications and workloads which can benefit from
PIM.

Firstly, PIM is very effective when multiple applications contend for caches. In these scenarios, it is
helpful to offload memory intensive operations to the PIM module.

Secondly, PIM – by helping reduce invocations of the processor-DRAM bus, a significant energy con-
sumer in contemporary systems – can prove to be a useful option for energy-constrained or energy-
efficient systems.

We believe several future developments and design iterations may be required to address issues related to
programmability, generality, and coherence before PIM-based architectures gain widespread commercial
acceptance.

11 Additional Notes

1. Some text for this report is drawn from the project proposal and midway report we submitted
earlier.

2. Division of work: Equal work was performed by all project members.

3. We were able to achieve the 100% goal – studying the performance of cuckoo hashing and array
filtering benchmarks with in-memory filtering operations – specified in our proposal.
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