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Abstract—Processing-in-Memory (PIM) architectures aim to
reduce data transfer costs between processors and memory by
integrating processing units within memory layers. Prior PIM ar-
chitectures have shown potential to improve energy efficiency and
performance. However, such advantages rely on data proximity to
the processing unit(s) performing computations. Data movement
overheads can degrade PIM’s performance and energy efficiency
due to the need to move data between a processing unit and a
distant memory location.

In this paper, we demonstrate that a large fraction of PIM’s
latency per memory request is attributed to data transfers
and queuing delays from remote memory accesses. To improve
PIM’s data locality, we propose DL-PIM, a novel architecture
that dynamically detects the overhead of data movement, and
proactively moves data to a reserved area in the local memory
of the requesting processing unit. DL-PIM uses a distributed
address-indirection hardware lookup table to redirect traffic to
the current data location. We propose DL-PIM implementations
on two 3D stacked memories: Hybrid Memory Cube (HMC)
and High Bandwidth Memory (HBM). While some workloads
benefit from DL-PIM, others are negatively impacted by the
additional latency due to indirection accesses. Therefore, we
propose an adaptive mechanism that assesses the cost and benefit
of indirection and dynamically enables or disables it to prevent
degrading workloads that suffer from indirection. Overall, DL-
PIM reduces the average memory latency per request by 54%
in HMC and 50% in HBM which resulted in performance
improvement of 15% for workloads with substantial data reuse
in HMC and 5% in HBM. For all representative workloads, DL-
PIM achieved a 6% speedup in HMC and a 3% speedup in
HBM, showing that DL-PIM enhances data locality and overall
system performance.

I. INTRODUCTION

Many sectors in today’s global economy are highly depen-
dent on applications such as machine learning, data analytics,
graph analytics, transaction processing, and scientific high-
performance computing. Such Big Data applications have
exponentially growing data needs, leading to an increasing
memory footprint and higher dependence on memory speed
and bandwidth [22], [34], [74]. In compute-centric systems,
moving data between memory and processors consumes a
significant amount of energy and causes performance loss,
especially for workloads that have poor temporal and spatial
locality. To reduce the data movement overhead, processing-
in-memory (PIM) architectures have been proposed. In PIM
systems, computation is brought closer to the data, instead of
moving data across the system to distant compute units. Recent
PIM proposals (also known as near-data processing) [2], [5],
[20], [39], [87] avoided such unnecessary data movement.

This approach has been adopted across various applications
including graph processing [2], [24], [106], [107], neural
networks [33], sparse matrix-vector multiplication [100], and
bioinformatics [52].

PIM systems improve both performance and energy effi-
ciency. For example, using 64-bit fully functional ARM-like
PIM cores saves 50.9% of energy energy consumption and
improves performance by up to 57.2% in the TensorFlow Lite
workload [34].

Limitations of the state of the art. While PIM has shown
to be promising for many applications, it faces some chal-
lenges and has been limited by how the memory architecture
is implemented [76]. For instance, Micron’s Hybrid Memory
Cube (HMC), a stacked memory architecture widely explored
for PIM, divides the memory system into separate vaults
[72]. When a PIM processing unit requires access to data
from another vault, significant overhead is incurred as data is
transferred between the home and requesting vaults, resulting
in data transfer latency or network latency.

Another significant factor contributing to the overall latency
overhead in PIM is queuing delay. Accesses to various vaults
may be unbalanced, with memory locations in a vault acces-
sible by multiple vaults simultaneously. However, since each
vault can only serve one location per cycle, memory requests
must be queued, resulting in considerable delays.

Through simulations of various common workloads using
the DAMOV framework [76], we observed that in HMC with
6×6 network, approximately 53% of the latency per memory
request is attributed to data transfers and queuing delays
from remote memory accesses, as illustrated in Figure 1. For
high bandwidth memory(HBM) with 4 × 2 network, which
is typical of HBM architectures, this ratio is about 43% as
shown in Figure 2. Both figures show breakdown of memory
latency into data transfer (network) latency, queuing delay,
and array access latency. The higher queuing delay in HMC
compared to HBM is due to the larger network in HMC,
which requires data packets to traverse multiple hops and
deal with more complex interconnections. Additionally, some
workloads exhibit significantly higher queuing delays than
others. To investigate this further, we examined the coefficient
of variation (CoV) across different vaults to understand the
underlying reasons.

Figure 3 illustrates the CoV of this distribution within a
6× 6 HMC system. A high CoV suggests that certain vaults
experience substantially greater demand compared to others.
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Fig. 1. Breakdown of Memory Latency into data transfer latency, queuing
delay and array access latency with HMC memory.
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Fig. 2. Breakdown of Memory Latency with HBM.

While most workloads exhibit balanced access distribution
across vaults (low CoV), some demonstrate highly imbalanced
distributions, leading to considerable additional queuing delays
at high-demand vaults. This phenomenon is highlighted in
Figure 1, where workloads with high CoV values can attribute
70-80% of their memory latency to queuing. We discuss these
workloads further in Section IV.

We also investigated CoV for memory request distribution
in HBM PIM systems, as shown in Figure 4. Our findings
reveal that while some workloads in the HBM PIM system
exhibit higher CoV values, indicating a noticeable imbalance
in memory request distribution similar to the patterns observed
in Figure3 for HMC systems, the overall CoV values in HBM
are generally lower. The lower CoV in HBM indicates a more
even distribution of memory requests across different vaults
compared to HMC. As a result, HBM systems experience less
severe queuing delays due to imbalances in demand as shown
in Figure 2.

Our Proposal: DL-PIM. To reduce data transfer and
queuing delays, an efficient PIM architecture should place
data near the processing element where it is mostly accessed.
However, optimal placement is impractical since it requires
prior knowledge of which processing elements need to access
different program data locations. In this paper, we attempt
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Fig. 3. Coefficient of variation (CoV) for memory request distribution across
workloads with HMC memory.
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Fig. 4. CoV for memory request distribution across workloads with HBM.

to reduce data transfer and queuing delays across memory
modules (”vaults” for HMC) in a PIM system using a hardware
indirection-based mechanism. Our architecture, Data Locality-
based PIM (DL-PIM) reserves a small memory area at each
vault, and dynamically moves a memory block into that
reserved space if the benefit of movement outweighs the cost.
We maintain a distributed hardware subscription table where
each vault tracks local blocks that moved to remote vaults, and
remote blocks that moved to the current vault. By examining
runtime information across memory requests, DL-PIM can
detect when subscriptions help or hurt performance of various
workloads, and therefore dynamically turn subscriptions on or
off.

Contributions. In this paper, we make the following con-
tributions:

• We demonstrate the high overhead caused by data move-
ment within a PIM system, unlike other works focusing
on processor-memory data movement.

• We propose an always-subscribe architecture that dynam-
ically moves data to requesting memory modules, which
helps some workloads while negatively impacting others.

• We propose an adaptive mechanism that turns on sub-
scription only when it benefits a workload’s performance.

• We show that DL-PIM implemented in HMC, improves



average performance by 6% for all workloads, and by
15% (and up to more than 2X) for workloads that have
non-negligible data reuse. This is caused by a 54%
reduction in average memory latency per requests for
these workloads.

• We show that DL-PIM implemented in HBM, reduced
average memory latency by 50%, improved performance
by 3% for all workloads and 5% for workloads with high
data reuse.

II. BACKGROUND

A. Memory Wall

With the exponential improvement in CPU performance
over the past few decades, memory has become the primary
performance bottleneck for many important applications. Mod-
ern processors use a multi-level cache hierarchy that exploits
spatial and temporal locality to reduce average memory access
time. When data is reused in the cache hierarchy, the cost of
data transfer to/from memory is amortized across many cache
hits. As main memory is much slower than caches, cache
misses incur significant performance overhead. Unfortunately,
many workloads exhibit poor locality where cache data is
reused infrequently, which requires high time and energy
overheads to continuously transfer data from memory (where
it resides) to processors (where computations are performed).
This memory wall [71] affects processor-centric systems and
degrades the performance of data-intensive workloads, e.g.,
database systems, machine learning and graph processing.

B. Processing in Memory

To mitigate the performance and energy overheads associ-
ated with the continuous transfer of data between processors
and memory, memory-centric systems have been extensively
investigated over the past few decades, gaining significant
traction in both academia and industry. Processing-in-Memory
(PIM) architectures, which integrate computational capabilities
directly into the memory system, have emerged as a promising
solution [83]. PIM exploits the high internal bandwidth of
memory, eliminating the need to transfer data to and from
the CPU, thus conserving both time and energy.

PIM hardware implementations can be classified into two
categories: processing near memory and processing using
memory [34]. Both categories address the data movement
bottleneck in different ways. Processing near memory archi-
tectures place processing units near memory, e.g., in the logic
layer of a stacked memory technology, to provide high band-
width and low latency communication between the processing
unit and the memory. Processing using memory architectures
use the architecture and properties of memory cells to allow
for data operations without the involvement of a CPU or accel-
erator [34]. Although there are many proposals for processing
using memory architectures ( [1], [6]–[9], [13], [17], [18], [26],
[29], [30], [39]–[41], [49], [54]–[56], [64]–[66], [77], [84]–
[90], [99], [103]), they present significant complexity due to
the need to modify standard memory interfaces and internal
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Fig. 5. Representation of an HMC system with 16 vaults in each layer. Each
set of partitions is connected to its corresponding vault logic, illustrated with
different colors in the image.

hardware. On the other hand, with the development of 3D-
stacked memories like HMC [72] and HBM [95], processing
near memory architectures ( [3], [4], [10], [11], [14]–[16],
[20], [25], [28], [31], [32], [35], [37], [43]–[45], [47], [50],
[51], [57], [60], [61], [69], [93], [94]) have been gaining
traction recently.

C. Hybrid Memory Cube

HMC utilizes the 3D-stacked through-silicon-via technology
that stacks dies together. HMC divides the memory system into
different vaults, each including one logical die and multiple
memory dies. The logical die acts as a memory controller
(called ”vault controller”). A processing near memory archi-
tecture that places the processing units in the logical die
benefits from high bandwidth and low latency accesses to
memory. When reading from or writing to HMC from another
vault or from another component, a different protocol is used.
Instead of the traditional channel-based communication pro-
tocol, HMC utilizes a packet-based communication protocol.
Each packet, i.e., FLIT, is 128 bits (16B) in size. HMC
supports 16B, 32B, 64B or 128B byte memory blocks. Given
that HMC would also require one FLIT to store the operation
information in a header and a tail, each data access may require
between 2 and 9 FLITs.

When communicating with external components, e.g., pro-
cessors, HMC requires communication links with specifica-
tions like output buffers and input buffers, However, HMC
does not define the required communication technology for
internal communications and only uses crossbar switches as
an example in the specification document [72]. In this paper,
we assume that the vaults are connected in a crossbar switch
network, with each vault only having input buffers of size 16
entries.

Although HMC can be used to implement a processing near
memory architecture, it still faces challenging design choices.
Due to the capacity limitations of each memory die, each



HMC vault can have only limited capacity. As a result, an
HMC system would require multiple vaults interconnected
with each other (usually via a crossbar switch network) to
provide a larger capacity. A 16-vault HMC system is illustrated
in Figure 5. In such system, each vault acts like a router that
is interconnected with the neighbouring vaults, and forwards
non-local requests to the vault that is closest to its destination.
Although with more vaults there are more logical dies that
we could increase computational parallelism, they introduce
additional complexity due to requiring remote accesses to data
from other vaults. While each logic die has high bandwidth and
low latency to the memory dies within its own vault, accesses
to other vaults incur high data transfer and queuing delays,
degrading performance and energy efficiency.
Queuing Delay. As HMC is a packet-based memory system,
each vault can serve one memory request at a time. When
multiple vaults need to access memory locations within a vault,
these requests need to be queued. HMC has I/O buffers that
handle this scenario, and packets arrived have to be queued in
these buffers until they reach the head of the queue.
Non-Local Access Overhead. We use the DAMOV [76]
framework’s default 6×6 network to demonstrate the network
data transfer and queuing overhead across workloads. Figure 1
shows that data transfer and queuing latencies account for
53% of memory access latency on average. To address the
overhead caused by non-local memory accesses, we propose a
mechanism that ”attracts” data to the vault where it is likely to
get most accesses. Our proposal (described in the next section)
attempts to reduce communication (data transfer) overhead and
queuing delay. In the remainder of the paper, we call such
transfer a subscription.

D. High Bandwidth Memory

HBM is a memory architecture designed to deliver high
bandwidth and large capacity. As shown in Figure 6, it consists
of multiple core DRAM dies stacked vertically atop a base
logic die, which manages memory operations. Each core
DRAM die is divided into two channels, with each channel
containing four bank groups, and each bank group consisting
of four banks [75]. The channels operate independently with
their own address and data TSVs (through-silicon vias) for
point-to-point (P2P) connections, ensuring isolated operations
and reducing interference. Despite the independent data path-
ways, the power and ground planes are shared across channels,
maintaining a consistent power supply and simplifying the
design [59].

The base logic die of HBM consists of several key compo-
nents. The PHY handles the main interface between the HBM
DRAM and the memory controller in the host. The central area
of the logic die is dedicated to TSVs, which deliver signals,
power, and ground to the stacked core dies. Additionally, there
is a designated area for test logic and DA ports [48].

III. SYSTEM OVERVIEW

Our proposal seeks to address the issues discussed in the
previous section by implementing an architecture that not only

DRAM 
Dies

Logic die

TSV
I/O

Ch
an

ne
l

Fig. 6. Representation of an HBM stacked DRAM architecture with 4 DRAM
dies and a logic die at the bottom. Each DRAM die consisting two channels
and 16 banks.

dynamically ”attracts” data to the vault (or channel in HBM)
where it is likely to get most access, but also balances the
load between vaults such that the queuing delay would be
decreased. In the following discussion, we use ”vault” for
HMC-based PIM, but the same design can be used for channels
in HBM.

A. Hardware Structures

The hardware structures of our proposed system include
several key components (as shown in Figure 7) designed to
facilitate efficient data management and reduce overhead:

• Subscription Table: A cache-based hardware lookup
table.

• Subscription Buffer: A fully-associative cache.
• Registers to accumulate the performance for each PIM

core to dynamically turn subscriptions on/off.
• Reserved space in memory to hold subscribed data.
For the central vault in our global adaptive policy (details

will be discussed later in this section), we also added registers
to record the performance for the entire system.

We modify the HMC packet transfer protocol, and add a
new field to allow for the transfer of subscription request both
alongside and separate from regular data access requests.

At early stages of our implementation, we have considered
using a subscription threshold-based policy in which we have
a count table to record the number of accesses to each address.
The count table is a direct-mapped cache with 8192 (i.e., 8K)
entries and 32-bits per entry, split between an 8-bit counter
and a 24-bit tag. In each data access, we calculate a tag using
the address of the block, and compare it with the tag of the
corresponding entry in the count table. If the tag does not
match, we reset the counter to 0 and update the tag with the
current tag, by which, we evict current entry and replace it with
the incoming entry. If the counter is greater than the threshold
and the access is not local, the architecture will trigger
the subscription routine. However, during our experiments,
we discovered that almost all subscription-friendly workloads
benefit from a 0-count threshold subscription policy in which
we subscribe to an address on first access. Therefore, the count
table is unnecessary and is not included in DL-PIM.
Subscription Table. We use a cache-based lookup table called
the Subscription Table (ST) which maps the original address
of a data block to the current address with each subscription.
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Fig. 7. DL-PIM hardware structures added to the logical base of each vault.

The subscription table is a 4-way set-associative cache with
2048 sets per table per vault. Therefore, each vault has 8192
entries. Each entry has two addresses: the original address and
one subscribed address. Additionally, each entry also has three
state bits that indicate any of the following states:

• Invalid (or ”Unsubscribed”)
• Pending Subscritpion
• Subscribed
• Pending Resubscription
• Pending Unsubscription

We discuss the use and meaning of each of these states in
the next few subsections.
Subscription Buffer. As our subscription table has limited
size, we only allow for a subscription if space in the subscrip-
tion table is available. When the subscription table is full,
we utilize a replacement policy to locate the least frequently
used or (in case of a tie) least recently used ST entry as our
victim for unsubscription. However, the unsubscription does
not take effect instantly, and would require communication
over the network. As such, the subscription buffer is used
to temporarily store our request pending the completion of
unsubscription.

The subscription buffer is a 32-entry fully-associative cache
with an entry for subscription request that includes from vault,
to vault, subscription address, and other information. The
exact format of a subscription request will be provided in the
following section. Each subscription buffer entry has a valid
bit which will be set when the corresponding subscription table
set has available space. In each cycle, we attempt to process
a valid subscription request if any, based on valid bits.

B. Subscription Protocol

We implement a packet-based subscription protocol. Each
subscription packet includes the following information:

• From vault: The vault that originated the request.
• To vault: The destination vault for the request.
• Address: The memory address of the requested block.
• Request type: Possible request types are Subscription Re-

quest, Subscription Request Negative Acknowledgement,
Subscription Data Transfer, Subscription Transfer Ac-
knowledgement, Unsubscription Request, Unsubscription
Transfer Acknowledgement, Turn On Subscription, Turn
Off Subscription

• Dirty bit: Whether the data being unsubscribed or resub-
scribed has been modified since subscription.

1) Subscription Flow: When an address is accessed, the
vault that the subscription block will be subscribed to, called
the ”requester vault,” first checks if it has the space to
subscribe to the block. If space is unavailable, it pushes the
subscription request into the subscription buffer to wait for
unsubscription to free up space. Then, it pushes a packet with
the address and sends it to the home vault that originally
held the block, called the ”original vault,” and updates the
subscription table of the corresponding address to the Pending
Subscription state.

Upon receiving the request, the original vault performs the
same check, ensuring the address is not already subscribed or
pending subscription/unsubscription to/from another vault, and
updates the state to Pending Subscription. Then, it starts the
transfer of the subscribed data. The requester vault acknowl-
edges the transfer. When both sides acknowledge the transfer,
the subscription table entry is marked as Subscribed.

2) Resubscription Flow: Our protocol includes a special
subscription case called Resubscription, which occurs when a
vault requests a subscription for a data block that is already
subscribed to another location. In this scenario, the original
vault redirects the request to the vault currently holding
the memory block, known as the ”subscribed vault.” The
subscribed vault then updates its subscription table entry to
Pending Resubscription and starts sending the data to the
requester vault. Once the requester vault receives the data,
it sends two acknowledgments: one to the original vault,
allowing it to update its subscription table and change the entry
to the new subscribed address, and one to the subscribed vault,
allowing it to evict the entry from its table.

3) Negative Acknowledgement of Subscription: In some
cases, a subscription request cannot be completed successfully.
The subscription table has a limited size, and we use the
subscription buffer to temporarily hold the address while
making space. However, the subscription buffer is also limited
in size. If the subscription buffer is full, we cannot complete
the subscription. In this situation, the original vault sends a
subscription negative acknowledgment to the requester vault,
which then rolls back the subscription by removing the sub-
scription entry. A similar situation occurs when the original
vault (or the subscribed vault, in the case of resubscription)



is currently in the process of subscribing the address block to
another vault or unsubscribing the address block from another
vault.

4) Unsubscription Flow: Unsubscription occurs when a
vault’s subscription table is full and needs to free up space. A
special case arises when the requester vault is also the original
vault, making it impossible to redirect the subscription request
back to the original vault. In this case, the subscription request
is converted into an unsubscription request.

Unsubscription can be initiated by either the original vault
(wanting the data back) or the subscribed vault (wanting
to return the data to the original vault). When the original
vault initiates, it sends an unsubscription request to the sub-
scribed vault. If the subscribed vault initiates, it skips this
step. The subscribed vault then marks the relevant entry in
its subscription table as Pending Unsubscription and begins
transferring the data back to the original vault. Once the
original vault receives the data, it marks it as Unsubscribed and
acknowledges this to the subscribed vault, which also marks
the entry as Unsubscribed.

If an unsubscription request is made for an address that is
in the process of being subscribed, the unsubscription process
waits until the subscription flow is complete. Similarly, if
an unsubscription request is made for an address undergoing
resubscription, the process waits for the resubscription to finish
and then forwards the unsubscription request to the requester
vault to maintain data consistency.

5) Dirty Bit: To reduce the data transfer required for unsub-
scription, we add a dirty bit to our subscription reserved space,
which is set when the block is written. During unsubscription,
we check the status of the dirty bit. If the dirty bit is not set,
we transfer only an acknowledgment packet instead of the full
data, as the original vault already has the data. This dirty bit is
also forwarded during resubscription using miscellaneous bits
in the request packet.

C. Memory Requests

Unlike the baseline memory, our architecture employs a
subscription table for dynamic address translation to any
subscribed address. Because the subscription table is dis-
tributed across all vaults, any memory request necessitates that
the vault requesting access (”requester vault”) communicate
with both the vault that originally held the block (”original
vault”) and the vault currently holding the most recent copy
(”subscribed vault”). We will discuss the process of serving
both read and write requests in the baseline memory imple-
mentation and our architecture.

We denote the Manhattan distance between the original
vault and the requester vault as hro, between the requester
vault and the subscribed vault as hrs, and between the sub-
scribed vault and the original vault as hso. The size of a data
block is k− 1 flits, making a data transfer packet k flits (with
one flit used as a header for routing and other information).

Our memory access protocol is inspired by the SGI Origin
system [58] and based on the DASH protocol [63]. This
protocol applies to the reserved areas in each vault containing

subscribed blocks, in contrast to the caches used in the Origin
system.
Read Requests. When serving a read request in the baseline
memory implementation, the requester vault sends a request
to the original vault. Upon receiving the request, the original
vault transfers the data back to the requester vault. This process
incurs a network overhead of (k + 1)hro cycles, assuming a
single cycle latency per hop.

In our architecture, we first check if the requested address
is in the local reserved subscription space. If it is, the access
is local and incurs no network overhead. If the address is not
in the local subscription space, we send the read request to
the original vault, as the requester vault does not have up-
to-date subscription information for the requested block. The
original vault then checks its subscription table to identify
the subscribed vault, if any. If the block is not subscribed to
another vault, the original vault sends the data to the requester.
If the block is subscribed, the original vault forwards the
request to the subscribed vault, which then transfers the data
back to the requester vault. Overall, a read access requires
hro + hso + khrs cycles of network overhead.
Write Requests. In the baseline memory, the requester vault
writes directly to the original vault, resulting in a network
overhead of khro cycles. In DL-PIM, for a remote access,
the requester vault writes the data to the original vault. The
original vault then forwards the written data to the subscribed
vault. For a local access, there is no network overhead.

D. Adaptive Subscription Architecture

Our implementation supports both binary always-subscribe
and never-subscribe configurations. While many workloads
benefit from proactively subscribing and moving data to the
requester vault, others suffer from the additional latency and
traffic caused by the indirection requests described in the pre-
vious section. Therefore, we also implemented and evaluated
several adaptive strategies to dynamically enable and disable
subscriptions. Our adaptive architectures focus on two key
properties: the number of hops traveled and the access latency
of each request. Based on these properties, we designed the
Hops-based Adaptive Policy and the Latency-based Adaptive
Policy, which we will discuss in the following sections.

1) Adaptive Policy Implementation: We aggregate the nec-
essary statistics for our policies in hardware registers, as
illustrated in Figure 7.

Initially, we considered a policy that continuously tracked
the cost and benefit of subscription in a feedback register
(discussed below), and broadcast policy changes to every vault
whenever the feedback register’s value shifted from positive
to negative or vice versa. However, this proved inefficient
because the subscription policy changed rapidly, and broad-
casting the new policy to all vaults incurred high overhead.

To address this, we divided the execution into ”epochs” and
made decisions based on the collected information at the end
of each epoch, which in our implementation is every 106 (one
million) cycles. At the end of each epoch, a decision about
the subscription policy for the next epoch is broadcast, and



the information stored in the aggregate registers is cleared,
ensuring that each epoch’s decision is based solely on the
previous epoch’s cost/benefit behavior.

2) Hops-based Adaptive Policy: Since our architecture at-
tempts to reduce data movement across the memory network,
the number of hops per packet is a key metric to consider.
To assess whether subscriptions are helping or hurting traffic,
we use a register called feedback register at each vault. We
measure the number of hops travelled by each packet, and
using the vault’s address to estimate the number of hops
travelled if the requested address is not subscribed. We then
compare the two hops’ counts. If the estimated original hop
is higher than the actual number of hops when subscribed, it
means that our subscription helps reduce the distance traveled
for that packet, and we therefore increment the feedback
register. Otherwise, if the subscribed hops is higher, it means
that our subscription is increasing the distance traveled per
packet, and we therefore decrement the feedback register.
As such, a positive feedback register value means that the
workload is benefiting from subscription, while a negative
value means that the workload is negatively impacted. In the
first epoch, we turn on subscription across all vaults and collect
the cost/benefit information in each vault’s feedback register.
At the end of each epoch, if the feedback register is negative,
we turn off the subscription for the next epoch; otherwise we
turn it on.

3) Latency-based Adaptive Policy: A more accurate pre-
dictor of performance, though harder to collect at runtime,
is the access latency per request. This metric includes all
latency components, such as transfer (communication) and
queuing delays. While estimating hops without subscription is
straightforward, as discussed above, latency depends on factors
beyond the number of hops traveled, making it difficult to
estimate for a memory request without subscription.

To address this, we used a different strategy for making
subscription decisions. At the completion of each request, we
record its latency by adding it to a latency register (as shown
in Figure 7). We also record the number of requests served in
a given epoch in another register called the request register.
At the end of each epoch, we calculate the average latency for
all memory requests during that epoch.

In the initial epochs, we use the hops-based feedback regis-
ter to decide the subscription policy and aggregate the epoch’s
request latency into the latency register. For each subsequent
epoch, we compare the average latency per memory request
to that of the previous epoch, stored in a previous latency
register. If the average latency is lower or within a certain
threshold, we maintain the current subscription policy for the
next epoch. If the per-request average latency increases beyond
the threshold, we reverse the decision and enable or disable
subscription in the next epoch.

After experimenting with various thresholds, we found that
a 2% threshold is heuristically optimal for most workloads.
Thus, we use a 2% latency change threshold for the latency-
based adaptive policy.

4) The Subscription Away Problem and Solutions: Both
hops-based and latency-based adaptive policies suffer from
the ”subscription away” problem. While the feedback register
mechanism assesses the benefits of subscription for a vault,
it overlooks the negative impact on the original vault from
which the data was subscribed. To address this, we update both
the accessing and subscribed vaults’ feedback registers when
negative feedback occurs due to increased hops for memory
requests.

Similarly, the latency-based policy faces the same issue,
as some vaults benefit at the expense of others. From the
perspective of the subscribed vault, the average latency appears
lower since the subscribed block incurs only local access
latency, while other vaults bear communication and queuing
delays. However, the negative impact on other vaults is not
accounted for by the feedback mechanism of the subscribed
vault. Without negative feedback, all vaults might opt for
the greedy policy of always-subscribe, potentially leading to
thrashing and overall performance and energy degradation.

To address this problem, decisions are made globally. Each
vault sends a special packet to the central vault positioned at
the center of the network before an epoch ends. The central
vault then calculates global latency averages, decides on the
subscription policy, and broadcasts this decision to every vault.
However, this complex computation introduces some latency
(estimated to be around 1000 cycles) before the new global
policy takes effect across all vaults at the start of an epoch.

5) The Always Unsubscription Problem and Solutions:
Another issue with the initial adaptive policy arises because
we can only compute the number of hops for subscribed
requests when subscription is enabled. Without subscriptions,
it’s challenging to determine when subscription would enhance
performance, potentially leaving the adaptive policy stuck at
the never-subscribe setting. While the latency-based adaptive
policy may indicate incorrect shifts to never-subscribe due to
higher latency, transitioning between phases where subscrip-
tion benefits fluctuate remains a challenge.

To address this, we implemented a dynamic set sampling
mechanism similar to one proposed by Qureshi et al. [80].
This mechanism involves designating two leading sets: one
with subscriptions always enabled and the other with them
always disabled. Feedback and latency are recorded separately
for each leading set. At the end of each epoch, we compare
hops and/or average latency for the leading sets to determine
the most beneficial subscription strategy. If one leading set
shows lower latency or higher feedback, we adopt its policy
for all sets in our subscription table in the next epoch.

While this resolves the ”always unsubscription” problem,
it may cause some memory locations to consistently remain
in the never-subscribe set used in set sampling. This can
result in corner cases where data blocks that would benefit
from even access distribution will be assigned to never-
subscribe , resulting in degraded performance for workloads
that benefit from evenly distributed demand across vaults, such
as CHABsBez and SPLRad. As the placement of memory
location is hard to predict at runtime, this would diminish
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Fig. 8. Internal network model a) Representation of 32 vaults in a 6 × 6
HMC network. b) Representation of 8 channels in a 4× 2 HBM network.

TABLE I
SIMULATED HMC BASELINE SYSTEM CONFIGURATION.

OS Ubuntu 18.04 x86-64 running on QEMU 4.2.1
CPU two Intel(R) Xeon(R) Gold 6248R CPU @ 3.00GHz

Memory

128GB total size; HMC v2.0; 32 vaults;
8 DRAM banks/vault; 256B row buffer;

8B burst width at 2:1 core-to-bus freq. ratio;
Open-page policy; HMC default interleaving [76]

potential benefits from our adaptive DL-PIM architecture.

IV. EVALUATION METHODOLOGY

A. Experimental Setup

We employ the DAMOV simulation framework [76] to
implement and evaluate our proposed architecture. DAMOV
seamlessly integrates the ZSim [82] CPU simulator and the
Ramulator [53] memory simulator. This framework allows us
to simulate a configurable number of traditional CPU cores
or Processing-in-Memory (PIM) cores with various memory
technologies, including HMC and HBM.

Network model. We simulate an inter-vault network model
for a 6 × 6 interconnected memory network with 32 vaults,
as shown in Figure 8.a for HMC memory, and a 4 × 2
network for HBM memory, as depicted in Figure 8.b. We
have instrumented DAMOV to dynamically analyze inter-vault
traffic and overhead in a distributed PIM system.

Baseline configuration. In our evaluation, we configure a
baseline system similar to [76] that has 2.4Ghz PIM cores with
32KB L1 cache directly connected to a 4GB HMC/4Gb HBM
memory system. Table I and Table II includes detailed con-
figurations of the simulated memory baseline systems.

Workloads. The DAMOV benchmark suite included over
300 applications from different domains such as big data and
machine learning [76]. We use the 31 representative appli-
cations identified by DAMOV for our evaluation. We did not
select short applications to provide useful insights. Those rep-
resentative applications are from benchmark suites Chai [38],
Darknet [81], Hashjoin [12], Ligra [91], phoenix [101], Poly-
Bench [78], Rodinia [19], SPLASH2 [98] and STREAM [70].
Table III displays functions alongside their corresponding

TABLE II
SIMULATED HBM BASELINE SYSTEM CONFIGURATION.

OS Ubuntu 20 x86-64
CPU two Intel(R) Xeon(R) Gold 6248R CPU @ 3.00GHz

Memory 4GB total size; HBM2; 8 channels;
4 bank-groups/channel; 4 banks/bank-group

benchmarks utilized in our simulation from these benchmark
suites. The final column indicates our assigned abbreviated
names for ease of reference.

Simulation Experimental Methodology. For our simula-
tion results, we use 106 memory requests to warm up our
caches and hardware structures, and run the remainder of
the workload to generate results. Additionally, to mitigate
runtime variability, each workload/configuration is simulated
five times, and the average of these runs is presented in our
figures.

B. Simulation Results

1) Always-Subscribe Policy Analysis: In Figure 9, we an-
alyzed the performance of all 32 representative workloads
with the always-subscribe policy, where we always perform
subscription on the first access of a memory location. Some
workloads show significant speedups. For example, SPLRad
have up to 105% performance gain. Conversely, workloads
such as PLYgemm and PLY3mm have up to 17% performance
loss. On average, all benchmarks have a performance gain of
nearly 6%.

This Figure also shows that many workloads do not demon-
strate any performance impact (Speedup 1.00), indicating sub-
scription has little to no effect. This is despite the fact that for
many of these benchmarks, data transfer and queuing delays
still represent a considerable percentage of overall memory
latency (Figure 1). One reason for this minimal impact is
the poor reuse properties of many workloads as shown in
Figure 10. This figure shows the average number of times a
subscribed block is reused, either by the local subscribed vault
(dark blue) or by a remote vault (light blue). Many workloads
display near-zero average reuse per block, meaning blocks are
seldom accessed again after being subscribed and moved to
the subscribed vault. This does not incur additional overhead
for the always-subscribe policy since the subscription data
transfer would have occurred in the baseline when a processing
unit requests a block from a remote vault. However, the lack
of reuse means that no performance benefit is realized from
always-subscribe. Therefore, in the remainder of the paper,
we focus only on workloads that show non-negligible reuse.

2) Adaptive Policies Analysis: Figure 11 shows that both
always subscribe and adaptive policies affect performance sig-
nificantly for many workloads. While most selected workloads
benefit from always-subscribe, some are negatively affected.
The average of speedup for selected benchmarks is nearly 14%
for always-subscribe and 15% for adaptive, which successfully
reduces performance degradation for workloads that are hurt
by always-subscribe.



TABLE III
SIMULATED WORKLOADS.

Suite Benchmark Function Short Name

Chai
Bezier Surface Bezier CHABsBez
Padding Padding CHAOpad

Darknet Yolo gemm nn DRKYolo

Hashjoin
NPO ProbeHashTable HSJNPO
PRH HistogramJoin HSJPRH

Ligra

Betweenness
Centrality EdgeMapSparse (USA)

LIGBcEms

Breadth-First Search LIGBfsEms
BFS-Connected
Components

LIGBfscEms

PageRank EdgeMapDense (USA) LIGPrkEmd
Triangle EdgeMapDense

(Rmat)
LIGTriEmd

Phoenix Linear Regression linear regression map PHELinReg

PolyBench
Linear Algebra

3 Matrix Multiplica-
tions

PLY3mm

Multi-resolution analy-
sis kernel

PLYDoitgen

Matrix-multiply
C=alpha.A.B+beta.C

PLYgemm

Vector Mult. and Ma-
trix Addition

PLYgemver

Gram-Schmidt decom-
position

PLYGramSch

Symmetric matrix-
multiply

PLYSymm

Stencil
2D Convolution PLYcon2d
2-D Finite Different
Time Domain

PLYdtd

Rodinia
BFS BFSGraph RODBfs
Needleman-Wunsch runTest RODNw

SPLASH2

FFT
Reverse SPLFftRev
Transpose SPLFftTra

Oceanncp
jacobcalc SPLOcnpJac
laplaccalc SPLOcnpLap

Oceancp slave2 SPLOcpSlave
Radix slave sort SPLRad

STREAM

Add Add STRAdd
Copy Copy STRCpy
Scale Scale STRSca
Triad Triad STRTriad

To provide further insight into the benefits of the subscrip-
tion method, we show the average memory latency improve-
ment for the adaptive method compared to the baseline, repre-
sented by the orange line in Figure 11. As the figure illustrates,
workloads with greater latency improvements achieve higher
performance speedup. On average, the adaptive policy reduces
the average memory latency per request by nearly 54% across
the selected workloads.

Additionally, our method helps reduce the CoV of access
distribution per vault for workloads with high CoV, such
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Fig. 9. Performance gain for the always-subscribe policy, measured by the
execution cycles of the baseline divided by that of the always-subscribe policy.
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Fig. 10. Average number of local and non-local accesses per subscription
of always-subscribe. The dark blue portion indicates the average number of
local accesses from the subscribed vault to a subscribed block after it was
successfully subscribed. The light blue portion indicates the average number
of remote accesses to a subscribed block.

as PHELinReg, CHABsBez, and SPLRad, which had the
highest CoV among our workloads as shown in Figure 12
and Figure 13. This indicates that our approach effectively
balances the distribution of memory accesses across vaults.

Another interesting metric is total traffic, which summarizes
the total network bandwidth demand. Figure 14 shows traffic
per cycle for always-subscribe and adaptive compared to the
baseline, including traffic from both memory accesses and
subscription requests. Some workloads, like PHELinReg, sig-
nificantly reduce bandwidth demand compared to the baseline.
However, most workloads exhibit higher bandwidth demand
with always-subscribe, averaging an 88% increase over the
baseline due to additional subscription traffic, mainly caused
by the low degree of reuse for subscribed blocks (Figure 10).
In contrast, the adaptive policy results in an average increase
of only 14%. Although both DL-PIM policies increase average
network bandwidth, the reduction in execution time from more
local accesses contributes to a more energy-efficient design.

Therefore, while the always-subscribe policy offers sub-
stantial performance benefits for many workloads, it also
introduces significant bandwidth overhead and can negatively
impact certain workloads. The adaptive policy, however, suc-
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1
.6

6
0

6

0
.0

01
0

0
.0

0
1

3

4
.3

1
4

2

0
.0

3
0

3

0
.0

3
0

1

5
.2

76
1

0
.0

0
2

4

0
.0

21
0

0
.0

0
2

4

0
.0

1
4

7

0
.0

0
1

4

0
.0

0
1

4

0
.1

1
6

0

0
.0

06
0

0
.0

0
6

2

0
.3

3
2

2

0
.0

28
0

0
.0

2
4

6

0
.6

5
9

1

0
.0

0
9

6

0
.2

0
8

6

0
.0

1
8

9

0
.0

2
1

8

0
.0

0
1

4

0
.0

0
1

5

0
.1

08
7

0
.0

03
5

0
.0

07
9

0
.3

13
1

0
.0

11
9

0
.0

1
2

0

0
.4

8
0

9

0
.2

0
3

0

0
.1

81
7

0
.2

1
5

1

0
.0

3
9

9

0
.0

6
5

2

0
.0

23
3

0.0

1.0

2.0

3.0

4.0

5.0

6.0

C
o

e
ff

ic
ie

n
t o

f 
V

a
ria

tio
n

Workload

Baseline Adaptive Always Subscribe

Fig. 12. Coefficient of variation of the access distribution per vault for always-
subscribe and adaptive policies. A high CoV implies uneven distribution
where some vaults have much higher demand than others.

cessfully balances performance gains with lower increases
in bandwidth demand, offering a more efficient solution. By
dynamically adjusting subscription policies based on workload
behavior, the adaptive policy reduces performance degradation
and network bandwidth demand, leading to a more energy-
efficient memory access strategy in DL-PIM architectures.

We also evaluated the adaptive policy on HBM systems.
Figure 15 presents a comparison of memory access latency
between the baseline and adaptive policies. The results indicate
that the adaptive subscription policy effectively decreased
memory access latency across workloads, demonstrating its
efficiency in optimizing memory performance in HBM sys-
tems. On average, latency was reduced by about 50%. This
improvement is due to the more even distribution of memory
requests across the available channels, reducing contention
and improving access times. Additionally, keeping subscribed
data locally accessible reduces overall demand on memory
bandwidth. The lower complexity of HBM’s network model
(relative to HMC’s network) further enhances the effectiveness
of the adaptive subscription policy.

The performance improvements for different workloads are
also noteworthy. Workloads such as CHABsBez, SPLRad,
and PHELinReg show the most significant improvements, due
to their high coefficients of variation as shown in Figure 3.
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Fig. 14. Average network traffic (in bytes per cycle) for always-subscribe
and adaptive policies.

This indicates an uneven distribution where some vaults have
much higher demand than the rest, therefore dominating
performance. Similar improvements can also be seen in HMC,
as illustrated in Figure 11.

C. Sensitivity to Subscription Table Sizes

We analyzed the impact of subscription table sizes on the
performance. With larger tables, DL-PIM can hold more sub-
scribed memory locations for each vault, but would increase
hardware overhead. Figure 16 shows that some workloads like
PLYDoitgen saw a performance improvement with a larger
subscription table, but that improvement flattened with a 8192-
entry subscription table. We decided to use 8192 entries as our
default configuration in this paper, which incurs a 0.125% state
overhead relative to the 4GB vault memory size.

V. RELATED WORK

Stacked DRAM latency reduction: Previous research [62],
[92] has proposed using stacked DRAM as a memory-side
cache, which automatically copies or moves data upon request.
Most DRAM cache studies aim to increase capacity or reduce
latency [36], [46], [67], [68], [79], [102], [104], but these
efforts primarily focus on processor-centric systems. Other
studies aim to reduce communication latency between dis-
tributed DRAM caches in multi-node systems [21]. In contrast,
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Fig. 15. Memory access latency comparison between baseline and adaptive
policy in HBM (Bars). Speedup Improvement Percentage (Orange line).

our proposal leverages stacked DRAM technology in a PIM
system to minimize data movement between the processor and
memory.

Stacked DRAM network: Previous work [105] has pro-
posed replacing the crossbar network in HMC systems with
a mesh network and a reduction/dispersion tree architecture,
where memory controllers in the same row are interconnected
via a set of reduction /dispersion trees. While this approach
reduces communication overhead between memory controllers
and external processors, it is not well-suited for PIM ar-
chitectures. The primary limitation is that it restricts direct
communication between memory controllers without routing
through the processor, thereby failing to reduce processor-
memory data movement.

Network overhead reduction: Tian et al. [97] (ABNDP)
proposed a method for reducing network overhead in PIM
systems through a hardware/software co-design. This approach
introduces a new programming model and employs a traveller
cache for remote data, which functions similarly to a tradi-
tional cache. A single traveller cache is shared among four or
more vaults. ABNDP breaks programs into smaller tasks using
its programming model and dynamically schedules these tasks
based on data location. In contrast, our DL-PIM proposal is a
hardware-only solution utilizing a 3D-stacked memory system.
It employs a reserved area in memory, rather than a separate
cache, to subscribe to remote addresses and minimize data
movement for each memory access.

Subscription-based framework: GPS [73] employs a
subscription-based hardware-software integrated framework to
accelerate multi-GPU systems. It utilizes manual subscription
management in software, enabling data usage by both local
and remote GPUs, and evaluates several automatic subscrip-
tion algorithms. While inspired by this work, DL-PIM is
a hardware-only solution that preserves compatibility with
existing program models and APIs.

Cache-only Memory Access: Another architecture that
has some similarities with DL-PIM at a high-level is Cache-
only Memory Access (COMA) architecture [23], [27], [96].
COMA dynamically migrates data requested by a local node
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Fig. 16. Adaptive speedup with different subscription table sizes.

to a local attraction memory from a remote node upon access.
However, COMA can create multiple copies of the same data
block across different attraction memories for shared blocks.
In contrast, our proposal invalidates the original copy upon
subscription. While this might lead to performance degrada-
tion, it simplifies implementation and management.

The Reactive Non-uniform Cache Access (R-NUCA) ma-
chine [42] also seeks to alleviate data movement overhead by
combining different caches to form clusters, and dynamically
adjusts the cluster size based on software-defined parameters.
R-NUCA attempts to evenly distribute the data across different
caches within a cluster to ensure even access latency. Our
proposal achieves a similar goal for PIM systems by moving
data next to the processsing elements that need it.

VI. CONCLUSIONS

While PIM systems aim to minimize data movements be-
tween processors and memory, they often incur significant
delays due to processing data in remote memory modules.
Our study highlights that the majority of latency per memory
request arises from data transfer and queuing delays among
different memory modules (vaults). To mitigate this issue, we
introduce DL-PIM, a subscription-based architecture designed
to enhance PIM system efficiency by increasing local accesses
for near-memory processing elements.

DL-PIM incorporates an always-subscribe policy, which
proactively moves data from remote memory modules to a
reserved area in the local module upon first access. Addition-
ally, we propose an adaptive policy that mitigates performance
degradation for some workloads caused by the extra traffic of
always-subscribe. In our evaluation with HMC, our adaptive
policy demonstrates an average performance improvement of
6% across DAMOV representative workloads, with a notable
15% enhancement for workloads characterized by significant
data reuse, caused by a 54% reduction in average memory
latency per request.

Furthermore, our adaptive policy applied to HBM achieves
a 50% reduction in average memory latency per request, trans-
lating to a 5% improvement in overall system performance for
data-heavy workloads and 3% for all workloads.
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