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The explosive increase in data volume in emerging applications poses grand challenges to

computing systems because the bandwidth between compute and memory cannot keep up with

exploding data volumes. Processing in memory (PIM) is a promising technology to solve this

memory problem by performing some key operations directly in and near memory. There remain

several challenges in fully unleashing the power of PIM. Such challenges come from both the

software and the hardware sides. On the software side, PIM requires that each operation happens

where the data is. As a result, we need to first find the optimal data layout for each application,
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prior to running it in PIM. On the hardware side, due to the limited functionality of PIM operations,

PIM acceleration may require customized logic to achieve high performance. Software-hardware

co-design plays a critical role in order to fully exploit PIM acceleration. There are a number of

challenges to PIM-based software-hardware co-design. First, software mapping (data layout) in PIM

architecture has an extremely large design space. Second, the hardware customization should have

minimum overhead to maximize memory capacity.

This thesis presents several novel techniques for PIM software-hardware co-design. To tackle

the challenges of mapping applications to PIM architecture, this thesis proposes a PIM data layout

framework that efficiently optimizes data layout of widely-used machine learning (ML) operators

onto general PIM architectures. This thesis also presents the software-hardware co-design for both

conventional and non-convolution ML models using PIM architecture. The presented optimizations

provide at least 3.7× speedup over conventional PIM acceleration methods. Finally, this thesis

proposes a software-hardware co-design for fully homomorphic encryption, which is a challenging

and critical application in cryptography, resulting in 30× speedup and energy efficiency over the

existing PIM solutions. The target applications in this thesis cover a wide range of challenging

operations and data transfer patterns needed for various emerging computing tasks, shedding light

on the software-hardware co-design for future systems with PIM acceleration.
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Chapter 1

Introduction

Data volume is exploding with the emergence of data-intensive applications, such as bioinformat-

ics, internet of things, and machine learning. Conventional computer systems cannot ensure good

performance of such data-intensive applications due insufficient memory bandwidth between the

processor and the memory. Processing in memory (PIM) is a promising technology to solve this

problem by performing some operations in memory. The major advantage of PIM over conventional

computing is that PIM can exploit the internal bandwidth of memory which is significantly higher

than the off-chip bandwidth used for host-memory communication. For example, each DRAM

bank can read 1kB data to its sense amplifier in around 30 ns, providing 30GB/s bandwidth [7, 8].

Considering a 16GB HBM2 stack consists of 32 pseudo-channels and each channel contains 8 banks,

each HBM2 stack can provide 7.7TB/s bank-level bandwidth, significantly larger than 256GB/s -

512GB/s of its off-chip bandwidth [9]. We can further increase the exploited internal bandwidth by

adopting more fine-grained parallelism, like subarray-level parallelism [10], or using bit-serial PIM

scheme [11]. Furthermore, PIM is more scalable than conventional computing by simultaneously

increasing compute throughput, memory bandwidth, and capacity. The rest of this chapter covers the

PIM background and challenges of PIM software-hardware co-design, and provides an overview of

thesis contributions.
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1.1 Memory System and Processing In-Memory

Processing In‐Memory (PIM)

 PIM offloads computation to memory
 PIM is promising for both memory‐intensive and compute intensive 

applications
 Reduced data movements between processor and memory
 High internal bandwidth for computation
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Figure 1.1: The difference between conventional architecture and PIM architecture.

Memory stores data used for computation. To execute a task on a conventional architecture,

the computer needs to first load the data from memory to the place where the processing elements

(e.g., ALU) can directly access it. However, data loading may incur large latency. For instance, a

typical data load of a cache line (e.g., 64B) from dynamic random access memory (DRAM) requires

tens of nanoseconds, while ALU only requires 1 or 2 cycles. Such discrepancy motivates computer

architects to place fast memory components near processing elements, which is referred to as cache.

While on-chip cache provides superior performance over off-chip memory, the density of cache is

significantly lower than memory, limiting the capacity of cache that can be placed on the chip. In the

case of either a low data reuse rate or a large data volume, off-chip data movements dominate the

overall system latency.

The current systems are experiencing an explosive increase in data size for various emerging

applications. Conventional general-purpose architectures do not perform well on big data applications

due to the limited memory bandwidth. Processing in-memory (PIM) solves such problems by

integrating computing logic with memory. Figure 1.1 shows a high-level structure of a conventional

(left) and a PIM system (right). Logic-memory integration of PIM provides several significant

benefits over conventional architecture. First, PIM reduces the latency and energy consumption

required for data movements because of the reduced distance between computing logic and data.
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Second, PIM exposes the internal memory bandwidth for computing logic, which can be several

to tens of times higher than the off-chip memory bandwidth in conventional architectures. Third,

PIM can scale computing throughput, memory bandwidth, and memory capacity simultaneously by

simply integrating more PIM computing devices into the system.

1.2 PIM Hardware Technologies
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Figure 1.2: Different in-DRAM PIM technologies.

There are various ways of supporting PIM in memory. Figure 4.2 shows different implementations

of PIM in a DRAM-based memory as an example. Figure 4.2(a) shows the architecture of a DRAM

bank which is the basic hardware component of DRAM. A bank consists of 2D cell arrays and

peripherals to transfer data between DRAM cells and IOs. The memory cells are grouped into

a set of subarrays, each of which consists of a row of mats. Each mat has local sense amplifiers

(row buffers) sensing a horizontal wordline (WL) through a set of vertical bitlines (BLs). Sense

amplifiers in mats of a subarray form the subarray row buffer. Upon receiving a DRAM access, the

bank activates the corresponding WL in the subarray row buffer and transfers the whole WL to the

bank-level sense amplifiers via the data lines (DLs).

There have been several DRAM-based PIM technologies that support operations at different
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levels of DRAM. Near-bank processing, as shown in Figure 4.2(b), integrates processing elements

(e.g., vector ALUs, RISC-V processor, etc.) near the bank sense amplifiers (SA) and IO [7, 8, 12].

Each bank-level processing element (PE) is customized to fully utilize the data link bandwidth for

processing. PEs in different banks run in parallel to fully utilize the internal bandwidth in DRAM.

Figure 4.2(c) shows another type of PIM (near-buffer), which augments the subarray sense

amplifiers (row buffers) with compute logic [13]. Due to the constrained chip area, the near-buffer

PIM only adopts logic gates, full adders, and shift circuits for multi-bit operations. Therefore, the

near-buffer PIM can only process simple operations for each activated WL, and the intermediate

results for complex operations should be written back to the cells and read out again for future

operations. As compared to near-bank processing, near-buffer PIM support wider input (e.g., 8192b

vs. 256b) and can exploit the subarray-level parallelism [10], compensating the long latency of

operations. These two types of PIM work on the data with a horizontal layout where each data is

stored across multiple BLs in a WL.

The third type of PIM (in-mat), as shown in Figure 4.2(d), uses a vertical bit-serial scheme

that lays out data in different WLs of a BL [11, 14, 15]. The bit-serial PIM directly generates the

result of computation between different WLs by exploiting the charge-sharing effect of the DRAM

mechanism. The bit-serial PIM connects two or more WLs to the sense amplifiers simultaneously

using a sequence of activate commands. It then issues a precharge command to a row that will store

the values in the sense amplifier after charge sharing. By applying specific voltage and connecting

operand WLs to reference WL (e.g., all BLs store “1” or “0”), such activate-activate-precharge

(AAP) operation can implement logic operation and majority-based full adder. As compared to

near-buffer processing, such in-mat bit-serial processing supports a similar degree of parallelism

without introducing costly logic. However, bit-serial PIM requires more activation and precharging

commands because each AAP destroys data in operand WLs, requiring row-clone operations [16]

to back up the original data. An n-bit multiplication using the bit-serial PIM requires around 7n2

AAP operations for 8k values; near-buffer processing requires around 5n activation and precharging

commands for 8k/n values using carry-save adders, resulting in at least 1.4× higher throughput and
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energy efficiency.

In addition to DRAM-based technologies, researchers have investigated PIM architectures with

various memory technologies, including SRAM [4, 17, 18], ReRAM [3, 19–21], FeFET [22–24],

and NAND Flash [25]. All these technologies share a similar idea of PIM on levels higher than

subarray, by integrating compute logic in the peripheral circuit of that level in the memory hierarchy.

For the subarray-level PIM, each technology exploits the circuit behaviors of a specific memory

device. For example, by applying appreciate voltage to the ReRAM or FeFET cell array, we can get

the result of specific computations by sensing the voltage of WLs/BLs based on Kirchhoff’s law.

For subarray-level computation on 1-bit values, PIM can support arbitrary computations by using

universal logic operations. It is also possible to support PIM computations in memory that stores

multi-bit value in a cell [19,23,26]. However, the multi-bit PIM computation cannot support arbitrary

computation due to limited functionality. In this thesis, we focus on the PIM technologies that use

the conventional 1-bit-per-cell data, which is usually referred to as digital-PIM technology [27, 28].

1.3 Software-Hardware Co-Design in PIM

Despite significant advantages of PIM, there are challenges from both software and hardware to

fully unleash its power. On the software side, PIM enforces each operation to happen in the location

of data inside the memory. Therefore, before processing the target application using PIM operations,

we need to first determine the data layout of the application. The detailed data layout affects not

only the computation latency but also the data transfer pattern as well as the memory usage.

Figure 1.3 shows an example of different data layouts for convolution in a PIM-enabled memory

block, which can process a row of data in parallel. The first data layout (left in the Figure 1.3(b))

parallelizes the computations for different output values in 4 columns, requiring 4 multiply and

accumulations (MACs). The second data layout (right) provides 2× more parallelism than the first

layout by parallelizing computations of 2 partial results of each output value, only requiring 2 MACs.

However, the second layout requires extra data movement and additions to generate the final output
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Figure 1.3: Two data layout methods for a convolution.

values. Furthermore, the two layouts require different memory rows and columns, making the layout

problem significantly more complicated.

On the hardware side, due to the limited functionality of PIM operations, PIM acceleration

may require customization in the memory device to achieve high performance. For instance, PIM

supports extensively parallel arithmetic on vector data but lacks an efficient mechanism to support

operations with complex data movements. When using the second layout in Figure 1.3(b), data

movement of reduction operation can introduce large overhead, offsetting the performance benefits

of higher parallelism of MACs in PIM. The adoption of new customized hardware for the missing

functionality can significantly boost PIM performance.

1.4 Data Layout Optimization in PIM for Deep Neural Networks

PIM acceleration is one of the most compelling solutions for DNN acceleration, due to DNN

parallelism. PIM-based DNN accelerators require that data be properly laid out to make the best use

of the available in-memory operations. However, previous PIM accelerators tend to optimize for a

particular DNN dataflow, neglecting the large design space of data layout. Chapter 2 systematically

investigates the data layout for PIM DNN acceleration. We propose a mapping framework to

represent the whole design space of PIM data layout for general DNN models. Our investigation
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shows that an exhaustive exploration of the whole design space for mapping a DNN application

to PIM architecture is not computationally tractable. Therefore, we propose a compiler-level

optimization, PIM-DL, that finds highly efficient data layouts for PIM DNN acceleration using a

two-level dynamic programming algorithm and a heuristic-based search. Our experiments show that

DNN PIM solutions created by our PIM-DL provide 3.7× and 4.3× better performance and energy

efficiency as compared to the state-of-the-art under the same hardware constraints.

1.5 Software-hardware Co-design for Complex Applications

In Chapter 3 and Chapter 4, this thesis extends the discussion of software-hardware co-design

to more complex applications other than conventional DNNs, including Transformers and Fully

Homomorphic Encryption. PIM acceleration of these complex applications requires several special

considerations on both the software and hardware sides.

1.5.1 Transformers

Transformer-based models are state-of-the-art for many machine learning (ML) tasks. Trans-

formers usually execute slowly because of thier large memory footprint and low data reuse rate,

stressing the memory system while under-utilizing the compute resources. Memory-based process-

ing technologies, including processing in-memory (PIM) and near-memory computing (NMC), are

good solutions to accelerate Transformers by minimizing data movement and enabling extensive

compute parallelism. However, the previous memory-based ML accelerators design software and

hardware components for compute-intensive ML models (e.g., CNNs), which may not fit specific

characteristics of Transformers. In Chapter 3, we propose TransPIM, a memory-based acceleration

for Transformer based on software and hardware co-design using emerging high-bandwidth mem-

ory (HBM). At the software-level, TransPIM uses a token-based dataflow to avoid the expensive

inter-layer data movements introduced by previous layer-based dataflow. TransPIM also introduces

lightweight hardware modifications in the HBM architecture to support PIM-NMC hybrid processing
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and efficient data communication for accelerating Transformer-based models. Our experiments

show that TransPIM is 3.7× to 9.1× faster than existing memory-based acceleration. As compared

to conventional accelerators, TransPIM is 22× to 115× faster than GPUs and provides 2× more

throughput than ASIC-based Transformer accelerators.

1.5.2 Fully Homomorphic Encryption

Fully homomorphic encryption (FHE) enables arbitrary computations on encrypted data without

decryption, thus providing full security to applications. Unfortunately, FHE computation is orders of

magnitude slower than computation on plain data due to the explosion in data size after encryption.

Processing in-memory (PIM) is promising to accelerate data-intensive workloads with extensive

parallelism. However, FHE is challenging for PIM acceleration due to the intensive long-bitwidth

computations and complex data movements. In Chapter 4, we propose a PIM-based FHE accelerator,

FHEmem, which exploits processing in-memory technologies with a novel memory architecture

customized for FHE operations to achieve high-throughput and energy-efficient acceleration. We

propose an optimized processing flow, from low-level hardware processing to high-level application

mapping, that fully exploits the high throughput of FHEmem hardware for FHE applications. Our

evaluation shows FHEmem provides up to 10.7× higher throughput than existing FHE accelerators

under similar power and chip area constraints. As compared to previous PIM acceleration, FHEmem

is up to 30× more efficient due to the software-hardware co-design.
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Chapter 2

Data-Layout Optimization of PIM

To optimize execution of applications on PIM, it is critical to systematically analyze the design

space and to perform detailed performance modeling of different design choices. However, the co-

optimization of software and hardware can be extremely complicated because both parts have large

design space with complex mutual interaction. One way to address this it to investigate software-level

optimizations on a generic PIM architecture model, or to investigate the hardware-level optimization

for key operation patterns found in target applications. This chapter discusses our comprehensive

optimization framework which comprehensively optimizes PIM acceleration, and shows its impact

on deep neural networks (DNNs) as an example application.

2.1 Introduction

Deep neural networks (DNNs) have been used in various application domains, ranging from

natural language processing [29, 30], speech recognition [31, 32], to image object detection [33–37].

The size of emerging DNNs has become extremely large due to the need for high accuracy, posing

significant challenges to conventional architectures because of limited parallelism and memory wall

issues [29, 30, 38–41].
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PIM is a promising non-conventional technology to accelerate emerging data-intensive applica-

tions by not only reducing the data movement but also increasing computing parallelism. Researchers

have used PIM to accelerate neural networks [3, 4, 13, 19, 26, 42] and other applications from a wide

range of fields [20, 41, 43–49]. Many PIM-based DNN accelerators rely on the analog domain of

resistive memory (ReRAM) [19, 26, 42]. Although such accelerators provide significant improve-

ment in both energy efficiency and performance, they are very inefficient area-wise due to costly

peripherals needed for data conversion, have no floating-point support, and face scaling difficulty

due to unstable multi-bit cells [42].

Digital PIM (DPIM), enables in-situ computations in conventional digital memory including

ReRAM [50,51], DRAM [14,16], and SRAM [17,28]. Since DPIM can directly work on digital data,

it does not require costly peripherals for data conversion needed by analog PIM [19, 26, 42]. Several

works have shown promising performance and scalability of DPIM-based DNN accelerators [3,4,13].

DPIM acceleration has strict requirements on how data should be placed in memory. Such

data layout determines the degree of parallelism as well as other critical factors including memory

utilization, and data throughput. The data layout problem in DPIM architectures is different from that

in other types of spatial accelerators, which assume hierarchical architecture with separate storage

components and processing elements. DPIM architecture only has a large digital memory which

combines both computing and storage functionality. DPIM accelerators usually have thousands

of large basic components (e.g., 1Mb digital memory block), leading to a large design space for

optimization of application data and operation placement.

Most state-of-the-art DPIM DNN accelerators [3,4,13] use an output-parallel layout that allocates

separate memory rows for computations of different output elements. Such a layout requires

significant data duplication because different outputs usually share a lot of input and filter data. As

reported in NeuralCache [4], input loading and filter loading may contribute to 61% latency during

the DNN inference. If we simply reorganize the layout to combine every two computations with a

shared operand in the memory, we can approximately reduce 25% of data loading at a cost of double

computation time. This shows there is a trade-off between computation parallelism and memory
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usage for DPIM data layout. There have been several work [1, 2] systematically investigated the

design space of mapping one DNN layer to conventional DNN accelerators. However, this has not

been done in the DPIM scenario. The design space of DPIM data layout becomes even larger for

a category of PIM-based DNN accelerators [3, 19, 26, 42], which pre-allocate memory resources

for different program regions (usually layers). These accelerators, which we call static accelerators,

introduce additional design dimensions for memory allocation. In this work, we show that the

combination of conventional per-layer mapping and DPIM-specific memory allocation forms an

extremely large design space in DPIM architecture.

To fully explore the design space of DPIM DNN acceleration, we propose a new mapping

framework of data layout. Unlike the state-of-the-art mapping framework [1, 2] for conventional

DNN accelerators, the proposed framework considers both general and DPIM-specific dimensions of

the design space. The decision of each dimension has an impact on multiple aspects of acceleration

including computation cost, memory usage, and data movement pattern. All these aspects determine

the overall efficiency of DPIM acceleration. With our framework, we can formulate the design space

of data layout problem in DPIM DNN acceleration, which has an exponential complexity with the

number of DNN layers and the number of available memory components (e.g., block) in the DPIM

system.

The complexity of the design space makes it impossible for an exhaustive exploration using an

efficient algorithm. Therefore, we further propose PIM-DL, a data layout optimization framework,

to accelerate DPIM DNN inference. PIM-DL utilizes a two-level dynamic programming algorithm

and a genetic algorithm based on heuristic search to efficiently find a good data layout based on

application and hardware information, that performs better than previous methods. We evaluate

PIM-DL on DPIM acceleration for several widely-used DNNs by an open-sourced DNN compiler

and a cycle-accurate simulator. Our experiments show that PIM-DL can improve the performance

of DPIM DNN acceleration under various architecture configurations by up to 1.9× while using

30% less memory without any hardware change. Furthermore, we apply PIM-DL to several state-

of-the-art DPIM DNN accelerators and observe a 2.5× speedup on average. We also explore the
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design space of hardware-software co-design, inspired by our data layout experiments, and compare

several customized systems with PIM-DL to state-of-the-art DPIM DNN accelerators varying in

memory technologies and acceleration modes. Our experiment shows our software-hardware co-

design systems provide 3.7× and 4.3× better performance and energy efficiency than corresponding

baselines under the same hardware constraints.

Overall, we make the following contributions in this work:

• This is the first work that comprehensively and systematically investigates the data layout

problem in DPIM DNN acceleration. We generalize the data layout problem in DPIM using

a DNN mapping framework for customized accelerators including DPIM-specific design

dimensions which have not been investigated.

• We design compiler-level optimizations for a generic DPIM architecture to generate efficient

data layout for DNN inference and dramatically boost performance and memory utilization of

general DPIM DNN acceleration.

• Inspired by our experiments on data layout, we exploit the hardware-software co-design to

build several customized systems which significantly improve the performance and energy

efficiency of state-of-the-art.

2.2 Background and Motivation

This section elaborates on important preliminaries for DPIM-based DNN acceleration.

2.2.1 DPIM Architecture Model

This work targets a general DPIM architecture model which is shown in Figure 2.1. The DPIM

architecture consists of multiple tiles, where tiles are connected to each other through an inter-tile

network. Each tile contains several DPIM blocks and uses an inter-block interconnect to handle data
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Figure 2.2: Operations in a ReRAM-based DPIM.

movements between different blocks. We can configure this model to emulate state-of-the-art DPIM

architectures by customizing hardware characteristics like operation latency and memory structure.

Several recent works have implemented DPIM functionality in various digital memory technolo-
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gies including SRAM [4, 17], DRAM [13, 14], and ReRAM [3, 50, 52]. The common backbone of

various DPIM technologies is row-parallel bit-serial operation, which exploits the shared bit-line

circuits in the digital memory block to process all rows in a bit-line using a single step. When using

a universal bit operation, DPIM-enabled memory can support custom computations by sequentially

executing multiple bit-line steps. We take an example of a DPIM-enabled ReRAM block to illustrate

basic DPIM operations. Figure 2.2(a) shows a memory block that includes a crossbar of ReRAM

cells and peripheral circuits for driving bit-lines and word-lines. By applying a specific voltage to

the bit-lines, the value stored in a resistive cell may change. This operation can take effect on all

word-lines (rows) enabling highly parallel operations. Figure 2.2(b) shows an example of computing

NOR operation, a universal operation that can be used to implement custom functions. Figure 2.2(c)

shows a NOR-based 1-bit full adder that takes 12 NOR steps.

We can exploit this 1-bit full adder to support multi-bit operations. Figure 2.2(d) shows an

example of addition for two vectors with 4 n-bit values. The memory sequentially applies the

full addition to each bit of computation by reusing the carrier. In addition to the carriers, we also

need to reserve several bit-lines (12 in this case) to store intermediate values like (A+B)′. These

intermediate bit-lines can be shared across computations. This scheme can process an n-bit vector

addition in 12n+1 steps for all elements. When processing long vectors, this brings a significant

performance benefit because of the extremely high degree of parallelism. Other than addition, we

can also implement different custom functions including multiplication, subtraction, and division. In

addition to integer values, DPIM also supports floating points by separately computing exponent and

sign bits [3].

We should note that different memory technologies have different schemes for DPIM operations.

For example, ComputeCache [17] and NeuralCache [4] proposed to exploit the sense amplifier

in SRAM to sense shared bit-lines between two activated rows. ComputeDRAM [14] utilized

specialized sequences of DRAM commands (e.g., row activation and pre-charge) to implement

DPIM operations in commodity DRAM chips by only slightly modifying the memory controller.

The high-level computing scheme of different DPIM technologies is still row-parallel bit-serial
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Figure 2.3: DPIM DNN accelerators and data layout.

operation so that we can design several general strategies, including the data layout, for most DPIM

accelerators. We refer readers to previous works for more details on the circuit-level design and

implementation for different DPIM technologies [3, 4, 13, 14, 17].

2.2.2 DPIM-based DNN Accelerators

DPIM architecture can emulate a large group of SIMD processing units, which is promising to

accelerate DNN applications. We can categorize DPIM DNN accelerators into two groups, dynamic

and static, based on the acceleration mode as shown in Figure 2.3(a). On the one hand, dynamic

DPIM DNN accelerators allocate all memory resources to process one DNN layer at a time. The

weights and inputs of the layer need to be loaded to the memory before computation. After the

layer is done with computation, its results are reorganized in the memory to compute the next layer.

Even though the dynamic accelerator fully utilizes memory resource for computations, it has a

couple of drawbacks. First, weight loading for each layer would consume significant amount of

time and energy due to data loading from external memory [4]. Second, processing one layer at a
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time cannot support pipelined execution between different layers for more throughput. On the other

hand, the static acceleration mode stores weights for the whole DNN model statically and has been

widely adopted in many types of PIM DNN accelerations, like analog PIM (e.g., Pipelayer [19],

ISAAC [42], Prime [26], etc.) and near data processing (e.g., Tetris [53]). In the static acceleration,

a portion of the memory handles computations for a specific layer, and sends results to another

portion of the memory handling the next layer. Even though static accelerators require more memory,

it avoids weight loading during the runtime and can pipeline the execution of different layers to

improve the throughput. Since dynamic acceleration can be represented as a special case of static

acceleration, this work focus on the static DPIM acceleration and provide results to both dynamic

and static acceleration in Section 2.6.

State-of-the-art DPIM DNN accelerators, both dynamic and static, use the fully output-parallel

mapping for all DNN workloads. Figure 2.3(c) shows an example of 1D convolution with a 1*9 filter

using the fully output-parallel layout used by NeuralCache [4], which allocates the computation for

each output element in a memory row, exploiting row-parallel operations to process all outputs in

parallel. However, such output-parallel mapping introduces data duplication that may significantly

increase the memory usage. In dynamic accelerators, large memory usage may require the system

loads data several times for a layer since that cannot fit all data. This introduces large overheads

due to data loading and computing sub-parts sequentially. For static accelerators, this data layout

may significantly increase the memory requirement for DNN workloads. To reduce the memory

usage, Figure 2.3(d) shows one method that combines each two computations, sharing an operand,

to one memory row. This method reduces the memory usage by almost 2× at the cost of 2× more

row-parallel operations. There are other design dimensions that we can fine-tune the data layout to

achieve better performance by comprehensive exploration.

Recent DNN mapping frameworks, such as Timeloop [1] and Interstellar [2], explore a relatively

limited design space of DNN application mapping, with focus on a basic nested loops and primitives

such as loop splitting and loop reordering. We refer to them as conventional frameworks. Even

though the DPIM architecture is similar to single-level distributed processors (e.g., memory rows),
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# === DPIM Mapping for 1D-Conv ===
# First-level mapping
for f1 = [0, F1):

for o1 = [0, O1):
# Second-level mapping
for f0 = [0, F0):

for o0 = [0, O0):
o = o1*O0 + o0
f = f1 * F0 + f0
Output[o] += Filter[f] * Input[f+o]

Non-uniform Communication

(a) DPIM accelerator model. 

Computing Rows

# Nested loops for an 1D convolution layer
for oh = [0, OH):
for ow = [0, OW):
for ic = [0, IC):
for ih = [0, IH):
for iw = [0, IW):
for fh = [0, FH):
for fw = [0, FW):
Output[] += Filter[f] * Input[f+o]

…

# Mapping for channels
for m = [0, M):

for n = [0, N):
# Mapping for operations
for f = [0, F):

for o = [0, O):
Output[m][o] += Filter[m][n][f]

* Input[n][o+f]

(b) An example 1D-Conv layer for mapping. 

Figure 2.4: (a) The architectural abstraction of DPIM accelerator using conventional DNN acceler-
ator model [1, 2]. (b) An example of 1D convolution layer.

the conventional frameworks cannot fully explore the design of data layout in DPIM architectures

for three reasons. First, the DPIM architecture has a single type of component that acts as both a

compute and a storage unit. However, the conventional framework does not consider the data layout

for different computation mappings. Second, the conventional framework only explores the design

space of a single layer, which cannot support static DPIM accelerators. DPIM accelerators require

a holistic framework that consider the global constrains of the architecture when mapping all the

layers. Third, the locations of the memory partitions allocated to different layers also have an impact

on the overall system performance because of the inter-layer data movements. For example, we may

need to move the output of the preceding layer to the input of the succeeding layer. Most accelerators

have a non-uniform communication network for all processing units (e.g., memory blocks or rows in

DPIM architectures), so the overhead of data movement varies as a function of the allocation scheme.

In this work, we propose a novel mapping framework for DNN data layout on DPIM architecture

(Section 4.2), and an efficient data layout optimization that finds a good data layout in the large

design space (Section 2.4).

2.3 PIM-DL Data Layout Framework

We formulate the data layout of a DNN model with n layers in DPIM architectures using two

sets: global layout strategy L = {li, i ∈ {1...n}}, and memory allocation M = {mi, i ∈ {1...n}}.
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Specifically, li is the data layout strategy for layer i. In Section 4.2, we introduce a way to use the

conventional DNN mapping framework to represent the layer layout in DPIM. Furthermore, mi is a

set of memory resources allocated for layer i using the layout li. As compared to the conventional

framework, the data layout of DNN model in DPIM architecture has a significantly larger design

space. Assuming the size of design space of conventional framework is S, the design space of L

has a size of Sn. For each global layout strategy L, the number of possible memory allocations is

Nm(Nm−1)...(Nm− k+1), where Nm is the number of memory resources in the DPIM architecture

and k is the number of memory resources required for L. In this work, we use the memory block as

the granularity of memory resource allocation.

Our mapping framework for DNN applications enables optimization across the full design

space of DNN data layout on DPIM architectures. This section illustrates all design dimensions

of the framework which impact different aspects of DPIM DNN acceleration including computing

parallelism, memory utilization, and data transfer pattern. We investigate data layouts and corre-

sponding cost models of different DNN mappings through the example 1D-conv layer as shown in

Figure 2.4(b). The example convolution has N input channels and M output channels. The filter

size is F and the convolution generate O outputs for each output channel. We select convolution as

the main example because it is the most complex and time-consuming in a wide range of emerging

DNNs. We should note that our analysis is applicable to other layers like fully-connected layer,

which can also be represented as a nested loop.

2.3.1 Operation Layout

We first investigate the detailed data layout of mapping a single 1D convolution. Figure 2.5

shows layouts and cost models of 4 basic mappings. We use parallel f or, used in Timeloop [1],

to indicate a spatial parallel for a loop in the mapping. As mentioned before, the basic hardware

components for resource allocation is memory rows, so that a parallel f or places all operands for

each item in a row and aligns computations for all items in the same bit-lines. In this case, DPIM can

process all these items in parallel using row-parallel bit-serial operations. In addition, a normal f or
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Figure 2.5: Data layouts of different 1D-Conv mappings.

# === DPIM Mapping for 1D-Conv ===
# First-level mapping
parallel_for f1 = [0, F1):
parallel_for o1 = [0, O1):
# Second-level mapping
parallel_for o0 = [0, O0):
for f0 = [0, F0):

o = o1*O0 + o0
f = f1 * F0 + f0
Output[o] += Filter[f] * Input[f+o]

Filter[0] Input[0] Filter[1] Input[1] Output[0]
Filter[0] Input[1] Filter[1] Input[2] Output[1]

Filter[0] Input[2] Filter[1] Input[3] Output[2]
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Figure 2.6: Loop tiling with an additional level.
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places computations for items in a row, requiring sequential execution. The most parallel mapping is

Mapping 1 (Figure 2.5) which parallelizes all computations. However, such straightforward layout

requires data duplication to maximize the parallelism. Furthermore, Mapping-1 needs to re-align

partial sums to generate final outputs, requiring extra data movements.

One way to reduce the data size is to combine rows with shared elements by folding the loop. For

example, Mapping-2 folds computations of 2 outputs in one row for each filter replica, saving memory

space for 2 elements. However, such mappings introduce extra vector MACs. We can also avoid

data movements by changing the order of the loop as shown in Mapping-3 and Mapping-4. We can

further enlarge the design space by add another level of loop in the operation, as shown in Figure 2.6.

The example shows we can control the number of parallel computation outputs by adopting different

parallel schemes in two levels. According to the data size and architecture configurations, the

most efficient mapping might be different. Furthermore, the memory requirement (including the

dimension of bit-lines and word-lines) is also important since it influences the constraints for other

design dimensions.

2.3.2 Layer Layout

Emerging DNNs usually apply operations on multi-channel data to capture comprehensive fea-

tures. The result of each output channel is a function of different input channels with corresponding

filters. Such channel-level parallelism provides another dimension of the design space for data layout.

In the conventional mapping framework, we can explore the layer layout by changing the order of

loop. Figure 2.7 shows two example mappings of layer layout to illustrate the cost models in the

layer-level.

Output-parallel Data Layout

We can parallelize a convolution layer along the dimension of output channel because com-

putations of output channels are independent. Figure 2.7(a) shows an output-parallel mapping

which schedules a parallel f or for the output channel in the outer loop. This example mapping
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# Spatially parallelize output channels
parallel_for m = [0, M):

# Spatially replicate input channels
parallel_for n = [0, N):
# Mapping for operation layout
parallel_for o = [0, O):

parallel_for f = [0, F):
Output[m][o] += Filter[n][m]

* Input[n][o+f]

Figure 2.7: Two channel-parallel data layout schemes for convolutions of two input/output chan-
nels.

further apply parallel f or for all inner loops to fully parallelize convolutions for all output elements.

Because of such spatial parallelism, we need extra data movements to reduce partial sums to generate

final outputs. For example, we align Input1[1,2,4,5] and Input2[1,2,4,5] in the first two memory

rows in Figure 2.7(a), and compute partial results of O1[1] by convolution with Filter1,1 and Filter2,1

respectively. We should reorganize partial results of each output element in the memory to compute

the output element by additions. We can take log2N steps to complete such reduction, by moving

and adding half of partial sums at each step. Reduction in each memory block can happen in parallel

because a typical memory block (e.g., 1K rows) can fit all convolution data for an output element

which requires N rows where N is less than 1024 for most current CNNs.

Such output-parallel layout achieves high parallelism while it may require too many memory

blocks to fit N ∗M ∗O rows. To solve such issues, we can adopt more sequential operations for the

operation layout to reduce the number of rows by combining multiple convolutions in the same row.

In this case, we can change the inner-loops for operation layout to fold computations inside each
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channel. Furthermore, we can break the channel-level loops into more levels and fold computations

across channels. Such computation folding comes at the cost of using more bit-lines and sacrificing

parallelism.

Input-parallel Data Layout

Another way to parallelize a convolution layer is to schedule computations of different input

channels in parallel. DPIM architecture can implement this strategy by aligning the computations in

different input channels for a specific output element, as shown in Figure 2.7(b). In the input-parallel

layout, computations of each input channel generate partial results that need to be summed up with

partial results in other input channels to calculate the output results. Since partial results for a

specific output channel distribute vertically, we cannot accumulate them directly by PIM operations,

requiring data movements to realign them (right part of Figure 2.7(b)).

The input-parallel layout requires less number of word-lines (rows) than the output-parallel

layout - N ∗O as compared to N ∗M ∗O. However, it requires a large number of bit-lines, which is

equal to M ∗F ∗b, to fit all M filters for an input channel to compute partial results in b-bit precision.

For example, in a common 3*3 convolution with 8-bit fixed point values, each filter requires 72

bit-lines in the memory; this means a memory block with 1024 bit-lines can only fit 13 filters. If

the number of output channels is larger than 13, we have to distribute all filters for an input channel

across multiple blocks, causing extra inter-block data movements during the sequential execution. A

trade-off we can adopt to improve the parallelism is storing a copy of input in each block so that all

blocks can process convolutions and reductions in parallel. Similar to output-parallel layout, we can

fine-tune the input parallel layout by changing the loop structure.

Other Design Dimensions

The basic difference between output-parallel and input-parallel layout is the order of loops for

input and output channels. As introduced before, we can break these two loops into more loop

levels to change the data layout in DPIM. Two examples shown in Figure 2.7 assume loops of
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(b) Global layout for 4 layers with different layer layout strategies.

(a) Resource allocation for 1 layer with memory_set.

Figure 2.8: Memory allocation and global layout.

operation mapping always in the inner loops. With the conventional framework, it is possible to

explore more mappings by shuffling the order of these four loops which can change the order of

partial sums aligned in the memory. However, the cost model of layout layer depends on the relative

order between input-channel and output-channel loops which determines the layout for partial sums.

Therefore, we can customize any layer layout based on the two basic mappings introduced in this

section.

2.3.3 Memory Allocation

After determining the detailed layout for one layer, the next step is to allocate memory resource

(e.g., memory blocks) for the layer. Considering the DPIM system usually contains a large number
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of memory blocks, the memory allocation for a layer also adds a dimension in the design space

which indicates the memory blocks we want to allocate for a layer with a given layout. Therefore, we

add an alloc configuration in the DPIM mapping framework which gets in an ordered set of memory

blocks (memory set), as shown in Figure 2.8(a). With the detailed layer layout, we evenly divide all

parallel computations to the ordered memory blocks. The figure shows an example of allocating

three blocks in the order of (3,1,2) to a layer using output-parallel layout. Based on the mapping

shown in the left side of Figure 2.8(a), the layout parallelizes computations of all output channels,

where each output channel parallelizes computations using all input channels as shown in the right

side of Figure 2.8(a). Inside each output-input computation, the detailed operation layout is defined

by the two inner loops in the mapping. Then, the memory allocation for set (3,1,2) evenly divides

these computations into three segments, and allocate the first, the second, and the third segment to

block 3, 1, 2 respectively.

In static DPIM DNN accelerators, we need to distribute layers across the global memory,

introducing the problem of global layout. The global layout can be represented by allocating

different sets of memory to all layers. The number of required blocks for each layout depends

on its layout strategy (including both operation and layer layout). The global layout introduces

various data movements. The first type of data movement is intra-layer, which happens during the

layer computation. Both channel-parallel data layouts would cause intra-layer data movements

when accumulating partial results. As analyzed in Section 2.3.2, output-parallel layout accumulates

partial sums in the same memory block since it aligns all input data for a specific output element

in consecutive rows; and input-parallel layout reserves a specific set of blocks to reduce all partial

results distributed across different blocks. As shown in Figure 2.8, intra-layer movements of output-

parallel layers (L1 and L4) happen inside each block, while those of input-parallel layers (L2 and

L3) use the inter-block interconnect. Other than intra-layer data movements, data dependency also

happens between different layers. Such dependency results in inter-layer data movements which

may use inter-block interconnect or inter-tile interconnect.

To ensure the generality of memory allocation, we can define any memory set with blocks that
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Algorithm 1 Tile-level optimization
Layers[N] Layout[N][N] FnFunctionend optimizeLayerGroup(group: layer[n], nBlk: int) f [: N][:
N] = in f ; f [0, : N] = 0 decision[: N, : N] = null

for i← 1 n do layout t for group[i] rb = MemoryCost(i, t)

for j← req blk nBlk do
if f [i][ j] > f [i− 1][ j− rb] +Per fCost(i, t) then f [i][ j] = f [i− 1][ j− rb] +Per fCost(i, t)

decision[i][ j] = t /*Generate the optimized layout for each layer group based on decision*/

have not been allocated for other layers. However, allocating memory blocks that have long distance

with each other (e.g., in different memory tiles) to a layer may introduce large data movement

overhead if the layer layout requires inter-block data transfer for some operations (e.g., reduction).

Furthermore, allocating long distance memory blocks to layers with data-dependency will also cause

large data movement overhead. Since different data movement patterns take various latency (e.g.,

inter-tile movements are usually slower than inter-block movements), it is important to carefully

design the global layout based on both the DNN structure and the architecture configuration. In

Section 2.4, we propose a holistic data layout optimization for general DPIM DNN acceleration.

2.4 PIM-DL Optimization

The PIM-DL framework shows DPIM DNN acceleration has a large design space which is usually

too large to be exhaustively searched for an optimal data layout. In this section, we introduce an

optimization algorithm which holistically optimizes data layout for general DPIM DNN acceleration.

PIM-DL optimization includes three steps, tile-level optimization, global optimization, and block

allocation, to efficiently find an efficient data layout.

2.4.1 Tile-level Optimization

The goal of the tile-level optimization is to find the optimized data layout for allocating a

layer group in a tile, where a layer group denotes a group of DNN layers allocated to the same

tile. However, the number of possible combinations of DNN layers is too large to be efficiently
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explored. Therefore, we limit the exploration of single-tile data layout to consecutive DNN layers

in the network based on the fact that the bandwidth of intra-tile data bus is much higher than the

inter-tile interconnect, making it more efficient to process consecutive layers in a tile. The tile-level

optimization searches for the best layout strategy for each set of consecutive layers that fit them in

the same tile.

Algorithm 1 outlines the steps of optimizing a layer group with consecutive DNN layers, which is

based on dynamic programming [54]. Each state f [i][ j] stores the minimum cost of allocating the first

i DNN layers using j memory blocks. To calculate each f [i][ j], the algorithm considers all possible

data layout strategies for each layer by exploring the PIM-DL data layout framework introduced

in Section 4.2. For each layout strategy t, we can calculate the number of required memory blocks

(rb). We can estimate the cost for adopting layout t for layer i by adding f [i− 1][ j− rb] and the

estimated performance cost of the layout, which includes data loading, computation, intra-layer data

movement, and inter-layer data movement.

The data loading cost and the computation cost can be accurately calculated for each layer with

a specific layout. These costs mainly change as a function of data dimensions of the DNN layer.

For the intra-layer data movement, we cannot directly calculate it because we do not know which

memory blocks we allocate to each layer at this point. We approximate this cost by assuming the

system has a uniform data bus (e.g., shared bus or fully-connected interconnect) inside each tile so

that the intra-layer data movement cost is a function as the size of moved data. In Section 2.4.3,

we introduce a way to reduce the estimation error for intra-layer data movement cost by a block

allocation method which uses a genetic algorithm to find an efficient block allocation for a specific

layer which has a similar intra-layer data movement cost as our ideal assumption. The inter-layer

data movement cost is calculated based on the average bandwidth of inter-block network if the input

data comes from a layer in the same layer group; otherwise, it is calculated based on the average

bandwidth of inter-tile network. Our cost estimation is based on hardware simulation, which is

introduced in Section 2.5.

The dynamic programming algorithm runs with all layer groups of consecutive DNN layers
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Algorithm 2 Global optimization
Layout[N][N], tiles[nT ] TileLayout[nT ] f [0 : nT ][0 : N] = in f ; f [0][0] = 0 decision[0 : nT ][0 : N] =
null

for t← 1 nT do
for i← 1 N do

for j← 0 i−1 do
if f [t][i]> f [t−1][ j]+Cost(Layout[ j+1][i]) then f [t][i] = f [t−1][ j]+Cost(Layout[ j+

1][i]) decision[t][i] = j /*Generate tile allocation for all layers based on decision*/

(N(N +1)/2 in total) and generates the optimized layout strategy for each possible layer group. The

exploration results are used by the global optimization algorithm which finds the best allocation for

the whole network in the multi-tile architecture.

2.4.2 Global Optimization

The tile-level optimization finds the optimized layout for a specific layer group in a single tile,

which can give the optimal layout if the whole DNN can fit in a tile. However, current DNNs

for real-world applications are usually large and deep, which may require multiple tiles in static

DPIM accelerators. Therefore, we propose a cost-aware algorithm for dividing a large DNN into

multiple tiles while minimizing the overall cost considering inter-tile data movements. Algorithm 2

shows the process of global optimization which is also based on dynamic programming. Each state

f [t][i] denotes the minimum cost of allocating layer 0− i in t tiles. The algorithm calculates the

minimum cost from a single tile to nT tiles. For each tile t, the algorithm iterates over all layers in

a topologically sorted order to calculate f [t][i]. For each f [t][i], the algorithm checks all possible

continuous layer group j− i and updates f [t][i] if f [t−1][ j−1]+ cost( j, i) is less than f [t][i]. The

cost( j, i) is the minimized cost of allocating layer j to i in a tile, which has been calculated in the

tile-level optimization phase. We record layout decisions during the execution, and generate the best

layout we found by backtracking from f [nT ][N].
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Figure 2.9: Block allocations in a mesh interconnect.

2.4.3 Block Allocation

After global layout optimization, we generate data layout strategy and tile allocation for all

DNN layers. However, the previous two steps do not consider locations of blocks allocated to each

layer (memory set). For an architecture with a uniform-latency data transfer network in each tile

(e.g., shared bus), the block allocation would not impact the overall performance since all inter-block

data transfers have the same latency. However, DNN accelerators usually have customized data links

with non-uniform latency. For example, FloatPIM [3] adopts a latch-based linear data link which

can efficiently handle data movements between consecutive DNN layers. In architectures that use

non-uniform data links, different block allocations may exhibit very different performance results.

Figure 2.9 shows two block allocation schemes for two connected layers, each of which requires

4 blocks based on the layout. We assume a simple mesh network for inter-block connection. The

figure shows the data transfer from A1 to A4 can be directly handled in the mesh interconnect for
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Figure 2.10: The genetic algorithm for block allocation.

the first allocation, while requiring 3 hops in the second one.

For a given interconnect structure, the only way to find the optimal block allocation for a layer

group is exhaustive search which is not computational tractable since a tile usually contains hundreds

of memory blocks. In order to generate efficient block allocation for general DPIM architectures, we

use a heuristic search based on genetic algorithm [55], as shown in Figure 2.10. Specifically, we

first encode all blocks allocated to each layer and use a vector as the genetic representation. If a

tile is not fully used, we also encode empty blocks (e.g., E1 in Figure 2.10) to keep the length of

vector the same as the number of blocks in a tile. During the initialization (Figure 2.10(a)), we first

generate allocations that group blocks for each layer together and shuffle the order between different

layers. For each generation, we define the fitness as the execution time based on hardware simulation

(Figure 2.10(b)). Specifically, our simulator estimates the execution time by taking in the block

allocation, the layout strategy, and the hardware configuration. For each generation, the mutation

operation randomly swaps two blocks in the same layer and the crossover operation swaps the same

position in two allocations (Figure 2.10(c)). We run the genetic algorithm for 3000 generations to

find the near-optimal block allocation within reasonable time.
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Table 2.1: Hardware Parameters for ReRAM Device.
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2.5 Methodology

Compiler Implementation. We implement PIM-DL in Glow, an open-source machine learning

compiler for heterogeneous architectures [56]. We instrument the graph lowering engine of Glow

for the data layout optimization. We add a new back-end of DPIM in Glow, which generates DPIM

operation trace based on the optimized data layout. We then use an in-house cycle-accurate simulator

for evaluation.

DPIM Simulation. Our simulation adopts a two-step method which has been widely used in

several previous works on emerging architectures [19, 42, 57]. We first model timing and energy

parameters for operations on different hardware components using validated circuit-level simulators;

and then use these numbers in the simulator to estimate the performance of different architecture

configurations. We investigate three widely used memory technologies for DPIM acceleration

including ReRAM [3], DRAM [13], and SRAM [4, 17].

The basic ReRAM technology used in this work is the Voltage ThrEshold Adaptive Memristor

(VTEAM) model [58] with ION/IOFF ratio of 103. The detailed parameters, including both energy

and timing, of the VTEAM model is listed in Table 2.1. We use HSPICE design tool for circuit level

simulations to provide timing and energy results for ReRAM operations. The DRAM specification

used in this work is extracted from a published datasheet from the industry [59]. We model all

CMOS components (including buffers and interconnects) in Cacti [60] at 32nm technology. The

interconnect is modeled by Orion 3.0 [61] in 45nm technology, and we scale the results to 32nm

technology.

Hardware Configurations. Our experiments cover a wide range of hardware configurations,
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Table 2.2: Architectural parameters.

Memory Block

Organization #bit-lines (columns) 1024
#word-lines (rows) 1024

Tile

Block array #blocks 256
Dimension 16*16 by default

DPIM System

Organization #tiles 32
Dimension 1*32 linked by chain

Serial links
(Inter-tile)

Bandwidth 160GB/s
Latency 8-cycle

Table 2.3: Tested DNN models.

Network Depth Width #MACs #Para.
AlexNet [33] 7 1 7.27G 60.97M
DenseNet [36] 120 1 4.87G 25.56M
GoogleNet [35] 21 4 16.04G 7M
InceptionV2 [63] 33 4 12.27G 72.56M
MobileNet [64] 53 1 573.78M 4.23M
ResNet50 [34] 49 2 3.87G 46.72M
Vgg19 [65] 18 1 196.32G 314.12M
SqueezeNet [66] 17 2 861.34M 12.58M

which will be detailed in corresponding sections. However, the high-level organization of tile-based

architecture is shown in Table 2.2, which has 32 tiles, and each tile has 256 memory blocks. Each

memory block contains 1024 bit-lines and 1024 word-lines, providing a total size of 8Gb. We

investigate three different memory technologies in the baseline architecture model, and show the

cross-technology results in Section 2.6.3. We model the on-chip NoC (inter-block interconnect) with

128-bit channels and assume 3 cycles for router and 1 cycle for wire as the zero-load delay [53].

We simulate different structures for inter-block NoC and show the performance comparison in

Section 2.6.1. The inter-tile network is modeled as SerDes link used by HMC with an average

160GB/s bandwidth [62].

DNN Workloads. We use 8 popular DNN models in our experiments, as shown in Table 2.3,
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Figure 2.11: Interconnect structures used in our experiments.

including AlexNet [33], DenseNet [36], GoogleNet [35], InceptionV2 [63], MobileNet [64],

ResNet50 [34], Vgg19 [65], and SqueezeNet [66]. We test all models on the inference task for

ImageNet dataset [67].

2.6 Experiments

2.6.1 Data Layout Optimization

To verify the efficiency of PIM-DL, we compare it to several heuristic-based methods which

adopt a fixed strategy for all DNN layers. Furthermore, we conduct such experiment on various

architecture configurations to justify the generality of PIM-DL.

Software and Hardware Baselines

All baseline layout strategies are fully parallel for either input-level or output-level. Such

strategies are commonly used in previous DPIM DNN accelerators including FloatPIM [3], Drisa [13],

NeuralCache [4]. We denote input-parallel and output-parallel schemes as In and Out in all figures.

For each channel parallel method, we show results of three fine-tuned mappings by selecting different

degrees of parallelism, denoted as Max, Mid, and Min. We adopt a sequential block allocation for all

baselines, where blocks allocated to each layer are placed sequentially in the memory.
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All baseline architectures are ReRAM-based static accelerators with different interconnect

networks as shown in Figure 2.11. We test 1 uniform interconnect, Bus, indicating a global bus

shared by all blocks in a tile. Each 8 blocks in a tile share a channel, giving a 512 GB/s total

bandwidth which is similar to a HMC chip with 32 vaults [62].

We also test 2 non-uniform interconnects: Mesh and Broadcast as shown in Figure 2.11.

Specifically, Mesh is a widely used interconnect in domain-specific accelerators [68,69]. Broadcast

is a modified version of interconnect used in FloatPIM [3]. The original interconnect organizes all

blocks in a chain to fit the sequential data transfer pattern of DNN workloads. However, FloatPIM

assumes each block can process one layer which is different from the generic DPIM acceleration as

analyzed in Section 4.2. In our experiments, a DNN layer usually requires multiple blocks, leading

to a broadcast data transfer pattern. The Broadcast network organizes blocks in different column

and support single-direction 1-to-N data transfer between two columns. We group 16 blocks in a

column so that each tile has 16 block columns.

For the inter-tile interconnect, all baselines assume a Mesh-like network in these experiments

because our experiments show that most widely used inter-tile connection networks, including Mesh,

Chain, and Bus, give similar results because data transfer pattern between tiles is simple.

Comparison on Uniform Interconnect

To evaluate the efficiency of different parts in our optimization, we show the performance and

memory usage on Bus (Figure 2.12) to exclude the effect of block allocation optimization. As shown

in the results, the average speedups provided by the data layout optimization is 18.8% as compared

to the output-parallel layout used in state-of-the-arts (Out-Max). Across different tested DNNs,

the data layout found by our optimization framework can improve the performance by 41.0% and

13.6% as compared to the worst and the best heuristic-based methods on average, respectively. The

results show that a single heuristic-based data layout cannot provide the optimal performance for all

scenarios. Furthermore, the optimization decreases 30.5% memory usage of Out-Max. The results

show that PIM-DL can always provide the best performance, while heuristics without adaptive layout
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Figure 2.13: The performance of Out-Max layout and the optimized layout across interconnect
structures.

strategies lead to sub-optimal performance and memory utilization.

Comparison on Non-Uniform Structures

We then compare the data layout optimization with heuristic-based methods on different inter-

connect structures. Figure 2.13 shows the performance results of Out-Max and the optimized layout
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found by our framework on three interconnect structures. All results are normalized to Bus Out-Max.

We first investigate the performance improvement provided by data layout optimization on

non-uniform interconnects. As compared to the fully output-parallel layout, data layout optimization

can provide 1.20× and 1.94× speedup on Mesh and Broadcast respectively. Such results indicate

that PIM-DL can improve the performance of DPIM DNN acceleration across a wide range of

architectures. Furthermore, PIM-DL provides more speedup on customized architectures.

Such experiment results also show a significant benefit provided by interconnect customization.

With the data layout optimization, Broadcast is 1.61× faster than Mesh. Furthermore, Broadcast

interconnect requires 81.1% less area as compared to Mesh interconnect. Such improvements on area

efficiency come from significantly less routers, even though each router takes larger area because of

large multiplexer.

2.6.2 Applicability to other DPIM Accelerators

We apply PIM-DL to previous DPIM accelerators by modeling costs of different operations

based on the specific architecture design. We first utilize PIM-DL on FloatPIM [3] as an example.

Figure2.14(a) shows the percentage of layers using different data layout schemes decided by the

optimization. The result shows that over 95% of layers can improve the performance by using

fine-tuned strategies. We should note that only 1% layers keep using the original scheme of

FloatPIM (fully output-parallel). Figure 2.14(b) shows the normalized time breakdown of the

original FloatPIM and our optimization. The result shows that the optimization can significantly

reduce the data movement overhead, leading to a 2.5× speedup over the original FloatPIM.

Even though PIM-DL is mainly designed for DPIM DNN accelerators using static computing

model, we can still achieve performance improvement by data layout optimization in dynamic DPIM

accelerators like NeuralCache [4]. Since the dynamic DNN acceleration exploits the whole memory

for each layer, we can still explore different mappings to find the most efficient layout for each layer.

Figure 2.15 shows the performance and energy efficiency improvements provided by our exploration,

which are 2.6× and 1.5× respectively.
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Figure 2.15: Performance and energy improvements on NeuralCache [4].

Figure 2.16 shows detailed layout strategies for all layers in InceptionV2 determined by our

optimization. Similar to previous experiments, In and Out indicate input-parallel and output-parallel

layouts respectively. The number from 1 to 5 denotes different fine-tuned layouts based on input-

parallel and output-parallel. For example, OUT-1 is the fully output-parallel layout which is used by

NeuralCache [4] for all layers. The result shows none of layers adopts the original strategy. These
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results indicate that PIM-DL is applicable to dynamic DPIM DNN inference.

2.6.3 Data Layout Aware HW/SW Co-Design

Experiments in Section 2.6.1 indicate the software-hardware co-design with optimized data

layouts is promising to improve the performance of state-of-the-arts. In this section, we utilize the

Broadcast interconnect to build customized accelerators based on three widely used DPIM memory

technologies: ReRAM, DRAM, and SRAM. We adopt PIM-DL in these customized accelerators

and compare the performance with several state-of-the-art accelerators as shown in Table 2.4. For

fair comparisons, we use the same memory size for each proposed architecture (SysR, SysD, SysS)

as the state-of-the-art using the same memory technology. For static accelerators that cannot fit

all layers in the memory (e.g., SysD and SysR), we use a hybrid static/dynamic acceleration and

PIM-DL supports this hybrid mode by removing the cross-tile cost in the global optimization. All

results are divided by the area of the corresponding systems because of the diversity in system size.

All systems run DNN inference workloads with 8-bit fixed-point values. Figure 2.17 shows the

average results across tested DNNs and all values are normalized to SysR.

As compared to the previous accelerator using the same memory technology, each of our

customized architectures can provide improvements in both performance and energy efficiency.
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Table 2.4: DPIM systems for comparison.

Systems Technology Mode Interconnect Configuration Area (mm2)
SysR ReRAM Static Broadcast 32 tiles - 8Gb/tile 40.9
SysD DRAM Dynamic Broadcast 8Gb 31.0
SysS SRAM Dynamic Broadcast 35MB 210.3
FloatPIM [3] ReRAM Static Chain 32 tiles - 8Gb/tile 30.6
Drisa [13] DRAM Dynamic Bus 8Gb 28.5
NeuralCache [4] SRAM Dynamic Bus 35MB 189.8
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Figure 2.17: Performance and energy results of different systems (averaging across all DNNs). All
results are normalized to FP and higher values are better.

Specifically, SysR is 3.7× faster and 2.0× more energy-efficient than FloatPIM [3]; SysD is 2.7×

faster and 4.3× more energy-efficient than Drisa [13]; SysS is 2.0× faster and 2.8× more energy-

efficient than NeuralCache [4]. These results show that the combination of data layout optimization

and interconnect customization can significantly improve both performance and energy-efficiency

for different technologies and acceleration modes.

We further compare the results across different memory technologies used in our customized

architectures. The normalized performance/area improvements of SysR, SysD and SysS are 3.7,

3.1, and 5.14 respectively; the normalized improvements of energy-efficiency of SysR, SysD and

SysS are 2.0, 0.4, and 0.6 respectively. Based on such results, the DRAM-based system (SysD) has

the worst performance and energy efficiency because of the low density and the large overhead of

PIM-enabled circuit [13]. SysS provides the best performance result, which is 1.4× faster than SysR,
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but it consumes 3.3× more energy/area. Such results indicate Non-volatile memories, like ReRAM,

would be more efficient than conventional memory DRAM and SRAM technologies because of

its high density and energy efficiency. However, we should note that NVM-based accelerators can

only support static acceleration mode because it would be too expensive to frequently load weights

through time-and-power-consuming write operations.

2.7 Related Work

Memory-centric DNN Accelerators. There are mainly three categories of memory-centric

technologies - near-data computing (NDC) [53, 70], APIM [19, 26, 42, 71], and DPIM [3, 4, 13],

which have been extensively explored to accelerate DNN applications. For example, Tetris [53]

proposes a scheduling and partition algorithm for a NDC-based DNN accelerator to efficiently

map the row-stationary DNN dataflow [57] in 3D stacked memory [62] with maximum data reuse.

PUMA [72] is a data-flow accelerator which allocates MVM operations in DNNs on a spatial APIM

architecture based on compiler optimizations. The approach proposed by Ji et al. [73] maps NN

applications into APIM NN chips. However, the architectures targeted in these work are similar to

conventional hierarchical spatial accelerators. As illustrated in Section 4.2, the data layout problem

in DPIM cannot be fully represented by such mapping convention.

Data-traffic Optimization for DNN. Because of the large data and model size in modern DNNs,

the data traffic has become one of the major bottlenecks in various systems [74–78]. HyPar [74]

proposes a hierarchical dynamic programming method to determine layer-wise parallelism for deep

neural network training with an array of DNN accelerators. The cost models of HyPar are based

on partitions of different tensors, which are mapped to the accelerator array. AccPar [79] further

supports mapping on heterogeneous accelerators. Tofu [75] automatically partitions DNN models

across multiple GPU devices to reduce per-GPU memory footprint as well as the total communication

cost. MEDNN [78] optimizes the distribution of DNNs on multiple mobile devices. All these works

focus on operation-level partitioning across multiple general-purpose processing units, without
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further considering data layout. They are orthogonal to the DPIM architectures which require more

sophisticated data layout strategies.

2.8 Conclusion

Chapter 2 comprehensively investigates the data layout issues in DPIM DNN acceleration by

formulating the conventional DNN mapping as the data layout problem in PIM with detailed cost

models. Our efficient optimization algorithm generates good DPIM data layout for general DNN

workloads. We conduct several experiments to evaluate the efficiency of proposed data layout

optimization and show that PIM-DL provides 3.7× speedup and 4.3× better energy efficiency on a

wide range of DPIM DNN accelerators as compared to existing layout strategies.

While our proposed method provides a generic framework to optimize the high-level operators

(e.g., convolution, matrix multiplication, etc.) in PIM accelerators, it still does not address all the

optimization opportunities of the mapping dimension that consider multiple high-level operators

together. The next chapter, Chapter 3, evaluates PIM acceleration of Transformer-based models,

and finds that operator-level mapping suffers from several inefficiencies caused by long-latency

data movements and insufficient hardware support. Chapter 3 proposes a novel software-hardware

co-design for Transformers, including a low data movement processing flow and a lightweight

hardware modification in PIM, to tackle these challenges.

Chapter 2, in full, is a reprint of the material as it appears in International Conference on Parallel

Architectures and Compilation Techniques, 2021, Minxuan Zhou, Guoyang Chen, Mohsen Imani,

Saransh Gupta, Weifeng Zhang, and Tajana Rosing. The dissertation author was the primary author

of this paper.
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Chapter 3

PIM Acceleration for Transformer

The previous chapter discusses a data layout framework that optimizes software mapping on

PIM architectures by exploring the design space of individual operators (i.e., DNN layers) and

partially optimizing data transfer between different operators. However, when the cross-layer data

movement becomes much more significant, the effect of such an optimization method is bound by the

expensive data transfer. Previous chapter only adopts the hardware optimization for intra-memory

interconnect networks, not considering the PIM architecture itself for more efficient operations. This

chapter investigates an important and emerging application field, Transformer-based models, whose

performance is impeded by layer-based mapping as well as insufficient hardware support in PIM

architecture. To tackle these challenges, this chapter introduces a novel software-hardware co-design

method to design an efficient PIM acceleration for Transformer-based models. This section proposes

a novel method of mapping Transformer models onto PIM architecture that minimizes the data

movements overhead. Furthermore, this section introduces lightweight hardware customizations in a

conventional DRAM product that significantly improves the efficiency of various PIM operations.
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3.1 Introduction

Attention mechanism has emerged as a powerful tool to model long-term dependencies in

sequential data [80]. Attention-based models, such as Transformer [80] and its enhanced variants

[29, 81], have dramatically improved the accuracy of important machine learning tasks, like natural

language processing [82], computer vision [83, 84], and video analysis [85]. However, these benefits

come at the cost of long execution time due to the large memory footprint and low computation-to-

memory ratio. Existing CNN-oriented accelerators are designed for compute-intensive operations

(e.g., convolution), making them sub-optimal for processing Transformers [86, 87]. To accelerate

Transformer models, there have been several domain-specific accelerators, such as SpAtten [86]

and A3 [87], that offload either the key operation (i.e., self-attention) or the whole Transformer

from conventional systems (e.g., GPU). However, these ASIC-based accelerators still suffer from

constrained parallelism and limited off-chip memory bandwidth that bound the performance of

acceleration.

Memory-based acceleration, including PIM and near-memory computing (NMC), is promising

to accelerate Transformer models as it supports extensive parallelism, low data movement cost, and

scalable memory bandwidth [4,13,14,52,68,88–90]. Although there have been many memory-based

neural network accelerators [3, 4, 8, 13, 91, 92], their dataflow and hardware are mainly optimized

for compute-intensive CNNs, which may be incompatible with memory-intensive Transformers.

Specifically, the dataflows of existing memory-based accelerators [3, 4, 13] are determined in a

layer-level granularity, such that either utilize the whole memory to process one layer at a time [4,13]

or allocate mutually exclusive memory resources to different layers [3]. Such layer-based dataflows

introduce large non-compute overhead in Transformers because of the large amount of input data and

weights that need to be loaded or transferred between layers. On the hardware side, Transformer’s

complex operations (such as reduction and Softmax), which require both parallel computation and

fine-grained intra-memory data reorganization, would be the performance bottleneck for memory-

based accelerators. Our experiments (Section 3.2.3) show that the layer-based dataflows spend over
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60% of execution time on data movements when accelerating a widely-used Transformer using

an in-memory bit-serial accelerator on emerging high bandwidth memory (HBM). Furthermore,

the reductions using bit-serial row-parallel PIM operations take around 30% of execution time,

exhibiting a much lower compute throughput than other PIM arithmetic operations. The results

show both software and hardware issues can significantly limit the efficiency of memory-based

Transformer acceleration.

In this work, we propose TransPIM, a software-hardware co-design based on an emerging

commodity memory, high bandwidth memory (HBM), that utilizes memory-based acceleration

technology to accelerate Transformers. In the software, instead of allocating memory for different

layers, TransPIM adopts a token-based dataflow that assigns memory resources for computations

across different layers based on the input tokens. With the token-based dataflow, each memory

bank processes and stores the intermediate results related to a specific set of tokens. By doing so,

TransPIM can significantly reduce the amount of data loaded or transferred across layers because

the increased locality of intermediate data from different layers improves data reuse rate. TransPIM

only requires data movement for computing the cross-memory (i.e., between different sets of tokens)

information which can be handled efficiently by exploiting the large internal memory bandwidth of

HBM.

Even though the token-based dataflow significantly improves the throughput by reducing the data

movement overhead, the software-level solution cannot resolve the inefficiency of complex operations

in Transformer. Existing memory-based accelerators supports either PIM [15] or NMC [8, 12].

However, different key operations in Transformers do not share similar patterns that can be efficiently

processed by a single type of memory-based technology. Furthermore, the original data path in

HBM heavily relies on the shared bus. Therefore, the resource conflict on the shared bus for

transferring data may become the bottleneck for applications requiring high internal bandwidth.

To solve these issues, we propose an integrated set of hardware in HBM, including near-memory

auxiliary computing units (ACUs) and an optimized data communication architecture. Specifically,

the ACUs enable the memory to exploit the benefits of both PIM and NMC to efficiently accelerate

43



different operations. The optimized data communication architecture adds buffers and specialized

links in the HBM hierarchy to offload a large number of data movements from the global shared data

path, delivering significantly higher memory bandwidth utilization than the original HBM.

In summary, the contributions of this work include:

• Compared to existing accelerators [86, 87] dedicated to attention, TransPIM is the first end-to-

end memory-based accelerator that speeds up the entire Transformer inference by exploiting

the emerging memory-based acceleration.

• The proposed software-hardware co-design significantly outperforms existing platforms, in-

cluding GPU, TPU, and ASIC-based accelerators. Specifically, TransPIM is 22.1 × to 114.9

× faster than GPUs on various widely-used Transformers. As compared to ASIC-based

accelerators, TransPIM provides 2.0× higher throughput.

• We propose a token-based dataflow for general Transformer-based models to reduce unneces-

sary data loading by exploiting holistic data reuse. Our results show that the proposed dataflow

is 4.6× faster than the previous method on various memory-based accelerator architectures.

• TransPIM introduces lightweight hardware components in the conventional HBM architecture

to support efficient computing and memory operations for Transformers, without impacting the

memory density. Our experiments show that TransPIM significantly improves the performance

by 3.7× and 9.1× over PIM-only and NMC-only architectures.

3.2 Background and Motivation

This section first introduces the background for Transformer and PIM acceleration. Then, this

section analyzes the issues in existing memory-based technologies with accelerating Transformer-

based models, which motivate a new software-hardware co-design.
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Figure 3.1: Operations of encoder and decoder blocks in Transformers.

3.2.1 Transformer

Transformer has an encoder-decoder architecture [80], as shown in Figure 3.1. Both the encoder

and the decoder are constructed by stacking identical blocks. Each encoder block has three sub-layers

including a fully-connected layer (FC), a self-attention layer (SA), and a feed-forward layer (FFN).

For an input sequence with L tokens, the FC layer gets an embedding matrix of dimension L×de

and generates a query matrix Q of dimension L×dq and a key matrix K of dimension N×dk, and

a value matrix V of dimension L×dv by multiplying the embedding matrix with different weight

matrices. For simplicity, we use D to denote dk, dq and dv. Each D-dimension vector in the Q, K and

V matrices corresponds to an input token. The encoder block then feeds the Q, K, and V matrices to

the SA layer. The key operation in a SA layer is the scaled dot-product attention which computes

dependencies between input tokens as Softmax(QKT
√

D
)V , where Softmax(·) denotes the Softmax
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function. The QKT
√

D
is defined as the score matrix S. The encoder block feeds the attention output to

the FFN layer to generate the block output, which can be used as an input to the next block (either

encoder or decoder) or to a task-specific output layer (e.g., classification). Each decoder block also

has the FC layer, the SA layer, and the FFN layer to process the output of the preceding layer. Unlike

encoder blocks, the input and output of decoder blocks usually contain only one or a few tokens. In

addition, the decoder inserts another attention layer that performs attention over previous blocks.

Transformer performs many memory-intensive operations [86, 87, 93], which make it suitable for in-

and near-memory acceleration.

3.2.2 PIM Acceleration for Transformers

Memory-based computing has been widely used for various memory-intensive and compute-

intensive applications due to its extensive parallelism and ability to minimize data movements. The
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baseline memory architecture used in this work is the Samsung’s high-bandwidth memory (HBM) [8,

9] which has become the state-of-the-art memory solution for various emerging platforms [94–97].

Figure 3.2 shows the overall architecture of 4 HBM stacks. All stacks are connected to the host

CPU/GPU for cross-stack communication. Each HBM stack is a 4-high HBM chip with multiple

DRAM slices on the top of the base die, connected with many through-silicon vias (TSVs), providing

much higher bandwidth and lower access latency than the conventional DRAM.

There are two ways to process data in HBM. The first one is near-memory computing (NMC),

where compute logic is integrated either in the near-bank I/O or, more aggressively, in the near-

subarray circuits inside the memory bank. For example, Samsung recently proposed a new type of

HBM called function in-memory DRAM (FIMDRAM) [8], that integrates programmable computing

units (PCUs) in the I/O circuits of the memory banks. These non-trivial PCUs take up the chip

area for some memory banks, decreasing the memory density. The second technology is processing

in-memory (PIM) which supports computing in the DRAM banks (or subarrays) by specialized

sequences of activate and pre-charge commands [14] or modified subarray structures [13, 15]. PIM

usually requires data to be placed column-wisely and follows a bit-serial row-parallel scheme to

process the computation. PIM provides a higher level of parallelism with fewer data movements

than NMC, but can only support a limited set of operations with high latency (because of bit-serial

processing). NMC supports more general operations but the throughput is limited by the number of

NMC processing elements as well as the bandwidth of the data link.

3.2.3 Motivation of Software-hardware Co-Design

Many previous works show that both the software-level scheduling (a.k.a., dataflow) and the

hardware design play important roles in neural network acceleration [1, 2, 98]. To maximize the

parallelism, existing memory-based DNN accelerators [3, 4, 13, 15] adopt a layer-based dataflow

which allocates sufficient memory resources to parallelize computations for different output elements

in a layer. The layer-based dataflow requires a whole data loading before processing each layer. We

conduct an investigation on the efficiency of existing memory-based acceleration for Transformers.
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Figure 3.3: Challenges of PIM acceleration for Transformers.

We evaluate the latency breakdown of a text classification task using RoBERTa Transformer model

on an HBM-based PIM-only system which has 8 8GB HBM stacks. The PIM-only system processes

all computations using bit-serial row-parallel operations inside memory subarrays. Figure 3.3(a)

shows the profiling results. Figure 3.3(b) shows the size of loaded data for each layer in Transformer

when using layer-based dataflow.

Our experiments show that the data movement of the layer-based dataflow takes the majority

(around 60%) of the execution time, which is the time for loading and reorganizing data. The long

data movement time results from two aspects. First, to maximize the parallelism, the layer-based

dataflow needs data duplication in the memory for parallel computations, increasing the amount of

loaded data. Second, most parallel data layouts do not exploit the data reuse between neighboring

layers. In this case, we need to load all data for the intermediate layers (e.g., the attention layer).
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Figure 3.4: Token-based data sharding scheme and the dataflow of Transformer encoder in
TransPIM. Banks = 3.

As shown in Figure 3.3(b), the size of computation data for the attention layer grows quadratically

with the sequence length. Therefore, minimizing the amount of loaded data is critical to reducing the

overall execution time of Transformer. In this work, we exploit the fact that all operations in different

Transformer layers are related to tokens in the input sequence, making it possible to improve the

data locality by reusing token-related data during the execution.

In addition to the data loading issue, the evaluated PIM-only accelerator does not perform well for

some complex Transformer computation primitives, like reduction operations, due to the costly intra-

bank (or subarray) data movements for long vectors in Transformer (e.g., D = 512). For example,

the reduction takes 23% to 32% of time for different sequence lengths, which is significantly larger

than other arithmetic operations (4% to 10%). This is because the reduction requires data movements

to reorganize the data in the memory for accumulation, degrading the efficiency of PIM operations.

Such intra-array data movements introduce more overhead in Transformers than CNNs because the

length of vectors for reduction is much longer in Transformers (e.g., 512 for Transformer vs. 9 for

convolution with 3×3 kernels).
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3.2.4 Key Ideas of TransPIM

Our investigation shows that existing technologies introduce large overhead on Transformers,

requiring specific modifications on both software dataflow and hardware support. Therefore, this

work proposes to accelerate Transformer via a software-hardware co-design.

Dataflow: TransPIM adopts an efficient dataflow which maps Transformer computation to the

memory-based architecture using a token-based sharding mechanism. TransPIM divides the input

tokens into different shards and allocates these shards to different memory partitions. In this work,

we use memory bank as the basic memory partition for shard allocation. During acceleration, each

memory partition processes its associated token shard independently across different layers. As

compared to layer-based dataflow, the token-based dataflow avoids the memory traffic for reused

data. We also propose an efficient broadcasting algorithm to speed up data movements for dependent

data by exploiting the large internal memory bandwidth of HBM.

Hardware acceleration: In the hardware, TransPIM adds lightweight modifications to the

conventional HBM architecture, which not only accelerate various Transformer operations but

also efficiently support the proposed dataflow. Specifically, TransPIM architecture implements

multiple auxiliary computing units (ACUs) within each memory bank to perform vector reduction

and Softmax function that cannot be efficiently processed by bit-serial row-parallel PIM operations.

TransPIM exploits the benefits of both PIM and NMC to achieve high efficiency and throughput.

Furthermore, TransPIM enhances the original HBM data path with specialized data buffers and

communication links to support various data manipulations and movements for Transformers.

3.3 TransPIM Dataflow

In this section, we introduce the detailed process of TransPIM dataflow. The underlying architec-

ture is based on compute-enabled HBM as shown in Figure 3.2.
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3.3.1 Token-based Data Sharding

The key of TransPIM dataflow is token-based data sharding, which allocates HBM banks based

on input tokens. The main benefits provided by the token-based data sharding come from the

data reuse across different layers by keeping computations of tokens in the same memory location.

We can reduce the data movement cost while exploiting more memory-level parallelism because

different banks can handle computations and data movements for allocated tokens independently.

After the token sharding, each bank handles computations for its shards throughout the end-to-end

Transformer inference. The token-based data sharding is applied to the input tokens before the

fully-connected layers of the first encoder block. As introduced in Section 3.2, the input tokens

form a matrix with size L×D, where L is the number of tokens and D is the embedding vector

dimension. The input tokens are uniformly divided into “shards” along the token dimension and

allocated to different memory banks. In the case of N memory banks, L
N tokens are assigned to each

bank. Therefore, each bank receives an input matrix with size L
N ×D. Figure 3.4 shows an example

of distributing 3 tokens into 3 memory banks.

3.3.2 Encoder Blocks

During the Transformer inference, each memory bank performs the computations of FC, attention,

and FFN layers for its allocated tokens.

Fully-Connected Layer

The FC layer generates the query (Q), key (K), and value (V ) matrices from the input tokens. It

involves three matrix multiplications between the input tokens and three weight matrices (WQ, WQ,

and WQ). In TransPIM, all weights of the three FC weight matrices are loaded into each memory

bank before FC computation. And each bank multiplies the assigned L
N ×D sub-matrix Ii with

D×D weight matrices as illustrated in 1 of Figure 3.4. Then, each bank generates three L
N ×D

sub-matrices, Qi, Ki, and Vi. The Qi, Ki, and Vi matrices are retained in each memory bank and used
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for the following attention layers.

Attention Layer

The computation of attention layer in TransPIM involves three steps: (1) Intra-shard local

attention, (2) Inter-shard cross attention, and (3) Softmax.

Intra-shard local attention: The attention scores S are computed by S = Q×KT . In TransPIM,

Q and K matrices are distributed in memory banks. With the local sub-matrices, each memory

bank first computes the attention scores between local tokens, as shown in 2 of Figure 3.4). Each

memory bank computes the L
N ×

L
N partial attention scores in the diagonal of attention score matrix

using the local Qi and Ki from the FC layer. During the intra-shard local attention, each bank i can

independently compute the partial attention score matrix Si,i without communicating with other

banks.

Inter-shard cross attention: After computing all local attention scores, TransPIM computes

other attention scores by moving partial K matrices between different banks. As shown in 3 of

Figure 3.4, the inter-shard cross attention consists of multiple ring broadcast and compute steps. To

improve the bandwidth utilization, we propose a ring broadcast scheme to transfer K j data between

banks, where each K j sub-matrix is sent to all banks step by step through an abstract ring of banks

(e.g., 0→1→2 ... N→0). In each broadcast step, each bank multiplies local Qi with the received K j

from a remote bank, generating an L
N ×

L
N partial attention scores in the i-th row and j-column of the

blocked attention matrix. A total of N ring broadcast and compute steps are required to obtain the

entire attention score matrix S. Each bank preserves L
N rows of the attention score matrix, Si, with

shape L
N ×L. The performance of inter-shard cross attention heavily depends on the speed of the ring

broadcast phase. In Section 3.4.2, we provide an efficient hardware design and a scheduling scheme

to fully exploits the internal memory bandwidth of HBM for ring broadcast-based data transfer.

Softmax: The Softmax layer normalizes the exponential of attention scores related to each

token. Each bank calculates the Softmax using its local L
N rows of attention scores. There is no data

movement between banks thanks to the data locality of attention scores. For multi-head attention
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with h heads, there are h attention matrices to calculate. Therefore, the Softmax should be repeated h

times to obtain all the results. The naive Softmax requires complex exponential function, reduction,

and division. Thus, we design an efficient approach in Section 3.4.1 for calculating Softmax function

in the TransPIM hardware.

Self-attention Output and Feed-forward Network

The final step of the self-attention is to multiply the attention score matrix S after Softmax by

the V matrix. With the token-based data sharding, each bank stores the partial attention scores and

partial Vi matrix. The calculation of self-attention output (4 of Figure 3.4) is similar to inter-shard

cross attention. The partial Vi matrix is broadcasted through banks and each bank computes the

L
N ×D partial attention out Oi. Feed-forward network (FFN) consists of two consecutive FC layers.

In the last step of Figure 3.44, the attention out (input of FFN) has the same token sharding as input

FC layers (1). Therefore, each FFN-FC layer has a similar process to the input FC layers.

3.3.3 Decoder Blocks

The key difference between the decoder block and the encoder block is that each decoder block

only needs to calculate one new token and attention operations between the new token and the old

tokens. Figure 3.5 shows the processing flow for decoder layers which is slightly different from

the encoder blocks. In each decoder block, we keep using the data sharding of the preceding block,

which can be either the last encoder or the previous decoder. We allocate the last bank to process the

FC layers for the new Q, K, and V vectors. In 1 of Figure 3.5, we allocate Bank 2 to process Qnew,

Knew, and Vnew. At the end of FC layers, TransPIM sends the generated Qnew to all other banks to

compute attention scores. Besides, Knew and Vnew are concatenated to the old Ki and Vi of last bank.

At 2, each bank performs intra-shard local attention using local Qnew, Ki, and Vi. At the end of 2,

each block obtains and preserves L
N columns ( L

N +1 for the last bank) of the new score matrix. In

the output compute and summation (3), each bank uses its local Si and Vi vectors to compute partial

sum PSumi of the new attention output Onew. This scheme requires one reduction step to generate
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the correct output. In Section 3.4.2, we introduce how to efficiently process such reduction in a

modified HBM architecture. The decoder scheme supports both encoder-decoder and decoder-only

Transformers. The only difference between these two types is whether memory banks pre-store

“context” vectors which are K and V vectors from encoder blocks. For each new token, we allocate

the bank with the minimum number of tokens to balance computation.
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3.4 TransPIM Hardware Acceleration

We propose a new memory-based hardware acceleration to address the challenges of acceler-

ating Transformer models. Figure 3.6 shows the hardware customization in the standard HBM2

structure [99], which has two parts – 1) in-bank auxiliary computing units (ACUs), 2) a data commu-

nication architecture with near-bank data buffer and ring broadcast units integrated into the original

HBM data path.

3.4.1 Auxiliary Computing Unit

TransPIM adds ACUs to support operations that are not friendly for in-memory bit-serial

operations.
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ACU Design

Unlike previous near-bank processing units [8, 12] for conventional row-wise data layout, the

proposed ACU works on column-wise bit-serial data in order to support in-memory operations. As

compared to previous PIM-only work [13], which modifies the cell array structure and adds extra

shifters, the ACU offloads reduction, Softmax, and data broadcast with a more light-weight design.

As shown in Figure 3.7, each ACU is concatenated after the subarray to receive the 256-bit data

from the row buffer because it is too expensive to employ arithmetic units to simultaneously process

the data of the entire row buffer (e.g., 8Kb). Therefore, the same bit of 256 different numbers in a

row is accessed from the row buffer for each memory access to support the bit-serial data layout for

in-memory operations. A total of Padd 256-bit adder trees are implemented within each ACU to fully

exploit the internal bandwidth of memory bank and reduce the DRAM’s row activation overhead.

Each adder tree is composed of area-efficient 255 bit-serial adders [100] to support the bit-serial data

organization and reduce overhead. Besides, the bit-serial adder tree is stage-pipelined. A register

and a divisor are implemented to latch intermediate partial sums and compute the reciprocal of

row accumulation in Softmax function. Similar to [13], Psub subarrays in each bank are activated
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simultaneously to increase the computation parallelism. Thus Psub ACUs are implemented for each

memory bank.

When the vector length of point-wise vector multiplication results is less than the width of the

adder tree, the ACU reduction can be computed using a single bit-serial adder tree. For b-bit data, a

total of b row accesses are required to compute the reduction results. However, the reduced vector

length is generally larger than the width of the adder tree. In this case, ACU needs to issue b×⌈ N
256⌉

row accesses, where N is the vector length (> 256). To speed up the ACU reduction and save

energy dissipation, we implement Padd bit-serial adder trees in parallel within each ACU. Before

precharging and activating a new row, ACU performs Padd-time column accesses in the same row and

consecutively feeds the data into Padd adder trees. Considering that the interval tCCD for DRAM to

issue column access commands is much less than row access tRC (i.e. 20× less), the row activation

time and latency of reduction decrease to around 1
Padd

compared to the case with just one adder tree.

Moreover, the proposed design trades excessive row activation energy by the register energy. The

energy consumed by reduction operation is significantly reduced.

TransPIM Computing

TransPIM supports all computing operations for Transformer by adopting a hybrid in-memory

and near-memory computing paradigm with ACUs and data buffers. Specifically, point-wise vector

operations are performed in the memory cells since DRAM natively supports such operations with

very high parallelism [14,101]. TransPIM offloads the vector reduction and part of Softmax function

from subarray to ACU to improve the efficiency.

Vector Computation: Figure 3.8 (a) shows the data path of vector multiplication in TransPIM.

The vectors are organized in a bit-serial format, where b rows of the same bit line are allocated

for each b-bit data. For vector multiplication, it includes two steps: point-wise multiplication and

reduction. TransPIM calculates the point-wise multiplication in the memory array using existing

schemes [14, 15, 101]. We adopt the Boolean majority functions [15] to reduce the computing

latency. These PIM operations utilize DRAM timing violations to perform bulk bit-wise operations
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Figure 3.8: The data path of different computations in TransPIM.

in the standard DRAM architecture [99]. The vector has three copies in b rows to parallelize the

computation (1). The point-wise multiplications between the replicated vectors and columns of the

matrix are computed simultaneously. After point-wise multiplication, a vector reduction is required

to obtain the results. The concatenated ACU to the subarray calculates the reduction of point-wise

multiplication results (2). The ACU continuously receives data in bit-serial format from the row

buffer and temporarily store the reduction results in the data buffer. The final reduction results will

be written back to the memory cell as 3.

Softmax Calculation: PIM is unable to directly support the complicated exponential and division

operations of Softmax. We resolve this limitation in TransPIM by rewriting Softmax function as

1
∑

N
l=1 eSi, j

eSi, j , where the reciprocal of row accumulation is moved out of the point-wise exponent. In

this case, Softmax becomes the multiplication between the point-wise exponent and the reciprocal of

the associated row. The point-wise exponent of attention score matrix S should be first calculated.

Then the final Softmax output is the point-wise division between the exponents and the accumulation

in the associated row. As shown in 1 of Figure 3.8 (b), the point-wise exponent is approximated using

five-order Taylor series expansion, which is computed by PIM multiplication and addition. Then row
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accumulation is offloaded to ACU using vector reduction. Meanwhile, the divider in ACU computes

the reciprocal of row reduction (2). The single reciprocal value for a row will be replicated 256

copies and written back the memory cell array by the data buffer (3 and 4). Finally, the point-wise

multiplication between reciprocal and exponent is computed in memory by PIM operations (5).

3.4.2 Data Communication Architecture

TransPIM dataflow exploits the internal memory bandwidth to reduce the data movement

overhead caused by data loading. However, the standard HBM is still insufficient to match the

high data parallelism and the internal bandwidth requirement. Even though we can use the bulk

in-memory data movement approach like RowClone [16], the internal bandwidth is still limited by

the shared data bus. Furthermore, the memory system needs frequent intra-bank and inter-bank data

movements for memory-based computations, where data copy and re-organization may significantly

downgrade the performance. Thus, we propose a data communication architecture to accelerate

various data movements in TransPIM.

Customized Hardware Components

TransPIM introduce two customized hardware components in the HBM architecture for data

communication.

Data Buffer: For most intra-bank and inter-bank data movements, we can use the fast parallel

mode (FPM) of RowClone [16] to perform fast row copy. However, this approach has two defects.

First, it is unable to provide a fine-grained partial copy for a row. Second, the FPM requires the

source and destination rows to be located within the same subarray. To overcome the two constraints,

we implement a re-configurable data buffer in each bank to manipulate data from ACU or row buffer

as in Figure 3.7, realizing more flexible data movement. The data buffer is a configurable 8×256b

buffer, consisting of 8 256-bit shift registers, supporting data copy and re-organization. The data

buffer can either receive 8-bit (from ACU) or 256-bit data (from sense amplifier).

Ring Broadcast Unit: As illustrated in Section 3.3, TransPIM adopts a ring-based data broadcast
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to reduce the data loading overhead for processing attention scores and self-attention output. However,

the original HBM cannot efficiently support such ring-based data broadcast because all data transfers

in a channel need to use the shared data bus and controller. TransPIM effectively decouples data

transfers between different bank groups (or even different banks) by per-bank broadcast units and

direct 256-bit link between broadcast units of two neighboring banks, as shown in Figure 3.9(a).

Optimization for TransPIM Data Movement

With the proposed communication architecture, we can accelerate various data movement patterns

when running TransPIM dataflow.

Fine-grained data movement: Each data buffer, with the help of its controller, supports fine-

grained data copy and duplication in a bank. When fine-grained partial copy is needed (such as 3

and 4 in Figure 3.8 (b)), the data buffer reads data from ACU through 8-bit input and performs data

replication. The replicated data is written back to the sense amplifier through 256-bit output in a

bit-serial manner. Another advantage of data buffer is its ability to move data between different

subarrays without using the shared bus. The data buffer supports parallel accesses by reading 256-bit

data from the sense amplifier for each column access cycle. It can cache at most 2Kb data and copy

each 256-bit data into the sense amplifier located in a different subarray.

Ring-based data broadcast: Figure 3.9 shows the data movements of ring-based data broadcast

(Section 3.3.2) in two bank groups of the TransPIM architecture. As illustrated in Section 3.3, each

step of the ring-based broadcast requires all banks to copy data to their next banks in the ring (e.g.,

1→2→3 ... 7→0 in the figure). If we assume the time of a data copy between two banks is T , the

original HBM architecture requires 8T because each data copy requires the global bus and controller.

For TransPIM architecture, such ring-based broadcast consumes a time of 3T as shown in Figure 3.9.

In the first step, we use the bank group bus (both BankGroup A and BankGroup B) to perform

bank 3→4 transfer. At the same time, we can also copy data from bank 0→1 and 6→7 using ring

broadcast links between broadcast buffers. In the second step, we use the bank group bus to transfer

7→0, while using the ring broadcast buffers for 2→3 and 4→5. The two remaining transfers, 1→2
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and 5→6 can be processed in parallel during the third step. The algorithm can scale to more bank

groups with the same time complexity, which is significantly lower than that of the non-optimized

architecture.

Token reduction in decoder blocks: As introduced in Section 3.3.3, the output token of each

decoder block requires a global reduction for all partial sums distributed in different banks. TransPIM

can efficiently reduce all the partial sums in a multi-step parallel way. Specifically, in each reduction

step, we separate banks with partial sums into multiple two-bank reduction groups and reduce partial

sums of each reduction group by moving partial sums from one bank to another. All reduction

groups process the reduction in parallel with PIM operations. TransPIM can efficiently support such

data movements by exploiting the internal bandwidth provided by inter-ACU links, bank group bus,

and channel bus.
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Table 3.1: Architectural parameters for TransPIM

HBM Organization Channels/die = 8, Banks/channel = 32, Banks/Group = 4, Rows = 32k, Row Size = 1KB, Subarray size = 512×512, DQ
size = 256

HBM Timing (ns) tRC = 45, tRCD = 16, tRAS = 29, tCL = 16, tRRD = 2, tWR = 16, tCCDS = 2, tCCDL = 4
HBM Energy (pJ) eACT = 909, ePre-GSA = 1.51, ePost-GSA = 1.17, eI/O = 0.80

ACU Clock = 500 MHz, Psub = 16 ACUs/bank, Padd = 4 Pipelined Bit-serial Adder Tree/ACU, Adder tree width = 256, 3-stage
pipelined divider

Buffer Data buffer: 8×256b, Ring broadcast width = 256

3.5 Experiments

In this section, we describe our experiments that evaluate the benefits of proposed design.

3.5.1 Evaluation Methodology

The hardware characteristics for TransPIM are summarized in Table 3.1. The memory is

standard HBM2 [99]. The timing and energy parameters are extracted from the previously published

work [102]. Hardware components of TransPIM keep the same area and power constraints as the

original HBM. The HBM area is estimated using the analytical tool CACTI-3DD [60] on 22nm

technology node. We assume up to 8 HBM stacks are connected to a host CPU through the silicon

interposer. The host-HBM bandwidth is 256GB/s [102].

We implement TransPIM using Verilog HDL and synthesize the design on Synopsys Design

Compiler using 65nm library. The synthesized design is placed and routed using Synopsys IC

Compiler. Moreover, clock gating is applied to save energy dissipation. Padd = 4 bit-serial adder

trees are implemented in each ACU. The constant divider to calculate 1/x is three-stage pipelined to

satisfy the timing constraints. In order to match the rate of column access time tCCD = 2 ns, the ACU

is configurated to run at 500 MHz clock frequency. The obtained area and power data of ACU are

scaled to 22nm to match the memory technology. We consider the process difference between logic

and DRAM using the similar method in previous work [13], where DRAM process incurs around

50% additional area overhead to the logic process.

The implementation results of TransPIM are given in Table 3.2. The 4-parallel bit-serial adder
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Table 3.2: Overhead breakdown of TransPIM.

Unit/Bank Area (um2) Power (mW) TransPIM Area (mm2)
Adder Tree 59432.1 25.1 8GB HBM2 53.15
Divider 3055.6 0.7 Overhead 2.15
Data Buffer 2660.4 3.8 Memory Access Energy (pJ/op)
Ring Broadcast 337.9 0.2 ACU 0.384
Others 828.5 2.9 Buffers 0.869

tree takes up 88% of the overall area. Each memory bank of TransPIM is equipped with Psub = 16

ACUs. The total 512 ACUs consume about 2.15 mm2, incurring 4.0% area overhead to the original

DRAM architecture, far less than the 25% threshold of area overhead [12], hence avoiding DRAM

density loss.

Simulation

We implement an in-house simulator to model the detailed performance and energy characteristics

for TransPIM and all PIM baselines. The front-end of the simulator utilizes the TensorFlow interface

which extracts the workload formation for the simulation. The backend simulator is a modified

version of Ramulator [103]. We insert additional commands to the simulator for TransPIM to

simulate the run-time behaviors of workloads for a given DRAM configuration. The architectural

configuration of HBM and timing/energy parameters are shown in Table 3.1.

Hardware Baselines

GPU&TPU: The GPU platform is Nvidia RTX 2080Ti. We measure the GPU power using

nvidia-smi. We also include a single Google Cloud TPUv3 with eight cores [104] as a baseline. We

used JIT-compiled TensorFlow models and calculated the average latency from the second iteration

to neglect graph compilation overhead.

Near-bank processing (NBP): Newton [12] is used as the near-memory baseline which is a

near-bank processing technology in HBM2E-like DRAM offloading most operations for machine

learning model to the near-bank logic. Since the NBP baseline already modifies the bank-level logic,
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we enable the broadcast buffer, which handles intra-memory data movements, in the NBP baseline

for a fair comparison. We assume the same HBM architecture for the NBP baseline as the one used

by TransPIM.

Original PIM: The original PIM architecture is the basic HBM architecture with only the support

for in-memory bit-serial operations using the specialized memory controller with modifications to

the subarray as suggested by previous works [15]. We also assume the same HBM architecture for

the PIM baseline as TransPIM.

Workloads

In this work, we evaluate two widely used Transformer models, RoBERTa [105] and Pega-

sus [106], for various important NLP tasks including text classification (IMDB) [107], summarization

(Pubmed [108] and Arxiv [108]), and question-answering (TraviaQA [109]). The classification

and question-answering tasks only have encoder blocks while the summarization tasks have both

encoder and decoder blocks. We also evaluate a decoder-only task, language modeling (LM), using

GPT-2-medium model [81]. All workloads are implemented using TensorFlow 2 with XLA.

3.5.2 TransPIM Performance

We evaluate the efficiency of TransPIM by comparing it with GPU and various memory-based

architectures with either layer-based or token-based dataflow. We denote each system as “dataflow”-

“architecture” (e.g., Token-TransPIM). For sensitive analysis, we test one more architecture configu-

ration of TransPIM which disables broadcast units and data buffers for communication – denoted by

“NB”, while “Buf” denotes architectures with broadcast units and data buffers. Figure 3.10 shows

the performance and the energy efficiency of all architectures as compared to the GPU baseline.

All memory-based systems use 8 HBM stacks with a total capacity of 64GB. The performance is

measured as the execution time per batch because workloads with short token lengths (e.g., IMDB

and TriviaQA) may not fully utilize the memory for just a single batch. The GPU system runs

with the maximum batch size supported for each workload. The energy efficiency is measured as
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GOP/J of different systems. All values are normalized to the GPU baseline. All baselines run with a

precision of 8-bit for FC and FFN layers which is sufficient for Transformer models [110]. We use

16-bit for Softmax to support a range of exponential.

Comparison to GPU/TPU: The proposed system (Token-TransPIM) is 22.1× (8.7×) to 114.9×

(57.4×) faster than GPU (TPU). TransPIM shows less significant performance improvement on

IMDB because the number of tokens is too small for the PIM system to fully exploit the parallelism

because the token-based sharding requires each bank to process at least one token. For the workloads

with more tokens, the token-based scheduling can saturate the compute capability of PIM system,

fully exploiting the parallelism of PIM operations. As for the energy efficiency, TransPIM is

138.1× (39.5×) to 666.6× (376.7×) more energy efficiency than the GPU (TPU). Similar to the

performance results, TransPIM achieves much better efficiency when running workload with long

token sequence. The energy efficiency improvements result from the fast execution and the reduction

of data movements.

Comparison to previous memory-based acceleration: As compared to previous PIM-only

acceleration (layer-allocation), TransPIM with the token-sharding is 9.6× faster. If the PIM-only

acceleration also uses the token-sharding processing, TransPIM is still 3.7 × faster. Furthermore,

TransPIM is 4.2 × and 1.3× more energy efficient than the PIM-only acceleration with layer-

based dataflow and token-sharding respectively. Such results show that TransPIM improves the

performance and the energy efficiency of previous PIM acceleration by both software-side and

hardware-side customization.

As compared to the NBP architecture, TransPIM is 9.1× and 6.4× faster with token-sharding

and layer-based dataflow respectively. However, TransPIM is not more energy-efficient than the

NBP baseline with the same dataflow (around 0.2% less). This is due to the large amount of energy

consumed by bit-serial in-situ operations which require a lot of parallel row activation and pre-charge

operations for all memory subarrays.

Comparison to ASIC: The previous ASIC designs, A3 [87] and SpAtten [86], adopt pruning

techniques to reduce the computation complexity and mostly focus on accelerating the self-attention
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Figure 3.10: Performance and energy efficiency result.

layers. TransPIM targets lower data movement overhead and higher computing efficiency for the

end-to-end execution of Transformer models. Since previous ASIC counterparts neglect the area of

memory, we assume all systems use the 8GB HBM as the memory. The additional area of TransPIM

is 2.15mm2 for each 8GB HBM chip, which is close to A3 (2.08mm2) and SpAtten1/8 (1.55mm2).

SpAtten [86] reports a 35× end-to-end performance improvement for generative stage (decoder)

in GPT-2 model as compared to GPU. As a comparison, TransPIM achieves 83.9× and 114.9×

speedup on two similar workloads (PubMed and Arxiv with Pegasus). Furthermore, TransPIM

yields an average throughput of 734 GOP/s which is around 2.0−3.3× of the peak throughput of A3

(221 GOP/s) and SpAtten (360 GOP/s). The gain comes from three aspects. The token-based data

sharding avoids redundant data movement, thus improving the computation efficiency. Moreover, the

high data parallelism of in-memory and near-memory computing provides higher peak performance.

The optimized data path of TransPIM exploits the large internal bandwidth of HBM to reduce

the data movement overhead. In comparison, the performance of ASIC is constrained by limited

computing resources and off-chip memory bandwidth.
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Figure 3.11: Performance breakdown of different systems: (a) overall breakdown, and (b) layer-
wise breakdown.

Decoder-only model: For decoder-only workload (GPT2-LM), TransPIM is 1.4× faster and

2.1× more energy-efficient than the second-best system (Layer-TransPIM). Both speedup and

energy efficiency improvement of TransPIM over other systems become less than other workloads.

This results from the fact that the decoder-only model only processes 1 token in each iteration,

requiring much less data loading for in-memory computations than encoder-based models.

3.5.3 Detailed Performance Analysis

We also investigate the detailed breakdown of operations for all memory-based systems, as

shown in Figure 3.11. The figure shows the breakdown of four important categories of operations

including the data movement (loading and intra-memory copy), non-reduction arithmetics, reduction,

and other operations including reads and stores.
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Improvements over previous acceleration: As compared to the PIM-only system, TransPIM

significantly reduces the overhead of data movement because of the efficient data path (18.2×

and 4.1× improvements for layer-based or token-sharding dataflow). Furthermore, the customized

ACU of TransPIM effectively accelerates the costly reduction operations, where TransPIM spends

35.3× and 56.1× less time on reduction than PIM- and NBP-only systems. As compared to the

NBP baseline, the performance improvement of reduction operation becomes even larger because

the NBP baseline has a much lower degree of parallelism. The limited parallelism of the NBP

baseline significantly increases the latency of other arithmetic operations as compared to the PIM

implementation which is 13.2× faster.

Effect of token-sharding: The breakdown also sheds light on the performance benefits of

token-sharding. For all systems, adopting token-sharding reduces the data movement latency by

4.8×, 4.5×, and 4.5× respectively. Such improvements depend on the workloads, where we observe

1.3×, 10.1×, 5.0× and 1.9× improvement on IMDB, PubMed, Arxiv, and TriviaQA respectively.

Such results show that the token-sharding works better in large workloads (longer sequence) than

small workloads because the data loading time of layer-allocation schemes increases quadratically

with the sequence length for the attention layers. For the token-sharding, the size of moved data only

increases linearly.

Effect of data movement optimization: While the token-sharding dataflow can significantly

reduce the data movement overhead, TransPIM can further reduce it through the customized data

path with broadcast and copy buffers. As compared to TransPIM without buffers, such customized

data path provides a 4.1× reduction on the data movement.

Layer-wise breakdown: Figure 3.11(b) shows the layer-wise breakdown results of summariza-

tion using Peagasus for two workloads – PubMed ( 4K) and a synthetic data with 32K sequence

length. All results are normalized to the total time of the proposed Token-TransPIM system. Token-

based data sharding reduces the data movement overhead in FC and FFN layers because it requires

less data duplication for computation (but less parallelism) than layer-allocation dataflow. In attention

layers, TransPIM significantly reduces the data movement overhead because of the high bandwidth
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Figure 3.12: Average bandwidth usage.

utilization of ring-based broadcast as well as reduced data movement using token-sharding.

Resource Utilization: We use the percentage of time spent on computations to measure the

utilization of memory banks. As shown in Figure 3.11, Token-TransPIM has an average 45.8%

utilization, which is 1.5× higher than Layer-TransPIM (30.8%) because token-based dataflow

significantly reduces overhead of data movement. However, Token-OriginalPIM and Token-NBP

provides higher compute utilization, which are 47.7% and 89.5% respectively. This results from

the extremely slow computation in PIM-only and NBP-only solutions. Figure 3.12 shows the

average bandwidth utilization, which is the size of reading and writing data divided by the latency.

The systems using layer-based dataflow consume more bandwidth than systems with token-based

dataflow. For example, Layer-TransPIM has up to 1699 GB/s average bandwidth usage while

Token-TransPIM only has up to 762 GB/s. Considering the overall latency, the result shows that

layer-based dataflow requires much more data movements than token-based dataflow. Even though

our 8-stack HBM system provides enough bandwidth (BWaggregated = 8×256 = 2T B/s), layer-based

dataflow may become bandwidth-bound when increasing the workload size or decreasing the system

bandwidth. On the hardware side, the usage of data buffer and ring broadcast in TransPIM increases

the bandwidth usage of a specific dataflow because of low latency, showing that TransPIM’s buffer

architecture is always effective.
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Figure 3.13: Design space exploration results for ACU.

3.5.4 Hardware Customization Exploration

The parallelism of bit-serial adder tree and data buffer size are the two design parameters of

ACU. We need to explore different parameters to find the best tradeoff between additional overhead

and resulting performance. We conduct a design space exploration on BERT model by varying the

parallelism of adder tree Padd from 1 to 16. The results are depicted in Figure 3.13. The increased

adder tree parallelism increases the accessed columns per row activation, thus reducing the number

of repeated activated rows during vector reduction. As a result, the latency and energy consumed

by vector reduction decrease by at most 10.8× and 5.7×, respectively. Besides, ACU reduces a

large part of DRAM access energy by register access energy as shown in Figure 3.13(a). Finally, we

choose Padd = 4 as the optimal parallelism for the adder tree in ACU since it keeps a good balance

between additional ACU area and performance.

We can enable higher parallelism by simultaneously activating Psub subarrays in a bank, where

each subarray contains one independent ACU. However, adding more ACUs in a bank increases the

area overhead. Figure 3.13(b) shows the execution time and area overhead when adding different

ACU numbers in a bank. Adding one ACU for each subarray (parallelism = Psub = 64) only increases
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the performance by 5.4 × while introducing 15.8% area overhead. We choose Psub = 8 to well

balance overhead and performance.

3.5.5 Power Analysis

We estimate the power consumption of TransPIM for tested workloads, as depicted in Figure

3.14. Pegasus models on TransPIM dissipate around 2% more power than RoBERTa models under

the same sequence length. As the input sequence increases from 128 (IMDB) to 4096 (PubMed), the

power of these two models increases about 4W, which is resulted from more computations. Overall,

the consumed power of TransPIM is still below the 60W power budget of conventional DRAM

system [102]. Thus, TransPIM satisfies the thermal constraints of conventional and TransPIM can

be integrated into existing commercial DRAM system without additional modifications in terms of

power and cooling.

3.5.6 Scalability

As shown in previous work [111–113], Transformer would become significantly challenging for

longer sequences. Memory-based acceleration is promising to provide scalability by simultaneously

increasing the memory bandwidth (with low memory access latency) and the compute parallelism.

Figure 3.15 shows the speedup when using more HBM stacks for processing workloads with different

sequence lengths. The speedup is averaged across all workloads. The result shows that TransPIM
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provides good scalability (almost linear) for long sequence workloads which saturate the compute

capability of HBM. As the GPU-based solution is bounded by the sequence length due to the limited

memory capacity, our experiments indicate that TransPIM is a promising solution to extend the

applicability of transformer models for long-sequence applications.

3.6 Related Work

Transformer accelerators: A GPU-based serving system and runtime called TurboTransformer

is proposed in [114] to process long sequences through maximizing the utilization of computing

and memory resources. But the scalability of TurboTransformer is poor since it is unable to support

multiple GPUs. In contrast, TransPIM can be easily scaled up by stacking multiple HBM chips

to yield larger memory space and support longer sequence lengths. SpAttn [86], A3 [87], and

GOBO [110] are state-of-the-art ASIC processors dedicated for the acceleration of attention module.

Both A3 [87] and SpAttn [86] implement sorting units to prune redundant heads and shrink the

memory footprint, thus adapting to the limited on-chip buffer size. SpAttn [86] and GOBO [110]

propose low-precision quantization and pipelined architectures to improve the efficiency. Besides,

approximate Softmax computation is used in [87]. But GOBO and A3 are unable to natively support

the end-to-end acceleration of the entire Transformer. Moreover, they need to load data from off-chip

memory before computation. The off-chip memory bandwidth would become the bottleneck for

memory-intensive layers of the Transformer. Instead, TransPIM avoids costly off-chip data transfer

by keeping all the data in memory.
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PIM accelerators: Various PIM accelerators [3, 8, 12, 13, 91, 115] have been proposed to reduce

the overhead of massive data movement as well as support high data parallelism. Newton [12],

FIMDRAM [8], and McDRAM [115] adopt the similar near memory architectures and horizontal

data organization in memory banks. They cascade bit-parallel arithmetic units to the DRAM bank

to perform matrix-vector multiplication. However, the complicated bit-parallel and bulky buffer

incur large overhead and decrease memory density [8]. To reduce the overhead of arithmetic units

near memory, BFree [91] stores lookup tables that are compatible for computation in memory cells.

However, the lookup table requires fine-grained optimization to save the consumed space. Previous

in-memory accelerators [3, 4, 13] also optimize the complex reduction. Drisa [13] adds extra

shifters in the subarray while NeuralCache [4] relies on the cache I/O peripheral to reorganize data

multi-step hierarchical reduction. These two methods either significantly increase the area overhead

or introduce large I/O latency. FloatPIM [3] supports reduction by organizing reduction data in a

bit-serial way to avoid extra data movement. But this scheme sacrifices parallelism in Transformer

which usually has long vectors for reduction. Different from the previous work, TransPIM combines

the advantages of in-memory and near-memory computing. The proposed ACU is bit-serial to

minimize the overhead of peripheral circuits. Compared to existing PIM accelerators, the proposed

PIM-NMC combined computing paradigm provides better efficiency without affecting the memory

density. MAT [116] is a PIM-based processing framework for attention-based machine learning

models on long-sequence input. It breaks the long-sequence input into segments with various sizes

and processes segment in a pipeline manner. However, MAT only targets a single encoder block,

different from TransPIM which accelerates the whole Transformer.

3.7 Conclusion

Chapter 3 proposes TransPIM, an end-to-end accelerator for Transformers based on emerging

HBM architecture. TransPIM adopts a software-hardware co-design principle to accelerate various

Transformer models. As compared to previous accelerators, TransPIM significantly reduces the

73



overhead of data loading by exploiting the data locality in computations associated with input tokens.

TransPIM also includes lightweight hardware modifications in HBM to improve the hardware

efficiency of computation and data communication. Based on our evaluation on various Transformer

applications, TransPIM is 68.9× and 16.6× faster than GPU and TPU respectively. As compared

to prior software-hardware co-design PIM accelerators [11, 12, 88], TransPIM is 9.1× [12] and

9.6× [11] faster. Furthermore, the high-throughput PIM processing of TransPIM enables 2× to 3.3×

higher throughput than state-of-the-art Transformer ASIC accelerators.

This thesis has so far introduced several software-hardware co-design technologies in PIM for

various ML applications. Even though ML applications feature widely used operators, there are still

many types of operations that are required by other emerging applications. Chapter 4 expands on

the types of operations accelerated in PIM by introducing a software-hardware co-design of PIM

acceleration for fully homomorphic encryption (FHE), which is an important technique to protect

data privacy by allowing arbitrary computation on encrypted data without decryption.

Chapter 3, in full, is a reprint of the material as it appears in The IEEE International Symposium

on High-Performance Computer Architecture, 2022, Minxuan Zhou, Weihong Xu, Jaeyoung Kang,

and Tajana Rosing. The dissertation author was the primary author of this paper.
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Chapter 4

PIM Acceleration for Fully Homomorphic

Encryption

Fully homomorphic encryption (FHE) enables arbitrary computations on encrypted data without

decryption, securing many emerging applications. Unfortunately, FHE computation is orders of

magnitude slower than computation on plain data due to the explosion in data size after encryption.

Unlike the ML learning applications discussed in the previous chapters, FHE features various

FHE-specific compute and data dependency patterns, resulting from the complex mathematical

representation of data. Even though PIM can accelerate data-intensive workloads with extensive

parallelism and high internal bandwidth, FHE is challenging for PIM acceleration due to the intensive

long-bitwidth computations and complex data movement. This chapter proposes a PIM-based FHE

accelerator, FHEmem, which exploits processing in-memory technologies with a novel memory

architecture to achieve high-throughput and energy-efficient acceleration. We propose an optimized

processing flow, from low-level hardware processing to high-level application mapping, that fully

exploits the high throughput of FHEmem hardware for FHE applications.
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4.1 Introduction

The data explosion leads to an increasing trend of cloud-based outsourcing. Extensive outsourcing

significantly increases the risk of sensitive data leaking, necessitating data encryption for protection.

Fully homomorphic encryption (FHE) is an emerging technology that enables computations on

encrypted data without user interference [117–128]. FHE provides end-to-end data security during

the outsourcing, including data transfer and computation, without any requirements for the underlying

system and hardware, such as AMD SEV-SNP [129], Intel SGX [130], etc. However, FHE is several

orders of magnitude slower than plain data while requiring large memory footprint [6, 131–133].

The inefficiency of FHE results from the data and computation explosion after encryption. Even

though FHE can encrypt a vector into a single ciphertext [120, 124, 134], the ciphertext size is still

large that includes two or more high-degree polynomials (e.g., 217) with long-bit coefficients (e.g.,

>1000 bits).

Such issues motivate researchers to develop customized accelerators that provide 4 orders of

magnitude speedup over conventional systems [6,131,132,135–137]. However, existing accelerators

are still significantly bounded by the data movement even with large and costly on-chip scratchpads [6,

131, 132]. As shown in Figure 4.1(a), each homomorphic multiplication (HMul) requires 98MB

to 390MB working set for LogN = 15 to LogN = 17. In Figure 4.1(b), we analyze the memory

bandwidth required by different numbers of number theory transform units (NTTUs) under 3 data

loading scenarios. Our investigation shows simply doubling the throughput of existing accelerators

(1K to 2K) may require over 3TB/s of off-chip bandwidth. Previous accelerators adopt large on-chip

storage, up to 512MB, to hold the large working set of FHE computation. However, such large

on-chip storage can still suffer from frequent off-chip data transfers due to cache misses on large

FHE data. Therefore, it is challenging to achieve both high compute throughput and high memory

bandwidth on conventional architectures for FHE applications.

In this work, we exploit the processing in memory (PIM) acceleration for FHE, which is

promising to support extensive parallelism with high internal memory bandwidth [3, 4, 11, 14,
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15, 20, 26, 42, 68, 101, 136, 138]. There are several types of PIM architectures that support PIM

in different levels in the memory architecture, including subarray-level [11, 13–15, 101], bank-

level [7, 8, 12, 92, 139], and channel-level [44, 68]. These PIM technologies adopt high-throughput

processing elements that fully exploit the internal memory links that provide higher bandwidth than

the off-chip data path. Even though the high parallelism and bandwidth of PIM potentially fit the

data-intensive parallel computations of FHE, there exist several challenges that cannot be easily

solved by existing PIM-based architectures. First, FHE works on high-degree polynomials with

long-bit coefficients and is multiplication-intentive. Such long-bit multiplication is challenging to

all existing PIM technologies. For near-bank PIM, the throughput is limited by bank IO width.

Furthermore, even though the bank-level PIM can adopt highly efficient multipliers, reading the data
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out from the memory cells is still energy-consuming. The bit-serial subarray-level PIM can exploit

a significantly large number of internal links (e.g., bitlines). However, the number of operations

required by subarray-level PIM may increase quadratically with the operand bit-length. These energy-

consuming operations run in a lock-step manner, significantly increasing both delay and energy. Our

evaluation shows such PIM technologies fail to provide comparable throughput and energy efficiency

to the state-of-the-art FHE accelerators (Section 4.2.4). Integrating more functionality in the sense

amplifiers can solve the problem, but introducing significant modifications in conventional DRAM

structures [13]. The second challenge of PIM acceleration for FHE is the complex data movement

patterns, including the base conversion and number theoretic transform (NTT), that the existing

memory architecture cannot efficiently support.

To tackle these challenges, we propose FHEmem, an accelerator based on a novel high-bandwidth

memory (HBM) architecture optimized for the efficiency of processing FHE operations. FHEmem

introduces a novel near-mat processing architecture, which integrates compute logic near each

mat without changing the area-optimized mat architecture. FHEmem exploits the existing intra-

memory data links, with careful extensions based on the practicability, to enable efficient in-memory

processing of various challenging FHE operations. Furthermore, we propose a software-level

framework to map FHE programs onto FHEmem hardware. We propose a load-save pipeline that can

fully utilize the memory for FHE programs to support high-throughput computing with minimum

data loading overhead.

We summarize the contributions of this work as follows:

• We propose an FHE accelerator with a novel near-mat processing that supports high-throughput

and energy-efficient in-memory operations. Our design efficiently exploits the existing data

paths with practical modifications in DRAM that introduce relatively lightweight overhead as

compared to prior high-throughput PIM solutions.

• We propose an FHE mapping framework that generates a load-save pipeline and data layout

that maximizes the utilization of FHEmem for general FHE programs.
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• We rigorously explore and evaluate different design dimensions of FHEmem to balance

the performance, energy efficiency, and chip area. As compared to state-of-the-art FHE

ASICs [5, 6], FHEmem achieves 4.0× speedup and 6.9× efficiency improvement.

4.2 Background and Motivation

4.2.1 Fully Homomorphic Encryption

We focus on CKKS scheme [120] which is widely used in many application domains because it

supports real numbers and SIMD packing [34, 140–143].

Basics of CKKS: We define the polynomial ring R = Z[X ]/(XN + 1), where N is power of

2. We denote Rq = R/qR for residue ring of R modulo an integer q. The ecurity parameter λ

sets the ring size N and a ciphertext modulus Q. For each plaintext message, m(X), encryption

Encrypt(m(X),s(X)) generates a ciphertext c = (b(X),a(X)), where b(X) = a(X) · s(X)+m(X)+

e(X), a(X) is uniformly sampled from RQ, and s(X) and e(X) are sampled from a key/error distri-

bution respectively. Each ciphertext can pack up to N/2 real numbers to support SIMD processing

on all packed numbers [120, 144]. The original modulus Q = ∑
L
l=1 ql of a ciphertext decreases with

homomorphic multiplications by a rescaling process that reduces the modulus by a ql each time. The

technique to recover the ciphertext level is bootstrapping [145].

Arithmetic Operation: Given two ciphertexts c0,c1∈ R2
ql

, where ql is the modulus at level l, the

polynomial operation can homomorphically evaluate the arithmetic for plaintexts. The homomorphic

multiplication (HMul) between two ciphertexts is complex: c0∗ c1 = (I0, I1, I2) = (c0ac1a,c0ac1b +

c1ac0b,c0bc1b) ∈ R3
ql , where I2 is encrypted under the secret key s2. This requires a re-linearization

operation with an expensive key-switching process on I2 (Section 4.2.1). The rescaling is applied

during the relinearlization, using the divide and round operation: ReScale(C) = ⌊ql−1
ql

C⌉(mod ql−1)

to rescale the ciphertext as well as the modulus.

Rotation: CKKS supports homomorphic rotation which rotates the plaintext vector by an
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arbitrary step. The rotation is implemented by Galois group automorphism [146] which consists of

mapping on each coefficient ai: σk(ai)−→ (−1)saik mod N ,where k is an odd integer satisfying |k|<N

and s = 0 if ik mod 2N < N (s = 1 otherwise). Each automorphism σk implements a Rotate(δ )

which rotates the plaintext by δ . Each automorphism also requires a KeySwitch after each Rotate.

NTT and Residue Number System: Number Theoretic Transform (NTT) is a widely used

technique to optimize polynomial multiplications [147]. NTT transforms two input polynomials of a

multiplication, a and b, to NTT(a) and NTT(b). We can calculate NT T (a∗b) = NT T (a)⊙NT T (b),

where ⊙ denotes element-wise multiplication with O(N) complexity, where N is the polynomial

degree. An inverse NTT (iNTT) can transform NT T (a ∗ b). The complexity of NTT and iNTT is

O(NlogN), faster than the original polynomial multiplication with O(N2) complexity. Residue

number system (RNS) is a technique that avoids computation on large values. We adopt the full-RNS

CKKS in this work [148].

Key Switching: Key switching is the most expensive high-level operation in CKKS [145]. The

key of key switching is the multiplication between the input ciphertext c and the evaluation key evk.

To avoid overflow on modulus Q = q0q1...qL, evk has a larger modulus PQ with the special modulus

P = p0 p1...pk. Thus the first step is to convert c with modulus Q into a ciphertext with PQ by a base

conversion (BConv):

BConvQ,P(aQ) = ([
L

∑
j=0

[a[ j]∗ q̂ j
−1]q j ∗ q̂ j]pi)0≤i<k (4.1)

BConv requires the data in the original coefficient domain. We need to apply an iNTT on the data

before BConv. BConv features an all-to-all reduction between different q j and pi residual polynomials.

We convert the BConv result back to the NTT domain to efficiently process the multiplication with

evk. The algorithm converts the result with modulus PQ back to modulus Q using BConv. Recent

advanced CKKS schemes exploit a configurable dnum value to factorize the modulus Q into dnum

moduli to increase higher multiplication level [145].
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4.2.2 Memory Issues of FHE Accelerators

FHE features large polynomial operations and complex data dependency caused by (i)NTT and

BConv. Recent works [6, 131, 132, 135, 149, 150] have proposed customized accelerators for FHE.

Even though these accelerators achieve up to 4 orders of magnitude speedup over CPUs, they suffer

from limited memory bandwidth. For example, previous work [132] observed that the excessive

usage of high-throughput function units might be a waste - it would be cost-efficient to determine the

throughput of on-chip processing elements based on the available memory bandwidth. Such memory

issues result from the large data size required for each FHE operation. Existing FHE accelerators

adopt large on-chip storage (180MB for SHARP [5], 256MB for CraterLake [6], and 512MB for

BTS [132]/ARK [135]) to reduce the frequent off-chip data loading. However, such large on-chip

storage may still be insufficient for FHE, as shown in Figure 4.1. For large FHE parameter settings,

on-chip storage may only store working sets of one or two HMul, leading to frequent off-chip data

loading when locality is low. The analysis in Figure 4.1(b) shows 2k NTTUs require at least 1.5TB/s

when only loading evk, and the bandwidth requirement goes up to 3TB/s when the accelerator needs

to load both evk and two operands. 3TB/s is expected to require 3 HBM3 stacks [151]. If we increase

the throughput to 64k NTTUs, which can fully parallelize operations for LogN = 17, the bandwidth

requirement can be as high as 100T B/s. Considering it is challenging to significantly increase either

the memory bandwidth or the on-chip storage, processing in memory can be a promising alternative.

4.2.3 In-DRAM PIM Technologies

This work focuses on DRAM-based PIM technologies which support larger capacity than

SRAM [4, 152] and lower latency than non-volatile memories [3, 19, 26]. Figure 4.2(a) shows a

DRAM bank which is the basic hardware component in DRAM. A bank consists of 2D cell arrays

and peripherals to transfer data between DRAM cells and IOs. The memory cells are grouped into

a set of subarrays, each of which consists of a row of mats. Each mat has local sense amplifiers

(row buffers) sensing a horizontal wordline (WL) through a set of vertical bitlines (BLs). Sense
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amplifiers in mats of a subarray form the subarray row buffer. Upon receiving access, the bank

activates corresponding WL in subarray row buffer and transfers the whole WL to bank-level sense

amplifiers via data lines (DLs).

There are several DRAM-based PIM technologies that support operations in different levels

of DRAM architecture. The first technology is near-bank processing, which integrates processing

elements (e.g., vector ALUs, RISC-V processor, etc.) near the bank SA and IO [7, 8, 12]. Each

bank-level PE is customized to fully utilize the data link bandwidth for processing. PEs in different

banks run in parallel to fully utilize the internal bandwidth in DRAM. The second type of PIM

augments the subarray sense amplifiers (row buffers) with compute logic [13]. Due to the constrained

chip area, the near-buffer PIM only adopts logic gates, full adders, and shift circuits for multi-bit

operations. As compared to near-bank processing, near-buffer PIM support wider input (e.g., 8192b

vs. 256b) and can exploit the subarray-level parallelism [10]. These two types of PIM work on the

data with a horizontal layout where each data is stored across multiple BLs in a WL. The third type

of PIM uses a vertical bit-serial scheme that lays out each data in different WLs of a BL [11, 14, 15].

The bit-serial PIM directly generates the result of computation between different WLs by exploiting

the charge-sharing effect of the DRAM mechanism. Such in-mat bit-serial processing does not

introduce significant modifications in DRAM. However, the bit-serial computation is slow and
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Figure 4.3: Throughput and energy efficiency of 32-bit multiplication using different PIM tech-
nologies (32GB).

power-consuming where an n-bit multiplication using the bit-serial PIM requires around 7n2 DRAM

activations for 8k values.

4.2.4 Challenges of FHE acceleration using PIM

Even though existing PIM solutions can exploit the large internal DRAM bandwidth for high-

throughput computation, FHE is still extremely challenging for PIM acceleration.

Long-bit multiplication

As introduced in Section 4.2.1, the basic data structure of FHE is high-degree polynomial, whose

coefficient can exceed 21000. The RNS-decomposed polynomials still have at least 28-bit coefficients

due to the limitation of modulus selection [6, 120]. As the complexity of PIM multiplication

significantly increases as the bit-length increases, PIM (especially bit-serial in-mat) may suffer from

long latency and high energy efficiency due to costly row activations and precharges. One way

to improve the performance and energy efficiency of PIM is by increasing the aspect-ratio (AR)

of DRAM mat [153, 154]. A high AR mat has fewer WLs (rows) and shorter BLs than a low AR

mat. Shorter BLs can significantly reduce the latency and energy of activation and precharge. For

instance, ARx4 mat (128 rows) has half the cycle and consumes 33% less energy than ARx1 mat

(512 rows) [13, 153]. Furthermore, increasing the AR also increases the number of subarrays in a
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bank, leading to a higher degree of parallelism. The downside of high AR is the large area overhead

caused by more sense amplifiers and peripherals.

Figure 4.3 shows the throughput and energy efficiency of different PIM technologies for 32-bit

multiplications on a 32GB HBM2E-based architecture (Section 4.5). We evaluate three existing

PIM architectures, FIMDRAM [8, 92], DRISA [13], and SIMDRAM [11], that represent near-bank,

near-buffer, and in-mat bit-serial PIM respectively. The result shows FIMDRAM and SIMDRAM

provide 6.8TB/sand 180.6TB/s throughput while consuming 49.8pJ and 342.9pJ energy for each

operation using ARx8 memory. As a reference, the recent FHE accelerator [6], which adopts

150k 28b multipliers, can provide 1PB/s of peak throughput while consuming only 4.1pJ for each

multiplication, indicating both FIMDRAM and SIMDRAM are not promising for FHE. DRISA [13]

provides over 3PB/s throughput and consumes 6.32pJ for each operation in ARx8 architecture.

However, DRISA [13] requires a significant change in the DRAM architecture, incurring around

100% area overhead in high-AR architectures. Furthermore, manufacturing DRISA has significant

challenges as the modified sense amplifiers cannot easily be aligned with area-optimized bitlines. To

tackle these challenges, FHEmem adopts a novel near-mat processing that integrates compute logic

near mat while keeping the mat structure intact, incurring less area overhead than DRISA. Even

though the theoretical throughput and energy efficiency of FHEmem are lower than DRISA, our

experiments show that higher throughput may not effectively improve the performance due to the

data movement (Section 4.5). Overall, FHEmem is a more efficient processing paradigm than prior

PIM solutions.

Data Transfer Patterns

Another critical challenge of FHE for PIM is the variety of data transfer patterns existing in

different FHE operations. Specifically, the BConv requires the data movement between different

RNS polynomials, followed by coefficient-wise operations; (i)NTT and automorphism require data

permutation across coefficients of each RNS polynomial. Unfortunately, the conventional memory

IO cannot efficiently handle such complex data movement patterns. For BConv, each output RNS

84



Base Logic Die

T
SV

 I/
O

(a) HBM stack and bank.

T
SV

 I/
O

(b) Intra-bank organization.

N
M

U

M
D

L
s

LDLs

CSLs

FHEmem HDLs

Operand Latches & Shifter & AND Logic

…

from LDL/MDL/HDL

Sum and Carrier Latches

to LDL/MDL/HDL
n-bit adders

(c) Near-mat unit (NMU).Masks
Bit-interleaved

Operand Latches

…

from LDL/MDL/HDL

Shf. / &

to LDL/MDL/HDL

n-bit 
adders

Shf. / & Shf. / &

to Channel IO Transfer Buf. to other 
banks

Banks

MWLs

to Global Sense Amplifiers
Channels

Mats/subarrays

Figure 4.4: The hardware architecture of FHEmem.

polynomial has dependencies with all input RNS polynomials. As each RNS polynomial is large

(e.g., 512KB for LogN=64 with 64-bit coefficients), we need to distribute RNS polynomials over

different memory banks. In conventional memory, such inter-bank data movements take up the shared

bus of each channel, leading to large data movement overhead. For (i)NTT and automorphism,

the data movement exhibits a fine-grained pattern within a polynomial. For PIM processing, the

coefficient-wise permutation requires permutations between BLs which is not supported in the

current memory architecture. FHEmem supports these FHE-specific data transfers efficiently at a

relatively low cost by exploiting existing intra-memory data links and adding additional links to the

less-dense metal layer in DRAM, without introducing complex permutation networks.

4.3 FHEmem Hardware Architecture

The high-level architecture of FHEmem is based on high-bandwidth memory (HBM), as shown

in Figure 4.4. Specifically, each HBM stack consists of one base die and multiple DRAM dies in a
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3D structure. All DRAM dies are divided into multiple channels, each connecting to DRAM part

through an independent set of through silicon vias (TSVs). Each channel consists of several banks,

and the detailed internal structure of the bank is introduced in Section 4.2.3. FHEmem adopts a new

near-mat PIM architecture that modifies the DRAM bank architecture to support high-throughput

computations while utilizing available DRAM internal links for various FHE operations. The key

customized components of FHEmem include near-mat units (NMUs), horizontal data links, and

inter-bank connection.

4.3.1 Near-mat unit

FHEmem supports in-memory computations by connecting each mat to a near-mat unit (NMU)

via the local data lines (LDLs). Each NMU consists of full adders, shifters, AND logic, and latches

to compute FHE operations, shown in Figure 4.5(a). In addition to the mat sense amplifiers, NMU

can also receive data from other NMUs via inter-NMU connection. The design of NMU differs from

previous PIM-logic integration, DRISA [13], in three ways. First, NMU places all customized logic

outside of the mat, which is optimized for area efficiency. On the contrary, DRISA [13] integrates
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logic and latches with the mat sense amplifiers and bitlines, which may incur significant changes

to the area-optimized mat. Second, DRISA [13] integrates logic to all bitlines in a mat, causing

a large area overhead while only gaining moderate performance benefits due to the unbalanced

compute and data movement [13]. In FHEmem, we explore the processing throughput of NMU

under different architecture configurations and observe the most efficient design does not adopt the

maximum throughput (Section 4.5). Third, NMU in FHEmem can support permutations required by

FHE using multiplexers in the data path.

To compute FHE arithmetic (i.e., modular arithmetic), NMU requires several steps in mat, data

links, and NMU. Figure 4.5(b) shows an example of processing 4 64b multiplications in an NMU

with 2 64b adders. For generality, we denote each mat row can store N n-bit values (N=4 and n=64

in this example), and NMU has M n-bit adders. First, the mat needs to activate an operand row (1)

and transfer the row to the row-size operand latches (2). Next, the mat activates the second operand

row (3) and starts transferring M-value blocks to the shifter and AND logic (4). When both operands

are ready, the shifter and AND logic will first generate a partial product using the second operand

(b0 and b1) and bit masks of a specific bit of the first operand (a0 and a1 in the latches). NMU

takes n cycles to compute an n-bit multiplication (5). After processing an M-value block, NMU

writes the result back to the mat (6) and loads the next M-value block for processing (7). Similar to

DRISA [13], NMU only needs two row activations for each vector processing but requires serial data

transfers via LDLs. NMU can serially write back values in a different order to support permutation.

4.3.2 Inter-NMU Connection

To efficiently process various FHE data transfer patterns, FHEmem enables data transfer between

NMUs in both horizontal and vertical directions. In the vertical direction, FHEmem utilizes the

master data lines (MDLs) which connect all NMUs in the same mat column. In the horizontal

direction, FHEmem adds extra data links, horizontal data links (HDLs), to each subarray (a row of

mat). The HDLs in each subarray support the same bitwidth as the MDLs in each mat column (i.e.,

16-bit). For both directional links, we add small isolation transistors (switch in Figure 4.5) [155]
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to serve as switches that can disconnect each link at a certain point. NMUs separated by the off

switches can transfer data independently, significantly improving the bandwidth for intra-bank and

intra-subarray data movements.

We note that DRAM process only adopts 3 metal layers, with 1 layer (M1) for bitlines (vertical),

1 layer (M2) for LDLs and master word lines (MWLs) (horizontal), and 1 layer (M3) for column

select lines (CSLs) and MDLs [102]. M1 layer is the only fine-pitch (low energy efficiency) layer,

optimized for the area of bitlines in a mat. M2 and M3 support more energy-efficient wires with

larger area overhead (i.e., 4x pitch of M1). M2 is fully occupied by CSLs and MDLs to support a

256b data path (16b per mat) for each subarray. M3 is less dense than M2 because each subarray

only has 1 MWL (instead of 256b of MDLs/CSLs). In FHEmem, the additional horizontal data

lines are placed in M3 which incurs less pressure in the routing. Furthermore, HDLs connect NMUs

which are placed outside of dense mats (DRAM cell arrays). These characteristics make HDLs and

NMUs practical using conventional DRAM technology.

4.3.3 Inter-bank Connection

As introduced in Section 4.2.1, FHE has dependencies between RNS polynomials of a ciphertext

during BConv. To store a ciphertext, which can consist of tens of RNS polynomials, we need to

distribute these RNS polynomials over multiple banks, and each BConv requires a large amount of

inter-bank data transfers because of an all-to-all dependency. For such inter-bank data movements, a

naive way is to use the conventional channel-level data bus. Unfortunately, such centralized data

movements fail to match the throughput of in-memory computations, significantly slowing down

the acceleration. Furthermore, the cost of fully-connected interconnect can be prohibitively high.

In order to support the inter-bank communication with satisfactory performance, while introducing

reasonable overhead in HBM, we propose a partial chain interconnect network between banks

inside a channel. The partial chain network connects neighboring banks in each bank group, using

256b-wide transfer links and per-bank transfer buffers. Specifically, the transfer buffer in each bank

can communicate with the local master data lines (MDLs) and the transfer links to the neighboring
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Table 4.1: FHEmem NMU commands

Command Operands Description
nmu ld sa id, sa col, latch col load from SA to NMU latches
nmu st sa id, sa col, add id/latch col store from NMU latch to SA
nmu hmov sa id, sa col, direction, stride horizontal data movement across NMUs
nmu vmov src sa, dst sa, sa col vertical data movement across NMUs
nmu set( sa) sa id, sa col, latch col, add id set up operand for add (shift &AND)
nmu add sa id start addition
nmu pst sa id, sa col, latch col vec store different NMU latches to SA

banks. We add two 256b transfer buffers in each bank to support seamless transfers between banks.

The customized links and buffers enable parallel inter-bank data transfers across different banks

in a channel, avoiding sequential transfers via the original channel IO. When transferring a whole

row between two neighboring banks, the source bank drives 256b data blocks from the selected

subarray SA via MDLs to the transfer buffer, which sends data blocks to the transfer buffer of the

destination bank via either the customized links (neighboring banks) or the original channel IO

(non-neighboring banks). The destination bank writes data blocks to the selected subarray SA via

MDLs.

4.3.4 FHEmem Controllers

FHEmem needs modifications in bank/subarray controllers to support its various functions.

FHEmem requires the extra logic for subarray-level parallelism [10], including the extra address

latches in each subarray row decoder, and the bookkeeping logic in the bank controller for the status

of all subarrays. Since the bank controller sends all subarray-level commands, it can overlap the

in-memory computation, normal memory access, and intra-memory data transfers.

The subarray controller needs to support several new commands for NMU processing, as shown

in Table 4.1. These subarray-level commands control the same behaviors of all mats/NMUs in

a subarray, except nmu pst which stores different latches in different mats back to SA (used for

automorphism). For NMU loading and storing, FHEmem supports the flexibility of selecting columns

in NMU latches, adder latches, and sense amplifiers, enabling permutation. The horizontal data
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Figure 4.6: The data layout in FHEmem.

movement has predefined patterns, defined by direction and stride, to support NTT data movements.

The vertical data movement has more flexibility to transfer data between two subarrays. Before

issuing the add command, FHEmem requires a setup instruction to load data from mat sense

amplifiers to the corresponding shift/AND logic, indicating whether to use shift/AND and the bit

position of shift/AND.

4.4 Processing FHE in FHEmem

The proposed FHEmem hardware supports high-throughput computations and data movements.

The next challenge is to efficiently utilize FHEmem for FHE applications. This section introduces

the data layout and processing flow of FHEmem for basic FHE operations. We propose several

algorithm and software optimizations to generate optimized mappings of FHE applications onto

FHEmem.

4.4.1 FHEmem Data Layout

In PIM acceleration, data layout is critical that determines the detailed computation and data
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movement. Figure 4.6 shows the optimized data layout in FHEmem. Each ciphertext contains

a group of RNS polynomials, each of which is a vector of N b-bit integers. To exploit the high

throughput of PIM, we distribute RNS polynomials of a ciphertext, including the original RNS

terms (RNSql) and the special terms (RNSpk) used for key switching, across multiple banks using a

round-robin method. The figure shows an example of allocating two original RNS terms and two

special RNS terms in a bank.

Layout in subarray groups

We divide subarrays into subarray groups, which are basic memory partitions for polynomials.

Specifically, each subarray group contains a continuous set of subarrays (e.g., 2 subarrays) which

is a 2D array of mats (e.g., 2×2). The 2D distribution allow FHEmem to balance the inter-mat

data movements during various FHE operations (esp. NTT). FHEmem distributes coefficients of a

polynomial across the mat array in an interleaved way, similar to previous work [132], to efficiently

support automorphism (Section 4.4.5). In our setting, each subarray group contains 16 subarrays (16

× 16 mat), requiring each mat use 32 rows to store 256 64-bit coefficients.

Layout for computation

For a computation using two RNS polynomials, we align both polynomials in the same column

in a subarray. Each subarray group reserves rows for operand polynomials used for computation,

including key-switching keys, constant polynomials, and other ciphertexts. If a subarray group

computes with two polynomials in different subarray groups, the memory issues data movements

that may happen inside a bank or across different banks.

Layout for constants

In addition to RNS polynomial, we need to allocate rows for several constants for FHE operations,

including (i)NTT twiddle factors, moduli, scaled inverse moduli, etc. To avoid duplicating twiddle

factors across NTT steps that requires large memory, we store the vector of twiddle factors which
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contains N-th roots of unity, in the same order as the polynomial coefficients. Before each (i)NTT

stage k, FHEmem first dynamically computes the twiddle factor ω ik for coefficient i by multiplying

the twiddle factor in the previous stage with ω i. For moduli, we keep one copy in each mat in

the subarray group, so that each NMU can load the corresponding value independently during the

computation.

4.4.2 Algorithm-optimized modular reduction

Each FHE arithmetic is followed by a modular reduction. We exploit the Montgomery algo-

rithm [156] requiring two multiplications, one addition, and one subtraction. NMUs in FHEmem

process n-bit multiplication using n serial additions. Therefore, we exploit algorithm optimization to

significantly reduce the latency and energy for modular arithmetic. Specifically, we select moduli

that are friendly to serial computations while satisfying security requirements and (i)NTT. We exploit

the moduli selection technique proposed in previous works [157,158] that select moduli has the form

of 2b±2sh1±2sh2± ..±2shh−2±1, where h is called hamming weight. By using a modulus with a

hamming weight of h, we only need to issue h additions during the multiplication, hence reducing

the addition steps from n to h. The hamming weight optimization only applies to computations with

constant, including the multiplication with modulus and the multiplication with reduction factor in

Montgomery reduction. The advantage of Montgomery reduction over Barrett reduction [159] is

that both reduction factor and modulus in Montgomery reduction can have a low hamming weight,

and it only requires single bit-length computation. We note that prior FHE accelerators [6, 131]

also adopt a similar optimization that customized the modular multiplier for Montgomery-friendly

moduli. However, their modular multipliers cannot process computations using moduli with different

characteristics (e.g., required by other applications). FHEmem provides more flexibility by using

addition as the basic computing step.
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Figure 4.7: NTT support in FHEmem.

4.4.3 FHEmem NTT

NTT executes several steps of permutation and computations. Each NTT step requires several

butterfly operations (Figure 4.7(a)) on pairs of coefficients, that multiply the coefficients with the

twiddle factors, permute the coefficients, and then update the coefficients. FHEmem processes each

(i)NTT operation in three stages, intra-mat, horizontal inter-mat, and vertical inter-mat, depending

on the butterfly stride of each (i)NTT step (Figure 4.7(b)). For intra-mat steps, where coefficients

of each butterfly operation are in the same mat, NMUs in a subarray group independently process

computation and permutation. The horizontal inter-mat steps exchange the coefficients between mats

in the same row, for which FHEmem uses HDLs for efficient data transfers, as shown in Figure 4.7(c).

Specifically, FHEmem turns on/off the switches of NMUs on HDLs, where the connected segments

can independently transfer data. Data transfers using the same connected segment are scheduled

sequentially. Therefore, as the number of connected segments changes over (i)NTT stages, the

transfer latency of different (i)NTT stages varies. The vertical inter-mat NTT steps are processed

similarly to the horizontal steps but using MDLs. The key novelty of FHEmem on (i)NTT operations

is that FHEmem does not introduce complex butterfly networks in the memory. Instead, FHEmem

exploits the existing DRAM internal links (i.e., MDLs and LDLs) with efficient customizations (i.e.,

NMU, switches, HDLs).
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4.4.4 Base Conversion

BConv is a costly but frequent operation in FHE. As introduced in Section 4.2, to generate

each special RNS polynomial of BConv (with modulus pk), each input RNS polynomial with

modulus qi first multiplies [q̂i−1
]qi and [q̂i]pk. Such partial products are reduced to each special RNS

polynomial pk. FHEmem parallelizes multiplications in different subarray groups with different

input polynomials. To reduce the partial products, FHEmem first accumulates partial products

in the same bank using NMUs and MDLs because partial products of different polynomials in a

bank are aligned either in the same subarray group or in different subarray groups in the vertical

direction. Therefore, the intra-bank accumulation can be processed in an adder-tree manner by

exploiting switches in MDLs. FHEmem processes the final reduction in the bank of the output

polynomial, requiring data transfers of partial products from all other banks. FHEmem handles such

inter-bank data movements using the customized interconnection (Section 4.3.3). To parallelize

the computation, each bank processes different output polynomials simultaneously. FHEmem

determines the optimized schedule based on the number of banks used for the ciphertext, the number

of input/output RNS polynomials, and the underlying interconnect structure.

4.4.5 Automorphism

Automorphism is a process that permutes the coefficients of a polynomial by using Galois

group. FHEmem supports automorphism based on the observation from BTS [132]: the interleaved

coefficients (Section 4.4.1) in the same tile (mat in FHEmem) will be mapped to a single tile after

automorphism. FHEmem further extends this idea to interleave coefficients in one more dimension,

memory row, where the column c of row z of a mat (x,y) stores coefficients with the indices

cNxNyNz + zNxNy + yNx + x. With such coefficient mapping, the automorphism only requires three

steps: permutations in each row, vertical inter-mat permutation, and horizontal inter-mat permutation.

FHEmem can handle the first step in NMU and the last two steps using MDLs and HDLs respectively.
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Figure 4.8: In-memory pipeline generation.

4.4.6 Application Mapping Framework for FHEmem

FHEmem can provide large throughput when fully utilizing memory. However, it is not trivial to

map a full FHE program to FHEmem hardware with high utilization. Thus, we propose a mapping

framework that generates data layout and scheduling in a pipeline manner that can fully utilize the

memory to process multiple input data in parallel.

Framework Overview

Figure 4.8 shows an example pipeline for the CoefToSlot step in CKKS bootstrapping. The

input of our framework is an intermediate representation extracted from the real FHE program.

Our framework generates a trace of FHE operations (e.g., HMul, HAdd, and HRot) in the static

single-assignment (SSA) form while unrolling all loops. Our framework then divides the operation

trace into multiple pipeline stages. The example shows the first 8 pipeline stages for CoefToSlot in a

simplified HBM model with 2 channels. After computation on a stage, the allocated memory needs

to transfer data to the memory that processes the pipeline steps with a data dependency. Therefore,
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Figure 4.9: Load-save pipeline optimization in two memory partitions.

the latency of each pipeline stage includes loading time, computation time, and transfer time. Our

framework aims to minimize the latency of the bottleneck stage in the pipeline.

Memory Allocation for Pipeline Stages

Our framework allocates each stage to a basic allocation memory unit, whose size is determined

by the FHE parameter setting including the polynomial degree, ciphertext scaling factor, and

ciphertext moduli. In Figure 4.8, the basic memory unit is one bank. To process a stage, we need

sufficient memory to support the data layout shown in Section 4.4.1 for the input and output data.

Extra memory is needed for constant data (e.g., evk and plaintexts). The ideal case is each allocation

unit can hold all data for the stage. When a memory allocation unit cannot hold all data, we store

constant data in a reserved memory location called data memory. When data is stored in the data

memory, all operations (across all stages) requiring the data need to dynamically load it. We reduce

the memory footprint by storing data in one place, instead of duplicating them in different memory

locations.
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Table 4.2: Architectural parameters.

HBM configuration 8-high HBM2E (16GB/stack)@10nm
Memory organization #banks/pseudo-channel=8, #pseudo-channels/stack=32
Bank specification 64MB, row size=1kB, 512*512 mats
Data transfer inter-bank NoC = 256-bit
Timing (ARx1) tRRD : 2ns, tRAS : 29ns, tRP : 16ns, tFAW : 12ns
Energy @10nm (ARx1) row act : 413pJ, pre gsa : 0.69pJ/b

post gsa : 0.53pJ/b, IO : 0.77pJ/b

Load-save Pipeline

A naive way of pipeline generation is to divide the FHE program into n stages, where n is the

number of available allocation units in memory. However, for large applications, each stage may

require a large memory footprint for operations, leading to frequent constant loading. As shown in

Figure 4.9(a), a stage has 4 operations, and every operation needs to load constants because memory

is occupied by the constants of previous operations. In FHEmem, we propose a load-save pipeline by

dividing operations into fine-grained stages with a small enough footprint. The fine-grained stages

are allocated to different memory in a round-robin manner, requiring multiple rounds to process all

stages for an input. In each round, the memory only creates a pipeline with part of the program (f1

and f2 in the first round in Figure 4.9(b)). It runs through a batch of input with only 1 data loading at

the beginning of each round. Each memory loads the next round of stages when the current input

batch is completed. The load-save pipeline minimizes the data loading while still fully utilizing the

memory for computation.

4.5 Experimental Setup

4.5.1 Hardware Evaluation

Memory Technology: The basic architecture of FHEmem is similar to HBM2E [9, 99]. The

system configuration is shown in Table 4.2. Each HBM2E stack has 16GB with 16 physical channels.

We scale energy and power values from 22nm used in previous work [102] to 10nm (shown in
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Figure 4.10: Efficiency comparison across different FHEmem configurations and CMOS-ASIC
accelerators [5, 6]. All values are normalized to SHARP [5].

Table 4.2), based on the recent HBM2E technology [9]. We follow the method of Vogelsang [160] to

calculate the scaling factors for energy. We assume 16 physical channels on a stack are connected

by a crossbar on PHY where each bidirectional link is 64-bit wide (bisection bandwidth=64GB/s

per stack). We also add stack-stack links for scaled-up systems, commonly used in memory-centric

architecture [68, 161–163]. FHEmem has two HBM2E stacks to support 32GB memory. We exploit

the remaining signaling links on HBM2E for stack-stack connection so the inter-stack bandwidth is

also 256GB/s.

Hardware Modeling: To evaluate the area and power of customized components, we synthesize

our design in 45nm technology using Nangate Open Cell Library. We model all other CMOS

components (including buffers and interconnects) in Cacti [60] at 32nm technology. We scale all

values to the 10nm technology with the scaling factors calculated from previous work [164]. We

estimate the delay, power, and area overhead of integrating CMOS-ASIC and DRAM technologies

based on the difference in number of metal layers and complexity of the customized logic [12,13,165].

Simulation: We generate FHE operation traces from software implementations of different

workloads, and our mapping framework optimizes the trace and generates PIM instructions for

simulation. Our in-house simulator adopts a cycle-accurate trace simulation based on the standardized

DRAM latency constraints, similar to Ramulator [103]. We model control logic at different levels in

the DRAM hierarchy.
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4.5.2 Workloads

Logistic Regression (HELR) [140]: This workload has 30 iterations of homomorphic logistic

regression where each iteration trains 1024 samples with 256 features as a batch. The multiplication

depth is deep, requiring several bootstrappings.

ResNet-20 [34]: The ResNet-20 is a homomorphic neural network inference for one CIFAR-10

image classification. The network is deep with multi-channel convolutions, matrix multiplications,

and approximated ReLU function.

Bootstrapping [145,166]: We evaluate the bootstrapping algorithm using a similar framework as

previous work [135, 145], which requires 15/30 levels of bootstrapping. We adopt the minimum-key

method used in previous work [135] to reduce the rotation keys used in bootstrapping.

4.5.3 FHE Parameters and Evaluation

We evaluate the efficiency of FHEmem on a 128-bit security FHE parameter setting chosen

from Lattigo [167], where logN = 16, L = 23, dnum = 4, and logPQ = 1556, similar to prior

accelerators [132, 135]. Each polynomial is decomposed into 40-61 bit RNS terms, where FHEmem

allocate 64-bit for each coefficient. For all workloads, we measure the time using the maximum time

across all pipeline stages, indicating the amount of time that we can finish an input when the pipeline

is full. In addition, we consider the number of pipelines that can be processed simultaneously in

the system when the program (only the bootstrapping workload) cannot fully utilize the memory

capacity (e.g., 32GB).

4.6 Evaluation

4.6.1 Comparison to Previous FHE Accelerators

Figire 4.10 compares FHEmem with two state-of-the-art ASIC FHE accelerators (CraterLake [6],

and SHAPR [135]). We explore two design choices of memory organization that play important roles
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in the performance, power, and area of FHEmem: the aspect ratio of DRAM mat (AR), and the width

of adders in a subarray (if each NMU has 2 64-bit adders, a subarray with 16 mats has 2k-width

adders). As discussed in Section 4.2.4, high-AR architecture has better performance and energy

efficiency than low-AR architecture, but incurring significant area overhead. The width of adders

determines the performance of arithmetic computing - wide adder designs support faster computing

while requiring a larger area than narrow adders. For the chip area of prior ASIC accelerators, we

add the area of 32GB HBM2E (2×110mm2) for a fair comparison.

Performance

FHEmem shows superior performance over prior FHE accelerators. Specifically, ARx8-8k

(lowest EDP) is 4.4× (8.8×), 2.2× (3.4×), and 5.4× (17.5×) faster than SHARP [5] (CraterLake [6])

on bootstrapping, HELR, and ResNet-20 respectively. ARx4-4x (lowest EDAP) is 3.4× (6.8×),

1.7× (2.6×), and 4.1× (13.2×) faster than SHARP [5] (CraterLake [6]) on bootstrapping, HELR,

and ResNet-20 respectively. The less significant performance improvement in HELR results from

the low portion of bootstrapping which is significantly optimized by adopting the minimum-key

optimization [5, 135].

Efficiency

We then compare the power and area efficiency of FHEmem and ASIC accelerators. As compared

to SHARP, ARx8-8k improves EDP and EDAP by 8.2× and 5.1×. However, ARx8-8k requires 1.6×

larger area and 2.3× higher power than SHAPR. ARx4-4k improves EDP and EDAP of SHAPR [5]

by 6.2× and 6.9×, with 0.9× area and 1.8× power consumption. ARx2-2k is a configuration that

provides the best performance while using less area (0.65×) and power (0.94×) than SHAPR. For

performance, ARx2-2k is 1.56×, 0.92×, and 1.96× faster than SHAPR, leading to 2.59× and 3.96×

EDP and EDAP improvement.

100



Analysis of FHEmem Benefits

As compared to ASIC accelerators, FHEmem provides a higher throughput due to the efficient

in-memory computation and large intra-memory bandwidth. For instance, ARx4-4k FHEmem has 16

million 64-bit adders. Considering the cost of DRAM row activations, data transfers, subarray-level

parallelism, and 500MHz frequency of additions, the effective throughput of ARx4-4k for 64-bit

multiplication is around 637.61 TB/s. During multiplication, the adders consume most of the energy

because row activation energy is amortized for the entire row, and data transfer is energy-efficient due

to the short wire length. Therefore, the energy efficiency of FHEmem computation is similar to the

modular multiplier used by FHE accelerators (slightly higher due to the DRAM-CMOS integration).

For the internal bandwidth of NTT, ARx4 FHEmem supports 256-bit link (500MHz) for each of 512

subarrays in a bank. Considering up to half of the subarrays can transfer data simultaneously during

NTT, the peak internal bandwidth for NTT is 2048 TB/s in 32GB ARx4 FHEmem. For the slowest

NTT step, the internal bandwidth drops by 16× (128 TB/s). As a comparison, SHARP [5] has

around 24K 36-bit multipliers running at 1GHz, leading to 221.18 TB/s throughput. Furthermore,

the on-chip memory resources in SHARP support 72TB/s bandwidth.

4.6.2 Comparison across different FHEmem Configurations

As shown in Figure 4.10, There is a significant difference in power and area between different

FHEmem configurations. For example, the largest FHEmem (ARx8-8k) requires 642.32mm2 chip

area and 218W power, while the smallest FHEmem (ARx1-1k) only requires 223.81mm2 chip area

and 36.24W power. As a reference, the commercial 2-stack HBM2E has a chip area of 220mm2 [9]

and the power budget of a conventional HBM system is 60W [102]. We note that the power budget

of conventional HBM is different from the accelerator design targeted in this work, where high

power consumption is reasonable if it meets the thermal requirement (e.g., 10W/cm2/layer [168]).

Based on the results, high-AR FHEmem provides higher performance than low-AR designs

because increasing AR can increase both compute and data movement throughput inside a bank.
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Figure 4.11: The latency and energy breakdown.

For ARx1 and ARx2 FHEmem configurations, doubling AR can provide 1.57× to 1.98× speedup

because the execution is compute-bound. For ARx4, doubling AR only provides 1.23× to 1.67×

speedup. Increasing adder-width exhibits a similar trend where the effect of increasing compute

resources diminishes for high-throughput architectures.

To find the most cost-efficient FHEmem design, we evaluate energy-delay-product (EDP) and

energy-delay-area-product (EDAP) for different FHEmem configurations. For EDP, the trend follows

the performance, where the largest FHEmem (ARx8-8k) gives the lowest EDP. When considering

the area cost, different ARs favor different adder widths. Specifically, ARx8 and ARx4 exhibit

the lowest EDAP at 2k and 4k adder-width respectively. The configuration with the lowest EDAP

(ARx4-4k) is 1.34× more efficient than ARx8-8k.
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Figure 4.12: Comparison between PIM technologies.

4.6.3 FHEmem Latency and Energy Analysis

Figure 4.11 shows the latency and energy breakdown of different FHEmem configurations. We

accumulate all latency values, considering the parallel processing, across all memory banks for the

latency breakdown. We divide all operations into 7 categories, including computation (subarray

activation/precharge, operand transfer, and addition), permutation (inter-mat transfer), read/write

(activation and precharge for data transfers), and inter-bank/channel/stack IO traffics.

The breakdown results provide several key insights of FHEmem. First, in low-AR FHEmem,

the latency is dominated by computation and permutation because of the limited throughput of

computation and intra-bank data movements. Increasing AR can effectively reduce the latency for

both computation and permutation latency. Furthermore, increasing the adder width can effectively

reduce the computation latency. However, in high-AR FHEmem, the data movement becomes

the performance-dominant operation, especially inter-bank data movements (mainly caused by

BConv). This proves the necessity of customized inter-bank links. We analyze the detailed effect of

optimizations in Section 4.6.6. For energy consumption, FHEmem consumes most of the energy on

computation and permutation, which incurs intensive row-activation and intra-bank data movements.
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Table 4.3: Area and power of FHEmem (16GB HBM2E).

ARx4 HBM DRAM Cell Local WL Driver Sense Amp Row/Col Dec.s
Area (mm2) 56.54 26.15 45.63 0.39

Center Bus Data Bus TSV Total
1.56 4.81 13.25 148.33

4K adder Horizontal DL Adder&Latches Bank Chain & Buf.
Area (mm2) 14.13 30.43 0.065
Power/Energy 5.3fJ/b (avg.) 15.86W 0.53pJ/b

4.6.4 PIM Technologies

Figure 4.12 compares the efficiency of FHEmem to other PIM technologies, including SIM-

DRAM [11] and DRISA [13]. For a fair comparison, we use the proposed application mapping and

customized data links in baseline PIM architectures, while evaluating the difference in processing.

We implement an adder-less NMU for permutations in baselines. We select the most efficient

(lowest EDPA) FHEmem for each AR. The results show FHEmem is 183.7× to 255.4× faster

than SIMDRAM [11], and 2.76× to 6.75× faster than DRISA-logic [13]. Furthermore, FHEmem

is at least 19,300× and 47× more efficient than SIMDRAM and DRISA-logic using EDAP. As

compared to DRISA-add [13], FHEmem is 1.14× to 1.21× slower from ARx8 to ARx1 because

DRISA’s adders can directly access the sense amplifiers. However, FHEmem is 1.04× (ARx1) to

1.51× (ARx8) more efficient in EDAP because FHEmem does not introduce area overhead in mat.

Furthermore, DRISA is more challenging to manufacture because the large adder area will affect the

alignment of cost-optimized bitlines. As a comparison, FHEmem puts all customized logic outside

the mat structure.

4.6.5 Overhead Analysis

Table 4.3 shows the area and power breakdown for our customized hardware components of

FHEmem based on 1 HBM2E stack (16GB). We exploit the Cacti-7 [60] to generate the area

breakdown of HBM and rescale the values to the published work [169]. The table shows a structure

of ARx4 HBM and each subarray contains 4k-wide adders. All area values are for a single layer. The
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large area mainly comes from the near-mat adders. The horizontal data links use the same technology

as the global data lines with the consideration of energy efficiency (4× larger than local bit-lines).

We extract the capacitance of material and scaling method from previous work [160] to calculate

the energy consumed by data transfer. We note that the target of FHEmem is not a cost-optimized

memory product, but a specialized accelerator for emerging applications that require high-throughput

computation and/or efficient intra-memory data movements. However, the proposed design is still

practical in terms of area and power overhead. First, unlike previous near-subarray PIM [13],

FHEmem put the customized logic outside DRAM mat, avoiding the issue of aligning cost-efficient

local bitlines. Second, FHEmem can still maintain a normal DRAM working temperature (under

85◦C). Previous work [168] shows a 16-high compute-centric 3D memory can tolerate 10W/cm2 per

memory layer to keep DRAM temperature under the 85◦C limit with a commodity-server active heat

sink. For example, the power consumption and area of 8-high ARx4 4k FHEmem are 173.9W and

367mm2, resulting in a power density of 5.92W/cm2 (the highest power density in our exploration).

4.6.6 Evaluation of FHEmem Optimizations

We compare FHEmem with baseline systems enabling a subset of FHEmem optimizations, as

shown in Figure 4.13.

Montgomery-friendly Moduli

The Montgomery-friendly moduli can reduce the number of addition steps, improving the

computation performance. As shown in Figure 4.13, Base1 is 1.68× and 1.58× faster than Base0 on

HELR and ResNet with ARx2-2k architecture. On Arx4 and Arx8 architectures, this optimization

only improves the performance by 1.17× and 1.06×. However, Montgomery-friendly moduli can

effectively reduce energy consumption by 1.75× because computation is energy-dominant across all

FHEmem architectures (Figure 4.11).
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Figure 4.13: Effect of different optimizations including (1) Montgomery-friendly moduli, (2)
inter-bank connection network, and (3) load-save pipeline mapping. Base0 uses (3), Base1 uses
(1)+(3), and Base2 uses (1)+(2).

Interconnect Network

The comparison between FHEmem and Base1 shows the efficiency of the proposed inter-bank

network, where Base1 uses the existing HBM channel IO for all inter-bank data movements. Based

on our results, the proposed inter-bank network can improve the performance by 1.31×, 1.86×, and

2.12× on ARx2, ARx4, and ARx8 respectively. The inter-bank network can reduce the latency of

related data movement by 3.2× on average.

Load-save Pipeline Mapping

The comparison between FHEmem and Base2 shows the efficiency of the load-save pipeline

mapping. For HELR, load-save pipeline mapping improves the performance by 3.59× (1.77×),

3.12× (1.54×), and 2.38× (1.15×) on ARx8, ARx4, and ARx2, respectively, for HELR (ResNet).

The significant performance improvement results from the reduction of frequent data loading,
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especially loading data from a remote stack.

4.7 Related Work

Several FHE-specific accelerators have been proposed recently in the architecture community [5,

6, 131–133, 135]. CraterLake [6], a followup work of F1 [131], adopts wide vector processor

with specialized high-throughput units for BConv and on-chip key generation. BTS [132] exploits

relatively low throughput function units with large inter-PE crossbar network. ARK [135] uses an

algorithm-hardware co-design to significantly reduce the off-chip bandwidth for bootstrapping evk

and plaintext polynomials. SHARP [5] further improves the performance ARK by using low bit-

precision data path (36-bit vs. 64-bit in ARK). However, their technique does not apply to general evk

and ciphertexts, leading to the same memory issues, as analyzed in Section 4.2. FHEmem exploits

the large internal memory bandwidth of memory-based acceleration to unleash the processing

throughput in a more area and power-efficient way.

CryptoPIM [133] is a ReRAM-based PIM accelerator with customized interconnect for NTT

operations, lacking the support for more general FHE operations. In-storage processing is another

promising technology to accelerate big-data applications [170–172]. INSPIRE is an in-storage

processing system for private database queries based on FHE by integrating FHE logic (e.g., NTT

and permutation) in the SSD channels. INSPIRE only supports small FHE parameters (i.e., N=4096)

and its throughput is limited by the number of SSD channels. MemFHE [136] is a ReRAM-based

PIM accelerator with the customized data path for bit-level TFHE scheme, not applicable to CKKS

and other packed FHE schemes.

4.8 Conclusion

This chapter comprehensively investigates the end-to-end software mapping of FHE applications

onto PIM architectures and reveals several key inefficiencies of existing PIM acceleration for FHE.
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The proposed techniques in this chapter advance the research on both FHE acceleration and efficient

general PIM acceleration using software-hardware co-design, which can be used by future work on

highly efficient private computing as well as next-generation memory system design. Our FHEmem

is a novel FHE accelerator based on a specialized PIM architecture with software-hardware co-design

that is 6.9× more efficient than prior art FHE accelerators [5, 6].

Chapter 4, in full, is currently being prepared for submission for publication of the material,

Minxuan Zhou, Yujin Nam, Pranav Gangwar, Weihong Xu, Arpan Dutta, Kartikeyan Subramanyam,

Chris Wilkerson, Rosario Cammarota, Saransh Gupta, and Tajana Rosing. The dissertation author

was the primary investigator and author of this material.
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Chapter 5

Summary and Future Work

5.1 Summary of Thesis

This thesis introduces several software-hardware co-design techniques for efficient PIM accelera-

tion of emerging applications that require both extensive parallelism and high memory bandwidth.

Chapter 2 investigates the design space and performance model of different software mappings on

PIM architecture and applies it to DNN models. It introduces a method to transform the conventional

representation of DNN operators (i.e., nested loop) into a detailed performance and data layout

model for PIM acceleration, and then proposes an efficient framework to optimize the extremely

complicated problem of mapping a whole DNN model onto PIM architecture. The experiments

on various DNN models show that the proposed framework can provide 1.2× to 9/9× speedup on

various PIM accelerators [3, 4, 13]. Chapter 2 also explores different interconnect architectures used

for PIM acceleration and finds that lightweight modifications in the intra-memory interconnect can

further boost the performance of DNN acceleration with data layout optimization.

Chapter 3 expands the discussion of software-hardware co-design to an emerging family of

machine learning models, Transformers, which feature different characteristics from conventional

DNN models. Transformer-specific characteristics result from the self-attention mechanism and the

computations based on large matrices, posing challenges to both existing software mapping methods
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and PIM hardware architecture. To tackle these challenges, Chapter 3 proposes a novel software

mapping based on the dependency of input tokens and an enhanced PIM architecture with lightweight

hardware modifications that are within 4% of conventional HBM for Transformer operations. The

proposed software-hardware co-design achieves up to 10× performance improvement over state-of-

the-art PIM accelerators [11, 12] with optimized processing flow [88].

To extend the research to non-ML applications, Chapter 4 introduces a software-hardware co-

design of PIM for fully homomorphic encryption (FHE), which is a challenging application with

complicated operations on large polynomials with high bit-precision coefficients. Experiments on

existing PIM architectures lack the hardware support for complex FHE data movement patterns

and fail to match the speed of existing FHE accelerators due to the intrinsic inefficiency of PIM

for high bit-precision arithmetic. Thus, Chapter 4 proposes a novel type of PIM architecture that

uses near-bank processing to improve throughput and energy efficiency of in-memory arithmetic.

Near-bank logic also adds support for data permutation inside the memory bank. On the software

level, Chapter 4 proposes an optimized end-to-end processing flow for FHE with a pipeline-based

application mapping framework to fully utilize PIM hardware for FHE applications. With the

proposed software-hardware co-design, the proposed PIM acceleration achieves at least 4× speedup

and 7× efficiency improvement over prior-art FHE ASIC accelerators [5, 6].

Even though each chapter conducts research in the context of specific application domain, the

proposed software-hardware co-design techniques are general because all investigated operations

(e.g., convolution, matrix multiplication, polynomial operations, etc.) are common kernels widely

used in many emerging application domains. Furthermore, the proposed techniques maintain the

conventional memory interface, making the design very flexible. The proposed techniques provide

valuable insights into both software mapping and hardware design for applying PIM acceleration to

implement more efficient computer systems.
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5.2 Future Work

There are several interesting directions to explore in PIM research. First, most PIM accelerators

to date have been very specific to a relatively few applications. A broader set of applications should

be explored. Second, how to design PIM-based systems is still an open problem. Third, there is a

lack of full-stack system support for PIM. Future work should address these three key directions.

5.2.1 PIM for broad emerging applications

The extensive parallelism and high internal bandwidth of PIM are promising for the acceleration

of emerging applications in addition to machine learning and fully homomorphic encryption that are

discussed in this thesis. As shown in this thesis, the applications suitable for PIM acceleration should

have highly parallel operations with large memory footprints, which are common characteristics

of many challenging applications including graph processing, bioinformatics, physical simulation,

and image processing. These applications feature various computation and data movement patterns.

The PIM designer needs to investigate the software mapping of application operations to the PIM

hardware and design an efficient data layout and processing flow that balances the computation and

data movements. Furthermore, the innovation of hardware support is also critical in the case that the

target application features operations that cannot be efficiently processed by existing PIM hardware.

As future systems become more and more heterogeneous, a data center can adopt different types

of PIM accelerators (with other types of accelerators) to provide superior performance for various

applications.

In addition to the application-specific acceleration, designing a unified PIM architecture that

can accelerate applications from several fields is a more cost-efficient research direction. Such

research builds on various application-specific PIM accelerators and abstracts a common framework

in both software and hardware to support all considered applications with minimized cost. For

example, one can extend the tensor-based PIM acceleration (e.g., DNN and image processing) with

support for various dependency scenarios in irregular applications (e.g., graph processing) to create
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a unified solution for these applications. To design such systems, new domain-specific languages

and cost-efficient versatile PIM architectures are both critical.

5.2.2 Heterogeneous systems with PIM

This thesis focuses on the PIM acceleration based on the hardware with a homogeneous tech-

nology. However, as discussed in Chapter 1, there have been various PIM technologies providing

specific advantages on performance, power, and area. A heterogeneous system with a variety of

PIM technologies at different levels in the memory and storage hierarchy with different types of

memory devices may provide the most balanced solution for applications. The software stack

for the heterogeneous PIM system requires mapping optimization on each of the underlying PIM

technologies. Optimizations are needed that determine the execution locations for the applications or

parts of an application in a heterogeneous system. On the hardware side, it is an open problem how

to design the architecture of such a heterogeneous system, including the technologies, architectural

configurations, and the interconnect.

5.2.3 Generic software stack for PIM

The software stack is a key to the success of novel hardware platforms. However, there lacks

such a full-stack solution nowadays to enable various PIM technologies in real-world systems.

Most current research work only adopts application-specific interfaces to map applications to

hardware [53, 68, 88]. The system support built on the conventional system stack only supports the

PIM architecture with conventional execution model [7]. The development of a generic software

stack for various PIM architectures is critical. As discussed above, it is important to maintain a

generic hardware interface that can support different customization in a unified architecture. Such

standardization would also help the development of a generic software stack, consisting of the

front-end programming interface, the compiler, and the instruction set of architecture. Specifically,

the front-end programming interface, such as libraries in conventional languages or domain-specific
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languages, enables application developers to exploit the underlying PIM hardware. The PIM compiler

can optimize the application code and generate efficient hardware instructions.
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