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ABSTRACT

With the rapid growth of machine learning hardware demand, High Bandwidth Memory

(HBM) has emerged as a prominent choice for architectural and system design considerations.

HBM3e achieves a remarkable memory bandwidth of 1.2 TB/s per stack and is projected

to attain 2+ TB/s on the roadmap. This substantial bandwidth enhancement presents a

compelling opportunity to accelerate memory bandwidth-critical applications. Nevertheless,

current CPUs with a multilevel cache hierarchy lack the requisite memory level parallelism

to fully saturate such high bandwidths.

We employ the Memory Parallelism Abstract Machine (MPAM) [83] to highlight the

inherent namespace that limits the memory level parallelism in architectures. Through

MPAM, we investigate the hardware constraints of four commercial platforms. We also

evaluate the UpDown architecture using MPAM. The UpDown architecture mitigates these

namespace limitations and achieves unlimited memory level parallelism through the split

transaction of DRAM requests, explicit compute-name synchronization of memory responses,

and efficient memory parallelism scaling.

As a result, a single UpDown lane can attain 3.5 times memory level parallelism over a

single Out-of-Order core with a significantly smaller footprint. A 256-lane UpDown system

achieves approximately 34 to 172 times speedup on STREAM, SPMV, and CNN compared

to a single Out-of-Order core with prefetching, all while utilizing a comparable area. Fur-

thermore, we demonstrate that UpDown can effectively scale out and saturate HBM3e and

future HBM memory bandwidths at a low cost.
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CHAPTER 1

INTRODUCTION

For decades, the design of CPU-based computer systems has focused on reducing memory

bandwidth requirements due to the high cost and long latency associated with memory

access. As CPU clock speeds increased, deep memory hierarchies emerged as a solution to

optimize memory operations. These hierarchies effectively filtered the program’s memory

requests, reducing the Average Memory Access Time (AMAT) and limiting the number of

requests needed to access the slower DRAM. This approach reduced the reliance on memory

bandwidth and improved overall system efficiency.

One reason for the need to reduce memory access is that the DRAM memory (e.g.,

DDRs [36, 89], LPDDRs [56, 87], etc.) only provides low bandwidth, as it historically used

inexpensive packaging and low-pin-count interfaces. This packaging design is the reason

why a large number of memory packages are required to achieve a certain level of memory

bandwidth. For example, most DDR systems have only reached a few hundred GB/s of

memory bandwidth [31, 37, 94].

In recent years, the emergence of wide memory interfaces with thousands of IO’s has

significantly altered the landscape [53, 79]. These wide interfaces enable some DRAM chips

to achieve bandwidths as high as 1.2 TB/s [63], effectively leveraging the band-level/rank-

level parallelism inherent in DRAM. In modern commercial products, an 8-stack system

can provide over 8 TB/s of bandwidth in a single package [97]. Therefore, stacked DRAM

technologies have made memory bandwidth abundant. The green line depicted in Figure

1.1 represents the memory bandwidth of the current GPUs integrated with HBM, while

the red line represents the memory bandwidth supported by the commercial CPU system.

Figure 1.1 illustrates the substantial potential benefit that HBM can bring. Conversely, the

CPU is unable to meet this demand due to its inefficiency in generating exceptional memory

requests.

1
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Figure 1.1: CPU cannot utilize HBM memory bandwidth. CPU memory systems [1, 2, 3,
4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16] are selected from the most performant commercial
server CPUs of each year. HBM systems are [73, 74, 75, 76, 77, 101].

Due to the long latency of DRAM, achieving high memory bandwidth requires compute

elements to generate significant memory-level parallelism by issuing a large number of con-

current outstanding memory requests. This is a shift from the traditional goals of memory

hierarchy design, which prioritize reducing latency and minimizing memory traffic [50, 80].

In light of this new landscape of abundant memory bandwidth, we explore and assess various

methods to effectively generate memory parallelism.

To structure the evaluation, we adapt the Memory Parallelism Abstract Machine (MPAM)

model from [83] to capture the fundamental limits and resources used by conventional ar-

chitectures to generate memory level parallelism. We use MPAM to study four commercial

systems. Subsequently, we apply MPAM to the UpDown accelerator, which can achieve

unlimited memory level parallelism through split transaction DRAM memory requests, ex-

plicit compute-name synchronization of memory requests, and efficient memory parallelism

scaling. Finally, we utilize diverse applications to compare the memory parallelism achieved

(performance) and power/area (cost) for a range of approaches.
2



The contributions of the paper include the following:

1. Application of MPAM to four commercial CPUs, using it to characterize their design

and performance accurately;

2. Application of MPAM to UpDown, explains that its split transaction DRAM mem-

ory request, explicit compute-name synchronization of memory request, and efficient

memory parallelism scaling grant it unlimited ability to generate outstanding memory

requests;

3. Evaluation shows UpDown efficiently generating memory level parallelism and achiev-

ing high performance. 1 UpDown lane achieves memory level parallelism up to 3.5x vs.

OOO core with 207x smaller area; 256 UpDown lanes achieve memory level parallelism

26x-79x vs. one OOO core.

In Chapter 2, we describe the background for our work. We present the Memory Par-

allelism Abstract Machine (MPAM) model in Chapter 3, showing how various architectures

map to the model. In Chapter 4, we present the design of the UpDown architecture. In

Chapter 5, we describe the methodology used for evaluation and the result. In Chapter 6,

we compare the cost of UpDown and other architectures to achieve certain memory level

parallelism. Related work is discussed in Chapter 7. Finally, in Chapter 8, we summarize

the results and discuss future research directions.

3



CHAPTER 2

BACKGROUND

2.1 Out-of-Order Execution

The out-of-order execution mechanism is a widely used feature in traditional CPU archi-

tecture. This mechanism enables the execution of instructions without being hindered by

a memory read or write instruction. A large physical register file with register renaming

removes false data dependency on the instructions [91]. Hundreds of lines of reorder buffer,

multiple issues, and a couple of memory schedulers allow a wide instruction window to per-

form static or dynamic scheduling [48, 93, 103]. Large load-store queues are included to order

memory accesses and ensure that a certain consistency model is maintained from the out-of-

order sequence of execution [47, 88]. These mechanisms enable high instruction parallelism

in compute-centric applications, but their size inherently limits the number of outstanding

memory requests, as these requests are managed in multiples of these structures. Most of

these structures are constructed using Content Addressable Memory (CAM), which incurs

significant scaling costs.

2.2 Cache Mechanisms for Memory Parallelism

The introduction of the cache minimizes the number of accesses to the DRAM module.

When the CPU requests data from an address accessed previously, the cache can respond

with the data if the result of the previous access is still stored there, thereby avoiding the

traffic to memory. However, caches are ineffective for applications with low data reuse,

resulting in high miss rates and incurring additional costs. Miss Handling Architectures

(MHA) in lock-up-free/nonblocking caches support multiple outstanding misses using Miss

Status Holding Registers (MSHR) for bookkeeping, which usually uses CAM [44, 57]. To

4



avoid numerous accesses of the same cache line, MSHR creates a namespace limiting memory

level parallelism, controlling the number of outstanding memory requests.

Hardware prefetching is a popular technology embedded in the cache hierarchy [30, 51,

105]. Several sophisticated prefetchers have been proposed and implemented to predict future

memory accesses, fetch the value, and respond as cache hits if predicted correctly. However,

this prefetching is sharing the namespace with other memory requests. It is also difficult to

make prefetching effective in applications with irregular memory accesses [85, 115].

2.3 High Bandwidth Memories

Data-intensive workloads like machine learning and large-scale graph processing propose a

large memory bandwidth requirement. They quickly adopt stacked DRAM technologies like

High Bandwidth Memories (HBM). HBMs increase bandwidth many-fold by broadening the

interface width from 64 bits to 1024 and beyond [63, 64, 89]. Table 2.1 lists current and

future generations of HBMs. The current generation of HBM (HBM3e) can provide 1.2 TB/s

memory bandwidth, which demands the system to generate ∼1800 concurrent outstanding

memory requests to saturate the memory bandwidth. Current architectures cannot saturate

such high bandwidth or require prohibitively expensive scaling to do so. One example is the

Intel Xeon Max 9480 which, with 56 Sapphire Rapid Cores and four HBM2e stacks, can only

achieve 43% peak utilization.

Table 2.1: High Bandwidth Memory technologies [63, 64]

DRAM
Technology

Interface
per Stack

Max Data Rate
Speed per Pin

Max Bandwidth
per Stack

Max Capacity

HBM2e 8× 128 bit 3.6 GT/s 0.4 TB/s 16GB
HBM3 16× 64 bit 6.4 GT/s 0.8 TB/s 24GB
HBM3e 16× 64 bit 9.6 GT/s 1.2 TB/s 36GB
HBM4 32× 64 bit 6.4 GT/s 1.6 TB/s 36-64GB

5



2.4 UpDown Graph Accelerator

(a) An UpDown node

(b) The UpDown System

Figure 2.1: The UpDown node and system

UpDown [35, 81, 82] is part of a larger system design project funded as part of IARPA’s

Advanced Graphic Intelligence Logical Computing Environment (AGILE) program [17]. The

program aims to create breakthrough performance on irregular applications and graphs with

extreme skew and low data reuse [82]. The UpDown architecture builds on previous re-

search architectures, namely the Unified Automata Processor (UAP) and the Unstructured

Data Processor (UDP) [42, 43]. UpDown extends the fast symbol processing and multi-way

dispatch capabilities in UAP and UDP to generic event-driven execution.

UpDown adapts a Multiple Instruction, Multiple Data (MIMD) parallel computing archi-

tecture. Each lane can perform an independent stream of instructions on independent data.

Single UpDown node provides huge computing power with a small die area (16 TFLOPS

on FP32, about 120 mm2 [82]). The full UpDown system has 16K nodes, providing 256

6



petaFLOPS computing power, which is comparable to a state-of-the-art multi-GPU system

[21].

UpDown provides high memory bandwidth and high interconnection bandwidth. Each

UpDown cluster (256 UpDown lanes) is connected to an HBM3e stack, providing 1.2 TB/s

memory bandwidth. Each UpDown node consists of 8 UpDown clusters and 8 HBM3e

DRAM stacks with 1.1 TB/s intercluster bandwidth, as illustrated in Figure 2.1(a). The

DRAM is shared amongst all of the accelerators and the CPU on the node and can be

globally addressed by all of the nodes in the system. The Updown system is 16K Updown

nodes connected by a high-bandwidth, low-diameter PolarStar network with a latency of

0.5 microseconds and >50 petabytes/second bisection [58]. Each lane can send messages to

any lane in the system, regardless of whether they are in the same physical tile or package.

Meanwhile, with the support of global address space [108], each lane can access any part of

the global memory space even if an address is located in a far stack (not in the local cluster).

7



CHAPTER 3

MEMORY PARALLELISM ABSTRACT MACHINE

The memory level parallelism achievable by contemporary architectures is fundamentally

constrained by three internal namespaces utilized for bookkeeping and synchronization of

outstanding memory requests. These namespace limitations are formally captured and de-

fined by the Memory Parallelism Abstract Machine (MPAM), which accommodates any

practical machine across its front end, back end, and shared components [83]. When a

memory request originates from one front end based on assembly code, it will initially be

limited by the synchronization namespace at the front end. Subsequently, it will be con-

strained by the outstanding request namespace as it traverses layers of bookkeeping at the

back end. Finally, upon reaching shared resources within front ends and back ends, it will

be constrained by the shared request namespace. These three namespaces are directly asso-

ciated with architectural resources, including renamed registers, load/store buffers, MSHRs,

shared queues, and so on. These resources impose limitations on the size of the namespaces

or render scaling them up prohibitively costly. In this chapter, we present a comprehensive

description of MPAM, validate its functionality, and demonstrate its application to derive

architectural parameters on commercial platforms.

3.1 Namespace Limiting Memory Level Parallelism

3.1.1 Synchronization Namespace Nsync

The processor architecture front end uses names to allow memory responses to synchronize

into thread execution. Traditional CPU architecture typically maps the architecture ISA

register names to a larger physical register namespace via register renaming to retain only

true dependencies between instructions. The physical register namespace will be further

bond to a large physical register file, reorder buffers, reservation stations, etc., depending on
8



the specific implementations. When a load or store instruction is being executed, one of the

names and one or more corresponding physical structures will be reserved for synchronization

with the memory response message (returning data for load or commit confirmation for

store). Thus, due to the limitation of physical resources, the Synchronization Namespace

Nsync will limit the number of memory references the front end of a processor can send.

3.1.2 Outstanding Request Namespace Nout

The processor architecture back end uses a second namespace to bookkeep and track out-

standing memory requests. Usually, it is bound to content addressable memories like load

store queue and MSHRs in each level of cache, specifically, these outstanding memory re-

quests can be categorized into two groups:

1. Synchronous Request Namespace Nout_sync: Synchronous memory requests denote

memory requests that are generated by a load or store instructions. Their response

will need to be send to the front end and synchronized to thread execution.

2. Asynchronous Request Namespace Nout_async: Asynchronous memory requests are not

generated directly from an instruction. Usually, they are generated by mechanisms in-

dependent to instruction executions like hardware prefetching / direct memory access.

Despite not synchronizing with thread execution, they are designed to fill up caches or

scratchpads to increase hit rates and reduce memory latencies.

They will share the Outstanding Request Namespace Nout, so that

Nout = Nout_sync +Nout_async

Like the Synchronization Namespace Nsync, Outstanding Request Namespace Nout imposes

a limitation of memory reference the back end of a processor can send.

9



3.1.3 Shared Request Namespace Nsh

Multi-core architectures usually have shared resources in the memory path, typically L3

cache, last-level cache, system-level caches, shared FIFO queues, and so on. They add a

restriction on the sum of outstanding requests from all cores sharing them. For architectures

that are not using these components, Nsh will be the entire address space.

3.2 MPAM Description

Figure 3.1: Memory Parallelism Abstract Machine captures the fundamental limits to mem-
ory parallelism in three separate resource bound namespaces - Synchronization Namespace
(Nsync), Outstanding Request Namespace(Nout) and Shared Request Namespace(Nsh)

The figure above shows the Memory Parallelism Abstract Machine that highlight three

namespace limiting memory level parallelism described in the previous section. The Abstract

Machine (AM) has L front ends (AMFE), K back ends (AMBE), and J shared resources

(AMSH). Thus there are L copies of Nsync, K copies of Nout, and J copies of Nsh corre-

spondingly. Then we can describe the memory level parallelism (MLP) one machine can

achieve as

MLP =
1

cl
· min(min(L ·Nsync · ss, K ·Nout_sync · so) +K ·Nout_async · so,

J ·Nsh · ssh). (3.1)

In the equation, ss, so, ssh are the request sizes (in words) of the three namespaces Nsync,
10



Nout and Nsh respectively, and cl is the cache-line size (in words).

MPAM provides a model to reason about the memory level parallelism given the design

of an architecture. It can also be used to demonstrate the bottleneck of the system, and

reason about the size of the namespace and the corresponding resources in order to achieve

certain MLP capability. Here are some ideas that can be immediately apparent from the

model:

1. Different combination of L, K, and J leads to various configuration of single/multi-core

architectures. When L = K = J = 1, we have a single core design. When L = K = nc

(number of cores) leads to a multi-core architecture that each AMBE been private to

each AMFE, for example, describing a private L1 and L2 cache system. When L is a

multiple of K, we get an SMT/Hyperthreaded front end with (L/K) threads per core.

2. Nsync and Nout_sync are closely coordinated. Simply increasing the value of one of

them will lead to MLP being bound by the other.

3. Nout_async can be increased independently from the AMFE. It can saturate the AMSH

just by giving it enough resources.

4. The Nsh is an overarching limit on the total outstanding requests. Architectures using

such a shared request namespace, such as a shared inclusive LLC / System Level

Cache, will be limited by the MSHR size of the cache. Other architectures, like Intel’s

core microarch (post-Skylake) where the LLC is a non-inclusive victim cache, are not

limited by this namespace.

In the following sections, we will first model three microarchitecture, single In-Order

core, single Out-of-Order core, and multiple Out-of-Order core, with MPAM. Then we will

validate MPAM with measurements of two commercial systems with architectural parameters

published. Finally, we apply MPAM to measurements of two other systems to derive some

of their architectural parameters.
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3.3 Modeling Microarchitectures with MPAM

3.3.1 Single-core In-Order Load/Store Architectures

In this architecture without prefetch, L = K = 1. Nsync = R, the ISA register namespace.

Nout_sync = 1 since it can only sustain one load or store instruction, i.e. one outstanding

request. Nout_async = 0 as there is no prefetch. Additionally, ss = so = 1. Based on

Eqation3.1, we have

MLP =
1

cl
· min(R, 1) =

1

cl
(3.2)

3.3.2 Single-core Out-of-Order Load/Store Architectures

In this architecture, we still have L = K = 1. AMFE is usually implemented using several

sophisticated mechanisms like speculative execution, dynamic scheduling, etc. These mecha-

nisms are supported using a large number of physical registers Rphy using register renaming

and reorder buffers. And OOO cores use Rphy instead of R to synchronize outstanding

requests. Additionally, ss = 1. This gives

Nsync = Rphy

The AMBE usually uses a multi-level of cache and implements bookkeeping with MSHRs at

each level. MSHRs are tracking the outstanding requests at cache line level of granularity,

gives so = cl. Here, we assume the load store queue is large enough so that MSHRl1 will be

the bottleneck. We also assume that the hardware prefetching is implemented in L2, with α

12



indicating the effectiveness of the prefetching. We get

Nout_sync =MSHRl1

Nout_async =α · (MSHRl2 − MSHRl1)

Combining Eqation3.1 and the three equations above, we get

MLP =min(Rphy/cl,MSHRl1) + α · (MSHRl2 − MSHRl1) (3.3)

3.3.3 Multi-core Out-of-Order Load/Store Architectures

In this architecture, we include a shared L3 with multiple cores (nc) demonstrated in the

previous section. L = K = nc, J = 1. Nsync, We still have ss = 1, so = cl, and

Nsync =Rphy (3.4)

Nout_sync =MSHRl1 (3.5)

Nout_async =α · (MSHRl2 − MSHRl1) (3.6)

Here, the MSHR for L3 is also at the granularity of cache line, so that ssh = cl, and

Nsh =MSHRl3

These four equation together with Eqation3.1 derives

MLP =min(nc · min(Rphy/cl,MSHRl1) + nc · α(MSHRl2 − MSHRl1),MSHRl3) (3.7)

By setting nc = 1, Equation3.7(with no L3) reduces back to Equation3.3.
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3.4 Validating MPAM’s ability to Model Commercial Systems

For this section, we summarized the commercial design we used and their published param-

eters in Table 3.1. These latencies were measured on commercial platforms using [90, 106].

Table 3.1: Systems for MPAM Validation [60, 31]

Systems # Cores Cache Memory
Intel Platinum 8375C 32 L1d: 48KB per core, 1.4ns;

L2: 1.25MB per core, 4.0ns;
L3: 54MB on chip, 27.9ns

8 Channel
DDR4-3200
103.3ns

AMD EPYC 9R14 96 L1d: 32KB per core, 0.7ns;
L2: 1MB per core, 2.4ns;
L3: 32MB per CCD, 10.9ns;
386MB on chip, 191.0ns

12 Channel
DDR5-4400
129.4ns

3.4.1 Intel Platinum 8375C

We first validate the MPAM on Intel Platinum 8375C, based on the Icelake architecture.

For this architecture, [20] suggested that the L3 cache in this architecture is a non-inclusive

victim cache. Thus Nsh is the entire memory address space. According to [60], we have

MSHRl1 = 12, MSHRl2 = 32, Rphy = 224 and cl = 8. We put these limits to Equation 3.4,

3.5, 3.6, and 3.7:

Nsync =224/8nc = 28nc

Nout_sync =12nc

Nout_async =α · (32nc − 12nc) = 20αnc

MLP =(12nc + 20α)nc for 0 ≤ α ≤ 1

We also plot STREAM [68] copy results for forward (ST-C-forward) and a modified

version that is reversed and shuffled (ST-C-shuffle). As can be seen, MLP_alpha=0 pro-

vides a lower bound for when the hardware prefetching is ineffective (Nout_async = 0),
14
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Figure 3.2: MPAM Corroboration with Intel Platinum 8375C Platform using published
numbers

and MLP_alpha=1 provides an upper bound for effective prefetching (Nout_async = 32nc).

Finally, we plot the DRAM limit of the platform (8-channels, DDR4-3200).

3.4.2 AMD EPYC 9R14

We then validate the MPAM on AMD EPYC 9R14, based on the Zen4 architecture. Using

publicly available parameters, we have MSHRl1 = 24, MSHRl2 = 64, MSHRl3 = 192,

Rphy = 320, and cl = 8 [84, 31]. This EPYC platform has an l3 per CCD (8 cores), which

adds an Nsh = 192⌈nc/8⌉ namespace.

Nsync =320/8nc = 40nc

Nout_sync =24nc

Nout_async =α · (64nc − 24nc) = 40αnc

Nsh =192⌈nc/8⌉

MLP =min((24 + 40α)nc, 192⌈nc/8⌉) for 0 ≤ α ≤ 1
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(a) MPAM with all 96 cores on AMD EPYC 9R14
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(b) Expanded graph for 16 cores to highlight effect of Nsh due to per-CCD L3

Figure 3.3: MPAM Corroboration with AMD EPYC 9R14 Platform

Similarly, we plot MLP_alpha=0, MLP_alpha=1, and DRAM limit of the platform (12-

channels, DDR5-4400). We further zoom in to the first 16 cores in the second subfigure to

highlight the effect of Nsh, which is shared by every 8 cores, and how MPAM predicts the

effect of shared namespaces at various hierarchies. While we used 192 as MSHRl3, the results

show that the actual limit is probably lower (∼ 100).

Thus, with these two examples on the Icelake and Zen4 architectures, MPAM effectively

16



predicts the memory parallelism limits for a given architecture. Designers can use this model

to predict the effectiveness of their architectures, the memory parallelism scaling trends with

increasing cores, and the cost of achieving a given level of memory parallelism required by

applications.

3.5 Using MPAM to derive architectural parameters

In this section, we demonstrate MPAM’s applicability in deriving architectural parameters in

two commercial systems. Similar to the previous section, we run STREAM copy for forward

(ST-C-forward) with an increasing number of hardware cores (without hyper-threading). We

also run a modified STREAM version with a reverse shuffled scan of addresses (ST-C-shuffle)

to reduce the effect of prefetching. We measure the memory level parallelism achieved in each

system and use a least squares estimate of the first few (up to three) cores for projection. We

predict the architectural parameters using MPAM and the slope of the line. The commercial

architecture design and their published parameters are in Table 3.2 with latencies measured

using [90, 106].

Table 3.2: Systems for MPAM Derivation [59, 46]

Systems # Cores Cache Memory
Intel Platinum 8488C 48 L1d: 48KB per core, 1.3ns;

L2: 2MB per core, 4.2ns;
L3: 105MB on chip, 33.0ns

8 Channel
DDR5-4800
127.9ns

AWS Graviton 3 64 L1d: 64KB per core, 1.6ns;
L2: 1MB per core, 4.3ns;
L3: 32 MB on chip, 30.6ns

8 Channel
DDR5-4400
102.2ns

3.5.1 Intel Platinum 8488C

Intel Platinum 8488C is based on the Sapphire Rapids architecture. The forward and

backward-and-shuffle scan of STREAM copy results are shown in the following figure, re-
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spectively. The least squares fit of the first three cores for these measurements with y-axis

interception set as 0 are shown in Equation 3.8 and 3.9. The STREAM benchmark flattens

at ∼ 70% of the maximum parallelism of the DRAM system (8 channels, DDR5-4800).

MLPshuffled =16nc (3.8)

MLPforward =44nc (3.9)
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Figure 3.4: Memory Parallelism in Intel(R) Xeon(R) Platinum 8488C with - Forward Scan
(top), Shuffle Scan (bottom)
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Combining Equation 3.8, 3.7 and set nc = 1, α = 0 and remove l3 part, we have

MLPshuffled = min(Rphy/8,MSHRl1) = 16.

Considering that prior Intel microarchitecture already has Rphy > 128, we assume it also

applies here. Thus,

MSHRl1 = 16.

Further putting in Equation 3.9 and not set α to 0 gives

MLPforward = min(Rphy/8,MSHRl1) + α(MSHRl2 − MSHRl1) = 16 + α(MSHRl2 − 16) = 44

Comparing with the published number of this architecture [59], MSHRl1 = 16, MSHRl2 =

48, and Rphy = 512, we see that MPAM predict the size of MSHR with good accuracy. The

off on the size of l2’s MSHR suggests that the actual effectness of the hardware prefetched

on STREAM copy is α = 44/48 = 92%.

3.5.2 AWS Graviton 3

We apply the same STREAM test on AWS Graviton 3, which is based on the ARM Neoverse

V1 architecture. We also apply the least square fitting on the following figure. The STREAM

benchmark flattens at ∼ 85% of the maximum parallelism of the DRAM system (8 channels,

DDR5-4400).

MLPshuffled =27nc (3.10)

MLPforward =70nc (3.11)
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Figure 3.5: Memory Parallelism in AWS Graviton 3

Similarly, we can solve the MSHRs,

MSHRl1 = 27

MSHRl2 = 70

The exact values of these parameters are not publicly available, as they are customized

by Amazon Web Services. However, MPAM can provide a model for how to estimate these

parameters. It further guides the user to choose architecture for different applications that

suit different memory level parallelism. Comparing with Table 3.3, we can deduce that Intel
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Xeon Platinum 8848C is likely to have larger Nsync, and AWS Graviton 3 may have larger

Nout.

Table 3.3: MPAM-derived architectural parameters for commercial systems

Platform MPAM Derived Published
MSHRl1 MSHRl2 Rphy MSHRl1 MSHRl2

Intel Xeon Platinum 8848C 16 44 512 16 48
AWS Graviton 3 27 70 256 - -

21



CHAPTER 4

THE UPDOWN SYSTEM ARCHITECTURE

In this chapter, we first give an overview of the whole UpDown design [34], which is part

of a larger system design project funded as part of IARPA’s Advanced Graphic Intelli-

gence Logical Computing Environment (AGILE) program [17]. Then we highlight three key

mechanisms that allow UpDown to achieve high memory level parallelism: split transaction

DRAM memory requests, explicit compute-name synchronization of memory responses, and

efficient memory parallelism scaling. We further evaluate UpDown’s memory parallelism

using MPAM, showing that UpDown can achieve unlimited memory level parallelism. The

only limit in implementation is the issue rate and the memory module UpDown attached.

4.1 UpDown Design

The UpDown architecture does not include a deep cache hierarchy typical in traditional

CPUs. Memory requests from UpDown can be sent to the DRAM directly. Multiple Up-

Down accelerators can be integrated per HBM stack/DRAM system, providing hardware

parallelism. A simple controller core is used to schedule and offload work on UpDown.

Each UpDown accelerator contains 64 UpDown lanes. Each UpDown lane is an event-

driven programmable accelerator that generates unlimited memory parallelism under soft-

ware control. Each lane also has a software-managed 64 KB scratchpad. Events are first-class

primitives in the UpDown ISA. It combines traditional hardware events like memory return,

write acks, and custom software events with a unified programmable event framework. The

incoming events will be first stored in an event queue. Each event will create/activate a

thread context on the UpDown lane. It will pull the register state from physical registers

and the data payload from the operand buffer according to the event and the thread. The

event will end and the lane will switch to the next event in the event queue when a yield
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Figure 4.1: Varying memory access paths between a) Traditional Multicore CPU and b)
UpDown System

or yieldt instruction is executed. More details are described in Section 4.2.2. A detailed

discussion of the UpDown instruction set architecture and event mechanisms can be found

in the UpDown ISA [34]. Here we highlight some of the key mechanisms related to memory

level parallelism in the next section.

4.2 Key Mechanisms for Memory Level Parallelism in UpDown

UpDown enables unlimited memory level parallelism through three key mechanisms: split

transaction DRAM memory requests, explicit compute-name synchronization of memory

responses, and efficient memory parallelism scaling. These mechanisms build on a number

of previous research machine designs, like [28, 38, 42, 43, 72, 100], and are described in detail

below.

4.2.1 Split Transaction DRAM Memory Requests

The UpDown ISA includes three different send instructions that allow each lane to form a

message for split transaction DRAM access from the registers, scratchpad, or operand buffer.
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(a) Multiple UpDown lanes are integrated into the memory path controlled by a simple controller
core that offloads work on UpDown lanes

(b) UpDown Lane Architecture

Figure 4.2: The UpDown node and system

The send instructions are asynchronous, meaning lanes can continue executing instructions

with the same thread after finishing the send.

Each message contains a continuation word, which enables the memory request’s return

to be customized. The continuation word contains the information for memory responses

like destination lane, thread, and event, details described in the next section 4.2.3. Using

continuation word creation instructions (evs), UpDown no longer needs to bookkeep the sent
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Table 4.1: Instructions in UpDown

Instruction(s) # Cycles Description
sendm 2 Asynchronous Memory access instruction using buffer in

scratchpad
sendmops 1 Asynchronous Memory access instruction using operand

buffer
sendmr 1 Asynchronous Memory access instructions using register

values
ev, evi, evr 1 Continuation creation instructions
yield, yieldt 1 Thread Management Instructions

message or wait for its return.

Each thread can launch multiple sends in one single event before it yields the lane (yield)

or terminates itself (yieldt), details are described in the section 4.2.3.

With these instructions, all memory accesses in UpDown are software-controlled. Tra-

ditional cache-based systems rely on hardwired cache policies (replacement, coherence, and

consistency) and prefetching, which is ineffective for applications that have low data reuse

or complex data access patterns. UpDown can efficiently manage the local data between

registers, scratchpad, and DRAM with software.

4.2.2 Explicit Compute-Name Synchronization of Memory Responses

Traditional CPU architecture requires expensive bookkeeping for outstanding memory re-

quests so it can do synchronization when memory responds. This bookkeeping usually limits

the outstanding request namespace (Nout) to a narrow local namespace (e.g. MSHR entry

IDs). In contrast, the event-driven execution UpDown uses explicit compute-name synchro-

nization. The compute name in UpDown contains the following information:

1. networkID: The destination UpDown lane of the memory response. The response event

should be sent to that lane and executed there.

2. numOperands: The number of words that this event will occupy in the operand buffer.
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3. threadID: The destination thread of the memory response. It corresponds to a thread

that already exists in the networkID lane or it will be 0xFF, creating a new thread on

that lane.

4. eventLabel: The target instruction offset for the thread invocation.

As shown in the following figure, such a compute name allows powerful thread invocation

and synchronization possibilities. In the figure, arrows with circled numbers represent how

each part of the compute name (encoded event word) contributes to the synchronization.

1 The memory response will be pushed to the event queue that is specified by the net-

workID.

2 A data payload of size numOperands will be pushed to the operandBuffer. When the

event pops from the event queue, the corresponding number of operands will also be

fetched from the operand buffer.

3 The threadID makes sure that the correct register file is brought to the data path.

4 The eventLabel indicates the offset of the next instructions’ address from the base

instruction address. The UpDown lane will execute from that instruction till hitting a

yield or yieldt with the event word from eventQueue, operands from the operand-

Buffer, and register file from physical registers according to the compute name.

Traditional architectures synchronize memory responses with physical registers in ROB,

reservation stations, etc, that have a finite synchronization namespace limited by the physical

resources. But in many fine-grained parallel programs, there are many unordered memory

references, which favors UpDowns compute name synchronization for memory responses

that allow an unlimited synchronization namespace. Even in the case when memory request

ordering matters the correctness, it is inexpensive to separate memory requests to different

events (to ensure memory request ordering in one lane) or send lane-to-lane synchronization

messages (to ensure memory request ordering for multiple lanes).
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Figure 4.3: Synchronization using Compute-name (continuation-word) in UpDown.

4.2.3 Efficient Memory Parallelism Scaling

UpDown supports multiple light-weight thread contexts on each lane. Each lane can hold

up to 128 threads with 16 general-purpose registers (X16 to X31, 64-bit for registers) and

8 special registers (including network ID, continuation word, etc.) per thread. Each thread

within one lane is identified by the threadID, which is also included in the encoded event

word. As mentioned in the previous section, during execution, the correct register file will

be pulled from the physical registers based on the threadID. A special case is when threadID

equals 0xFF, a new thread context will be created and it will be assigned with an unused

threadID.

While the split transaction allows a single UpDown thread to launch unlimited memory

requests and the explicit compute name synchronization allows a thread to do unlimited

synchronization on memory responses, multi-thread contexts provide further potential to

scale up memory level parallelism for applications that have strong ordering requirements

on memory requests.

Further scale-out parallelism is provided by hardware parallelism. With ∼ 0.06mm2 per

UpDown lane, an UpDown accelerator with 64 lanes is still a fraction of the area of a large

OOO core; and a cluster with multiple accelerators per DRAM is still small in area compared
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to a large OOO multi-core CPU. This scale-out parallelism, as shown in the following section

5.3, enables UpDown to achieve memory level parallelism sufficient to saturate an HBM3e

stack’s bandwidth of 1.2TB/s.

4.3 Memory Level Parallelism Analysis on UpDown using MPAM

Now, let us apply the MPAM model we described in the previous chapter and see why the

UpDown architecture can achieve unlimited memory level parallelism.

4.3.1 Synchronization Namespace Nsync

Unlike traditional architectures that require allocation of physical resources to synchronize

memory responses, UpDown uses compute names represented by event_words as described

in 4.2.2. The compute name allows the memory response to synchronize to a specific in-

struction address (eventLabel), thread (threadID), and compute resource (networkID), with

belabel, btid, and bnwid bits to represent them respectively. There can be multiple outstanding

memory requests (nrep) that synchronize to the same thread on the same compute resource

with the same instruction address. Thus the Synchronization Namespace can be represented

as

Nsync = nrep · 2belabel+btid+bnwid . (4.1)

4.3.2 Outstanding Request Namespace Nout

With the mechanism of split transactions for memory requests mentioned in section4.2.1,

UpDown doesn’t need to do bookkeeping like traditional architecture. Thus the synchronous

request namespace for UpDown can be the entire address space multiplied by an arbitrary
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number of requests (nrep) needed on the same address

Nout_sync = nrep · 2bmem (4.2)

where bmem is the number of bits used to represent the address space. In UpDown, all out-

standing memory requests are generated by software, and there is no hardware prefetching.

Thus

Nout_async = 0. (4.3)

4.3.3 Shared Request Namespace Nsh

UpDown does not include a shared namespace in the path between each UpDown lane to

memory.

4.3.4 MPAM on UpDown

By applying Equation4.1, Equation4.2, and Equation4.3 to Equation3.1, we get

MLP = L · nrep ·
sop
cl

· min(2belabel+btid+bnwid , 2bmem) (4.4)

where L is number of UpDown lanes, nrep is the average number of repetitions of memory

requests, sop is the average requirement size of memory requests. The formula shows that the

memory level parallelism is unlimited. In a real system, the number of outstanding memory

requests will be limited by the size of the queue in the DRAM chip and also the issue rate

of updown lanes.
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CHAPTER 5

EVALUATION

5.1 Methodology

5.1.1 Workload and dataset

To assess the performance of UpDown and other architectures, we employ a series of memory-

intensive workloads. In addition to STREAM [68], we incorporate Dot Product, Top-k, and

Histogram, all of which exhibit substantial memory traffic and increasing merging costs.

FFT serves as a workload representative of high memory access and heavy synchronization

requirements. Furthermore, we include machine learning-related workloads such as SpMV

and CNN.

Table 5.1: Workloads and Datasets

Workloads Dataset
STREAM microbenchmark [68]
STREAM-Copy (ST-C)
STREAM-Scale (ST-S)
STREAM-Add (ST-A)
STREAM-Triad (ST-T)

Three arrays with 8,388,608 64-bit floating-point entries

Top-k (TK) One array with 8,388,608 128-bit (64-bit unsigned inte-
ger, 64-bit floating point) key-value pairs; k = 8

Dot Product (DP) Two arrays with 8,388,608 64-bit floating-point entries
each

Image Processing (HIST) One array with 16,777,216 64-bit unsigned integer en-
tries

Sparse Matrix Vector Product
(SpMV)

Square matrix of dimension 12,288 and 4% uniformly
distributed nonzeros in CSR format (64-bit unsigned in-
teger, 64-bit floating point)

Fast Fourier Transform (FFT) One array with 262,144 128-bit (64-bit floating point,
64-bit floating point) complex numbers

Image Filtering (CNN) One 3074 × 3074 2-D array with 9,449,476 64-bit float-
ing points; One 3× 3 convolution filter with nine 64-bit
floating points
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5.1.2 Simulator Configuration

We use gem5 [67] and DRAMSim3 [65] for cycle-level simulation. For DRAM, we use a

configuration for HBM2e (1 stack, 8x channels) with 460 GB/s memory bandwidth and

100 ns latency in the comparison part and HBM3e (1 stack, 8x channels) with 1200 GB/s

memory bandwidth in the scalability part.

5.1.3 Component Configuration

We use gem5 [67] integrated MinorCPU and O3CPU as our model for In-Order core and

Out-of-Order (OOO) core setup. We tuned the OOO core’s Load Store Queue and MSHR

setting to match the STREAM performance of the Sapphire Rapids GoldenCove core we

tested. For UpDown, we integrate a cycle-accurate model into the gem5 infrastructure.

Each 64 Updown lanes form an accelerator that shares a 4MB scratchpad. All In-Order

Cores, OOO Cores, and UpDown lanes are set to 2 GHz.

Table 5.2: Component and Specification

Component Specification
In-Order Core Simple InOrder core (gem5 MinorCPU) @2GHz
OOO Core x86 OOO core (GoldenCove configuration using gem5 O3CPU)

@2GHz
280 Physical Registers, 512 ROB entries
192 LoadBuff entries, 114 StoreBuff entries

Caches L1: 32KB ICache, 64KB DCache per core (16 MSHR entries, 8
slots per entry),
L2: 1MB unified per core (private) (48 MSHR entries, 8 slots per
entry)
L3: 64MB in total (shared) (512 MSHR entries, 8 slots per entry)

UpDown Accelerator 64 UpDown Lanes + 4MB scratchpad (64KB per lane) @2GHz
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5.1.4 System Configuration

Using these components, we configure single In-Order and OOO systems, 32-core OOO

systems, and UpDown systems with 1 and 256 lanes. The prefetcher is located in L2 and is

enabled in setups with “+PF” [51]. For these UpDown systems, although a CPU is listed in

the description, it is not used in any of the simulation.

Table 5.3: System Configuration and Description

System
Configuration

Description

IN In-Order Load/Store Core,No Cache,Word-Sized Memory Accesses
OOO OOO Load/Store Core,No Cache, Word-Sized Memory Accesses
OOO-MSHR OOO + L1/L2 Caches, Cache-Block sized Memory Accesses
OOO-MSHR+PF OOO-MSHR + Prefetch enabled
OOO-MSHR+PF-32 32 OOO-MSHR + PF cores, private L1/L2 caches, shared L3 cache
UpDown-1 UpDown lane - CPU (Core+caches) + 1 UpDown Lane
UpDown-256 Scale-out UpDown - CPU (Core+caches) + 256 UpDown Lanes

5.1.5 Performance Matrix

The execution time for each experiment is measured according to the perflog of the gem5

simulation. We also calculate the memory traffic for each experiment based on the UpDown

implementation. Despite the potential reduction in memory traffic caused by cache hits, we

disregard this difference because the majority of the workloads we select have relatively low

cache rates. We then compute the memory bandwidth and memory parallelism base on the

time and traffic.

5.2 Performance

First, we present the comparison between a single UpDown lane relative to one In-Order core,

showcasing the capability and efficiency of UpDown to achieve high memory level parallelism

with a small area. Then we compare UpDown with OOO systems, showing how UpDown can
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Table 5.4: Metric and Definition

Metric Definition
Runtime (seconds) Execution time
SpeedUp Relative Performance
Memory Bandwidth (GB/s) Memory Traffic (GB) / Runtime (s)
Memory Parallelism No of outstanding memory requests

(Memory Bandwidth (GB/s) / access_size (B) * latency (ns))

achieve extremely high memory parallelism. In both sets of experiments, we demonstrate

that both performance speedup and memory bandwidth are achieved. We further verify that

UpDown can be scaled up to HBM3e bandwidth.

Here, we estimate the die area of the In-Order core and Out-of-Order core with [54, 70].

For UpDown under 7 nm, UpDown-1 is ∼0.06 mm2 [82], comparable in area to a single In-

Order core, and UpDown-256 (∼16 mm2 [82]) is comparable to a single Out-of-Order core

with its cache hierarchy (∼13 mm2 for Sapphire Rapids [66]).

5.2.1 Performance relative to In-Order core

We first present the overall runtime speedup over an In-Order Core and the corresponding

memory bandwidths in the following figures.

As a result, UpDown-1 achieves 65x geomean speedup, and 52x times memory level

parallelism over a single In-Order core with a comparable die area. On STREAM copy, one

lane of UpDown can have more than 100x speedup and memory level parallelism.

5.2.2 Performance relative to Out-of-Order cores

Next, we compare the performance of UpDown-1 and UpDown-256 to OOO, OOO-MSHR,

and OOO-MSHR+PF configurations.

UpDown-1 achieves a 2.1x geomean speedup over OOO and a 1.2x geomean speedup

over OOO-MSHR+PF with a much smaller die size. With hardware parallelism, UpDown-
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Figure 5.1: a) SpeedUp of UpDown-1 over In, b) Measured Memory BW of In and UpDown-1

256 achieves a 163x geomean speedup over OOO and a 91x over OOO-MSHR + PF with

comparable die size. On applications like TK and DP, UpDown-256 nearly saturates the

HBM2e bandwidth at ∼ 428 GB/s. On average, UpDown-256 achieves 325 GB/s across all

applications.

It is worth noting that applications with low data reuse, like STREAM and TK, have low

or even negative benefits from adding cache or enabling prefetch (OOO → OOO-MSHR →

OOO-MSHR+PF). In contrast, UpDown’s memory access mechanisms enable even a single

lane UpDown-1 to achieve performance comparable to OOO and OOO-MSHR+PF across

most applications, irrespective of the level of data reuse.

The measured memory bandwidth figure confirms the performance benefits being directly

related to the higher bandwidths achieved in these applications. Even on applications like
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Figure 5.2: a) SpeedUp of UpDown-1 and UpDown-256 over OOO, OOO-MSHR, OOO-
MSHR+PF, b) Measured Memory BW on OOO, OOO-MSHR, OOO-MSHR+PF, UpDown-
1 and UpDown-256

FFT and CNN that have high data reuse and benefit from caching, UpDown-256 achieves

higher performance than OOO systems. This suggests that it is feasible to achieve higher

performance by utilizing high memory bandwidths more effectively, like UpDown, than tra-

ditionally adapting hardwired caching mechanisms to reduce latency and memory traffic.

5.2.3 Correlation between Performance and Memory Level Parallelism

We then compare the performance of one In-Order core, one and 32 Out-of-Order cores,

and one and 256 UpDown lanes. We use the memory level parallelism and performance as

two axises. We further partition the graph into four vertical regions based on the MLP we

modeled for one In-Order core (MLPIN), one (MLPOOO-MSHR+PF) and 32 Out-of-Order

cores (MLPOOO-MSHR+PF-32) using MPAM.
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Figure 5.3: SpeedUp vs Memory Parallelism on In, OOO-MSHR+Pref, OOO-MSHR+Pref-
32, UpDown-1 and UpDown-256

All results lie close to the diagonal of the graph, suggesting a strong correlation between

the application performance and the memory level parallelism. Also, CPU results all stay in

their corresponding band, suggesting MPAM is correctly identifying MLP limits.

The experiment results form four groups. From left to right, the first group shows that

one In-Order core has a memory level parallelism of less than one. In the second band,

we have results for one UpDown lane and one Out-of-Order core. We can see that one

UpDown lane achieves up to 3.5x memory level parallelism compared with one Out-of-Order

core, using about 207x smaller area. In the third band, we have data from 32 OOO cores.

Compared with one OOO core, it is 31x faster in high data-reuse applications like CNN. But

it has less than 20x speed up in other applications. The performance uplift here is limited by

the memory parallelism limits of the shared namespace. In the fourth band, we have a 256

UpDown lanes system with the best performance. It achieves 26x∼79x speedup compared

with one Out-of-Order core using a comparable area. In all, our UpDown system achieves

high memory level parallelism and high performance with low chip area.
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5.3 Scalability

Noticing that UpDown-256 hits the HBM2e bandwidth in previous experiments, we next

analyze memory level parallelism scalability with an increasing number of cores, considering

HBM3e as a performance target. We evaluate the impact of UpDown’s memory access

mechanisms using a simple read-only microbenchmark that does a scan read of a contiguous

block of memory in DRAM.
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Figure 5.4: Memory Parallelism with scan read microbenchmark running on multiple Up-
Down lanes. Horizontal lines show memory parallelism required for various memory systems
assuming 100ns latency

As can be seen, 1 lane can saturate a single DDR3-1866 channel (14.9 GB/s), 25 lanes

can saturate an HBM2e stack (460 GB/s) and 64 lanes (1 UpDown accelerator) can saturate

an HBM3e stack (1.2 TB/s with 1,673 requests). In contrast, a Sapphire Rapids system

with 56 cores achieves about 240 GB/s or 590 GB/s with a DDR5-4800 or HBM2e memory

system [69].

To further show UpDown’s great scalability with the increasing number of lanes, we

connect test both multi-core OOO-MSHR+PF and multi-lane UpDown with HBM2e and

37



HBM3e and benchmark STREAM copy.
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Figure 5.5: Memory Parallelism vs #cores on ST-C

For multi-core OOO-MSHR+PF, the memory level parallelism quickly stops scaling be-

yond 20 cores due to the namespace limits in the shared MSHRl3. UpDown, on the other

hand, can saturate the memory level parallelism a HBM2e stack can provide with 32 lanes.

With HBM3e, 64 UpDown lanes can achieve >1000 outstanding requests on STREAM copy.

In both cases, unlike the scan-read benchmark in Figure 13, STREAM is limited by the

switching between reads and writes and the write bandwidth limits. It is less than the result

of the read-only microbenchmark, as STREAM is limited by the switching between reads

and writes and the write bandwidth limits.
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CHAPTER 6

COST OF MEMORY LEVEL PARALLELISM

6.1 Cost of Area

We estimate the size of a single Out-of-Order core, including its cache hierarchy, based on

the die shot of a Golden Cove server tile provided in [66]. As presented in Table 6.1, a

significant portion of the chip’s area is dedicated to the cache hierarchy. Further digging

into the die shot, we notice that nearly half of the CPU core area is spent on Out-of-Order

scheduling, retirement, and branch logic.

For UpDown, synthesis using Synopsys tools on 28nm libraries and projecting it to 7nm

[29, 98, 99], gives ∼0.06 mm2 per UpDown lane (UpDown-1) and UpDown-256 ∼16 mm2

[82].

OOO-MSHR+PF [Intel 7] UpDown-1 [7 nm] UpDown-256 [7 nm]
Component Area mm2 Component Area mm2 Component Area mm2

CPU Core 4.34 1 UpDown
Lane

0.027 256 UpDown
Lanes

6.90

Load & Store
+ L1D Control
+ L1D 48 KB

1.03

Scratchpad
64 KB 0.036 Scratchpad

16 MB 9.18
L2 2 MB 2.20
L3 1.875 MB 1.52
Whole tile 13.04 Accelerator

System
0.063 Accelerator

System
16.08

Table 6.1: Area Comparison between OOO-MSHR+PF (Golden Cove Server [66]), UpDown-
1 [82], and UpDown-256 [82]

As illustrated in Figure 5.3, UpDown-1, despite its significantly reduced area by a factor of

207, achieves superior memory level parallelism compared to OOO-MSHR+PF. Furthermore,

UpDown-256, with an area comparable to OOO-MSHR+PF, exhibits substantially higher

memory level parallelism and performance against an Out-of-Order core. These demonstrats

the remarkable area efficiency of the UpDown design.
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6.2 Cost of Comparator

As demonstrated previously, for architectures that apply bookkeeping and tracking of in-

flight memory requests, the memory level parallelism achievable is constrained by the size of

load/store queues, MSHRs across the cache hierarchy, write buffers, and other components.

In most cases, Content-Addressable Memories (CAMs) are used in these structures [49],

necessitating read and write operations on the structure and rapid matching of incoming

entries with all stored entries. When an outgoing memory request approaches a level of

the memory hierarchy, an associative check is performed, typically involving the physical

memory address, within the bookkeeping structure at the current level. If it is not matched

in the current CAM and can be registered in the CAM, the memory request can be passed

to the next level, and a similar associative check is repeated.

In this section, we continue to employ the concepts of OOO-MSHR+PF, OOO-MSHR+PF-

32, and UpDown from Table 5.3 as configurations for comparison. Furthermore, we include a

hypothetical configuration, OOO-largeMSHR+PF-32, an extension of OOO-MSHR+PF-32.

This configuration has a larger CAM to match the memory level parallelism that HBM3e

memory can provide. Details of these configurations are listed in Table 6.2. For each memory

level parallelism, we decrease the size of the Load-Store Queue and MSHRs in each configu-

ration to find the minimum resources needed for that configuration to support that certain

memory level parallelism. It is not shown in the figure if the memory level parallelism is

beyond one configuration’s limit.

6.2.1 Increase of Comparator

A CAM with n entries requires n-way comparators and a log2 n depth encoder [49]. By

analyzing the size of CAM at each level, we can estimate the number and the depth of

comparators in each system. We use MLP as the memory level parallelism each system

approaches for each equation, and we do not consider prefetching.
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For UpDown, since we avoid the bookkeeping of the outstanding memory requests by

splitting transactions for memory requests and using explicit compute-name synchronization

for memory response, achieving high memory level parallelism does not require the system

to have a large number of comparators. But for all multicore systems we study, we have

# Comparator = ((CAMLSQ + CAMl1 + CAMl2) ∗ # cores + CAMl3) ∗ Address Tag Length,

Depth of Camparator = 2 ∗ (
⌈
log2 CAMLSQ

⌉
+
⌈
log2 CAMl1

⌉
+
⌈
log2 CAMl2

⌉
+
⌈
log2 CAMl3

⌉
+ 4).

In the OOO-MSHR+PF system, the core will generate MLP outstanding memory re-

quests, and each level needs to bookkeeping MLP requests.

CAMLSQ = CAMl1 = CAMl2 = CAMl3 = MLP,

# Comparator = 208 ∗ MLP,

Depth of Camparator = 8 ∗ ⌈log2 MLP⌉+ 8

And the MLP it can achieve is limited by the size of L1 MSHR, i.e. MLP ≤ 16.

In the OOO-MSHR+PF-32 system, in the best cases, each core will only need to generate

MLP
32 outstanding memory requests.

CAMLSQ = CAMl1 = CAMl2 =
MLP
32

,

CAMl3 = MLP,

# Comparator = 208 ∗ MLP,

Depth of Camparator = 8 ∗ ⌈log2 MLP⌉ − 22

And the MLP it can achieve is limited by the size of L1 MSHR and L3 MSHR, i.e. MLP ≤

512.

To fulfill HBM3e memory bandwidth (1.2 TB/s), the OOO-largeMSHR+PF-32 system
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needs to achieve MLP = 1920 under 100 ns memory request latency. To accomplish this, we

increase the size of the Load-Store Queue and the MSHR in each memory hierarchy by a

factor of four compared to the OOO-MSHR+PF-32 system. The equations for the number

Configuration OOO-MSHR+PF OOO-MSHR+PF-32 OOO-largeMSHR+PF-32
# Core 1 32 32
LSQ per Core 114 114 456
L1 MSHR per Core 16 16 64
L2 MSHR per Core 48 48 192
L3 MSHR 512 512 2048

Table 6.2: OOO-largeMSHR+PF-32 Configuration

and the depth of comparators are the same as in the OOO-MSHR+PF-32 system.

Figure 6.1 illustrate the increasing number of comparators and the depth of the compara-

tors as the systems’ memory level parallelism increases. Since the number of comparators

is correlated with the area it takes, we can see that the area cost grows linearly against the

memory level parallelism. Meanwhile, the increasing depth of the comparators suggests addi-

tional latency for the memory request [49, 102, 117]. Changing from OOO-MSHR+PF-32 to

OOO-largeMSHR+PF-32 makes the system capable of saturating the HBM3e’s bandwidth

but also requires at least 16 additional layers of comparators. These additional layers and

extra distances for the signal to travel through the much larger CAM’s fan-in and fan-out

circuits introduce extra latency at each level in the cache hierarchy.

Current OOO cores cannot saturate a single HBM2e stack. 32 or more OOO-MSHR+PF

cores with overhead >10,000 comparators in trees with depth >40 are required to match

the requirement for HBM2e bandwidths. We also show a hypothetical OOO core with an

extremely large MSHR (OOO_largeMSHR+PF-32) to estimate overhead to achieve HBM3e

(1.2 TB/s) bandwidths. As can be seen, >400,000 comparators arranged in depths of > 60

would be required to achieve and sustain HBM3e bandwidths. In contrast, UpDown archi-

tecture does not track or bookkeep on the outstanding requests. It implements consistency in

software; no dedicated hardware comparators are needed, and increasing memory parallelism
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Figure 6.1: The UpDown node and system

has no additional cost.

6.2.2 Increase of Comparisons Rate

Beyond the quantity of hardware, these comparators need to be run at a high rate; we esti-

mate the giga-comparisons/second required to achieve a given memory bandwidth. Assume

43



that each core contributes to the memory level parallelism and that the MSHRs in each cache

hierarchy level are filled evenly. When the system generates MLP , each memory request

requires two activations of CAM in each level (request and respond). The average number

of active entries in each level is MLP
# cores .

# Comparation per requestLSQ =# Comparation per requestl1

=# Comparation per requestl2

=2 ∗ MLP
# cores

∗ Address Length

# Comparation per requestl3 =2 ∗ MLP ∗ Address Length

# Comparation =MLP ∗
∑

level=LSQ,l1,l2,l3
# Comparation per requestlevel

=

(
104 +

312

#cores

)
∗ MLP2
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Figure 6.2: GigaComparisons/second vs Memory Parallelism

These giga-comparisons (and associated data movement) reflect the power consump-
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tion required to sustain that memory parallelism. The results show that ∼ 6, 000, 000

giga-comparisons per second (6 peta-comparisons/second) are required to reach the HBM2e

bandwidths on a 32-core system. Again, no such operation rates are needed in UpDown.

45



CHAPTER 7

RELATED WORK

7.1 Hardware Prefetchers

Hardware prefetching is a mechanism that can generate additional outstanding memory

requests using the asynchronous request namespace (Nout_async), as the program does not

control the prefetch hardware. The effectiveness of prefetchers depends on the accuracy of

the hardware prediction of access patterns. Although some custom prefetchers are proposed

for specific irregular applications, such as [23, 71, 85, 115, 116], the lack of uniform or

predictable data access patterns narrows the benefits that prefetchers can bring. In certain

instances, hardware prefetching can even adversely affect system performance, as evidenced

by the research presented in [61]. Hardware prefetching utilizes the same outstanding request

namespace (Nout) as other synchronous memory requests. They compete with resources

such as the MSHR at lower levels of the memory hierarchy, memory bandwidth, and cache

storage. In some situations, hardware prefetching can have significant negative impacts when

combined with software prefetching, as evidenced by [62]. Conversely, UpDown can almost

fully utilize any given memory system by selectively fetching only useful data. Critically,

UpDown enables applications to directly control prefetching with split transactions and

scratchpad storage, exploiting application knowledge.

7.2 Multi-Threaded Architectures

Hardware multithreading has been proposed and adapted to different architectures for a

couple of decades [22, 24, 25, 45]. The most recent commercial CPUs and GPUs employ

hardware multithreading to hide memory latency and improve their instructions per cy-

cle performance. For Intel CPUs with Hyper-Threading, the CPU exposes two execution

contexts per physical core. Typically, two threads have logically partitioned but physically
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shared components, such as the Resource Ownership Block (ROB), physical registers, and

Lazy Set Query (LSQ), as outlined in [55]. This approach can improve the utilization of the

synchronization namespace (Nsync) for applications that are not memory-intensive. How-

ever, the size of Nsync remains unchanged, which implies that it does not improve MLP for

memory-intensive scenarios. For NVIDIA GPUs, they manage 32 threads as a warp. When

accessing long-latency memory, the GPU can switch between warps. Additionally, the size

of Nsync is increased by enabling shared local memory (at most 228KB per 128 cores [19])

to serve as a synchronization space. However, shared memory is expensive (sharing with

L1 cache) [18]. Similarly, UpDown also supports lightweight threads. In contrast to SIMD

architecture, which necessitates thread switching after each outstanding memory request is

generated, UpDown’s thread switching is software-controlled. Furthermore, software also

controls the number of outstanding memory requests initiated by each thread. This enables

high memory level parallelism per thread at a low cost. Additionally, UpDown achieves

cheap but unlimited Nsync with explicit compute-name synchronization.

7.3 Decoupled Access Execute Architectures

Decoupled Access Execute Architectures separate access and execute programs and run them

on different cores [92, 78, 107]. These architectures avoid competition from the execution

of other instructions by Nsync. However, they require sophisticated compilers to achieve

optimal performance on the decoupled version of the code. Recent proposals like [107]

suggested using OOO cores to replace In-Order cores in [92]. This requires a complex design

for mis-prediction, mis-speculation, and rollback. There are also approaches to replace some

of the CAM structure in traditional architectures with program-managed data storage [107]

or FIFO queues [78] to improve scalability. However, scaling up to memory level parallelism

that can saturate HBM2e/3e will necessitate substantial effort in allocating and managing

larger queues or more instances. Meanwhile, UpDown prevents memory access and program
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execution from blocking each other by splitting transactions of memory requests. This

enables applications to generate outstanding memory requests with few instructions and

ensures software executes after sending memory requests. In this manner, UpDown decouples

the access and execution of programs without separating them into distinct namespaces.

Together with explicit compute-name synchronization, UpDown enhances programmability

and avoids synchronization costs between access and execute cores.
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CHAPTER 8

SUMMARY AND FUTURE WORK

8.1 Summary

We employ the Memory Parallelism Abstract Machine (MPAM) from [83] as a key matrix to

characterize multiple local namespaces as limits to memory-level parallelism and identify the

limits on key architectures. We applied MPAM to four commercial CPUs to characterize their

design and performance. We further apply MPAM to UpDown [34], an architecture claimed

to achieve unlimited memory level parallelism. UpDown avoids local namespace limitations

in traditional architectures with split transaction DRAM memory requests, explicit compute-

name synchronization of memory responses, and efficient memory parallelism scaling. As we

test it with multiple kernels, a single UpDown lane achieves 3.5x memory level parallelism

compared to a sophisticated OOO core. We also showed that UpDown can scale up and

scale out cost-effectively to saturate an HBM3e stack’s memory bandwidth.

8.2 Future Work

As demonstrated in this work, UpDown achieves high memory level parallelism under var-

ious testing kernels. However, our testing was limited to a single HBM stack and up to

256 UpDown lanes. It would be interesting to explore the performance of UpDown on a

larger machine setup. With multiple memory stacks, load balancing for memory access may

necessitate further investigation of algorithms and applications. Additionally, with multi-

ple UpDown nodes, the inter-node latency needs to be carefully considered, as far memory

accesses have more than ten times the latency compared with local accesses. This requires

applications to consider allocation for better performance. Furthermore, it requests applica-

tions to generate more outstanding memory requests to hide the longer latency.
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In the UpDown architecture, the compute portion (accelerators) and the memory portion

(stacks of HBMs) are interconnected via switches. This enables the decoupling of compu-

tation and memory components. Different types of memory provide different characteristics

[40]. For example, LPDDRs typically offer higher capacity per stack than HBMs. Although

the majority of kernels applied in this thesis are memory-bound, some applications we imple-

mented on UpDown are compute-bound or latency-bound, for example, matrix multiplication

and exact match. It will be interesting to study different combinations of memory types and

various numbers of UpDown lanes that will provide a substantial performance-cost-energy

trade-off space to explore. Different types of applications, such as compute-demanding,

memory bandwidth-demanding, or memory space-demanding, will have diverse preferences

for various design combinations. Our next step will be to investigate this software-hardware

co-design problem in greater detail.
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