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DRAM accounts for a large fraction of the total cost of ownership of memory systems in deep learning accel-
eration systems. To achieve sustainable scalability, tiered memory systems with denser technologies become
critical. Prior work has proposed various tiered memory systems, but no matter how a system is designed,
data movements between tiers consume substantial energy. In particular, as model sizes and memory ca-
pacity demands grow, the data movements between memory tiers become more frequent, posing a challenge
that tiered memory systems may reduce deployment costs but suffer from low energy efficiency. If a memory
system proactively places data into a tier and timely fetches it from the tier, then the excessive data move-
ment between tiers can be mitigated. We find that a system can statically anticipate such behaviors for all
pages and localities. With this insight, we propose a new DNN acceleration system called TM-Training using
flash memory. TM-Training capitalizes on the repetitive nature of the same computational patterns during
execution, enabling the static establishment of optimal data placement for subsequent operations. Moreover,
TM-Training employs a new data-splitting scheme to enable precise memory management. Our evaluation
demonstrates that TM-Training reduces inter-tier data traffic by 64% and achieves a 55% higher throughput
per watt in training than prior work.
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1 Introduction

The dramatic expansion in the size of Deep Neural Network (DNN) models has led to a sub-
stantial increase in data requirements for training. This tendency significantly elevates the total
cost of ownership (TCO) for DNN acceleration systems. Addressing this escalating demand ne-
cessitates the development of scalable memory systems tailored for DNN training workloads. To
tackle these challenges, prior work has proposed tiered memory system architectures for DNN
training [16, 19, 37, 43]. The previously proposed memory systems comprise multiple tiers with
various memory technologies. Typically, a higher tier equips a memory technology that provides
higher performance, but a more expensive one. In contrast, a lower tier equips a technology that
exhibits lower performance but is denser and more cost-effective. Those systems classify hot data
and cold data and place them into different tiers. Such data management can be done with either
data migration (also called promotion and demotion) or initial data placement. Prior work typi-
cally comprises two tiers, and it utilizes high bandwidth memory (HBM) for Tier 1 memory
and various non-volatile memory types for Tier 2 memory [19, 43]. The TCO and performance of
a tiered memory system highly depend on the size of Tier 1. A critical mission is to achieve the
performance per watt with a minimal Tier 1 size.

A suboptimal data placement policy for a two-tier memory system significantly increases data
migration between memory tiers, constituting a substantial portion of the energy consumption
in the entire memory system [50]. This tendency becomes more pronounced as the Tier 1 size
diminishes. In our initial analysis, given a fixed total memory size, a two-tier memory system may
increase the energy consumption caused by the data movement between tiers by up to 50% com-
pared to that employing an ideal data placement. As such, designing a data placement technique
is the key to achieving sustainable scalability of tiered memory systems.

DNN training workloads exhibit the characteristic of repeatedly performing the same operation.
As such, corresponding memory access behaviors also exhibit similar patterns across iterations. If
a tiered memory figures out the hotness of data and performance characteristics of each tier, then
it can place data in a proper tier and proactively fetch the demanded data. Such a scheme would
reduce the number of pages moving between tiers, eventually achieving better energy efficiency.

We propose a new DNN acceleration system called Tiered Memory-based DNN Training
(TM-Training) using flash memory. In this article, we consider a two-tier memory system with
HBM DRAM as Tier 1 and NAND Flash as Tier 2. The key idea is to design a new data placement
strategy that leverages the unique characteristics of the DNN training workloads. TM-Training
splits and stores a tensor, both Tier 1 and Tier 2, as needed. This approach leverages the band-
width of Tier 1 and Tier 2 for prefetching the data to on-chip SRAM buffers. TM-Training proac-
tively promotes only hot data or data that cannot be prefetched from Tier 2 to on-chip SRAM
within computation time to Tier 1. Based on the policy, TM-Training focuses on minimizing data
migration between memory tiers. The proposed data-splitting technique automatically recognizes
the size of DNN models and hot data based on our theoretical performance modeling with data
access patterns. To enable precise management, TM-Training splits the data and stores only the
necessary amount of the data in Tier 1. Through these design strategies, TM-Training not only
reduces deployment costs but also significantly improves energy efficiency for recently adopted
DNN training workloads compared to HBM-only systems and prior work.
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TM-Training integrates a request timing monitor and a data placement manager, ensuring ef-
ficient data placement without imposing significant hardware or software overhead. The request
timing monitor measures three timing values: the earliest time at which on-chip SRAM buffers can
store the data, the time at which the Matrix Multiplication Unit (MXU) of a DNN accelerator uti-
lizes the data for General Matrix-Matrix Multiplication (GEMM) or General Matrix-Vector
Multiplication (GEMYV) operations, and the time at which the operations using the data finish.
The data placement manager utilizes these timing values and other information, such as memory
bandwidth and data size. To efficiently determine the optimal placement, the data placement man-
ager obtains an approximated value using a relatively simple algorithm and then refines it through
detailed adjustments.

In our evaluation, TM-Training achieves a 55% better throughput per watt than prior work [19,
43]. With Tier 1 accounting for 12.5% of the total memory capacity, TM-Training achieves the
same throughput per watt as the HBM-only memory system while reducing cost. Since HBM is
over 100X more expensive than SSD for the same capacity, this configuration lowers the memory
system cost by 87% [45-47]. In contrast, prior work reduces cost but delivers lower throughput
per watt than the HBM-only memory system.

In this article, we make the following contributions:

— We demonstrate that integrating tiered memory into a DNN accelerator results in significant
energy overhead, primarily attributed to extensive data migration between memory tiers.
— We show that DNN training workloads often exhibit repetitive behaviors, wherein tensors
with identical dimensions are repeatedly fetched during execution. So, memory access be-

haviors of a DNN training workload are highly static and predictable.

— We propose TM-Training, a DNN acceleration system based on a flash-based tiered memory
system. At run time, TM-Training determines an optimal data placement through a new
data-splitting scheme.

— On average, TM-Training reduces data migration by 64% and 40% compared to the two prior
work used for evaluation. As such, TM-Training achieves 18% and up to 55% better energy
efficiency than HBM-only baseline and prior work, respectively.

The rest of this article consists of the following sections: Section 2 explains why tiered memory is
promising for DNN acceleration systems and the challenges of tiered memory systems. Section 3
introduces the key concepts and workflow of TM-Training architecture. Section 4 explains the
architectural details of TM-Training. Section 5 explains the experimental results. Section 7 explains
related work. Section 8 concludes this article.

2 Why TM-Training?
In this section, we explain the background knowledge of TM-Training, which is the concept of
tiered memory systems. Also, we explain the critical problem that we address.

2.1 Flash-based Tiered Memory Systems

In recent years, the growing size of DNN models has increased data requirements for training [4].
The two-year-old GPT-3 contains 175 billion parameters, and its size is over 570 GB [5, 10]. Such
a trend still holds. The newer GPT-4 contains 1,000X more parameters than GPT-3. As the size of
models used in DNN training increases, the required memory capacity also grows due to higher
model complexity and larger batch sizes. However, traditional DRAM-based memory systems
face limitations in improving both cost-efficiency and memory density [15]. To resolve these
challenges, prior work has explored NAND Flash and various emerging memory technologies
(e.g., STT-MRAM, ReRAM) as alternatives [22, 24, 31]. While those technologies are promising,
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Fig. 1. Example of vertically-tiered and horizontally-tiered memory systems with a single TPU chip. In the
former case, only Tier 2 has its own address space, while Tier 1 operates as a hardware cache. In the latter case,
all tier memories have their own address space, and memory requests need address translation by [OMMU.
Gray arrows represent data traffic between off-chip memory and on-chip SRAM, which is also generated in
DRAM-only memory systems. The black arrow indicates data traffic unique to the tiered memory system.

they suffer from lower bandwidth and longer latency than DRAM, thus incurring a slowdown of
systems. To overcome this limitation, tiered memory systems have been proposed [35]. In such
systems, a higher tier equips a more expensive and high-performance technology, and a lower tier
employs a more cost-efficient and dense but slower technology. For example, a two-tier memory
system may employ HBM DRAM as Tier 1 and NAND flash memory as Tier 2 [1, 15].

Prior work has proposed the memory systems that employ byte-addressable NAND flash as a
tier of memory systems [1, 3]. To use flash-based devices (e.g., SSD) as a memory tier, a system
requires a memory-mapped I/O (MMIO) interface. Also, a memory system should leverage an
in-SSD DRAM buffer to make itself byte-addressable while processing the memory requests [1, 3].
If a read request arrives at an SSD, then the SSD controller serves the request by searching the
DRAM in the SSD with the given address. If the DRAM hits, then it issues a PCle MMIO response
to the host CPU. If a miss occurs, the controller then reads the page from NAND Flash with the
address. The PCle standard allows the SSD to use Base Address Registers (BARs) to inform the
host CPU about the memory mappable region. We apply the details of flash-based tiered memory
systems based on the prior work.

Figure 1 shows DNN accelerators based on two types of tiered memory systems. In vertically-
tiered memory systems, only Tier 2 memory is mapped to address space, while Tier 1 works as a
hardware cache [2, 36, 40, 55]. Tier 1 in the vertically-tiered memory system can be fully utilized if
hot data generates numerous memory accesses. We refer to the cache configuration from a page-
based DRAM cache called Unison Cache [23]. In horizontally-tiered memory systems, Tier 1 works
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as a buffer, and it flushes all the data in use and fetches new data if a miss occurs [8, 11, 34, 35].
Gray arrows represent data traffic between off-chip memory and on-chip SRAM, which is common
to both DRAM-only memory systems and tiered memory systems. The black arrow indicates data
traffic unique to tiered memory systems. As the Tier 1 size decreases, the proportion of data traffic
between memory tiers increases.

Typically, tiered memory systems employ hardware- or software-based data promotion or re-
placement policies [2, 11, 34-36, 55]. In particular, prior work targeting various DNN workloads
has employed timely data placement based on data access patterns such as hotness and lifetime
[12, 13, 16, 19, 27, 29, 43, 56]. However, those existing solutions have been proposed for GPU-based
systems, which have operational characteristics different from those of DNN accelerators, and it is
challenging to find prior work that specifically proposes solutions tailored for DNN accelerators
[37]. Unlike GPUs, DNN accelerators utilize on-chip SRAM as scratchpad memory, resulting in
high bursts of memory requests within a short period. Also, DNN accelerators perform GEMM
and GEMV operations using systolic array-based cores, resulting in differences in the timing of
output data generation and the order in which individual output values are produced.

Therefore, the existing solutions for GPU-based systems or general workloads often make sub-
optimal decisions regarding data migration between memory tiers. While those techniques are
effective, it is inevitable to perform a large number of data migrations between memory tiers. The
data migrations between the tiers that are apart physically incur substantial energy consumption.
In particular, non-volatile memory, such as NAND Flash, tends to exhibit lower static power but
higher read/write energy than HBM. Therefore, Tier 2 access can emerge as a dominant factor in
energy consumption if redundant access increases.

To analyze the challenge of tiered memory systems, we conduct a simulation study. We design
four types of flash-based tiered memory systems based on two criteria: how to place tiers and data
placement policy. We classify the data placement policy into offline optimal and online policies.
The offline optimal policy is a theoretical, idealized approach assuming complete knowledge of
future workload characteristics and data access patterns. The online policy operates in real-time
without prior knowledge of future workload or data access patterns. The policy makes decisions dy-
namically as workloads progress. The four types are Hor_Off, Hor_On, Ver_Off, and Ver_On. “Hor”
or “Ver” indicates whether the hierarchy between tier memories is horizontal or vertical. “Off” or
“On” means whether the data placement policy operates as offline optimal or online. Hor_Off as-
sumes that the system already knows the entire workload progress and the data used, allowing the
system to proactively promote frequently reused hot data to Tier 1. However, the system avoids
promoting data if prefetching the data directly from Tier 2 to the on-chip SRAM of the accelera-
tor does not cause memory stalls. For data placement policy, the system applies Belady’s optimal
algorithm, which represents an ideal approach. Also, the system proactively fetches the data that
the system will access in the next load/store.

Hor_On, similar to Hor_Off, places hot data in Tier 1. However, unlike Hor_Off, Hor_On pro-
motes as much of the remaining data as possible without verifying whether skipping the promotion
would still prevent additional memory stalls. For Tier 1 eviction, the system employs the Least Re-
cently Used (LRU) algorithm as a replacement policy. We assume that Hor_On does not need to
check whether additional stalls caused by memory operations occur even if the data is not pro-
moted. Initially, the system stores all data in Tier 2 before executing the workload. If Tier 2 lacks
sufficient space, then the system places the remaining data in Tier 1.

Ver_Off and Ver_On initially store all the data in Tier 2 before workload execution, since Tier 1
functions as a hardware cache. Ver_Off applies Belady’s optimal algorithm as a Tier 1 replacement
policy. Also, Ver_Off proactively fetches the necessary data similar to Hor_Off. However, Ver_On
applies the LRU algorithm as a replacement policy if a page fault occurs in Tier 1.
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Table 1. Baseline Architecture Configuration

Precision BFloat16
Dataflow Weight Stationary
Number of Chips/Cores per Chip/MXU per Core 1/2/4

MXU Size 128%128
VMEM per Core/Shared CMEM (MB) 16/128

Clock Frequency (MHz) 1,050
IOMMU 2,048 entries, 4 KB page

Prior work has proposed various page replacement policies applicable to our experiments
[28,30]. HeteroOS tracks data hotness by monitoring the lifetime of individual data, only focusing
on long-lived data [28]. Also, HeteroOS aggressively evicts data based on the LRU algorithm be-
fore reaching the Tier 1 capacity limit. LPR leverages machine learning techniques to improve
page replacement decisions [30]. By learning from past replacement behavior, LPR adjusts its
policy through a reward-penalty system using both LRU and Most Recently Used (MRU) al-
gorithms during training. These advancements in page replacement policies aim to reduce the
implementation costs of LRU-based policy by leveraging workload-specific characteristics or use
learning-based approaches to approximate optimal decisions. However, the energy efficiency and
performance achieved by applying these policies remain within the range of results produced by
our designed online and offline-optimal approaches. Therefore, we conduct experiments using the
two policies, namely, online- and offline-optimal.

We analyze the behaviors of four types of tiered memory systems with a DNN accelerator, de-
signed with reference to the Google TPUv4 [25, 26]. Common Memory (CMEM) and Vector
Memory (VMEM), described in Figure 1, are on-chip SRAM buffers used as scratchpad memory.
An accelerator chip consists of two cores, each containing a VMEM and four MXUs, with both
cores sharing the CMEM. We model all the configurations and the accelerator with SCALE-Sim
v2 [44]. The detailed simulation configurations are described in Table 1. For a fair comparison, all
the cases contain the same 32 GB of total address space per accelerator chip, which is the same as
the baseline. For the horizontally-tiered memory system, we set the total size of Tier 1 and 2 to 32
GB. As Tier 1 size varies, Tier 2 memory size becomes (32 GB - Tier 1 size). In the vertically-tiered
memory system, the size of Tier 2 is always fixed at 32 GB, while we change the size of Tier 1.
Also, all cases assume support for 4KB page granularity.

In real systems, the total memory capacity is typically configured based on the model size, which
is a dominant factor in determining the total size of data used. Therefore, to clarify that the Tier
1 size variations applied in our experiments reflect diverse design choices applicable to typical
training servers, we determine the total Tier 1 size used based on the ratio of the Tier 1 size to
the model parameter size. Considering the BFloat16 numeric format mentioned in Table 1 and the
accelerator chips used for each workload listed in Table 3, a ratio of 5:1 corresponds to allocating
50% of the total memory capacity to Tier 1. As the ratio doubles from 5:1 to 10:1, the proportion
of Tier 1 within the total memory capacity also doubles.

We employ HBM as Tier 1 and flash memory as Tier 2. HBM is chosen over the typical
DDR DRAM for its large bandwidth, essential for DNN accelerators to prefetch data quickly,
prioritizing performance impact over latency. Flash memory serves as Tier 2 due to its high
energy efficiency and low static power, aligning with the goal of creating an energy-efficient
system. Table 2 describes the performance parameters of HBM and NAND Flash used in our
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Table 2. Comparison of Memory Technologies

Memory Technology HBM NAND Flash (SSD)
Bandwidth 1,200 GB/s | Seq. Read: 15 GB/s, Seq. Write: 13.8 GB/s
Dynamic Energy Consumption | 3.97 p]/bit 75 pJ/bit

Static Power Consumption 684 mW 1.6 mW

Table 3. Target Workloads and System Configurations

DNN Model BERT-Large T5 Chinchilla | GPT-3 | PaLM
Parameter Size 340M 11B 70B 175B 540B
Sequence Length (token) 512 512 2,048 2,048 2,048
Batch Size 256 128 2,048 2,048 2,048
TPU Pod (1xn) 1 1 2 2 2
Model Parallelism 1 1 2 4 12
Data Parallelism 4 16 256 256 256
Total TPU Chips 4 16 1,024 2,048 6,144
Data Size per Iteration 86 GB 316 GB 1.5TB 33TB | 3.1TB

15 OHor_Off [OHor_On MVer_Off MVer_On

i n"llHllHnﬂ

150:1 125:1 100:1 75:1 50:1 25:1 10:1 5:1
Ratio of Tier 1 Size to Model Parameter Size

Normalized
Throughput per Watt

Fig. 2. Energy efficiency breakdown depending on the ratio of Tier 1 size to model size. All results are normal-
ized to a 32 GB HBM-only system. If the total Tier 1 size is more than 25 times the model size, then Hor_Off
exhibits higher energy efficiency than the HBM-only system, while other cases show lower efficiency. The
energy efficiency decreases significantly in Ver_Off and Ver_On, reaching 10%-11% if the ratio is 5:1.

simulation experiments [14, 25, 39]. The “Seq. Read” and “Seq. Write” refer to sequential read and
sequential write, respectively.

We list the DNN training benchmark workloads and system configurations in Table 3. We focus
on transformer-based models that are popularly employed in various DNN applications [5, 10, 20,
41]. For the PaLM model, we apply the same configuration from the prior work [9]. For the other
workloads, we scale down the number of TPU chips, considering the model size.

Figure 2 depicts the energy efficiency of all cases. Regardless of the ratio, the horizontally-tiered
memory systems outperform the vertically-tiered ones. For all cases except Hor_Off, energy ef-
ficiency decreases as the ratio decreases. This tendency arises from both the increased energy
consumption in the memory system and reduced throughput as Tier 1 size decreases. A smaller
Tier 1 size leads to more frequent data migrations between memory tiers, where the low bandwidth
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Fig. 3. The size of migrated data depending on the ratio of Tier 1 size to model size. All results are normalized
to the size of the total data used for running the workload.

of NAND Flash causes additional memory stalls. Also, frequent data migration leads to higher en-
ergy consumption due to the characteristics of NAND Flash, which consumes less static power
but more dynamic energy than HBM. Hor_On exhibits up to 46% lower energy efficiency than
Hor_Off, indicating that a general policy relying on tracking data hotness and an LRU-based algo-
rithm fails to achieve sufficient energy efficiency. As shown by Ver_Off, using a vertically-tiered
memory system inevitably suffers from low energy efficiency, regardless of the Tier 1 size and
data placement policy. We find the main cause of such tendency through the results shown in
Figure 3.

Figure 3 depicts the amount of data migration between Tier 1 and Tier 2 varying the ratio of
the Tier 1 size to the model size. Applying vertically-tiered memory systems generates more data
traffic than applying horizontally-tiered memory systems, regardless of the data placement policy.
In the vertically-tiered memory systems, memory requests cannot directly access Tier 2, so all the
data should be prefetched into Tier 1. These characteristics significantly increase data migration
even with the large Tier 1. In our experiments, the data size created or used in one layer per
chip is about 9 GB for forward pass and 22.5 GB for backward pass. If Tier 1 is smaller than 24
GB, then the 22.5 GB of data does not fit in Tier 1 memory. Thus, Tier 1 memory evicts some
data, incurring extra data migration between memory tiers. Ver_Off, the upper bound of applying
the vertically-tiered memory system, exhibits more data migration than both horizontally-tiered
cases, suggesting the memory system is unsuitable for DNN training workloads. For example, if the
ratio of the Tier 1 size to the model size is 5:1, then Hor_Off and Hor_On have 1.5x and 2.1x data
migration, respectively, while Ver_Off and Ver_On have 3.6 and 3.2x data migration, respectively.

We also analyze the correlation between data migration in tiered memory and the energy effi-
ciency of the overall system. We break down the energy consumption in the tiered memory system
across all cases and measure the proportion of each element. We categorize the types of energy con-
sumption as follows: The first type is the energy consumed by promotion and demotion between
tiers. The second type is the energy consumed by prefetching data into on-chip SRAM buffers,
triggered by a memory request from DMA controller. The third type is the energy consumed by
the static power of the memory itself regardless of data read and write.

Figure 4 depicts the breakdown of energy consumption. As the Tier 1 size decreases, the pro-
portion of energy dedicated to data migration between memory tiers becomes more pronounced.
This trend is particularly evident in Ver_Off and Ver_On. Although the energy expended for data
migration between tiered memory and on-chip SRAM buffers is smaller than that of Hor_Off and
Hor_On, the substantial energy required for data migration between memory tiers outweighs this
reduction. For instance, if the ratio is 5:1, then Ver_Off consumes 0.45% less energy than Hor_Off
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in the data migration between off-chip memory and on-chip SRAM. However, Ver_Off consumes
4.09x more energy than Hor_Off in the data migration between memory tiers. As a result, Ver_Off
consumes 2.24X more energy than Hor_Off for the total energy consumption in the memory
system.

The significant difference in energy consumption by the off-chip memory system, depending
on the Tier 1 size and the data placement policy, has a substantial impact on the energy consump-
tion of the overall system. Based on the number of MAC operations and SRAM accesses obtained
from SCALEsim and the energy parameters derived from Accelergy, we measure the energy con-
sumption by the accelerator [44, 53]. We find that the off-chip memory in the HBM-only baseline
accounts for an average of 27.6% of the total energy consumption . In other words, the acceler-
ator consumes 2.62X more energy than the off-chip memory system. However, if the Tier 1 size
is constrained and a suboptimal policy is applied, then the memory system consumes more than
twice the energy compared to the baseline, as shown in Figure 4. In this case, the off-chip memory
system accounts for over 43.3% of the total energy consumption.

We observe that data traffic between tiers significantly impacts overall energy consumption.
Our analysis reveals that data traffic increases in both vertically-tiered and horizontally-tiered
memory systems, even with a simplistic data placement policy. As we analyze, Tier 2 exhibits a
substantial surge in data traffic. Given the limited bandwidth of Tier 2, the resulting inefficiency in
data traffic has a noteworthy impact on the overall energy consumption. In addition, we confirm
that the policy for classifying hot data and cold data is suboptimal for DNN training workloads.
For Hor_On, as the size of Tier 1 decreases, data migration between memory tiers increases by up
to 1.86x compared to Hor_Off.

3 TM-Training

To address the challenges discussed in the previous section, we propose a novel DNN accelera-
tion system based on a flash-based tiered memory system called TM-Training. TM-Training aims
to minimize data migration between memory tiers using the horizontally-tiered memory system.
The key concept behind TM-Training is the static prediction of data placement that approximates
optimality, motivated by heuristic analysis of memory access patterns in DNN training workloads.

3.1 DNN Training Workload Characteristics

To minimize data migration between memory tiers, it is crucial to consider the characteristics
of DNN training workloads. Transformer-based models contain multiple layers, each containing
multi-head attention and feed-forward networks. Since all layers share the same dimension, there
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Fig. 5. Overview of TM-Training. Request timing monitor records timing information as data moves through
CMEM, VMEM, and back to off-chip memory. The data placement manager derives energy-efficient data
placement (as a split ratio for the data). If the system performs an operation that has been performed before,
then it applies the already derived split ratio for storage in Tier 1 and Tier 2. The DMA controller receives
DMA descriptors from the host CPU. The dedicated IOMMU performs address translation using 128 PTWs.

is no need to differentiate between the layers. Similarly, all attention heads in a layer share the
same data dimension. Therefore, we can expect that the characteristics of the workload generate
memory requests with the same pattern repeatedly.

We measure the earliest time the system can store each data in CMEM. We assume that memory
requests for the data are generated at that time. While all the workloads that we use in this article
often exhibit repetitive computation patterns, a system generates different patterns if a cold miss
occurs in CMEM at the start of execution. In the case of BERT-Large, each attention head on a
single chip needs about 26.7 MB of data to operate. Since the CMEM capacity for each core is
smaller than that, the system prefetches the data required for two attention heads at once at the
beginning of execution. Therefore, repetition of the same memory request pattern is generated
from subsequent operations. For GPT-3, the data size for one attention head is 120 MB, which is
larger than the CMEM capacity. It leads to a repetition of almost the same pattern from the start of
execution. For both BERT-Large and GPT-3, while the system repeats the memory access pattern,
there is a small, negligible error.

3.2 TM-Training Overview and Workflow

Figure 5 shows an overview of TM-Training, highlighting its key components: the request timing
monitor and the data placement manager. The request timing monitor, a hardware component,
records raw cycle counts for each data, capturing the moments when data used for operations
transits from tiered memory to on-chip SRAM buffers in an accelerator (e.g., CMEM and VMEM
in Google TPUv4). If the request timing monitor records three values, then the accelerator also
generates an interrupt to calculate T, T, values. T, and T, correspond to (T, - Ty) and (T3 - T),
respectively.

The data placement manager, which is an OS-level software algorithm, leverages the recorded
timing values from the request timing monitor and additional information such as memory band-
width and data size. If data moves between CMEM, VMEM, and MXU within the accelerator, then
the data placement manager generates an interrupt to the host CPU interrupt controller. Once
an interrupt signal arrives, the data placement manager transmits the current count value to the
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Fig. 6. Workflow of TM-Training. TM-Training determines data placement to minimize redundant Tier 1
access by considering the time each data is used.

request timing monitor. Each stored raw cycle count is a value corresponding to the earliest time
the data can be prefetched in CMEM (T}), the time it initiates waiting for the operation in VMEM
(T7), and the time the operation using the data in MXU ends (T3). The data placement manager
minimizes data migration between memory tiers by selectively promoting only essential data to
Tier 1. During this process, the data placement manager employs a data-splitting technique to man-
age large-sized data precisely. With this scheme, the data placement manager actively engages in
memory management tasks, including promotion and demotion.

The numbers attached to the arrows in Figure 5 represent the overall control flow among key
components of TM-Training. After the data placement manager records three raw cycle counts
in the request timing monitor for each data, the data placement manager derives the correspond-
ing split ratio. Using this ratio, the host CPU generates memory requests for the data and sends
descriptors to the DMA controller.

To manage data eviction in Tier 1, TM-Training applies the LRU algorithm as its eviction pol-
icy. However, data promoted from Tier 2 but not yet used in GEMM operations is excluded from
eviction consideration to prevent premature demotion before being accessed. Also, the system
proactively performs eviction and replacement operations before reaching the Tier 1 capacity limit,
minimizing potential memory stalls.

TM-Training adopts only a horizontally-tiered memory system considering its energy efficiency-
focused objectives. In the experiments discussed in Section 2, we observe that vertically-tiered
memory systems suffer from significant data migrations between memory tiers, leading to un-
avoidable reductions in energy efficiency. As particularly shown in Figure 2, reducing the Tier 1
size in the vertically-tiered memory system drastically lowers energy efficiency, even with an ideal
replacement policy.

Figure 6 depicts how TM-Training measures memory request timing and splits data to mini-
mize data migration between memory tiers using its key components. We assume that the system
stores the data required for the first self-attention in Tier 1 at the onset of workload execution.
Also, the address mapping information for the data already resides in the TLB. During execu-
tion, TM-Training measures the current cycle at the software level. We assume the DNN accel-
erator has the same feature as Google TPUv4 [25]. The workflow of TM-Training encompasses
the following stages, where P signifies a phase during which each characteristic operation oc-
curs. During the process, the system executes each phase by moving data from tiered memory to
on-chip SRAM.
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CMEM Prefetching (P=0): Upon the initiation of prefetching data to CMEM by the DMA con-
troller, the request timing monitor logs the cycle at which prefetching commenced. The compiler
schedules the data as swiftly as possible, provided there is available space in CMEM. With this
scheme, the request timing monitor stores the current cycle value as Tj.

VMEM Prefetching (P=1): Following the prefetching of data to CMEM, the data needed for the
first GEMM operation starts moving from CMEM to VMEM. At this juncture, the request timing
monitor records the current cycle value as T, value. If the data is not present in CMEM at T, then
it cannot be immediately stored in VMEM. This delay directly elevates the likelihood of a memory
stall in VMEM later. In the subsequent phase, the data placement manager ensures the completion
of prefetching all data before T5.

After Completing GEMM Operation (P=2): Once MXUs generate all the output data, the
request timing monitor records T3 value. (T5 - T;) refers to the time required for the data to be
transferred and used in computation.

Determining Data Split Ratio (P=3): After measuring the request timing for each data, the
data placement manager calculates T, and T, values and determines the ratio of data to be stored
in Tier 1 and 2, considering memory request timing, memory bandwidth, run time, and the data
size. Using this information, the data placement manager obtains the most energy-efficient data
placement between memory tiers with simple algorithms (details in the next section). If the Tier
1 size decreases, then the system is more likely to demote data used in operations and stored
in Tier 1. Consequently, redundant Tier 1 access leads to additional energy consumption due to
data migration between memory tiers without any performance benefits, thus reducing energy
efficiency.

Data-splitting: As the size of DNN models increases, the size of each data used in specific
operations also grows. Therefore, managing each data as a unit is a coarse-grained policy in that
we cannot determine data placement in units of size smaller than the data. Storing all the data with
large dimensions in Tier 1 significantly increases data migration between memory tiers. However,
storing all data in Tier 2 causes performance degradation, which is also a major factor in lowering
energy efficiency. Therefore, we design fine-grained data placement by splitting the large data
and storing each separated data in Tier 1 and 2, respectively. Prior work has proposed a similar
technique to manage GPU memory more precisely [38]. In TM-Training, we define the split ratio
as the size of the portion stored in Tier 1 divided by the total data size.

Storing Data (P=4): Once the host CPU sends a request to the DMA controller and the data
placement manager has determined a split ratio, the data is divided according to the ratio and
placed in both Tier 1 and Tier 2. If the split ratio has not been obtained yet, then TM-Training
stores the data in Tier 1. Transformer-based models contain multi-head attention structures, which
execute the same self-attention algorithm multiple times [5, 9, 10, 49].

4 TM-Training Implementation
4.1 Request Timing Monitor

The request timing monitor stores the IDs of data used in the training workload. Transformer-
based models commonly perform a self-attention algorithm. The algorithm generates Query (Q),
Key (K), and Value (V) matrices and a self-attention feature map through GEMM operations.
After performing the algorithm on multiple attention heads, also known as multi-head attention,
each head generates output feature maps. The system then concatenates these maps and uses them
in the feed-forward network. Given these characteristics, we classify all data into 14 data types.
Table 4 shows the 4-bit labels of all 14 data types. Each data type has a set of dedicated raw cycle
count information (T, T, and T3). The request timing monitor uses 64 bits to store the data type and
corresponding raw cycle count values. Based on a total of 64 bits, 4 bits from the most significant
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Table 4. Data Labels in Request Timing Monitor

Sublayer Operation | Input Data | Weight
GetQ 0001
GetK 0000 0010
Self-Attention GetV 0011
Q X KT 0100 0101
QXKT XV 0110 0111
Concat Linear | Concat Linear 1000 1001
Feed Forward 1 1010 1011
Feed Forward Feed Forward 2 1110 1101

ALGORITHM 1: Split Ratio Approximation

r’ = BW; /(BW; + BW;)
(r" x (BW2) = (1 - 1') x (BW1))
return r’

—_

1: function SpuitRaTIO(T,, D, BW;, BW;)

2: Treq =Tc > D: Data size.
3: Tmin = D/(BW; + BW;) > Treq: Memory requests interval.
4: if Treq > Trnin then > Typin: Minimum memory period.
5: r = 1= Tyreq X BW,/D > BW;, BW,: Tier 1, Tier 2 bandwidth.
6: (Treq =(1-71")x D/BW)

7: else

8:

9:

0:

bit (MSB) denote data ID, and the lower 60 bits denote Ty, T5, and T3 values. So, there are 42 64-bit
SRAM storages in the request timing monitor.

If a DMA controller generates a memory request, then the system checks whether the request
timing monitor has already measured the T, value for the corresponding ID of the requested data.
If the request timing monitor has already measured the T, value, then it does not store the current
cycle value in T, again. If not, then the request timing monitor stores the current cycle counter
value at that point in T. If the system fetches data from CMEM to VMEM to compute them in
the MXU, then the request timing monitor checks whether the system has ever measured the T,
value of the corresponding ID. The request timing monitor stores the current cycle value at that
point if the T, value remains unmeasured. After completing the GEMM operation with the data
and discharging all partial sums from the MXU, the request timing monitor records the current
cycle value at that point into T,.

4.2 Data Placement Manager

Algorithm Overview: The data placement manager employs three algorithms to determine the
optimal data placement ratio. First, it calculates an approximated value to measure the split ratio
efficiently. Second, it measures the run time and energy consumption for the corresponding oper-
ation in the HBM-only system. Since the workload initially runs with all necessary data in Tier 1,
the data placement manager executes this algorithm without experiencing performance degrada-
tion from Tier 2 memory. As a result, despite the tiered memory environment, it measures the run
time of the HBM-only system at first measurement. Third, the algorithm finds the most reasonable
value in terms of energy efficiency by adjusting the approximated split ratio.

Split Ratio Approximation: Algorithm 1 describes logic to find the approximated split ratio.
The approximated split ratio refers to the smallest split ratio (r) value that prevents Tier 2 from
becoming a critical path of performance. As the r value becomes smaller, the system stores less
amount of data in Tier 1. Placing more data in Tier 2 reduces data traffic between Tiers 1 and
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ALGORITHM 2: Baseline Runtime and Energy Consumption

1: function OFrCHIPACCESSPERDATA(D, SRAMSize)
2 Nyixvrerch = [Colweight /Colpmxus | > Colyyeighs: Column size of weight operand matrix.
3 if (type(Data) == Weight) then > Colpxus: Total column size of 4 MXUs.
4: N=1
5: else
6: if (D < SRAMSize) then > SRAMSize: On-chip SRAM capacity for each core.
7 N=1
8 else
9 N = NpxUFetch

10: return N

11: function ONCHIPACCESSPERDATA(D, Penergy, EcMEM, EVMEM)

120 NmxuvFetch = [Colweight/Colmxus |

13: if (type(Data) == Weight) then

14: Nemems Nvmem =2

15: else if (D < VMEMSize) then

16: Nemem =2

17: Nvmem =1+ NMxUFetch

18: else if (D < SRAMSize) then

19: Nemem =1+ NyxUFetch

20: Nvmem =2X NMxUFetch

21: else

22: Nemem, Nvmem = 2 X NyxUFerch

23: Ec = Ecmem X nemem, Ev = EvmMeEM X nvMEM

24: return E;. + E,,

25: function OFrCHIPENERGY(D, Ty, Penergy)

26: HBMDynamicEnergy, HBMStaticPower < Pepergy > Penergy: A class that has all parameters related to energy.

27: n < OFrCHIPACCESSPERDATA(D, SRAMSize)

28: HBMAccess =D xXn

29: Eorf.a = HBMAccess x HBMDynamicEnergy

30: Eorf.s = HBMStaticPower X T, > Eoff.ss Eoff.a: Static and dynamic energy of off-chip memory.
31: return Eoff.d + Eoff.s

32: function ONCHIPENERGY(D, Ty, Penergy)

33: Ep < ONCHIPACCESSPERDATA(D, Penergy, EcMEM, EvMEM)
34: Eon.a = DX Ep, Eon.s = SRAMStaticPower X Ty > Eon.s, Eon.q: Static and dynamic energy of on-chip SRAM.
35: return E,,, g + Eon.s

36: function MXUENERGY(#0f MacOp, Penergy)

37: Enac = #0fMacOp x MacEnergy

38: return E,; 4

39: function Total(D, T, Ty, Penergy #of MacOp)
40: Eoff < OFFCHIPENERGY(D, Ty, Penergy)

41: Eon ¢ ONCHIPENERGY(D, Ty, Penergy)

42: Emac < MXUENERGY(#¥0f MacOp, Penergy)
43: return Eor ¢ + Eon + Emac

2. Consequently, this reduction results in lower energy consumption. If there is no performance
degradation even if r becomes smaller, then energy efficiency increases, because energy consump-
tion decreases while maintaining performance. For this reason, we set the approximated ratio to
the smallest value that does not increase run time. Using Algorithm 1, the data placement man-
ager derives the optimal r value without calculating all possible real values. For approximation,
the data placement manager first measures the memory requests interval (T;.4) and the minimum
time required for prefetching the data using both Tier 1 and Tier 2 (Tyin). If Ty¢q is larger than
Tinin, then it means that the system is memory-bound. Thus, the algorithm does not allocate more
data to Tier 2 to prevent extra performance degradation. Otherwise, the algorithm finds the split
ratio if the time required for prefetching from Tier 2 is equal to T,.q4.

Baseline Run Time and Energy Consumption: In Algorithm 2, we first measure the energy
efficiency of the baseline before applying a split ratio. During the measurement, Algorithm 2 uses
parameters such as HBMDynamicEnergy and HBMStaticPower. Energy and power consumption
parameters for memory accesses and MAC operations in PEs are obtained through profiling before
workload execution. Therefore, the data placement manager operates according to Algorithm 2
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ALGORITHM 3: Split Ratio Adjustment

1: function RUNTIMEOVERHEAD(T,, D, r, BW;)

2: Treq =Tc

3: To =D X(1-r)/BW; = Tyeq

4: return T, > T,: Runtime overhead.
5: function ENERGYOVERHEAD(D, Ty, Eoff, 1)

6: Epase = Eoff

7: Er =2XrXEorf.a+(1-r)XDXT2ReadEnergy + Tier2Memsize X Eorf s + T2Static X Ty

8: return E, — Ep e > E, — Epgse: Energy consumption overhead.

9: function EFFICIENCY(r)
10: E, = E+ ENERGYOVERHEAD(D, T, T), Eoff, r)
11: T, = T+ RuUNTIMEOVERHEAD(T,, Ty, D, r, BW5)

12: return E, /T, > E,/T,: Energy efficiency of the overall system.
13: function RATIOADJUSTMENT(r, seq)

14: ri=r,r2=r"-1/seq > r’: An approximated value from Algorithm 1.
15: while True do > seq: Sequence length of the target workload.
16: EE, = EFrFICIENCY(r1)

17: EE,> = EFFICIENCY(r2)

18: if EE,; > EE,; then

19: break

20: else

21: ri=r2

22: r2=r2-1/seq

23: return r1

with knowledge of these parameter values. We estimate the run time for an operation using T,.
Given that the operation order and the data size they require are fixed, we also approximate energy
consumption. The total energy is the sum of the energy generated from tiered memory (Eyfr), on-
chip SRAM buffers (E,,), and MXU (E,;,4¢). Since the MXU operates in a weight-stationary dataflow,
we estimate the number of accesses in the on-chip SRAM buffers based on whether the data serves
as a weight and whether it can be stored in the VMEM at once. Through a motivation study, we
observe that considering the workload progress enables predicting whether the MXU frequently
reuses data in off-chip memory. During self-attention operations, on-chip SRAM capacity is larger
than the size of most of the data used. In this case, MXU operations such as GEMM reuse much of
the data stored in VMEM or CMEM, while accessing off-chip memory only once per data. However,
during feed-forward network operations, particularly for large models, the system cannot store
the data entirely in on-chip SRAM in a single instance. Therefore, multiple accesses to off-chip
memory are required. In this case, by considering the dimension of the systolic array, weight-
stationary dataflow, and on-chip SRAM capacity, we estimate the number of accesses to data in
off-chip memory.

Considering these characteristics, we estimate the energy consumption in the baseline. In func-
tion CHECKDATATYPE, the algorithm divides cases based on data size and data type. If the data
type is weight, then each weight data enters the MXU only once. In contrast, if it is input data,
then it enters the MXU multiple times, proportional to the number of weight data relative to the
systolic array size. Lines 21-27 reflect the dataflow of weight stationary.

Split Ratio Adjustment: Algorithm 3 finds the ratio with the highest energy efficiency by
changing the approximated ratio. Also, similar to the parameters used in Algorithm 2, parame-
ters such as T2ReadEnerqgy, Tier2Memsize, and T2Static are obtained through profiling before
workload execution. First, it calculates the run-time overhead and energy overhead with functions
RUNTIMEOVERHEAD and ENERGYOVERHEAD. Then, it adds each overhead to the baseline run-time
and energy consumption, respectively, to determine the energy efficiency value by using the func-
tion EFFICIENCY. Since the system splits the data according to the sequence length, the algorithm
adjusts the ratio by the inverse of the data sequence length. This three-step algorithm efficiently
derives the most energy-efficient split ratio. The function RATIOADJUSTMENT shows this algorithm.
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Fig. 7. Two methods for splitting output data during its storage in off-chip memory. Emb, Seq, and Bat mean
embedding dimension, sequence length, and batch size, respectively. The column dimension of the weight
matrix is one of the attention key, value dimensions, or the hidden size of the feed-forward network.

Since TM-Training aims to maximize energy efficiency, it accepts the split ratio even if it
introduces performance overhead, provided that it improves energy efficiency. If there are also
performance requirements in the real system, then we can modify the algorithm to reflect
the requirements. If modifications are necessary, then TM-Training reflects such requirements
between lines 19 and 20.

4.3 Data-splitting

The input data used in transformer training workload execution has three dimensions: Sequence
length, embedding dimension, and batch size. There are three ways to divide the data, considering
the split ratio while saving output data from CMEM to tiered memory. Depending on the dimension
of the data, splitting data may require additional hardware or software-level support. We split the
data based on sequence length, which requires the least overhead.

Figure 7 depicts the dataflow in GEMM operation according to the splitting method. First,
Figure 7(a) illustrates how we split the output data in the embedding dimension. In weight sta-
tionary dataflow, the values in the embedding dimension of the data result from different weights.
Since the MXU keeps weights and performs operations in parallel, MXU simultaneously generates
output data to be stored in Tier 1 or 2. Second, as shown in Figure 7(b), the MXU generates all the
data for Tier 1 and then the data for Tier 2 if we split the output data in the sequence length. We
do not split the data with the batch size, because the batch size per core becomes small as we use
data parallelism across multiple chips. Therefore, it is difficult to split the data close to the split
ratio.

If on-chip SRAM buffers have enough free space and the next operation requires reusing the
output data, then we store all the data in the CMEM. In that case, additional hardware/software
support is unnecessary regardless of how MXU generates data for memory tiers. If on-chip SRAM
buffers do not have free space or the next operation does not reuse the output data, then the
DMA controller immediately transfers the data to tiered memory. In this situation, if we apply the
method in Figure 7(a), then an accelerator requires additional hardware/software support that de-
termines where to store each data. If we apply the method in Figure 7(b), then the DMA controller
transfers the earlier generated data in Tier 1 and then stores the remaining data in Tier 2. As the
host CPU informs the DMA controller of the data size to transfer in advance, the DMA controller
transfers the output data to each tier memory sequentially without additional hardware/software
support.
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4.4 Implementation Overhead

On the hardware side, we design the request timing monitor and add additional hardware compo-
nents in the dedicated IOMMU. According to prior work that has proposed the IOMMU, it requires
an additional 34 KB of SRAM storage and 13.65 mW of leakage power per chip [21]. The request
timing monitor consumes about 2.7 KB SRAM storage, since it has 42 64-bit fields. Considering
the energy consumption shown in Table 2, hardware-side overhead is not critical for the overall
system, since we save more than hundreds of mW by reducing the HBM size. On the software side,
the most important factor is address translation or page mapping modification due to promotion
and demotion. However, experiments in Section 2 show that data migration between memory tiers
is more dominant than others. Since the data placement manager uses simple logic to calculate T,
and T, values and obtain the data-splitting ratio, the resulting overhead is also negligible.

5 Evaluation
5.1 Methodology

We model TM-Training and other architectures for comparison with SCALE-Sim v2 [44]. We model
the software implementation and operations of the overall tiered memory system using SCALE-
Sim simulation results such as run time and number of memory accesses. In particular, our model-
ing is based on trace files and analytical modeling in SCALE-Sim. Our implementation accurately
performs cycle-level simulation for essential information for software implementation, including
memory request and computation timing for each data. Also, we implement timing models of off-
chip memory systems based on the memory parameters described in Table 2, which are used in
the simulation, and prior work [14, 25, 38]. Our modeling measures memory stalls and the number
of page promotions/demotions between tiers. With this implementation, we evaluate the behavior
of TM-training and tiered memory systems. We get power and energy consumption parameters
of all the on-chip hardware resources such as VMEM, CMEM, and MXU with Accelergy [53].

We use five transformer-based workloads that are used in Section 2. Typical training requires
running multiple epochs, and each epoch requires numerous iterations. As all the iterations exhibit
the same behavior, we run a single iteration for evaluation. Since TM-Training aims to achieve
maximum energy efficiency by minimizing redundant data migration, we measure the size of data
migration and energy efficiency by varying Tier 1 size. We set the default setup for the ratio of the
Tier 1 size to the model size to 25:1, which corresponds to allocating 12.5% of the total memory
capacity to Tier 1. Then, we vary the ratio from 5:1 to 150:1. Next, we measure throughput to
show that TM-Training is effective without critical performance degradation. Also, to evaluate the
scalability of TM-Training in handling larger datasets, we double the batch size of the workloads
listed in Table 2 and measure energy efficiency. To support the increased batch size, we expand
only the Tier 2 capacity while fixing the Tier 1 capacity. Last, we conduct sensitivity studies by
applying a different page replacement policy and low SSD bandwidth to TM-Training.

The ideal case applies the offline optimal policy named Hor_Off in Section 2 as the page replace-
ment policy. Also, during the storage of output data from the accelerator into Tier 1 and Tier 2, the
ideal case uses the data split technique similar to TM-Training. While TM-Training determines the
split ratio by adjusting values in units of m as described in Algorithm 3, the ideal case
fine-tunes the split ratio precisely to achieve the most optimal configuration. The baseline refers
to a memory system that uses only HBM DRAM. The detailed configurations are described in
Table 1. We compare TM-Training with prior work named Sentinel, AutoTM, and DeepTM, which
use tiered memory to run DNN training workloads in GPU [19, 43, 56]. Sentinel only accesses
Tier 1 during data prefetching to on-chip SRAM buffers [43]. Tier 2 proactively promotes data
required for future operations to Tier 1 while it also demotes data already used in processing. In
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Fig. 8. Energy efficiency of the overall system. All results are normalized to the HBM-only baseline. We set
the Tier 1 size to 12.5% of the total off-chip memory size, resulting in a ratio of the Tier 1 size to the model
size of 25:1. In all results, TM-Training achieves better energy efficiency compared to prior work.

this context, Sentinel exhibits similar operating characteristics with the vertically-tiered memory
system defined in Section 2. We implement the policy in our experimental environment by
incorporating details such as migration intervals between memory tiers.

AutoTM uses Integer Linear Programming (ILP) to decide tensor movement and placement
[19]. For each operation, it analyzes four cases, as there are four combinations where input and
output data are stored across Tiers 1 and 2. For these cases, AutoTM predicts performance for
applying each case using ILP. Then, it applies the most efficient case to the execution time. To
reasonably model the policy in our simulation-based experimental environment, we derive all
results of four cases for each operation. Then, we choose the best case among the results.

DeepTM highlights the risk of OOM errors from the ILP approach, causing performance over-
head due to page fault handling [56]. Initially, DeepTM uses the ILP approach for data placement
based on lifetime, size, access frequency, and recency, switching to a Deep Reinforcement Learn-
ing (DRL) approach during execution to prevent OOM errors. To design a simulation similar to
the DRL approach, we apply the following policies: During the first layer execution, we apply the
ILP approach as in AutoTM. From the second layer, we assume Tier 1 writes proceed without OOM
overhead. If an OOM error occurs, then the system also performs Tier 1 eviction without run-time
overhead. This design allows measurements comparable to cases where using the DRL approach.

5.2 Experimental Results

Energy Efficiency: Figure 8 depicts the energy efficiency of executing various training work-
loads. We set the Tier 1 size to 12.5% of the total tiered memory size, following a configuration
commonly used in prior work. While running GPT-3, the variation in energy efficiency according
to the applied policy is the greatest. On average, TM-Training achieves 1.71X, 1.26X, and 1.16X
better energy than Sentinel, AutoTM, and DeepTM, respectively. Also, TM-Training shows 1.09x
better energy efficiency than the baseline.

Although all cases reduce cost in the memory system by decreasing HBM capacity, only TM-
Training achieves better energy efficiency than the baseline, while prior work architectures show
lower energy efficiency. As shown in Table 2, NAND Flash consumes less static power than HBM
but incurs higher dynamic energy consumption. Therefore, frequent data migration between mem-
ory tiers in prior work reduces the energy efficiency of the overall system due to increased Tier
2 access. These results highlight the importance of minimizing data migration between memory
tiers to achieve better energy efficiency than the baseline.

There is some variation in the degree of improvement for each workload. For BERT-Large, the
energy efficiency improvement is relatively small compared to prior work. BERT-Large requires
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Fig. 9. Data traffic between tiers for cases running each workload. We set Tier 1 size to 12.5% of the total
off-chip memory size. All results are normalized to the ideal case. In all results, TM-Training generates less
data traffic than prior work.
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Fig. 10. Energy efficiency for running PaLM depending on the ratio of Tier 1 size to model parameter size. If
the ratio is 100:1, then 50% of the total memory capacity is allocated to Tier 1. All results are normalized to
the HBM-only system. For all configurations, TM-Training outperforms prior work.

smaller data than other workloads. Since the need for data-splitting arises from the challenge of
managing data placement with large data, the benefits gained from data-splitting diminish as the
data size becomes smaller.

Data Migration between Memory Tiers: We analyze the amount of data migrated between
memory tiers. Figure 9 shows the normalized size of migrated data for all benchmarks. Unlike the
aforementioned experiment measuring energy efficiency, we normalize all the results to the ideal
case. It is because the HBM-only system does not have two memory tiers, and as a result, there is
no data migration between memory tiers. With these experiments, we evaluate how closely each
architecture approaches the ideal case in reducing data traffic. TM-Training consistently demon-
strates an efficient reduction in data migration compared to prior work. On average, TM-Training
exhibits 64%, 40%, and 36% less data migration compared to Sentinel, AutoTM, and DeepTM, re-
spectively. In the case of BERT-Large, with its relatively small model size, the differences in data
migration among policies are marginal. Even with this smaller model, TM-Training achieves a
47%, 27%, and 23% reduction in data migration compared to Sentinel, AutoTM, and DeepTM,
respectively.

Effect of Varying Tier 1 Size: Figure 10 depicts the energy efficiency of the overall system
for PaLM. Across all results, TM-Training achieves higher energy efficiency than the prior work.
If the ratio is 100:1, then TM-Training achieves the highest energy efficiency. In that case, TM-
Training gets 1.65X, 1.17%, and 1.1X higher energy efficiency than Sentinel, AutoTM, and DeepTM.
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Fig. 11. Data traffic between memory tiers comparison for running PaLM. All results are normalized to the
size of the total data used for running the workload. Sentinel, AutoTM, and DeepTM generate more data
traffic than TM-Training.

As the Tier 1 size decreases, the efficiency gap becomes even larger. If the ratio is 5:1, then TM-
Training improves energy efficiency by 2.06x, 1.37x, and 1.23X compared to Sentinel, AutoTM,
and DeepTM.

Figure 11 shows the amount of data migration. For all Tier 1 memory size configurations, TM-
Training offers a very similar amount of data migration to the ideal case. TM-Training successfully
reduces the data migration by statically setting data placement for subsequent operations of the
same type using the information obtained during the initial operation. If Tier 1 memory size is less
than 32 GB, then Sentinel suffers from excessive data migration between memory tiers. This exces-
sive data migration is because Sentinel operates as a vertically-tiered memory system. As a result,
Sentinel generates almost 2Xx more data migration than TM-Training, regardless of the Tier 1 size.

AutoTM and DeepTM show a similar amount of data migration if the ratio is greater than 100:1.
However, as the Tier 1 size becomes smaller, the two prior works generate a larger amount of data
migration than TM-Training. For example, if the ratio of the Tier 1 size to the model size is 5:1,
then AutoTM and DeepTM show 1.31X and 1.24X higher data migration than TM-Training. Since
those prior work does not apply data-splitting, the data migration and resulting energy consump-
tion increase significantly compared to TM-Training as the Tier 1 size gets smaller. Also, since
the memory access patterns and the size of data being read or written in DNN accelerator-based
systems are generally predictable, the advantages of deep reinforcement learning in DeepTM are
less pronounced than the data-splitting strategy in TM-Training.

Running PaLM needs about 9 GB of memory space for the forward pass and about 22.5 GB for
the backward pass. Thus, if Tier 1 is larger than 22.5 GB, then the system can run the workload
with all data promoted to Tier 1. If it becomes smaller than 22.5 GB, then a smaller Tier 1 might
not immediately significantly affect the overall system, depending on the policy. However, as the
size of Tier 1 decreases, the gap between policies becomes wider.

Throughput: Although TM-Training focuses on improving energy efficiency, we also need to
consider the performance of the overall system. Figure 12 depicts the geometric mean throughput
results for all workloads. If the ratio is greater than 100:1, then it leads to negligible performance
degradation compared to the HBM-only baseline. If the ratio becomes smaller, then TM-Training
achieves similar or higher throughput than prior work. For example, TM-Training achieves 1.04X
to 1.19x higher throughput compared to prior work if the ratio is 25:1, indicating that the Tier 1
size accounts for 12.5% of the total memory capacity.

Effect of Varying Input Data Size: Figure 13 shows the energy efficiency of the overall system
while doubling the batch size. In this experiment, we set the Tier 1 size to 12.5% of the total memory
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Fig. 12. Performance of the overall system depending on the ratio of Tier 1 size to model parameter size.
We calculate the geometric means of the results for all workloads in Table 3. If the ratio is 100:1, then 50%
of the total memory capacity is allocated to Tier 1. For all cases, TM-Training shows a smaller performance
degradation compared to prior work, maintaining closer alignment with ideal throughput.
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Fig. 13. Energy efficiency comparison as we double the batch size and memory capacity per chip. We set the
Tier 1 size to 12.5% of the total off-chip memory size, resulting in a ratio of the Tier 1 size to the model size
of 25:1. All results are normalized to the HBM-only baseline. TM-Training achieves better energy efficiency
than prior work.

size, consistent with the experiment shown in Figure 8. With the increased data size to process
while keeping the Tier 1 size fixed, we observe an increasing disparity in energy efficiency across
architectures. On average, TM-Training achieves 1.75X, 1.35X, and 1.22X better energy efficiency
than Sentinel, AutoTM, and DeepTM, respectively. Moreover, while other prior work exhibits a
21% to 45% lower energy efficiency than the HBM-only baseline, TM-Training achieves energy
efficiency nearly equivalent to the baseline.

Effect of Varying Page Replacement Policy: Figure 14 shows the energy efficiency of the
overall system while varying the page replacement policy. In this experiment, we measure the
energy efficiency of TM-Training by applying the offline optimal policy used in Section 2. TM-
Training_Off refers to TM-Training with the offline optimal policy applied instead of the LRU-
based replacement policy. On average, TM-Training_Off achieves only 1.05x higher energy effi-
ciency than TM-Training. Also, TM-Training shows 4% lower energy efficiency than the ideal case.
These results suggest that TM-Training improves energy efficiency orthogonal to the page replace-
ment policy. Also, the negligible difference between the ideal case and TM-Training_Off indicates
that adjusting the data split ratio in units of m in TM-Training is sufficiently effective.

Effect of Varying SSD Bandwidth: Figure 15 depicts the energy efficiency results with Tier
2 bandwidth reduced by half. On average, TM-Training achieves 1.91%, 1.34X%, and 1.24X higher
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Fig. 14. Energy efficiency of the overall system. All results are normalized to the HBM-only baseline. We set
the Tier 1 size to 12.5% of the total off-chip memory size, resulting in a ratio of the Tier 1 size to the model
size of 25:1. In all results, TM-Training shows relatively small differences in energy efficiency depending on
replacement policies.
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Fig. 15. Energy efficiency of the overall system with Tier 2 bandwidth reduced by half. All results are nor-
malized to the HBM-only baseline. We set the Tier 1 size to 12.5% of the total off-chip memory size. We set
the Tier 1 size to 12.5% of the total off-chip memory size, resulting in a ratio of the Tier 1 size to the model
size of 25:1. In all results, TM-Training achieves better energy efficiency compared to prior work.

energy efficiency than Sentinel, AutoTM, and DeepTM, respectively, while it shows 23% less energy
efficiency than the baseline. As Tier 2 bandwidth decreases, the throughput of the overall system
declines. Also, the amount of data that can be prefetched directly from Tier 2 to the accelerator
without additional memory stalls decreases. This limitation increases the frequency of promotions
to Tier 1, leading to higher energy consumption. However, TM-Training mitigates performance
degradation and energy consumption growth more effectively due to its data-splitting technique.
This tendency becomes more pronounced with larger model sizes, widening the energy efficiency
gap across architectures. For example, in the case of PaLM, TM-Training achieves 2.45X, 1.42X,
and 1.3% higher energy efficiency than Sentinel, AutoTM, and DeepTM, respectively.

6 Discussion

In this section, we discuss the applicability of TM-Training to other types of DNN workloads such
as CNN-based models. We also explore its compatibility with accelerators featuring non-systolic
array-based cores.

Applicability to Non-transformer-based DNN Workloads: As shown in Figures 8 and 13,
the differences in energy efficiency and throughput between TM-Training and prior work become
relatively smaller for small models such as BERT-Large. If we use CNN-based models that have
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much smaller parameter sizes, then the advantage of TM-Training may decrease due to signifi-
cantly reduced data migration between memory tiers and notable differences in model structure.
However, even for CNN-based models, the approaches of TM-Training can still be applied if the
target workload involves performing repeated operations with the same dimensions across multi-
ple layers, since TM-Training leverages the repeated computations both across layers and within
a layer. For example, ResNet repeatedly applies identical convolutional operations within residual
blocks [18]. Similar to ResNet, Inception Networks process feature maps through parallel branches
with similar convolutional structures across multiple layers [48].

Compatibility with Non-systolic Array-based Accelerators: We adopted TPU v4 as the
baseline architecture because it is well-suited for running large DNN models like LLMs and has a
publicly available architecture and configuration. However, prior work also has proposed various
DNN accelerator architectures with designs different from TPU v4. For example, prior work has
explored DNN accelerators built on non-systolic array-based cores [32, 33]. Although computation
time for each operation may vary depending on the architecture of the processing unit, DNN accel-
erators commonly feature scratchpad-based on-chip SRAM and compute units tailored for GEMM
or GEMV operations. Despite differences in internal architectures, all the accelerators have deter-
ministic operational characteristics. Therefore, the mechanism of TM-Training, which statically
predicts near-optimal data placement by leveraging repetitive operational characteristics of target
workloads, still applies to other architectures.

7 Related Work

Tiered Memory for DNN Training Workloads: Prior work has proposed techniques for us-
ing tiered memory while performing DNN training workloads [16, 19, 37, 43]. In terms of target
workloads, those techniques have focused on CNN-based models such as ResNet and VGG. Al-
though Sentinel and Han et al. have used BERT-Large and Transformer, respectively, these models
are still much smaller than recently proposed DNN models [5, 9, 16, 43]. In terms of evaluation
metrics, except for Mukherjee et al., all prior work mainly focuses on price and execution time
[37]. Mukherjee et al. proposed a policy of storing only weight data in emerging memory, and
all input data in DRAM assume that only inference workloads are in use. Unlike the prior work,
TM-Training improves energy efficiency even with a smaller Tier 1 size.

Horizontally-tiered Memory System: There have been previous studies that propose vari-
ous horizontally-tiered memory systems [1, 42]. FlatFlash proposed a lightweight, adaptive page
promotion mechanism between SSD and DRAM to efficiently use byte-addressable SSD as part of
the main memory. Ramos et al. applied Phase Change Memory (PCM) as a Tier 2. They have de-
signed a policy that stores only performance-critical pages and frequently written pages in DRAM.
Unlike prior work, TM-Training focuses on minimizing both data migration between memory tiers
and the data migration between off-chip memory and processor.

Customized IOMMU for DNN Accelerator: Prior work has proposed IOMMU considering
the characteristics of DNN accelerator [17, 21]. NeuMMU proposed a dedicated IOMMU to support
CPU memory access, just as GPU can access CPU memory using unified memory [21]. NeuMMU
prioritizes improving translation throughput by increasing the number of PTWs and by merging
memory requests accessing the same physical page. Hao et al. proposed a 2-level IOMMU that
includes L1 TLB and a shared L2 TLB to manage address translation requests from multiple accel-
erators [17]. Since translation techniques are orthogonal to our work, TM-Training employs the
NeuMMU.

Exploiting Patterned Workload Characteristics: One of the main contributions of TM-
Training is to statically determine data placement if an operation with the same characteristics
has been performed previously. Prior work has exploited such characteristics in computer system
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simulation designs. SimFlex has utilized statistical sampling to address the computational chal-
lenges in multiprocessor simulations, reducing simulation time by roughly a factor of 10,000 [52].
BarrierPoint predicts the overall execution time by dividing it into sections with repeating pat-
terns and sections without repeating patterns based on Instructions per Cycle (IPC) [7]. There
are other prior works that efficiently estimate system behaviors during the entire execution time,
considering the repetitive nature of workloads [6, 51, 54].

8 Conclusion

Integration of a flash-based tiered memory into DNN accelerators introduces significant energy
overhead due to the extensive data migration between memory tiers. To address this challenge,
we propose a solution called TM-Training leveraging tensor splitting, which allows storing only
essential components in Tier 1 while placing the remaining data in Tier 2. TM-Training exploits the
behavioral characteristics of DNN training workloads that repeatedly execute the same phases. By
strategically utilizing information from one segment of the total workload execution, TM-Training
dynamically establishes data placement for the entire process. In our evaluation, TM-Training
achieves an improvement in energy efficiency up to 55% compared to prior work.
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