Journal of Systems Architecture 162 (2025) 103389

Contents lists available at ScienceDirect

EMBEDDED
SOFTWARE
DESIGN

Journal of Systems Architecture

journal homepage: www.elsevier.com/locate/sysarc

Check for

Beyond VABlock: Improving Transformer workloads through aggressive | e
prefetching

2

Jane Rhee ?, Ikyoung Choi ?, Gunjae Koo ", Yunho Oh ">*, Myung Kuk Yoon >’

a2 Ewha Womans University, Seoul, 03760, Republic of Korea
b Korea University, Seoul, 02841, Republic of Korea

ARTICLE INFO ABSTRACT

Keywords:

Unified virtual memory
Memory oversubscription
Graphics processing units
Large language models
Demand paging
Prefetching

Real-time analysis

The memory capacity constraint of GPUs is a major challenge in running large deep learning workloads
with their ever increasing memory requirements. To run a large Transformer model with limited GPU
memory, programmers need to manually allocate and copy data between CPU and GPUs. This programming
burden is eased by Unified Virtual Memory (UVM), which automatically manages data transfer through its
demand paging scheme. However, using UVM can cause performance degradation, especially under memory
oversubscription. In this paper, we analyze the memory behavior of inference in large Transformer models
using real hardware and the open-source NVIDIA UVM driver. The default Tree-Based Neighborhood (TBN)
prefetcher in the UVM driver supports page prefetching within a 2MB virtual address block (VABlock), but
it only detects locality within a VABlock, limiting its effectiveness for large models. Our analysis reveals that
this locality extends beyond the VABlock, which the default prefetcher cannot exploit. To address this, we
propose a block-aware prefetcher that prefetches multiple contiguous VABlocks with greater aggressiveness.
Our evaluation shows that this approach delivers an average 2.7x performance improvement over the default

TBN prefetcher when GPU memory is oversubscribed.

1. Introduction

Over the past few years, the deep learning field has been experienc-
ing a major upheaval fueled by the fast-paced growth of Transformer
models [1-3]. Characterized by its distinct self-attention mechanism,
a Transformer model is a neural network that learns the context of
sequential data and generates new data out of it. It was first developed
to solve any task that transforms an input sequence into an output
sequence, and has achieved success across a wide range of Natural
Language Processing (NLP) tasks [4].

Since deep learning involves a huge amount of matrix multiplica-
tions, GPUs are optimized for both training and inference by leveraging
parallel processing. With ongoing advancements in neural networks,
these models are growing larger [5]. Bigger models usually perform
better, as they are capable of comprehending complex patterns in the
data, resulting in more accurate outputs [6]. This trend of larger models
requires increased computation for both training and inference. With
GPUs increasingly used to scale deep learning workloads, their limited
memory capacity has become a significant constraint for executing
large models [7].

* Corresponding authors.

Many open-source deep learning workloads follow the classic Copy-
Then-Execute (CTE) programming model, requiring programmers to
manually allocate and copy data between CPU and GPUs. This ap-
proach not only increases programming difficulties, but also confines
the memory footprint to the capacity of GPU memory. To address these
challenges, Unified Virtual Memory (UVM) is introduced.

Implemented in NVIDIA [8] and AMD [9] GPUs, UVM provides a
single virtual address space shared between CPU and GPU. It automat-
ically transfers data between them using a demand paging scheme [10].
When the GPU accesses a physical page that is not resident in its
memory, a page fault is triggered and the data is migrated to the GPU
memory. Pages can also be evicted from the GPU when it runs out of
storage capacity. This allows UVM to accommodate GPU applications
with a memory footprint larger than the available GPU physical mem-
ory [11]. We find these features beneficial for executing large deep
learning workloads.

Despite these advantages, UVM presents two major challenges. The
first is that the faulted warp stalls its execution while the corresponding
page fault is serviced. When a thread creates a global memory request
that results in a page fault, the warp containing the thread waits for the
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page to be loaded to the GPU memory. This delay from stalled warps
induces significant page fault handling latency [12]. The second chal-
lenge is the increased overhead caused by memory oversubscription.
When the memory footprint exceeds the GPU memory capacity, pages
are evicted from GPU memory to CPU memory to make room for the
incoming pages. After pages are evicted, the requested pages are then
migrated to the GPU memory. The frequent page migration and evic-
tion under memory oversubscription leads to significant performance
overhead [13].

To mitigate UVM-related performance degradation, NVIDIA features
a Tree-Based Neighborhood (TBN) prefetcher that proactively migrates
pages that are likely to be accessed soon to the GPU memory [14]. UVM
splits a contiguous bound of memory allocation, referred to as a virtual
address range, into logical 2 MB virtual address blocks (VABlocks).
The TBN prefetcher migrates pages to the GPU memory when the
amount of GPU-resident pages in a subregion of a VABlock surpasses
the predefined prefetch threshold. This approach allows pages to be
prefetched into GPU memory along with the faulted pages, thereby
preventing potential page faults within the VABlock.

In this work, we examine the underlying potential of prefetching
in deep learning workloads by analyzing the performance effects of
the TBN prefetcher using different prefetch thresholds on open-source
GPT models [15]. To the best of our knowledge, this is the first
study to assess the performance impact of the TBN prefetcher with
varied prefetch aggressiveness in Transformer models. Our observations
indicate that aggressive prefetching yields the best GPU performance
for large Transformer models experiencing memory oversubscription.
Further analysis reveals that these performance gains derive from the
memory access patterns of Transformer models.

There are three distinct memory access characteristics for GPT mod-
els, each in the context of (1) patterns of page access, (2) patterns of
VABIlock access, and (3) patterns of virtual address range access. Pages
within the same VABlock tend to be accessed randomly; however, due
to spatio-temporal locality, this randomness remains confined within
the same VABlock for a certain period of time before pages in another
VABlock are accessed. As neighboring pages within a faulted VABlock
are likely to be accessed soon, aggressively prefetching these pages
proves to be effective. The trend in accessed VABlocks show a linear
increase, while the virtual address ranges including these VABlocks are
accessed in either an increasing or decreasing order. The default TBN
prefetcher operates within a single VABlock, which prevents it from
fully taking advantage of the memory access patterns on a larger scale.
Thus, our analysis suggests an opportunity for a more effective prefetch
scheme by exploiting the contiguity within and between virtual address
ranges.

Memory access patterns like these are prominent in the forward
pass, which is the dominant workload during inference, and are also ob-
served during training. Building on this observation, we propose a new
prefetching strategy for Transformer models, called the block-aware
prefetcher, which accounts for memory access patterns and leverages
the contiguity within and across virtual address ranges. The block-
aware prefetcher improves GPU performance by concurrently migrating
multiple contiguous VABlocks to GPU memory. Since VABlocks are
accessed sequentially, prefetching VABlocks adjacent to the faulted
VABIlock helps mitigate anticipated page faults in nearby regions. Un-
like prior approaches that restrict the migration scope to a single
2 MB VABlock, our method is the first to extend the prefetch scope
beyond this limit, offering a more comprehensive solution to memory
management [10,16,17].

This paper makes the following contributions:

+ This paper presents the analysis of how different prefetch thresh-
olds of the TBN prefetcher impact performance in deep learn-
ing workloads. We demonstrate how aggressive prefetching is
effective for Transformer models.
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Fig. 1. Conventional CTE model and UVM model.

» This paper proposes the block-aware prefetcher, which prefetches
multiple contiguous VABlocks to GPU memory and further mini-
mizes potential page faults that may occur from them.

» The proposed prefetcher is evaluated on real hardware, demon-
strating an average performance improvement of 2.7x over the
baseline TBN prefetcher in cases of memory oversubscription.

The rest of this paper is organized as follows. Section 2 provides
background of UVM and its functionalities. Section 3 presents our
analysis of Transformer models using UVM and motivates the need
for a new page prefetch policy. Section 4 proposes the block-aware
prefetcher based on our analysis. Section 5 evaluates the block-aware
prefetcher, compares its performance with other prefetching strategies,
and discusses potential areas of future research. Related work on UVM
is discussed in Section 6 and Section 7 concludes this paper.

2. Background

In this section, we start with a brief overview of UVM, followed by
a detailed explanation of the page fault handling mechanism in UVM.
Lastly, we describe the TBN prefetcher, a feature supported by the UVM
driver to enhance memory management efficiency.

2.1. Unified virtual memory

In the CTE programming model for GPUs, programmers must ex-
plicitly allocate memory and manually copy data between CPU and
GPU. While this approach is functional, it introduces significant pro-
gramming complexities. To alleviate these challenges, NVIDIA [8] and
AMD [9] introduced the concept of UVM. As shown in Fig. 1, UVM
provides a single virtual address space that is shared between CPU
and GPU [18]. With UVM, a single pointer is used to access both host
and device memory, while the system automatically manages data by
migrating it to the memory of the requesting processor. This automatic
data migration eliminates the need for manual page migration, greatly
reducing the programming burden.

In UVM, a demand paging scheme is implemented to support au-
tomatic data migration between CPU and GPU [10]. When a GPU
attempts to access a physical memory page that is not resident in its
memory, the GPU Memory Management Unit (GMMU) generates a page
fault, prompting the migration of the corresponding page from CPU to
GPU [19]. Demand paging loads pages only as needed, meaning that
pages must either be referenced or prefetched to be migrated to GPU
memory. Moreover, pages can be evicted to the host when GPU memory
lacks enough space to store incoming pages. The detailed steps of page
fault handling are explained shortly.

The demand paging technique in UVM provides programmers with
two major advantages. Firstly, it eliminates the need for explicit data
copying between CPU and GPU. Without demand paging, programmers
would face the significant burden of manually managing data transfers
between these processors. Secondly, demand paging enables UVM to
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Fig. 2. Overview of page fault handling.

support memory oversubscription. In the CTE model, the memory foot-
print of a GPU application is limited to the physical memory capacity
of the GPU, as programmers must manually ensure that the data size
does not exceed the available device memory. If the required data size
surpasses the available memory, the application will terminate with an
out-of-memory (OOM) error. However, with demand paging, pages can
be evicted from GPU memory to accommodate newly requested pages,
allowing GPU applications to utilize a memory footprint larger than the
available GPU physical memory [11,13].

2.2. Page fault handling

In demand paging, when threads scheduled on GPUs attempt to
access physical memory pages that are not present in GPU memory,
the GPU generates a page fault. This causes the GMMU to raise a page
fault interrupt, which is then handled by the UVM driver. Fig. 2 shows
the overall sequence of generating a page fault and how the UVM driver
handles such a fault.

As shown in Fig. 2, when an active thread in the GPU generates
a global memory request (o) and the page containing the requested
data is not found in the corresponding 4TLB (resulting in a 4TLB miss)
(e), the system then searches for the page in the page table. If the
page is not found in the page table, indicating that it is not currently
present in GPU memory, the GMMU raises a page fault interrupt. The
page fault interrupt is handled in two phases, known as the top-half
and the bottom-half Interrupt Service Routines (ISRs). The top-half ISR
first responds to the interrupt and checks for actual pending page faults
to make sure the bottom-half ISR for page fault handling is needed. If
such faults are detected, the ISR disables further page faults to maintain
the integrity of the GPU fault buffer. Meanwhile, all triggered page
faults are written to the GPU fault buffer, and no new page faults can
be generated until the buffer is managed (e). After page faults are
disabled, the top-half ISR schedules a bottom-half ISR to manage the
rest of the page fault handling.

Since page fault handling is very expensive in terms of latency, the
UVM driver tends to process a group of page faults together rather than
handling each one individually, a method known as batch processing.
Thus, the page faults stored in the GPU fault buffer are fetched to the
host-side fault cache as a group, referred to as a fault batch (o). This
approach amortizes the overhead of multiple round-trip latencies over
the PCIe and avoids invoking multiple ISRs in the operating system.
The UVM driver retrieves a group of page faults until any of the
three conditions are met: (1) when the number of retrieved page faults
reaches a predefined batch size (e.g., 256 faults), (2) when a predefined
time limit is reached (e.g., 30 ns), or (3) when all page faults in the GPU
fault buffer have been fetched.

The page faults fetched in the fault cache can be scattered over
a broad range of the corresponding virtual address space. The UVM
driver groups these page faults into logical 2 MB blocks and services
them in the granularity of a block, rather than individually servicing

Fig. 3. Memory hierarchy of UVM.

each 4 kB page (e). Handling page faults in the granularity of a
single 4 kB page leads to frequent data migration between CPU and
GPU, which increases the latency of the overall page fault handling
process. Therefore, handling all page faults in the logical 2 MB block at
a time can reduce the data migration overhead. After the page faults are
grouped into corresponding 2 MB blocks, the pages are unmapped from
the CPU page table, migrated to the device memory, and mapped to the
GPU page tables (@). Once the pages are migrated, the UVM driver
requests the GMMU to update the page tables and issue a fault replay
(0). A fault replay clears out the waiting status of the yTLBs and
resumes the memory requests of the prior miss. The UVM driver replays
once per batch, causing all page faults in the fault batch replayed at
the same time. The fault replay issued to the faulted 4TLB resumes the
memory request, and successfully finds the newly migrated pages (e).

2.3. Tree-based neighborhood prefetcher

While UVM offers benefits such as overcoming memory capacity
limits and increased programmability, it also introduces notable delays
when managing data between CPU and GPU. As GPUs operate using a
Single Instruction Multiple Thread (SIMT) execution model, a group of
threads, known as a warp, executes in lockstep [20]. Consequently, if
any thread within a warp experiences a page fault, all other threads in
the warp must stall until the page fault is handled. This page fault han-
dling can take thousands of clock cycles, creating a major performance
bottleneck [12]. The overhead becomes even more pronounced under
memory oversubscription, which leads to frequent page migrations and
evictions. To mitigate this overhead, the UVM driver includes a TBN
prefetcher, which proactively migrates pages likely to be accessed soon
into GPU memory.

In UVM, pages are managed using four conceptual abstraction lay-
ers: virtual address space, virtual address range, VABlock, and page.
Fig. 3 shows these conceptual abstraction layers in the context of a
configuration with two GPUs in the system. In general, a virtual address
space represents the virtual memory of a single processor. In this case
of UVM shared between CPU and two GPUs, each processor would
have its own virtual address space, resulting in a total of three virtual
address spaces. A virtual address space comprises multiple virtual
address ranges, each corresponding to a contiguous bound of memory
allocation. The UVM driver splits these memory allocations into logical
2 MB VABIlocks, each consisting of 512 4 kB pages.

TBN prefetcher is designed to migrate multiple contiguous pages
within the corresponding VABlock of the faulted pages. When servicing
page faults, pages are first logically grouped into 2 MB VABlocks. Each
VABIlock is further divided into 64 kB virtual address regions, creating
a full binary tree covering the 2 MB boundary. Fig. 4 shows the tree-
based data structure of the TBN prefetcher. The root node of the tree
represents a 2 MB VABlock, allowing the TBN prefetcher to manage
memory space in 2 MB units. Its leaf nodes correspond to 64 kB regions,
each consisting of 16 4 kB pages. With each leaf node covering a 64 kB
region of a VABlock, the pages are prefetched at a granularity of 64 kB.

The operation of TBN prefetcher can be demonstrated with the
example shown in Fig. 4. The first page fault in the leftmost leaf node
N, 8 prompts the UVM driver to identify the 64 kB region containing the
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faulted page (o). If any of the 16 pages in this region are migrated to
GPU memory, the remaining pages are prefetched as well. Thus the
remaining 60 kB of data in Ng are prefetched along with the faulted
page. The second (9) and third (e) page faults follow the same
process. For each level of the tree (except for the leaf level), if the total
size of GPU-resident pages exceeds the predefined threshold (i.e., 51%)
of the maximum memory capacity at that level, the remaining pages are
prefetched to GPU memory. After migrating three regions of pages (N, (()) s
Nol, and Ng) to GPU memory, the TBN prefetcher detects that more
than the predefined threshold of Ng is resident in the GPU memory.
Therefore, Ng is also prefetched to the GPU memory. The fourth page
fault also triggers the corresponding 64 kB region to be prefetched
(°)~ The TBN prefetcher again notices that more than the predefined
threshold of Ng reside in the GPU memory, leading to the prefetching
of all the remaining child nodes of NZ]. The same process repeats for
the fifth page fault, migrating the entire region covered by Nf (e).
After the sixth page fault, more than the predefined threshold of the
root node N;) are migrated to the GPU memory, hence the remaining
pages in the VABlock are prefetched to the GPU memory (@).

3. Motivation and UVM analysis

In this section, we address the challenge of executing large Trans-
former models that rely on the conventional CTE programming model
on GPUs. While UVM helps mitigate this limitation, the default TBN
prefetcher restricts the performance due to its static prefetch threshold.
To understand the reason behind this suboptimal performance, we an-
alyze the detailed memory access patterns of large Transformer models
using UVM.

3.1. Challenges in running large language models on GPUs

As one of the leading deep learning workloads today, Transformer
models are widely recognized as one of the most common architecture
for large language models (LLMs), and have achieved significant suc-
cess in the field of NLP. In the current deep learning paradigm, deeper
and larger models tend to outperform smaller models [21-23]. Larger
models, integrated with larger training datasets, enhance the ability to
comprehend complex patterns while minimizing the risk of overfitting,
ultimately resulting in higher model accuracy [6,24]. Consequently,
this trend towards bigger models requires increased computation for
both training and inference, whether through larger model sizes, bigger
datasets, or more training steps.

While computational resources have improved with each new gen-
eration of GPUs [25,26], existing memory management schemes still
struggle to efficiently utilize these GPUs [7]. Moreover, limited mem-
ory capacity has become a major bottleneck in executing large deep
learning applications on GPUs. As shown in Fig. 5, the size of LLMs
continues to grow rapidly, while GPU memory capacity increases at

Table 1
Transformer models executed with CTE programming and UVM.
GPU system Programming Model size
model 355M 774M 1.5B 6.7B 13B
CTE O O X X X
RTX 3090 [27
L7 yvm o o o o o
CTE O O O X X
RTX A6000 [28
(28] UVM O O O O @)

a much slower pace. Many open-source LLMs rely on the classic CTE
programming model, which manually manages memory allocation,
preventing the execution of large Transformer models on GPUs due
to limited memory capacity. The limitations of the CTE programming
model are further exacerbated by the current trend of vastly increasing
model sizes.

In this paper, we evaluate an open-source GPT model with five
different sizes: 355 million (M), 774M, 1.5 billion (B), 6.7B, and 13B
parameters [15]. These models are tested on two GPU systems: an RTX
3090 [27] and an RTX A6000 [28]. The detailed evaluation methodol-
ogy is described in Section 5.1. The models rely on the conventional
CTE programming model, which limits their execution if the GPU
lacks sufficient memory to load all the data. In such cases, the GPU
encounters an OOM error and is unable to run the model.

Note that even under memory oversubscription, the CTE program-
ming model, where programmers manually manage memory by evict-
ing and allocating data using APIs such as cudaMemAdvise () and
cudaMemPrefetchAsync (), may achieve higher throughput than
UVM and help avoid OOM errors. However, this approach sacrifices
programmability, flexibility, and portability, making software more
difficult to maintain, scale, and deploy across different GPU archi-
tectures [29]. Additionally, reliance on these functions often ties the
code to specific GPUs, reducing portability and requiring rewrites for
different configurations. Moreover, based on our efforts, no available
open-source GPT models are designed to automatically manage data
using the CTE programming model under memory oversubscription. In
other words, current available open-source GPT models encounter OOM
errors when model parameters exceed the capacity of the given GPU
memory.

Table 1 shows whether the five different sizes of model can be
executed on the two GPU systems, respectively. Using the default CTE
programming model, only the two smallest models are executed on
an RTX 3090, while an RTX A6000 can handle one more model with
1.5B parameters, out of the five models. Such OOM errors can be
overcome through UVM by utilizing the demand paging scheme that
supports memory oversubscription. Demand paging enables automatic
data migration between CPU and GPU, allowing pages to be migrated
from device to host when memory is oversubscribed, thereby freeing
up space for newly requested data. This allows applications using
UVM to use more memory than what the GPU’s physical memory can
accommodate. As shown in Table 1, by leveraging UVM, models larger
than the GPU memory capacity can be executed without encountering
OOM issues. For instance, the 13B model can be run on a single GPU
with UVM, whereas the model is known to originally require, though
not officially stated, two GPUs, each equipped with 40 GB of device
memory.
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Despite supporting memory oversubscription, UVM comes with two
major challenges. The first is that kernel execution stalls during fault-
driven page migration. When a thread creates a global memory request
(resulting in a page fault), the corresponding warp waits for the page
to be retrieved to the GPU. The warp resumes processing only after the
UVM driver issues a fault replay. Prior work indicates that this page
fault latency can reach 30 to 45 ps, creating a significant performance
bottleneck [10].

The second challenge is the increased overhead caused by memory
oversubscription. When the GPU memory is fully allocated and new
memory requests occur, UVM evicts pages from device to host in order
to make room for the incoming pages. The evicted pages are swapped
back to the host in the granularity of a 2 MB VABlock, which are
selected according to the LRU policy [30]. After pages are evicted, the
UVM driver then migrates the newly requested pages to GPU. These
frequent page migration and eviction under memory oversubscription
incur significant overhead in page fault handling.

To mitigate this overhead, NVIDIA GPUs utilize the default TBN
prefetcher, which leverages the spatio-temporal locality between pages
within a VABlock. In the following subsection, we provide an in-
depth analysis of the TBN prefetcher’s performance on deep learning
workloads. To the best of our knowledge, this is the first work to
explore the impact of the TBN prefetcher on such workloads.

3.2. Performance effects of TBN prefetcher

TBN prefetcher is designed to proactively migrate pages within a
faulted VABlock, preventing further page faults from the same VABlock.
As described in Section 2.3, TBN prefetcher operates with a predefined
prefetch threshold. For levels higher than the leaf level, all pages
covered at that level are migrated together if more than the prede-
fined threshold is resident in the GPU memory. Whereas the prefetch
threshold of the UVM driver is originally set to 51%, we discover that
applying the static default prefetch threshold does not necessarily lead
to the best performance. To find out the optimal prefetch threshold for
Transformer models, we conduct experiments with modified prefetch
thresholds, which consequently affects the prefetch aggressiveness. The
performance of inference for the two largest GPT models listed in the
previous subsection, with 6.7B and 13B parameters, is evaluated on
an RTX 3090 system, both of which are heavily impacted by memory
oversubscription.

Fig. 6 shows the relative performance of the two large models with
various prefetch thresholds. The performance is normalized to the base-
line prefetch threshold (i.e., 51%). In both cases, aggressive prefetching
(i.e., lower prefetch threshold) results in higher performance, with an
average increase of 24.3% compared to the baseline prefetch threshold.
With the lowest prefetch threshold (i.e., 1%), a single page fault in a
2 MB VABlock triggers migrating all the remaining pages (2044 kB) at
once. In contrast, the highest prefetch threshold (i.e., 91%) shows the
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lowest performance. In this case, only after loading 30 out of the total
32 leaf nodes into GPU memory does the remaining pages (128 kB) get
prefetched, resulting in only a small amount of pages being prefetched.

Based on our evaluation results, aggressive prefetching yields the
best performance for large Transformer models experiencing memory
oversubscription, a scenario common in most deep learning workloads
today [31]. Therefore, in the following subsection, we examine the
memory access patterns of page faults to discover the reason behind
this result.

3.3. Memory access patterns

In the previous subsection, we discovered that performance im-
proves for larger deep learning workloads as pages are more aggres-
sively prefetched into GPU memory. For better understanding, we
measure page faults generated during inference tasks in GPT models in
the context of (1) patterns of accessed pages, (2) patterns of accessed
VABIlocks, and (3) patterns of accessed virtual address ranges. Given
that memory access patterns are similar across different model sizes,
we focus on the memory access patterns of the GPT-3 13B model.

Fig. 7(a) shows the trend of page faults when executing the GPT-3
13B model under memory oversubscription conditions. The left figure
shows the page indices of individual page faults, while the right figure
shows the page faults on a larger scale with VABlock indices. Though
the pages are randomly touched in the order of occurrence, pages from
the same VABlock tend to be faulted together due to the locality of
neighboring pages. This indicates that pages in a VABlock are accessed
and fetched together; thus, page faults are concentrated in one or
more batches for a period of time. As neighboring pages within a
faulted VABlock are likely to be accessed soon, aggressively prefetching
these pages can effectively reduce the number of batches required for
the corresponding VABlock. Also, interestingly, the trend in accessed
VABlocks shows a linear increase, as illustrated in the right figure
of Fig. 7(a). To comprehend this pattern on a larger scale, we then
examine the trend of page faults among virtual address ranges.

The distribution of page faults across virtual address ranges is
illustrated in the right figure of Fig. 7(b) and throughout Fig. 7(c). We
observe two major trends of page faults displayed in each figure. The
right figure in Fig. 7(b) shows the increasing pattern of accessed virtual
address ranges, while Fig. 7(c) shows the decreasing pattern. Notably,
in Fig. 7(c), although virtual address ranges are accessed in a descend-
ing order, the VABlocks composing each virtual address range exhibit a
pattern of linearly increasing access. This indicates that locality extends
beyond the 2 MB VABIlock limit, and that contiguity in memory access
exists not only between pages, but also within and between virtual
address ranges. However, the default TBN prefetcher operates within
a single VABlock, which prevents it from fully leveraging the memory
access patterns on a larger scale. Therefore, our analysis suggests an
opportunity for a more effective prefetch scheme by exploiting the
contiguity both within and between virtual address ranges.

The final key observation is that, while regularity is observed at the
page and VABlock levels, virtual address ranges exhibit irregularities
due to varying distances between them. These ranges represent contigu-
ous memory allocations, uniquely distributed across the virtual address
space with varying lengths initialized at the program’s start. This un-
derscores the benefits of UVM over manual page management, as using
APIs such as cudaMemAdvise () and cudaMemPrefetchAsync ()
demands programmers to handle this complex memory distribution,
requiring significant expertise in memory layout. UVM, on the other
hand, offers a more efficient and flexible approach to overcoming these
challenges.

In summary, our analyses of the memory access patterns of Trans-
former models provide the following insights: (1) pages within the
same VABlock are accessed together until pages from another VABlock
are accessed, (2) VABlocks are accessed sequentially, and (3) virtual
address ranges are accessed in either an ascending or descending order,
showing locality among these ranges. These observations lead us to
propose a block-aware prefetching scheme that leverages the locality
extending beyond a single VABlock.
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Fig. 7. Memory access patterns of pages, VABlocks, and virtual address ranges during the inference of GPT-3 13B model.

4. Block-aware prefetcher

Based on our analysis, we propose a block-aware prefetcher that
simultaneously migrates multiple contiguous VABlocks within the same
virtual address range. This prefetching scheme is designed with an
understanding of the memory access patterns of Transformer models
and leverages the locality observed both within and between virtual
address ranges. Although the sequential accesses in VABlocks from the
previous section may suggest a straightforward contiguous prefetching
approach instead of employing a tree structure for memory manage-
ment, we prefer the tree structure for its broader applicability. UVM
was originally designed for general-purpose use, not exclusively for
machine learning. For instance, prefetching within the VABlock size
under memory oversubscription provides significant performance gains
for applications such as ATAX [32], BICG [32], and NW [33], which
leverage the tree structure [16]. To ensure our approach benefits
both large deep learning models and other general-purpose applica-
tions using UVM, maintaining the tree structure is essential for wider
applicability.

Upon the first detection of a page fault from a VABlock, our block-
aware prefetcher starts migrating contiguous VABlocks. This initial
page fault indicates that all pages in the VABlock are stored in host
memory, with none available in GPU memory. After the page fault
is detected, our prefetcher initiates block-aware prefetching, proceed-
ing through the three steps depicted in Fig. 8. The prefetching of a
single adjacent VABlock is shown in Fig. 8(a), while Fig. 8(b) demon-
strates prefetching multiple adjacent VABlocks, specifically two in this
instance.

First, the UVM driver identifies the VABlocks adjacent to the ini-
tially faulted VABlock (o). This is done by inserting prefetch entries
while fetching page fault entries from the GPU fault buffer. Note that
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(a) Prefetching a single adjacent VABlock.
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(b) Prefetching two adjacent VABlocks.

Fig. 8. Operation of block-aware prefetcher.

a page fault entry refers to a faulted page that contains the requested
data but is absent from the GPU memory, whereas a prefetch entry is an
inserted entry that later increments the virtual address of the page fault
by 2 MB. Upon fetching a page fault entry from the GPU fault buffer, the
UVM driver first parses the entry into its respective page fault informa-
tion fields. This information is then recognized by the UVM driver and
incorporated into a fault cache entry structure. During this process, the
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corresponding virtual address for the page fault is identified, prompting
the UVM driver to create a second entry with a virtual address increased
by 2 MB from the previous entry, which is the initial page fault entry
of the fault batch. This is accomplished by employing the left shift
instruction as demonstrated in Algorithm 1. Shifting » bits to the left
effectively multiplies the value by 2"; thus, when a value shifted 21
bits to the left is added to the previous address, it results in a 2 MB
incremented address. Additionally, other information fields, including
the resident memory (i.e., system memory), are inherited from the
previous page fault entry to ensure the prefetch entry functions like a
genuine page fault entry retrieved from the GPU fault buffer. Therefore,
the first prefetch entry is generated with a 2 MB increment from the
virtual address of the initial page fault, and subsequent prefetch entries
follow this pattern by incrementing from the previous prefetch entry.
These entries serve as page faults that trigger the generation of each
adjacent VABlock, as the logically divided 2 MB VABlocks composing
the virtual address space can be mapped to physical memory only upon
access. To prefetch multiple VABlocks, neighboring logical VABlocks
must be accessed, a process enabled by the prefetch entries in our
proposed scheme. Thus, while the initial VABlock corresponds to the
one containing the original fault, the adjacent VABlocks are generated
by the inserted prefetch entries and are subsequently prefetched and
migrated together with the initial VABlock.

Second, the initially faulted VABlock along with its adjacent
VABlocks are created (9). While logical 2 MB VABlocks signify
segments divided by 2 MB in a virtual address range, the UVM driver
creates a VABlock only when the pages within a logical VABlock are
accessed. Thus, a prefetch entry with a 2 MB extended address operates
as a regular page fault entry, allowing the UVM driver to create the
corresponding VABlock containing the prefetch entry. During the initial
phase of this process, the entries in the host-side fault cache are prepro-
cessed for effective grouping into 2 MB VABlocks. The entries are first
sorted by virtual address space. Each original page fault entry obtained
from the GPU fault buffer is accompanied by its respective virtual
address space information. However, the prefetch entries lack such
details. Consequently, the UVM driver duplicates the virtual address
space information from the first page fault entry to the subsequent
prefetch entries. Then, the entries are sorted by virtual address. Since
prefetch entries contain 2 MB incremented virtual addresses, they are
relocated to the end of the array, with each one initiating the creation of
a corresponding VABlock covering its virtual address. In order to create
a 2 MB VABIlock with a single prefetch entry, the prefetch threshold of
the TBN prefetcher is configured to 1%. Additionally, we prevent the
generation of VABlocks when the virtual addresses of prefetch entries
exceed the virtual address range limit.

Third, the UVM driver migrates the created VABlocks to GPU mem-
ory (e). Once the VABlocks are created by the initial page fault entry
and the prefetch entries, they are then migrated altogether to the GPU
memory. As described in Section 3.3, each VABlocks within a virtual
address range are generally accessed sequentially. Therefore, migrating
the VABlocks following the faulted VABlock helps to prevent potential
page faults from those VABlocks, thereby saving time that would other-
wise be spent handling them. Detailed results of the reduced page fault
count are presented in Section 5.4.

The pseudocode for our proposed strategy is outlined in Algorithm
1, which demonstrates the block-aware prefetching of n VABlocks. The
block-aware prefetcher inserts prefetch entries only when the fault
index i = 0. Note that the fault index i refers to the position of a page
fault entry within the current fault batch, with i = 0 representing the
first page fault entry in the fault batch. By configuring the prefetch
entries to be inserted when the fault index is 0, the block-aware
prefetcher can prefetch adjacent VABlocks, even if the batch contains
only a single page fault. With t acting as a temporary counter for
the number of prefetched VABlocks, when prefetching two adjacent
VABIlocks, ¢ = 1 in the first loop, and the fault address of the prefetch
entry is calculated by adding 2 MB (1 x 2 MB) to the fault address. In
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Algorithm 1 Block-Aware Prefetcher Mechanism

I t:
npu fault index i,

prefetched VABlocks count n
Output:

(1 + n) VABlocks migrated to GPU memory
while (i < 256) & (timestamp < 30 ns) & (pending page faults in GPU) do
Fetch a page fault from GPU fault buffer
if i equals O then

> Insert prefetch entries

fort=1- n do

\; i=i+1
fault address = previous fault address + (1ULL << 21) x t
Goto next fault
fori=0— ndo
if fault address € virtual address range then
Create VABlock

Compute prefetch region per VABlock

| Migrate VABlocks to GPU Memory
Update GPU page tables

the second loop, where 7 = 2, the prefetch entry for the second VABlock
adds 4 MB (2 x 2 MB) to the original fault address. Finally, after
inserting n prefetch entries and creating the corresponding n VABlocks,
only those within the virtual address range boundary persist and are
migrated along with the initially faulted VABlock.

The prefetch strategies discussed in prior works strictly limit the
migration scope to a single 2 MB VABlock. In contrast, our block-aware
prefetcher enables the UVM driver to prefetch neighboring VABlocks,
provided they all fall within the same virtual address range. As dis-
cussed in Section 2.3, the number of VABlocks within a single virtual
address range can vary significantly, ranging from a few to hundreds,
depending on the execution environment. Therefore, an important
consideration is determining the range (or number) of VABlocks to
prefetch alongside the VABlock that initially triggered the page fault.
Based on our sensitivity study, detailed in Section 5.3, we discovered
that prefetching 16 contiguous VABlocks yields the best performance.
Consequently, in our proposed block-aware prefetcher, we set the num-
ber of prefetched blocks to 16 contiguous VABlocks, which leads to a
total migration of 17 VABlocks, including the initially faulted VABlock.

5. Evaluation

In this section, we evaluate the block-aware prefetcher and com-
pare its performance with other prefetching strategies. Whereas the
TBN prefetcher exploits the locality within a VABlock, our proposed
block-aware prefetcher expands this concept by prefetching multiple
contiguous VABlocks to capture a wider scope of locality. We also
present a sensitivity study on various numbers of prefetched VABlocks.

5.1. Methodology

Our proposed scheme is primarily designed to accelerate inference
in large deep learning models, with all experiments focused on in-
ference tasks for each application. However, it is also applicable to
training, as the forward pass in training closely resembles that of
inference. The implementation of our prefetcher and its performance
effects during training are detailed in Section 5.5. All experiments in
this work are performed on NVIDIA RTX 3090 and A6000 GPUs with an
open-source NVIDIA UVM driver (Version 545.29.06) [34] and CUDA
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Table 2
System configuration of experimental environment.

System configuration

CPU AMD Ryzen Threadripper 3960x
System memory DDR4-3200 256 GB
Interconnect PCle 16x

0os Ubuntu Server 18.04.6 LTS

GPU specification

Model NVIDIA RTX 3090 NVIDIA RTX A6000
GPU memory GDDR6X 24 GB GDDR6X 48 GB
Driver version 545.29.06 545.29.06
CUDA version 11.0 11.0
Table 3
Benchmarks used in experiments.
Model Number of Memory Oversub. Memory Oversub.
parameters in RTX 3090 in RTX A6000
355M X X
GPT-2 [36] 774M X X
1.5B @] X
6.7B O @)
PT-
GPT-3 [37] 138 o 5

11.0 [35]. The UVM driver is modified to implement the block-aware
prefetching strategy. The detailed system configuration is provided in
Table 2.

To evaluate the performance of the block-aware prefetcher, we
use the applications listed in Table 3. We execute the open-source
GPT model in different sizes, ranging from 355M to 13B, on real
hardware to demonstrate both cases of memory oversubscription and
cases where the memory footprint remains within the available GPU
memory (referred to as undersubscription) [15]. The performance of
each model is evaluated by averaging the results from 100 executions.
The second-to-last column of Table 3 specifies whether each application
exceeds the GPU memory capacity on an RTX 3090, while the rightmost
column indicates the same for an RTX A6000.

To integrate the functionalities of UVM into Transformer models, we
build a UVM-PyTorch environment by adjusting the standard PyTorch
(Version 1.8.0) [38]. This requires replacing cudaMalloc() with
cudaMallocManaged (), which allocates memory that is automat-
ically managed by UVM. Thus, the adapted deep learning framework
UVM-PyTorch facilitates automatic page migration for applications,
based on the demand paging scheme of UVM, without requiring user
intervention. Although it is theoretically possible to handle memory
oversubscription by manually managing data eviction and migration
using cudaMemAdvise() and cudaMemPrefetchAsync(), our
efforts to locate open-source implementations capable of executing
GPT models in this manner without OOM errors were unsuccessful.
Consequently, while tailored prefetching methods are feasible, they
impose significant limitations, reinforcing UVM as the more flexible
and efficient solution.

5.2. Performance analysis

Fig. 9 presents the performance comparison of the proposed
block-aware prefetcher with vanilla PyTorch without UVM, the TBN
prefetcher with 51% and 1% prefetch thresholds, the increased batch
approach [19], and Early-Adaptor (EA) [16], for inference across the
five applications listed in Table 3, on the RTX 3090. Performance
is normalized against the TBN prefetcher with the default prefetch
threshold of 51% on the RTX 3090, which represents the baseline
approach set by default in the UVM driver. For the block-aware
prefetcher, we configure the number of prefetched VABlocks to 16.
Detailed results of the sensitivity study on the number of prefetched
VABIlocks are evaluated in Section 5.3. Vanilla PyTorch, which uses the
CTE programming model without UVM, can only support applications
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Fig. 9. Performance comparison of different prefetching strategies. Performance is
normalized to the baseline, which is the default TBN prefetcher with a 51% threshold
on the RTX 3090 for each model size. The vanilla PyTorch configuration refers to the
CTE programming model without UVM. Increased batch and Early-Adaptor (EA) are
two different page management strategies from related work. The 1% configuration
represents the TBN prefetcher with an aggressive 1% threshold. The performance of
block-aware prefetcher is evaluated with 16 VABlocks prefetched each round.

that fit within GPU memory, such as the GPT-2 355M and 774M
models. The TBN prefetcher is tested with two configurations, one
with the default prefetch threshold of 51% and another with a more
aggressive 1% threshold. For the aggressive configuration, the entire
faulted VABlock is prefetched even for a single page fault, as detailed
in Section 2.3. The increased batch approach employs a larger fault
batch size to handle more page faults at once, thereby reducing the
total number of fault batches to be serviced [19]. The EA framework
dynamically adjusts the prefetch threshold of the TBN prefetcher, based
on the page fault history [16]. Finally, our block-aware prefetcher
exceeds the 2 MB limit imposed by the TBN prefetcher and migrates
multiple adjacent VABlocks, as explained in Section 4.

As mentioned earlier, the leftmost two applications, GPT-2 355M
and 774M models, represent cases where GPU memory is not oversub-
scribed. In these cases, vanilla PyTorch, the increased batch approach,
the EA framework, the aggressive TBN prefetcher with a 1% prefetch
threshold, and the block-aware prefetcher achieve performance gains of
4.2%, 1.1%, 3.4%, 3.4%, and 4.0%, respectively, compared to the base-
line. When memory is undersubscribed, eviction does not occur, and
page migration frequency remains low, resulting in minimal differences
in performance across the various memory management strategies.
While the conventional CTE programming model (ie., using vanilla
PyTorch) generally outperforms UVM, as the demand paging scheme of
UVM loads data into GPU memory only upon access, it is noteworthy
that our block-aware prefetcher achieves comparable performance to
the CTE model.

On the other hand, the rightmost three applications, GPT-2 1.5B,
GPT-3 6.7B, and GPT-3 13B models, represent cases where GPU mem-
ory is oversubscribed. These applications cannot be executed on vanilla
PyTorch without UVM due to OOM issues. In these cases, the increased
batch approach, the EA framework, the aggressive TBN prefetcher
with a 1% prefetch threshold, and the block-aware prefetcher show
performance gains of 1.0%, 1.6%, 1.2x and 2.7x, respectively, com-
pared to the baseline. Aggressive prefetching shows clear performance
improvements over the baseline by exploiting the spatio-temporal lo-
cality between pages in Transformer applications. Our block-aware
prefetcher takes this approach further with an even more aggressive
prefetching strategy, exceeding the performance of the TBN prefetcher.
Additionally, aggressive prefetching has a greater impact on perfor-
mance for larger models that oversubscribe GPU memory. As compu-
tation increases, page migrations and evictions become more frequent,
highlighting the need for rapid prefetching in larger segments. Conse-
quently, among the three applications, larger models tend to experi-
ence more significant performance gains due to the higher efficacy of
aggressive prefetching.

The increased batch approach [19] proposed by Kim et al. results in
an average GPU performance improvement of 1.0%. This modest gain is
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Fig. 10. Performance comparison of block-aware prefetcher across RTX 3090 and RTX
A6000 GPUs. Performance is normalized to the baseline, which is the default TBN
prefetcher with a 51% threshold on the RTX 3090 for each model size. The 1%
configuration represents the TBN prefetcher with an aggressive 1% threshold. The
performance of block-aware prefetcher is evaluated with 16 VABlocks prefetched each
round.

primarily attributed to the characteristics of Transformer applications.
While the default fault batch size is set to 1 MB (256 page faults x
4 kB), our experiments across batch sizes ranging from 1 MB to 25 MB
demonstrate that a 2 MB fault batch size yields the best performance.
However, Transformer applications generate page faults from the same
VABIlock at once, followed by an interval before faults from a different
VABIlock are generated. The interval results in a timeout due to the
30 ns time limit that the driver waits for valid page fault entries while
fetching page faults from device to host. This prevents the driver from
fetching more page faults, even with a larger batch size, so we removed
the time limit to fix this issue. This adjustment, however, increases the
time required to service the first page fault, mainly due to the consistent
intervals between memory accesses for different VABlocks, resulting in
marginal performance gains.

The EA framework [16] proposed by Go et al. improves GPU
performance by an average of 2.4%. This improvement is significantly
lower than the 19.8% (i.e., 1.2x) performance gain provided by the TBN
prefetcher with a 1% threshold. This stems from the EA framework’s
strategy of initially disabling prefetching when memory oversubscrip-
tion is detected and its cautious approach of gradually reducing the
prefetch threshold. Since the framework raises the threshold to 100%
when GPU memory is oversubscribed and reduces it by 25% at a
time based on the page fault rate of the VABlock, it results in lower
performance than the more aggressive approach of prefetching with a
fixed 1% threshold.

In contrast, our block-aware prefetcher enhances GPU performance
through increased aggressiveness by prefetching multiple adjacent
VABIlocks along with the faulted VABlock. Aggressive prefetching out-
performs the baseline for Transformer models, leveraging the spatio-
temporal locality between pages described in Section 3.3. By scaling
this locality further, our block-aware prefetcher enhances GPU perfor-
mance through a more aggressive prefetching approach, surpassing the
TBN prefetcher across all five model sizes. It also outperforms previous
memory management optimization approaches in UVM, including the
increased batch approach and the EA framework. By prefetching a
larger region of pages without altering the UVM driver’s fault fetching
time limit, our block-aware prefetcher delivers a 2.6x performance im-
provement compared to the increased batch size approach. Also, while
the EA framework only prefetches pages within a single VABlock, our
block-aware prefetcher increases prefetch aggressiveness by fetching
multiple VABlocks, achieving a 2.6x performance improvement over
the EA framework.

Fig. 10 compares the relative performance of the default TBN
prefetcher with the baseline threshold of 51% and an aggressive 1%,
as well as our block-aware prefetcher (16 VABlocks per round) on
both the RTX 3090 and A6000. Performance is normalized to the TBN
prefetcher with the baseline 51% threshold on the RTX 3090 for each
application. Note that both the GPT-3 6.7B and 13B models experience
memory oversubscription on the RTX A6000, as shown in Table 3.
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Fig. 11. Performance comparison of various numbers of prefetched VABlocks. Per-
formance is normalized to the baseline, which is the default TBN prefetcher at a
51% threshold on the RTX 3090 for each model size. The configuration from 1 to
255 represents the number of prefetched VABlocks using the proposed block-aware
prefetcher.

On the RTX A6000, the baseline performance of the 6.7B and 13B
models improves by 6.0x and 2.9x, respectively, driven by the increased
device memory size (48 GB on the RTX A6000 vs. 24 GB on the RTX
3090). The TBN prefetcher with an aggressive prefetch threshold of 1%
shows performance gains of 2.3% and 1.6%, respectively, compared
to the baseline threshold of 51%, on the RTX A6000, as aggressive
prefetching proves to be effective for Transformer models. Furthermore,
block-aware prefetching achieves 1.3x and 1.2x improvements over the
baseline for the 6.7B and 13B models, respectively, on the RTX A6000.
These results further demonstrate that our block-aware prefetcher
provides consistent performance improvements across different GPU
systems, emphasizing its flexibility and compatibility.

5.3. VABIock sensitivity study

Our proposed block-aware prefetcher exploits the locality both
within and between virtual address ranges, a feature that the default
TBN prefetcher fails to address. Based on this locality, the block-
aware prefetcher migrates multiple contiguous VABlocks adjacent to
the faulted VABlock. A key factor here is the optimal number of
VABIlocks to prefetch.

Fig. 11 illustrates the performance of the block-aware prefetcher
with different numbers of prefetched VABlocks, normalized to the
performance of the TBN prefetcher with the baseline prefetch threshold
of 51% on the RTX 3090. We evaluate the performance of the block-
aware prefetcher when prefetching 1, 2, 4, 8, 16, 32, 64, 128, and
255 adjacent VABlocks. Since a fault batch can accommodate up to
256 page faults, the maximum number of prefetch entries allowed in
a fault batch is 255. This is because the block-aware prefetcher must
first encounter at least one page fault to incorporate additional prefetch
entries. Therefore, a maximum of 255 VABlocks can be prefetched at
once, allowing us to evaluate performance of up to 255 prefetched
VABIlocks.

Among the five applications listed in Table 3, prefetching 1, 2,
4, 8, 16, 32, 64, 128, and 255 VABlocks show performance gains of
1.3x, 1.6x, 1.7x, 2.0x, 2.1x, 2.0x, 2.0x, 2.0x, and 1.9%, respectively,
compared to the default TBN prefetcher with a 51% threshold. In gen-
eral, performance improves as more VABlocks are prefetched, as this
prevents additional page faults in those areas. The highest performance
is obtained by prefetching 16 VABlocks. Beyond this point, performance
gains tend to saturate with additional prefetching, influenced by the
distinct sizes of virtual address ranges. Since a virtual address range
is a contiguous bound of memory allocation, it has a unique size,
resulting in various numbers of VABlocks for each range, from just a
few to hundreds. When prefetching multiple VABlocks, the block-aware
prefetcher stops once the address of a prefetch entry exceeds the limit of
the corresponding virtual address range. Therefore, performance may
become similar beyond a certain point (i.e., 16 VABlocks), regardless of
the number of prefetched VABlocks, due to invalid VABlocks that are
discarded during processing. For instance, for a virtual address range
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Fig. 12. Comparison of total page fault count and migration size. The left figures are normalized to the baseline performance, which is the TBN prefetcher with a 51% threshold on
the RTX 3090 for each model size. The right figures are normalized to the baseline performance of the GPT-2 1.5B model, across all model sizes. The performance of block-aware

prefetcher is evaluated with 16 VABlocks prefetched each round.

containing 10 VABlocks, prefetching 16 or 128 VABlocks yields similar
performance, as both cases allow for only 9 VABlocks to be prefetched,
following a page fault from the first VABlock.

5.4. Page migration statistics

Using the block-aware prefetcher enhances GPU performance by
reducing the total number of page faults. For instance, prefetching 16
adjacent VABlocks helps to prevent page faults within the following
32 MB (16 x 2 MB) area. Fig. 12 shows the decrease in page faults and
the increase in migration size for the five applications listed in Table
3, resulting from the block-aware prefetching of 16 VABlocks.

Figs. 12(a) and 12(b) illustrate the number of page faults that
occurred during executing each application. While Fig. 12(a) is normal-
ized to the TBN prefetcher with a baseline 51% threshold on the RTX
3090, Fig. 12(b) is normalized to the page fault count of the GPT-2
1.5B model using the baseline TBN prefetcher with a 51% threshold.
As shown in Fig. 12(a), the block-aware prefetcher shows an average
reduction of 66.7% in page faults compared to the baseline. Specifi-
cally, smaller models that fit within GPU memory capacity exhibit an
average reduction of 26.4%, while larger models that exceed memory
limits demonstrate a notable 93.5% decrease. This reduction in page
faults results from the enlarged prefetched regions that prevent page
faults from arising in those areas. Also, larger models experience a
much steeper decline, as their high computational demands make them
more sensitive to prefetching larger chunks of data.

While Fig. 12(a) presents the page fault count normalized to the
baseline for each model size, Fig. 12(b) shows the relative page fault
count normalized to the GPT-2 1.5B model. Fig. 12(b) demonstrates
that our block-aware prefetcher reduces page faults by 15.9x (from 3.82
to 0.24) for the GPT-3 6.7B model and by 15.5x (from 7.29 to 0.47) for
the GPT-3 13B model. Both models demonstrate a similar reduction in
page faults, which explains the comparable performance observed in
Fig. 9.

Fig. 12(c) presents the total host-to-device migration size for each
model, while Fig. 12(d) presents the relative migration size normalized
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to that of the GPT-2 1.5B model. While Fig. 12(c) is normalized to the
TBN prefetcher with a baseline 51% threshold on the RTX 3090, Fig.
12(d) is normalized to the migration size of the GPT-2 1.5B model using
the baseline TBN prefetcher with a 51% threshold. In Fig. 12(c), the
block-aware prefetcher shows a 5.6% increase on average, compared
to the baseline. For smaller models, such as GPT-2 355M and 774M
models, the migration size aligns with the baseline, as they remain
within GPU memory limits. In contrast, larger models that exceed
GPU memory capacity experience an increase in total migration size.
While the baseline TBN prefetcher is limited to prefetching at most
one VABlock at a time, the block-aware prefetcher requires a greater
volume of pages to be transferred from host to device. Consequently,
models employing the block-aware prefetcher result in a greater mi-
gration size, as an entire set of 16 VABlocks is migrated each time a
page fault occurs. Additionally, Fig. 12(d) shows that the migration
size for the GPT-3 13B model is 1.9x larger than that of the GPT-3
6.7B model, which aligns with Fig. 12(b), indicating that the GPT-3
13B model experiences 1.9x more page faults than the 6.7B model.
The increase in migration size shown in Fig. 12(c) also suggests
that block-aware prefetching takes more time to handle page faults
than the default TBN prefetcher, due to the larger volume of pages
being migrated into the GPU. Based on our analysis, block-aware
prefetching of 16 VABlocks takes, on average, 5.3x longer to fetch and
replay page faults than the baseline. However, it is important to note
that this increased handling time is approximately 66.9% shorter than
fetching 16 VABlocks individually, which would involve 16 separate
page fault handling processes. Thus, while the time to handle page
faults increases due to the larger area being prefetched, this increase
is minimal compared to the significantly longer time the baseline TBN
prefetcher would take to process the same area one VABlock at a
time. Despite the overall increase in migration size and fault handling
time, the block-aware prefetcher significantly reduces the total number
of page faults by loading large sets of VABlocks into GPU memory,
ultimately improving GPU performance, as discussed in Section 5.2.
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Fig. 13. Performance comparison of block-aware prefetcher for training tasks with two
RTX 3090 GPUs. Performance is normalized to the baseline, which is the TBN prefetcher
with a 51% threshold on two RTX 3090 GPUs for each model size. The performance
of block-aware prefetcher is evaluated with 16 VABlocks prefetched each round.

5.5. Training performance and discussion

While our paper primarily focuses on inference tasks, our block-
aware prefetcher is also effective for training tasks, as training involves
forward computation steps similar to those in inference. It is widely
recognized that training is often performed using multiple GPUs due
to its high computational demands. Our block-aware prefetcher can be
seamlessly integrated into such multi-GPU environments without any
algorithmic adjustments. As detailed in Section 4, prefetch entries are
inserted during the fault fetching process, relying on the host’s ability
to identify the faulting GPU. In a multi-GPU setup, the host continues
to identify the faulting GPU, and the fault fetching process is triggered
independently on each GPU, with each device interacting directly with
the host.

We conduct an additional experiment by applying our block-aware
prefetcher in a multi-GPU setup with two RTX 3090 GPUs. Training
requires more computational resources than inference, as it involves
calculating the loss and gradients, which are necessary for adjusting the
model weights. This additional computation, part of the backward pass,
also demands extra memory to store intermediate values. Given the
heavy computational demands of training, we use four out of the five
model sizes listed in Table 3, ranging from 355M to 6.7B parameters,
since the GPT-3 13B model exceeds the system memory capacity and
causes OOM errors. Moreover, of the four trainable model sizes, all but
the GPT-2 355M model lead to GPU memory oversubscription. This
indicates that memory oversubscription is significantly more problem-
atic during training than during inference, where it begins with the
GPT-2 1.5B model. As the memory access patterns for different model
sizes are similar during inference, we expect the same behavior during
training, implying that the GPT-3 13B model will perform similarly to
other model sizes. As training large Transformer models with limited
resources is more challenging than inference, UVM proves to be an ideal
solution for training deep learning models across multiple GPUs.

Fig. 13 presents the performance of the block-aware prefetcher with
16 VABlocks prefetched, measured across training tasks for various
model sizes. The performance is normalized against the baseline TBN
prefetcher with a 51% threshold on two RTX 3090 GPUs. Our block-
aware prefetcher achieves an average performance improvement of
1.8x over the baseline in training tasks. We employ DistributedData-
Parallel for multi-GPU parallelism, which is the standard parallelism
method supported in PyTorch [39]. As the forward pass and inference
share similar memory access patterns, our prefetcher enhances per-
formance during the forward pass. However, the backward pass may
involve different memory access patterns, resulting in a more limited
performance improvement during that phase. In future work, we plan
to explore these memory access patterns during the backward pass
to achieve greater performance improvements, complementing those
made in the forward pass.
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6. Related work

Prior studies have explored various issues related to UVM, leading
to the development of strategies for effective page management. Zhu
et al. focus on resolving the issue of redundant memory transfers caused
by the automatic data transfer feature of the demand paging scheme in
UVM [40]. They propose a novel memory discard directive that enables
users to inform the UVM system when the data within a specified
virtual address range is no longer needed, leading to the page being
discarded and reducing unnecessary data transfers. Haque Rafi et al.
address the problem of false sharing, which occurs when both the
CPU and GPU access different regions of the same page, resulting in
unnecessary data migration between the two [41]. They develop a tool
to detect false sharing by monitoring the data access patterns of both
the CPU and GPU, which helps define the access boundaries for both
processors. Kim et al. propose increasing the fault batch size to amortize
the high costs in page fault handling [19]. By increasing the fault batch
size, more page faults can be processed at once, reducing the number of
batches that need to be managed. Since page fault handling introduces
latency, reducing these processes helps enhance GPU performance.

Several works have analyzed the performance of UVM by observ-
ing memory accesses across various workloads; however, none have
specifically targeted Transformer models with a real-time analysis.
Ganguly et al. present an advanced runtime that detects the patterns
within CPU-GPU interconnect traffic [42]. This is done by examining
the patterns in page faults, which results in the effective analysis of
memory access behaviors. They categorize GPU applications into two
groups: regular applications with dense, sequential, and repetitive mem-
ory access and irregular applications with sparse and seldom memory
access. Similarly, Allen and Ge demonstrate a quantitative evaluation
of page fault handling, incorporating diverse cases of prefetching and
oversubscription [30]. To achieve this, they examine the spatial locality
of pages by observing the distribution of page faults per fault batch.
In a separate study, they conduct an extensive analysis on the overall
process of page fault handling of UVM, identifying key cost components
by investigating how faults are generated and managed by the UVM
driver [17]. Shao et al. identify the underlying causes of performance
decline in GPU applications under memory oversubscription [43]. They
investigate the diverse sensitivities to oversubscription through measur-
ing performance with different oversubscription ratio and tracking page
fault patterns. These UVM-related studies are performed by integrating
UVM functionalities into standard benchmarks, particularly through the
replacement of cudaMalloc() with cudaMallocManaged(), as
mentioned in Section 5.1. Gu et al. provide a UVM benchmark suite
of 32 representative benchmarks from a wide range of application
domains [44]. This benchmark consists of four machine learning work-
loads, all of which are modified to the CUDA programming language
to leverage cudaMallocManaged(). Our work, however, adopts
a more authentic strategy by developing UVM-compatible PyTorch,
making it applicable to a wider range of deep learning workloads.

Prefetching and pre-evicting data are both key topics for effective
memory management in UVM. While these techniques are typically
operated within a 2 MB limit, our research is the first to break free
from this constraint. Go et al. provide a real-time analysis of a dynamic
prefetcher that automatically controls the prefetch aggressiveness ac-
cording to the page access patterns of applications [16]. By monitoring
page faults and calculating the page fault ratio, the prefetcher eval-
uates whether to prefetch aggressively or selectively based on the
observations. Ganguly et al. address the limitations of eviction policies
that overlook prefetch methods, by proposing pre-eviction policies
compatible with the current prefetch policies [10]. The proposed pre-
eviction policies utilize either LRU or locality information from the
TBN prefetcher. Yu et al. incorporate a page set chain into the GPU
driver to manage referenced pages based on the order of LRU and
MRU [45]. They further suggest hierarchical page eviction that dy-
namically selects the appropriate eviction strategy for the executing
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application. However, this policy proves inefficient when combined
with prefetching, since it relies on a page set counter that counts
accessed pages to detect access patterns, which can be disrupted by
counting prefetched pages. Therefore, Yu et al. propose a modified
page eviction policy and a memory access pattern-aware prefetcher in
alignment with the eviction policy [46]. The modified eviction policy
considers prefetch semantics, allowing the prefetcher to fetch pages
based on access patterns observed in eviction candidates, ensuring a
cohesive interaction between them. However, these works differ from
our work by using a simulation framework for its experiments, resulting
in findings that are validated only to a limited extent, as they lack real-
time analysis. While the prefetch and pre-eviction schemes proposed in
these works strictly limit the migration scope to a single VABlock, our
work introduces the first prefetcher to extend beyond the limited 2 MB
boundary.

7. Conclusion

This paper explores the effects of prefetching aggressiveness on GPU
performance, analyzing the effect of different prefetch thresholds and
the memory access patterns observed during inference in Transformer
models. Our experiments reveal that aggressive prefetching proves
effective across various model sizes, particularly benefiting larger mod-
els that exceed GPU memory limits. Further analysis shows that this
effectiveness arises from the spatio-temporal locality between adjacent
pages. While the default TBN prefetcher primarily exploits this locality,
our analysis highlights a broader locality based on the contiguity in
memory accesses within and between virtual address ranges. Based
on these observations, we propose a block-aware prefetcher, designed
to concurrently migrate multiple VABlocks adjacent to the faulted
VABIlock, thereby preventing additional page faults from occurring in
those areas. This mechanism takes full advantage of sequential VABlock
accesses and the contiguity across virtual address ranges. Our experi-
ments on real hardware show that the proposed block-aware prefetcher
achieves an average performance improvement of 2.7x compared to the
baseline TBN prefetcher, under memory oversubscription.
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