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ABSTRACT

Graphics Processing Units (GPUs) utilize memory hierarchy and
Thread-Level Parallelism (TLP) to tolerate off-chip memory latency,
which is a significant bottleneck for memory-bound applications.
However, parallel threads generate a large number of memory re-
quests, which increases the average memory latency and degrades
cache performance due to high contention. Prefetching is an effec-
tive technique to reduce memory access latency, and prior research
shows the positive impact of stride-based prefetching on GPU per-
formance. However, existing prefetching methods only rely on
fixed strides. To address this limitation, this paper proposes a new
prefetching technique, Snake, which is built upon chains of vari-
able strides, using throttling and memory decoupling strategies.
Snake achieves 80% coverage and 75% accuracy in prefetching de-
mand memory requests, resulting in a 17% improvement in total
GPU performance and energy consumption for memory-bound
General-Purpose Graphics Processing Unit (GPGPU) applications.
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« Computer systems organization — Single instruction, mul-
tiple data.
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1 INTRODUCTION

Modern General-Purpose Graphics Processing Units (GPGPUs),
simply called GPUs in the rest of this paper, are extensively used
in many essential memory-bound applications (i.e., applications
whose overall performance is restricted due to memory transac-
tions), including applications ranging from machine learning to
scientific computing [14, 18, 35]. To service a bunch of memory
requests and capture the on-chip memory locality of the memory-
bound GPGPU applications, a CPU-like hierarchical memory model
(i.e., L1 data cache, L2 cache, and off-chip DRAM) is exploited in
(NVIDIA) GPUs [20]. The L1 data cache is dedicated to a Streaming
Multiprocessor (SM) and supports fast local data access. The L2
cache is shared by all SMs to bypass off-chip DRAM latency [36].
However, the average memory latency continues to be a crucial
bottleneck for memory-bound GPGPU applications [9, 24, 26].

To tolerate memory latency, thousands of parallel threads are
executed concurrently on the GPUs, i.e., Thread-Level Parallelism
(TLP). However, the large number of memory requests generated
by running parallel threads increases average memory latency and
degrades cache performance due to high contention [47, 49]. There-
fore, GPUs spend a large number of cycles when all available warps
(a group of 32 threads) are waiting for data from memory (a.k.a.,
memory wall) [3, 46]. The memory wall results in crucial challenges
in GPU, such as resource under-utilization, overall performance
degradation, and increased overall power consumption [40].

To tackle the memory wall problem, prefetching is one of the
well-studied mechanisms [15, 25, 27, 29, 37]. Prior research shows
that stride-based prefetching [25, 27, 29, 37] reduces the average
memory latency and improves GPU performance, due to two main
facts: (1) there is a fixed stride among memory accesses in GPUs, and
(2) a large number of concurrent threads can use prefetched data in
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GPUs [17, 29]. Well-acknowledged stride-based prefetching mech-
anisms in GPUs are Intra-warp [27, 29], Inter-warp [29, 37], and
Inter-CTA (Cooperative Thread Array or Thread block) [25] mech-
anisms. Intra-warp prefetcher enables each thread to prefetch for
the next iteration of the same load instruction executed by the same
thread in the same warp [27, 29]. Inter-warp prefetcher enables
each thread to prefetch for future warps [29]. Inter-CTA prefetcher
enables each thread to prefetch for future CTAs [25]. Some work
prefetches a sequence of addresses based on fixed chunks of mem-
ory spaces[15]. All these mechanisms limit their potential gain (i.e.,
the number of correct prefetched data) due to the fact that they
focus on a fixed stride between accesses of a load instruction or
fixed chunks [27, 37], see Section 2 for more details.

In this paper, by analyzing various memory access patterns of
memory-bound GPGPU applications, we observe that there is a
list of variable strides among the consecutive load instructions
(referred to as chains of strides in this paper) at different levels, e.g.,
inter-warp and intra-warp. Note that these chains are composed
of various lengths of various strides, instead of a fixed stride for
each load instruction used in prior work. Prefetching techniques
that utilize chains of strides are well-studied in CPUs [23, 39, 43].
However, directly applying them to GPUs creates new challenges,
including identifying patterns across different levels (threads, warps,
and CTAs), managing out-of-order warp scheduling, architectural
constraints (memory and bandwidth limitations), and handling
divergent memory access patterns.

As an intuition, we compare an Ideal prefetcher that supports all
possible (fixed/variable) strides under the optimal characteristics
(i.e., infinite storage and zero latency for the prefetching requests)
with two state-of-the-are prefetcher mechanisms: CTA-aware [25]
that prefetches data for next CTAs, and Many-Thread—Aware (MTA)
prefetcher that combines both Inter-warp and Intra-warp mecha-
nisms and provides the best coverage among the prior work [29].
We observe that the Ideal prefetcher outperforms CTA-aware and
MTA in terms of coverage by 70% and 25%, respectively, for memory-
bound GPGPU applications. This result clearly shows that GPU-
specific chain-based prefetching has the potential to improve GPU
performance and energy efficiency, where multiple future warps
utilize patterns detected in a single warp.

To exploit the benefits behind the chains of strides, we propose
Snake, an efficient inter-thread prefetching mechanism based on
chains of strides working on various levels (i.e., Intra-warp and
Inter-warp). Figure 1 provides a clearer illustration of three types
of strides (i.e., Intra-warp, Inter-warp, and Inter-thread).
Warp;

Warp; Warp;

PCuX

Inter-thread

Intra-warp Inter-warp

Figure 1: Three types of strides.
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Snake (1) detects the chains of strides between consecutive pro-
gram counter (PC) of load instructions (called PCj4 in this paper)
by using two tables, (2) issues prefetch requests based on the suffi-
ciently trained strides, leading to high coverage (around 80%), and
(3) exploits store decoupling and prefetch throttling mechanisms
to alleviate cache contention. The store decoupling mechanism
keeps prefetched data and L1 data separately. The prefetch throt-
tling mechanism stops the prefetching, triggered by the amount
of unused memory or bandwidth. As a result, Snake prefetches
75% of memory requests accurately, which is significantly higher
(around 55%) than the most accurate state-of-the-art mechanism
(CTA-aware) [25]. It is worth noting that the proposed method is
primarily designed to facilitate the execution of a single application.
However, it can be extended to support multiple applications where
the chains of strides are detected within each application.

This paper makes the following contributions:

o We demonstrate the suboptimality of state-of-the-art prefetch-
ing mechanisms in providing accurate prefetched data for
memory-bound GPGPU applications.

e We propose Snake, an efficient inter-thread prefetching mech-
anism based on chains of strides working on various levels
(i.e., Intra-warp and Inter-warp).

o We demonstrate that Snake improves memory-bound GPGPU
application performance by an average of 17% while reduc-
ing energy consumption by up to 17%.

e We show that Snake has significantly better coverage and
accuracy (up to 60% and 55% respectively) as compared to the
state-of-the-art prefetching mechanism (CTA-aware [25]).

e We show that Snake’s overheads are less than 1% on Volta
V100 GPU power/die area.

2 BACKGROUND AND MOTIVATION

The GPU architecture consists of several SMs, as shown in Figure 2.
Each SM contains execution cores called Streaming Processors
(SPs) that execute identical instructions in groups of 32 threads
(i.e., warps) concurrently. Multiple warps together form a thread
block or a cooperative thread array (CTA). CTAs are assigned to
SMs based on their on-chip resources (e.g., register file and shared
memory) [11, 36, 42]. The SMs start to execute the warps of the
assigned CTAs. Whenever a warp’s thread is waiting for data from
memory, the warp stalls until its memory request is satisfied and
the scheduler switches to execute another ready warp [35]. Each
SM has a private memory subsystem (register file, L1 data cache,
shared memory, constant cache, and texture cache). If accesses
miss in the on-chip caches, they are sent to a shared L2 cache
via an interconnection network at the expense of higher latency
(around 100 cycles). The L2 cache banks are connected to memory
controllers that govern the global memory. Fetching data from
global memory takes hundreds to thousands of cycles, given the
traffic [34].

GPUs cannot efficiently use the memory system due to their
inherent high TLP. A large number of memory requests generated
by concurrent threads are sent to the L1 data cache simultaneously.
Limited on-chip resources and a large number of accesses lead to
two main challenges. First, the L1 data cache contention increases;
Threads can interfere with each other and evict useful data being
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Figure 2: Baseline GPU architecture.
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used by other threads. Second, after a while, there is not enough
resource to handle the new accesses generated by the latter threads
(i.e., reservation fail). Therefore, a high TLP degree compromises
memory system efficiency and causes warps to stall for long periods
in memory-bound GPGPU applications [4].

To analyze the aforementioned challenges and provide motiva-
tional results, we use Accel-Sim v1.2.0 [21] and execute various
memory-bound GPGPU applications from Rodinia [31], Parboil [44],
and ISPASS [5] benchmark suites. For more information on the sim-
ulation configuration and benchmarks, see Section 4. To study the
intensity of the memory wall, we examine the number of reser-
vation fails,! bandwidth utilization, and memory stalls as key fac-
tors affecting average memory latency and memory throughput in
memory-bound GPGPU applications.

To study the quantity of the reservation fails, we measure the
number of reservation fails normalized to the total L1 data cache
accesses (i.e., hit, miss, reserved, and reservation fail) in memory-
bound GPGPU applications in Figure 3. We observe that reservation
fails occur, on average, 30%. A reservation fail request arises due
to factors like insufficient free spaces in miss queues, reserving all
entries in the L1 data cache that are waiting for data from lower
memory levels, and insufficient free spaces in MSHR. Prior work
shows that reservation fails in GPUs are primarily due to miss
queue congestion in recent generation [19, 21, 22], which confirms
our motivational analysis. These requests continue to be sent to the
L1 data cache until they are accepted. Therefore, more reservation
fails waste more execution cycles, harming the system performance,
power consumption, and resource utilization [12, 13, 41].
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Figure 3: The percentage of reservation fails.

To study the rate of bandwidth utilization, we measure the
amount of transferred data between the L1 data cache and the

IEach time the L1 data cache is accessed, the existence of data is verified and the status
(hit, miss, reserved, and reservation fail) is determined.
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L2 cache, normalized to the theoretical bandwidth of the baseline
GPU, across various memory-bound GPGPU applications in Fig-
ure 4. We observe that around 33% of the total bandwidth (between
the L1 data cache and the L2 cache) is utilized. Therefore, on-chip
resources are not used efficiently in memory-bound GPGPU appli-
cations due to severe cache contention (resulting in a large number
of reservation fails and bandwidth under-utilization) [10].
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Figure 4: Interconnect bandwidth utilization.

To further analyze the impact of the memory wall on overall
performance, we examine the number of cycles when all available
warps are waiting for memory data in memory-bound GPGPU
applications. Figure 5 shows the number of stalls due to the memory
latency. We observe that around 55% of the run-time stalls are
caused by memory stalls.
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Figure 5: The number of cycles when all available warps
are waiting for data from memory normalized to the total
number of stalls in memory-bound GPGPU applications.

To address the memory wall problem, data prefetching (i.e., fetch-
ing data from a slower original memory to a faster local memory
before it is actually needed [33]) is one of the promising techniques
in GPUs [45]. Considering the spatial locality, one approach is to
prefetch a sequence of addresses based on fixed chunks of memory
spaces [15]. However, this method can impose excessive pressure
on the memory system as it brings in a large amount of data that
may not even be used, leading to cache under-utilization. Prior
research shows that stride-based prefetching reduces the average
memory latency and improves GPU performance, due to two main
facts. First, the load addresses of each thread are typically defined
through its assigned built-in variables (e.g., thread index and block
index). In other words, the data index is determined based on the
thread index, and hence, it is possible to have a fixed stride be-
tween addresses requested by different threads. Second, a large
number of concurrent threads in GPUs use the accurate prefetched
data which reduces the pressure on the resources, reservation fails,
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execution cycles, and power consumption [29, 37]. However, in-
accurate prefetching evicts useful data which increases memory
traffic, wastes bandwidth resources, and ultimately decreases the
overall performance [25].

Prior research introduces various stride-based prefetching mech-
anisms (e.g., Intra-warp [29], Inter-warp [29], and Inter-CTA [25])
tailored to GPU characteristics. Intra-warp prefetcher enables each
thread to prefetch for the next iteration of the same load instruction
executed by the same thread in the same warp [29]. This method
achieves high coverage and accuracy in the existence of deep loop it-
erations. However, to exploit concurrent execution, memory-bound
GPGPU applications replace deep loops with parallel program-
ming [25, 29]. Inter-warp prefetcher enables each thread to prefetch
for future warps [29]. As there is a fixed number of threads within
a warp, the stride between data accessed from different warps can
be constant. However, this method suffers from timeliness and ac-
curacy trade-offs. Warps within a CTA often have the same stride,
but they schedule closely in time so that the memory access la-
tency cannot be hidden. Many-Thread—-Aware (MTA) prefetcher,
combines both Inter-warp and Intra-warp mechanisms together to
exploit both prefetching opportunities. However, MTA suffers from
Intra/Inter-warp drawbacks (e.g, lack of opportunity for accurate
prefetching) and does not solve the timeliness problem. Inter-CTA
prefetcher, e.g., the CTA-aware [25], enables each thread to prefetch
for future CTAs and provides a higher timeliness opportunity. All
these mechanisms limit their potential gain (i.e., the number of
accurate prefetched data) due to the fact that they are trained to
find a fixed stride between accesses of a load instruction [25, 29].

To measure the effectiveness of the prior solutions, we compare
the coverage of Intra-warp [29], Inter-warp [29], MTA [29], and
CTA-aware [25] prefetchers to the Ideal prefetcher. Ideal prefetcher
supports all possible (fixed/variable) strides with infinite storage
and zero latency for the prefetching requests. Figure 6 shows the
coverage of Intra-warp [29], Inter-warp [29], MTA [29], and CTA-
aware [25] prefetchers compared to the Ideal prefetcher. We make a
key observation that the coverage of the Ideal prefetcher is around
25% and 70% higher than the state-of-the-art mechanisms (i.e.,
MTA [29] and CTA-aware [25]), showing the gap between the
ideal case and the state-of-the-art mechanisms.
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Figure 6: Coverage of Intra-warp [29], Inter-warp [29],
MTA [29], CTA-aware [25], and Ideal prefetchers.

To better illustrate a comprehensive example of various strides
in the GPU programming model, we analyze LPS [5] application
that includes four types of different strides (Intra-warp [29], Inter-
warp [29], Inter-CTA [25] fixed strides, and Inter-thread chains of

Mostofi et al.

strides). The presented code in Figure 7 demonstrates these four
types of strides in LPS. We make four key observations. First, this
code has opportunities for Intra-warp prefetching because the value
of ind is determined by fixed variables, i.e., thread;q and block;q
(line 6). The loop iteration, which reads from an array at a fixed
stride, is covered by Intra-warp prefetching (line 10). Second, warps
within a CTA have a fixed stride which is covered by Inter-warp
prefetching. Considering the same block;q, and a definite number
of threads within each warp, a fixed stride is observed between
the corresponding threads of each warp in a CTA. Third, to ensure
accurate and timely prefetching, Inter-CTA prefetching considers
the base addresses of each CTA and enables a warp in the current
CTA to prefetch for warps in other CTAs (lines 2 and 3). Fourth,
we observe Inter-thread chains of strides that have never been
considered in prior work [25, 29] (e.g., in lines 12 and 13). Whenever
a thread accesses the value of u1[ind], the next instruction accesses
the value of ul[ind+KOFF]; as the value of KOFF is predictable, we
can prefetch the next load instruction for each thread.

. #define INDEX(i,j,j_off) (i +__mul24(j,j_off))
. #define KOFF (BLOCK_X+2)*(BLOCK_Y+2)
. #define JOFF (BLOCK_X+2)

. 1 = threadIdx.x;

ind = threadIdx.x+1 + (threadIdx.y+1) *
. ind = INDEX(i+1,j+1,J0FF) + KOFF; Q (BLOCK_X+2) + (BLOCK_X+2)*(BLOCK_Y+2)
. 1 = INDEX(i,blockIdx.x,BLOCK_X);

1

2

3

4

5. j = threadIdx.y;
6

7

8. j = INDEX(J,blockIdx.y,BLOCK_Y);
9. active = (i<NX) && (J<NY);

10. for (k=0; k<NZ; k++) {

11. if (active) {

12. ul[ind-KOFF] = ul[ind];
13. ul[ind] = ul[ind+KOFF];

Figure 7: Load address calculation and various strides in the
source code of LPS [5] application.

Figure 8 illustrates an example of the variable chains of strides
discovered between a group of PCj;s executed by all warps in
the LPS code traces. For instance, we identified a chain of inter-
thread strides (-400, 40400, -400) between four PC;ys (PC1-PCy).
Notably, two of the PCjys (PC; and PC3) exhibit fixed inter-warp
strides of -400 and 400, respectively. Furthermore, since PC3 and
PC4 occur in a loop, an intra-warp stride (40000) can be calculated
for them. Considering the above observations, we conclude that
(1) using intra-warp stride opportunities is unlikely, (2) inter-warp
stride opportunities may change due to variations in CTAs, and (3)
various chains of strides can be identified among a group of warps
due to certain statements, such as branch.

To further study the prefetching opportunity based on the chains
of strides, we perform a trace-based analysis on the memory ac-
cesses of memory-bound GPGPU applications. To this end, we first
show the number of PCj s in the chains, normalized to the total
number of PCj s in a representative warp (i.e., a warp that exe-
cutes the most load instruction count in the SM) of memory-bound
GPGPU applications. Figure 9 shows that the chains cover around
65% of the total PCjys in a representative warp of memory-bound
GPGPU applications. Second, we show the maximum repetition
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count of the available chains of strides within a representative warp.
Figure 10 indicates that these chains repeat an average of 35 times
per warp, highlighting potential opportunities for exploiting them
at an intra-warp level. Third, we show the number of memory
accesses that can be prefetched using the chains of strides and com-
pare it against the MTA (i.e., Many-Thread-Aware prefetcher [29])
prefetcher in Figure 11.
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Figure 9: The number of PC;; in a chain normalized to the
total number of PC;; in a warp.
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Figure 10: The maximum number of the repetition of a chain
of strides within a warp.

We make three key observations: (1) a significant portion (around
70%) of the memory accesses can be prefetched using the chains of
strides in memory-bound GPGPU applications, (2) These chains of
strides repeat frequently in an intra-warp level, and (3) the coverage
resulting from chains of strides is around 15% higher than that
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Figure 11: The percentage of memory accesses that can be
prefetched using the chains of strides and the MTA (i.e.,
Many-Thread-Aware prefetcher [29]) prefetcher.

of MTA that provides the best coverage among prior solutions
(e.g., Intra-warp [27], Inter-warp [29], and Inter-CTA [25]), due
to extra prefetching opportunities provided by chains of strides.
Applications with low chain repetition achieve acceptable coverage
due to the availability of the inter-warp chains of strides.

To conclude, on-chip resources are not used efficiently in memory-
bound GPGPU applications due to severe cache contention resulting
in reservation fails and bandwidth under-utilization (i.e., the mem-
ory wall). To tackle this problem, stride prefetching reduces the
average memory latency and improves total GPU performance [25].
Well-acknowledged stride prefetching variants in GPUs limit their
potential gain (i.e., the number of accurate prefetched data) due to
the fact that they are trained to find a fixed stride between accesses
of a load instruction [25, 29]. In this paper, we observe inter-thread
chains of strides opportunity that have never been considered in
prior work [25, 29]. We observe that a significant part (around 70%)
of memory accesses can be prefetched using the chains of strides in
memory-bound GPGPU applications, which is 15% higher than that
of the MTA (i.e., Many-Thread-Aware prefetcher [29]) prefetcher,
which provides the best prefetching opportunities compared to
prior solutions. Therefore, a prefetcher based on frequent chains of
strides enhances prefetching opportunities.

3 SNAKE PREFETCHER

We propose a new prefetching mechanism called Snake that uses
chains of strides to effectively prefetch data in three main steps (i.e.,
detection, prefetching, and throttling). First, in the detection step,
Snake extracts the possible chains of strides in the memory-bound
GPGPU applications, stores the most frequent effective chains of
strides per warp, and promotes the discovered chains of strides to
prefetch for other warps if they are detected at least for three warps.
To save the required information of the chains, Snake relies on two
tables (called Head table and Tail table, indexed with Warp IDs and
PCjys, respectively). Snake trains (fills) the Tail table in the detection
step using the information stored in the Head table. Second, in the
prefetching step, Snake starts data prefetching using the stored
chains of strides in the Tail table. Third, in the throttling step, Snake
utilizes a throttling mechanism to control prefetch depth efficiently.
For more information on the detection, prefetching, and throttling
steps see Section 3.1, Section 3.2, and Section 3.3, respectively.
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3.1 Detection Step

To prefetch data using the most frequent chains of strides, Snake
relies on two tables (i.e., Head table and Tail table). To store the
last executed PC;4 of each warp and the corresponding requested
address, Snake uses Head table. Whenever a warp executes a load
instruction, the warp entry in the Head table is updated to the
value of the last executed PCj; and its requested address. Each
entry of this table consists of two key fields: (1) a PC;4 and (2) the
corresponding requested address which is indexed by warp IDs.
To avoid losing inter-warp strides in the presence of an aggressive
warp scheduler like GTO, Snake stores information from two differ-
ent warps per PC;,;. This involves doubling the warp ID and base
address columns. The Tail table is used to store a variety of strides
per PCy4 (indexed by PC;y) and the train status (i.e., trained or not).

Each entry of this table consists of eight key fields: (1) a head
PC)4 (called PC1 in this paper), (2) a consecutive PC;; (called PC2
in this paper), (3) the stride between these two PCs (i.e., the Inter-
thread stride), (4) the train status of the Inter-thread stride, (5) a
vector that stores the ids of the warps that observed the Inter-thread
stride pattern (i.e, warpyp vector), (6) Intra-warp stride, (7) the train
status of the Intra-warp stride, and (8) the Inter-warp stride. Note
that the Inter-warp stride does not need a dedicated train field, since
it is added to the table when it is detected at least in three warps (i.e.,
trained). For more details on the table configuration and field sizes,
see Figure 15, and Table 3, respectively. Note that, due to limited
on-chip space, we need to prioritize the most effective and frequent
chains of strides in the Tail table (using warpyp vector field) and
evict others, i.e., the more set bits in warpyp vector, the more warps
candidates for prefetching. However, relying solely on the warpyp
vector is insufficient for determining which entries are eligible for
eviction, because newer PCs, which are more crucial than the older
ones, may not have trained on enough warps yet, and they could be
given higher priority for eviction. To propose an effective eviction
policy, we augment our previous approach with the Least Recently
Used (LRU) policy [38]. In our improved eviction policy, we first
identify the most eligible entries for eviction using the LRU policy.
Then, from the selected group of entries, we evict the one with
the fewest *1’s in its warpyp vector. For more information on the
effectiveness of our eviction policy, refer to Section 5.

Inter-thread strides. Figure 12 shows the detection step based
on the Inter-thread strides in the Tail table. The Tail table is refer-
enced upon an entry update in the Head table; Whenever an entry
is updated in the Head table, the Head table sends the warp ID, the
previous PCjy before the update, the current PCy;, and the stride
between their addresses to the Tail table @) . Snake creates a new
entry in the Tail table for the received information (i.e., the previous
PCj4 (PC1), the current PC;; (PC2)s, and the stride between their
related addresses), in three main conditions: (1) there is no matching
entry for the received PC1 value @, (2) PC1 is matched, but there
is no matching entry for the received PC2 value @ , and (3) PC1
and PC2 are matched, but the received Inter-thread stride is not
matched in the Tail table @) . Finally, Snake sets the corresponding
bit (to the warp ID) in the warpp vector either it finds a match or
creates a new entry in the Tail table @ .

Intra/Inter-warp strides. To prefetch more data, Snake stores
Intra-warp and Inter-warp strides as well. Intra-warp strides are
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Figure 12: Detection step flowchart.

calculated when a PCyy is re-executed in a warp (e.g., loops). A
warp re-executes a PCjy in two cases. First, the same PC; are
re-executed consecutively. In this case, Snake calculates the stride
between two same consecutive PCs using the previous and current
addresses requested by the received PCs. Second, the same PCy; is
re-executed after other PCs’ execution. Hence, the requested ad-
dress of the previous executed PCjy is replaced by the last executed
PCj4, in the Head table, and the intra-warp stride value can not be
computed directly using the received information from the Head ta-
ble. In this case, Snake calculates the stride between two same
non-consecutive PCs accumulating the Inter-thread strides where
the warp ID executing the replaced PCy, is set (warpyp vector).
To provide an example clarifying the second case, consider a loop
of consecutively executed instructions - PCy, PC2, and PCs. Since
PC; repeats non-consecutively, Snake calculates the Intra-warp
stride by accumulating the stride between PC; and PC, with that
between PCy and PCs, and then subtracting the result from the
current address of the new execution of PC;. This enables Snake
to calculate the base address of the previous execution of PC; and
the Intra-warp stride for PC;. Snake adds the newly spotted stride
in the corresponding field of the Tail table and its train status (T5)
is initiated to ’00’. The Inter-warp stride is detected when a fixed
stride occurs between at least three warps executing the same PC;,.

3.2 Prefetching

Snake can issue prefetch requests based on three key stored strides:
Intra-warp, Inter-warp, and Inter-thread strides. We proceed to
issue prefetch requests in the case of not locating the prefetch
request in the L1 data cache. To improve the accuracy of prefetching,
it is essential to ensure that the detected strides are consistent and
repeatable. Therefore, the detected strides need to undergo further
observation and confirmation to qualify for prefetching, which is
essentially a training process.

In the single instruction, multiple threads (SIMT) execution
model, a single instruction is executed on numerous threads within
warps. Thus, if a consistent stride is detected across multiple threads,
it is highly probable that all threads observe the same stride [29].
In such cases, Snake confirms the stride’s consistency across multi-
ple warps before promoting it to issue prefetch requests for future
warps. Additionally, in the presence of loops, threads execute a



Snake: A Variable-length Chain-based Prefetching for GPUs

set of instructions repeatedly. Upon detecting a stride on threads
for the first time and subsequently observing its repetition, Snake
considers the stride to be trained.

(+)»[250
PC1 | PC2 | Inter-thread|| W, vector T1
520 [ 540 | 100 — 101...1 11
[540]| 570 150 — 011...1 11
570 (1140 420 101...1 00
1180 520 550 101...0 11

Figure 13: Capability of Snake in prefetching a longer chain
for each warp.

Once a stride is trained, it becomes eligible for prefetching. This
means that when a PCj; is encountered for the first time, Snake
issues prefetching requests for all future warps, as soon as the train
status in the Tail table is updated to "promoted" (i.e., ’10’). If the
same PCy is executed again, Snake checks the relevant entry in the
Tail table and issues prefetching requests, considering their Inter-
warp or Intra-warp training status. For warps whose corresponding
bits are set in the warpyp vector, Snake issues prefetching requests
based on the Inter-thread stride training status as well.

Snake is capable of delving deeper and looking for longer chains
of strides, as shown in Figure 13. To accomplish this, Snake revisits
the Tail table to locate an entry that possesses the same PC1 value as
the current entry’s PC2 value, while the corresponding bit in warprp
vector is set and the status is trained. Once these conditions are
met, a new stride can be calculated and used for further prefetching
requests. The depth of Inter-thread prefetching, i.e., the distance
from the current PCjy, is controlled by a throttling mechanism
(explained in Section 3.3). During the prefetching step, each warp’s
PC2 and Inter-thread stride are compared with their corresponding
values in the Tail table. If they do not match, that particular warp
is removed from the warpyp vector. If more than two warps are
removed from the warpp vector of an entry, the inter-thread train
status is updated to "not-trained" (i.e., 00’), and it returns to the
detection step.

Prefetching can increase the pressure on the cache and data
traffic, As discussed in Section 2, reservation fail and contention
are side effects of the high TLP in GPUs, and prefetching could po-
tentially exacerbate these issues especially when Snake prefetches
based on long chains of strides. To mitigate these issues, we im-
plement a decoupled strategy to separate the storage locations of
the prefetched data and the L1 data cache. This approach ensures
that prefetched data does not replace useful data that is already in
the L1 cache. This decoupling is essential, especially for modern
memory-bound GPGPU applications that often process large work-
ing data sets. Modern GPU architectures unify the L1 data cache
with shared memory to improve storage capacity and bandwidth.
However, previous studies reveal that shared memory is not always
used efficiently [11, 30].

Once the size of the shared memory is determined in the unified
cache, the remaining space is allocated between the prefetch space
and the standard L1 data cache space, as illustrated in Figure 14.
Each part is indexed by separately configuring each half to reflect
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Figure 14: Snake’s major components.
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the actual configuration of the L1 data cache (for instance, k-way
set associative). Snake differentiates between prefetch and L1 data
cache entries using a flag. Initially, Snake situates the prefetched
data on the upper side and the L1 data cache on the lower side of
the unified memory. Both sides are permitted to expand freely until
the unified memory is fully occupied. Snake initially restricts the L1
cache to utilize only up to 50% of the available decoupled space until
the prefetcher is trained. The training process takes an average of 3
cycles (up to 10 cycles). Upon completion of training, the prefetcher
begins to store the prefetched data until it becomes throttled due to
a lack of free space or limited bandwidth. In instances of prefetch
throttling, we confine the L1 data cache to operate within its desig-
nated space for up to 50 cycles (i.e., typically, the data is consumed
within 50 cycles.). However, it is always permitted to transfer data
that hits the prefetch space to the L1 data space. This transfer does
not involve a physical movement but instead occurs through the
alteration of the corresponding flag. In instances where there is
no free space left in the unified cache, we free up 25% 2 of the uni-
fied cache space following the LRU policy. If more than 80% of the
prefetched data has been transferred to the L1 data cache, we evict
older L1 data cache entries to create free space due to the accurate
behavior of prefetching. Otherwise, we evict older prefetched data
entries to free up space.

3.3 Throttling

To mitigate the negative effects of aggressive prefetching in Snake,
we develop a throttling mechanism based on the available memory
space and bandwidth as two main triggering metrics. Our throt-
tling mechanism is triggered under any of these two conditions:
(1) When the unified memory has no free space, our throttling
mechanism halts prefetching for a predefined number of cycles
(50 cycles, See Section 5.4 for more information) 3 to ensure that
the prefetched data has enough time to be utilized. (2) When the
bandwidth approaches saturation (i.e., when the measured band-
width reaches around 70% of the theoretical peak bandwidth), our
throttling mechanism halts prefetching until the bandwidth satura-
tion is resolved (i.e., when the measured bandwidth reaches 50%
of the theoretical peak bandwidth). Our results from applications
that are highly affected by memory conflicts between L1 data and
prefetched data show that our throttling mechanism substantially
reduces the early eviction rate, by up to 20%.

2We choose 25% as the hit rate of L1 data cache is up to 75%.
30ur results show that enough warps have been executed to consume a considerable
amount of the prefetched data after 50 cycles
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Figure 15: An illustrative example showing the training and prefetching mechanism of Snake.

3.4 A Prefetch Generation Illustration

The example in Figure 15 showcases the Snake prefetching algo-
rithm. For the sake of simplicity, we consider four warps and a
non-greedy scheduling policy. The Head table is filled first, as dis-
played in Figure 15 (a). As a warp issues a memory request, its
warp ID, base address, and PC;; are stored in the Head table. Note
that even though each warp has 32 threads and hence can poten-
tially compute 32 distinct base addresses (one for each thread),
our empirical evaluations demonstrate that the stride between the
threads in a warp is consistently equal. Consequently, we examine
the stride between threads and only retain the addresses of the first
thread if the stride is equal. Otherwise, we exclude the warp from
prefetching. The Tail table updates the inter-warp stride when a
fixed stride is detected among three distinct warps executing the
same instruction. Upon the execution of a new instruction by a
warp, relative data is promptly dispatched to the Tail and Head ta-
bles. Figure 15 (b) illustrates the filing process of these tables. In
cases where three warps demonstrate similar inter-thread stride
behavior, the Ty status is upgraded to promotion status (i.e., 10),
and prefetch requests issue utilizing the inter-thread stride. It is
noteworthy that Snake accords priority to the inter-thread stride
over the inter-warp stride due to its higher accuracy. Whenever a
warp executes an instruction that corresponds to a PC;; found in
the Tail table Snake initiates prefetch requests utilizing the trained
strides as illustrated in figure 15 (c). Furthermore, Snake utilizes
a mechanism for monitoring the stride between two instances of
the same PC;y in order to determine the intra-warp stride. Upon
establishing consistency of intra-warp stride in three distinct warps,
Snake proceeds to update the train status associated with that par-
ticular PCyg4(i.e., T2). Note that examples supporting variable strides
are possible, whereby different entries in the table may store the
same PC1 and PC2 with various strides for different groups of warps.
However, for the sake of simplicity, we demonstrate a single stride
between two consecutive PCyys (i.e., PC1 and PC2).

3.5 Compiler Optimization Support

Software and compiler optimization techniques aim to boost code
execution efficiency, reuse data, reduce data transfers (e.g., between
CPU and GPUs, or compute and memory units), and refine instruc-
tion scheduling to fully engage available computational resources
by considering the memory access patterns of the applications [16].

Snake performs autonomously but synergistically in conjunction
with software/compiler optimization techniques like tiling. Tiling
promotes data locality by partitioning input data into smaller cache-
friendly tiles and performing computations on each tile individually.
It is an important optimization for workloads like matrix multipli-
cation. Matrix multiplication is a fundamental task in scientific and
learning applications, including Deep Neural Networks (DNNs).
Tiling improves cache utilization, reduces average memory latency,
and avoids main memory bandwidth bottlenecks [28]. To achieve
these benefits, compilers/programmers determine the optimal tile
dimensions to fit into the cache while considering the available
bandwidth and interconnection traffic.

When Snake engages with tiling optimization, it detects the
strides between tiles by calculating the distances between the ele-
ments of tiles and proactively prefetches a sequence of addresses
from the following tile. Note that Snake consistently prioritizes the
data requested from the L1 data cache, and hence, the L1 data cache
can always utilize the unified cache as much as needed. Although
Snake constrains the utilization of the L1 data cache to only half
of the unified space during the training, non-interrupted storage
of tiles is ensured during the training of Snake, even when dealing
with tiles that exceed 50% of the available unified cache space. It is
because the act of fetching these large tiles from lower memory lev-
els demands more time than the designated 10-cycle period, which
represents the maximum required time for training Snake.

For tiles that exceed 50% of the unified cache space, Snake
prefetches a segment of the subsequent tile into the available space.
Consequently, this prefetching action can lead to Snake becoming
throttled, as the unified cache experiences a shortage of free space.
Note that even if the execution of the current tile surpasses the
time required for prefetching the forthcoming tile’s segment and
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the subsequent throttling period (50 cycles), Snake does not evict
the prefetched data. It is because when there is no free space, Snake
stops prefetching and keeps the prefetched data until the L1 data
cache experiences a miss (see Section 5.6 for quantitative analysis).

4 METHODOLOGY

Simulation. In this study, we evaluate the performance and power
consumption of the Snake, utilizing Accel-Sim [21] v1.2.0. Specif-
ically, we analyze the power consumption of Snake using Accel-
Wattch [19] v1.0. Detailed configuration parameters are listed in
Table 1 modeling the NVIDIA VOLTA V100 architecture.
Baseline benchmark suites. We evaluate the effectiveness of
Snake compared to other prefetching mechanisms on Rodinia [31],
Parboil [44], and ISPASS [5] benchmark suites. Each application
is simulated until the end of its execution or when the simulated
instruction count reaches 1 billion. Table 2 shows a list of our
benchmark suites.

Comparison Metrics. We compare Snake to a variety of state-of-
the-art prefetching mechanisms in terms of overall IPC, energy con-
sumption, coverage (the number of correctly predicted addresses to
the total number of demand addresses), and accuracy (the number
of correctly predicted addresses that are timely enough to be used
by demand requests to the total number of demand addresses).
Comparison Points. To measure the effectiveness of Snake (i.e.,
our proposed chained-based prefetching method alongside decou-
pling and throttling mechanisms) we compare it to the baseline
GPU and 9 other prefetching mechanisms. (1) INTRA is an Intra-
warp prefetcher simply issues prefetch requests into the existence
of loop iterations. (2) INTER is an inter-warp prefetcher that enables
threads to prefetch for future threads of future warps. (3) MTA is a
hardware implementation of Many-Thread-Aware prefetcher [29].
(4) CTA is an implementation of the CTA-Aware prefetcher [25].
(5) Tree is the most recent spatial prefetcher focusing on CPU-
GPU [15]. We adopt this work in the GPU context which considers
64KB chunks of the global memory and prefetches them to the L1
data cache. (6) s-Snake is a simple model of Snake that only exploits
the chains of strides without exploiting Intra-warp and Inter-warp
strides. (7) Snake-DT is Snake without exploiting decoupling and
throttling mechanisms. (8) Snake-T is Snake that exploits the de-
coupling mechanism without exploiting throttling mechanisms. (9)
Snake+CTA, combines Snake with CTA-Aware to show that they
are orthogonal.

5 EVALUATION
5.1 Coverage/Accuracy Analysis

Figure 16 shows the coverage of Snake compared to the well-known
GPU prefetchers. Based on these results, We make seven main ob-
servations. First, Snake demonstrates superior coverage compared
to other methods. It is able to accurately predict 80% of memory
requests by effectively utilizing chains of strides in combination
with intra-warp and inter-warp strides. Second, Snake outperforms
the state-of-the-art prefetcher (i.e., MTA in terms of coverage) by
providing a 15% higher coverage of future memory accesses. Third,
s-Snake achieves a noteworthy prediction accuracy of around 70%
in forecasting future memory accesses. Fourth, using a throttling
mechanism may slightly reduce coverage (by about 2%), but the
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Table 1: Baseline GPU configuration.

Parameter Value

Number of SM 30

Core clock 1530 MHz
Scheduler Greedy-then-Oldest

Number of scheduler per SM 4

Number of threads per SM 2048

Register file size per SM 65536

Unified cache 128KB, 256-way, 128B,
4-bank, 28-cycle

MSHR 512 entries, 8 merge capability

128KB, 16-way, 128B

64KB, 8-way, 64B-line

96KB per sub-partition,

24-way, 128B-line,

64-bank, 212-cycle

tccp=1, tRRD=3, tRcD=12,

trAs=28, trp=12, trc=40,

tcL=12, twr=2, tcpLR=3,

twr=10, tccpr=2, trTPL=3

L1 instruction cache

Constant cache
L2 cache

DRAM parameters (ns)

Table 2: Benchmark suites

Benchmark Abbr.
Coulombic Potential [5] CP

3D Laplace Solver [5] LPS
LIBOR Monte Carlo [5] LIB
MUMmerGPU [5] MUM
Back Propagation [31] Backprop
HotSpot [31] Hotspot

Speckle Reducing Anisotropic Diffusion [31]  Srad

LU Decomposition [31] lud
Needleman-Wunsch [31] nw
Histogram [44] histo
mri-q [44] MRQ

improved accuracy (by about 20%, Figure 17) outweighs this draw-
back. Fifth, the coverage of INTRA and CTA-Aware is comparatively
lower, primarily attributed to the absence of loops and the missed
prefetch opportunities during the inter-CTA stride detection period.
Sixth, Snake+CTA shows lower coverage than Snake because the
inter-CTA coverage is low initially. Seventh, nw application ex-
hibits low coverage compared to other applications, despite having
regular memory access patterns. This is due to the low number of
repetitions of these patterns in nw.

Figure 17 shows the accuracy of Snake compared to the well-
known GPU prefetchers. The results of our study reveal that Snake
exhibits high accuracy, surpassing 90% across various applications.
This remarkable performance empowers Snake to effectively antic-
ipate and cover 75% of future memory accesses in a timely manner,
on average. The reason behind the high accuracy of Snake is that the
inter-thread stride in Snake prefetches consecutive PC;; requests,
reducing the chance of late prefetching. Additionally, The decou-
pling and throttling mechanisms in Snake helps reduce the early
eviction rate for more accurate prefetching. It is noteworthy that
without decoupling, Snake experiences a 50% loss in accuracy due
to early eviction by normal data from the L1 data cache. However,
inter-warp stride in Snake could result in inaccurate prefetches.
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Figure 16: Prefetch coverage (the number of correctly predicted addresses to the total number of demand addresses).
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Figure 17: Prefetch accuracy (the ratio of timely correctly predicted addresses to the total number of demand addresses).
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Figure 18: Performance improvement of prefetching mechanisms.

5.2 Performance Analysis

Figure 18 demonstrates the performance improvement of Snake
compared to the well-known GPU prefetchers, normalized to the
baseline. We make four key observations. First, Snake improves per-
formance by 17% (up to 60%), on average. Second, LIB experiences
the highest performance improvement, because Snake increases the
L1 data cache hit rate by 10X, resulting in lower memory latency.
Third, Snake enhances the performance of Histo and Srad appli-
cations by 33% and 29%, respectively. Despite these applications

exhibiting a high hit rate in the baseline, they experience bursty
misses, leading to resource congestion. However, thanks to Snake’s
precise prefetching, it effectively reduces memory latency, mitigates
bursty misses, and significantly decreases congestion-related stalls.
Fourth, Snake outperforms Snake-DT and Snake-T by 13% and 7%,
respectively, showing the effectiveness of decoupled and throttling
mechanisms. Decoupling increases the effectiveness of CTA-Aware,
MTA, and Tree by 5%,3%, and 2%, respectively. These results show
Snake outperforms the decoupled versions of competitors.
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The performance improvement achieved by Snake is due to
the reduction of two main factors: (1) miss rate, and (2) bursty
misses and reservation fails. This improvement is attributed to the
high coverage, accuracy, and low cache contention in Snake. These
benefits are due to prefetching a chain of strides and utilizing a
decoupled mechanism.

5.3 Energy Analysis

In Figure 19, we present the energy consumption results of Snake,
normalized to the baseline. The results reveal that Snake consumes,
on average, 17% less energy. This reduction in energy consumption
can be attributed to two main factors: (1) proactive data prefetching,
which reduces the effective memory access latency by fetching data
that is likely to be accessed in the near future, and (2) reduction in
idle time of warps and repetitive accesses due to reservation fail.
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Figure 19: Energy consumption of Snake normalized to the
baseline.

5.4 Sensitivity Analysis

We conduct a sensitivity analysis of prediction parameters, precisely
Entry size, eviction policy, and throttling time interval, to evaluate
their impact on the Snake’s performance.

Tail table entry size. Figure 20 shows the impact of varying the
number of Tail table entry size utilizing the main eviction policy
(considers both LRU policy and the number of °1’s in its warpp
vector). The coverage of Snake decreases by only 8% when the
entry size is limited to 10. To further evaluate the space overhead
of Snake, we analyze the space utilization with various entry sizes
as shown in Figure 21.

Eviction policy. Figure 22 shows the coverage of Snake that con-
siders the number of °1’s in its warpyp vector (i.e., the entry with the
fewest '1’s is evicted) without using the LRU mechanism in its evic-
tion policy. Comparing the results of Figure 20 and Figure 22, we
conclude that Snake gains higher coverage using both LRU policy
and the number of ’1’s in its warpyp vector rather than considering
only the number of *1’s in its warpyp vector.

Throttling time intervals. Figure 23 presents the trade-off be-
tween accuracy and coverage of Snake for different throttling time
intervals. The results show that a longer duration of powering off
Snake can increase the accuracy by reducing the early eviction rate.
However, an excessively long duration of powering off Snake can
result in a lower prefetching opportunity and coverage. Based on
the findings in Figure 23, turning off Snake for 50 cycles can achieve
an acceptable level of accuracy (75%) with only 2% coverage loss.
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Figure 22: Effect of eviction policy on the coverage with dif-
ferent Tail table entry size.
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Figure 23: Trade-off between accuracy and coverage of Snake
for different throttling time intervals.

5.5 Cost Analysis

Snake utilizes two tables per SM (Head and Tail tables). The Head ta-
ble consists of five columns (two warp IDs, two base addresses, and
one PCyy), with a total of N rows (N = #warps/2). Note that two
columns (one warp ID and one base address) are added to support
greedy-like schedulers. Conversely, for non-greedy schedulers, we
use only three columns, as depicted in Figure 15. The Tail table has
10 entries. Our results show that having 10 entries in the Tail table
is enough for maintaining a balanced coverage-to-memory space
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ratio (see section 5.4). We report the area and power overheads in
Table 3 and Section 5, respectively.

Area. To estimate the area overhead, we model the proposed
tables in CACTI V7.0 [48] for 22nm technology and scale the ex-
tracted area to 12nm (i.e., the fabrication technology in NVIDIA
Volta V100 [36]). Considering the tables in all SMs, Snake imposes
less than 1% area overhead over the NVIDIA Volta V100 [36]) die
size (815 mm?).

Power. To calculate the power consumption of each component,
we synthesize the Hardware Description Language (HDL) model
of the tables in Snake for NanGate 28nm open cell library using
Synopsys Design Compiler, scaled to 12nm. We then import the
calculated numbers into AccelWattch [19] and measure the power
overhead of our proposal. We observe that Snake consumes 6.4 pJ
per access and 6 mW of static power and imposes a negligible power
overhead (less than 1%) due to the additional hardware. Note that
Snake reduces GPU energy consumption when running memory-
bound GPGPU applications by providing low-latency access.

Latency. Snake organizes the detection and prefetching steps
into a pipeline, overlapping them with the issuance of memory
requests from the warps. We implemented the prefetcher using Ver-
ilog HDL, synthesized it in the Synopsys Design Compiler [1], and
performed placement and routing in Cadence SOC Encounter [2].
Table 3 reports detailed hardware characteristics. The latency of
Snake is two cycles, as the search process involves a comparator cir-
cuit that searches 10 available PC1s in the Tail table at once, along
with two AND gates to verify the warp ID and training status.

Table 3: Snake’s tables parameters.

Table Configuration Total

Head 14 bytes per entry, 32 entries 448 bytes
Tail 32 bytes per entry, 10 entries 320 bytes

5.6 Tiling Sensitivity Analysis
To evaluate Snake in the presence of tiled/cache-fitting applications,
we implement a tiled convolution, modeled by matrix multiplication
while varying the tile size from 0% (i.e., no tiling) to 100% of the
unified memory space. Figure 24 reports performance and energy
consumption for (1) tiled implementation (Tiled) and (2) fusion of
tiling alongside Snake (Snake+Tiled), normalized to the baseline
(without tiling and prefetching). We make two key observations.
First, Tiled improves the performance and energy consumption
respectively by 5%/8%/10%/7% and 5%/7%/8%/6%, on average, for
25%/50%/75%/100% tile size, over the baseline. Snake+Tiled improves
the performance and energy consumption by 13%/15%/17%/7% and
12%/13%/14%/6%, on average, for 25%/50%/75%/100% tile size, com-
pared to the baseline. The maximum improvement is achieved
by Tiled and Snake+Tiled implementations for the tile occupying
75% of the unified cache space. It is because larger tile sizes (1)
need higher TLP which may exceed the maximum supported TLP,
(2) increase the intermediate data storage and data movements,
and (3) increase contention in the interconnection network and
queues across different levels of the memory hierarchy. Second,
Snake+Tiled improves the performance and energy consumption

Mostofi et al.

compared to Tiled by 2.6x/1.9%/1.7X and 2.4%/1.8%x/1.7X, on aver-
age, for 25%/50%/75% tile sizes, respectively. For tiles occupying
all the unified cache space, Snake+Tiled is always on throttling
mode, and hence, achieves the same improvements in terms of both
performance and energy consumption over Tiled.

In summary, executing a tile-based implementation of convolu-
tion, the greatest improvements are observed both with and without
Snake when the tile size occupies 75% of the unified cache space.
Snake’s improvements are attributed to its efficient detection and
prefetching of subsequent tiles, leading to reduced memory access
latency and fewer stalls.
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Figure 24: Effect of tiling with/without prefetching on IPC
and energy consumption.

5.7 Sensitivity Analysis on Decoupling

To explore the impact of decoupling on the behavior of L1 data
cache, we devise a variant of Snake that stores prefetched data in
a buffer distinct from the unified memory, called Isolated-Snake.
Figure 25 showcases the L1 data cache hit rate for the baseline
GPU, Snake, and Isolated-Snake. The hit rate of the L1 data cache
is 45%/79%/84% in baseline/Snake/Isolated-Snake, on average, in-
dicating Snake increases the hit rate significantly, which is within
5% margin of Isolated-Snake’s. It is because Snake prefetches data
with high accuracy and the L1 data cache uses the prefetched data,
hence, eliminating a portion of future miss requests. Thanks to
Snake’s timeliness and its decoupling mechanism effectiveness,
Snake achieves a close hit rate to Isolated-Snake.

@ Snake B Isolated-Snake

Baseline

100%

§3§%

L1 data cache hit rate

0%

Figure 25: Hit rate of L1 data cache.



Snake: A Variable-length Chain-based Prefetching for GPUs

6 RELATED WORK

Snake is the first GPU prefetcher that utilizes chains of strides. We
briefly discuss well-known CPU and GPU prefetching mechanisms
in the following.

6.1 CPU Prefetching Mechanisms

Prefetching was initially proposed for CPUs to address the memory
wall problem and improve performance. Here we briefly explain
the state-of-the-art prefetchers proposed for CPUs. Domino [6] is a
modern prefetching approach based on temporal locality. Domino
uses a novel indexing technique that saves a corresponding pointer
for each address in the history, pointing to the next recent address
instead of the current one. Bingo [7] is a spatial data prefetcher
that uses two sets of information related to different pages to find
correlations between various memory accesses. Bingo starts search-
ing from the long-term event (i.e., PC;; + Address). If there is no
corresponding entry in the table for this event, it moves to the
short-term event (i.e., PCjy + Offset).

Learning-based methods have a high ability in detecting re-
peated patterns, which allows them to identify regular or irregular
memory access patterns. These models range from light-weight
algorithms (e.g., decision tree [32]) to deep neural networks [8].
However, using light-weight networks reduces the prediction accu-
racy, while deep networks often have memory overhead, inference
delays, and high energy consumption, which make them difficult
to implement on a chip and may outweigh their potential benefits.
Hardware prefetchers designed for CPUs cannot be directly applied
to GPUs due to their inherent characteristics.

6.2 GPU Prefetching Mechanisms

Lee et al. [29] observed that future access patterns in GPUs could
be predicted using Intra-warp and Inter-warp strides and proposed
a hardware prefetcher specifically designed for GPUs, called MTA.
While Snake improves the chance of prefetching by utilizing Intra-
warp and Inter-warp strides, it also introduces inter-thread stride
to overcome the limitation of Intra-warp stride coverage and Inter-
warp stride accuracy. Utilizing a chain of strides, as opposed to
a fixed stride, in Intra-warp processing enables the identification
of additional prefetch opportunities between threads (inter-thread
stride). This approach facilitates the issuance of prefetch requests
for future PC;4, ensuring timely and accurate prefetching, which
differs from the approach involving Inter-warp stride. Koo et al. [25]
proposed a prefetcher and scheduler, called CTA-aware that con-
siders the trade-off between timeliness and accuracy of Inter-warp
stride. They found that warps within a CTA have the same stride
but across CTAs the stride changes. However, warps within a CTA
are scheduled close in time and can not hide memory access latency.
Snake could be used orthogonally to the CTA-aware prefetcher to
reduce the negative effect of the Inter-warp stride on the prefetch-
ing accuracy. However, computing the base address of a CTAs in the
CTA-aware prefetcher is time-consuming and results in lower cover-
age. Ganguly et al. [15] proposed a spatial-based locality prefetcher
using a binary tree structure. However, aggressive prefetching in
spatial-based locality prefetchers hurts the performance in GPUs
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due to limited memory resources. Although Snake can be consid-
ered an aggressive prefetcher, it accurately calculates the stride
between memory accesses to prevent prefetching useless data.

7 CONCLUSION

We proposed Snake, a stride-based prefetching that leverages chains
of strides. Snake increases the accuracy by (1) decoupling prefetch
data from L1 data cache, and (2) exploiting a throttling mechanism
to turn off Snake whenever it is necessary. Our results showed that
Snake accurately prefetch 75% of future memory accesses, improves
the average IPC and average energy consumption by 17% at the
expense of 1% L1 data cache area overhead.
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