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Abstract—Graphics Processing Units (GPUs) employ a shared memory, a software-managed cache for programmers, in each

streaming multiprocessor to accelerate data sharing among the threads in a thread block. Although 60% of the shared memory space

is underutilized, on average, there are some workloads that demand higher shared memory capacities. Therefore, improving shared

memory utilization while satisfying the needs of shared memory intensive workloads is challenging. We make a key observation that the

lifetime of each shared memory address is significantly shorter than the execution time of a thread block. In this paper, we first propose

Off-Chip Shared Memory (OSM) that allocates shared memory space in the off-chip memory, and accelerates accesses to it via a small

on-chip cache. Using an 8 KB cache for shared memory addresses, OSM provides almost the same performance as the baseline GPU

that uses 96 KB on-chip shared memory. OSM improves GPU performance in two ways. First, it allocates higher shared memory

capacities in the off-chip memory, and improves thread-level parallelism (TLP). Second, it designs a unified cache for shared memory

and global address spaces, providing more caching space for global memory address space even for the workloads with high shared

memory utilization. Our experimental results show an average 21% and 18% IPC improvement compared to the baseline and the state-

of-the-art architectures.

Index Terms—Cache memory, GPUs, lifetime, off-chip memory, shared memory

Ç

1 INTRODUCTION

GPUS employ a shared memory in each streaming multi-
processor (SM). Shared memory is a software-managed

cache (a.k.a. scratch-pad memory) that programmers usu-
ally use to accelerate data sharing across threads of a thread
block. In addition, using the shared memory rather than the
main memory helps to save significant amount of GPU
power. It is due to the fact that every access to the main
DRAM memory consumes considerable amount of
energy [11], [12], [31], [52]. On the contrary, shared memory
exacerbates the under-utilization of GPU resources due to
two main reasons [1], [10], [20], [37], [59], [61]. First, there
are many GPU workloads, e.g. graph applications [70], that
under-utilize the shared memory. Our experiments across
five benchmark suites indicate that most of the workloads
do not fully utilize the allocated shared memory space.
According to the Fig. 1, on average only 39.5% of the shared
memory space is utilized across 22 workloads. Second,

insufficient shared memory capacity can limit the number
of allocated thread blocks in each SM, and potentially
TLP [44]. This results in under-utilization of different GPU
resources, e.g. execution units, register file, and memory
bandwidth. Although enlarging shared memory capacity
can help to improve TLP, it degrades resource-utilization of
workloads that do not take advantage of a larger shared
memory.

Several attempts have been accomplished by both indus-
try and academic researches to address the aforementioned
issues [10], [20], [37], [59], [61]. NVIDIA Kepler [3] architec-
ture unifies shared memory and L1 data cache memory in
each SM. This unified memory has 64 KB capacity, and pro-
grammers can select one of the 3 possible shared memory/
L1 cache configurations: 16 KB/48 KB, 32 KB/32 KB, and
48 KB/16 KB. This solution is not optimal for the cases in
which programmers do not utilize the minimum 16 KB por-
tion of the shared memory. Some of the prior works use vir-
tualization, such as [59], [61], while some others, such
as [20], [37], propose new structures, and others exploit
time-multiplexing approaches [71]. Shoushtari et al. [59]
propose a virtualization framework which relocates the
shared memory to off-chip memory, and hence, provides an
unlimited resource illusion to all threads. Vijaykumar et al.
[61] propose a virtualization framework that provides
unlimited resource (e.g. shared memory, register, and
threads) illusion. These works can improve TLP for shared
memory intensive applications; however, a significant
amount of large on-chip storage space is still wasted for the
workloads that under-utilize the shared memory. Gebhart
et al. [20] unify L1 data cache, shared memory, and register
file. This work can increase shared memory capacity and
utilization rate at the same time. NVIDIA Volta architec-
ture [1] also provides 128 KB on-chip storage per SM unified
across shared memory, L1 data cache, and texture cache,
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that can support several shared memory/L1 cache/texture
cache configurations. The allocatable space for shared mem-
ory per SM can be in the range of 0 KB to 96 KB. As a result,
the whole 128 KB on-chip memory space can be used for L1
data and texture caches in applications that do not employ
shared memory.

The main bottleneck of both works reported in [20]
and [1] is that the shared memory space is allocated stati-
cally for each thread block, and thus, it will not be freed till
the end of the thread block execution. This shortcoming can
greatly reduce the effectiveness of these solutions if shared
memory addresses experience a short lifetime range.
Komuravelli et al. [37] propose a new on-chip memory
structure, stash, to address visibility through specialized
memory spaces in heterogeneous systems. Stash unifies the
specialized memory components (data cache and shared
memory) in a coherent address space. The unified structure
needs both hardware and software supports and treats all
memory accesses, either data cache or shared memory,
likely. Our evaluation results show that these memory
accesses have various lifetime ranges and we need to mod-
ify the cache management. However, none of the above-
mentioned works have a solution to deal with various life-
time ranges in shared memory accesses.

The lifetime range of a location is the time duration
between its first write and last read, as shown in Fig. 2. To
compare the lifetime range of shared memory addresses
with the execution time of a thread block, we measure life-
time range of shared memory addresses for each workload
and normalize it to its average thread block execution time.
We use Accel-Sim [34] for this experiment. Fig. 3 reports the
average results for 14 workloads. Note that only the work-
loads that use shared memory during their execution, are
evaluated. We make an observation that, on average, the
lifetime range of shared memory addresses is about 50�
shorter than the thread block execution time, underscoring
the fact that we do not need to keep these addresses for the
entire execution time of a thread block.

Based on our key observationwe propose Off-Chip Shared
Memory (OSM) that improves capacity and utilization of
sharedmemory at the same time. OSM allocates sharedmem-
ory address space to off-chip memory and accelerates shared
memory accesses using a small on-chip cache. Note that we
do not need a dead sharedmemory address for the rest of the
execution. However, since we cannot be 100% sure that a
shared memory address is dead, we propose to keep shared
memory addresses in the off-chip memory to be able to ser-
vice any unpredictable future accesses. The key challenge is
that the mechanism can increase bandwidth usage due to fre-
quent evictions and insertions of data items in shared mem-
ory cache. Note that the first insertion has no overhead
compared to the baseline GPU architecture, as the baseline
also consumes memory bandwidth to move data from the
global memory to the shared memory. To lessen this over-
head, OSM attempts to keep addresses in the sharedmemory
cache for their entire lifetime range, and prevent re-inserting
them. Studying access patterns of shared memory addresses
reveal that some addresses are accessed only a few number of
times during their lifetime range. As a result, such addresses
can quickly become the head of the least recently used (LRU)
queue, and are evicted before elapsing their lifetime range. To
deal with this issue, we devise a lock/unlock mechanism on
top of LRU replacement policy. In this approach, only
unlocked addresses at the head of LRU queue can be evicted.
In the next step, we propose a unified on-chip memory for
handling shared and global accesses; this unified on-chip
memory provides a larger level-1 cache with higher band-
width resulting in better performance.

Our experimental results show that with an 8 KB shared
memory cache per SM, we can achieve almost the same per-
formance as the baseline NVIDIA Volta GPU that can
employ up to 96KB [1] on-chip shared memory per SM. We
use OSM to (1) allocate larger shared memory space in the
off-chip memory which allows scheduling more thread
blocks for shared memory intensive workloads, and (2)
design a unified cache memory for both shared memory
and global memory address spaces, improving caching
space and better utilization for the workloads with low
shared memory utilization. Our experimental results show
that our proposal improves GPU performance by 21% and
18%, on average, compared to the baseline GPU and the
state-of-the-art proposal, respectively.

It should be noted that Our proposal is agnostic to
NUMA in multi-chip-module GPUs. Since in such

Fig. 1. Shared memory utilization across 22 workloads; 5 workloads out
of 22 do not utilize shared memory at all.

Fig. 2. lifetime range of a shared memory address.

Fig. 3. Average and maximum lifetime range of shared memory
addresses for the workloads that utilize shared memory.
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architectures, each GPU has its own device memory, and we
make sure to allocate shared memory addresses of each
GPU to its memory. As a result, our proposal does not gen-
erate remote traffic for reading shared memory addresses.

We make the following contributions:

� We thoroughly study shared memory and the life-
time of its addresses across several workloads. We
observe that the lifetime range of shared memory
addresses is significantly shorter than thread block
execution time.

� We propose OSM that allocates shared memory
space in the off-chip memory, and accelerates its
accesses using a small on-chip cache. We devise a
lock/unlock mechanism on top of LRU replacement
policy to prevent addresses from being evicted
before their lifetime is elapsed.

� We use OSM to improve GPU’s TLP and allocate
more caching space

to global memory address space.
� Our proposal improves GPU performance by 21%

and 18%, on average, compared to the baseline GPU
and the state-of-the-art proposal, respectively.

2 BACKGROUND

In this section, we present the needed background on the
GPU architecture and shared memory.

2.1 GPU Architecture

GPU kernels are composed of many Single-Program Multi-
ple-Data (SPMD) threads grouped by the programmer into
several Thread Blocks or Cooperative Thread Arrays
(CTAs). Each CTA is assigned to a Streaming Multiproces-
sor (SM) upon thread launch. SMs are SIMD processing
units with dedicated fast memory units. During execution,
threads assigned to each SM are divided into multiple fixed
length (e.g., 32) groups. Each group of threads is called a
warp (NVIDIA terminology) or wavefront (AMD terminol-
ogy). Threads inside a warp are executed in parallel lock-
step manner, where each thread executes the same instruc-
tion. SIMD units are time-multiplexed between different
warps. In each cycle, the GPU selects one warp to be exe-
cuted based on the GPU’s warp scheduling policy following
the SIMT model. In the SIMT model, all threads of a warp
execute the same instruction on different data, but threads

of a warp may take different control flow paths, leading to
idle SIMD lanes (called branch divergence). SMs are respon-
sible for the execution of warps. Each SM is composed of
several components, including SIMD integer/floating-point
units, load/store units, special function units, L1 data and
instruction caches, local shared memory, and a register file
that is responsible for maintaining the context of all threads
inside the SM. Fig. 4 shows the GPU architecture evaluated
in our study, modeled after the NVIDIA Volta GPU archi-
tecture. SMs are connected to L2 banks with an on-chip
interconnection network.

2.2 GPU Memory System

A thread commonly accesses local, shared, and global data
through a rich memory hierarchy shown in Fig. 4. The GPU
architecture depicted in Fig. 4 is adapted from NVIDIA
Volta architecture [1]. The local data is usually placed in a
dense register file for fast context switching. An SM (stream-
ing multiprocessor) is also associated with a software-man-
aged local memory called Shared Memory for shared data
accesses by the threads within a block. The shared mem-
ory/L1 is composed of 32 four-byte-width blocks. Each
block contains 4 KB of data. Since a unified on-chip memory
space is used for shared memory and L1-D cache, and pro-
grammer specifies the shared memory capacity, the rest of
the unified on-chip memory space is dedicated to L1 cache,
automatically. The gray and yellow parts of the unified on-
chip memory space shown in Fig. 4 is dedicated to shared
memory and L1-D cache, respectively. Since the minimum
acceptable L1 cache size is 32 KB in Volta architecture, the
shared memory capacity can be in the range of 0-96 KB.
Therefore, in some cases that we do not need shred memory
at all, we can assign the whole 128 KB on-chip cache space
to the L1 cache. Since the capacity of an L1 cache block
(depicted by red in Fig. 4) is 128B, assuming that the whole
128 KB on-chip cache space is dedicated to L1, we need
1024 entries for the tags. Global data refers to the data
shared among all threads within a grid. When a thread
requests data from off-chip main memory, the accesses pass
through a two-level cache hierarchy. The L1 caches are pri-
vate to SMs with no coherency among them. The L2 cache is
a banked cache array that is shared by all SMs and uses
write-back policy with respect to main memory. Each L2
bank communicates with L1 cache of each core through an
interconnection network. Knowing the fact that each SM

Fig. 4. GPU architecture.
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consists of 4 sub-cores, the memory input/output unit
(MIO) serves, at maximum, 64B requests from each sub-
core per clock. If the requests are distributed evenly among
the 32 blocks of L1-D cache/shared memory, the maximum
bandwidth (128B/clock) can be achieved. Note that due to
the 128B/clock bandwidth limit, the four sub-cores cannot
serve 64B requests, simultaneously. L1-D cache and shared
memory use the same 32-bank memory structure (4 KB
capacity per bank) as shown in Fig. 4; however, they have
some differences. We can access 32-bit shared memory
arrays via a thread-index directly, while for accessing L1-D
cache, we should read 128B (four 32B sectors) of the cache
block. In addition, L1 cache requires an extra hardware for
managing tags and implementing LRU replacement policy.

2.3 Shared Memory

GPU programmers use shared memory to accelerate data
sharing and synchronization across threads in a thread
block. Shared memory capacity is one of the main TLP limi-
tation factors as it can limit the number of thread blocks
allocated to each SM. Shared memory is a multi-banked
memory that can serve multiple conflict-free requests in
parallel. Thread-index of a thread inside a thread block is
used to access its corresponding shared data arrays. How-
ever, different thread blocks cannot share their data using
the shared memory. In fact, if data locality exists across
thread blocks rather than inside a thread block, it is not effi-
cient to store the data in the shared memory. To move a var-
iable from global memory to the shared memory, GPU
needs to load it to a register and then store the register value
in the shared memory. Therefore, due to the high cost of
moving data from global memory to the shared memory,
storing data with low reusability in the shared memory
would result in performance overhead instead.

Despite all the performance benefits that shared memory
provides, it has some programming burden; first, pro-
grammers should handle the shared memory accesses with
no bank conflicts. Second, programmers should not overes-
timate the shared memory capacity per thread block to pro-
vide enough TLP for the performance. The number of
thread blocks that can be assigned to an SM is determined

by the number of factors including available register per
thread, maximum number of supportable threads, maxi-
mum number of supportable CTAs and shared memory
capacity. In fact, due to the limited capacity of on-chip
shared memory, over-allocating shared memory for thread
blocks can limit the total number of thread blocks and
accordingly sacrifice the TLP.

3 OFF-CHIP SHARED MEMORY (OSM)

Fig. 3 shows that the lifetime range of shared memory
addresses are too short to keep them on-chip throughout
the execution time of a thread block. We propose OSM that
allocates shared memory address space in the off-chip
memory and accelerates its accesses using an on-chip
shared memory cache. Only threads inside one thread block
can access the off-chip shared memory space.

Fig. 5 indicates the difference between the baseline GPU
and the proposed OSM architecture. In the baseline Volta
architecture [1], we need to specify the L1 cache and shared
memory space statically before running the program. How-
ever, in the proposed architecture, we can dynamically
assign the available space to L1 cache or shared memory
according to the requirements of the running application.
For simplicity, we employ the same configuration as the L1-
D cache for implementing our shared memory cache in each
SM. Therefore, our shared memory cache has 64 ways. It
should be noted that the accesses to the shared memory and
L1 cache are still similar to the baseline architecture. The
only difference is the metadata required for implementing
OSM. In fact, for lock/unlock mechanism, we need to add
one bit to each cache block tag.

Since shared memory addresses are shared only across
threads in a thread block of an SM, we utilize a write-back
policy for the added shared memory cache. Therefore, we
only write data in the shared memory cache at the request
time. Data will be written back to the shared memory space
of off-chip memory on its eviction at some later time. If a
request misses in the shared memory cache, we need to
access the off-chip DRAM to service it. Note that in OSM,
we need to write each dirty evicted shared memory address
into the off-chip memory as we cannot guarantee that the

Fig. 5. Baseline GPU memory system vs. OSMmemory system.
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address will not be accessed in the future. The shared mem-
ory accesses which are evicted or missed in the on-chip
shared memory, simply bypass the L2 cache and directly go
to the off-chip shared memory.

To reduce the overhead of evictions and re-insertions,
OSM needs to keep each shared memory address in the
cache during its lifetime range. Evicting a shared memory
address before end of its lifetime period, or keeping it more
than its lifetime period can potentially impose performance
and energy overheads. This is due to the 2 main reasons.
First, the former can potentially cause misses in the shared
memory cache. This can increase the bandwidth usage and
the average shared memory access latency, which indeed,
imposes performance and energy overheads. Second, the
latter also reduces the effectiveness of our technique and
induces the need for larger shared memory caches. As a
result, it is necessary to track the lifetime range of each
address and consider it in the cache replacement policy.

Unfortunately, run-time measurement of lifetime ranges
is impractical due to the 2 main reasons. First, we do not
exactly know which shared memory read access is the last
read request. Second, keeping a counter per shared memory
cache block imposes a significant overhead. Therefore, we
devise to predict the lifetime ranges through studying the
write/read pattern of shared memory addresses. We count
the number of read accesses for each shared memory
address before its lifetime is elapsed for each workload.
Fig. 6 shows the distribution of read accesses during their
lifetime ranges for each workload. We observe that for some
workloads, such as LPS, NQU, and sad, more than 60% of
shared memory addresses have up to two reads during
their lifetime range. This low number of accesses can cause
quick eviction of a shared memory address, based on the
baseline replacement policy (LRU). We propose to lock a
shared memory address in the cache when it is written, in
order not to be selected for eviction, and unlock it after a
certain number of reads. We use a threshold, called #reads-
to-unlock, to decide after how many reads a shared memory
address can be unlocked. We statically set this threshold to
one. We analyze the sensitivity of our proposal to this
threshold value in Section 6.4. Those shared memory
addresses that have frequent reads during their lifetime
range, say more than 10 accesses, are likely kept in the cache
based on the LRU replacement policy. As a corner case, it is
probable that all cache blocks in a cache set are locked, and
hence, there is no room for new insertion. In this case, OSM

evicts one of these locked cache blocks based on the LRU
replacement policy. It should be noted that we do not
observe such a case in the tested workloads. We just con-
sider it as a probable case that might happen in other
applications.

4 OSM USECASES

In this section, we study how OSM can be employed to
improve GPU performance. OSM has two main advantages.
First, since OSM moves the shared memory address space
to off-chip memory, we would have an extremely larger
space in the off-chip memory for shared memory addresses
than the limited on-chip SRAM space. This can potentially
improve the thread-level parallelism (TLP), and accordingly
the performance of the workloads whose number of thread
blocks is limited by the insufficient on-chip shared memory
space. We analyze the effect of this advantage on the GPU
performance in Section 6.1. Moreover, we analyze the access
latency of the L1-D cache and shared memory cache. Table 1
reports the access latency of the L1-D cache and shared
memory cache when hit/miss happens. As Volta supports
GPU memory over-subscription, we need a TLB for the
cases where the unified memory feature is enabled. This
leads to the worst access latency of the GPU memory hierar-
chy since it is needed to access the TLB to find the location
of the requested address. Therefore, we measure the latency
of L1 cache in the worst-case scenario. Since both the L1
cache and shared memory use the same memory structure,
they have the same hit latency (28 cycles). But different sce-
narios happen in the case of miss. For L1-D cache miss, if
the data hits in L2, the miss penalty would be about 193
cycles. Otherwise, we should get the data from the main
memory after 470 cycles. Fortunately, on a shared memory
cache miss, the access will be sent directly to the main mem-
ory as we bypass L2. The miss penalty, in this case, would
be about 310 cycles. According to the obtained results, we
can conclude that the miss penalty of the shared memory
cache in OSM is less than the miss penalty of the L1 cache
when data also misses in L2.

Second, since we are using a cache memory for shared
memory addresses, we can combine the L1 data cache and
shared memory, and manage global/local memory and
shared memory addresses in different spaces of off-chip
memory, as shown in Fig. 7. Note that we do not allocate
shared memory space inside the global memory space,
rather we allocate shared memory space inside the off-chip
memory (a.k.a., device memory). The off-chip memory is
used for keeping different memory address spaces, such as
global, local, texture, etc. In OSM, we propose to keep
shared memory space in the off-chip memory as well. So,

Fig. 6. Distribution of read accesses during their lifetime range for the
workloads that utilize the shared memory during the execution.

TABLE 1
Memory Latency

Cache Type Miss penalty
(L2 hit)

Miss penalty (main
memory hit)

Hit
latency

Shared Memory
Cache

— 310 cycle 28 cycle

L1 Data Cache 193 cycle 470 cycle 28 cycle
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this does not need significant changes in the hardware and
the address mapping. Distinguishing across these address
spaces is performed based on each address range. We move
forward and improve our design by unifying the shared
memory cache and L1-D cache (called UCM, or unified
cache memory). Despite OSM that only provides 8 KB 1-set
on-chip shared memory caching space, with UCM we can
have 128 KB 16-set unified on-chip shared memory/L1
cache space. UCM outperforms OSM in case of performance
since it satisfies shared memory accesses dynamically using
a much smaller on-chip space, while it also provides larger
caching space for the global memory address space. Fig. 8
indicates the block diagram of memory access hierarchy in
OSM and UCM. Since there is a limited L2 cache space, we
bypass the L2 cache for accesses to the off-chip shared mem-
ory. Bypassing the L2 cache is already implemented in cur-
rent GPU architectures and there is no need to any
additional hardware changes. It should be noted that the
depicted lines between the blocks of the figure are just
showing the logical connection of the blocks.

To show the maximum achievable performance
improvement for workloads that both utilize shared mem-
ory and L1 cache simultaneously, we suppose 96 KB of
shared memory (like the case of baseline Volta architec-
ture [1]) and on the other hand, increase the L1 cache capac-
ity from 32 KB to 128 KB. Fig. 9 indicates the performance
results of this ideal case. It can be seen that performance
improves up to 77% (23.5%, on average) to which we should
try to approach utilizing UCM architecture.

5 METHODOLOGY

Simulation. We evaluate OSM and UCM using Accel-
Sim [34] modeling an NVIDIA Volta-like configuration [2],

[25]. Table 2 reports the main simulation parameters. NVI-
DIA Volta V100 GPU comes with two configurations: 16 GB
and 32 GB HBM memory [2]. However, we choose 32 GB
for our experiments, so that all evaluated datasets can fit
into the HBM memory. Moreover, according to the cache
configurations provided in Table 2, GPU caches have rela-
tively large associativity. This is due to the fact that (1)
GPUs can tolerate higher memory access latencies and are
less latency-sensitive [33], [42]. (2) GPU caches normally
suffer from thrashing that can be alleviated by utilizing
large associativity degrees [76]. (3) Inter-thread locality can
be captured via large associativity degrees [38], [76].We
modified Accel-Sim to support the proposed design. We
suppose the access latency of the shared memory cache is
the same as other on-chip caches in GPU. We treat off-chip
shared memory accesses exactly like the off-chip memory
accesses in GPUs. We calculate GPU energy consumption
by multiplying the execution time extracted from Accel-Sim
to GPU power consumption extracted from GPU-
Wattch [29]. GPUWattch [29] reports the consumed power
for all GPU components (i.e., different storage spaces, proc-
essing units, memory controllers, and network-on-chip).
Compared to the baseline GPU, the proposed idea affects
the power consumption of the components in the memory
system and the execution units. The power consumption of
the memory system is affected based on two main reasons.
First, UCM adds some power consumption due to multiple
insertions and evictions of shared memory addresses in the
cache. Second, UCM can reduce the power consumption of
the memory system due to improving the hit rate of the L1
data cache. Regarding the execution units, UCM usually

Fig. 7. Unified addressing map to off-chip memory (a.k.a., device
memory).

Fig. 8. Unified L1 data cache and shared memory cache.

Fig. 9. Performance improvement of an idealized GPU with 96 KB
shared memory and 128 KB L1 data cache compared to the baseline
Volta architecture for the workloads that utilize the shared memory.

TABLE 2
Configuration Parameters of Baseline Architecture

Parameter Value

Number of SM 80
Core clock 1132 MHz
Scheduler GTO
Number of schedulers per SM 4
Number of warps per SM 64
Register file size 256 KB per SM
Shared memory size up to 96 KB per SM
L1 data cache 64-way, up to 128 KB, 128B line
L1 instruction cache 16-way, 128 KB, 128B line
LLC 24-way, 6 MB, 128B line
Memory model 32 GB HBM2.0,

FR-FCFS, 850 MHZ
HBM timing tCL=12, tRP=12, tRC=40,

tRAS=28, tRCD=12, tRRD=3
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increases the power consumption since UCM reduces the
stall time by providing higher thread-level parallelism and
higher cache hit rate for global memory address space.

Benchmark. We select 22 workloads from five bench-
mark suites, including CUDA SDK [48], Rodinia [14], Par-
boil [60], Mars [75], and PolyBench [21]. Table 3 shows the
details and characterization of all the workloads used in our
evaluation. The memory footprint and shared memory
usage of each workload is included in Table 3. For measur-
ing the memory footprint, we count the number of unique
memory accesses throughout the execution of a kernel in
each SM. We will see in Section 6 that workloads like STO
and lavaMD with low and high size of memory footprints,
respectively, benefit from the improved TLP; however,

other workloads like nw and PageViewRank with a
medium sized memory footprint benefit from the increased
cache capacity. Moreover, according to the shared memory
usage statistics, we can categorize workloads in 3 groups
including: (1) shared memory is not used, (2) shared mem-
ory is used (TLP is not limited), and (3) shared memory is
used (TLP is limited).

To better show the impact of our proposal on GPU per-
formance, we group our workloads into 3 categories: (1) 5
workloads in ”Shared memory is not used” category in which
our proposal cannot be beneficial compared to the baseline
NVIDIA Volta architecture. Since in Volta, the entire 128 KB
on-chip memory space can be allocated to the L1 cache
when the shared memory is not used. (2) 12 workloads in

TABLE 3
Workloads

Workload Foot print (per SM) Category (shared memory used) Description

BFS [9] 433 KB Shared memory is not used (0) This workload performs breadth-first search on a
graph

gemm [21] 3145 KB Shared memory is not used (0) Matrix-multiply C=alpha.A.B+beta.C
kmeans [13] 6579 KB Shared memory is not used (0) A clustering algorithm used extensively in data

mining
mvt [21] 2164 KB Shared memory is not used (0) Matrix Vector Product and Transpose
streamCluster [13] 236 KB Shared memory is not used (0) A solver ro the online clustering problem
cutcp [60] 193 KB Shared memory is used TLP is

not limited (32 KB)
Computes the short-range component of
Coulombicpotential at each grid point over a 3D
gridcontaining point charges representing
anexplicit-water biomolecular model.

hotspot [13] 349 KB A Shared memory is used TLP is
not limited (32 KB)

A thermal simulation tool for estimating
processor temperature

leukocyte [13] 184 KB Shared memory is used TLP is
not limited (32 KB)

Medical Imaging

LPS [9] 1137 KB Shared memory is used TLP is
not limited (64 KB)

3D Laplace Solver

lud [13] 261 KB Shared memory is used TLP is
not limited (96 KB)

LU decomposition

MM [23] 274 KB Shared memory is used TLP is
not limited (64 KB)

A dense matrix multiplication using the standard
BLAS format.

mri-gridding [60] 1088 KB Shared memory is used TLP is
not limited (32 KB)

Computes a regular grid of data representing an
MR scan by weighted interpolation of actual
acquired data points. The regular grid can then be
converted into an image by an FFT.

nw [13] 194 KB Shared memory is used TLP is
not limited (96 KB)

A global optimization method for DNA sequence
alignment

PageViewRank [23] 537 KB Shared memory is used TLP is
not limited (64 KB)

An algorithm to count the number of views of a
web page

pathfinder [13] 220 KB Shared memory is used TLP is
not limited (16 KB)

A algorithm for finding path

sad [60] 310 KB Shared memory is used TLP is
not limited (8 KB)

Sum of absolute differences kernel, used in MPEG
video encoders

sgemm [60] 3944 KB Shared memory is used TLP is
not limited (8 KB)

Single precision floating General Matrix Multiply

heartwall [13] 93 KB Shared memory is used TLP is
limited (96 KB)

Medical Imaging

lavaMD [13] 2177 KB Shared memory is used TLP is
limited (96 KB)

N-Body - Molecular Dynamics

NQU [9] 40 KB Shared memory is used TLP is
limited (96 KB)

N-Queens Solver

STO [9] 22 KB Shared memory is used TLP is
limited (96 KB)

a library that accelerates hashing-based
primitives designed for middleware

tpacf [60] 176 KB Shared memory is used TLP is
limited (96 KB)

Is used to statistically analyze the spatial
distribution of observed astronomical bodies. The
algorithm computes a distance between all pairs
of input, and generates a histogram summary of
the observed distances.
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”Shared memory is used - TLP is not limited” category in which
we expect some performance improvement compared to the
prior work, mainly because our proposal can provide
higher caching space for the global memory address space.
(3) Five workloads in ”Shared memory is used - TLP is limited”
category in which we expect considerable performance
improvement compared to the prior work since we provide
not only more caching space for the global memory address
space, but also more thread-level parallelism due to
expanding the shared memory space in the off-chip
memory.

Comparison Points. We first evaluate the OSM proposal
by comparing the 3 designs: 1) the baseline GPU architec-
ture, 2) OSM without lock/unlock mechanism (OSM-no-
lock), and 3) OSM. We vary the size of shared memory
cache to find the optimal point at which the performance
remains unchanged. Note that all these designs have 96 KB
shared memory space per SM. We then evaluate the effec-
tiveness of the UCM proposal by comparing the 3 designs:
(1) Baseline NVIDIA Volta architecture, (2) Unified on-chip
memories proposed by Gebhart et al. [20], and (3) UCM.
Please note that Gebhart et al. [20] propose an architecture
that unifies L1 data cache, shared memory, and register file
in each SM. However, to provide a fair comparison, we
compare UCM with a version of Gebhart et al. [20] proposal
that only unifies shared memory and L1 data cache. We
could also unify UCM with the register file using a similar
mechanism proposed by Gebhart et al. [20] to provide even
more performance improvement. However, we do not
implement this mechanism in our paper since it does not
add a new contribution and it is out-of-scope of our work.

6 EVALUATION

6.1 OSM Analysis

To study the effect of OSM on GPU performance, we vary
the shared memory cache size from 1 KB to 64 KB and
report the overall IPC in each case for OSM and OSM-no-
lock designs. We then normalize the results to the BL
results, as shown in Fig. 10. We make two key observations.
First, using an 8 KB shared memory cache, OSM can pro-
vide almost the same performance as the baseline architec-
ture. Second, comparing OSM and OSM-no-lock results
clearly shows the importance of using lock/unlock mecha-
nism. Without using lock/unlock mechanism, OSM needs
4� larger shared memory cache to keep the performance
almost unchanged.

OSM may impose some energy overhead due to the
increase in the number of accesses to off-chip DRAM. We

calculate GPU energy consumption for OSM and OSM-no-
lock designs using GPU-Wattch [41]. We then normalize the
obtained results to those for BL architecture. Fig. 11 reports
the results. We make two key observations. First, although
8 KB shared memory cache size is enough to keep the per-
formance unchanged, we need at least 16 KB cache size to
mitigate the energy overhead of our proposal. Second,
lock/unlock mechanism is essential to keep the energy
overhead within a reasonable range.

We conclude that (1) OSM provides almost the same per-
formance as the baseline GPU with a reasonable energy
overhead using small cache sizes, and (2) the lock/unlock
mechanism is effective in increasing the performance and
decreasing the consumed power. In the rest of this section,
we elaborate on the opportunities of OSM to improve GPU
performance.

OSM Opportunities to Improve GPU Performance.
OSM provides two main opportunities. First, OSM can allo-
cate a larger shared memory space in the off-chip memory
compared to the baseline GPU architecture that uses a lim-
ited on-chip SRAM space. This can potentially improve
TLP, and consequently the performance of workloads that
suffer from insufficient shared memory space. Second, as
we are using a cache memory for shared memory addresses,
we can combine the L1 data cache and shared memory, and
manage both global/local memory and shared memory
addresses in the same cache. OSM can provide an L1 cache
with higher capacity/bandwidth not only for workloads
that do not use shared memory at all, but also for workloads
that highly utilize it (e.g. heartwall, NQU, STO, and tpacf).
This is due to the fact that OSM can provide almost the
same performance as the baseline architecture, using a
much smaller on-chip memory space, i.e., 8 KB SRAMmem-
ory, that gives the opportunity to allocate the extra 88 KB
space for global/local addresses. In this paper, we analyze
the effect of the first opportunity of OSM. To this end, we
increase the shared memory capacity by 2� (i.e., 192 KB
shared memory space per SM in the off-chip memory) as it
is the maximum required capacity for our evaluated work-
loads. Supposing 192 KB shared memory space per SM, we
can ensure that the TLP would not be limited due to the
insufficient shared memory space for any of the evaluated
workloads. However, by moving the shared memory off-
chip (provided by OSM), actually there is almost no limita-
tion for the shared memory capacity. Fig. 12 reports GPU
performance using larger shared memory sizes. We make
an observation that OSM can greatly improve GPU perfor-
mance (up to 30.4%) for the workloads that their thread-
level parallelism is limited by the shared memory size of

Fig. 10. GPU performance using OSM and OSM-no-lock. Fig. 11. Energy consumption using OSM and OSM-no-lock.
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the baseline architecture (i.e., 96 KB). 17 workloads in our
experiment do not see performance improvement using this
mechanism as they either do not use shared memory during
the execution (such as BFS, mvt) or the baseline 96 KB
shared memory capacity is enough for them (such as cutcp,
hotspot).

These results ensure the effectiveness of OSM in (1)
increasing logical shared memory space, realized in the off-
chip memory, to remove the TLP limitation, (2) caching
shared memory space on-chip to hide the long off-chip
memory access latency, and (3) devising a lock/unlock
mechanism to address lifetime issue.

After proving the potency of OSM, we try to prove the
effectiveness of UCM and compare it with state-of-the-art
industrial and academic solutions. We present the results of
3 different mechanisms: (1) Baseline NVIDIA Volta architec-
ture, (2) Unified on-chip memories proposed by Gebhart
et al. [20], and (3) our unified architecture. §6.2 shows the
overall effect of UCM on GPU performance. §6.3 evaluates
the GPU energy consumption.

6.2 Overall Effect on GPU Performance

We compare our architecture with Volta and the architec-
ture proposed in [20]. Fig. 13 shows the performance results
of the 3 architectures normalized to the results of the base-
line Volta architecture. The figure shows the results of each
category separately, and the geometric mean of each cate-
gory and all the 22 workloads. Across all 22 workloads, we
observe that UCM architecture provides 21% and 18% per-
formance improvement over NVIDIA Volta [1] and [20]
architectures, on average, respectively. For the workloads

that do not use shared memory (Category 1), all three
designs provide similar performance results. This is because
the entire 128 KB caching space is allocated to L1 data cache
for this category. For workloads that use shared memory
but their TLP is not limited by the shared memory capacity
(Category 2), UCM significantly outperforms the baseline
Volta [1] and [20] architectures by about 27%, on average,
since UCM satisfies shared memory accesses using a much
smaller on-chip space and provides larger caching space for
the global memory address space. Note that in this category,
both Volta [1] and [20] architectures work almost the same
since they allocate shared memory space statically based on
the programmers’ request. For workloads that use shared
memory and their TLP is limited by the shared memory
capacity (Category 3), UCM outperforms the Volta [1]
and [20] architecture by 31% and 17%, on average, respec-
tively. We provide higher improvement for this category
compared to the baseline since we improve the thread-level
parallelism and provide a higher caching space for the
global memory address space. However, in this category,
Gebhart et al. [20] proposal outperforms the baseline archi-
tecture since it can allocate more shared memory space
using the entire 128 KB on-chip memory space, while the
baseline Volta architecture [1] allocates up to 96 KB on-chip
space to the shared memory.

6.3 Overall Effect on GPU Energy Consumption

We use GPU-Wattch [41] to measure the power-consump-
tion of the proposed architecture and compare it with the
NVIDIA Volta baseline [1] and the architecture proposed
in [20]. Fig. 14 reports the average energy consumption by
the aforementioned mechanisms normalized to the baseline
architecture results. The figure reports the geometric mean
of energy consumption for each category and all the 22
workloads. We observe that UCM decreases the average
energy consumption compared to the NVIDIA Volta
and [20] by 15% and 12%, respectively. For the workloads
which do not utilize shared memory at all (Category 1), all
of the 3 designs provide almost the same results. However,
for Categories 2 and 3, our proposal is effective in improv-
ing the energy efficiency since it provides better perfor-
mance and reduces the amount of off-chip transactions (we
analyze the off-chip transaction in Section 6.6.).

Fig. 12. GPU IPC of 2� larger shared memory using OSM.

Fig. 13. GPU overall IPC results normalized to the baseline Volta architecture [1].
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6.4 Analysis of Reads-to-Unlock Threshold

Based on our observations, a considerable number of shared
memory addresses are read only once after they are inserted
in the shared memory space. However, it may take some
time for these addresses to experience their first access,
mainly due to the fact that GPU SM concurrently executes
several thread blocks together. In order to prevent early
eviction, we devise to lock shared memory addresses in the
cache once they are inserted, and unlock them only after
their first read accesses happen. We do not lock these
addresses for future reads, since LRU replacement policy
can effectively keep the addresses with higher number of
reads in the cache. Note that we devise a lock/unlock mech-
anism to (1) mitigate the overhead of moving shared mem-
ory addresses from the off-chip memory to the on-chip
caching space, and (2) avoid keeping shared memory
addresses with low usages in the on-chip space. To elabo-
rate more upon our mechanism, we analyse the sensitivity
of our proposal to the reads-to-unlock threshold. Fig. 15
indicates the performance result of the proposed method
when scaling the reads-to-unlock threshold. We also com-
pare our results with an ideal case which maintains each
shared memory address in the cache for its liveness range.
We choose workloads that utilize shared memory for this
experiment. It can be seen that the larger threshold values
are not effective since those addresses with only one read
access never reach the threshold value. We also observe that
our proposal results are within the margin of 5% of the ideal

case’s results. In fact, since we do not see significant differ-
ence between our results and the results of the ideal case, it
is not worthy to utilize a more complex technique that
dynamically changes the threshold values of each address.

6.5 Accuracy of Shared Memory Cache
Eviction Policy

We calculate the accuracy bymeasuring the time each shared
memory address resides in the shared memory cache before
its eviction, and divide it by the actual liveness of the
address. A number below “1” shows that the corresponding
sharedmemory address has been evicted earlier than its life-
time, indicating the fact that we probably need to move this
address to the shared memory cache again. On the other
hand, a number larger than “1” shows that the correspond-
ing address has been evicted after spending its lifetime,
showing the fact that it might waste the shared memory
cache space for some time. Fig. 16 illustrates the normalized
number of cycles that an address resides in the shared mem-
ory cache with and without employing the lock/unlock
mechanism. It can be seen that without employing the lock/
unlock mechanism, addresses of shared memory are evicted
too early which can cause performance and energy over-
heads since they need to be returned to the cache again. This
is while with the lock/unlockmechanism, each sharedmem-
ory address is evicted a bit late (with about 12% overhead)
from the unified cache. This is due to the fact that after

Fig. 14. Energy consumption comparison.

Fig. 15. Impact of read to unlock threshold on performance
improvement.

Fig. 16. Effect of lock/unlock mechanism on keeping shared memory
addresses in the cache during their lifetime range.
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unlocking an address it cannot be evicted unless the LRU
policy chooses it as a victim block.

6.6 Sensitivity on GPU Bandwidth

In this section, we analyze the sensitivity of the proposed
architecture to the memory bandwidth. It should be noted
that we perform this experiment for workloads that utilize
the shared memory. Fig. 17 compares the effectiveness of
our proposal for various amounts of memory bandwidth.
We make 3 key observation. First, the effectiveness of our
proposal is reduced by using 0.5� memory bandwidth,
however, it still can satisfy shared memory accesses using a
16 KB shared memory cache. Second, increasing overall
memory bandwidth can moderately improve the efficiency
of the proposed method. This is mainly due to the fact that
the overhead of accessing off-chip shared memory space
becomes more negligible when we have higher memory
bandwidth. As recent GPUs provide higher memory band-
width, thanks to the 3D-stacked memories, we believe that
our proposal can be more effective in the future. Third,
using higher memory bandwidth, we can have similar
results as the lower memory bandwidth using smaller cache
sizes.

Moreover, to study the overhead of data movement of
shared memory addresses, we measure the number of off-
chip memory transactions for both global memory and
shared memory address spaces. Fig. 18 indicates the
obtained results for off-chip memory transactions. We
observe that although we move shared memory address
space to the off-chip memory, we reduce the number of off-
chip memory transactions compared to the baseline GPU
architecture. This is mainly due to the fact that our proposal
significantly reduces the global memory transactions for
workloads that do not fully utilize the shared memory. This
is while for some workloads that highly utilize shared mem-
ory, our method imposes extra negligible data movements
due to the multiple insertions and evictions of shared mem-
ory addresses in the cache.

7 RELATED WORK

To the best of our knowledge, this paper is the first that (1)
studies the access pattern of the shared memory and alive-
ness of addresses, and (2) proposes to move shared memory
address space to off-chip memory and hide the access
latency using a small cache, and then unifying the shared
memory and L1 data cache to gain more performance while
consuming less energy. We have extensively compared our
proposal to other similar attempts employed in industry
and proposed in academic studies [20]. In this section, we
explain other pieces of related work in improving on-chip

memory utilization, cache performance, and thread-level
parallelism.

On-Chip Memory Utilization. Jing et al. [27] propose
cache-emulated register file that utilizes the unused spaces
in register file for caching, and improves utilization of the
register file. Our proposal is orthogonal to this work as we
are focusing on improving utilization of the shared mem-
ory. Xie et al. [65], [66] attempt to improve utilization of the
shared memory by doing register spilling inside the shared
memory. This can significantly reduce the performance and
energy overheads of register spilling. Our proposal can be
employed with these works as we do not eliminate shared
memory address space, and the shared addresses are likely
kept in the cache during their lifetime range. Multi-kernel
execution [7], [16], [22], [26], [58], [63], [64], [69] is another
approach to improve utilization of GPU resources, in which,
kernels are run with different resource demands together
with the goal of utilizing all sorts of GPU resources.
Stash [37] proposes a new memory organization that com-
bines the characteristics of caches and scratchpad memories.
This work solves the under-utilization problem of on-chip
shared memories, but its mechanism requires significant
changes to the current microarchitecture of GPGPUs.

Cache Performance. Several works focus on improving
L1/L2 cache performance, some try to reduce the pressure
on the caches through using throttling [30], [38], [50], [51],
[62], [65], bypassing techniques [6], [15], [40], [43], [67], [68],
cache latency improvement by prefetching [17], [18], [28],
[39], [49], better networking [45], [56] and improving data
sharing [32], [46], [47]. Warp throttling is a cache optimiza-
tion technique that prevents cache contention through
decreasing the number of CTAs. In fact, with fewer number
of CTAs, we can allocate a larger space to L1 cache since we
reduce shared memory demand by limiting the number of
CTAs. As our proposed technique enables enlarging the
caching space without limiting the TLP, we can include
throttling technique orthogonally in the proposed scheme
to further improve the performance. Cache bypassing tech-
nique is another cache optimization technique that opti-
mizes cache performance by determining the ideal number
of threads for cache-sensitive applications. With bypassing
techniques, we can decrease cache congestion through
bypassing the cache for the warps whose index are beyond
a threshold value. Since this technique is also orthogonal to
our proposed scheme, we believe combining cache bypass-
ing with our proposal would improve memory system
throughput for cache-sensitive applications. Some other
techniques attempt to increase effective cache capacity
using compression techniques. There are some works that

Fig. 17. Off-chip memory bandwidth sensitivity analysis.

Fig. 18. Off chip transaction of workloads that utilize shared memory.
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attempt to improve cache hit rate by increasing its capacity.
These works use various dense and low-power emerging
memory technologies, such as STT-RAM and Domain Wall
Memory, instead of SRAM to increase capacity with low
area and power overheads [19], [57], [73]. Our proposal
increases the cache capacity by better utilizing the on-chip
memories inside each SM. Some works observe that many
memory accesses are shared across threads running on the
same SM or different SMs. These works use this observation
to mitigate the overhead of L1 data cache miss by servicing
the miss request through accessing the L1 data cache of
another SM currently hosting this memory address.

Thread-Level Parallelism. Several pieces of prior work
attempt to improve GPU resource utilization by improving
thread-level parallelism (a.k.a. occupancy). Vijaykumar
et al. [61] proposes Zorua, a framework for virtualizing
GPU resources. Zorua can be employed for over-subscrib-
ing GPU resources in order to improve thread-level parallel-
ism and prevent from performance cliffs. Several works
attempt to improve register file scalability, as the register
file capacity is the main limitation factor of thread-level par-
allelism [4], [5], [24], [35], [36], [53], [54], [55]. Zhao et al.
[74] consider different types of SMs to increase thread-level
parallelism in the way to increase on-chip resource utiliza-
tion, and hence, improve performance. Bailey et al. [8] pro-
pose a hierarchical register file which increases thread-level
parallelism in the way of utilizing L1 cache and scratchpad
memory. Yu et al. [72] improve thread-level parallelism by
using shared memory as register file. This work keeps some
of the registers in the shared memory and employs caching
to compensate the gap between the bandwidth of the shared
memory and register file. We improve thread-level parallel-
ism for the workloads that call for more shared memory
space by moving the shared memory address space to the
off-chip memory. [61] propose a virtualization framework
that provides unlimited resource (e.g. shared memory, reg-
ister, and threads) illusion. These works can improve TLP
for shared memory intensive applications; however, a sig-
nificantly large on-chip storage space is still wasted for the
workloads that under-utilize shared memory. Yang et al.
[71] combines two thread-blocks in one and utilizes time-
multiplexed shared memory to host more thread-blocks.
They propose three software approaches and one hardware
approach to support the idea. Although this work increases
utilization by combining thread-blocks and time-multiplex-
ing approaches, it still suffers from lifetime mismanage-
ment. Zorua [61] virtualizes resources that limit the TLP
with a software/hardware mechanism. Although this work
solves under-utilization problem of the shared memory by
providing fine-grain allocation of this memory, it makes the
coherence design more complex. Also, determining the
threshold for over-subscription of resources can lead to
uncertainties. Furthermore, this method suggests major
changes to the current microarchitecture of GPUs. [71] pro-
poses a software/hardware mechanism to multiplex a SPM
among combined multiple CTAs. Although this method
suggests higher TLP, it makes the programmer’s work more
arduous. Also, it cannot solve the under-utilization problem
of the shared memory completely, because it allows only
discrete amounts of shared memory allocation. Addition-
ally, when there are not available resources, other CTAs

stall until resources are available, which results in signifi-
cant performance degradation.

8 CONCLUSION

This paper studied the utilization of shared memory and
lifetime of shared memory addresses in GPUs. We observed
that shared memory is not well-utilized for many GPU
applications and the lifetime of shared memory addresses is
much shorter than the thread block execution time. We pro-
posed to keep shared memory address space in off-chip
memory and accelerate shared memory accesses via a small
fast on-chip cache. Our experimental results showed that an
8 KB on-chip shared memory cache provides almost the
same performance as the baseline GPU architecture that
uses 96 KB dedicated on-chip memory. In addition to
improving on-chip resource utilization, our proposal pro-
vided two main advantages. First, as off-chip memory space
is significantly larger than on-chip memory space, our pro-
posal improves the thread-level parallelism for the work-
loads for which shared memory was a limitation factor of
thread-level parallelism. Second, we proposed merging L1
data cache and shared memory aiming at increasing the on-
chip cache memory capacity and bandwidth and generally
increasing utilization of on-chip resources. We evaluated
our proposal using several workloads from different bench-
mark suites and showed an average 21% and 18% perfor-
mance improvement compared to the baseline and state-of-
the-art proposal, respectively.
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