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Abstract—This paper presents a novel energy-efficient cache
design for massively parallel, throughput-oriented architectures
like GPUs. Unlike L1 data cache on modern GPUs, L2 cache
shared by all the streaming multiprocessors is not the primary
performance bottleneck but it does consume a large amount of
chip energy. We observe that L2 cache is significantly under-
utilized by spending 95.6% of the time storing useless data. If
such ‘“dead time” on L2 is identified and reduced, L2’s energy
efficiency can be drastically improved. Fortunately, we discover
that the SIMT programming model of GPUs provides a unique
feature among threads: instruction-level data locality similarity,
which can be used to accurately predict the data re-reference
counts at L2 cache block level. We propose a simple design
that leverages this Locality Similarity to build an energy-efficient
GPU L2 Cache, named LoSCache. Specifically, LoSCache uses
the data locality information from a small group of CTAs to
dynamically predict the L2-level data re-reference counts of
the remaining CTAs. After that, specific L2 cache lines can be
powered off if they are predicted to be “dead” after certain
accesses. Experimental results on a wide range of applications
demonstrate that our proposed design can significantly reduce
the L2 cache energy by an average of 64% with only 0.5%
performance loss.

Index Terms—GPU, cache, energy-efficiency, locality similarity

I. INTRODUCTION

With the high computational throughput, modern GPUs
are extensively applied for accelerating high performance
computing (HPC) applications. On-chip caches are adopted to
enhance data locality of GPU applications. However, recent
studies [1]-[4] have suggested that the cache hierarchy is not
efficiently utilized in current GPUs. These works primarily
focus on addressing the inefficiency of L1 cache due to
its performance-criticality. In contrast, with a much larger
capacity and lower placement in the memory hierarchy, the
GPU L2 cache is largely ignored in the previous works since
it is not a primary performance bottleneck. However, as a
large on-chip SRAM structure [5], inefficient utilization of
L2 cache can significantly increase the overall GPU energy
consumption.

To better understand L2 cache efficiency, we first analyze
its utilization. Figure 1 illustrates the dead-time percentage
of L2 cache lines across different applications (Section III).
We refer to the time duration during which a cache line
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Fig. 1. L2 cache line dead time on baseline architecture.

stores useless data as ‘“dead time”. The percentage value
is calculated as Total_Dead_Time/(FExecution_Time x
Num_Cache_Lines). The figure clearly shows that on av-
erage GPU L2 cache lines spend 95.6% of the execution time
being dead. Among all the benchmarks, only MM has relatively
lower (i.e., < 60%) cache line dead-time. This indicates that
the current GPU L2 cache is poorly utilized and consumes a
significant portion of energy in storing data that will not be
re-referenced again in the future.

To reduce the unnecessary energy waste caused by L2
underutilization, we need to identify and significantly reduce
these dead-time periods. In this paper, we make a key obser-
vation: data locality in GPU applications has instruction-level
similarity among threads due to the unique feature of the SIMT
(Single Instruction, Multiple Thread) programming model.
This finding can be used to accurately predict the data re-
reference counts at L2 cache line level. With this information,
L2 cache lines can be powered off during the “dead-time”
periods. Based on this idea, we propose to leverage the
Locality Similarity to build an energy-efticient GPU L2 Cache
(LoSCache) to reduce the unnecessary energy waste in L2
caused by its utilization inefficiency. Based on the locality
similarity, it uses the information from a small group of CTAs
to accurately predict the L2-level data re-reference counts of
the remaining CTAs. Such locality prediction is conducted at
data level instead of cache line level. After this, LoSCache
powers off the cache lines that are predicted to be dead
after certain accesses to conserve energy. Experimental results
demontrate that LoSCache can reduce the L2 cache energy by
an average of 64% with only 0.5% performance degradation
due to its high prediction accuracy.

1184



GPU On-Chip Area ~“Istreaming Multiprocessor (SM)
M M M Fetch & Decode
Scheduler
¢ ¢ ¢ ‘\ Register File
‘ Interconnection Network |
i ¢ ¢ h ALUs SFUs LD/STs
L2 L2 L2 \
\
Caihe Caihe Cafhe ‘\ ‘ L1 Data Cache ‘ ‘ Shared Memory ‘
v v v \
\ ‘ L1 Texture Cache ‘ ‘Ll Constant Cache‘
DRAM DRAM DRAM

Fig. 2. Baseline GPU architecture.

II. BACKGROUND: GPU ARCHITECTURE

Figure 2 shows the architecture of a modern GPU'. The
GPU on-chip area is composed of a number of in-order stream-
ing multiprocessors (SM), multiple distributed L2 cache banks
in different memory partitions [1], [2], [7], and interconnection
network (ICNT) that handles the communication among SMs
and memory partitions. The right part of the figure shows a
zoom-in view of an SM. It is composed of a scalar front-end
that fetches and decodes the same instruction of a group of
threads, and an SIMD back-end that executes the threads with
different operands.

GPU uses a single-instruction multiple-thread (SIMT) pro-
gramming model, which means threads within the same pro-
gram kernel execute the same instruction with different thread
operands. A kernel is composed of a grid of threads; a grid
is divided into a set of Cooperative Thread Arrays (CTAs), or
thread blocks. Each CTA is composed of hundreds of threads.
Threads are distributed to SMs at the granularity of CTAs,
and threads within a single CTA communicate via the shared
memory and synchronize at a barrier if desired. The number
of CTAs that execute concurrently in the same SM depends
on their per-CTA resource requirements. Usually, not all the
CTAs from a program kernel can be allocated to the SMs
in a single round. Thus the remaining CTAs wait until their
previous CTAs in the SMs finish and release their resources.
In the SM pipeline, a number of threads from the same CTA
are grouped together, called a warp. Threads within the same
warp execute in SIMD mode and the warp scheduler selects
the ready warps for execution.

The caches in GPU are organized hierarchically, composed
of SM-private L1 caches and a shared L2 cache. The L1 caches
are only accessed by threads from the same SM, while the L2
cache is accessed by all the threads of the kernel. The L1 data
cache is typically write-evict and write no-allocate [2], [7],
while the L2 cache is write-back with write-allocate [2], [7].
To simplify the design, GPU caches are non-inclusive non-
exclusive without hardware coherence [2], [7].

III. INSTRUCTION-LEVEL DATA LOCALITY SIMILARITY

Since GPU uses a SIMT programming model, all the
threads within the same kernel execute the same program

!n this paper, we focus on the NVIDIA CUDA [6] terminology to describe
the GPU architecture and the programming model. Note that our work is
independent of the terminology itself.
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1 _ global__ void Pathcalc_Portfolio_KernelGPU2(float *d_v)
2 |

3 constint tid = blockDim.x * blockldx.x + threadldx.x;

4 const int threadN = blockDim.x * gridDim.x;

5 int i, path;

6 float L[NN]J, z[NN];

7 for(path = tid; path < NPATH; path += threadN){

8

9 d_v[path] = portfolio(L);

Fig. 3. Code example of LIB with intra-CTA locality.

1 _ global__ void matrixMul( float* C, float* A, float* B, int wA, int wB)
2

3 int bx = blockldx.x;

4 int by = blockldx.y;

5 int tx = threadldx.x;

6 int ty = threadldx.y;

7

8

int aBegin = wA * BLOCK_SIZE * by;
9 int bBegin = BLOCK_SIZE * bx;

11 for (int a = aBegin, b = bBegin; a <= aEnd; a += aStep, b += bStep) {

13 AS(ty, tx) = Ala + WA * ty + tx];

14 BS(ty, tx) = B[b + wB * ty + tx];
15

16}

17

18 }

Fig. 4. Code example of MM with inter-CTA locality.

code with different operands. Thus, when instructions with
the same program counter (PC) are executed by different
threads, they tend to exhibit similar behaviors. As a result, the
data access requests generated by the same-PC instructions
from different threads tend to have similar locality behavior
as well. We explain the reason by analyzing the memory
access instructions from two representative benchmarks, LIB
and MM. By analyzing the data accesses, we observe that all
accesses for LIB are intra-CTA locality, while more than 99%
of the accesses for MM are inter-CTA locality. Figure 3 and 4
further illustrate two examples of data accesses from these two
applications. For LIB shown in Figure 3, every thread loads
data from the global memory to its own shared memory space
(line 9) based on the CTA ID and thread ID (line 3). Since
the CTA ID and thread ID are both one dimensional in LIB,
the data accesses have intra-CTA locality. Thus, even though
different data is accessed by different threads when executing
the same-PC instructions in this code, the data tends to show
similar locality behavior.

Figure 4 shows the code example from MM. In this case,
every thread loads the data from the global memory (i.e., A and
B) to their own shared memory space (i.e., AS and BS) (line 13
and 14) only based on the thread ID and one dimension of the
block id (i.e., blockldx.x or blockldx.y) (line 8 and 9). When
executing the same instruction, threads from different CTAs
access the same data from the global memory as long as their
thread IDs and one dimension of their CTA ids are the same,
resulting in inter-CTA locality. In addition, re-reference count
in L2 for shared data is related to the number of CTAs that
have the same dimension value. “Related” but not “equal” is
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Fig. 5. Architecture extensions and implementation of LoSCache. - - - -
locates the minor hardware extensions.

because there are cases where CTAs with the same dimension
value locate on the same SM, which does not belong to inter-
CTA locality.

As shown in these examples, data locality in GPU appli-
cations has unique instruction-level similarity among different
threads. We will leverage this opportunity to predict the data
re-reference count next.

IV. DESIGN METHODOLOGY FOR LOSCACHE

In this section, we propose a mechanism that leverages the
instruction-level data-locality similarity among SIMT threads
to build an energy-efficient GPU L2 cache. First, We describe
the prediction process for data re-reference counts. We then
demonstrate how to leverage this prediction to design an
energy-efficient GPU L2 cache, named LoSCache. Finally, we
analyze the overhead of LoSCache. The goal of LoSCache is
to gain the maximum energy savings from the “dead time” of
L2 cache lines.

A. LoSCache: Structure

In order to implement LoSCache, we add minor hardware
extensions to the LD/ST unit and L2 cache of the baseline
GPU architecture, shown as the red-highlighted components
in Figure 5. We discuss the structures of these two hardware
extensions as follows.

Prediction Table: Shown in Figure 5, a prediction table is
placed in the LD/ST unit, which is aimed to predict the re-
reference counts of data at L2 cache line level based on the
instruction-level data-locality similarity discussed previously.
Some control logic are also added together with the prediction
table. Each entry in the prediction table contains the locality
prediction information about L2 cache accesses from instruc-
tions with an unique PC. Figure 5(a) shows the details of a
prediction table entry, including the block address of the L2
cache line, the PC of the instructions that access this L2 cache
line, and the predicted access count to this cache line. The PC
and the access count are used to indicate the predicted locality
while the block address is used to locate the corresponding L2
cache line at the end of the prediction phase (Section IV-B).

L2 Cache Extension: In order to assist the locality detec-
tion, we also extend the tag store of the L2 cache, shown in
Figure 5. Each cache line is extended with an access count
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field to indicate the actual access count of the current data in
this cache line. When the current data is evicted, the access
count field is reset to 0. This field is used to update the locality
information of the prediction table at the end of the prediction
phase, and find the dead time of the corresponding cache line
for energy savings during the normal execution. For power
gating, a sleep transistor is added to each cache line to control
the power supply, and switching between on and off mode.

B. LoSCache: Operation

The three major operation phases of LoSCache design are
as follows:

Predictor Selection. During the program execution, differ-
ent threads tend to execute in a similar pace on GPU due
to the SIMT model and hardware scheduling. In addition,
the access interval to the same memory address is usually
long because of the massive thread interleaving. Thus it is
very difficult to predict the data locality of each memory
request under the current scheduling policies (e.g., Greedy-
Then-Oldest [1]). Our basic idea to address this issue is to
select some “predictors” and execute them faster in order
to make runtime decisions for the others. A simple way to
implement this on GPU is to detect the locality information
of all memory accesses in a single thread, and use it to predict
the locality for all the other threads within the same kernel.
However, an accurate prediction will not be reached until the
predicting thread completes a large amount of the memory
access instructions. Also, the faster execution of this thread
will be impeded by the CTA-level barriers. Additionally, the
locality information of a single thread may be biased. In this
work, we propose an efficient mechanism to cut down the
drawbacks from single thread prediction. We randomly select
one CTA from each SM as the predictor. This is because the
characteristics of certain CTAs may be dramatically different
from the others in the same application. For example, in one
kernel of BFS, certain threads from a CTA are assigned with
more workloads than the others, resulting in the imbalance of
memory accesses among threads. Using the requests from one
specific CTA to predict the other CTAs will be inaccurate. Our
random predictor selection reduces the possibility of selecting
monotonic CTAs as the predictors. Choosing multiple CTAs
across SMs as predictors further reduces prediction bias as
well.

Prediction Phase. After the predictors are selected, the
program goes through the prediction phase. During this phase,
threads within the predictors have higher execution priority.
Meanwhile, threads from the other CTAs execute in a lower
priority; their ready threads will not execute until none of
the threads in the predictors are ready (e.g., stalls due to
data dependencies). In this way, the predictors can generate
the locality information in advance for prediction. Figure 5(a)
shows the prediction phase. When memory access instructions
from the predictor CTAs are issued, their PCs and the L2
cache block addresses are inserted into the prediction table in
parallel with the memory access request generation (1). The
prediction table of each SM only stores entries with unique
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PCs. So before a PC is inserted, it will be first compared with
the PCs of the existing entries in the same table. If there is a
match, this PC will not be inserted. Meanwhile, the memory
access requests are generated in LD/ST units and sent to the
L2 cache. The corresponding access count of the L2 cache line
is increased by one from both the predictor CTAs (2) and the
other normal CTAs (3). At the end of the prediction phase, the
access count information of each entry in the prediction table
is updated: using the block address of each entry to locate
the corresponding L2 cache line (4), and then updating the
access count of the prediction table using the access count of
the corresponding L2 cache line (5).

Normal Execution. Once the prediction phase is completed,
the information in the prediction table becomes available for
future use. We refer to this phase as the normal execution
phase, shown in Figure 5(b). During this phase, all the memory
request instructions check the prediction table using their
instruction PCs to obtain the predicted access count of the
corresponding L2 cache line (6). This is in parallel with the
address calculation in the LD/ST unit. When accessing to the
targeted data, the predicted access count is then compared with
the current access count of the L2 cache line (7). If the current
access count is smaller than the prediction, the current access
count is increased by one. Otherwise, it means the access is
the last one according to the prediction. The corresponding
L2 cache line is then powered off after this access in order to
save energy. If the predicted access count is one, the accessed
data will not be stored in the L2 cache since by prediction it
will not be referenced in L2. Note that all the L2 cache lines
are powered off at the beginning of the program and woke
up when first accessed. This is because some applications are
observed to only use a small percentage of L2 cache lines
during the entire execution.

C. Optimizations

Setting Prediction Period. The prediction period is critical
to the accuracy and effectiveness of the prediction. The most
naive way is to terminate the prediction period when all the
predictor CTAs finish their execution. However, for applica-
tions that have a large amount of L2 accesses, this greatly
reduces the effectiveness of the prediction since a decent
prediction could very likely be available earlier than that time,
limiting the energy-saving potential. Thus we also consider
L2 cache access intensity when determining prediction period.
Based on the experiments, we set 100 L2 cache accesses as
the threshold. So the prediction period is finished after 100
L2 cache accesses or all the predictor CTAs are completed,
whichever comes first.

Increasing Prediction Accuracy. If the predicted re-
reference count is smaller than the actual re-reference count,
the cache line is powered off earlier (i.e., early gating).
This case will increase the cache miss rate and hurt the
performance. We apply an adaptive mechanism against this
scenario. After a cache line is power-gated, the tag still stores
the information before the next data fills in. If the same data
hits the tag of this cache line, it indicates that the actual
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re-reference count of the data is larger than the predicted.
We then add a threshold for the future prediction of the
accesses from this PC. In this case, the re-reference count
for the future memory accesses is equal to the predicted
value plus the threshold. Every inaccurate prediction will
increase the threshold by one. Based on our experiments, a
maximum threshold of three covers almost all the applications
we studied. Therefore, we set its upper bound to be three.

D. Overhead Analysis

Area Overhead. The prediction table size is related to the
number of unique PCs for the L2 cache accesses during the
prediction phase. Our experiment indicates the largest number
of unique PCs is 21 among all benchmarks (in NW), which is
used as the number of entries. For each entry, we set 25 bits
for the L2 block address, 32 bits for the PC field, and 6 bits for
the predicted access count (i.e., the highest L2 access count
among all applications is 32). Therefore, we estimate the size
of the prediction table as 21*(25+32+6)=165 Bytes per LD/ST
unit. We set the access count in the L2 cache line to 6 bits,
same as that in the prediction table. Thus the storage overhead
is 6 bits per L2 cache line. We use CACTI 6.5 [8] to calculate
the area overhead of the added storage structures under 40nm
technology. For the control and gating logic, we apply a similar
method used in [9], [10] to aggressively estimate their area
overhead as three times of the added storage structures. We
estimated the total area overhead of the design is 0.449mm?,
only 0.084% of the entire GPU chip area.

Latency Overhead. We assume accessing the prediction
table takes 1 additional cycle. However, this latency can be
well hidden since it occurs in parallel with memory address
generation in the LD/ST units. Additionally, there are also
wake-up periods for the power-gated cache lines. Similarly,
the wake-up process does not negatively affect the overall
performance since it occurs in parallel with the data access to
the lower level memory hierarchy. In other words, the cache-
line reservation periods require to fetch new data from the
memory during cache misses anyway.

V. EXPERIMENTAL METHODOLOGY

Simulation Environment: Our proposed LoSCache is eval-
uated using GPGPU-Sim V3.2.2 [11], a widely-adopted cycle-
accurate simulator for GPU architecture research. The con-
figuration parameters of the baseline GPU architecture are
set as follows: there are 15 SMs with 32 SIMD width and
1.4GHz, the warp scheduling policy is Greedy then oldest,
each SM contains 16KB L1 cache with 128B line and 4-way
associativity; the unified L2 cache is 768KB with 128B line
and 16-way associativity, the L2 cache is partitioned into 6
banks with 128KB per bank; the DRAM includes 6 channels,
each channel contains a 16-entry queue and the scheduling
policy is out-of-order first ready first come first serve. We
use a modified GPUWattch [5] to evaluate the dynamic and
leakage energy consumption of LoSCache. We also include
the energy consumption of accessing our hardware extensions
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in our evaluation (i.e., accessing the prediction table in LD/ST
unit and extended L2 tag).

Benchmarks: In order to faithfully evaluate our proposed
technique, we collect a large set of 26 representative applica-
tions from the NVIDIA CUDA SDK [12], PolyBench [13],
Rodinia benchmark suite [14] and Parboil benchmark suite
[15], with default inputs. In our experiments, all workloads
run to completion on the simulator.

VI. EXPERIMENTAL RESULTS AND ANALYSIS
A. Prediction Accuracy

We first evaluate the prediction accuracy of LoSCache. Fig-
ure 6 shows the prediction accuracy for naive- and adaptive-
prediction (introduced in Section IV-C to increase prediction
accuracy), respectively. The prediction accuracy indicates the
percentage of correct predictions (i.e., predicted access count is
the same as the actual access count) among all the predictions.
The figure shows that the prediction accuracy for the naive-
prediction is low, which is 54% on average. In contrast, the
adaptive prediction greatly increases the prediction accuracy
to 93% on average. Based on the accuracy evaluation standard,
we check if the prediction is absolutely accurate for each data.
For some cases, the naive-prediction can only predict a similar
locality but not the exact. However, by only adaptively increas-
ing a small threshold, the prediction accuracy is significantly
improved. For example, adding the threshold increases the
prediction accuracy of BES from 4% to 97%. On the other
hand, the adaptive prediction is unable to further increase
the prediction accuracy for some benchmarks, including 64H,
BICG, BS, CP, FWT, NE, SP, since their prediction accuracy
is already very high with the naive-prediction. From this point
forward, we use adaptive prediction in LoSCache evaluation.

B. Performance Overhead

There are two potential reasons for LoSCache to incur
performance overhead: (1) the slight ICNT traffic increase at
the end of the prediction phase, which may degrade the perfor-
mance; and (2) cache lines suffer from the early power-gating
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against the baseline L2.

due to inaccurate prediction, which increases L2 miss rate.
However, Figure 7 demonstrates that LoSCache design does
not noticeably affect the overall performance. On average, the
execution time only increases by 0.5%. This result is consistent
with the high prediction accuracy from our LoSCache design,
shown in Figure 6. Also, although the prediction accuracy for
some benchmarks is lower, such as ST3D and SRAD, it only
slightly impacts the performance. For example, the execution
time of ST3D is only increased by 4% due to the small amount
of early gating through incorrect prediction. Additionally, even
though NW has a 14% ICNT traffic increase, its performance
degradation is less than 1%. This is because its baseline ICNT
traffic is so small that the traffic increase does not play a
critical role in determining the overall performance.

C. Energy Consumption

We also evaluate the energy consumption under LoSCache.
Figure 8 shows the normalized energy results against the
baseline L2. As it shows, LoSCache greatly reduces the energy
consumption from the baseline design. On average, the energy
consumption is only 36% of the baseline scenario. LoSCache
is effective for most benchmarks due to the low data re-
reference counts in the L2 cache and its accurate prediction.
For example, the energy consumption of NW is less than 1%
of the baseline L2 cache due to its extremely low L2 cache
utilization. On the other hand, LoSCache can only reduce
the energy consumption of MM by 27% because of its high
data re-reference counts. We also compare LoSCache with
the Ideal-Gating technique, which is an oracle case that all
the L2 cache lines are powered off immediately once they
expire. On average, Ideal-Gating further reduces the L2 energy
consumption by 6% compared to LoSCache. The reasons
are twofold. Although the prediction accuracy of LoSCache
is high, it is not 100%. Thus it wastes a small portion of
energy on storing the expired cache lines due to the inaccurate
prediction. The other reason is that LoSCache cannot power
gate any expired cache line during the prediction phase. We
further evaluate the energy saving of the entire GPU chip.
Based on our evaluation, the energy consumption of GPU
L2 cache is around 8% of the total GPU chip energy. As a
consequence, LoSCache reduces 6.2% of the total GPU chip
energy on average.

VII. RELATED WORK

Due to the massive thread-level parallelism and the limited
capacity, the GPU caches are not efficiently used. Several
recent studies have addressed this problem to mitigate the
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performance loss due to cache conflicts or resource contention
[1]-[4]. For example, Rogers et al. [1] proposed a cache-
conscious wavefront scheduling to maintain the intra-CTA
cache locality in L1 cache. Xie et al. [3] proposed to improve
the cache performance via a coordinated static code analysis
and dynamic cache bypassing. These techniques all effectively
improve the L1 cache performance by exploiting data locality
and avoiding thrashing. However, the L2 cache utilization in
these designs remains low. In contrast, our proposed LoSCache
technique addresses the inefficiency of the L2 cache in GPU
by leveraging the instruction-level data-locality similarity to
reduce unnecessary energy waste. LoSCache is compatible
with all these L1 cache management techniques and can
achieve further energy savings.

Several previous works were also proposed to reduce the
energy consumption of CPU caches [16]-[19]. For example,
Kaxiras et al. proposed to power off a cache line if it
is not accessed after a long period of time [16]. For this
technique, the prediction for cache line dead-time is coarse-
grained and only based on the cache line itself. In contrast,
our technique leverages the unique locality similarity of GPU
programs to accurately predict the dead-time in advance and
powers off a cache line immediately after the last request of
a data access. Additionally, several other works have been
proposed to reduce the energy consumption of GPU caches.
For example, Wang et al. proposed to put the L1 and L2 caches
to sleep mode when they are not active to save energy [20].
This work aims to reduce energy when the entire cache is
not active. In contrast, our LoSCache is able to reduce the L2
energy when it is active by predicting the cache-line dead-time.

VIII. CONCLUSIONS

L2 cache is underutilized in modern GPUs. It stores useless
data for the majority of time, as a result, data in L2 has no or
few future re-references. To address this inefficient utilization
of L2 cache, we propose LoSCache, a simple and effective
energy-efficient GPU L2 cache design. LoSCache leverages
GPU’s unique instruction-level data-locality similarity caused
by the SIMT programming model to predict the data re-
reference counts in L2. Based on this prediction mechanism,
LosCache powers off the L2 cache lines if they are predicted
to be dead after certain accesses. Experimental results show
that LoSCache dramatically reduces the energy consumption
of the GPU L2 cache with negligible performance loss.
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