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ABSTRACT
Improving the energy efficiency of database systems has emerged
as an important topic of research over the past few years. While
significant attention has been paid to optimizing the power con-
sumption of tradition disk-based databases, little attention has been
paid to the growing cost of DRAM power consumption in main-
memory databases (MMDB).

In this paper, we bridge this divide by examining power– perfor-
mance tradeoffs involved in designing MMDBs. In doing so, we
first show how DRAM will soon emerge as the dominating source
of power consumption in emerging MMDB servers unlike tradi-
tional database servers, where CPU power consumption overshad-
ows that of DRAM. Second, we show that using DRAM frequency
scaling and power-down modes can provide substantial improve-
ment in performance/Watt under both transactional and analytical
workloads. This, again contradicts rules of thumb established for
traditional servers, where the most energy-efficient configuration is
often the one with highest performance.

Based on our observations, we argue that the long-overlooked
task of optimizing DRAM power consumption should henceforth
be considered a first-class citizen in designing MMDBs. In doing
so, we highlight several promising research directions and identify
key design challenges that must be overcome towards achieving
this goal.

1. INTRODUCTION
Over the past few years, a significant reduction in cost/GB of

DRAM, coupled with an ever-increasing demand for low-latency
query processing, has led to the rise in popularity of main-memory
databases (MMDB) [12, 6, 5, 19]. Unlike traditional disk-based
databases, MMDB are optimized to operate on data that resides en-
tirely in DRAM. As MMDB installations continue to scale in size,
servers hosting MMDBs are being increasingly populated with a
large number of high-density DIMMs.

Research on power consumption of traditional disk-based database
servers has shown storage and CPUs to be the major source of
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Figure 1: DRAM, CPU power consumption as reported by HP
Power Advisor.

power consumption [25, 16, 23]. Consequently, the majority of re-
search in improving the energy efficiency of database systems has
focused on reducing CPU power consumption using Dynamic Volt-
age and Frequency Scaling (DVFS) [13, 24], or shifting to power-
proportional storage systems based on SSDs [23].

The server hardware that is used to house MMDBs, however, has
very different price, performance, and power consumption charac-
teristics compared to a traditional database server, as large amounts
of persistent storage media, and associated RAID/SAN controllers,
are replaced by a proportionate amount of high-density DRAM
DIMMs. Thus, it is important to understand if the conclusions
drawn by research on traditional databases still hold for MMDBs.

MMDB power breakdown In order to understand the power con-
sumption of DRAM, CPU, and other system components in state-
of-the-art database servers, we used the HP Power Advisor [8] to
derive power consumption estimates for HP Proliant DL580 Gen8–
the server recommended by HP for running a mid-sized (500 to
1000 tenants) database server [9]. We configured the server to use
six-core Intel R© Xeon R© E7-4809v2 in both two-socket (2P) and
four-socket (4P) configurations. A 2P configuration has 48 DIMM
slots while 4P has 96 DIMM slots. Thus, the maximum possible
memory capacity that can be provisioned is 3 TB for 2P setup and
6 TB for 4P setup.

Figure 1 shows power consumption of DRAM and CPUs as re-
ported by the HP Power Advisor from the minimum (8 GB) to max-
imum (6 TB) permissible memory capacity. For each of the sixteen
memory sizes shown, we populated the server by using all valid
DIMM types and recorded the reported power consumption values.
For instance, for the memory size of 128 GB, we gathered power
reports for 32×4 GB, 16×8 GB, 8×16 GB, 4×32 GB, 2×64 GB



Figure 2: The memory subsystem as found in modern servers that follows the DIMM, rank, chip, bank, array, cell hierarchy.

DIMM configurations. Figure 1 shows the power consumed by the
optimal configuration and there are three important observations to
be made.

First, DRAM power consumption is no longer negligible in a
loaded system as it matches CPU power consumption at 1.5 TB
for the 2P setup, and at 3 TB for the 4P setup. At 6 TB, DRAM
consumes 2.5×–5.15× more power than CPUs in 2P–4P setup re-
spectively. In fact, we found that even with 15-core Xeon E7-4870
CPUs in a 4P setup (total of 60 cores), DRAM matched the power
consumption of all CPUs put together (700 W) at 4 TB and con-
sumed 30% more at 6 TB.

Second, even the idle DRAM power consumption exceeds that
of fully loaded CPUs above 3 TB for 2P, and 4 TB for 4P se-
tups. In addition, comparing idle power consumption of DRAM
and CPUs (not shown), we observed that at 6 TB, DRAM con-
sumes 2.4× to 4.7× more power than idle CPUs. These two ob-
servations clearly indicate that, contrary to the studies on tradi-
tional disk-based database servers [23], DRAM in MMDB servers
no longer lags behind CPUs in the power consumption race.

Third, the results clearly indicate how the slope of DRAM power
consumption curve changes from sublinear at low capacity to su-
perlinear at high capacity. For instance, DRAM loaded power in-
creases a meager 3× as we scale capacity 16× from 8 GB to 128
GB. But the next 4× capacity increase (to 1 TB) brings about a 10×
rise in power consumption. As we will describe later in Section 2,
this happens due to two reasons. First, high capacities in a single
server can only be achieved using high-density DRAM DIMMs due
to a strict upper limit on the number of DIMMs that can be popu-
lated in a server. Second, high-density DRAM DIMMs consume
much more power than their low-density counterparts.

Towards energy-efficient MMDB Given these observations, we
believe that MMDBs should be designed with optimizing DRAM
power consumption as a primary target. In this paper, we take
the first steps towards meeting this goal by identifying promising
hardware features that could help in reducing DRAM power con-
sumption (Section 3). Then, we present experimental results that
quantify the pros and cons of using these features with a state-
of-the-art MMDB under transactional and analytical benchmarks
(Section 4). Finally, we outline design extensions to databases that
are necessary for achieving the new optimization goal and identify
open research problems that merit more attention from the database
community (Section 5).

2. BACKGROUND
Figure 2 shows the hierarchical organization of a modern mem-

ory subsystem. The Memory Controller (MC), which is typically
integrated on the same package as the CPU, issues commands to
DRAM chips on a Last-Level Cache (LLC) miss. The memory
bus that interconnects MC with DRAM chips is split into multiple
channels in order to enable disjoint requests across channels to be
serviced in parallel.

Each channel can be populated with one or more Dual Inline
Memory Modules (DIMM). Each DIMM is a Printed Circuit Board
(PCB) that consists of several DRAM chips and other peripheral
circuitry like Phase Lock Loop (PLL) and register devices. Each
DRAM chip produces/consumes multiple bits on each access and
is classified into types (×4, ×8) depending on access granularity
(4 or 8 bits). In order to satisfy a memory access request, a group
of DRAM chips, referred to as a rank, are accessed in parallel. For
instance, given a bus width of 64 bits, a rank of eight ×8 DRAM
chips would be accessed in parallel to transfer 64 bits. Each DIMM
can pack several such DRAM chips, and hence, typically consists
of one, two, or four disjoint ranks.

Each DRAM chip internally contains multiple banks, each of
which, in turn, is composed of several two-dimensional storage ar-
rays. The basic unit of storage in the array, also referred to as the
DRAM cell, is a capacitor capable of storing a bit.

2.1 DRAM Scaling Tradeoff
Capacity Limitation Table 1 shows the different DDR3 mem-

ory types used in server systems today. Standard DRAM DIMMs,
also referred as to an Unbuffered DIMM (UDIMM), outshine other
memory types with respect to performance and power consump-
tion. However, as each UDIMM places an electrical load on the
memory bus, using multiple UDIMMs per channel cause signal
integrity issues at high clock frequencies. Hence, servers limit
UDIMMs to just 2 dual-rank DIMMs per channel. Thus, a 2P
server with four memory channels per socket would be limited
to a maximum of 128 GB with UDIMMs (2 sockets × 4 chan-
nels/socket × 2 DIMMs/channel × 2 ranks/DIMM × 4 GB/rank).

Capacity–Performance Tradeoff: Registered (RDIMM) and
Load Reduced DIMMs (LRDIMM) reduce electrical loading by
buffering and lining up address, control, and data signals using
an on-board buffer chip. Due to reduced electrical loading, it is
possible to use 3 quad-rank LRDIMMs per channel increasing the



Memory Type Max Capacity Latency (nsec) Bandwidth (GB/s) Loaded W/GB Idle W/GB

UDIMM 128 153.7 72 0.2 0.02
RDIMM 384 161.4 60 0.2 0.04
LRDIMM 768 235 40.4 0.15 0.07
HCDIMM 768 161.9 63.9 0.74 0.37

Table 1: Maximum capacity, performance, and power characteristics obtained by using various server DIMM types to populate a 2P HP
Proliant Gen8 server equipped with Intel R© Xeon R© E5 processors [10, 17].

maximum capacity to 768 GB1. However, the increase in capac-
ity offered by LRDIMMs comes at the expense of performance.
Compared to UDIMMs which can be clocked to run at, or in some
cases even above, 1600 MT/s, LRDIMMs have to be throttled at
1066 MT/s to achieve full capacity utilization. This, in combina-
tion with longer I/O trace lengths (in PCB), and added component
delays caused by the centralized memory buffer, have a significant
impact on performance, as LRDIMMs reduce bandwidth by 45%
and increase latency by 53%.

Capacity–Power Tradeoff: HCDIMMs [17] regain the lost per-
formance by replacing LRDIMM’s centralized buffer with multi-
ple distributed on-board buffers (one buffer per column of DRAM
chips). Further, as HCDIMMs can be clocked at 1333 MT/s, they
provide 17% increase in bandwidth compared to LRDIMMs. Un-
fortunately, the performance improvement comes at the expense of
power consumption as the use of distributed buffers produces 3.7×
increase in loaded power consumption with respect to UDIMMs.
Worse yet, LRDIMMs and HCDIMMs incur an unwarranted 3.5×–
18.5× increase in idle power consumption.

DDR4: Recent trends indicate that this situation is likely to con-
tinue in the future. With DDR4 DRAM, servers can be provisioned
with either a single DDR4 DIMM per channel clocked at 3200
MT/s or 3 DIMMs at 1333 MT/s. In addition, DDR4 is also ex-
pected to introduce a new point-to-point topology that can be used
in place of the traditional stub-bus topology used today. With the
new topology, only one DIMM is used per channel and it interfaces
with the memory controller using high-speed point-to-point links.
As the new topology eliminates stubbing and reduces the load fac-
tor to a single DIMM, it is expected to improve performance signif-
icantly as DIMMs can be clocked to run at high data rates without
any noticeable signal degradation. However, as just one DIMM per
channel is clearly too little for modern servers, DDR4 is expected
to increase capacity by interfacing the memory controller with dig-
ital switches that, in turn, connect to DDR4 LRDIMMs using the
traditional bus topology. The digital switch is itself expected to add
latency in addition to the LRDIMM buffering latency. Thus, the
capacity–performance tradeoff continues with DDR4.

DDR4 introduces lower operating voltages, and hence lower power
consumption, compared to DDR3. However, DDR4 LRDIMMs
borrow and build upon the distributed buffering architecture used
by HCDIMMs for increasing density and reducing load. Hence,
it is likely that the capacity–power tradeoffs that exist today with
UDIMM/HCDIMM will continue to exist with DDR4.

Given these tradeoffs, and given the ever-increasing in-memory
dataset sizes, it is evident that DRAM will soon emerge as one of
major (if not the primary) sources of power consumption in MMDB
servers.

1The maximum capacity shown here differs from Figure 1 as the
latter was obtained using Intel R© Xeon R© E7 series of processors
which support eight memory channels per socket.

3. MOTIVATION
The high idle and loaded power consumption of DRAM causes

more harm than the mere increase in operational expenses incurred
by powering and cooling.

Today, enterprise servers can only be configured with a single
DRAM type (UDIMM, LRDIMM or HCDIMM). As mixed-mode
provisioning is not permitted, the choice of DRAM type determines
the amount of memory that can be provisioned in a server. Since a
single server is limited to 128 or 256 GB (depending on the proces-
sor generation) with UDIMMs, the only option to scale memory
with UDIMMs is to opt for a scale out configuration. However,
such a setup increases operational expenses, as one needs to man-
age, power, and cool two or more servers, and also impacts perfor-
mance as distributed transactions incur the overhead of two-phase
commit. While the scale-up configuration avoids such penalties,
one is limited to using performance-limited LRDIMMs or power-
hungry HCDIMMs in such a setup. Thus, in either case, DRAM
not only imposes a huge power penalty on database installations
that are memory intensive, but also plays a crucial role when it
comes to choosing between scaling up or out.

In addition, given that server provisioning is done with peak uti-
lization in mind, it is likely that MMDB servers will be over pro-
visioned to accommodate peak load. Thus, a significant fraction
of memory in the server is likely to remain under utilized. Given
DRAM’s high idle power usage (Figure 1, Table 1), the only way to
reduce under utilization is to consolidate more clients in a database
(multitenancy) or more database instances in a single server (vir-
tualization). However, this creates a vicious cycle, as consolida-
tion cannot be done without reprovisioning for the new peak capac-
ity, and the added DRAM capacity cannot be utilized fully without
more consolidation.

Given these effects, we believe that it is more important now,
than ever before, to revisit database design decisions with the goal
of optimizing DRAM power consumption. In this section, we will
describe recent hardware extensions that could be used by databases
to achieve this goal.

3.1 Hardware Support
Modern DRAM hardware supports two mechanisms that could

be used for reducing DRAM power consumption, namely, frequency
scaling and power-down modes.

Frequency Scaling: All server systems, and even several high-
end desktops, support scaling the frequency of memory bus and
DRAM devices. Reducing the frequency has a direct impact on
power consumption as it reduces the background power caused
by transistor leakage and DRAM refresh operations (DRAM cells
need to be refreshed at regular intervals to prevent data loss due to
charge leakage).

Despite its benefits, frequency scaling is not used today to re-
duce power consumption. Rather, it is extensively used by gam-
ing enthusiasts who over-clock their PCs to achieve higher perfor-



mance. For instance, DRAM vendors have already released DDR4
devices that can be clocked from 1600 MT/s to well over 3400
MT/s [7]. Server hardware vendors, on the other hand, use this abil-
ity to under-clock DRAM frequency to increase memory capacity,
as more DIMM slots can be populated in a channel by lowering the
frequency as we mentioned earlier.

Power-down modes: As shown in Table 2, modern DRAM de-
vices support a wide-range of power-down states. Under normal
conditions, an idle DRAM is in the Active Standby state and can
service requests without any penalty. As the DRAM transitions
to “deeper” sleep states, both power savings and exit latencies in-
crease presenting an interesting power–performance trade off.

Mode Power (W) Latency (ns)

Active standby 5.36 0
Precharge standby 4.66 14
Active powerdown 3.28 6
Fast exit powerdown 2.79 19.75
Slow exit powerdown 1.60 24
Self Refresh 0.92 768
Self Refresh (reg off) 0.52 6700

Table 2: Table shows various power-down states supported by mod-
ern DRAM devices and lists the power consumption and exit laten-
cies associated with each state [1, 14]

Given the high penalty associated with self-refresh power states,
they are used only for reducing power consumption during whole-
system standby in portable PCs. Modern DDR devices and OSes
have been extended explicitly to optimize standby power with ex-
tensions like Power-Aware Self Refresh (PASR), where the OS
groups memory pages in as few banks as possible and shares this
information with hardware, thereby enabling the DRAM to selec-
tively refresh only a few banks.

In servers, MCs minimize the performance impact by adopt-
ing a conservative approach towards using the low-power states.
First, they monitor ranks for idleness and transition DRAM to a
low-power state only if the rank idle time exceeds a configurable
threshold. In a few Intel R© Xeon R© processors, the minimum rec-
ommended threshold is as high as fifteen idle memory cycles [11,
14]. Second, MCs limit the transition to one of the Precharge pow-
erdown states (fast or slow exit). A transition to the Self-Refresh
state happens only on an explicit request from the Power Control
Unit (PCU) (like the standby case) or when the entire package is in
a C0 power state.

4. SCALING DRAM POWER WALL
In this section, we will highlight the utility of the two hardware

features presented in Section 3 by presenting experimental results
that quantify the performance impact and potential power savings
observed while using these features to optimize power consumption
of a MMDB.

4.1 Experimental Setup
Hardware All our experiments were conducted on a Dell Pow-
eredge r720 server. The server has two sockets, each housing a
2 GHz, eight-core Intel R© Xeon R© E5-2640 v2 CPU with 32 KB
L1, 256 KB L2 and 20 MB shared last-level caches. The server
is provisioned with 256 GB of memory, populated using sixteen
16 GB RDIMMs evenly spread across all eight memory channels

(two DIMMs per channel, eight per socket). Unless otherwise men-
tioned, system memory is clocked to run at 1600 MT/s. We disable
hyper-threading to minimize interference of threads running on the
same core, which introduces variability.

Profiling Methodology We use Intel’s Performance Counter Moni-
tor [3] as well as Intel’s RAPL (Running Average Power Limit) for
profiling the power consumption and performance characteristics
of the memory subsystem. Using these tools, we capture the av-
erage power for each socket and DRAM rank separately. We also
capture the “CKE off” residencies to identify the amount of time
DRAM spends in power-down modes, and per-channel DRAM mem-
ory bandwidth to identify performance bottlenecks.

Software Stack RHEL 6.5 with Linux kernel version 2.6.32 is used
as the base OS in all the experiments. We use HyPer [12] (online
demo version) as the MMDB in our analysis. We picked HyPer
as it represents a state-of-the-art hybrid MMDB that can support
both OLTP and OLAP workloads, and uses several optimization
techniques (physical data partitioning, aggressive JIT compilation).

Benchmarks We used TPC-C (SF=100) and TPC-H (SF=10) as
our transactional and analytical macrobenchmarks. We chose these
scale factors to limit the data size under both benchmarks to 10
GB. In addition, we also used two microbenchmarks to analyze the
behaviour of two operations that are common in MMDBs, namely,
partitioned scans and parallel aggregations.

Concurrent partitioned scans: In our concurrent partitioned-scan
benchmark, (application written in C++), each thread continuously
scans 128 MB of 64-bit integers, allocated on the local memory
node. Each run lasts 5 seconds and we measure the number of
scans performed.

Parallel aggregation: We evaluate the performance of a variant
of STREAM[15], a synthetic benchmark that measures sustainable
memory bandwidth and computation rate for simple vector kernels.
Our variant builds two arrays b and c, and performs the aggregation:
a = ∑(b(i)+ c(i)). Elements are of double data type. In our
experiments, we use 8 GB arrays. Furthermore, STREAM supports
the OpenMP API[18] for parallelism, and we express the operation:
#pragma omp parallel for reduction(+:a)
for (i=0; i< STREAM_ARRAY_SIZE; i++)

a = a + b[i] + c[i];
The range is partitioned and distributed among the given number

of threads. Thus, we can easily assess the energy efficiency for dif-
ferent levels of parallelism. In order to avoid creating non-uniform
memory access (NUMA), we limit the thread count to eight and
affinitize all threads to the same socket.

Metric We use performance–power ratio as the primary metric of
energy efficiency for comparing different configurations. For TPC-
C, we use the transactions completed per second (TPS), as reported
by HyPer, as our performance metric. For TPC-H, we use the total
execution time (for 22 queries) as reported by HyPer to derive the
per second query completion rate, which we use as our performance
metric. For scan and aggregation microbenchmarks, we use the
throughput reported by the application at completion time as our
performance metric.

As we will show later, varying the frequency or power-down
modes of DRAM has no impact on CPU power consumption. As
CPUs always consume a constant amount of power in all our ex-
periments, we use only the DRAM power consumed as our power
metric.

4.2 Microbenchmarks
In this section, we present the energy-efficiency impact of var-
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ious DRAM power-saving techniques under our microbechmarks.
To isolate the impact of frequency scaling, we fix the DRAM to op-
erate in high-performance mode by disabling transitions to power-
down modes in the BIOS. As support for dynamic, fine-grained
scaling of DRAM frequencies does not exist today, we ran these
experiments by setting the BIOS variable that configures the global
frequency of system memory at boot time.

Support for software-driven, application-controlled power-mode
transitioning does not exist today. However, Intel R© Xeon R© proces-
sors support hardware-driven power-down transitions, also referred
to as “Dynamic CKE”, which can be enabled or disabled using a
static configuration parameter in the system BIOS. We used this
parameter to run two sets of experiments, one with CKE enabled,
and the other with CKE disabled, to evaluate the impact of global
DRAM power-down on performance and power consumption.

4.2.1 Power Breakdown
Figure 3 shows the contributions of the CPU package and DRAM

to total power consumption under the partitioned-scan microbench-
mark at various thread counts. There are two important obser-
vations to be made. First, DRAM is responsible for 32% of to-
tal power consumption under the single-threaded scan benchmark.
This fraction is an optimistic lower-bound on DRAM power con-
sumption as our server is equipped with only 256 GB of memory
using energy-efficient RDIMMs. Should we replace the RDIMMs
with LRDIMMs and scale into TBs, this fraction would be substan-
tially different. Second, even when we scale up the benchmark, sat-
urating the CPU with eight threads, DRAM continues to contribute
a non-negligible 26% to the overall power consumption. Thus, con-
trary to traditional disk-based database studies [23], CPU is not
the only dominating contributor to power consumption in MMDB
servers.

4.2.2 Impact of Frequency Scaling
Figure 4a shows the performance/DRAM-Watt achieved at var-

ious DRAM frequencies under both our microbenchmarks config-
ured to run with eight threads. The values are normalized with
respect to the configuration with the highest performance (1600
MT/s). As can be seen, the two benchmarks exhibit different trends,
as the most energy-efficient configuration clocks the DRAM at 800
MT/s under the partitioned-scan microbenchmark, and at 1600 MT/s
under the parallel-aggregation microbenchmark. This divergence is
directly related to the impact of DRAM frequency scaling on mem-
ory bandwidth.

Figure 4b shows the observed memory bandwidth under the ag-
gregation benchmark at various thread counts. Clearly, the bench-
mark saturates memory bandwidth in all configurations, albeit at
different thread counts. Thus, the performance of aggregation bench-
mark deteriorates by over 46% as we scale down from 1600 MT/s to
800 MT/s. This sharp drop in performance is not offset by the 31%
drop in DRAM power consumption. Hence, the performance/Watt
of the 800 MT/s configuration lags behind that of the fastest con-
figuration by 21%.

Unlike the aggregation benchmark, we observed (not shown) that
the peak bandwidth utilization of the scan benchmark was 14 GB/s
even with eight parallel threads. As even the 800 MT/s is able
to meet this bandwidth requirement, performance drops by just
3% as we scale down from 1600 MT/s to 800 MT/s. Hence, the
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31% drop in DRAM power consumption overshadows the negligi-
ble decrease in throughput, thereby, making the 800 MT/s the most
energy-efficient configuration.

4.2.3 Impact of Low-Power Modes
Figures 5a, 5b show the performance and DRAM power con-

sumption under both microbenchmarks when power-down transi-
tions are enabled (CKE-enabled case) normalized by values cor-
responding to the CKE-disabled case. There are three important
observations to be made.

First, CKE power down modes have negligible impact on per-
formance and power consumption with eight parallel threads under
both scan and aggregation benchmarks. This is due to the fact that
with eight threads, these microbenchmarks are extremely memory
intensive. Thus, as the hardware does not observe enough rank
idleness, it prevents DRAM ranks from transitioning into power-
down modes. Figure 5c confirms this by showing the amount of
time spent by DRAM ranks in power-down modes as reported by
pcm (CKE residency). As can be seen, with eight parallel threads,
DRAM ranks spend as high as 95% of time in high-power mode.

Second, single-threaded benchmark runs, however, exhibit very
different behaviour, as enabling power-down transitions saves 20%
power under the scan benchmark, and 13% under the aggrega-
tion benchmark. This is due to the fact that under single-threaded
benchmarks, most DRAM ranks are able to transition to power-
down modes, as shown by the 72%–84% CKE residency in Figure
5c.

Third, despite spending 86% of time in power-down modes, the
effective power saving is only 20% under the scan benchmark.
Based on this observation, it is clear that the hardware adopts a
conservative approach towards power-down transition by limiting
DRAM ranks to power-down modes with low exit latency, and
hence, low power saving (Table 2).

4.3 Macrobenchmarks
Given the microbenchmark results from the previous section, it

is clear that the effectiveness of DRAM power saving techniques
varies widely depending on the workload. Thus, in this section,
we present the results obtained by using the same power saving
techniques to improve the energy efficiency of a MMDB under both
transactional and analytical macrobenchmarks.

4.3.1 Impact of Frequency Scaling
Figure 6a demonstrates the performance/DRAM-Watt achieved

at various frequencies under both TPC-H and TPC-C benchmarks.

Again, the values are normalized with respect to the configuration
with the highest performance (1600 MT/s).

Clearly, for both TPC-C and TPC-H, the most energy-efficient
configuration is the one with the lowest DRAM frequency (800
MT/s). Under both benchmarks, the 800 MT/s configuration con-
sumes 20% less DRAM power than the 1600 MT/s configuration.
Under TPC-H, the 800 MT/s configuration also incurs a 20% drop
in performance due to the bandwidth-intensive nature of the bench-
mark. Thus, the TPC-H performance/Watt curve stays relatively
flat as we scale the frequency. Under TPC-C, however, the 800
MT/s configuration incurs only a 7% drop in performance, as TPC-
C is latency sensitive and not bandwidth intensive. Thus, the power
savings overshadow performance loss, improving energy efficiency
by a factor of 1.15.

Thus, contrary to disk-based databases [23], the most energy-
efficient configuration (800 MT/s) is not the one with the best per-
formance (1600 MT/s).

4.3.2 Impact of Low-Power Modes
Figure 6b shows both performance and DRAM power consump-

tion of HyPer under both macrobenchmarks, when power-down
transitions are enabled (CKE–enabled case) normalized by values
corresponding to the CKE–disabled case. Again, contrary to disk-
based DB studies, the energy-efficient configuration which powers
down idle DRAM to low-power states improves performance/Watt
over the high-performance, albeit power-hungry, configuration by
a factor of a 1.34 under TPC-C, and a factor of 1.42 under TPC-H.
Enabling CKE power down has a negligible 3%–5% impact on the
performance of TPC-H and TPC-C benchmarks. However, in both
cases, it reduces power consumption by 30%, thereby, improving
energy efficiency.

In order to further explain this drop in power consumption, we
show the power breakdown between CPUs and DRAM on a per
socket basis under the TPC-C benchmark in Figures 6c, 6d. As ex-
pected, the CPU power consumption remains unaltered. DRAM
power consumption, however, drops by 31% when power-down
transitions are enabled. We also observed that the CKE power-
down residency of DRAM ranks was 89% under TPC-C. This indi-
cates that even highly-optimized MMDBs like Hyper provide suffi-
cient rank idleness under complex workloads like TPC-C, thereby,
enabling energy savings through power-down state transitions.

We would like to mention here explicitly that although our bench-
marks limit the data size to 10 GB, we believe that power savings
reported here will extend to larger data sizes due to two reasons.
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Figure 6: Impact of frequency scaling and power-down modes on TPC-C and TPC-H.

First, irrespective of dataset size, TPC-C transactions are short lived
and touch very few records. Second, TPC-C transactions exhibit
data access locality which has been used to improve other design
aspects, like partitioning and task scheduling. Nonetheless, as a
part of future work, we intend to use detailed memory-system sim-
ulators to investigate the sensitivity of these results to variations in
both exit latencies and data access localities.

5. TOWARDS ENERGY-EFFICIENT MMDB
The results from Section 4 show how power-down modes and

frequency scaling can provide substantial reduction in power con-
sumption even without software support. In this section, we will
describe MMDB extensions that we believe can further increase
power savings while having minimal impact on performance.

DRAM-aware memory layout Hot–cold data classification has
traditionally been used by disk-based database and storage systems
to store data in the ideal storage tier depending on its “tempera-
ture”. MMDBs could use similar classification techniques to iden-
tify and separate hot and cold data in different DRAM ranks. With
such a classification, existing power-down techniques supported by
hardware can be used unmodified to achieve higher power savings,
as the hardware would automatically detect higher idle periods for
“cold” ranks and transition them to deeper power-down states.

DB-driven gear shifting If the workload exhibits predictable local-
ity, one could further improve performance by essentially breaking
up the single DRAM tier into a “hot” tier and a “cold” tier explic-
itly. With such an approach, the DBMS could use workload infor-

mation to predict the size of “hot” and “cold” DRAM tiers together
with the ideal power states for each tier based on its knowledge of
exit latencies. Then, the DBMS could reconfigure hardware and
reorganize data to match the target setting.

Such a software-driven gear shifting approach has the ability to
both reduce the performance impact and improve power savings at
the same time. For instance, the DBMS could reduce performance
impact by preventing “hot” ranks from ever transitioning deeper
than a Standby state (Table 2) while simultaneously saving power
by always keeping “cold” ranks in Self Refresh state.

Multitier memory and storage tiering Recently, MMDBs have
used a similar approach to reduce DRAM capacity by pushing out
“cold” data to block-based storage media (SSDs or HDDs). This
approach, also referred as “Anti-caching” [2], has the disadvantage
that access to “cold” data is often two to five orders of magnitude
slower than DRAM access depending on the type of “cold” storage
device used. Thus, the performance of anti-caching-based MMDB
depends on the frequency with which the “cold” tier is accessed.

DRAM operating at deep power-down state essentially adds an
additional tier to this two-tier hierarchy. For instance, DRAM op-
erating at the lowest power-down mode (6µs for Self Refresh state)
is one to two orders of magnitude slower than DRAM operating in
Active state, and one to two orders of magnitude faster than even
state-of-the-art PCIe SSDs (like Micron RealSSD P320h) for read-
ing (60µs)/writing(1ms) data [22].

Thus, an important research challenge is to identify how an ap-
proach like anti-caching should be integrated into a multitier DRAM
architecture, and to establish rules of thumb that can determine how



data waterfalls through various tiers.

Tiering-aware query optimization Query optimization for MMDBs
continues to be an active area of research in itself. Bifurcation
of DRAM into two tiers makes it even more challenging. To our
knowledge, existing work on query optimization for improving en-
ergy efficiency focuses on using an optimizer to pick a power-
optimal query plan [25], or instrumenting the query plan to tran-
sition DRAM into power modes [20]. We believe that such an
approach might not be ideal as the query plan is statically gener-
ated using a cost-model at compile time which might not reflect
the runtime execution environment. We believe that the optimizer
should not be triggering mode transitions on each query. Rather, the
MMDB should use optimizer input to determine the ideal memory
layout and tiering configuration upfront. Once such a configura-
tion has been deployed, the optimizer should explicitly take into
account the differences in access latencies between DRAM tiers
while producing an optimal query plan.

Hybrid workloads Recent research in the architecture community
has shown that certain workloads are extremely hard to optimize
using power-down modes due to two reasons [4]. First, under work-
loads that lack locality, there is not enough idleness at the DRAM
rank level. Thus, the memory controller’s idle-rank threshold is
never exceeded and most ranks spend their time in Active Standby
mode consuming a large amount of power. Second, forcing a tran-
sition to low-power states under such workloads results in a huge
impact on performance as exit latencies in today’s DRAM devices
are too high.

This might also apply to latency-sensitive database workloads
(OLTP) that do not have predictable locality and it is important to
investigate if such workloads might experience a much higher drop
in performance if deep power-down states (like Self Refresh) are
used.

Frequency scaling provides an alternative for such workloads
as it has the effect of reducing memory channel bandwidth with-
out significantly increasing latency. However, frequency scaling
might have a significant impact on the performance of bandwidth-
sensitive analytical workloads. Thus, optimizing the energy effi-
ciency of MMDBs requires pairing workloads with the ideal power
saving mechanism. Such pairing can be achieved easily if a MMDB
is used to service only one type of workload. Unfortunately, sev-
eral state-of-the-art MMDBs today support both OLTP and OLAP
workloads [6, 12]. Thus, further research is required to understand
the pros and cons of using both these techniques in tandem.

CPU-DRAM synergy Given the dominance of CPU power con-
sumption in traditional databases, there has been a lot of work in
literature focusing on using CPU power states (C-states/P-states)
and DVFS in combination with task/operator scheduling to reduce
power consumption [13, 21, 24]. Given that modern DRAM also
supports similar features, it is important to understand the synergy
between CPU and DRAM techniques.

6. CONCLUSIONS
Today, there is no single server DRAM type that can meet the

performance and power requirements of main-memory databases.
While energy analysis of traditional databases has shown CPUs to
be the dominating source of power consumption, given the capacity–
performance–power tradeoffs we showed in this paper, we believe
that DRAM will soon eclipse CPUs power consumption in emerg-
ing MMDBs. Thus, we believe that the oft-ignored DRAM power
consumption should become the focus of further research on energy
efficiency of MMDBs.

In this paper, we take the first steps towards this goal by 1)
identifying hardware features that help in reducing DRAM power
consumption, and 2) performing an experimental analysis of the
impact of these features on power and performance of a state-of-
the-art MMDB under both transactional and analytical workloads.
Our results indicate that even without any software support, these
features can provide, in the best case, 2× improvement in perfor-
mance/Watt. Based on these results, we outlined several promising
research directions that must be explored in order to identify an
optimal design for energy-efficient MMDBs.
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