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Abstract—The original definition of energy-proportional 

computing, first introduced by Barroso and Hölzle, does not 

characterize the energy efficiency of recent reconfigurable 

computers, resulting in non-intuitive “super-proportional” 

behavior. This paper proposes a new definition of “ideal” 

energy-proportional computing and new metrics to help design 

and configure systems to operate close to this ideal efficiency. 

“We see that peak energy efficiency occurs at peak 

utilization and drops quickly as utilization decreases.” 

–Luiz André Barroso and Urs Hölzle1 

 

aximizing energy efficiency �that is, 
Work

Energy
 

or equivalently, 
Performance

Power
� has economic 

and environmental benefits as it minimizes the 

energy needed to do a given computation. Barroso and 

Hölzle observed that real systems—at that time—attain peak 

efficiency at peak utilization, but quickly lose efficiency as 

utilization drops as they are unable to proportionately reduce 

power consumption. They posit that an “ideal” energy-

proportional system should always use energy in proportion 

to the work done, by maintaining this peak efficiency even 

at reduced load. 

Figure 1 illustrates this original model for a rack-

mounted single-node Supermicro 5018D-MTF server w i t h  

o n e  4 - c o r e  I n t e l  X e o n  E3-1275 v3 processor2 

( l a u n c h e d :  Q 2 ’ 1 3 ,  c u r r e n t  s t a t u s :  “ E n d  o f  

L i f e ” )  t h a t  i s  running the load-varying SPECpower3 

workload. Figure 1(upper) shows the server’s power-

performance profile at different load levels with the highest 

processor frequency. We label these points with Peak 

Performance Configuration since the machine can serve 

maximum load (peak performance) with this configuration. 

The EP line represents Barroso and Hölzle’s ideal energy-

proportional profile,1 where performance is linearly 

proportional to power. We consider this a design ideal for 

future systems, since current systems have unavoidable idle 

power consumption. The Dynamic EP line accounts for idle 

power,4 and represents an operational ideal for the current 

system. This server’s Peak Performance Configuration 

achieves power-performance very close to Dynamic EP. 

Figure 1(lower) shows that the corresponding energy 

efficiency (η), normalized to that at peak performance, 

reduces quickly from 100% as performance drops. In 

contrast, an EP system is always 100% efficient. 

Barroso and Hölzle’s observation has been instrumental 

in helping drive recent system designs to have lower idle 

power and a wide dynamic power range. However, their 

model describes systems with fixed resources, while these 
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Figure 1: The EP and Dynamic EP models for energy efficiency

best describe ideal behavior for systems with fixed resources. 
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Figure 2: Power-performance and energy efficiency profiles for

super-proportional systems with reconfigurable resources. EP and 

Dynamic EP do not describe ideal behavior for such systems. 



modern, more-efficient processors have reconfigurable 

resources—e.g., core frequencies, voltages, number of 

active cores, threads per core, etc.—that can be varied at 

runtime. 

Operating with fixed resources can be inefficient when a 

server faces variable loads, either due to fluctuating 

demands, or service consolidation and load balancing5, 6, 7 

among other servers. Servers are usually configured for 

maximum performance (that is, the Peak Performance 

Configuration), but other configurations can trade 

performance for greater energy efficiency. Figure 2(upper) 

shows that changing the socket frequency (and consequently 

voltage) results in energy efficiency that exceeds the EP 

profile. Specifically, by varying the frequency from 3.9 to 

0.8 GHz, this server can achieve higher efficiency over 

almost 60% of the performance range (points in the shaded 

Super-Proportional region—where performance is super-

proportional to power). Figure 2(lower) shows that the 

maximum efficiency (ηmax, occurring at approximately two-

thirds load) is 29% higher relative to the EP energy 

efficiency, for this server.  

Reconfigurable systems create opportunities for 

increased efficiency even outside the super-proportional 

region. For example, Figure 2(lower) shows that the Peak 

Performance Configuration has a relative efficiency of 61% 

at 30% load, but a different configuration attains a relative 

efficiency of 88% for that load. Thus, the usual server 

configuration uses 44% more energy than necessary to 

satisfy the load, despite being nearly on the Dynamic EP 

line. 

Clearly, neither EP nor Dynamic EP describes the full 

potential of modern computing systems. While non-linearity 

with reconfiguration is well-known, e.g., with frequency 

(and voltage) control, the existing ideal models do not 

consider its impact on peak efficiency. 

 

Redefining EP and Dynamic EP 
The EP model assumes that maximum energy efficiency 

occurs at maximum (100%) load and argues that an ideal 

system should achieve that efficiency for all loads. Yet 

Figure 2 shows that a reconfigurable server actually attains 

maximum efficiency (ηmax) at a lower load (ηmax_L < 100%). 

We argue that a better ideal model is one that achieves this 

optimal efficiency ηmax for all loads. 

We call this new model EOP (Energy Optimal 

Proportional) since it is both optimal and proportional. 

EOP is a design ideal that gives system designers a  way 

to measure how far the energy efficiency of a target design 

differs from the best possible design, hopefully leading to 

more energy-efficient systems. EOP subsumes the EP model 

for all systems—it improves upon EP for super-proportional 

systems and is identical to it for all others. 

Of course real systems are unlikely to achieve this design 

ideal, e.g., due to unavoidable idle power, so system 

software needs an operational model that characterizes the 

maximum efficiency that can be realized by the current 

system at different loads. We address this using the well-

known power-performance Pareto frontier,8, 9 shown as a 

dashed line in Figures 2–4. The Pareto frontier represents 

configurations in the current system that use the lowest 

power, and hence are the most efficient, among all 

configurations that can serve a given load. 

We call this model Dynamic EO. Like Dynamic EP, it is 

an operational ideal that seeks to characterize the best energy 

efficiency that can be achieved for a given system. But it 

differs from Dynamic EP in two aspects—it characterizes 

optimality that can already be realized by some among the 

multitude of configurations in the current system and it does 

not assume linearity of the power-performance profile. 

Figure 3 illustrates the different models. These are the 

• design ideals: conventional (EP), new (EOP), and 

• operational ideals: conventional (Dynamic EP), 

new (Dynamic EO). 

The EOP line meets (is tangential to) the Dynamic EO line 

only at points having the maximum efficiency (ηmax). The 

following energy efficiency relations hold for any system: 

Dynamic EP ≤ EP ≤ EOP and Dynamic EO ≤ EOP where 

≤ means less than or equal to for values of efficiency. 

Systems, like our server, that can operate in the non-Sub-

Linear region for any portion of their performance range 

have Dynamic EP ≤ Dynamic EO for all such loads. 

SPECpower Overview 

  levels 100%, 90%, . . ., 0%. In these intervals, the load 

served must be within 2% (up to 2.5% shortfall for the 

100% and 90% intervals is allowed) of the offered load. 

The workload measures full system power (at the wall). 

      We refer to 100% load as the maximum load achieved 

for the Peak Performance Configuration (all cores at the 

highest frequency and prefetching enabled). All loads are 

normalized with respect to that peak load. 

      This Java workload simulates warehouse transaction 

processing, with (by default) as many warehouses as logical 

processors on the system under test, i.e., the server.  

Transaction requests to each warehouse arrive in batches 

with (negative) exponentially distributed interarrival times. 

The server load is measured in total transactions per 

second. The workload first calibrates the maximum, or 

100%, load. Next, it does measurement intervals at load 
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Figure 3: Existing (EP, Dynamic EP) and new (EOP, Dynamic EO) 

ideal models for energy efficiency. 



 

Computational PUE 
A hypothetical ideal system, i.e., one that meets the 

design ideal EOP, achieves maximal energy efficiency 

(ηmax) and thus minimizes the energy (Emin) needed for 

a given computation regardless of load. We would like a 

metric to quantify the excess energy used by a real system, 

compared to this ideal system. 

Our new metric, Computational Power Usage 

Effectiveness (or, CPUE), measures how much energy a 

server uses with configuration c at load l compared to the 

energy used by EOP. We define 

        CPUE(c, l) =
Actual server energy with c at l

EOP energy at l
 ,     l > 0  

                           =
E(c, l)

Emin
 ,                                             l > 0 

      Thus, E(c, l) = CPUE(c, l) × Emin ,                 l > 0 

CPUE(c, l) is inspired by the well-known PUE metric10 

that tracks energy waste for datacenters by taking the ratio 

of facility energy consumption to energy consumption by IT 

equipment. PUE > 1 quantifies excess relative energy used 

by the datacenter due to the non-IT infrastructure. Similarly, 

CPUE(c, l) > 1 quantifies excess computational energy 

used, relative to Emin, whenever efficiency drops below ηmax. 

We have seen that there are two major factors that lead to 

energy inefficiencies: i) running the system at a non-optimal 

load and ii) for a given load, running the system with a 

non-optimal configuration. We can decompose CPUE(c, l) 
to isolate these two factors. 

We defined CPUE(c, l) as E(c, l)/Emin. For a given 

amount of work, energy consumed is inversely proportional 

to efficiency. Thus, 

        CPUE(c, l) =
ηmax

η(c, l)
 ,                                                l > 0  

                           = � ηmax

ηPareto(l)
� ×  �ηPareto(l)

η(c, l)
�  ,            l > 0 

                           =     LUE(l)    ×     RUE(c, l) ,           l > 0 

      Thus, E(c, l) = LUE(l) × RUE(c, l) × Emin ,          l > 0 

where LUE(l) denotes Load Usage Effectiveness at load 

l and RUE(c, l) denotes Resource Usage Effectiveness of 

configuration c at load l.  
LUE(l) is the efficiency of EOP (ηmax) relative to that of 

Dynamic EO at load l. LUE(l) ≥ 1 with LUE(l) = 1 ⇐⇒ l 
can be served at maximum efficiency (ηmax). Since energy 

consumed is inversely proportional to efficiency, LUE(l) > 

1 quantifies excess energy used, relative to Emin, due to 

non-optimal loads assuming that the Pareto-optimal 

configuration has been chosen to serve load l. 

RUE(c, l) is the efficiency of Dynamic EO relative to 

that of configuration c, both at load l. RUE(c, l) ≥ 1 with 

RUE(c, l) = 1 ⇐⇒ c is a Pareto-optimal configuration. 

RUE(c, l) > 1 quantifies excess energy used, relative to 

Dynamic EO, due to using non-optimal (Pareto-

dominated) configuration c for serving load l. 

Both LUE(l) and RUE(c, l) can be expressed in terms 

of CPUE(c, l). Since RUEPareto(l) = 1 for every l, 

LUE(l) = CPUEPareto(l) and RUE(c, l) = CPUE(c, 
l)/CPUEPareto(l).  

Calculating LUE and RUE (as well as determining EOP 

and Dynamic EO) requires knowledge of the Pareto frontier. 

In this work, we determine the frontier offline by running 

the workload multiple times with the server configured to 

different frequencies. Offline characterization is also used in 

prior work,8, 9 but may not be feasible in an online setting 

with unknown workloads. In the next sections we introduce 

an online policy that closely approximates the frontier by 

controlling processor frequency and cache prefetching. 

Power-Performance Pareto Frontier (Dynamic EO) 

  lowest power state with/without a minimum performance 

bound, the highest performance-per-watt state, the lowest 

energy state, the lowest energy-delay state, etc. will always 

lie on the Pareto frontier.  

      Pareto-optimal states have the same total order in both 

power and performance. So, increasing the power budget 

will improve performance at the Pareto frontier if the 

power is used. This is not true for the whole state space 

where states with less performance can use more power. 

 

      Every system configuration, or state, can be 

characterized by its performance and power consumption. 

The Pareto frontier is the subset of system states that are 

Pareto-optimal, that is, for which no other state exists with 

higher performance for at most that power or lower power 

for at least that performance.  

      Metric-optimizing states, for example, the most 

energy-efficient state (efficiency ), the highest 

performing state with/without a maximum power cap, the 
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Figure 4: New energy efficiency metrics, CPUE(c, l) and LUE(l) 

for configuration c and load l. CPUE >1 indicates suboptimal c 

and/or l whereas LUE >1 indicates suboptimal l but Pareto-optimal 

c for that l. These metrics → ∞ as l → 0 due to non-zero idle 

power.  CPUE(c, l) ≥ CPUEPareto(l) = LUE(l). 



 

Load Management: reduce LUE  
Most data centers are provisioned to meet peak load, but 

normally operate at much lower load levels. The LUE metric 

can help operators quantify the potential benefit of deploying 

load management policies,5, 6, 7 e.g., concentrating load on 

some servers and shutting down others. Of course, any such 

policy must also ensure that service-level agreements are 

still satisfied. 

Figure 4 shows that CPUE for the Peak Performance 

Configuration is always > 1 (wastes energy) and increases as 

load decreases. The best CPUE for this configuration is 1.29, 

occurs at peak load, and implies 29% excess energy used 

relative to Emin. LUE (that is, CPUE for Dynamic EO), on 

the other hand, first decreases to 1, then increases, revealing 

a sweet spot of ≤ 10% excess energy used at around 51%– 

90% of peak performance. 

Barroso and Hölzle1 observed that servers typically 

operate at 10%–50% load. The LUE curve for SPECpower 

(Figure 4), shows excess energy used due to suboptimal 

load of approximately 10% at the higher end of this range, 

to over 250% (not shown) at the lower end. The steep slope 

Related Work in Energy Efficiency Characterization 

  Dynamic EO, replacing the conventional ideals. 

      Song et al.8 proposed Iso-energy-efficiency (EE) as the 

energy ratio between sequential and parallel executions of 

a given application. EE aims for equal efficiency as a 

system scales up whereas EP and EOP aim for equal 

efficiency as a system experiences variable loads. Our 

CPUE, LUE, and RUE metrics use EOP or Dynamic EO 

for reference instead of specific execution modes and 

consider the load along with the configuration for 

quantifying losses. 

      Barroso and Hölzle9 compute datacenter energy 

consumption as PUE × SPUE × energy to electronic 

components. While PUE10 accounts for non-IT overheads 

in datacenter infrastructure, SPUE (Server PUE) accounts 

for overheads within a server, e.g., power supply unit 

(PSU) losses. CPUE, LUE, and RUE do not separate 

SPUE losses from computing energy but separate energy-

wasting configurations and loads from optimal ones. 
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      Barroso and Hölzle1 were the first to propose the idea 

of energy proportionality. They compute power efficiency 

as 
Utilization

Power
. We use the same definition for efficiency, but 

redefine utilization as percentage of peak performance. 

      David Lo et al.2 proposed a relaxed model of energy 

proportionality, called Dynamic Energy Proportionality, 

that ignores idle power. This corresponds to the Dynamic 

EP line in Figure 1. This linear model has also been 

studied in other prior works.3, 4 Daniel Wong and Murali 

Annavaram4 name the region that we call Sub-Linear as 

Superlinear. We prefer to use “Sub-” in the sense that 

operating in this region lowers efficiency compared to that 

on Linear (Dynamic EP).  

      Chung-Hsing Hsu and Stephen W. Poole5 observed 

real machines doing better than the conventional design 

ideal, EP, that assumes linear proportionality. They 

proposed quadratic proportionality as the new ideal. 

However, this makes ideal system efficiency load-

dependent, with higher efficiency at lower loads than at 

higher loads. 

      Our view is that the design ideal, EOP, will have 

maximum efficiency (ηmax) independent of load and will 

consume power linearly proportional to load, as proposed 

in the original EP model, but the constant of 

proportionality is different: it is defined by the most 

efficient configuration instead of by the peak performance 

configuration. The Pareto frontier (Dynamic EO) is the 

operational ideal for the system and its efficiency is load-

dependent. The most efficient configurations lie at the 

intersection of the EOP and Dynamic EO curves. 

      A number of metrics for characterizing energy 

efficiency exist. Efficiency �Performance

Power
� can be computed 

at individual loads,1 or as  
Total Performance

Total Power
 over all loads.6 

Metrics based on the dynamic power range compute the 

ratio between the idle and peak power consumptions.3 

Other metrics consider the deviation of the power curve 

from an ideal curve, e.g., maximum relative power 

difference with respect to Dynamic EP,3 area enclosed by 

the power curve relative to that by Dynamic EP4 or EP,4, 7 

power used in excess to that by EP,4 etc. These metrics 

continue to be useful with the new ideals, EOP and 



Reactive, R(t,p), governor design 

Within repeating intervals of t milliseconds each, it 

1. profiles performance with L2 cache prefetching 

turned off and on for p/2 milliseconds each and 

chooses the better-performing prefetch mode, and 

2. selects the highest frequency (0.5 GHz granularity) 

that i t  p red ic ts  will not result in idle cycles by 

dividing the rate per second of a c t i v e  cycles 

(CPU_CLK_UNHALTED.THREAD) with the 

number of logical cores. To react to sudden 

performance demands, it increases frequency in 

doubling steps (0.1 GHz starting step size) over 

consecutive intervals if the target frequency is not 

less than the current frequency.  

 

of the LUE curve at low loads makes even modest load 

management very attractive. For example, increasing load 

from 10% to 20% of peak reduces LUE from 3.55 (255% 

excess) to 1.99 (99% excess) and a further increase to 25% 

peak load reduces LUE to 1.68 (68% excess). 

 

Configuration Management: reduce RUE 
Even in a data center with perfect load balancing, 

reconfigurable servers may be misconfigured, wasting 

significant energy even at optimal load. Figure 5 shows RUE 

for SPECpower for all system configurations (DVFS) and 

loads. Operating with the Peak Performance Configuration 

is significantly wasteful, e.g., 21% excess energy used at 

10% load compared to operating at Dynamic EO. The excess 

increases to 51% before decreasing to zero at peak load. 

Not all Pareto-dominated configurations are as wasteful—

the shaded band identifies configurations that have an RUE 

of ≤ 1.1 and hence limit the extra energy used to 10%. 

Linux includes various governors11 that govern proces- 

sor frequency by either setting it to a fixed value or varying 

it in response to processor utilization. In Figure 6, we use 

the prefix ‘L-’ to label the power-performance profiles of 

SPECpower with Linux governors performance, ondemand, 

conservative, and powersave. L-powersave lies fully on 

Dynamic EO, but can serve only up to 27% of peak load. 

The other governor profiles are distant from Dynamic EO, 

thus having large RUE values. 

Spiliopoulos, Kaxiras, and Keramidas proposed green 

governors12 that predict performance and power for various 

frequencies and select the best configuration. A simpler 

reactive governor, R(t,p), works well for SPECpower. 

Figure 6 shows that R(100,20) has low RUE throughout the 

performance range and even exceeds the former peak 

performance, by around 4%, due to cache prefetch control. 

 

his work explores the relation between two well-

known but dissimilar concepts, (power-

performance) Pareto optimality and energy proportionality, 

both of which share the end goal of making computing 

more energy efficient. While system components are 

increasingly being designed to be reconfigurable, identifying 

the Pareto frontier is challenging, particularly with multiple 

reconfigurable resources and dynamically changing runtime 

environments. Scheduling frameworks that carefully choose 

configurations and operating ranges will unlock the full 

potential of current and future reconfigurable systems. 
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