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Demand vs Supply in Power 
Industry

Ideal: Supply  = Demand 
Fact: Supply   ≠ Demand

?
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• Market-based program to extract flexibility on the 
demand side, to reduce peak energy usage and 
cost, and to increase adoption of renewables, 
etc. 

Demand Response
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Emergency Demand Response
• Reduce energy consumption to a certain level during 

emergencies; 

• The last line of defence for power grids before 
cascading blackouts take place; 
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Data Centers are Power-
Hungry

In 2013, U.S. data centers 
power consumption

91 billion kWh of electricity;  
34 large (500-MW) power plants;

roughly 140 billion kWh annually by 2020,  
50 large power plants,  

$13 billion annually in electricity bills  
100 million metric tons of carbon pollution per year.
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Data Centers in EDR

• Data centers are promising participants in 
emergency demand response; 

• For example, On July 22, 2011, hundreds of data 
centers participated in emergency demand 
response and contributed by cutting their electricity 
usage before a nation-wide blackout occurred in 
the U.S. and Canada. 
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Co-location Data Centers 

A photo of a colocation 
data center

• Most large data centers are colocations; 
(1,200 colocations in the U.S.) 

• Many colocations are in metropolitan 
areas, where demand response is most 
wanted; 

• Highly “Uncoordinated”. Unlike owner-
operated data centers, colocations have 
no control of the servers which are 
managed by the tenants;  

• “No incentive to save energy”. Typical 
pricing approach is based on the tenants’ 
subscribed power at fixed rates, 
regardless of their power usage.
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37% 53%

Traditional Enterprise
Colocation DC
Hyper-scale Cloud
High-performance Computing

Estimated % of Electricity Usage by U.S. Data Center Segment in 2011 

The now U.S.$25 billion global colocation market is 
expected to grow to U.S.$43 billion by 2018 with a 
projected annual compound growth rate of 11%. 
Current Trend: many enterprise in-house 
data centers are moving to colocations! 
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How do colocations 
help in EDR?



Goals of Auction Approach

• Provide incentive to tenants in colocations; 

• Eliminate falsified bids from strategic tenants; 

• Try to minimize the colocation-wide cost;
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Colocation-Wide Cost Minimization

Both the compensation rate and the energy reduction target
are typically determined using separate mechanisms [3]. For
example, the compensation rate is often determined through
a separate market between the power grid and many EDR
participants (e.g., data centers), which cannot be manipulated
by a single data center. The energy reduction target is also
determined well beforehand, e.g., the colocation may commit
an energy reduction capacity for EDR three years ahead [3].

We formulate below the social cost minimization problem,
referred to as MinCost, which provides the optimal winner de-
termination decisions and usage of BES (i.e., EDR strategies)
for the colocation operator, to achieve the energy reduction
target δ, assuming truthful bids are known.

MinCost: minimizex,y αy +
!

i∈N

bixi (1)

subject to:

y + γ
!

i∈N

eixi ≥ δ, (1a)

xi ∈ {0, 1}, ∀i ∈ N , (1b)

y ≥ 0. (1c)

where γ ·
!

i∈N eixi is the colocation-level energy reduction

resulting from tenants’ server energy reduction
!

i∈N eixi.

MinCost belongs to minimum knapsack problems and is
NP-hard [25]. This makes direct application of the VCG
mechanism computationally infeasible, for VCG requires ex-
actly solving the underlying winner determination problem
multiple times. We instead design a randomized auction that
is truthful in expectation and also computationally efficient.
Before concluding this section, we note that a baseline, based
on average energy consumption of the same time during past
weeks, will be used to verify tenants’ actual energy reduction,
which is typical in incentive-based approaches and similar to
how power utility verifies its customer’s energy reduction [3].

IV. TRUTH-DR: TRUTHFUL INCENTIVE MECHANSIM

This section develops a truthful and efficient mechanism,
called Truth-DR, to incentivize tenants’ participation in EDR.
Truth-DR works based on a randomized mechanism that
converts a 2-approximation algorithm, which solves the social
cost minimization problem, into a truthful and computational
efficient auction. We prove that the randomized auction also
achieves a 2-approximation ratio in social cost. In what
follows, we first design an efficient, 2-approximation algo-
rithm based on a primal-dual technique, and then design the
randomized auction using the algorithm as a plug-in module
to achieve truthfulness.

A. A 2-Approximation Algorithm

To efficiently solve MinCost in (1) for winner determination
and BES usage, a natural approach is to relax the integrality
constraints (1b) to 0 ≤ xi ≤ 1, ∀i ∈ N , to obtain a linear
program (LP), solve it using standard LP solution techniques,
and then round the (possibly) fractional solution x to integers.
However, the integrality gap, i.e., the ratio between the optimal

social cost of (1) to the optimal social cost of the relaxed
LP, can be unbounded. For example, consider a case where
only one tenant participates in the auction, with N = 1, b1 =
1, e1 = α > 1, γ = 1, δ = 1. The optimal integer solution to
(1) is (x1 = 1, y = 0), and the social cost is 1. The relaxed
LP however would pick a solution (x1 = 1/α, y = 0), which
results in a social cost of 1/α. The integrality gap is hence α,
which is unbounded when α → ∞.

We design an efficient primal-dual algorithm to provide
a feasible solution to (1), which provably achieves a 2-
approximation in social cost, based on an enhanced LP re-
laxation of (1). Following the technique of redundant LP
constraints [25], [26], we introduce valid inequalities that are
satisfied by all feasible mixed integer solutions of (1) into the
LP relaxation.

Let S be a subset of bids in N . Define ∆(S) = δ −
γ
!

i∈S ei, denoting how much energy reduction the coloca-

tion still needs to achieve the target δ, when all bids in S are
accepted. Let ei(S) = min{γei,∆(S)} denote the contribu-
tion of an additional bid i in making up the discrepancy. The
enhanced linear program relaxation (LPR) is:

LPR-Primal: minimize αy +
!

i∈N

bixi (2)

subject to:

y +
!

i∈N\S

ei(S)xi ≥ ∆(S), ∀S ⊆ N : ∆(S) > 0 (2a)

y ≥ 0, xi ≥ 0, ∀i ∈ N (2b)

Constraints in (2a) can be considered as an enumeration of all
possible solutions to achieve the energy reduction target. Each
constraint in (2a) assumes that all bids in subset S, ∀S ⊆ N ,
are accepted, and limit the solution space to decisions on other
bids in N \S, to make up for the gap ∆(S) > 0 to the energy
reduction target. Clearly any feasible mixed integer solution
(xi being integer) to LPR (2) is feasible to the original problem
(1), and vice versa. We next formulate the dual of LPR (2)
by introducing a dual variable z(S) corresponding to each
constraint in (2a).

LPR-Dual: maximize
!

S⊆N :∆(S)>0

∆(S)z(S) (3)

subject to:

!

S⊆N :∆(S)>0

z(S) ≤ α (3a)

!

S⊆N :i∈N\S,∆(S)>0

ei(S)z(S) ≤ bi ∀i ∈ N (3b)

z(S) ≥ 0 ∀S ⊆ N : ∆(S) > 0 (3c)

Algorithm 1 shows the approximation algorithm, based on
the LPR (2) and its dual (3), to derive a feasible, 2-approximate
solution to MinCost in (1). The idea of the algorithm is to

cost of backup  
energy storage energy reduction cost

energy reduction  
by winning tenants EDR target
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Can VCG Auction Help?

• The underlying problem is NP-complete;   

• Optimally solving the cost minimization problem is 
computationally infeasible; 

• NO! VCG auction cannot help in an efficient way!
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Truth-DR
• We propose a reverse auction named Truth-DR,

Tenant 1 Tenant 2 Tenant 3 Tenant N

...
Step1: EDR signal

Step2: Solicit bids from tenants

Step3: Submit bids

Step4: Notify tenants winning bids & payments

Colocation Operator
(Auctioneer)
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Truth-DR
• Properties: 

• truthful in expectation 

• computationally efficient;

• individually rational

• 2-approximation in colocation-wide social cost, 
compared with the optimal solution. 
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Details about Truth-DR

Design a 2-
approximation 

algorithm

a randomized 
auction  

framework
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2-Approximation Algorithm
MiniCost

Enhanced   
LPR

. ..
.

. . ..
.

.
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2-Approximation Algorithm
MiniCost

Enhanced   
LPR LPR-Dual

lower bound  
of OPT
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Randomized Auction Framework
Algorithm 2 Truth-DR: Truthful Randomized Auction

1: Optimal Fractional Solution

• Solve LPR (2), obtaining optimal BES usage y∗ and optimal

fractional winner decisions x
∗.

2: Decomposition into Mixed Integer Solutions

• Decompose the fractional decisions (min{βx∗,1}, βy∗) to

a convex combination of feasible mixed integer solutions

(xl, yl), l ∈ I, of (1) using a convex decomposition

technique, using Alg. 1 as the separation oracle in the

ellipsoid method to solve the primal/dual decomposition

LPs.

3: Winner Determination and Payment

• Select a mixed integer solution (xl, yl) from set I ran-
domly, using weights of the solutions in the decomposition
as probabilities

• Calculate the payment of tenant i as

fi =

!

0 if xi = 0

bi +
!αγei
bi

min{2x∗

i (b,b−i),1}db

min{2x∗

i (bi,b−i),1}
otherwise

(min is component-wise minimum in all the above.)

since otherwise, the expected social cost achieved by these
mixed integer solutions equals that achieved by the fractional
solution, contradicting the fact that the fractional solution
achieves a lower social cost than any possible mixed integer
solution. Therefore, to enable a feasible decomposition, we
need to scale up the optimal fractional solution by a certain
factor. If there exists an approximation algorithm that solves
the underlying winner determination problem with an approxi-
mation ratio of β, then we can use β as the scaling factor [29].
In addition, min{βx∗,1} should be used to replace βx∗, to
be decomposed into a convex combination of feasible integer

solutions xl’s, in order to ensure that the decomposition is
feasible. Otherwise, if there exists an entry in vector βx∗

larger than 1, the decomposition is infeasible: since each entry

in xl is at most 1, with a convex combination, we have that
the left-hand side of (4a)

!

l∈I νlx
l ≤ 1. The linear program

for this convex decomposition is:

maximize
"

l∈I

νl (4)

subject to:

"

l∈I

νlx
l = min{βx∗,1} (4a)

"

l∈I

νly
l ≤ βy∗ (4b)

"

l∈I

νl ≤ 1 (4c)

νl ≥ 0, ∀l ∈ I (4d)

The BES cost α is the cost of the colocation operator (auction-
eer) rather than tenants (bidders). The exact decomposition in

(4a) is to ensure that a tenant’s winning probability satisfies
the truthfulness condition in Theorem 2. Non-exact decompo-
sition of βy∗ will not affect the truthfulness of the auction,
and hence (4b) is an inequality rather than an equality.

We can solve the decomposition problem (4) by finding all
the possible mixed integer solutions to (1), and then directly
solve LP (4) to derive the decomposition weights νl’s. But
there are exponentially many possible mixed integer solutions
and hence an exponential number of variables in this LP. We
therefore resort to its dual below, where dual variables µ, ω
and φ are associated with primal constraints (4a), (4b) and
(4c), respectively:

minimize βy∗ω +
N
"

i=1

min{βx∗
i , 1}µi + φ (5)

ylω +
"

i∈N

xl
iµi + φ ≥ 1, ∀l ∈ I (5a)

ω ≥ 0, φ ≥ 0 (5b)

Though the dual has an exponential number of constraints,
the ellipsoid method can be applied to solve it in polynomial-
time [28]. The ellipsoid method can obtain an optimal dual
solution using a polynomial number of separating hyperplanes.
Algorithm 1 can help find violated dual constraints that act
as separating hyperplanes in the ellipsoid method to cut the
solution space, and a feasible mixed integer solution to (1) can
be derived each time a separating hyperplane is generated.
Hence, a polynomial number of candidate solutions to (1)
are produced through the process of the ellipsoid method,
and the primal decomposition LP (4) can be reduced to a
linear program with a polynomial number of variables (νl’s)
corresponding to these solutions. Then we can solve the
reduced primal problem in polynomial time. The correctness
of the above decomposition method is given in the following
lemma, whose proof is available in the technical report [27].

Lemma 2. The decomposition method correctly obtains a

polynomial number of mixed integer solutions xl’s to the

MinCost problem (1), and convex combination weights νl’s
which achieve the optimal objective value

!

l∈I νl = 1 for

(4), in polynomial time.

3) Winner Determination and Payment: We decide the win-

ners by randomly selecting a mixed integer solution (xl, yl)
from the set obtained through the decomposition method, with
the weights νl’s in the decomposition as probabilities. We next
design a payment for each winner, such that truthfulness of the
auction can be guaranteed.

We have shown that the optimal fractional solution of our
covering problem cannot be decomposed into a series of
weighted mixed integer solutions through simply scaling it up
by a factor, i.e., βx∗; instead, we decompose {βx∗,1}. Our
new decomposition rules out applications of a fractional-VCG
type of payment. However, we discover that our randomized
solution to (1) satisfies a set of nice properties that enable us
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Randomized Auction Framework
Algorithm 2 Truth-DR: Truthful Randomized Auction

1: Optimal Fractional Solution

• Solve LPR (2), obtaining optimal BES usage y∗ and optimal

fractional winner decisions x
∗.

2: Decomposition into Mixed Integer Solutions

• Decompose the fractional decisions (min{βx∗,1}, βy∗) to

a convex combination of feasible mixed integer solutions

(xl, yl), l ∈ I, of (1) using a convex decomposition

technique, using Alg. 1 as the separation oracle in the

ellipsoid method to solve the primal/dual decomposition

LPs.

3: Winner Determination and Payment

• Select a mixed integer solution (xl, yl) from set I ran-
domly, using weights of the solutions in the decomposition
as probabilities

• Calculate the payment of tenant i as

fi =

!

0 if xi = 0

bi +
!αγei
bi

min{2x∗

i (b,b−i),1}db

min{2x∗

i (bi,b−i),1}
otherwise

(min is component-wise minimum in all the above.)

since otherwise, the expected social cost achieved by these
mixed integer solutions equals that achieved by the fractional
solution, contradicting the fact that the fractional solution
achieves a lower social cost than any possible mixed integer
solution. Therefore, to enable a feasible decomposition, we
need to scale up the optimal fractional solution by a certain
factor. If there exists an approximation algorithm that solves
the underlying winner determination problem with an approxi-
mation ratio of β, then we can use β as the scaling factor [29].
In addition, min{βx∗,1} should be used to replace βx∗, to
be decomposed into a convex combination of feasible integer

solutions xl’s, in order to ensure that the decomposition is
feasible. Otherwise, if there exists an entry in vector βx∗

larger than 1, the decomposition is infeasible: since each entry

in xl is at most 1, with a convex combination, we have that
the left-hand side of (4a)

!

l∈I νlx
l ≤ 1. The linear program

for this convex decomposition is:

maximize
"

l∈I

νl (4)

subject to:

"

l∈I

νlx
l = min{βx∗,1} (4a)

"

l∈I

νly
l ≤ βy∗ (4b)

"

l∈I

νl ≤ 1 (4c)

νl ≥ 0, ∀l ∈ I (4d)

The BES cost α is the cost of the colocation operator (auction-
eer) rather than tenants (bidders). The exact decomposition in

(4a) is to ensure that a tenant’s winning probability satisfies
the truthfulness condition in Theorem 2. Non-exact decompo-
sition of βy∗ will not affect the truthfulness of the auction,
and hence (4b) is an inequality rather than an equality.

We can solve the decomposition problem (4) by finding all
the possible mixed integer solutions to (1), and then directly
solve LP (4) to derive the decomposition weights νl’s. But
there are exponentially many possible mixed integer solutions
and hence an exponential number of variables in this LP. We
therefore resort to its dual below, where dual variables µ, ω
and φ are associated with primal constraints (4a), (4b) and
(4c), respectively:

minimize βy∗ω +
N
"

i=1

min{βx∗
i , 1}µi + φ (5)

ylω +
"

i∈N

xl
iµi + φ ≥ 1, ∀l ∈ I (5a)

ω ≥ 0, φ ≥ 0 (5b)

Though the dual has an exponential number of constraints,
the ellipsoid method can be applied to solve it in polynomial-
time [28]. The ellipsoid method can obtain an optimal dual
solution using a polynomial number of separating hyperplanes.
Algorithm 1 can help find violated dual constraints that act
as separating hyperplanes in the ellipsoid method to cut the
solution space, and a feasible mixed integer solution to (1) can
be derived each time a separating hyperplane is generated.
Hence, a polynomial number of candidate solutions to (1)
are produced through the process of the ellipsoid method,
and the primal decomposition LP (4) can be reduced to a
linear program with a polynomial number of variables (νl’s)
corresponding to these solutions. Then we can solve the
reduced primal problem in polynomial time. The correctness
of the above decomposition method is given in the following
lemma, whose proof is available in the technical report [27].

Lemma 2. The decomposition method correctly obtains a

polynomial number of mixed integer solutions xl’s to the

MinCost problem (1), and convex combination weights νl’s
which achieve the optimal objective value

!

l∈I νl = 1 for

(4), in polynomial time.

3) Winner Determination and Payment: We decide the win-

ners by randomly selecting a mixed integer solution (xl, yl)
from the set obtained through the decomposition method, with
the weights νl’s in the decomposition as probabilities. We next
design a payment for each winner, such that truthfulness of the
auction can be guaranteed.

We have shown that the optimal fractional solution of our
covering problem cannot be decomposed into a series of
weighted mixed integer solutions through simply scaling it up
by a factor, i.e., βx∗; instead, we decompose {βx∗,1}. Our
new decomposition rules out applications of a fractional-VCG
type of payment. However, we discover that our randomized
solution to (1) satisfies a set of nice properties that enable us
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Randomized Auction Framework
Algorithm 2 Truth-DR: Truthful Randomized Auction

1: Optimal Fractional Solution

• Solve LPR (2), obtaining optimal BES usage y∗ and optimal

fractional winner decisions x
∗.

2: Decomposition into Mixed Integer Solutions

• Decompose the fractional decisions (min{βx∗,1}, βy∗) to

a convex combination of feasible mixed integer solutions

(xl, yl), l ∈ I, of (1) using a convex decomposition

technique, using Alg. 1 as the separation oracle in the

ellipsoid method to solve the primal/dual decomposition

LPs.

3: Winner Determination and Payment

• Select a mixed integer solution (xl, yl) from set I ran-
domly, using weights of the solutions in the decomposition
as probabilities

• Calculate the payment of tenant i as

fi =

!

0 if xi = 0

bi +
!αγei
bi

min{2x∗

i (b,b−i),1}db

min{2x∗

i (bi,b−i),1}
otherwise

(min is component-wise minimum in all the above.)

since otherwise, the expected social cost achieved by these
mixed integer solutions equals that achieved by the fractional
solution, contradicting the fact that the fractional solution
achieves a lower social cost than any possible mixed integer
solution. Therefore, to enable a feasible decomposition, we
need to scale up the optimal fractional solution by a certain
factor. If there exists an approximation algorithm that solves
the underlying winner determination problem with an approxi-
mation ratio of β, then we can use β as the scaling factor [29].
In addition, min{βx∗,1} should be used to replace βx∗, to
be decomposed into a convex combination of feasible integer

solutions xl’s, in order to ensure that the decomposition is
feasible. Otherwise, if there exists an entry in vector βx∗

larger than 1, the decomposition is infeasible: since each entry

in xl is at most 1, with a convex combination, we have that
the left-hand side of (4a)

!

l∈I νlx
l ≤ 1. The linear program

for this convex decomposition is:

maximize
"

l∈I

νl (4)

subject to:

"

l∈I

νlx
l = min{βx∗,1} (4a)

"

l∈I

νly
l ≤ βy∗ (4b)

"

l∈I

νl ≤ 1 (4c)

νl ≥ 0, ∀l ∈ I (4d)

The BES cost α is the cost of the colocation operator (auction-
eer) rather than tenants (bidders). The exact decomposition in

(4a) is to ensure that a tenant’s winning probability satisfies
the truthfulness condition in Theorem 2. Non-exact decompo-
sition of βy∗ will not affect the truthfulness of the auction,
and hence (4b) is an inequality rather than an equality.

We can solve the decomposition problem (4) by finding all
the possible mixed integer solutions to (1), and then directly
solve LP (4) to derive the decomposition weights νl’s. But
there are exponentially many possible mixed integer solutions
and hence an exponential number of variables in this LP. We
therefore resort to its dual below, where dual variables µ, ω
and φ are associated with primal constraints (4a), (4b) and
(4c), respectively:

minimize βy∗ω +
N
"

i=1

min{βx∗
i , 1}µi + φ (5)

ylω +
"

i∈N

xl
iµi + φ ≥ 1, ∀l ∈ I (5a)

ω ≥ 0, φ ≥ 0 (5b)

Though the dual has an exponential number of constraints,
the ellipsoid method can be applied to solve it in polynomial-
time [28]. The ellipsoid method can obtain an optimal dual
solution using a polynomial number of separating hyperplanes.
Algorithm 1 can help find violated dual constraints that act
as separating hyperplanes in the ellipsoid method to cut the
solution space, and a feasible mixed integer solution to (1) can
be derived each time a separating hyperplane is generated.
Hence, a polynomial number of candidate solutions to (1)
are produced through the process of the ellipsoid method,
and the primal decomposition LP (4) can be reduced to a
linear program with a polynomial number of variables (νl’s)
corresponding to these solutions. Then we can solve the
reduced primal problem in polynomial time. The correctness
of the above decomposition method is given in the following
lemma, whose proof is available in the technical report [27].

Lemma 2. The decomposition method correctly obtains a

polynomial number of mixed integer solutions xl’s to the

MinCost problem (1), and convex combination weights νl’s
which achieve the optimal objective value

!

l∈I νl = 1 for

(4), in polynomial time.

3) Winner Determination and Payment: We decide the win-

ners by randomly selecting a mixed integer solution (xl, yl)
from the set obtained through the decomposition method, with
the weights νl’s in the decomposition as probabilities. We next
design a payment for each winner, such that truthfulness of the
auction can be guaranteed.

We have shown that the optimal fractional solution of our
covering problem cannot be decomposed into a series of
weighted mixed integer solutions through simply scaling it up
by a factor, i.e., βx∗; instead, we decompose {βx∗,1}. Our
new decomposition rules out applications of a fractional-VCG
type of payment. However, we discover that our randomized
solution to (1) satisfies a set of nice properties that enable us
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Conclusion
• This work studied how to enable colocation EDR 

at the minimum colocation-wide cost.  

• To address the challenges of uncoordinated 
power management and tenants’ lack of incentives 
for EDR, we proposed a first-of-its-kind auction 
based incentive mechanism, called Truth-DR, 
which is computationally efficient, truthful in 
expectation and guarantees a 2-approximation in 
colocation-wide social cost



Thanks! 
Questions?
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