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Advanced Research Projects Agency–Energy

https://gocompetition.energy.gov/


https://gocompetition.energy.gov 

ARPA-E:
Advanced Research Projects Agency–Energy

Ran from 2015 to 2024
Longest ARPA-E project in history

https://gocompetition.energy.gov/
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My Personal Journey in the 
Competition



The Competitors

GravityX



Datasets published after each Trial

Code evaluated on hidden datasets

Participants upload binaries/source code on
(6th, 6th, 5th, 4th)

Challenge 1 (2019-2020)
26 teams

Security-Constrained ACOPF

Continuous model, solution still feasible in the event of the loss 

of any single power line or generator in the system 

ARPA-E GRID OPTIMIZATION (GO) COMPETITION  CHALLENGE 1: RULES DOCUMENT 

  7 | P a g e  

Open Entrants and Proposal Entrants that place in the top ten of a division will receive 
$100,000, either in prize money or a grant, depending on whether the Entrant is an Open 
Entrant or a Proposal Entrant. Eligible Entrants are scored and eligible for awards in all four 
divisions; a single algorithm may win all four divisions, resulting in a total award of $400,000. 

 

 
Figure 2. Division Breakdown and Scoring Approach for Challenge 1 Awards. 

 

7. FULL AUTOMATION REQUIREMENT 

All Entrants are required to submit a program that can provide a fully automated solution; no 
human assistance is permitted including reverse engineering. Human assistance or any other 
violation of these rules during submission will result in Entrant team disqualification and further 
actions as appropriate under Federal law and regulation. ARPA-E will preserve the integrity of 
the GO Competition with safeguards to be developed during the program. These safeguards will 
not be shared as sharing may cause the methods to be ineffective. For this reason, all safeguard 
inspection schedules, methods, and capabilities will not be disclosed to any Entrant for any 
reason. Any information regarding human interference during any submission event should be 
sent to the GO Competition Administrator (Pacific Northwest National Laboratory) at 
arpacomp@pnnl.gov.  
 

8. INTELLECTUAL PROPERTY, PROPRIETARY SOFTWARE, AND TRADEMARKS 

ARPA-E and the GO Competition Administrator will honor the proprietary nature of the 
software (algorithmic approach) submitted by any Entrant. Neither ARPA-E nor the GO 
Competition Administrator or its affiliates may gain an interest in the intellectual property (IP) 
submitted to the GO Competition without the written consent of the Entrant or to the extent 
provided in an award made to a Proposal Entrant per the FOA.  
 
Entrants shall specifically identify any proprietary data or information included in their entry 
with the marking “PROPRIETARY INFORMATION OF [ENTRANT’S NAME]” to notify ARPA-E and 
the GO Competition Administrator that the specified information should not be released to the 
public.  Absent the written consent of the Entrant, neither ARPA-E nor the GO Competition 



New challenges:

• Adjustable transformer tap ratios (discrete)

• Phase shifting transformers (non-convex)

• Switchable lines and shunts (discrete)

• Price-responsive demand (more variables)

• Ramping generators and loads (more constraints)

• Fast-start unit commitment (discrete)

Challenge 2 (2020-2021)
16 tea ms

S ecu rity -Cons tra ined Un it Commi tmen t 

ACOP F  (s i ng le time s tep)

(1st, 1st, 1st, 1st)



Monarch of the Mountain (2021-2022)
6 teams

• $5,000 award per scenario if objective is improvement is > 1% 
compared to Challenge 2 

• $5,000 per scenario if top ranked for the greatest number of 
competition weeks

1st

Offline (no time limits) Public Instances (no secret datasets)



New challenges:

• Tempora l Cons tra ints  (18 to 48 time -s teps)

• 1e-8 Cons tra int S a tis fa c tion (4 orders  of ma gnitude 

drop!)

• Dense Res erve Cons tra ints  (thous a nds  of nnz in one 

cons tra int)

Challenge 3 (2022-2023)
18 tea ms

Security-Constrained Unit Commitment ACOPF with 

Transmission Switching 

(multiperiod)



Challenge 3 (2022-2023)
18 teams

Security-Constrained Unit Commitment ACOPF with 

Transmission Switching 

(multiperiod)

(6th, 5th, 9th) 

(3rd, 2nd, 2nd)
Cumulative Objective 

Function

Number of best 

scores



The ARPA-E Grid Optimization Competition

At an abstract level: a large-scale MINLP

Many many non-convex 

constraints!

Many many discrete 

and continuous 
variables!
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Recent Gurobi Improvements

• ACOPF Gurobi Optimods

• DCOPF Topology Optimization



ACOPF (QCQP formulation)

• Fixed the QCQP formulation
• Better handling of starting points
• Restoration Feasibility



DCOPF Topology Optimization

Why Topology Optimization Matters:
• Failure Recovery
• Reduce stress on congested lines 

(Germany spent EUR 4 billion on 
Congestion Management in 2022*)

* https://www.iea.org/commentaries/grid-congestion-is-
posing-challenges-for-energy-security-and-transitions 

1408 IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 27, NO. 3, AUGUST 2012

In this study, three new convex models are introduced, which

we show in Section IV to be practical and competitive with

existing methods, and approximate radial power flow formula-

tions are obtained in their derivation. The models represent the

first convex approximations to the ac version of the problem,

a methodology which has seen past success and recent devel-

opment in neighboring contexts such as optimal power flow

[13]–[15], transmission planning [16], [17], and unit commit-

ment [18], [19]. Our formulations extend beyond reconfigura-

tion to many radial network optimization problems, such as

sizing and location of capacitors [20] and distributed genera-

tion [21].

Two characteristics in particular distinguish our method from

most prior approaches. The first is convenience. The models

may be solved using widely available, powerful commercial

software, leaving to the user only programming the model while

circumventing the algorithm. Although there are many tunable

parameters within the standard software, default settings and au-

tomatic parameter selection usually lead to strong performance

without user intervention. Similarly, starting points are accepted

from the user, but are automatically generated if none are sup-

plied. Second, the algorithms employed guarantee global op-

timality within each approximation, which is not true of most

heuristic-based optimization methods. As will be seen in the re-

sults section, these solutions may indeed require a large amount

of computation time and thus they provide useful base solu-

tions, which may be used as starting solutions for faster, real-

time techniques. Alternatively, optimality requirements may be

systematically relaxed, providing strong suboptimal solutions

in reduced time. In this regard, substantial improvements may

be achievable beyond our current results. In particular, little is

known about which optimality requirements are most effective

to relax and the potential improvement from seeding the algo-

rithmswith reasonable guesses rather than letting them self-gen-

erate initial solutions.

II. DistFlow EQUATIONS

We will make extensive use of the DistFlow equations for ra-

dial ac networks [1]. Let and denote the real and reactive

powers at bus going to , voltage magnitude, and and

real and reactive loads at bus . Note that and do not

equal and . Since never appears in our formulation, we

regard as a variable itself. Let be the set of buses, be

the set of lines, and and be line resistance and reactance.

Unless otherwise specified, single-subscript constraints are over

all in , and double-subscripted constraints are over all

in . The DistFlow equations are given by

(1)

(2)

(3)

III. CONVEX MODELS

A. Quadratic Programming

Here, we use the simplified DistFlow equations [1], which are

obtained by dropping all quadratic terms, removing constraint

(3), and fixing voltage magnitudes at one p.u. Let be the

subset of with switches, be the subset of which are

substations, and , , be real and reactive powers

from the substations, and be a sufficiently large disjunctive

parameter. Note that the set may contain multiple substa-

tions, each of which will be connected to exactly one tree with

no other substations attached to it. We obtain a mixed-intger QP

[8] for loss minimization by coupling the quadratic objective

(4)

with the linear set of constraints

(5)

(6)

(7)

(8)

(9)

(10)

(11)

(12)

(13)

(14)

(15)

(16)

We refer to (7)–(16) as in the sequel. Two continuous vari-

ables and are associated with each line designating which

direction, if any, flow may travel. With each switched line is

also associated a single binary variable , which is zero if the

switch is open and one if closed; note that, since this variable is

not directional, and thus the number of binary variables is ex-

actly the number of switches. We shall see subsequently that,

although the only take on values of zero or one, it is not

necessary to enforce that they be discrete, and thus they im-

pose little computational burden. These radiality constraints are

nearly identical to those of [22] and [11]; however, this formula-

tion is slightly more general in that not every line need be a can-

didate switch, potentially saving significant computation time.

For the sake of thoroughness and to account for differences be-

tween this and prior radiality formulations, we will show that

this scheme always results in a radial configuration, but first give

a simple example.

• On/Off detection and heuristic

https://www.iea.org/commentaries/grid-congestion-is-posing-challenges-for-energy-security-and-transitions
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Future Gurobi Improvements

•  Focus on Important Variables

•  Detecting Structure and 

Batching Variables

•  Rolling Horizon 

Decomposition

• Iterative NLP Refinement



Largest instance has 1,224,080,000 variables and 837,488,000 

constraints.

Ingredient 1: Focus on What Matters

Many variables are weakly connected in the interaction graph or have low 

impact on the objective function

Largest instance has 612,040 important variables and 418,744 important constraints.

Due to the flexibility of contingency constraints and the large cost of base-case objective

https://gocompetition.energy.gov/challenges/23/datasets
https://gocompetition.energy.gov/challenges/23/datasets


Largest instance has 1,224,080,000 variables and 837,488,000 

constraints.

Ingredient 1: Focus on What Matters

Many variables are weakly connected in the interaction graph or 

have low impact on the objective function

Generalization Idea

• Compute an indirect “Objective weight” for each variable using paths in the 

interaction graph leading to terms appearing in the objective

• Discard variables (and constraints they appear in) if weight is below a given 

threshold 

https://gocompetition.energy.gov/challenges/23/datasets


Generalization Idea

• Batching strategy

• Custom rounding for each 

batch

• Batch ordering

Ingredient 2: Grouping Discrete Variables

Close to Fix-and-Relax [2]



Without IBR



With IBR



Ingredient 3: Rolling Horizon Decomposition

1 2 3 4 5 6 7 8 9 10



Ingredient 3: Rolling Horizon Decomposition

1 2 3 4 5 6 7 8 9 10

Generalization Idea

• Automatically identify multiperiod constraints/vars

• Implement a Rolling Horizon Decomposition



NLPMIP

Ingredient 4: Iterative NLP Refinement



Generalization Idea

• Using the symbolic interaction graph, generate linear constraints with constant 

right-hand-side replacing complex NL functions

• Iteratively refine these right-hand-sides until convergence of the MIP-NLP 

decomposition

Ingredient 4: Iterative NLP Refinement



We’re  ma xim iz ing  ma rk et s u rp lu s  $ (h ig h er i s  be tter)

No Refinement
One-Iteration 

Refinement

Ingredient 4: Iterative NLP Refinement



UC-ACOPF (Challenge 2 formulation)

Public Instances:

https://gocompetition.energy.gov/challenge-2-final-event-synthetic-data 

Best competition solution has an objective value of 625,561 (computed in less than 600 seconds)

Presolved: 32413 rows, 17747 columns, 105702 nonzeros
Presolved model has 2928 quadratic constraint(s)
Presolved model has 7318 bilinear constraint(s)

Root relaxation: objective 7.166463e+05, 19096 iterations, 2.72 seconds (2.28 work units)
Starting root helper type 2, index 0
Starting root helper type 5, index 1

Nodes | Current Node | Objective Bounds | Work
Expl Unexpl | Obj         Depth IntInf | Incumbent  BestBd   Gap    | It/Node  Time

0    0        716646.261 0     5024       -764,690.81  716646.261 194% -    6s
...

1    4        716646.261 1     4934       -759,239.54  716646.261 194% 6877  1415s
H2    4                                      357,807.45  716646.261 100% 3438  1415s
...
24383 11143    716646.261  79    4933        453,718.14  716646.261  57.9%  3490 60570s

Current Gurobi performance on smallest instance (600 nodes, largest has 30k) with no security constraints (MIQCQP):

https://gocompetition.energy.gov/challenge-2-final-event-synthetic-data
https://gocompetition.energy.gov/challenge-2-final-event-synthetic-data
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Questions

http://gocompetition.energy.gov/ 

https://github.com/lanl-
ansi/PowerModelsSecurityConstrained.jl

https://github.com/power-grid-lib/pglib-opf/  

http://gocompetition.energy.gov/
https://github.com/lanl-ansi/PowerModelsSecurityConstrained.jl
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