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Abstract

Modern power systems will have to face difficult chal-
lenges in the years to come: frequent blackouts in ur-
ban areas caused by high power demand peaks, grid
instability exacerbated by intermittent renewable gen-
eration, and global climate change amplified by rising
carbon emissions. While current practices are growingly
inadequate, the path to widespread adoption of artifi-
cial intelligence (AI) methods is hindered by missing
aspects of trustworthiness. The CityLearn Challenge is
an exemplary opportunity for researchers from multiple
disciplines to investigate the potential of Al to tackle
these pressing issues in the energy domain, collectively
modeled as a reinforcement learning (RL) task. Mul-
tiple real-world challenges faced by contemporary RL
techniques are embodied in the problem formulation.
In this paper, we present a novel method using the so-
lution function of optimization as policies to compute
actions for sequential decision-making, while notably
adapting the parameters of the optimization model from
online observations. Algorithmically, this is achieved by
an evolutionary algorithm under a novel trajectory-based
guidance scheme. Formally, the global convergence prop-
erty is established. Our agent ranked first in the latest
2021 CityLearn Challenge, being able to achieve supe-
rior performance in almost all metrics while maintaining
some key aspects of interpretability.

Introduction

Rapid urbanization in the past decades has led to a substan-
tial increase in energy use that puts stress on the grid assets,
while the integration of additional renewable generation and
energy storage at the distribution level introduces both oppor-
tunities and new challenges (Rolnick et al. 2022). The cor-
nerstone of addressing emerging issues is the deployment of
proper control and coordination strategies, which have a po-
tential impact on enhancing energy flexibility and resilience
in the face of a surge in climate-induced demand (as already
seen in places like California, where rolling blackouts are
increasingly frequent during the summer) (Vazquez-Canteli
et al. 2020). Current industry practice is heavily based on
optimization models, such as energy dispatch and unit com-
mitment, where parameters (e.g., technological and physical
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constraints) are fixed throughout the lifecycle; however, such
an approach is increasingly confronted by environmental
uncertainty, renewable generation stochasticity, and the ever-
increasing complexity of the distribution grid (Abedi, Gau-
dard, and Romerio 2019). On the other hand, there has been
a surge in machine learning research, notably RL, because
it allows the agent to act without the need to access the true
model—a feature of particular interest for large-scale, com-
plex systems, where it is not cost-effective to develop models
of such high fidelity. Despite recent progress, real-world RL
is still in its infancy (Dulac-Arnold et al. 2021).

Against this backdrop, the CityLearn Challenge aims to
spur RL solutions for the control of modern energy systems
by providing a set of benchmarks for urban energy man-
agement, load shaping, and demand response in a range of
climate zones (Vazquez-Canteli et al. 2020). The agent is
tasked with exploring and exploiting the best control strategy
for energy storage distributed in a community of buildings.
Performance is evaluated against standard metrics such as
ramping costs, peak demands, and carbon emissions. The
CityLearn encapsulates 4 of the 9 real-world RL challenges
identified by (Dulac-Arnold et al. 2021), including /) the
ability to learn on live systems from limited samples—there
is no training period; 2) dealing with system constraints that
should never or rarely be violated—there are strict balancing
equations for electricity, heating, and cooling energy; 3) the
ability to provide quick action—there is a strict time limit
for completing the 4-year evaluation on Google’s Colab; and
4) providing system operators with explainable policies—a
necessity to facilitate real-world adoption and deployment.

In this paper, we describe our winning solution for the 2021
CityLearn Challenge based on the idea broadly categorized
as adaptive optimization. Indeed, optimization (especially
convex optimization) has become the de facto standard in
industrial systems with profound theoretical foundations, and
various formulations for control and planning applications
(Boyd, Boyd, and Vandenberghe 2004). Such approaches
can easily encode domain-specific constraints (in the form
of nonlinear functions and variational inequalities) and can
gracefully handle problems with millions of decision vari-
ables (Facchinei and Pang 2007). Although well established,
optimization models, once built, typically do not adapt to
real-world conditions, rendering current approaches rather
“rigid.”
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Figure 1: Overview. (A) Agent trajectory of observed states (square) and actual (green triangle)/planned (grey triangle) actions.
At each step, the agent solves optimization (2) to plan ahead but only executes the most immediate action; ay.;s represents the
action planned at time ¢ for time ¢’ > ¢. (B) Illustration of the system, including interaction with the environment and adaptation
of optimization parameters. Each iteration of k consists of evaluating N, (three in this case) policies sampled from the candidate
distribution. The observed rewards { R¥} ;¢ (n, and trajectories {s7F al™) je[n,) are stored in some buffers, which are then used
to compute weights {1/5C }jerw,) and guidance signals { g;? } e, to update the distribution as in (5). (C) The two-level structure
indicates the correspondence between an optimization parameter ¢ and the solution function 7 (used as policy). The upper-level
objective is the expected episodic rewards (1) and the lower-level objective is the objective function of (2), the extremum of
which is the policy action (see (3)). The guidance signal o is computed based on the trajectory of each candidate and applied on

top of the original parameter during the update.

To address this fundamental limitation, we exploit that the
solution of optimization lies on a manifold implicitly defined
by a general equation (Dontchev and Rockafellar 2009). The
crux of our idea is to shape this manifold by adapting the pa-
rameters of the optimization model while extracting insights
from trajectory data to design guidance signals (see Fig. 1 for
a detailed illustration). Key differences between our method
and well-established optimization techniques (e.g., stochastic
optimization (Powell 2020), bi-level optimization (Dempe
and Zemkoho 2020)) include:

1) we only allow access to the environment through interac-
tive samples (reward, states, etc.) but not the true dynam-
ics or reward function;

2) we make full use of the control trajectory of a Markov
decision process (MDP) to obtain a guidance signal.

While /) is similar to the RL setup, 2) can be viewed as
an augmentation of zeroth-order search methods with in-
sights extracted from control data, which, to the best of our
knowledge, is the first of its kind. In general, zeroth-order
algorithms, such as simultaneous perturbation (Spall 2005;
Mania, Guy, and Recht 2018), evolutionary algorithms (Sali-
mans et al. 2017; Zhou, Yu, and Qian 2019), and Bayesian
optimization (Snoek, Larochelle, and Adams 2012; Frazier
2018) are natural candidates for RL and easy to implement,
but can potentially suffer scalability problems (Ghadimi and
Lan 2013). Nevertheless, the parameters of an optimization
model (i.e., variables to be learned) usually have clear inter-
pretations. Thus, we design a mechanism to leverage domain
knowledge for the design of appropriate guidance during the
search for these parameters; such guidance can be specified

as a general function of trajectory data (including observed
states and actions of an MDP). The method works well in
an online environment without an extensive training period,
which is particularly advantageous in a real-world setting
where an offline environment for model training is usually
not available. According to independent evaluations, the pro-
posed method achieved the highest performance in the re-
cent 2021 CityLearn Challenge. To demonstrate effectiveness
against existing techniques, we further validate the method
by comparing it with a range of baselines. Key contributions
are as follows:

* A framework of adaptive optimization for online control,
winning the 1st place in the 2021 CityLearn Challenge

* A novel evolutionary search (ES) algorithm with a guid-
ance function based on state-action-trajectory data

* Theoretical analysis of asymptotic convergence to global
optima with noisy function evaluations

» Empirical comparison against a range of baselines

Related Work

Optimal control and stochastic optimal control are well-
known approaches to sequential decision-making problems
(Bertsekas 2019). Convex optimization is another avenue
(Agrawal et al. 2020). Most existing works assume a known
dynamic model of the system. Various large-scale stochastic
programs have been proposed in the literature to deal with
future uncertainty (Prékopa 2013; Powell 2020). The major
drawback is the computational burden of rapidly expand-
ing scenario trees in multi-stage stochastic programming.
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Our method relieves computation by using plug-in estima-
tors, a.k.a., deterministic approximation of future uncertainty
within convex optimization.

Recently, RL has gained popularity in various domains
(Chen et al. 2022; Haydari and Yilmaz 2020; Nian, Liu,
and Huang 2020). To contextualize the present approach,
we make a few remarks about the relation to model-based
RL (MBRL). In particular implicit MBRL, where the entire
procedure (e.g., model learning and planning) is optimized
for optimal policy computation (Moerland, Broekens, and
Jonker 2020). However, unlike existing works (e.g., (Tamar
et al. 2016; Karkus, Hsu, and Lee 2017; Racaniere et al.
2017; Guez et al. 2018; Schrittwieser et al. 2020) that build
a model based on (recurrent/convolutional) neural networks
(NNs) with primary restrictions to discrete state and action
space, our method learns how to plan by solving optimization
and adapting its parameters; hence, it is amenable to a wide
range of applications with continuous states and actions. The
present work is closely related to (Ghadimi, Perkins, and
Powell 2020; Agrawal et al. 2020), which also use convex
optimization as a policy class to handle uncertainty. In par-
ticular, convex optimization control policies are learned in
(Agrawal et al. 2020) with implicit differentiation (Agrawal
et al. 2019). We extend their method to the RL setting and
propose a novel ES algorithm for learning.

Differentiated from existing ES-based strategies (Szita
and Lorincz 2006; Salimans et al. 2017; Khadka and Tumer
2018; Gangwani and Peng 2018; Conti et al. 2018) or zeroth-
order optimization (Snoek, Larochelle, and Adams 2012; Liu
et al. 2020), our ES is augmented with a guidance function
that depends on the data collected as the policy interacts
with the environment; hence, it can be viewed as a type
of MDP-augmented ES. The guidance mechanism is also
flexible enough to allow the effective incorporation of domain
knowledge, as demonstrated in CityLearn. We further provide
theoretical justification for this rather complex scheme.

Preliminaries

Problem Setup

Consider an MDP (S, A, P, r), where S is the (possibly infi-
nite) state space, A is the set of actions, P : S x A — M(S)
is the transition probability kernel with M (S) denoting the
set of all probability measures over S, and (s, a) gives the
corresponding immediate reward (can be time-dependent).
The goal in episodic RL is to learn a policy 7 : S — A that
maximizes cumulative rewards over a finite time horizon:
max E[R(7)], (1)

mell

where R(7) := 3°[_ 7¢(s¢,(s¢)) is the episodic reward,
with s, € & C R™ denoting the state at time ¢ and T’
as the horizon. The expectation is taken over initial state
distributions and transition dynamics (under deterministic
policy 7). We require access to a random sample R(7) of the
episodic reward as well as trajectory data {(s¢, a;)}+c[r) to
be used to later compute the guidance signal. Here, we use
the shorthand [T = {1, ...,T}.
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Canonical Approaches and Solution Functions

The proposed method is based on canonical stochastic pro-
gramming methods (Powell 2020). For example, in multi-
stage stochastic programming (Pflug and Pichler 2014), the
action at state s; is computed as

T
argmax(ft(st,at)—&- max ]E{ E ftz(st/,at/) ShatD,
at€A {ay}]_
* e |

where 7, : S x A — R is the surrogate reward function and

E[-] is the surrogate expectation operator (e.g., model-based
scenario trees) designed to approximate the true environment.
The above formulation can also be seen as finding the solution
to a Bellman equation in dynamic programming. The main
limitations, nevertheless, are the high computational cost of
evaluating the expectation operator and the potential model
mismatch due to approximations.

A simpler yet more practically appealing method, widely
adopted in today’s industries, is to use deterministic approxi-
mations of the future and capture the dependence of future
states on prior decisions through constraints as part of the
lookahead model (Powell 2020): 7¢(s¢) is given by

argmax  max  R(sy, @, {5, ap }—i415C)

at€A {gt’vat’}z;:H-l
gi(st, at, {gtudt’}tT':tH?O <0; Viel
hi(se, @, (5er,@u }_p415¢) =0 5 Vi€,

@

S. t.

with the objective R(sq, @y, {51/, @y} _,41; ) defined as

T
7o (50, a6 C) + Zt’:t+1ﬁ/ (5, au; C),

where {5}/ _,,, and {ay }{ _, are optimization variables
corresponding to the planned states and actions, 7 is surro-
gate reward, and the feasible set is defined by {g; };cz and
{hi}ice. We denote the parameters of the objective function
and the constraints collectively by ¢ € Z C R?. The depen-
dencies of future states on current and planned states/actions
are encoded as constraints in (2) as part of the lookahead
model. Many examples can be found in, e.g., (Borrelli, Bem-
porad, and Morari 2017). We remark that some optimization
parameters may be provided by predictors based on the cur-
rent state s, the parameter of which is also collected by ¢ in
this case.

The policy 7¢(s¢), a.k.a., the solution function (Dontchev
and Rockafellar 2009), provides the action at the current
state s; as the optimal solution to (2). Since this function is
generally set-valued (Dontchev and Rockafellar 2009), we
make the following assumption.

Assumption 1. For each { € Z and s; € S: a) the objective
function in (2) is continuous, strictly convex, g; is continuous
and convex for each i € I, and h; is affine for each i € &£; b)
the feasible set of (2) is closed, absolutely bounded, and has
a nonempty interior.

The above assumption can be satisfied by imposing proper
conditions on the design of the surrogate model, i.e., objective
and constraints in (2). Note that in our approach, we make



no convexity assumption about the true dynamics or rewards
of the environment, which can be seen as a blackbox. The
convexity condition is only stipulated for the surrogate model
for computational efficiency. Our goal is simply to learn the
parameters of the optimization model in order to have a good
decision-making capability.! An immediate consequence of
the above assumption is that the solution to (2) is unique;
furthermore, it implies continuity with respect to parameters.

Lemma 1. The solution function ¢ (s:) defined in (2) is
continuous with respect to parameter C for each sy € S.

The proof is a direct application of the Berge maximum
theorem (Berge 1997). To conclude this section, let us make
some comments on the construction of the surrogate model
in (2). By analogy to reward design (Prakash et al. 2020),
the objective function should be chosen to promote desirable
behaviors. The set of constraints introduces inductive bias
on the transition dynamics of the environment. It is benefi-
cial, though oftentimes unlikely and non-essential, that the
surrogate model matches the functional forms of true reward
or dynamics, an idea shared in model-based RL (Moerland,
Broekens, and Jonker 2020). It is, nevertheless, desirable to
ensure the computational efficiency of (2) to provide actions
quickly—hence the choice of convex programs.

Policy Adaptation With ES Under Guidance

The potential mismatch between the surrogate model and the
real environment and errors due to predictions may adversely
affect the decision quality of (2). Thereby, we aim to adapt
the parameters of the surrogate model to shape the solution
function. The task of finding the optimal parameter within
the set of solution functions IT = {n, : ( € Z} can be
compactly written as:

where T is the set of global optima for policy parameters.
Note that ( is not part of the true reward (which remains un-
known to the agent) but only the parameters of the surrogate
model that implicitly defines the policy in (2). Since m¢(s¢)
is given by an optimization (2), (3) can also be viewed as a bi-
level problem (c.f., (Dempe and Zemkoho 2020)): the outer
level aims to learn parameters to maximize rewards, while
the inner level defines policy action as a solution to (2). The
key challenge in solving (3) as a bi-level problem, however,
is that the outer level objective is not analytically revealed
(thus prohibiting any direct differentiation approach) and can
be nonconvex with respect to (.

T

Zrt (st, 71'((515))

t=0

T := argmax [E
ez

3

Guided Evolutionary Search

This section discusses the proposed ES algorithm (Algo-
rithm 1), inspired by the method of generations (Zhigljavsky

"Perhaps surprisingly, despite the fact that (2) is convex, the
policy (given by the solution function) can be highly nonconvex
with high representational capacity. In particular, the contemporary
work by (Jin et al. 2023) shows a “universal approximation” property
of the solution functions of linear programs (LPs).
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Algorithm 1: Evolutionary search under guidance

Input: Hyperparameters { Ny}, uniform distribution
1, initial point zg
1: Initialize Py (d() ~ exp(]|¢ — zo|)p(dC)
2: fork=1,2,...do

3:  Sample N candidates from the distribution py:
iid

Cfvggv 7C]Iil'k ~ Pk

4. forj=1,...,Nido

5: Deploy policy 7.« for one episode and observe an

episodic reward R¥ « R(m.x)

6: Compute the guidance signal g?’ by (4)

7:  end for

8:  Update the distribution py_ for the next iteration
according to (5).

9: end for

2012). At each iteration k, the algorithm randomly samples

a set of N}, parameter candidates, Cf,--- ¢}, 4 . For

each candidate j € [Nj], we evaluate the corresponding

policy in the environment and observe an episodic reward

Rf ~ R(mr), where R(7¢x) denotes the distribution of
J J

episodic reward for policy 7r'<;§, as well as all the state and

action pairs {s7", a{’k}te[T] in the past episode. Based on
trajectory data, we compute a guidance signal

of = o({s?™, al*Yierm), )

where ¢ : (S x A)T — Z’ is a function that may have com-
plicated dependence on past states and actions with Z’ as the
range. The design of such a guidance function is often based
on domain knowledge (to be discussed later in CityLearn).
Then, we update the distribution for the next iteration as

N
Pre1(dC) = vFQu(CE, of, dC), )
j=1
where .
V;C = J\e,i{p(Rj ) (6)

2‘7‘:1 eXP(Rf)
are the weights obtained by taking the softmax over candi-

date rewards. The probability measure Q. (¢}, 0%, d¢) is the
transition probability given candidate ¢ jk and guidance signal

g?. Hence, pi+1(d(¢) is a mixture of distributions weighted
by observed rewards in the current iteration k, which can
be sampled by the standard superposition method: at first
the index j is sampled from the discrete distribution {ij}
followed by sampling from Q( ]’?, Q;?, d¢). For example, in
our algorithm for CityLearn,

Qi(z,0,d¢) ~ exp([|¢ — 2z — aol| /) pu(dC),  (7)

where || - || is the Euclidean norm, (d() is a uniform measure
over Z, and ¢;, > 0 and «, > 0 are such that their sum over
time is bounded. Other candidates are possible and can still
ensure convergence to global optimal, as long as certain



conditions are met; intuitively, we require that the span of Qy,
decreases over time but not so rapidly that it fails to reach
a global optimum. Note that to simplify the presentation, in
the above algorithm, we assume that each candidate policy is
evaluated only on one episode; extending this to the case of
multiple episodes is straightforward (e.g., we would instead
take the average of the evaluations among the episodes in the
computation of weights (6)).

Theoretical Analysis

We now analyze the convergence property of the sequence
generated by Algorithm 1. The following notations are
used: f(¢) = E[R(m,)] is the expected episodic reward
of policy m¢, T = argmax,.z f(() is the set of global
maximizers (may not be unique), f* maxcez f({) is
the global maximum, and A(d¢) is some measure over T;
B((,e) = {¢’ € Z: ||’ — (]| < ¢} is a ball centered at ¢
with radius €, B*(¢) = {¢ € Z : mingey |(' = (]| < €}isa
set of points that are e away from the optimal solution set Y’;
¢ (dz) is the probability measure concentrated at the point (.
We use = to denote the weak convergence of measures. We
can consider || - || as any norm (e.g., Euclidean norm).

The measures py41(d(), k € N defined in (5) are distribu-
tions of random points f*l, forany j € [Nj41], conditional

on the results of preceding evaluations of {R;c }ien, and
realization.s of {Cj’?, gf, 5}“ }j.E[_Nk]~ .Let.Pk (d(l, ...,.dgNk.) rep-
resent their unconditional joint distributions at iteration k,
and

Py(d¢) = /ZN  Pu(dC, dz, ..., )

is the unconditional marginal distribution (note that we intro-
duce z for ( as the need arises in integration).

The formalism of the guidance signal requires some basics
of random process and measure theory (details can be found
in the appendix). Essentially, the guidance signal Q? ez
is a random variable (adapted to the o-algebra generated
by the trajectory within an episode) with probability mea-
sure M ( j’-“, do). Note that M}, ( J]-“, dp) is dependent on Cjk
because the stochastic process that generates the trajectory
depends on policy ek, but My, ( j’?, dp) is conditionally inde-

pendent of all other candidates {(}; },/»;. For analysis, we
make the following assumptions.

Assumption 2. The followings hold:
iid

(a) R;‘f = f(Cjk) + £k where f;? ~ Fy(d¢) forany k € N
are independent with distribution Fy.(d€) bounded on a
finite interval [—cg, c¢] andIEexp(fj’?) =1

(b) |f(Q)| < cpforall( € Z and Z is compact;

(c) there exists € > 0 such that f is continuous on B*(¢);

(d) Qk(z, 0,dC) ar (2, 0,Q)p(dC),  with
Sup, ,cez qk(2,0,¢) < Ly < oo forall k € N,
where | is a probability measure on Z such that
u(B*(e)) > 0 for any e > 0; for any z € Z, the
sequence of probability measures Q(z, o, d¢) weakly
converges to 6,(dC);

(e) {Ni}is a sequence of natural numbers Ny, € N such
that Ny, — oo for k — oo;
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(f) sup, , My(z,do) < oo forall k € N;

(g) PL(B(C,€)) >0foralle >0and( € Z;
(h) forany e > 0, there are 6 > 0 and a natural k such that
P (B*(¢)) > d forall k > k.

Let us comment on the assumptions above. Condition
(a) requires that the evaluation noise be independent and
bounded; the expectation requirement can be satisfied for
truncated log-normal distributions (Thompson 1950). The iid
requirement can be relaxed to mixing processes at the cost
of more complex analysis (Doukhan 2012); the boundedness
condition, on the other hand, seems necessary to keep iter-
ates in the vicinity of global maximum if they are already
there. Condition (b) is non-restrictive for practical problems.
Condition (c) is natural since 7, is continuous by Lemma 1,
and can be satisfied if the true reward functions r; are contin-
uous for all ¢ € [T]. Assumptions (d), (e), (f), (g), and (h)
formulate necessary requirements on the parameters of the
algorithm. Intuitively, conditions (d), (e), and (f) stipulate
that the search becomes more “focused” over time in order
to concentrate on the global optima; however, conditions (g)
and (h) indicates that the decrease of span cannot be too
fast in order not to miss the global optima. Condition (f)
on the guidance function ¢ can be met by proper smooth-
ing if needed. Condition (e) can be relaxed to Ny = N for
some finite integer N for all £ € N, but the convergence will
only be towards the vicinity of A due to the finite sample
effect (see Lemma 4 in the appendix, which states the rate
to be on the order N ~'/2). Unlike (c), (d), (e), (f), and (g),
condition (k) is not constructive; hence, we provide some
verifiable conditions sufficient for (k) to hold in Corollary 1
(also see Corollary 2 in the appendix). Next, we analyze the
update rule of Algorithm 1.

Lemma 2. The probability distribution
Prey1(dCy, ..., dCN,,,) can be written in terms of the
distribution Py (d¢y, ..., d¢n,) as:

Ni41 Ny,
/QN Xk(dwn, ) H {ﬁ(ka)ZA(Zi7Qi»€i,de)}, (8)
k j=1 i=1

where Q = Z x Z' x [—c¢, cg),

N,
WN, = {Zlv"°7ZN1€7917"'7QN1€7£1a agNk} € kv

Ny,
Xe(dwy,) = Pi(dzr, ... dzn,) [ | Fr(d€;) Mi(z5, doj),
j=1
Bluw,) :
Nk- = )
S exp(f(2) + &)

A(Zv Qvgadé-) = EXp(f(Z) + 5)@]6(27 0, dC)

The proof is immediate by recognizing that the bracket
term in (8) is the conditional distribution pj41(d(;) defined
in (5) and the integration is over the distribution from the pre-
ceding iteration. We take the product over Ny candidates
since they are drawn iid from pg 1.

Now, we provide the main result on the convergence of
P.(d¢) to some distribution A(d() over the global optima.



Theorem 1. Suppose that Assumption 2 holds true, and let
{ﬁk} be the sequence of unconditional marginal distributions
determined by Algorithm 1. Then, the distribution sequence
weakly converges to some measure \ over the optimal set,
ie., ]Sk = las k — oo.

The key stage of proof is to show that there exists a subse-
quence in { Py } that weakly converges to

_ exp(mf()n(de)
Jexp(m (z))w(dz)

for some measure x, where m is the index of the subsequence.
The above distribution is effectively a softmax function over
function values and converges to the extrema as m — oo.
All the conditions in Assumption 2 are natural with the
exception of (h), which requires some further justification. In
the following, we present a sufficient condition for (k) with
a proper design of Q(z, o, d¢), which applies to the case
of noisy function evaluations; see the appendix for another
example in the case of noiseless function evaluations.

Um (dC)

Corollary 1. Under Assumption 2 (except (h)), and let the
transition probability Qx(z, o, d() be

Qk(z,0,dC¢) = cr(2,0)¥((¢ — 2 — ar) /te)u(dC), (9)
where ci(z,0) = ([ V(¢ — z — ago)/u)u(dC)) ! is the

normalization term, v is a continuous symmetrical finite

density, and
oo oo
L >0, Zak<oo, ap > 0, Zak<oo.
k=1 k=1

Then, there exists a sequence of natural numbers { Ny} such
that { Py} weakly converges to \.

Our analysis accounts for the effect of trajectory-based
guidance, which is a novel contribution to the ES literature.
By examining the proof, we can relax the condition that

o i i lying the guidance with-
D e ar < 00, i.e., continue applying g
out the need to diminish its impact in the long run, as long
as the guidance signal “approximately” points to the global
optima in the proximity (see the appendix for exact condi-
tions). However, such guidance can be difficult to design or
even verify in practice; thus, it is still advisable to relinquish
human knowledge and let data drive the decision, eventually.

Results from the CityLearn Challenge

Challenge overview. The competition has an online setup with
a simulation period of 1 or 4 years, where agents exploit the
best policies to optimize the coordination strategy. The goal
of each agent is to minimize environmental costs, such as
ramping costs, peak demands, 1-load factor, and carbon emis-
sions. The state space contains information such as daylight
hours, outdoor temperature, storage device state of charge
(SOCQ), net electricity consumption of the building, carbon
intensity of the power grid, among a total of 30 continuous
states. The agent is allowed to control the charging/discharg-
ing actions of storage devices for domestic hot water (DHW),
chilled water, and electricity (i.e., 3 continuous actions per
building). The environment is seen as a blackbox to the agent
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Z0O-iRL(ours) ICD-CA IDLab
Total score 0.944 1.070 1.070
Coord. score 0.915 1.107 1.098

Table 1: Total and coordination scores of the top 3 teams in
2021 CityLearn Challenge.

as a standard RL setup, where the transition dynamics depend
on the responses of various devices (e.g., air-to-water heat
pumps, electric heaters) as well as the energy loads of build-
ings, which include space cooling, dehumidification, DHW
demand, and solar generation.

Evaluation. The submission of each team is evaluated on a
set of metrics, including: (1) ramping: > |e; —e;—1/, where e
is the net electricity consumption at each time step; (2) 1-load
factor: average net electricity load divided by maximum elec-
tricity load; (3) average daily peak demand; (4) maximum
peak electricity demand; (5) total electricity consumed; (6)
carbon emissions. The competition evaluates performance by
computing the ratio of costs with respect to a rule-based con-
troller (RBC)—lower ratios indicate better performances.?
The average of the above metrics for the full simulated period
is the fotal score, while the average of the metrics (1)-(4) is
coordination score. The performance of the top 4 teams is
listed in Table 1. Refer to (Vazquez-Canteli et al. 2020) for
more details on the contest.

Z0-iRL: zeroth-order implicit RL. 3 As our method
is designed for single-agent episodic RL, we first reduce
the original task that consists of a single period of 1 or 4
years into episodes of 24 hours. We use the per-step reward
—max(0, e;)® as recommended by (Vazquez-Canteli et al.
2020), where e, is the net electricity consumption (or genera-
tion if e; < 0). This reward favours consumption patterns that
are smoothly averaged without demand peaks, aligned with
multiple metrics used in the evaluation, such as the 1-load
factor and peak electricity demand. Another reduction is from
multi-agent RL to single-agent RL, where each building’s
policy is updated independently, reducing the problem to
decentralized control with additive rewards; such a reduction
is computationally efficient for large-scale problems (De Nijs
et al. 2021). We omit the notational dependence on candidate
J and iteration k£ when presenting the method.

Optimization planner. We instantiate the optimization in
(2) as follows. The planned states 5; consist of state variables
such as net electricity consumption and SOCs of storage
devices; the action a; € A is the action of the MDP; the
surrogate reward

71(56;C) = —ler — er—1] — Orey

is a combination of the negated ramping cost and the “vir-
tual” electricity cost, where ( = {0; € [0,5]};c[24] can

Note that the RBC controller is ubiquitous in traditional build-
ing control systems and is a simple form of “take action a, in hour
h,” where ay, is a constant independent of current states except for
the hour of the day (h € [24]).

*We name our method ZO-iRL because the policy is implicitly
determined by solving an optimization problem and the learning
algorithm is zeroth-order in an RL setting.
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Figure 2: Learning curves of ZO-iRL and baselines. We perform 10 runs on each baseline to obtain performance plots with

standard deviations for Climate Zones 1 to 5.

SAC

A2C

ramping cost
1-load factor

avg. daily peak

peak demand

net electric. peak
carbon emissions

1.145 (0.015)
1.158 (0.002)
1.180 (0.002)
1.077 (0.008)
0.995 (0.001)
1.000 (0.001)

1.189 (0.002)
1.146 (0.002)
1.184 (0.008)
1.088 (0.007)
0.994 (0.002)
1.000 (0.002)

total score

1.092 (0.003)

1.101 (0.003)

PPO TD3 MARLISA Z0-iRL
1.638 (0.005) 1.178 (0.026) 1.022 (0.010) 0.781 (0.005)
1.168 (0.003) 1.142 (0.004) 1.026 (0.006) 1.010 (0.008)
1.242 (0.001) 1.193 (0.006) 1.015 (0.001) 0.996 (0.001)
1.132 (0.006) 1.098 (0.013) 1.000 (6e-5)  0.962 (0.005)
1.003 (7e-5)  0.997 (7e-4)  1.000 (5e-4)  1.006 (2e-4)
1.009 (7e-5)  1.004 (7e-4)  1.001 (5e-4)  1.007 (2e-4)
1.199 (0.001) 1.102 (0.006) 1.011 (0.002) 0.962 (0.001)

Table 2: Comparison with baselines: SAC (Kathirgamanathan et al. 2020) and MARLISA (Vazquez-Canteli, Henze, and Nagy
2020) have been officially implemented for CityLearn; other baselines are implemented by (Raffin et al. 2021). The reported
values are the average and standard deviation (in brackets) across 10 independent runs on Climate Zone 1 data.

be viewed as virtual electricity prices to be learned to en-
courage desirable consumption patterns (e.g., load flattening
and smoothing). Intuitively, a higher value of 6, discourages
planned electricity consumption in the corresponding hour ¢.
The inequalities are grouped into technological constraints
(e.g., maximum/minimum cooling power) and constraints on
states and actions. The equalities are grouped into physics
accounting for energy balances (i.e., consumption equal to
supply) and technology (e.g., SOC update rules). Further
details are provided in the appendix. Note that to set up
the optimization (2), we also need to provide predictions of
energy demands and solar generation. For simplicity, our
predictors are based on a simple averaging scheme that takes
the average in the corresponding hours of the last 2 weeks of
data; thus, there are no specific parameters to learn.
Transition and guidance. We use (7) as the transition prob-
ability, with variance ¢, = 0.4/k? that is initialized to 0.4
and decreases by k2 in each iteration. The guidance signal
o is computed as follows. By the end of each episode, we
examine the net electricity usage in the past 24 hours, e, for
t € [24] and find the top 2 hours with the most electricity
usage, denoted by ¢; and 5. Then, the guidance signal o; is
0.02if t € {t1,t2} and —0.04/22 otherwise. Note that we
have centered the signal (3", o; = 0) by assigning negative
values for hours other than peaks. We choose o, = 1 for all
k over the entire 4-year period, as there is no training phase
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in the CityLearn Challenge and we prefer to adapt quickly
during the test phase; this is not a violation of our theory, as
we can choose to diminish «ay, after a while to still satisfy the
condition Y77 | ay, < o0

Results. For baselines, we use the implementation of (Raf-
fin et al. 2021) with the default ADAM optimizer, where the
policy is an NN architecture with tanh activation and two lay-
ers of 256 units each. From Table 2, we see that ZO-iRL has
achieved the lowest cost ratios (i.e., best scores) of all, which
is consistent with the official result of the competition (Table
1). In particular, as shown in Fig. 2, ZO-iRL is able to find a
good policy in the first few months, while baselines seem to
struggle; we speculate that more samples would eventually
improve the performance of baselines, and all methods may
benefit from schemes to handle the potentially nonstationary
environment due to seasonal patterns.

Conclusion and Future Directions

We proposed a novel adaptive optimization framework that
adapts the optimization parameters using an evolutionary
search algorithm that incorporates insights from trajectory
data as guidance. The method outperforms several baselines
and ranked first in the 2021 CityLearn Challenge. The pro-
posed work could be extended to methods like Bayesian
optimization or first-order methods such as actor-critic.
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