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Abstract—This paper develops an intelligent grid-interactive
building controller, which optimizes building operation during
both normal hours and demand response (DR) events. To
avoid costly on-demand computation and to adapt to non-linear
building models, the controller utilizes reinforcement learning
(RL) and makes real-time decisions based on a near-optimal
control policy. Learning such a policy typically amounts to
solving a hard non-convex optimization problem. We propose
to address this problem with a novel global-local policy search
method. In the first stage, an RL algorithm based on zero-order
gradient estimation is leveraged to search for the optimal policy
globally, due to its scalability and the potential to escape some
poor performing local optima. The obtained policy is then fine-
tuned locally to bring the first-stage solution closer to that of
the original unsmoothed problem. Experiments on a simulated
five-zone commercial building demonstrate the advantages of the
proposed method over existing learning approaches. They also
show that the learned control policy outperforms a pragmatic
linear model predictive controller (MPC) and approaches the
performance of an oracle MPC in testing scenarios. Using a state-
of-the-art advanced computing system, we demonstrate that the
controller can be learned and deployed within hours of training.

Index Terms—Reinforcement learning, zero-order gradient
estimation, demand response, smart building.

I. INTRODUCTION

S the buildings sector represents over 70% of the total

U.S. electricity consumption [1], it offers a great amount
of untapped demand-side resources to tackle many critical
grid-side problems. By and large, buildings can provide grid
services to both the transmission and distribution operational
levels [2] in the form of demand modification [3] and ancillary
services [4], [5]. Specifically, among commercial buildings,
about 33% of the electricity usage is for the heating, ven-
tilation, and air-conditioning (HVAC) systems [6]. The high
energy consumption, together with the potential flexibility
provided by building thermal mass, makes the HVAC system
a good candidate for grid-interactive control. However, due
to the complexity of the building thermal dynamics and
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the strong inter-temporal dependency of the control problem,
proper design of an intelligent building HVAC controller that
is effective, practical, and economic for massive deployment,
is challenging.

Currently, mainstream grid-interactive building HVAC con-
trollers in practice and under research are based on either direct
load control (DLC) or model predictive control (MPC). DLC
enables utilities or aggregators to directly and remotely control
customers’ HVAC systems as needed and is simple and cheap
for massive implementation, see [7] for a real-world example.
Nevertheless, DLC does not directly consider specific building
thermal condition and thus might jeopardize occupant comfort.
MPC, on the other hand, can be used for building optimal
control, and it is widely studied in building applications.
To improve computational efficiency during real-time control,
linear building models such as [8] are used in many cases. To
handle the stochastic environmental disturbances, occupancy
forecasts are integrated into MPC [9], and [10] proposes a
tube-based MPC that achieves good performance as a robust
controller but requires less computational resources. For grid-
interactive control, MPC has been utilized for participation
in electricity market [11] and peak-shaving demand response
(DR) programs [12], [13]. These building-MPC studies are
by no means exhaustive; for a more in-depth and systematic
review, we refer interested readers to [14], [15]. Though MPC
can achieve multi-objective (building + grid) optimal control
and can theoretically guarantee the optimality in many cases,
its massive deployment can be challenging. As summarized in
[16], MPC requires 1) a carefully designed building-specific
simplified (i.e., linearized) model, 2) forecast modules for
environmental disturbances, and 3) on-demand computation to
solve optimization problems during real time control; all these
features lead to high implementation costs (i.e., hardware,
software, and modeling) and make this controller prohibitive
for building owners.

Reinforcement learning (RL), on the other hand, enables
“offline” controller training using more accurate nonlinear
building models before it is deployed and can avoid expen-
sive on-demand computation. RL is a successful alternative
for many optimal sequential decision-making problems [17]-
[19], and has been investigated for many building energy
management applications, including load-level control [20]-
[22], residential building control [23], [24] and aggregated
buildings control [25]. For commercial buildings control, RL
algorithms, including the deep Q-network (DQN) and asyn-
chronous advantage actor-critic (A3C), are utilized for energy-
saving while maintaining indoor comfort [26], [27]. However,
the discrete action spaces they employed usually require
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careful discretization to achieve good control performance and
are more susceptible to the “curse of dimensionality” when
applied to multi-zone control [26, Section 3.3]. Though [26]
proposed a heuristic way to battle this issue, their approach
of training separate neural network for each thermal zone
does not allow multi-zone coordination, which is a valuable
behavior under DR events when the cooling capability is lim-
ited. To use continuous action space, which greatly increases
the policy search space and problem complexity, a Zap Q-
learning method is leveraged in [28], though its application
does not consider multi-zone building control. In addition,
most prior building-RL studies are building-centric and do
not consider enabling a building’s grid-interactive feature.
The few exceptions include [16], which studies a multiple
air-conditioning (AC) units coordination problem under DR
events, and [29], which shares the most similar application
with our present paper; the performance of the algorithm
used therein will be compared to that of the present paper
in the following. Moreover, many studies develop controllers
which, similar to MPC, require forecasts of some hard-to-
obtain exogenous data (e.g., solar radiation in each building
thermal zone [26], [27], [29]). This is undesirable in real-
world applications due to the requirement of a sophisticated
sensor network and dedicated forecasting modules for different
environment variables. Finally, the literature is mostly focused
on application of a given/off-the-shelf RL algorithm to the
building control problem, without discussing algorithmic ques-
tions regarding how to achieve a faster convergence to a good
policy in this application domain.

Policy search in RL typically amounts to solving hard non-
convex optimization problems, even for a linear quadratic
regulator (LQR) control problem, see Appendix.B of [30].
Though [30] provides a provable guarantee of global con-
vergence for searching an RL policy for LQR, the required
gradient domination condition is hard to generalize to other
problems. Therefore, when solving complex control prob-
lems with high dimensional search spaces, complex dynam-
ics/constraints, and multiple objectives, if not properly con-
figured, RL can oftentimes converge to a trained policy that
is a poor-performing local optimum. Additionally, although
momentum-based optimization algorithms (e.g., Nesterov ac-
celerated gradient [31] and Adam [32]) have the potential to
escape local optima, their effective application to RL policy
search requires careful tuning of the learning step size and
momentum suitable for a specific problem.

In order to achieve faster convergence to a better control
policy, this paper extends the preliminary idea first presented
in [33] and proposes a novel two-stage global-local RL policy
search method that combines the complementary advantages
of a zero-order gradient estimation (ZOE) approach [34], [35]
and a policy gradient algorithm [17, Chapter 13], [36]. Prior to
our work, there was an attempt [37] to combine such two types
of RL algorithms. However, the mixed policy update approach
used in that work causes potential interference between the
two and thus did not deliver satisfactory results. In contrast,
our proposed staged combination allows both algorithms to
work independently and leverage their strengths to the greatest
extent at appropriate time.

Specifically, this paper provides the following contributions:

1) From the RL algorithmic aspect, we first illustrate the
convergence features of ZOE-based methods and how they
can help avoid convergence to some poor-performing policies.
Then, an intrinsic caveat of such algorithms is identified, i.e.,
the converged policy is not optimal to the original problem
due to the function smoothing. To address this, the two-stage
learning approach is proposed, in which a policy gradient
method is used to fine-tune the policy learned by the ZOE-
based method and bring it closer to the true optimum, i.e., a
better control policy.

2) From the application aspect, using the most complex sin-
gle building control problem studied in RL-building literature,
we demonstrate the benefits of the proposed two-stage learning
approach in a simulated environment. The performance of the
RL controller learned via the proposed method is compared
with those trained by standard RL approaches and two MPC
baseline controllers, and the experiment results demonstrate
the efficacy and necessity of the proposed method. In addition,
some aspects regarding real-world implementation such as RL
controller’s input design and training RL controllers on an
advanced computing platform are also discussed.

The remainder of the paper is organized as follows. Section
IT defines the mathematical formulation of the optimal building
control problem. Section III describes the design of the RL
controller and Section IV discusses the proposed two-stage
policy search method for training the controller. Case study on
a five-zone commercial building is provided in Section V and
finally Section VI concludes the paper and some discussions
are provided.

II. PROBLEM FORMULATION
A. Multi-Zone Commercial Building HVAC Control

Commercial buildings usually have multiple thermal zones
i € N ={1,2,...,N}, and the thermal dynamics for each
zone is relatively independent from others. For buildings with
a centralized AC system, typically, the chiller discharge air
temperature (7°%*) and zone-specific cooling air flow rates
(m*,i € N) are controlled to provide a comfortable indoor
environment. We define a; = [}, m2,...,mN , T2 T € AC
RN*1 to represent values of all control variables at step
t € T, where A describes a constrained action space due
to operation limits (i.e., T9% € [Ida,Tda] and 1} € [}, mi]
for i € N) and the set 7 collects all control intervals in the
control horizon. Through these control variables, this paper
aims to develop an intelligent controller to a) optimize AC
system’s energy consumption while b) minimizing the indoor
discomfort and c) providing grid services. Though cooling
scenarios are focused in this paper, the proposed method can
also be applied in the building heating season.

In this paper, to provide grid service, the building will par-
ticipate in an incentive-based DR program [38], by reducing
the HVAC power consumption below a certain limit for a few
hours upon receiving the grid signal.

B. Optimization Formulation

The above-mentioned optimal sequential control problem is
formulated as a multi-objective optimization given by:
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minimize
a; €AVt

S pie

teT (1)
subject to Tyi1 = F (Ts,as,0:) (VE€T),

in which C; := [k1)_, ND(Tj),KgEt,mgvt]T is the single
step cost vector, k; witl ¢ € {1,2, 3} are nominal monetizing
factors for the three objectives, and wy := [w},w?, w}]T is
the weight vector with w, 1 = 1. Specifically, the thermal
discomfort cost D(T}) measures the temperature deviation
from a pre-defined comfort band [T, T'] with a piece-wise

function:
ax(Tj ~T (T} ~T')?) (T} >T)
max(T" — T}, (T" —T})?) (T <T" (2
.0 (else)

D(T}) :=

where T} is thd indoor temperature of zone i at step .
Second, the energy consumed at step ¢ is calculated by:

Et = P(at,TtOUt)At, (3)

in which At is the length of control interval and the HVAC
system power consumption P(a;, T“!) is given by:
N N
Pla, T7") = a(T{" = T Y g +b(Y_ fi)* +c. (4)
i=1 i=1
The first term in (4) describes the chiller power [39] and the
rest depicts the fan power; 7% is the outdoor temperature
and a, b and ¢ are known constants.
Third, for grid-interactive control, a penalty on the power
limit violation is given by:

Vi ::{ (Plaw, T7) =P* (Pla, ") 2 P

(else) ©)

which is zero if the HVAC system’s power is strictly below
a given limit P;; otherwise, the cost increases quadratically
with the exceeding amount. Typically, during normal hours,
P, is set to a higher value aiming at reducing the monthly
demand charge [40]; and during a DR event (¢t € Tpg), P, is
reduced drastically as per the building-utility DR contract in
order to achieve the load reduction objective.

Besides the feasibility of control variables (i.e. a; € A),
equality constraints are included to enforce the building
thermal dynamics. In particular, F represents the building
dynamics model that can be obtained in a variety of ways. In
this paper, we leverage a data-driven approach using an Auto-
Regressive model with eXogenous variables (ARX), yielding
a generally non-linear mapping F. The process of obtaining
such a model is not the focus of this paper and is thus omitted;
we refer the interested reader to [41] for details. T; € RY
collects the indoor temperature of all zones and g; represents
the environmental disturbances (e.g., outdoor temperature and
influences from solar radiation and building occupancy).

Typically, MPC is used to solve problem (1) in a receding
horizon manner: at every step, using updated system states and
the forecasts of exogenous inputs, MPC solves (1), implements
the first step of the optimized values, discards the rest, and
moves on to the next step to repeat the process. In the next

sections, we propose an alternative RL-based approach to
solve (1), investigating if the RL approach can achieve the
MPC control performance and address some of the MPC’s
weaknesses mentioned in Section I.

III. REINFORCEMENT LEARNING CONTROLLER

In general, in an RL formulation, an agent learns an action
strategy, called the policy, to guide it for a sequential interac-
tion with an environment in order to maximize the expected
rewards it receives over a finite or infinite horizon. The goal
of RL training is to search for the best policy over a parameter
space that defines all possible policies. Necessary preliminary
knowledge on RL and its mathematical formalism is provided
next; interested readers can also refer to [17, Chapter 3] for a
more in-depth understanding.

A. Markov Decision Process and RL

Mathematically, to formalize RL, Markov Decision Pro-
cess (MDP) is leveraged to describe the problem setup. An
MDP is represented by a quintuple (S, A, R,P,~), which
collects a state space S; an action space A; a scalar reward
function r; = R(si—1,8;-1,8) : S Xx A x S — R, where
a; € A and s; € S; a state transition probability distribution
P(sit1lst,ar) : S x S x A — [0,1]; and a discount factor
v € [0,1]. Under this setting, using experiences (i.e., control
trajectories 7 = {sg, a9, r1,81,ax,...}) collected via repeated
interaction, an RL agent is to learn an optimal control policy,
namely a state-action mapping m(as|s;)*, that maximizes
the expected episodic discounted reward B, r (3 f77'Tt).
Adding a discount factor v in this reward expectatipn priori-
tizes rewards in the near future over those collected at a much
later time, as the weight 7 decays exponentially through time.

To solve (1) using RL, we define the quintuple as follows:
Among (S, A, R,P,v), P is implicitly given by the overall
system dynamics (i.e., F in (1)) and v = 0.99 is commonly
used, which leave the remaining three to be explicitly defined.
First, the continuous action space defined in Section II-A
is leveraged: a; = [m},m2,...,mM, T4 ¢ A c RN+
Second, to solve (1) equivalently using RL, the reward function
is defined as the negative value of the single step cost: r; =
—th C;. Finally, the state (s; € S) represents the information
the RL agent requires to make decisions at every step. The
design of S essentially determines the RL controller’s inputs,
and is thus discussed in more detail next.

B. RL Controllers with Different State Representations

To properly guide the RL controller in decision-making,
the state representation typically contains information regard-
ing the current system status and other information related
to its future evolving trajectory. As a result, we define a
general form state s; := [Ty, T, Gi™ G5l wy, t, wy, &)
in this study, with a slight abuse of notation. Specifically,

*We use the notation 7(a|s) instead of a = 7 (s) to follow the convention
in the RL community. It indicates what action to choose at state s under
policy 7.

TStrictly, the notation of state should be written as st =
[(Tt)Tv (T?ut)—rv (Gint)—rv (Gfolar)T7 (ut)Tftv (wt)T9 575]T
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zone temperatures T; € RYN, step index ¢ € R, multi-
objective weights w; € R? and power consumption margin
8¢ = Py — P(a;, TP"t) € R reflect the system status at
current step; and a multi-step outdoor temperature vector
Tg’“t € RX, a flattened multi-step multi-zone internal heat
gain vector G ¢ RWXK) 3 flattened multi-step multi-
zone solar heat gain vector G:°" ¢ R(W*K) and a DR
signal vector u; := [Py, Pyi1, ..., Pryx—1]" € RE reflect the
factors affecting the future trajectory, where K is the number
of steps considered.

Though some studies, e.g., [26], assume the exogenous
data (i.e., Gi" and G{°!%") can be predicted and used as
controller inputs, we avoid using forecasts because: a) forecast
modules increase the implementation cost; b) the controller’s
performance will be dependent on the quality of prediction;
and c) in contrast to MPC, the RL controller does not require
explicit forecasts to make decisions, as it can directly learn the
mapping between historical data and the optimal action (One
example is [18], in which “the last 4 frames of a history”
are used to show the historical trajectory instead of future
prediction).

Thus, in this study, the following three s; structures that do
not rely on forecast modules are considered.

1) Historical Measurement, RL-HM: Outdoor temperature
and heat gain data from the past few hours are provided,
ie, Ty o= [T, TP € RX and G, :=
(G )T (GPMN)TIT e RO in which h e
{solar,int} and Gf”N € RY is the solar/internal heat gain
at step t for all N zones. This state representation uses only
historical data and does not rely on any forecasting module.

2) Coarsely Approximated, RL-CA: Heat gains, however, are
not easily measurable without a sophisticated sensor network;
therefore, we investigate using the time of day and a Boolean
weekday indicator (w) to coarsely approximate G'™' and
G#olar Specifically, as time of day is cyclic ordinal (e.g.,
outdoor environment at 1:00 is similar to that at 23:00, though
1 and 23 are apart), trigonometric encoding [42, Equation (6)]

T — [.s hour(t)x2w hour(t)*2m .
are used: [sing, cos;] = [sin(=—57——), cos(———)], in
which hour(t) converts the control step ¢ to time of day
in 24-hour format, to represent the temporal proximity. This
state representation further removes the requirement of some
sophisticated sensors.

3) No Heat gain, RL-NH: a state representation in which the
heat gain information is completely discarded is introduced for
comparison.

Table I summarizes these RL controllers with different s;
structures, i.e., different RL controller inputs. Column “|s}|” in
the table shows the state dimension based on K = 48, which
represents a 4-hour look back window with 5-minute control
interval and will be used in the rest of the paper. Performance
based on these controllers are later compared in Section V.

IV. TWO-STAGE RL PoLICY SEARCH

In deep RL, the control policy, as a mapping relation-
ship, is instantiated using a deep neural network, denoted by
mo(az|sy), where vector O collects neural network parameters

4
TABLE 1
RL CONTROLLERS WITH DIFFERENT STATE REPRESENTATIONS
Controller State Representation En
RL-HM  sf/M = [T, T, Gi™ y GEoM97 g, t, Wi, 6e] 586
RL-CA s§4 = [T, TU, ,w, sing, cose, ug, t, we, 3¢ 109
RL-NH sVH = [T, ToU ur, t, we, 5t 106

referred to as J(@) hereinafter as it is a function of 0, a
category of RL algorithms, called policy gradient methods,
uses gradient ascent to update the policy iteratively by:

Ori1 =0+ aVgJ(0), (6)

where o is the learning rate, Vg J(0) ~ VoL(8) estimates
the policy gradient, and Vg L(6) is the gradient of a surrogate
objective L(8) (the construction of L(8) varies by algorithms)
that is computed via back-propagation (BP).

A. ES-RL Algorithm

In contrast to many policy gradient methods, which cal-
culate VgJ(0) using the policy gradient theorem via BP
[17, Chapter 13], the ES-RL algorithm of [34] obtains the
gradient using zero-order gradient estimation (ZOE) [35]. As
proposed in [34], policy parameters 6 follows an isotropic
multivariate Gaussian distribution with fixed covariance, i.e.,
6 ~ N(6,52I), where 0 is the mean parameter vector to be
learned and o is a standard deviation, as a hyper-parameter.
ES-RL aims at maximizing a Gaussian smoothed version of
the original objective:

V(0) :=Ey_y4.217(0) = Ecunion (0 + oe),

where the smoothness is controlled by o. The goal of Gaussian
smoothing is to introduce better properties than the original
function, see [35, Section 2] for more discussion.

To estimate the gradient V'(0), the following lemma [34],
[35] is leveraged, and we provide its proof below.

Lemma 1. The gradient of V(0) is estimated by
~ 1 ~
VV(0) ~ —Ecuno,nle- J (0 +o€)l.

Proof: The Taylor series expansion of J(8 + o€) is:
J(0 +ce) = J(0) +oe'VJ(O) + O(c?). (7)
By taking the expectation on both sides, there is:
Ec[J(0 + 0€)] < E[J(0) + o€ V. J(B)] = J(). (8)

So the computation of VE.[.J(6 + ce)] can be approximated

by V.J(6). To compute V.J(6), we multiply both sides of (7)

with € and take the expectation:
Ec[eJ(0 + ce€)] ~ E[e](8)] + Ec[oee V.J(6)] ©
= oE [ee"|V.J(8) = 0Vy.J ().

Equation (9) suggests V.J(6) ~ 1E, [€J(0 + o€)]. Therefore,
there is VV(0) ~ 1E.n(o,nl€- J(0 + o€)]. [ ]
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TABLE II
ZOE TRIAL PARAMETERS

Type o

Under Smoothed 0.5
Properly Smoothed — 1.285

Over Smoothed 2.5

Trial (Initial Points)
us_1 (0.0, -2.0), us_2 (6.6, -4.0)
ps_1 (0.0, 2.0), ps_2 (6.6, 4.0)
os_1 (0.5, 4.5), 0s_2 (5.5, 4.5)

X

Fig. 1. Non-convex function used in this numerical example is f(x) =
20 — 70z1 + 65.722 — 17.123 + 1.3z} + 1.6z2. Two standard gradient
descent (gd) processes are shown to indicate x7 and x¢,. Top plot shows the
cross-section of the original and three smoothed functions at 2 = 0 and the
bottom plot collects the converging trajectories. Points A/B/C/D reveal the
optima of smoothed functions, which explain the trajectories in the bottom
plot. Different initial points are selected for better visualization, they can be
categorized into two groups depending on their proximity to x7 and x,.

This means VV(0) can be estimated using zero-order
sampled rewards J (é + oe€), and the policy parameter vector
6 can thus be updated. Such ZOE-based methods present the
following three major advantages:

1) BP-free: This gradient-free feature avoids conducting
computationally intensive BP and reduces the overall
computation by two thirds [34].

2) Scalability: Though evidences show that this approach
requires more iterations to converge [35], ES-RL, by
utilizing shared random seeds to reduce communication
requirement, can be scaled to a large number of parallel
rollout workers and ultimately yields an overall shorter
learning wall-time in practice.

3) Poor policy avoidance: By optimizing on the Gaussian
smoothed objective V(é), such methods can potentially
escape poor-performing local optima in the non-convex
problem setting, which is discussed next in Section I'V-B.

B. Convergence Features of ZOE based Methods

In this section, through a simple numerical experiment,
two key features regarding the convergence of ZOE-based
methods, including ES-RL, are illustrated. Specifically, for
visualizing in R?, we construct an arbitrary non-convex func-
tion f : R? — R with a local and a global optimum (x}
and x¢). In this experiment, ZOE-based gradient descent
is used to search for a solution of min f(x). Specifically,

6=0.5
- 1.0
A — 1=0.005 —— k=000l —— Ir=0.0005
><
0.5
S
6=0.005
;j, 55 — =0005  —— =000  —— Ir=0.0005
¥ vy g
= 0.0
5=0.0025
*E, 25 — 1=0.005 —— 1=0.001 —— 1r=0.0005
|
= 00
0 25 50 75 100 125 150 175 200
Iterations

Fig. 2. Starting from ‘A’ in Fig. 1, in Stage II, smaller o are used to fine-

tune the solution (i.e., A — xa). Note if o is too small, the solution x does

not converge towards x¢, due to the estimation error magnified by 1/0. All
1

curves start from |[x4 — x5||2 and ‘Ir’ indicates learning rates.

VEcon(0.)f(x + 0€) & LB no.nl€ - f(x + o€)] is used
to estimate the gradient around x and f = f + v represent
samples with noise (assume v ~ N (0, 0,,)). As shown in Table
II, different smoothing levels and initial points are used in six
trials and the converging processes are illustrated in Fig. 1. It
can be seen that, if o is relatively small (under smoothed),
similar to gradient descent, the two trajectories (i.e., us_I
and us_2) converge to the closest optimum due to the non-
convexity in the resulting under-smoothed surface. However,
when given an adequate o (properly smoothed), ZOE can
escape the attraction of x7 and converge towards x7, due to
the smoothing effect (see ps_I in contrast to gd_I and us_1I).
On the other hand, also because of the function smoothing,
a larger o for ZOE drags the converged point away from the
“true optimum” x¢, (see os_I and os_2). This is also true for
the properly smoothed cases, which lead to a convergence to
the neighborhood of x7, (point A in Fig. 1), instead of x;
itself.

To summarize, from this simple illustrative example, two
key observations of the ZOE-based method’s convergence
features can be made:

1) An adequately large o is needed to search with a more
“global” vision and avoid poor-performing local optima;

2) Conversely, it requires o to be small to converge “locally”
to a better local optimum.

Apparently, these two requirements are conflicting.

C. Two-Stage Global-Local Policy Search in RL

To tackle the conflict for choosing ¢ in ZOE, one idea is to
start with a larger o and gradually reduce its value as learning
progresses. However, the design of the shrinking schedule
depends on the optimizing surfaces of specific problems and
is out of the scope of this paper; for simplicity and generaliz-
ability, we propose to use a simple two-stage schedule instead:

Stage I (Global Policy Search): Leveraging several dif-
ferent smoothing levels (ie., o' < 0% < < o), and
initiating k different trials of ES-RL global policy search. The
reason for using different o values is because its optimal value,
which properly smooths the function, is problem specific and
is hard to derive theoretically. As shown in the previous
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First Stage Global Policy Search (ES-RL)

Second Stage Local Policy Tuning (PPO)
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Fig. 3. Knowledge transfer between stages is implemented by network parameters copying, which replicates ES-RL-S1’s behavior to Stage II. Two points
worth noting: 1) Besides copying parameters for action output (see red dashed box/polygons with (), the PPO policy network also outputs standard deviation
o, as PPO policy is stochastic Y(a; = N(a, (o?)Q)). So parameters in the last layer for generating o3 are manually set as they do not exist in ES-RL-S1’s
policy network. 2) PPO requires a value network, which also does not exist in Stage I. We warm-start such a network using all the ES-RL policy network’s
parameters, except for those in the last layer (see blue dashed boxes marked by (2)). Red dotted arrows in the figure represent parameters that do not exist in

ES-RL policy network.

numerical example and later in the case study (Table IV),
gradually increased o values will first in general improve
the objective function value (i.e., from “under smoothed” to
“properly smoothed”) and then worsen it (i.e., from “properly
smoothed” to “over smoothed”), yielding a generally “U-
shape” performance curve. Those o’ with the best objective
function values are those that properly smoothed the original
problem, and the controllers trained with these values should
enter the next, “fine-tuning”, stage. These learned controllers
are collectively referred to as ES-RL-SI hereinafter.

Stage II (Local Policy Tuning): Starting with good-
performing ES-RL-S1 policies, fine-tune them until converged
to the “true optimum” (move from the optimal solution of the
Gaussian smoothed problem to that of the original problem,
e.g., A — x¢, in Fig. 1). Concretely, there are two options for
local policy fine-tuning:

a) Use ES-RL with a smaller o: As illustrated by
“us_1/us_2” in Fig. 1, if o is small, ES-RL optima (Point
D and B) are close to the optima of the original problem
(x7, and x,). From this perspective, the Stage II solution can
converge more closely to the “true optimum” if smaller o is
used.

b) Use a policy gradient algorithm: Since the advantages
of ZOE-based methods (i.e., scalability and poor local optima
avoidance) are no longer needed in Stage II, a first-order
BP based method can be used, which directly optimizes the
original function and leads to a more accurate convergence.

For Option a), Fig. 2 shows the example of the Stage II
fine-tuning using three new smaller o. Note, when o = 0.5,
x is tuned from ‘A’ to ‘B’ (not xg,), but if more improvement
is desired, using smaller o (11.6., o = 0.005 or 0 = 0.0025)
does not help as ||x — x%,||3 diverges in Fig. 2. The reason
for this is that very small o will make the gradient estimated
by L1Ec[e] (6 + o€)] become inaccurate. As a result, in the
rest of this paper, we pursue Option b), in which the Proximal
Policy Optimization (PPO) [36] is used in Stage II. PPO is
selected due to its consideration of the Kullback—Leibler (KL)
divergence in learning iterations, which enables stable policy
updates from an already good ES-RL-S1 controller. Please see
(7) of [36] for more details on how to construct the surrogate
objective function for gradient estimation. Finally, due to the

change of RL algorithm, an extra process is needed to transfer
knowledge between stages: parameters of the ES-RL-R1’s
policy network are used to initialize PPO policy networks; see
Fig.3 for details of this idea. Similarly to Stage I, controllers
fine-tuned in Stage II using PPO are referred to as PPO-RL-S2
for simplicity.

Finally, it is worth noting that the ES-RL sub-optimal
convergence is not discussed in the original ES-RL paper. This
is possibly because most RL benchmark problems are of the
task-completion type, and with the ES-RL learned sub-optimal
policy, those tasks can still be completed. However, when
applying RL to real-world engineering problems, e.g., cost
optimization, the policy improvement can have more practical
meaning and thus provides additional incentive for conducting
the second stage fine-tuning.

V. CASE STUDY

In this section, the proposed two-stage global-local policy
search method is applied to train an RL controller that opti-
mizes the multi-zone grid-interactive building control problem
(1) introduced in Section II.

A. Simulation Setup

1) Multi-zone Commercial Building

A benchmark five-zone office building [43] is used (N =
{1,2,...,5}) and key parameters are shown in Table IIL
The control objective is to minimize the daily weighted cost
given by (1) with 5-minute control interval, which gives a
control horizon/episode of 288 steps, i.e., T = {1,2,...,288}.
Historical weather data in Austin, TX from EnergyPlus [44]
are used to model the environmental disturbances. The data
from July are used for training: at the beginning of an episode
(one simulated day), the simulator randomly selects one of the
31 scenarios in the training data to initialize environmental
disturbances, and the RL agent will learn to control the
building. To examine the generalizability of the trained RL
controller, data from the first ten days in August are used as
testing scenarios to examine the trained policy’s performance
under unseen scenarios.

§See [34, Section 3] for the difference between smoothing in action space
(e.g. PPO) and smoothing in parameter space (e.g. ES-RL).
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TABLE III
PARAMETERS FOR THE FIVE-ZONE OFFICE BUILDING

ien i < 10.0 (unit: kg/s)

mi €[0.22,2.2],4 € {1,...,4},

my € [0.32,3.2] (Core zone)

Tde € [10.0,16.0] (unit: °C)
a=1.0, b= 0.0076 and ¢ = 4.8865
[7%,T"] = [23.0,25.0] (8:00 - 18:00)
[T%,T'] = [22.0,28.0] (Other time)

Operating
Constraints

AC Parameters

Temperature
Comfort Band

2) Simulation of Demand Response Events

For each day, the probability a DR event will occur is
assumed to be 50%, as we envision that a more frequent
DR occurrence is likely and beneficial with the prevalence of
intelligent building controllers. Specifically, the start time of a
DR event is uniformly sampled so that it happens during 11:00
and 18:00. The event duration is given by Ipr = [24(£+1)]
steps in which £ ~ U(0,1) (i.e., event duration is between
2 and 4 hours. U(0,1) means a uniform distribution between
[0,1] and |-] is the floor function). Using the same sampled &
value, the power limit during the DR event (t € Tpg) is given
by P, = 30 + 20¢ (kW), indicating that a longer DR event
usually requires less load reduction to avoid severe impact on
customer’s comfort. The DR power limit range P; € [30, 50]
is selected since the building peak demand during normal
operation is around 60 kW. For non-DR period (t ¢ Tpr),
there is P; = 80 kW to represent the demand charge limit.
Note, the building will receive DR notification four hours
before the event starts because u; in s; consists of P; for
the next K = 48 steps. Such advance notification allows the
building to take some proactive actions prior to the arrival of
events. Finally, weights for different objectives are adjusted
in case of DR events: w; = [0.7,0.2,0.1] for ¢ ¢ Tpr and
w; = [0.5,0.0,0.5] otherwise. This means with the reduced
power limit during a DR event, energy saving is no longer
considered, shifting the emphasis to both thermal discomfort
and power limit following. In practice, the configurations
above, e.g., the distribution of £ and power limit range, can
be set as per building’s specific requirements.

B. Learning Platform and Framework

In this study, controller training is based on a dis-
tributed reinforcement learning framework [45] using the high-
performance computing (HPC) system at the U.S. National Re-
newable Energy Laboratory, see Fig. 4. By utilizing the HPC
system and parallel learning, we can analyze the efficiency and
cost for training a good-performing building controller using
the state-of-the-art computing system. Specifically, hidden
layers of the policy network mg(as|s;) have neuron numbers
of [256, 128, 128, 64, 64, 32, 16], with “tanh” as activation
function. The input and output of the neural network are
normalized to [—1.0,1.0], and the reward is scaled using a
factor of 0.1; both normalization and reward scaling aim at
helping to train the policy network. Both ES-RL and PPO can
be parallelized to multiple rollout workers/learners, with each
one collecting experience from its corresponding OpenAl Gym
environment [46]. Note that each environment will randomly

(A}
[ Exogenous Data Pool: ] R
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l, Gym environments
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Fig. 4. A scalable reinforcement learning framework on a high-performance
computing platform. For Stage I, the ES-RL learning is scaled to 20 computing
nodes with a total number of 684 parallel learners. For Stage II, only one node
(35 parallel learners) is used for PPO, as our experiments show scaling PPO
to multiple nodes does not lead to faster convergence.

sample £ and exogenous inputs (e.g., T°%, G and G*°l")
from a training data pool (filled with environment data from
July, mentioned in Section V-A) when each episode starts,
so that the RL controller is exposed to a variety of DR and
environmental scenarios during training and thus is able to
handle different situations when trained.

C. First Stage Global Policy Search

In this section, we show the results of global policy search
using three RL inputs listed in Table I and six different objec-
tive smoothing levels. Table IV shows the average converged
values ( for each case after the RL controller is trained with
ES-RL for 8 x 108 control steps. The average converged value
is defined as:

1 Neval
C=avr —— > Cngminn (10)
eval =1

where neyq; = 50 is the averaging window size, 1, is the
number of total training iterations, ci, is the evaluated episodic
cost incurred when using the RL policy trained at iteration k
and the “awvr” sign shows an average over multiple trials (three
trials in our case). The value of ( essentially represents the
average cost a controller can achieve for the training scenarios,
thus the lower value the better performance.

From Table IV, the following two observations can be made:

1) No matter which type of controller inputs, similar to the
numerical experiment in Fig. 1, we observe a generally “U-
shape” performance variation with respect to o: with a small
o (e.g., 0 = 0.002), the policy is trapped in local optima
implied by the high ( values, as the non-convex problem is
under-smoothed; and with o too large (e.g., o = 0.09 or 0.15),
the function smoothing effect leads the policy away from the
true optima. Among all o tested, those with medium values
represent the cases of “proper-smoothing” and yield better
performing policies. Though not proven analytically, this {—o
relationship observed in Table IV and Fig. 1 can help us
empirically determine the best o value to be use.

2) Regarding controller inputs, RL-CA/RL-NH perform
slightly better than RL-HM in this stage, indicating the in-
clusion of accurate measurements of G and G%°%" in s,
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TABLE IV
AVERAGE CONVERGED VALUES (¢) UNDER DIFFERENT o

Smoothing Standard Deviation o

0.002 0.01 0.02 0.05 0.09 0.15

RL-HM 121996 21.08 15.71 16.58 3422 49.01

¢ RL-CA 984.22 19.54 1595 15.14 28.83 47.37

RL-NH 865.91 19.07 16.02 1517 27.61 4741
TABLE V

SECOND STAGE POLICY TUNING IMPROVEMENT (COST REDUCTION)

Average Episodic Cost at Policy Convergence

(£

ES-RL-SI  PPO-RL-S2 Improvement (%)
0.01 18.74 14.48 22.73%
0.02 15.67 14.55 7.15%
0.05 15.09 14.17 6.49%

is not as beneficial in the office building we are investigating.
One possible reason for RL-HM’s slightly worse performance
is because it uses a larger input dimension than RL-CA/RL-
NH in the policy network, as indicated by Table I. This means
it has more neural network parameters to be trained and thus
requires more training iterations. Since Table IV shows the
performance of all three controllers after the same number
of training iterations, RL-HM having slightly worse perfor-
mance is reasonable. Overall, since RL-CA does not require
a sophisticated sensor network and a forecasting module, and
compared with RL-NH, only three easily-accessible artificial
inputs are needed, in the rest of the paper, RL-CA is used for
further study.

D. Second Stage Local Policy Fine-tuning

Warm-started by the best three RL-CA ES-RL-S1 policies,
denoted as 7,,, Ty, and m,, with o0y = 0.01, o9 = 0.02 and
o3 = 0.05 respectively, PPO is used for local policy tuning.
Fig.5 shows the Stage II fine-tuning processes. It is worth
mentioning that all learning curves in Fig.5 start above their
corresponding dashed lines. This is because when transferring
knowledge between stages, we deliberately initialize the o}
output of the PPO policy network to encourage adequate
exploration at the beginning of Stage II learning. Such ex-
ploration, inevitably, causes higher costs than those evaluated
using ES-RL-S1. At the end, with all PPO learning converging
to a lower cost level than their ES-RL-S1 predecessors, the
benefit of the second stage tuning is manifested. Details of
the Stage II performance improvement are summarized in
Table V. Admittedly, in this section, the advantage of having
a two-stage policy search approach is only demonstrated in
the environment with training scenarios. In Section V-F, the
fine-tuned PPO-RL-S2 will be examined under unseen testing
scenarios to see if the performance will deteriorate (e.g., due
to over-fitting the policy to the training scenarios).

E. Comparing with Single Algorithm Learning

In this section, we demonstrate the advantage of leveraging
ES-RL training by comparing using PPO (the approach used
in [29]) for the Stage I global policy search. Fig. 6 shows

o

»
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13

Average Episode Cost (~J(0))
5

SR O

6=0.01

Iy

0.0 0.5 1o L5 2.0 25 30 35
Training Steps (107)

Fig. 5. Learning curves of the Stage II local policy tuning via PPO. Three solid
curves depict the learning/converging processes of the Stage II policy fine-
tuning, compared with the control performance of the ES-RL-S1, with costs
shown by dashed lines. Each learning curve is averaged from four separate
trials. Vertical double-ended arrows show the fine-tuning improvements, which
correspond to the numerical values in Table V.

PPO-Schedule-1
PPO-Schedule-2
PPO-Schedule-3

—— ES-RL-SI (20 Nodes)
ES-RL-S1 Converged

102 T AL s AW S

Average Episode Cost (—J(8))

0.0 2.5 5.0 7.5 12.5 15.0 17.5 20.0

10.0
Wall Time Hours

Fig. 6. Learning curves of PPO training from scratch using three learning rate
schedules. Curves are averaged from multiple runs and shaded areas indicate
the envelopes of all learning curves (Bottom of the envelopes show the least
cost yielded by the PPO controllers). The learning curve of ES-RL-S1(o3) is
included to compare learning performance (wall-time).

the learning curves for PPO learning from scratch with three
different learning rate schedules on a single HPC node. It
illustrates that after consuming 1 x 20 = 20 node-hours of
computing resources, the best policy trained by PPO yields
average cost of 46.93; in contrast, ES-RL converges to a
control policy that yields an average control cost of 15.14
using 20 x 0.5 = 10 node-hours. The close to flat learning
curves indicate that PPO learning trials are trapped in local
optima. It is worth noting that we also tested PPO on multiple
HPC nodes, which does not show any improvement of learning
speed due to its constrained scalability (caused by synchronic-
ity among learners and the consideration of KL divergence).

In summary, from this and the previous section, it shows
the proposed two-stage learning approach demonstrates a clear
advantage over either single algorithm counterpart. On the one
hand, ES-RL’s scalability and global searching capability are
beneficial to a fast global policy search (i.e., Fig. 6); on the
other hand, PPO’s accurate fine-tuning can help ES-RL-S1 to
further improve its performance (as demonstrated in Fig 5 and
Table V). Considering both aspects, using a two-stage learning
approach is beneficial.

F. Controller Performance Under Testing Scenarios

Ten days of unseen testing scenarios are used to examine
whether the performance of a PPO-RL-S2 controller can be
generalized.
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Fig. 7. Comparison of control performance in testing scenarios, indicated by cost, among the RL controllers and the baseline controllers. Both axes are in

log scale.

1) PPO-RL-S2 vs. ES-RL-S1 in testing scenarios

First, following the previous discussion, the control per-
formance of PPO-RL-S2 and ES-RL-S1 are compared based
on testing scenarios, and the results are shown in Fig. 7 (a).
Each data point represents the cost for one testing day under
five different DR scenarios (§ = {0.0,0.3,0.6,0.9} and no
DR event), resulting in a total of 5 x 10 = 50 data points.
With a majority of points lying above the diagonal line (42
out of 50), it indicates PPO-RL-S2 has better performance
when compared with ES-RL-S1. This further substantiates
the conclusion that the second stage local policy tuning is
effective and the knowledge obtained can be generalized to
unseen scenarios. Numerically, the average costs for these 50
scenarios from two controllers are 18.25 and 16.87, showing
a 7.55% cost reduction.

2) PPO-RL-S2 vs. MPC Baselines

Second, PPO-RL-S2 is compared with the following two
MPC baseline controllers based on the optimization formula-
tion given by (1):

(a) MPC-ROM uses the exact nonlinear ARX building Re-
duced Order Model in (1), solving an optimization prob-
lem with non-linear equality constraints.

(b) MPC-LIN uses a linear approximation (through Taylor
series expansion at each step) of the nonlinear building
model, solving a quadratic program each step.

Both MPC controllers are implemented using the “fmincon”
solver in MATLAB with the interior-point algorithm. In
addition, MPC controllers require prediction values of the
exogenous data in the optimization problem formulation (i.e.,
Tou, Gint and G§°!%", V¢ € T). In this paper, we provide the
unrealistic perfect forecasts to the MPC controllers, meaning
the RL controller is compared with the two best performing
MPC controllers. Specifically, MPC-ROM has both perfect
knowledge on system dynamics and future environment, and
as a result, it provides the lower bound for the possible daily
cost level. Comparisons are shown in Fig. 7 (b) and (c). PPO-
RL-S2 reduces average costs by 4.16% when compared with
MPC-LIN and costs 25.30% more when compared with MPC-
ROM (the oracle).

In summary, our results demonstrate that PPO-RL-S2 can
achieve good control performance under different unseen
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Fig. 8. Control performance of PPO-RL-S2 in one testing scenario. In all
sub-figures, dashed lines are for the case without a DR event and the solid
ones are for the DR scenario. Shaded areas in the first five sub-figures reveal
the temperature comfort band and black lines (both dashed and solid) in the
bottom figure represent the power limit (Py).

testing scenarios, as compared with MPC-LIN using a perfect
forecast.

3) PPO-RL-S2 Single Scenario Control Demo

To better understand the behavior of the PPO-RL-S2 con-
troller, we present a more detailed view of its performance on
a single evaluation day, as shown in Fig.8. Two cases for the
same day, one with a DR event and one without, are compared,
in order to observe how the controller acts differently in case
of a DR event. From Fig.8, the following observations can be
made:

1) In both cases, temperatures in all zones are mostly kept

in the comfort band, except for some short periods during
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Fig. 9. Control performance of ES-RL-S1 (dashed) and PPO-RL-S2 (solid)
in one testing scenario.

the DR event;

2) Power limit constraint P, < P, is satisfied for all t € T ;

3) Proactive prior-event control is observed in order to
prepare the building for the in-coming DR event. Specif-
ically, demand is properly shifted: Zone 1, 3 and 5 are
pre-cooled as shown by the increased r;,7 € {1,3,5}
and decreased Ty, before the DR event, providing a larger
thermal comfort margin.

4) Though not explicitly instructed, the RL controller
learned from its training experience that Zone 2 (an east-
facing zone) is less sensitive to the afternoon heat and
thus (almost) no pre-cooling is conducted for Zone 2.

5) During the DR event, all cooling air goes to Zone 4 (the
west-facing zone) to counter the thermal discomfort and
g, € {1,2,3,5} are reduced to the minimum. By doing
this, P; is successfully reduced below P;.

Note, though in this study we use a simple power limit
signal, a more advanced signal from the utility, which is out
of the scope of this paper, can be implemented to avoid the pre-
event surge and post-event demand rebound (e.g., by gradually
changing P; prior to and after the event).

Additionally, we also compared the control behavior of
ES-RL-S1 and PPO-RL-S2 controller under the single test
scenario, as shown in Fig. 9. The result shows, after the Stage
IT fine-tuning, the RL controller can maintain the building
thermal comfort and grid service quality, while using less
energy. Overall, comparing with its Stage I predecessor, PPO-
RL-S2 reduces the cost by 8.25%.

To summarize, this detailed scenario demonstration shows
that PPO-RL-S2 has properly learned a near-optimal control
behavior during training, and can provide satisfactory building
control performance when deployed.
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Fig. 10. Comparison of control performance in testing scenarios between RL
controller with “RL-CA” and “RL-PF” state representations. “RL-CA” here is
the same trained controller denoted by “PPO-RL-S2” in earlier discussion.

G. Using Forecasts in RL State Representation

So far, RL controllers that do not rely on forecast modules
have been tested. In this section, we take a step back and
investigate to what extent the RL controller would suffer a
performance loss if forecasts were available but it did not use
them.

Specifically, we introduce an RL controller “RL-PF” that
uses forecasts of environment variables as part of its state
representation, which is denoted as:

PF . out int solar
s, = [T, TY%, Gk, GiK" g, t, we, 04

Here, Tg4t = [Tp"h . ToM (1T and G}y =
[(G?’N)T, - (G?j}f(_l)T]T for h € {solar,int} are perfect
forecasts of environmental disturbances’ future profile.

Also trained via the two-stage policy search, the “RL-PF”
controller is compared with the “RL-CA” controller under
various testing scenarios, see Fig. 10. The results show that,
numerically, the average costs under these 50 testing scenarios
are 16.49 and 16.87 for “RL-PF” and “RL-CA” respectively.
This means without using perfect forecasts of disturbances, the
controller performance does not deteriorate significantly. Pos-
sible reasons for this are two-fold: 1) as discussed in Section
III-B, the RL controller can learn from training experiences
to implicitly predict future system trajectory given historical
profiles; 2) the schedule of the office building and the weather
profile, though different every day, follows a regular pattern,
which makes it easier for the RL controller to learn.

H. Computational Efficiency

Table VI shows the computational resources (i.e., HPC
nodes and RL parallel workers) used for controller training
in this study. Each computing node in the HPC system has
dual 18-core processors. In Stage I, since ES-RL is highly
scalable, we test learning the controller with 5, 10 and 20
nodes respectively and show that an ES-RL-S1 controller can
be trained as soon as half an hour. In Stage II, we observed
that PPO training performance was not improved by naively
scaling to multiple nodes as effective scaling is bounded by a
critical training batch size discussed in [47]. So PPO training
is limited training to a single node using 35 parallel workers.
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TABLE VI
LEARNING EFFICIENCY ON AN HPC SYSTEM
Stage I Stage II
HPC Node Number 5 10 20 1
RL Rollout Worker Number 144 324 684 35
Time (Hour) 1.53  0.87 0.50 6.00

As a result, Table VI shows that the fine-tuning process (as
illustrated by Fig. 5) requires six hours. Note, the training
time can further be reduced using GPU acceleration and/or
other distributed implementations of PPO [48]. In real-life
applications, equivalent computational resources from major
cloud service providers are also available and spot instances,
which run when the price is low, can be leveraged to reduce
training costs for an RL controller.

VI. CONCLUSION AND FUTURE WORKS

This paper developed a two-stage RL policy search method
to facilitate a faster convergence towards a better policy: in the
global search stage, a ZOE-based RL algorithm is scaled on
parallel learners to optimize a policy via a Gaussian smoothed
objective function; such a policy, which ends up in the vicinity
of a good-performing local optimum, will then be fine-tuned
in the second stage, further improving its performance. The
effectiveness of the proposed method and its advantages over
existing practices were demonstrated. Though we focus on a
multi-zone grid-interactive building control problem here, the
proposed two-stage learning is general and can be effective in
training RL policies for other control problems. Like many
other data-driven methods, it is worth mentioning that the
RL controller’s performance might deteriorate for scenarios
that are out of the distribution of the training scenarios. To
cope with this, for the building control problem, we envision
that the RL controller will be re-trained regularly, provided
with updated training scenarios to adapt to the changes in the
building and the environment.

Future studies that can bring this work closer to practice
include 1) conducting experiments in additional building types
other than an office building; 2) instead of a stacked state
representation and a fully-connected neural network, exploring
if more complicated state representations and networks (i.e.,
convolutional/recurrent neural network, which better handle
the correlation among exogenous inputs) can provide benefits;
3) Discussing best practice for choosing training scenarios:
e.g., whether the exogenous inputs include data from the
previous month, or the previous two months or from the same
time last year.
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