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Abstract: Currently, decarbonization has become an emerging trend in the power system arena. However, the
increasing number of photovoltaic units distributed into a distribution network may result in voltage issues, providing
challenges for voltage regulation across a large-scale power grid network. Reinforcement learning based intelligent
control of smart inverters and other smart building energy management (EM) systems can be leveraged to alleviate
these issues. To achieve the best EM strategy for building microgrids in a power system, this paper presents two
large-scale multi-agent strategy evaluation methods to preserve building occupants’ comfort while pursuing system-
level objectives. The EM problem is formulated as a general-sum game to optimize the benefits at both the system
and building levels. The α-rank algorithm can solve the general-sum game and guarantee the ranking theoretically,
but it is limited by the interaction complexity and hardly applies to the practical power system. A new evaluation
algorithm (TcEval) is proposed by practically scaling the α-rank algorithm through a tensor complement to reduce
the interaction complexity. Then, considering the noise prevalent in practice, a noise processing model with domain
knowledge is built to calculate the strategy payoffs, and thus the TcEval-AS algorithm is proposed when noise exists.
Both evaluation algorithms developed in this paper greatly reduce the interaction complexity compared with existing
approaches, including ResponseGraphUCB (RG-UCB) and αInformationGain (α-IG). Finally, the effectiveness of
the proposed algorithms is verified in the EM case with realistic data.
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1 Introduction

Currently, decarbonization has become an
emerging trend in the power system arena. However,
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integrating intermittent renewable energy, which has
limited controllability and partial predictability, into
the power system poses a significant challenge (Pig-
ott et al., 2022). To address this challenge, the urgent
development and deployment of flexible technologies,
such as storage and demand-side response, are nec-
essary to effectively balance the variability of inter-
mittent renewable energy resources. Smart building
microgrids are constructed based on this concept as
the promising option for optimal energy management
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(EM) from sustainable energy sources (Zhang et al.,
2023). Building electricity consumption accounts for
70% of total electricity consumption (Su and Wang,
2012). With the notable growth in energy storage ca-
pacity at the distribution level, enabled by batteries
and electric vehicles, implementing suitable control
and coordination strategies can synchronize peak de-
mand with peak renewable energy generation (Vin-
cent et al., 2020; Cai et al., 2023). Building microgrid
energy management is a comprehensive arrangement
of diverse technologies involving conversion, distribu-
tion, and storage. Its objective is to optimize the syn-
ergistic effect among different energy carriers within
a multi-energy system. By doing so, it aims to fulfill
the energy requirements of building users (building
level) while maintaining voltage and power stabil-
ity in the overall power distribution network (system
level) (Zhao et al., 2022).

Multi-agent reinforcement learning (MARL)
methods have shown great potential in power sys-
tem control and EM tasks (Claessens et al., 2018;
Xu et al., 2020; Tong et al., 2023). MARL sets each
building microgrid as a control agent, which learns
control strategies by interacting with the environ-
ment. However, energy regulation in the large-scale
power grid system is considered a general-sum game.
As the number of agents increases, most MARL algo-
rithms have difficulty in guaranteeing the efficiency
of each agent’s strategy (Dong et al., 2022). As
a result, the evaluation of joint strategies becomes
complicated because each smart building microgrid
controlled by an RL agent is also influenced by the
strategies of other RL agents. The α-rank method
(Omidshafiei et al., 2019) enables investigation of the
strengths and weaknesses of these joint strategies us-
ing game-theoretic evaluation techniques (wherein
joint strategies are the combinations of strategies
chosen by each agent). In this paper, we investigate
the problem of applying α-rank to the evaluation
of the EM strategy. An excellent joint strategy is
obtained from ranking, which improves the stability
and reliability of the overall power system.

However, there is a practical problem with us-
ing the α-rank for the EM problem in the multi-agent
system. Each agent requires numerous interactions
to estimate a credible payoff. For large-scale multi-
agent systems, the cost of agents’ interactions is high
(Silver et al., 2016; Tuyls et al., 2018). It is difficult
to meet the practical needs of large-scale strategy

evaluation for an EM task. To reduce the num-
ber of interactions and the computational cost, the
ResponseGraphUCB (RG-UCB) algorithm sets con-
fidence intervals for the strategy payoffs (Rowland
et al., 2019). αInformationGain (α-IG) determines
the payoff model by maximizing the information gain
from the α-rank belief (Rashid et al., 2021). Both
methods require a comparison of all joint strategies,
which is still expensive. This inspires us to improve
the sampling efficiency during strategy evaluation.

In this paper, TcEval is proposed to alleviate
the problem of high sampling complexity during
evaluation, reducing the interaction complexity from
O(nk) to O(nrk−1poly lnn) (where k is the number
of agents, n is the number of strategies owned by
each agent, and r is the rank of the payoff tensor).
Considering the unavoidable noise in practical power
systems, TcEval-AS is proposed to achieve better
sampling efficiency and evaluation performance com-
pared with existing approaches, including RG-UCB
and α-IG. The feasibility and superiority of the two
proposed algorithms are verified in a simulated power
grid system.

The contributions of this paper are as follows:
1. We innovatively apply the α-rank-based eval-

uation method to obtain the ranking of all reconsti-
tuted joint strategies at both the building and system
levels, and thereafter, we obtain the optimal energy
regulation strategy for each agent.

2. The evaluation method based on practically
scaling the α-rank through low-rank tensor comple-
tion is proposed. Unlike existing methods (Rowland
et al., 2019; Rashid et al., 2021) that require all joint
strategy payoffs, we propose an approach to accu-
rately estimate complete payoffs from a subset of
key observed payoffs.

3. Considering the treatment of observed payoffs
with noise in real scenarios, a payoff prediction model
is presented in TcEval-AS to accurately predict the
real payoff in an EM task with a few interactions.

2 System modeling and problem
description

In this study, EnergyGrid is developed as an
adaptation of the GridLearn environment (Pigott
et al., 2022). As shown in Fig. 1, compared with
the GridLearn environment, the EnergyGrid envi-
ronment achieves the objectives of both demand
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response and grid stability instead of focusing on
only grid voltage stability. The EnergyGrid environ-
ment provides an energy model of multiple building
microgrids in a mixed-use zone, connected by a dis-
tribution grid modeled with alternating current (AC)
power flows. The details are described as follows.

2.1 System modeling

In this study, we use the IEEE-13-bus network
model and select k building microgrids to connect
to it. We develop building microgrid models based
on the data from the prototype buildings provided
by the U.S. Department of Energy (https://www.
energycodes.gov/prototype-building-models). Each
agent (building) controls multiple components; the
details of these components are as follows:

1. The heating, ventilation, and air conditioning
(HVAC) model is a simplified model of the electrical
system, which consists of an air conditioning and
ventilation device.

2. Photovoltaic (PV) and energy storage (ES)
models are two components controlled by the agent,
which assist in modifying the power consumption of
a building.

In the EnergyGrid environment, agents are en-
couraged to achieve their objectives while maintain-
ing voltage stability of the system. For ease of ref-
erence, the common symbols are summarized in Ta-
ble 1. The specific observation space, action space,
and reward function of each internal device of the
agent are shown in Table 2.

2.2 Problem description

Stochastic games have long been used in MARL
to model interactions among agents. This study fo-
cuses on analyzing interactions at the meta level.
A meta-game in MARL concentrates on meta-
strategies with different game styles, other than
atomic actions (Omidshafiei et al., 2019; Muller
et al., 2020). Specifically, a meta-strategy is a rule
of choosing an appropriate action any time based on
the agent’s information, which is initiated by differ-
ent strategy networks.

We set each building microgrid model as an
agent. Each agent i ∈ K (K = {1, 2, ..., k}) has
a finite set of pure control strategies denoted by

Table 1 Common symbols and their interpretations

Symbol Interpretation

t Time period, t ∈ {1, 2, ...., T}
i Smart building microgrid unit, i ∈ {1, 2, ..., k}
n Number of strategies owned by each agent
Si Pure control strategy set of unit i

s Joint strategy, where s ∈ S1 × S2 × ...× Sk

M Complete observed payoff tensor
rcomfort Indoor comfort measurement value
Pcomsume Energy consumption value

Vd Voltage deviation of the connected bus
tset The temperature setpoint for air conditioning
δ A factor for PV real power injection

SPV Real power injection for the PV system
PE A factor of fully charging and discharging

for the ES system
SE State of charge for the ES system

rHVAC Reward value of HVAC (building level)
rsys Reward value of grid systems (system level)

PV: photovoltaic; ES: energy storage; HVAC: heating,
ventilation, and air conditioning

646 645 632 633

611 684 671

652 680

692

634

675

650
IEEE-13

Smart building

RL agent s a
Actor network

PV system
a (s, a, r, st+1

)

Demand
Energy storage system

Air conditioning and

(a) (b) (c)

ventilation system

Fig. 1 Structure of EnergyGrid: (a) distributed generation network; (b) smart building microgrids; (c) details
of the smart building microgrid with RL agents (RL: reinforcement learning; PV: photovoltaic)
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Table 2 Parameters of each agent in EnergyGrid

Component device
Parameter

Observation space Action space Reward function

HVAC systems rcomfort, Pconsume tset rHVAC = α · Pconsume + β · rcomfort

Solar energy systems SPV δ 0
Energy storage systems SE PE 0
Others Vd rsys = γ · Vd

HVAC: heating, ventilation, and air conditioning; PV: photovoltaic

Si = {Si
1, S

i
2, ..., S

i
n}, wherein each strategy Si

z (z =

1, 2, . . . , n) is represented by the zth actor network
μi,z
φ , which has been trained using the multi-agent

deep deterministic policy gradient (MADDPG) al-
gorithm (Lowe et al., 2017).

The purpose of the EM task is to achieve the
rational strategy, further preserving building occu-
pants’ comfort while pursuing system-level objec-
tives. This EM problem can be formulated as a
general-sum game, which can be solved by using the
idea of α-rank (Omidshafiei et al., 2019).

Denote the space of control strategy profiles as
S =

∏k
i=1 S

i. Each agent selects strategies from S

to form a joint strategy sσ =
(
s1σ, s

2
σ, ..., s

k
σ

) ∈ S.
Interaction of each joint strategy sσ in S with the
EnergyGrid yields the observation payoff M(sσ) =(
M1(sσ),M

2(sσ), ...,M
k(sσ)

)
. Besides, the pay-

off tensor M =
(
M(s1),M(s2), ..., M(s|S|)

)
can

be constructed based on the payoffs of all joint
strategies.

Then, we calculate the state transfer matrix C.
We define sσ, sτ ∈ S. Let sσ and sτ differ only in one
strategy of the single agent i, which uses strategy τ ∈
Si instead of σ. Therefore, the transfer probability
from sσ to sτ of agent i can be expressed as follows:

Csσ ,sτ =

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

η
1− exp

(
α
(
M i(sσ)−M i(sτ )

))

1− exp
(
− ξα

(
M i(sσ)−M i(sτ )

)) ,

if M i(sσ) �= M i(sτ ),
η

ξ
, otherwise,

where M i(sσ) is the expected payoff of agent i when
using the joint strategy sσ, η is the reciprocal of the
total number of valid profile transitions from a given
strategy profile, α is the ranking strength, and ξ is a
hyperparameter indicating the population size.

Then, the steady-state distribution π is calcu-
lated from the state transfer matrix C, and the val-
ues of the transferred probability in π can be derived

to obtain the ranks R of all joint strategies. Further-
more, top-rank joint strategy s∗ is achieved from R.

Accordingly, the state transfer matrix C can be
calculated from the complete observed payoff tensor
M . This means that O(nk) payoffs can be obtained
to compute the top-rank joint strategy profile. First,
each joint strategy requires numerous interactions to
obtain the expected payoff in noisy cases. Second,
exhaustive evaluation of all joint strategy profiles fur-
ther increases computation burden. Therefore, this
study attempts to achieve credible C from a small
number of interactions.

3 Strategy evaluation of power grid by
practically scaling α-rank with tensor
completion

In this section, a large-scale strategy evaluation
algorithm (TcEval) is proposed, and its specific pro-
cess is shown in Fig. 2.

3.1 Estimating α-rank with tensor comple-
tion

In the grid system, the correlation among joint
strategies in S leads to similar payoffs obtained.
Therefore, strategy evaluation can be achieved by
using low-rank attributes and incomplete payoff ten-
sor complements (Czarnecki et al., 2020).

Suppose that we can obtain the precise value
of payoff. TcEval (Algorithm 1) is proposed to pre-
cisely evaluate all joint strategies through a small
portion of joint strategies. To be specific, TcEval
uses an active query method to construct the sam-
pling operator Ω, wherein the joint strategies with
key payoffs are selected in an active manner. For
each chosen joint strategy s = (s1, s2, ..., sk) ∈ Ω, we
can query its real value of the payoff and construct
the incomplete payoff tensor MΩ . Then, MΩ can
be recovered through tensor completion, and α-rank
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A strategy for an agent

n

n
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Joint strategy pair
construction
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to query payoffs
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tensor model

MΩ M
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tensor model

Tensor
completion

Joint strategy pair
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n

An agent with n strategies Unknown value of payoff True value of payoff

Fig. 2 Overview of TcEval. TcEval constructs nk joint strategies for k agents (each with n strategies), estimates
the complete payoff tensor M based on PS-HOSVD, and derives the steady-state strategy distribution π̄ from
M

evaluation is performed on the recovered payoff ten-
sor M . The steady-state distribution of all joint
strategies π can be obtained by calculating M . In
this study, the PS-HOSVD algorithm is chosen as
the tensor complement module in TcEval (Xia et al.,
2021) to recover the payoff tensor.

3.2 Active sampling to query key payoffs

To achieve the effectiveness of TcEval, we expect
to obtain a distribution that is closest to the real
strategy distribution.

In the process of joint strategy transfer, the low-
value “useless” joint strategy will be transferred to
the high-value “useful” joint strategy, which means
that C is determined mainly by these high-value

Algorithm 1 TcEval: multi-agent evaluation under
estimating α-rank with tensor completion
Input: active sampling operator, Ω; chosen rank, r∗;

joint strategy, s ∈ S.
Output: steady-state strategy distribution, π̄; the

ranks of all joint strategies, R.
1: Construct nk joint strategies for k agents, each with

n strategies
2: Use the active sampling method to select snum pairs

with the maximum information gain by using Ω

3: Estimate the complete payoff tensorM based on the
PS-HOSVD tensor completion algorithm with rank
r∗

4: Calculate the Markov chain C from M

5: Obtain steady-state strategy distribution π̄ by using
C

6: Calculate R of all joint strategies
7: return π̄, R

joint strategies. Therefore, to obtain more “useful”
joint strategies for the tensor complement, we pro-
pose an active query algorithm (Algorithm 2) based
on Gaussian process regression (GPR) (Williams and
Rasmussen, 1995). Its purpose is to obtain the joint
strategies that have a greater impact on the final
distribution.

Algorithm 2 Active sampling
Input: initial weight coefficient, γ; iterative weight co-

efficient, β; size of the active sampling operator,
Size(Ω).

Output: active sampling operator, Ω.
1: Initialize the size of the active sampling operator

Size(Ω)

2: Initialize the forecasting dataset Xtest = {s1, s2,
..., snk}

3: Calculate the number of initial training set samples
Z = γ · Size(Ω)

4: Perform uniform sampling to obtain the training
dataset Xtrain

5: Query payoffs to obtain the training label set Ytrain

6: Move Xtrain out of Xtest

7: while len(Xtrain) < Size(Ω) do
8: Perform Gaussian process regression (GPR) based

on Ytrain and Xtrain

9: Rank the prediction results and select the strategy
pairs Xiter corresponding to the top β · (Size(Ω)−
len(Xtrain)) predicted payoffs

10: Update Xtrain by adding Xiter

11: Query payoffs from Xiter and update Ytrain

12: Move Xiter out of Xtest

13: end while
14: Copy joint strategies from Xtrain to Ω

15: return Ω
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3.3 Complexity analysis of TcEval

TcEval practically scales α-rank evaluation
through tensor complement algorithms. The pay-
off tensor completion infers an unknown value from
the sampled data, predicated on the low-rank as-
sumption. Based on the proof of Xia et al. (2021),
accurate α-rank distribution can be obtained with
O(nrk−1poly lnn) sampled payoffs, where poly lnn

is the certain polynomial of the logarithmic function.

Although most agents’ interaction payoff ten-
sors are of low rank, there are still payoff tensors of
high or even full rank. Du et al. (2021) have proven
that as long as the high-rank tensor is not too dis-
tant from a low-rank tensor, payoff tensors based on
estimated low-rank recovery maintain the trend of
the real payoff tensor, and TcEval can still work.

4 Payoff predictive model for a noisy
case

In this section, we construct the payoff predic-
tive model for the noisy case and propose TcEval-AS,
which is shown in Fig. 3.

TcEval-AS uses focal sampling for estimating
M̂ωi and traverses the joint strategies in Ω to obtain
M̂ωi . Then the PS-HOSVD tensor complement algo-
rithm is applied to obtain the recovered matrix M̂ .
Finally, the ranking of all joint strategies is obtained
by performing α-rank analysis on M̂ .

4.1 Payoff predictive model based on focal
sampling

In most EM environments, agents using joint
strategy ωi (∀ωi ∈ Ω) need to interact a sufficient
number of times to obtain the expected payoff M̂ωi .

To solve the problem that we can access only
noisy payoff, the payoff probabilistic predictor can be
represented based on the mathematical prior model
as follows:

p(x|L,ψ∗) =
p(x|ψ∗)P (L|x)

P (L|ψ∗)
, (1)

where p(y|x) is expressed as the probabilistic pre-
dictor, the payoff observation is expressed as x,
and the observation probability is expressed as y.
In this predictor model, the maximum probability
payoff can be calculated as the expected payoff.
For searching the maximum probability, we define
L = {y|y ≥ λ, λ < ymax, λ → ymax}. Prior gener-
ative model p(x|ψ∗) is established to represent the
noisy (empirical) payoff distribution v(s), and ψ∗ is
expressed as the fitted parameters through training.

As P (L|ψ∗) is difficult to find, a search model
q(x|ϑ) is established to find the optimal parameter
ϑ∗:

ϑ∗ = argmin
ϑ

DKL

(
p(x|L,ψ∗)||q(x|ϑ))

= argmax
ϑ

Ep(x|ψ∗)

[
ln
(
q(x|ϑ))P (L|x)

]
, (2)

where DKL(·) is defined as the Kullback–Leibler
(KL) divergence between the target conditional. The

A strategy for an agent

n

n

K

Joint strategy pair
construction

Active sampling
to query payoffs

Establish the prior
generative model

Payoff predictive model

Incomplete noisy
payoff tensor model

Incomplete
payoff

tensor model

MΩN
r

N
r

M

Tensor

completion

Complete estimated 
payoff tensor model
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n

An agent with n strategies

Unknown value of payoff Queried value of noisy payoff Estimated maximum possible value of payoff

Fig. 3 Overview of TcEval-AS. TcEval-AS constructs nk joint strategies for k agents (each with n strategies),
builds the incomplete payoff tensor M̂ with repeated interactions (Nr times for each joint strategy), estimates
the complete payoff tensor M̂ based on tensor complementation, and calculates the steady-state strategy
distribution π from M̂
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data in set L are difficult to obtain. Therefore,
P (L|x) will be vanishingly small for most x sampled
from p(x|ψ∗), which will cause the high variance
of approximation. An adaptive sampling algorithm
based on the focal region is proposed to achieve ac-
curate estimation of the expected payoff by using
a small amount of the sampling data (Brookes and
Listgarten, 2018; Brookes et al., 2019).

Denoting r(x) as the importance sampling dis-
tribution, Eq. (2) can be expressed as

ϑ∗ = argmax
ϑ

Er(x)

[
p(x|ψ∗)
r(x)

ln
(
q(x|ϑ))P (L|x)

]

.

(3)

We construct a series of conditions T (t)
L and their

corresponding distributions rt(x), as follows:

T
(t)
L : L ⊂ Lt+1 ⊂ Lt, (4)

where Eq. (4) ensures that Lt gradually approxi-
mates the set L as time t increases and it guarantees
the existence of Ert(x)[P (Lt|x)].

In the subsequent time series, we use the search
model to represent the focal sampling distribution
rt(x) = q(x|ϑt). Therefore, Eq. (3) can be approxi-
mated as follows:

ϑt+1

=argmax
ϑt

Eq(x|ϑt)

[
p(x|ψ∗)
q(x|ϑt)

ln
(
q(x|ϑt)

)
P (Lt|x)

]

.

(5)

The proposed algorithm is shown in Algo-
rithm 3. In this study, we choose the Gaussian model
as the search model (SearchProb), and the count in-
terval (Inte = var0/num; num = 8) is defined to
manipulate the probability of noisy payoff for that
interval.

To demonstrate the effectiveness of the adaptive
sampling method in practice, we have conducted a
simple simulation case study, as shown in Fig. 4. We
ensure that our approach satisfactorily approximates
the desired expected payoff under noisy conditions.

4.2 Complexity analysis of TcEval-AS

Based on the theory of tensor complement with
noisy terms (Xia et al., 2021), we give our results
in Theorems 1 and 2. The proof can be seen in the
appendix.

Algorithm 3 Adaptive sampling for estimating
probability maximization
Input: noisy payoff, Xtrain = {x1, x2, ..., xNr}.
Output: estimated incomplete payoff tensor, M̂ .
1: for a = 1, 2, ..., |S| do
2: Construct the generative model GenModel(x,ψ)

3: m0 ← means(Xtrain)

4: var0 ← var(Xtrain)

5: Calculate the possible probabilities corresponding
to each noisy payoff, Ytrain = {y1, y2, ..., yNr}

6: ψ∗ ← GenModel(Xtrain, Ytrain)

7: ϑ1 ← ψ∗

8: for t = 1, 2, ..., T do
9: Construct sett = Xt

score = {x1, x2, ..., xN},
where x ∈ [m0 − 5var0,m0 + 5var0]

10: Y t
score ← hpre(X

t
score)

11: Rankt ← rank(Xt
score)

12: λt ← mean of the first qth percentile of values
in Rankt

13: FocalProb ←SearchProb(sett,ψ∗)
SearchProb(sett,ϑt)

P (Lt|sett)
14: ϑt ← GenModel(Xt

score, Y
t
score,FocalProb)

15: end for
16: E(x) ← x ∼ N(ϑT)

17: M̂a = E(x)

18: end for
19: return M̂
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Probability distribution of
sampled noisy payoffs
Generative model
Prior model
Focal prediction model

Predictive payoff

Ground truth

x
5.5 6.0 6.5

Fig. 4 An illustrative example showing that our final
approximate payoff estimated using a small amount
of sampling data is close to the real one

Theorem 1 (Approximate low-rank payoff ten-
sor) Let M̂ = M + Zτ be the observed pay-
off tensor bounded in [−Mmax,Mmax] and assume
the observation noise ||Zτ ||∞ < τ . Define Ω as the
sampling operator with m groups of joint strategies
actively sampled for evaluation. The observed pay-
off tensor selected by the sampling operator Ω is
M̂Ω = MΩ + ZΩ

τ . By performing the PS-HOSVD
tensor completion algorithm on M̂Ω to obtain M̂ ,
there exist constants C0 > 0, C′ > 0, and α > C0
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such that if the number of actively selected samples
satisfies

m ≥ C0γ
2
(
nrk−1 + r(k−1)/2nk/2

)
poly lnn, (6)

then P
(
maxs∈∏

k Sk

∣
∣π̂(s)− π̂(s)

∣
∣ ≤ ξ

)
≥ 1 − 1

n2

can be obtained, where

ξ ∈
⎛

⎝0, 18× 2−n

|S|−1∑

i=1

(|S|
i

)

i|S|

⎞

⎠ ,

τ =
ξg(α, η,m,Mmax)

18L(α,Mmax)
∑|S|−1

i=1

(|S|
i

)
i|S|nk/2	

,

	=C′γ2 ∧max (M)/ ∧min (M)r1/2nk/4 lnk+2(n)+1,

L(α,Mmax) = 2αe2αmax ,

g(α, η,m,Mmax) = η
e2αmax − 1

e2mαmax − 1
.

Theorem 2 (Noisy payoff) Suppose that the
payoff tensor M ∈ R

n1×n2×...×nk

is a low-rank
tensor with rank r = max(r1(A), r2(A), ..., rn(A)).
Define L(α,Mmax) = 2αe2αmax and g(α, η,

m,Mmax) = η
e2αmax − 1

e2mαmax − 1
. Let ξ ∈ (0, 18×

2−n
∑|S|−1

i=1

(|S|
i

)
i|S|
)
. Let Ω be the sampling opera-

tor with m groups of joint strategies actively sampled
for evaluation. For each joint strategy ωi ∈ Ω, let
âωi be an empirical estimation payoff constructed by
taking Nr interactions. π̂ is the steady-state strat-
egy distribution obtained by computing the α-rank
on M̂ , achieved by using PS-HOSVD on M̂Ω . There
exist constants C0 > 0, C′ > 0, and γ such that if
the number of selected samples m satisfies

m ≥ C0γ
2
(
nrk−1 + r(k−1)/2nk/2

)
poly lnn (7)

and Nr satisfies

Nr ≥648M2
maxm ln(2mkn2)L2(α,Mmax)

ξ2g2(α, η,m,Mmax)
(8)

·
⎛

⎝
|S|−1∑

i=1

(|S|
i

)

i|S|

⎞

⎠

2

	2,

then we can obtain

P

(

max
s∈∏

k Sk

∣
∣π̂(s)− π(s)

∣
∣ ≤ ξ

)

≥ 1− 2

n2
. (9)

5 Simulations

In this section, we propose two scenarios based
on EnergyGrid to validate the effectiveness of TcEval
and TcEval-AS.

Scenario 1 constructs EnergyGrid with five
buildings, where each agent controls five strategies
of the EM task.

Scenario 2 constructs EnergyGrid with 10 build-
ings, where each agent controls three strategies of the
EM task.

5.1 Baselines

We compare our proposed algorithms with the
following algorithms:

1. RG-UCB (Rowland et al., 2019), which uses
a sampling scheme based on confidence bounds. The
joint strategy exceeding the confidence bound is
moved out of the set at each sampling round, and a
stopping condition C(δ) is used to control the num-
ber of observations per pair. δ is the confidence level
of the estimation of the payoffs. Due to the high
cost of each step of the interaction, we discuss its
performance only in Scenario 1 with noisy payoff.

2. α-IG (Rashid et al., 2021), which uses an ac-
tive sampling strategy to estimate the α-rank payoff
tensor from as few samples as possible. The param-
eters of the payoff belief distribution are updated by
choosing strategy payoff with the largest decrease in
entropy. Due to the high cost of each step of the
interaction (i.e., 400 interactions in the 4× 4 game),
we analyze its performance only in Scenario 1 with
noisy payoff.

Moreover, four metrics are proposed for evalu-
ating algorithm performance:

1. α-rank relevance Jk (Signorino and Ritter,
1999) is calculated by Kendall’s tau-b correlation co-
efficient. A larger value of Jk means a better corre-
lation between π and π̂, and it is denoted as follows:

Jk =

∑
(i,j)∈[|S|],i�=j sign(πi − πj) · sign

(
π̂i − π̂j

)

√∑
i�=j sign

2(πi − πj) ·
∑

i�=j sign
2
(
π̂i − π̂j

) .

2. Ranking correct Jc (Du et al., 2021) measures
the correctness of each joint strategy ranking, which
is denoted as follows:

Jc = E|S|
[
σ
[ ∣
∣πsi − π̂si

∣
∣ < 1/

(
5nk

) ]]
,

where the symbol σ[predicate] is calculated as one or
zero depending on whether the predicate is true.

3. Distribution error πerror is expressed as the
estimated strategy distribution π̂ error:

πerror = max
si

∣
∣π̂ − π

∣
∣ .
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4. Payoff error Merror is represented as the re-
covered estimated payoff tensor M̂ error:

Merror =
1

nk

∥
∥
∥M̂ −M

∥
∥
∥
F
.

5.2 Evaluation results

5.2.1 Evaluation performance of TcEval

To verify the effectiveness of TcEval, Fig. 5
shows the evaluation results in Scenario 1. It can
be seen that TcEval obtains accurate ranking with
as few as about 400 interactions, reducing the num-
ber of interactions by >60% compared to the original
α-rank.

Furthermore, to explore the stability of TcEval
with an increasing number of agents, we expand Sce-
nario 1 to Scenario 2. Fig. 6 demonstrates that us-
ing the TcEval algorithm can reduce the number of
sampled joint strategies to 3500, which represents a
reduction of >90% compared to α-rank.

5.2.2 Evaluation performance of TcEval-AS

The evaluation performances of RG-UCB, α-IG,
and TcEval-AS in Scenario 1 with noisy payoffs are
shown in Fig. 7. Note that RG-UCB and α-IG re-
quire a large number of interactions, and the aver-
age number of interactions is 12 000 by five simu-
lations, which is shown by two horizontal lines in

Fig. 7. TcEval-AS achieves better performance in
terms of all metrics, compared to RG-UCB and α-IG,
with the same number of interactions. When RG-
UCB and α-IG achieve stability during performance
evaluation, TcEval-AS obtains similar Jk and Jc by
2000 interactions, reducing the number of interac-
tions by >80%.

5.3 Control performance of the top-rank joint
strategy

In this subsection, we measure the model–reality
matching performance. For Scenario 2 with noisy
payoffs, two metrics are proposed to describe the EM
performance of the optimal joint strategies, which
are the top-rank strategy calculated by TcEval-AS
and TcEval (due to the excessive computational com-
plexity involved in the sampling process, we cannot
calculate the top-rank strategies provided by both
RG-UCB and α-IG). These two metrics are also con-
sidered as follows:

1. Voltage deviation Vd measures the overall
voltage stability of the power grid system, which is
expressed as voltage deviation from 1 per unit each
time. Let vi denote the voltage of bus i; voltage
deviation Vd can be denoted as Vd =

∑
(vi − 1)2.

2. Building comfort Rcom measures the temper-
ature comfort indicator inside each building, which
can be denoted as Rcom = rcomfort.
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Fig. 5 Evaluation performance of TcEval with precise payoffs in Scenario 1 (r = 2)
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Fig. 7 Evaluations of Scenario 1 with noise by using TcEval-AS, RG-UCB, and α-IG (r = 2, Nr = 6; the
confidence of RG-UCB is set to 0.01)

It can be observed from Fig. 8 that compared to
the baseline joint strategy, the top-rank joint strat-
egy evaluated by TcEval-AS usually effectively re-
duces the overall voltage deviation, especially during
high deviations, which ensures the stability of the
power system at the system level. TcEval shows im-
provements in the voltage deviation metric compared
to the directly trained original algorithm (MAD-

DPG), but it exhibits suboptimal performance dur-
ing the peak time period when compared to TcEval-
AS. By examining the average rewards of daily com-
fort performance for each agent in Fig. 9, it can be ob-
served that the baseline joint strategy does not per-
form well on some agents, possibly because all agents
converge on similar control strategies. The top-rank
joint strategy evaluated by TcEval-AS usually shows
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better user comfort performance.
The results show that the combination of MARL

methods with the strategy evaluation algorithm is
an effective roadmap toward trustworthy MARL.
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Fig. 8 Overall voltage deviation performance in Sce-
nario 2 with strategies obtained from different algo-
rithms, where the baseline is the joint strategy di-
rectly outputted by MADDPG
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Fig. 9 Daily comfort performance in Scenario 2 with
strategies obtained from different algorithms, where
the baseline is the joint strategy directly outputted
by MADDPG

Simultaneously, TcEval-AS outperforms TcEval in
noisy scenarios, indicating that the proposed pay-
off predictive model can exhibit excellent predictive
performance while reducing the sampling number.

5.4 Focusing on rank parameter discussion

To analyze the effect of the preset parameter
r on the evaluation performance, Fig. 10 discusses
the evaluation results in Scenario 1 with preset rank
r =1, 2, 3, and 4. It can be seen that all metrics con-
sistently exhibit robust performance across varying
levels of r. Besides, the complementary payoff tensor
with a choice of r = 1 achieves satisfactory evalua-
tion results, indicating that the low-rank tensor can
provide an accurate approximation compared to the
high-rank payoff tensor.

5.5 Focusing on the payoff predictive model

TcEval-AS proposes a real payoff prediction
method, aiming to mitigate the influence of noise
in payoffs on evaluation results. To verify the valid-
ity of the proposed method, we compare it with the
mean prediction method (Rowland et al., 2019). The
simulation is set up for Scenario 2, and noisy obser-
vations are simulated by adding Gaussian noise to
the observed payoffs for each interaction. As shown
in Fig. 11, the proposed payoff prediction method
achieves better accuracy and robustness than the
traditional prediction method in the noisy case.
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Fig. 10 Evaluation results for different ranks in Scenario 1 with α = 0.01
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6 Conclusions

In this paper, two algorithms, namely, TcEval
and TcEval-AS, are proposed for the EM task in a
simulated power grid system. TcEval is developed to
achieve large-scale strategy evaluation by estimating
the α-rank with tensor complement. Moreover, con-
sidering the noise prevalent in practice, the proposed
TcEval-AS adds a noise processing module based on
TcEval, using a mathematical model to fit the noisy
payoff distribution and predict the real payoff. Joint
strategy evaluation is performed in two cases based
on EneryGrid, and it is shown that the proposed al-
gorithms can achieve better performance than RG-
UCB and α-IG methods while reducing the number
of interactions.
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Appendix: Proofs of theories

We begin by giving the necessary lemmas for the
proofs of Theorems 1 and 2.
Lemma A1 (Rowland et al., 2019) Suppose payoffs
are bounded in [−Mmax,Mmax]. The distribution π̂

obtained from the empirical payoff matrix M̂ satis-
fies maxs∈ΠkSk

∣
∣π(s)− π̂(s)

∣
∣ ≤ ξ with a probability

of at least 1− δ, if

sups∈S

∣
∣
∣M̂s −Ms

∣
∣
∣ ≤ ξg(α, η,m,Mmax)

36αe2αmax
∑|S|−1

i=1

(|S|
i

)
i|S|

,

where g(α, η,m,Mmax) = η
e2αmax − 1

e2mαmax − 1
, δ ∈ (0, 1),

and ξ ∈
(
0, 18× 2−n

∑|S|−1
i=1

(|S|
i

)
i|S|
)
.

Lemma A2 (Xia et al., 2021) Suppose that the
payoff tensor M ∈ R

n1×n2×...×nk

is a low-rank ten-
sor with rank r = max(r1(A), r2(A), ..., rn(A)). De-
fine M̂ =M + Zτ to be the observed payoff tensor
bounded in the interval [−Mmax,Mmax] and assume
the observation noise ||Zτ ||∞ < τ . Let Ω be the
sampling operator with m groups of joint strategies,
and M̂Ω =MΩ+ZΩ

τ . There exists constant C0 > 0

such that if the sampling number m satisfies

m ≥ C0γ
2
(
nrk−1 + r(k−1)/2nk/2

)
poly lnn,

then we can obtain
∥
∥
∥M̂ −M

∥
∥
∥
2
≤ C′γ2Γr1/2

n3k/4

m1/2
lnk+2(n)||ZΩ

τ ||2

with a probability of at least 1 − 1

n2
, for constant

C′ > 0, and Γ = ∧max(M)/ ∧min (M).
Lemma A3 (Xia et al., 2021) For any tensor M
and set Ω ⊆ [n1] × [n2] × · · · × [nk], there exists

||MΩ||2 ≤ k
m1/2

nk/2
maxs∈S |Ms|.

Now we provide the proof of Theorem 1.
Proof of Theorem 1 According to Lemmas A2
and A3, we can obtain

∥
∥
∥M̂ − M̂

∥
∥
∥
2
≤
∥
∥
∥M̂ −M

∥
∥
∥
2
+ ||M − M̂ ||2

≤C′γ2r1/2
n3k/4

m1/2
lnk+2(n)||ZΩ

τ ||2 + ||Zτ ||2

≤
(

C′γ2r1/2
lnk+2(n)

nk/4
+ 1

)

nk/2|Zτ |max.

Thus, we can obtain

sups∈S

∣
∣
∣M̂s − M̂s

∣
∣
∣ ≤ ξg(α, η,m,Mmax)

18L(α,Mmax)
∑|S|−1

i=1

(|S|
i

)
i|S|

.

Next, we provide the proof of Theorem 2.
Proof of Theorem 2 Define Zτ = M̂ −
M , M̂s = f

(
M̂1
s , M̂

2
s , ..., M̂

Nr
s

)
and τ =

ξg(α, η,m,Mmax)

18L(α,Mmax)
∑|S|−1

i=1

(|S|
i

)
i|S|nk/2	

, where f(M)

denotes the payoff prediction process. Then, we can
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obtain

P (||ZΩ
τ ||2 > τ)

≤P

(

k
m1/2

nk/2
max
s∈S

|Ms| > τ

)

(by Lemma A3)

=P

(

∃s ∈ S : |M̂s −Ms| > τnk/2

km1/2

)

(A1)

≤
∑

s∈S

P

(

|M̂s −Ms| > τnk/2

km1/2

)

(A2)

(

since Nr >
2M2

maxm ln(2mkn2)

τ2nk

)

≤
∑

s∈S

1

mkn2
=

1

kn2
<

1

n2
.

Here (A1) holds because of the union bound
theorem (Shalev-Shwartz and Ben-David, 2014), and
(A2) holds because of Hoeffding’s inequality. Let
x1, x2, ..., xn be the variables bounded in [tmin, tmax];

then, for any ε > 0, there exists

P (|f(x1, x2, ..., xNr)− E(xi)| > ε)

≤P

(∣
∣
∣
∣
∣

1

Nr

Nr∑

i=1

(
xi − E(xi)

)
∣
∣
∣
∣
∣
> ε

)

≤2e−2Nrε
2/(tmax−tmin)

2

.

So, with a probability of at least 1− 1

n2
, we have

τ =
ξg(α, η,m,Mmax)

18L(α,Mmax)
∑|S|−1

i=1

(|S|
i

)
i|S|nk/2	

.

Combined with Lemma A2 and the union
bound, with a probability of at least 1 − 2

n2
, we

can obtain

sup
s∈S

∣
∣
∣M̂s −Ms

∣
∣
∣ ≤ ξg(α, η,m,Mmax)

18L(α,Mmax)
∑|S|−1

i=1

(|S|
i

)
i|S|

.

Using Lemma A1, maxs∈∏
k Sk

∣
∣π̂(s) − π(s)

∣
∣ ≤

ξ can be obtained. Thus, the proof is completed.
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