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Abstract—The growing variability of renewable generation in-
creases the need for fast and flexible grid-balancing mechanisms.
Existing frameworks for distributed energy resource aggregations
(DERAS) rely on short-term forecasts of net demand, making
their performance highly sensitive to prediction errors. In this
paper we present a forecast-free reinforcement learning (RL)
framework for DERA allocation that learns optimal policies
directly from operational data. We model the DERA dynamics
as a deterministic linear system and the exogenous net load
as a feature-based linear Markov process, capturing short-
range temporal dependencies without explicit forecasting. We
derive a closed-form expression for the optimal policy, which is
learned through a least-squares value iteration (LSVI) algorithm
using data collected across episodes. The proposed framework
preserves the interpretability and constraint satisfaction of DER
model while adapting to stochastic demand variations through
data-driven updates. Numerical experiments on real California
Independent System Operator (CAISO) net-demand data demon-
strate that the learned controller achieves high tracking accuracy
and stable regulation across heterogeneous DER aggregators
without requiring any demand prediction.

Index Terms—Reinforcement learning, DER allocation.

I. INTRODUCTION

The growth of renewable generation introduces uncertainty
in the power grid leading to increased variability and ramping
requirements in net demand. Traditionally, such variability is
addressed using fossil fuel-based generators such as coal and
natural gas, which are both costly and environmentally unsus-
tainable. A promising alternative is to leverage distributed en-
ergy resources (DERs) — including buildings, thermostatically
controlled loads, storage devices, and electric vehicles (EV)—
via DER aggregators (DERAs). An aggregator can provide
fast, flexible responses when it coordinates across different
DER types effectively. Current approaches to coordinating
DERs are predominantly forecast-driven. Forecast errors not
only reduce tracking performance but also complicate aggre-
gator operation, as errors propagate through ramping and state-
of-charge dynamics.

In this paper, we develop a forecast-free alternative. In par-
ticular, we develop a reinforcement learning (RL) framework
that learns an allocation policy directly from operational data,
rather than predicting future demand. We model the net-load
as a feature-based linear Markov process that captures its
short-range dependence. At a DERA, each DER is represented
by a generalized battery model with state-of-charge leakage
and ramp-rate dynamics, yielding a tractable deterministic
linear system. Combining the two yields a hybrid structure
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involving the classical deterministic linear dynamics of the
device combined with a stochastic Markovian demand. The
resulting model allows us to combine a quadratic tracking
objective that preserves the analytical simplicity of the linear
quadratic regulator (LQR) while exploiting policy updates
using reinforcement learning.

Related work. A substantial portion of the literature relies
on forecast-based, finite-horizon optimal control. In [I], a
nonlinear AC optimal power flow including thermostatically
controlled loads is cast as a Markov decision process and re-
formulated as a convex finite-horizon problem. Similar setups
appear in [2], [3]. In [4] , a centralized model predictive control
(MPC) framework is used for DERA allocation. Distributed
MPC formulations have been proposed for economic dispatch
[5] and frequency regulation [6]—[8], but these works either
omit DERs or focus on device-level tracking without aggregate
battery models or grid-level allocation. In [9], a packetized
energy management (PEM) Macro model approach is intro-
duced. Unlike forecast-based or finite-horizon optimization
schemes, the PEM framework matches demand using myopic,
real-time modulation of packet acceptance probabilities rather
than solving predictive control problems. Recent work has
increasingly explored reinforcement learning and data-driven
methods for grid flexibility and distributed energy resource
coordination. In [10], a multi-agent deep RL strategy for
coordinating inverter-based DERs to maintain voltage stability
under high renewable penetration is proposed, which demon-
strates the ability of RL to handle nonlinearity and uncertainty
in distribution networks. In [11], a deep RL—based residential
demand response controller that learns consumption strategies
under stochastic load and price signals is developed. In [12],
a data-driven scheduling model for a virtual power plant that
participates in day-ahead and real-time markets is proposed.
These formulations generally rely on explicit forecasts or
stochastic models of prices, loads, or renewable outputs and
often optimize economic or network-regulation objectives over
long horizons. In contrast, our work develops a forecast-free
RL controller that directly allocates DERA in real time to
track an exogenous load demand signal, without relying on
load forecasting. This shifts the focus to model-free demand
matching using online data.

Contributions. This paper features three contributions.
First, we eliminate the need for demand forecasts by coupling
DERA dynamics with a feature-based linear Markov model
for the net-load, allowing adaptive allocation policies. Second,
we derive a closed-form expression for the optimal policy,
which is learned and updated using online data, without
requiring explicit identification of the demand model. Finally,
we demonstrate the effectiveness of our framework through
numerical experiments on real net-load data.

Notation. A Gaussian random variable « with mean p and
covariance X is denoted as x ~ N (u, X). The n x n identity
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matrix is denoted by I,,. The expectation operator is denoted
by E[-]. A positive definite (semidefinite) matrix A is denoted
as A > 0 (A > 0). The Kronecker product is denoted by ®.

II. PROBLEM FORMULATION
We consider a generalized battery model for each aggrega-
tor. The i-th DER aggregator obeys:
Zig+1 = QiZig — Bipie, t€{0,...,T—1},
Pit+1 = Dit + Uit

(D

where z;; € R is the state of charge (SoC), 8; € R is a
sampling time constant, «; € [0,1] is a leakage parameter,
pit € R is the power supplied, and u; ; € R is the ramp rate
at time ¢ > 0. We re-write (1) in linear state-space form as

Zigrr| _ |0 —Bi| |Zig o]
il =16 2 [ [ e
—_— —— -~

Tit4+1 A; B;

For M aggregators, the complete linear state space model is
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where z; € X = R?M and u, e Y = RM. Let
Yy = (]lMT ® [O ]_] ) T, 3)
S —

c

where y; € R is the total power supplied by the aggregators.
We consider net load demand evolving according to the
discrete-time Markov process

st1lse~Pr (siqalse), t€{0,...,T—1}, “)

where s € S C R denotes net load demand and P, (s'|s) de-
notes the transition probability from state s to s’. We introduce
the following assumption on the Markov Process in (4).

Assumption I1.1. (Linear Markov Process) Let w € S", ¢ :
S™ —R? be a known feature vector, and ji; €R? a vector of
d unknown signed measures over S. For s€S, we have

St—r42 0 1 - 0| [St—rt1 0
e e : i s, 5)
St o o0 --- 1 St—1 0
St4+1 0 O 0 Sy 1
-~
A wy B
Py (se1]we) = d(wi) T pae(se41), (6)

We assume |p(w)|| < 1/vd and ||s|| < 6 for all s € S,
E [¢p(wi)p(we)T] = 0, and ||pe|| < 1 for all t.
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We consider the cost following cost at time ¢,
(7

where W, = 0, R > 0, and > 0. The cost in (7) can be
written in the following form

(x4, 81, up) =24 Waay + uf Rug + K (s — yt)”

T

Ty W, +cCTC —kCT 0] [z,
(@, st,ut) = | 8¢ —kC K Of |s¢],
Uy 0 0 R Ut

P

The aggregators follow a control policy m; : X x §" — U,
where u; = m; (z¢,w;) is the action that the agent takes at
state x; and s; at time ¢, for ¢ > 0. We seek to find an optimal
control policy, ® = (g, ..., 7r) for the following task:

T
ZC(It,St’Ut)l >

t=0

ZTe41 = Axy + Buy,
St41 ™~ IPL(SH-l ‘}\Ut) s
Wi = Awy + Bsgyq
Ut = Tt (th,’wt) 5

minimize [E
T

subject to

®)

with ur = mr (z7,wr) = 0. We define the state-action value
function Q7 : X x 8" x U — R as the expected cumulative
cost under policy 7 starting from state xy, S;, w;, and action
u,; at time ¢, given by

Q?(x7 8, w7u) é C(x’ 87 u)
T
+E Zc(mi,si,m (xi,wi))|Te =2, St =8, Wy =w, Uy =u|.
i=t+1

III. REINFORCEMENT LEARNING ALGORITHM

In this section, we leverage the hybrid structure, determinis-
tic linear DERA dynamics coupled with a feature-based linear
Markov model of the net load and the quadratic structure of the
cost, to derive a parametric expression for the optimal policy.
Then, we introduce a least-squares value iteration (LSVI)
algorithm to learn the parameters from online data. In [13],
we derived a parametric expression of the state-action value
function that is linear in the feature map, ¢, along with a
parametric expression for the corresponding optimal policy.
In the next result, we present the parametrized expression of
optimal policy, which is adopted from [13].

Theorem III.1. (Optimal policy representation [13]) For any
xeX, seSweS, andte{0,---,T—1}

uy (2, w) =m (z, w)

9
:Kt,zfﬂ + Kt,ss + Kt7h (¢(w)T X Z) 9t+17
where Z=[I,,0nx1],
Ki,=—(R+B"Gi1B) (BTG A+ D7),
Ki,=—(R+B'G,.B)  H', (10)

Kip =~ (R+ B"GiaB) BT,



and Gy satisfies,

Gy =ATG 1 A+ W
—(A"Gy41B+D)(R+B"Gy11B)~

an
Y(BTG41A+ D7),

and 6,,, € RUn+D),

Theorem III.1 shows that the optimal control at time ¢
admits a feedback form in the physical DERA state, x, the
current net load, s, and a feature summary of recent net-
load history, w. The feedback gains, K;, and K;, are
LQR-type expressions computed from a Riccati recursion
for that incorporates the tracking cross-terms, while the fea-
ture feedforward term, K j captures how the linear Markov
process shapes future costs through parameters ;7. Next,
we leverage this structure and propose a least-squares value
iteration algorithm to learn 6 directly from data, avoiding
explicit demand forecasting. We adapt the least-squares value
iteration algorithm (Algorithm 1) from our prior work [13].
Our algorithm consists of an outer loop over L episodes,
where each episode consists of two loops: 1) backward-in-
time weight update loop (lines 5-11) and 2) forward roll-out
and data collection loop (lines 12-16). During the first pass
of episode ¢ (lines 5-11), we treat the data collected in the
previous £—1 episodes as a fixed dataset

D1 i={(a}, s, uy, Ty, 504) 0 < L, 0<t < T (12)
At each time step ¢, # minimizes a regularized least-squares
loss. Solving this problem on past trajectory data yields an
accurate value-function approximation and enables closed-
form greedy policy updates without estimating the transition
probabilities. The regularized least-squares regression is given
by the following optimization solved in Algorithm 1.

0; ,=arg min Z( p(wHTY (2, ul)o (13)

PeRd(n+1)

. . . 2
el 1 (@b st wi)) AR,

Algorithm 1 Least-Squares Value Iteration
1: Given: L, Ry, A
2: for episode £ =1,--- L do

3 ab=ab!
4 wh=wht
5: forstept=T7T—-1,---,0 do
6: Al 1Y<xf,uaTas(w;)as(w;)TY(x;,u;>+mn+d
7 Oy (AT f:ly(mt’ut) B(wp)et (@t 1,5ty 1wiqn)
8 if |6f, ] > Ry then
9 0er1 — 7H9?f1\|9’€+1
10: end if
11: end for
12: for stept =0,---, 7T —1 do
. ¢ ¢ ¢ N 1
13: uy < Ki x5 + Ky gsp + K p(o(wy) @ 2)0;, 4
14: Take action u}
15: Observe :z:f_H, sf_H, and wa
16: end for
17: end for
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where
ef_H (z,8,w) =2 (x)T hf_H (s,w) + qf_H (s,w), (14)
Wi (s,w) = (AT + K{,BT) (¢(w)" ® 2)0;, (15)

+(F+ K/ ,H")s,
af i (s.w) = (¢(w) ©Z) bl +5T(M + HE,)s
10715 (D(w)@ZT) BKpu(¢(w) ©2)6,,
+2sTHEK, (¢>(w)T ® Z) 0., (16)

with Y (z,u) = I;®[2 (Az + Bu)' 1], Z = [I,,0,x1]. and
Z = [01xn,1]. And X\ > 0 is the regularization parameter.
The closed-form parameter update are given by lines 6 and 7
of Algorithm 1. At episode ¢/ = 1, we assume that we have
access to the net-load values from time t = —r 4+ 1to¢t =0
so that the initial vector w§ is well deﬁned for any r > 1.
Further, at £ = 1, we set x§ ~ N(O,In) 1 ~ N0, Linta)
and A} = Aly,41) for t € {0,---,T — 1}. The regular-
izer term Aly(,41) ensures numerical stability, the projection
step in lines 8-10 makes sure that the norm of the learned
parameters is uniformly bounded for ¢ € {0,---,7 — 1}
and ¢ € {1,---,L}. In the second pass (lines 12-16) the
newly computed parameters 6! 11 are plugged into the greedy
closed-form policy (9) as shown in step 13 of Algorithm 1 to
generate a new trajectory ({zf, sf,u}L ). These samples are
appended to the collected data (12), and will be used in the
next episode’s backward update.

The control formulation in this paper builds on our frame-
work in [13], which establishes closed-form optimal policies
for linear dynamics driven by feature-based Markov processes.
In this work, we specialize our framework in [13] to real-
time grid balancing with heterogeneous DER aggregations.
In particular, we introduce a generalized battery and ramping
model for DERAs, a forecast-free net-load tracking formula-
tion using real CAISO data, and a regulation-oriented objective
aligned with system operator dispatch. This enables real-time
DERA allocation without short-term demand forecasting while
preserving the structure and interpretability of classical LQR
controllers. Furthermore, unlike [13], in this paper we model
the evolution of the exogenous state s;4; to be conditioned
on the window w;, which captures the short-range temporal
dependencies required by the linear Markov process.

IV. NUMERICAL EXPERIMENTS

We adopt a similar experimental setup to [4]. For reference,
we compare against a forecast-based MPC benchmark, similar
to [4], which computes DERA allocations using short-term
net-load predictions. Implementation details are omitted since
MPC is used only as a baseline. We evaluate our forecast-free
reinforcement learning framework using real net-demand data
from the California Independent System Operator (CAISO) for
the period from May 15, 2023 to September 15, 2023 [14]. The
dataset contains net-load measurements (total demand minus
renewable generation) sampled at each 5 minutes, represented
by the matrix S € R*Na where N, denotes the total number
of samples, which is written as

S = [8,T+1 e 80 SN,J . (17)
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Fig. 1. This figure shows the net-load demand (dashed red line), the

cumulative DERA response under the proposed forecast-free RL controller
(solid blue line), and the cumulative DERA response under a forecast-based
MPC benchmark (dotted black line) over a five day period, where each
time-step corresponds to 5-minute interval. The cumulative DERA response
corresponds to the output ¥ in (3) when the system (2) is driven by the policy
learned via Algorithm 1 over L =407 episodes (blue line) and by the forecast-
based MPC benchmark (dotted black line). We observe that the cumulative
DERA responses track the net-load demand.

We partition the data into L episodes, each with a fixed
time horizon 7T'=289 time-steps corresponding to one day of
measurements, yielding Ny = LT. We consider M = 5
heterogeneous distributed energy resource aggregators — air
conditioners (ACs), electric water heaters (E-WHs), building
HVACs (bldgs), refrigerators (RFGs), and electric vehicles
(EVs) — obeying the linear dynamics in (2), with the cor-
responding parameters summarized in Table I. We assume
the net load from the CAISO data evolves according to the
linear Markov process in (6) with d=3 and r =2, where the
measures p; are unknown. We choose ¢(-) as follows

fr(we)/ (fi(we) + fo(we) + fa(wy))
fa(we)/ (fr(we) + fo(we) + fa(wye)) |,
fa(we)/ (fr(we) + fa(we) + fa(we))

¢(wt) =

where

fi(wg) =1, fo(wy) = exp ( o

T -1
f3<wt)=exp<(w“”3> = (“”‘”3)).

2r
In order to choose the means v € R" and v3 € R" and
the covariance matrices Yo € R"™™" and Y3 € R"*", we first
re-write S in (17) as

(we — v3)" 25" (w, — w))

S—r+1  S—r42 SNg—r+1
S—r4+2 S—r43 SNg—r+2
Sr: . . . . = [’lUO de] .
S0 S1 SNy
(18)

Then, we use the K-means algorithm over the data w, for
t € {0,---,Ngq} using d — 1 = 2 clusters to obtain the
feature centers v, and v3. For each cluster, we compute the
sample covariance of the associated w; vectors, which yields
the covariance matrices ¥ and X3, respectively. We choose
the weights of cost function in (7) as

W, = blkdiag(W}, W2, W3, Wi W3) Wi = [’B ﬂ :
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where % and ], are in Table I for i € {1,---,5}, R = 105
and k = 10%2. We use Algorithm 1 to learn the weight
parameters, 0, that parametrizes the optimal policy in (9). We
set L = 407, Rg = 10%, and A = 0.1. For ¢ = 1, we set
l‘é ~ N(O,Ilo), Atl = )\133, and 9t1+1 ~ N(O,Ig,g), for
t € {0,---,T — 1}. During deployment, at each dispatch
interval of 5 minutes, the system operator broadcasts the net-
load signal s;, DER aggregators report their aggregate states,
2, and the controller transmits ramp-rate commands, u; ;.
Since the controller in (9) is in closed-form and requires
only matrix-vector multiplications, the required latency is in
the order of seconds. The framework avoids solving online
optimization problems as in forecast-based MPC.

Fig. 1 shows the net-load demand (depicted by the dashed
red line), the cumulative DERA response under the proposed
forecast-free RL controller in Algorithm 1 (depicted by the
solid blue line), and the cumulative DERA response under
the forecast-based MPC benchmark (depicted by the dotted
black line) over a five day period, where each time-step corre-
sponds to 5-minute interval. The cumulative DERA response
corresponds to the output y in (3) when the system (2) is
driven by the policy learned via Algorithm 1 over L = 407
episodes (blue line) and by the forecast-based MPC benchmark
(dotted black line). We observe that both cumulative DERA
responses track the net-load demand. While the forecast-based
MPC benchmark can achieve lower tracking error due to
access to short-term predictions, the proposed forecast-free RL
controller achieves comparable tracking performance without
requiring demand forecasts or online optimization. Moreover,
the RL controller continuously adapts to changes in net-
load statistics through online learning (Remark 2), whereas
forecast-based approaches rely on fixed prediction models that
must be retrained when data distributions shift.

Fig. 2 and Fig. 3 show the power and SoC trajectories of
each DERA, respectively, over a five day period, where each
time-step corresponds to a 5-minute interval. These trajectories
correspond to the state trajectories of the system (2) when
driven by the policy learned via Algorithm 1 over L = 407
episodes. Fig. 4 shows the cumulative cost incurred by the
policy learned from Algorithm 1 starting from the initial state
x§, sb, and w for episodes 1 < £ < 407. For 1 < ¢ < 387, we
add a random exploration term sampled from A (0,0.2575) to
the policy in Algorithm 1 line 13, and for 387 < ¢ < 401, we
add a random exploration term sampled from N (0, 0.002575).
We observe that the cumulative cost decreased as the number
of episodes increases after the exploration term is removed.

Remark 1. (Need for exploration) In contrast to our earlier
Sformulation in [13], in this work, the initial states are not i.i.d.,
but instead inherit temporal dependence from the underlying
Markov process carried over from the previous episode. This
lack of episodic reset weakens the natural excitation present
in the data. To compensate, we incorporate a mild exploration
term to ensure convergence of the learned weights.

Remark 2. (Dataset diversity and robustness) The CAISO
net-load dataset that we use spans May-September 2023,
which captures seasonal transitions (e.g., solar ramps, heat
waves, and peak demand events). Our control policy is based
on a structured linear policy rather than a black-box func-
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Fig. 2. This figure shows the power trajectories of each DERA: ACs (depicted
by the solid blue line), E-WHs (depicted by the dashed red line), bldgs
(depicted by the dotted green line), RFGs (depicted by the dash-dotted purple
line), and EVs (depicted by the dash-double-dotted brown line) over a five day
period, where each time-step corresponds to 5-minute interval. Each trajectory
corresponds to the states p1, p2, p3, P4, and ps of the system (2), respectively,
when driven by the policy learned via Algorithm 1 over L =407 episodes.
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Fig. 3. This figure shows the SoC trajectories of each DERA: ACs (depicted
by the solid blue line), E-WHs (depicted by the dashed red line), bldgs
(depicted by the dotted green line), RFGs (depicted by the dash-dotted purple
line), and EVs (depicted by the dash-double-dotted brown line) over a five day
period, where each time-step corresponds to 5-minute interval. Each trajectory
corresponds to the states z1, 22, 23, 24, and z5 of the system (2), respectively,
when driven by the policy learned via Algorithm 1 over L =407 episodes.
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Fig. 4. This figure shows the cumulative cost mcurred by the Eolicy learned
from Algorithm 1 starting from the initial state xo, 50, and wy for episodes
1 < ¢ < 407. For episodes 1 < ¢ < 387, we add a random exploration term
sampled from A(0,0.2515) to the policy (given by line 13 of Algorithm 1),
and for episodes 387 < ¢ < 401, we add a random exploration term sampled
from A(0,0.002515). We observe that the cumulative cost decreases as the
number of episodes increases after the exploration term is removed or reduced.

tion approximator (e.g, neural network), reducing risk of
overfitting. Furthermore, explicit exploration (Remark 1) and
online episodic policy update ensure sufficient excitation and
robustness to temporal correlations.

V. CONCLUSION

In this paper, we develop a forecast-free RL framework for
enabling heterogeneous distributed energy resource aggrega-
tors, DERAs, to track net-load demand without relying on
short-term predictions. By coupling deterministic linear DERA
dynamics with a feature-based linear Markov model for the net
load, we derived closed-form expression for the optimal policy.
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Par. Unit DERI DER2 DER3 DER4 DER5
Type — ACs E-WHs  bldgs  RFGs EVs
N million 10 10 1 10 1
a; — 0.98 0.99 0.97 0.96 0.99
KL — le-3 2e-3 5e-3 5e-3 2e-3
Kb — le-1 2e-1 Se-1 Se-l 2e-1
Bi hr 1/300  1/300  1/300  1/300  1/300
TABLE 1

PARAMETERS FOR EACH CLASS OF DER, CORRESPONDING TO THE
DISCRETE-TIME LINEAR DYNAMICAL MODEL IN (2).

This expression enabled a least-squares value iteration scheme
that learns directly from operational data while preserving the
interpretability and structure of classical LQR-type controllers.
Numerical experiments using real CAISO net-demand data
demonstrated that the learned controller achieves high track-
ing accuracy, smooth actuation, and stable regulation across
DER classes. Our results show that reliable real-time DERA
allocation can be achieved without explicit load forecasting,
highlighting the value of hybrid model-based and data-driven
control frameworks for modern grid-balancing applications.
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