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Abstract—Optimal sizing problem (OSP) under uncertainty
is often formulated as two-stage stochastic programming (2SP).
However, this formulation typically introduces significant com-
putational and RAM (memory) bottlenecks as the scenario size
grows. Benders Decomposition (BD) is a popular approach to
tackle this problem, but it suffers from slow convergence to
the exact solution. To address this problem, we propose an
accelerated online learning-based adaptive hybrid BD algorithm.
The proposed method avoids getting stuck in the infeasible
region during early iterations by explicitly embedding a carefully
selected scenario in the master problem, while online learning
based on logistic regression (LR) leverages a light machine
learning (ML) algorithm to avoid solving the entire scenario set
at every iteration. The OSP is formulated to select a behind-
the-meter battery energy storage system in a multi-site energy
community with existing renewables. The use case explores an
interesting middle-ground between deterministic methods and
training-heavy ML models, showcasing the potential of ML-
assisted decision-making. Numerical results on scenario sets of up
to 500 illustrate the effectiveness and scalability of the proposed
approach.

Index Terms—Machine Learning, two-stage stochastic prob-
lem, optimal sizing, battery energy storage system, Benders
decomposition

I. INTRODUCTION

The year 2026 is turning out to be one of the warmest
years to date, another record that underscores the severity of
global warming and the urgency of expediting the transition to
renewables. Decarbonization of the urban energy mix via smart
aggregation, such as energy communities (ECs), is a promising
concept that prioritizes collective self-consumption of renew-
ables and can alleviate distribution network stress during peak
times. This work focuses on the economic sizing of battery
energy storage systems (BESS) in ECs with preinstalled PV on
one or more sites, a recurring scenario in which declining PV
module costs and high feed-in tariffs drive initial investments,
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while recent regulatory changes demand a shift towards BESS
installation to remain profitable.

Decision-making under uncertainty, such as optimal BESS
sizing, can often be formulated as a stochastic optimization
problem. In this work, we focus on two-stage stochastic
programs (2SPs), which involve first-stage (here-and-now)
decisions made before uncertainty is realized and second-stage
(recourse) decisions made under the assumption of perfect
scenario foresight [1]. We consider an illustrative example
for sizing a behind-the-meter battery energy storage system
(BESS) in energy communities (ECs) with multiple sites
that exchange energy via the local distribution network. In
this case, BESS sizing is the first-stage decision, while the
power dispatch is optimized after the uncertainty in renewable
generation and demand is realized.

2SPs are usually solved by approximating the uncertainty
with a discrete set of possible realizations, called scenarios.
A monolithic 2SP formulation with copies of the recourse
variables per scenario becomes computationally intractable as
the scenario size grows [1]. Benders decomposition (BD) is
a powerful tool that overcomes this problem by partitioning
the model into more manageable chunks and solving them
sequentially and in parallel whenever possible [2]. In the BD
framework, a large monolithic 2SP model is split into a mas-
ter problem containing first-stage variables and subproblems
corresponding to scenarios. Although the model split helps
with computation, solving the master problem and then the
subproblems (SPs) iteratively to reach convergence drastically
slows the process.

In recent years, much effort has been devoted to developing
acceleration methods that reduce the computation time for BD,
such as those targeting the relaxed master problem (RMP)
[3]–[5], while others aim to speed up the SP evaluation
or cut generation [6]–[9]. Managing RMP growth via cut
filtering [3], [4] or aggregation [5] is an effective approach
that reduces total run time, especially when the RMP is
computationally heavy. On the other hand, batch-wise scenario
selection in each iteration [5], [7] and modeling the recourse
problem/cut coefficients using neural networks (NNs) [1], [6],
[10] are powerful methods to reduce scenario computation
time. Although NNs have exhibited promising speed-ups in
BD algorithm, they typically rely on nontrivial offline training
runs, and the model performance may degrade in the event of
structural changes to the problem. Batchwise computation of
a selected set of scenarios allows the algorithm to run faster
by avoiding the need to solve the entire set at each iteration.



A number of stochastic and random scenario selection-based
BD algorithms with verified convergence guarantees have been
proposed in [11], [12]. However, random scenario selection
may result in worse performance than a deterministic baseline
[8]. A comprehensive review of the acceleration methods used
in BD framework is presented in [13]. Although the modern
version of BD is usually implemented via a callback method,
made possible by the RMP having integer variables, a bulk of
these approaches readily translates to the more conventional
approach, where the RMP and SPs are solved iteratively. We
follow the latter implementation as our model is an LP.

In this work, we introduce an online learning-based adaptive
hybrid BD (OLAH-BD) algorithm for solving a risk-averse
OSP formulated as a 2SP. The contribution is threefold: a.) we
propose a hybrid Benders master where one high-stress sce-
nario is embedded explicitly in the RMP, while the remaining
scenarios are mapped to SPs as usual, and solved batch-wise
in parallel on cpu threads b.) we introduce a regime-based
online scenario selector: the algorithm begins with full-sweep
stabilization and training, then switches to exploitation using
a logistic regression (LR) model and feasibility prioritizing
logic, and c.) we combine adaptive scenario selection with
optimality-cut filtering such that tail relevant scenarios are
prioritised. Periodic full sweeps recover missed information
and provide exact convergence certificates while additionally
allowing online retraining of the LR model on a more relevant
dataset when required. The online retraining step is especially
useful, as it enables the algorithm to detect regime changes
in the algorithm’s behavior and recalibrate model weights
based on new information, while simultaneously avoiding the
computational burden of pretraining heavy models.

Remaining sections in the paper are organized as follows:
Section II revisits the risk-averse 2SP framework, while the
main contributions and proposed algorithm are discussed in
Section III. Section IV presents the numerical study on an
energy community focusing on collective self-consumption,
followed by conclusion and outlook in Section V.

II. PROBLEM FORMULATION

We briefly revisit the two-stage stochastic program (2SP)
framework to build intuition for the risk-averse formulation.
A 2SP separates the decision vector into here-and-now (first-
stage) variables, selected before uncertainty is realized, and
recourse (second-stage) variables, optimized for the observed
scenario. Let x ∈ X , ys ∈ Ys denote the first and second-
stage variables, respectively, where s ∈ S denotes the observed
scenarios, then the scenario recourse value is given by

Qs(x) := min
ys∈Ys

q⊤s ys

s.t. Mys = ms +Wsx,

Nys ≤ ns +Rsx,

(1)

and the risk-neutral model minimizes

min
x∈X

c⊤x+
∑
s∈S

πsQs(x), (2)

where πs is the probability of scenario s, {qs,ms, ns,Ws, Rs}
are realisation of the random variables in each scenario while
{M,N} are considered to be deterministic for most cases. The
risk-neutral formulation gives equal importance to all scenarios
in the recourse objective function. However, the user might
be exposed to higher recourse costs in some scenarios than
others, and it might be essential to protect the operator under
these extreme/tail scenarios, which is known as the risk-aware
formulation.

In the risk-averse formulation, the expected value of the
recourse function in (2) is replaced by a risk measure, which
in our case is the conditional value-at-risk (CVaR) [14].
CVaR penalizes the tail of the recourse-cost distribution by
considering the expectation over the worst-scenario set defined
by a confidence parameter α. For a discrete scenario set s ∈ S,
the CVaR based 2SP is defined as

min
x,η,ξ

c⊤x+ η +
1

1− α
∑
s∈S

πsξs (3a)

s.t. x ∈ X , (3b)
ξs ≥ Qs(x)− η, ∀s ∈ S, (3c)
ξs ≥ 0, ∀s ∈ S. (3d)

Here η is the value-at-risk threshold and ξs represents the
positive excess cost above η. It is to be noted that only
scenarios satisfying QS(x) > η, i.e., those in the upper tail
above the value-at-risk threshold, contribute directly to the
CVaR objective at a given first-stage point, while the recourse
feasibility must hold for all scenarios. This problem structure
is the primary motivation for building a solution that gives
equal weight to all infeasible scenarios but prioritizes optimal
scenarios that are more likely to be in or near the CVaR tail.

In the numerical study carried out in Section IV, Qs(x)
represents the CVAR of the optimal annual dispatch cost under
PV-load scenarios s ∈ S. The first-stage vector x contains
BESS sizing and subscription decisions, while ys contains
the scenario-dependent directed power-flow variables. These
application-specific variables and cost coefficients are defined
in Section IV while the full recourse model is reported in the
Appendix.

III. ONLINE LEARNING-BASED ADAPTIVE HYBRID
BENDERS

We present the online learning-based adaptive hybrid BD
(OLAH-BD) for problem (3) in this section. The method com-
bines three different elements to accelerate the BD algorithm
without sacrificing accuracy, while having a tunable memory
footprint: an explicit stress scenario embedded in the relaxed
master problem (RMP) to avoid getting stuck in the infeasible
region early on, an online trained logistic-regression (LR)
scenario selector to avoid solving all the scenario problems
(SPs) in each iteration, and periodic full-sweep for upper
bound (UB) certification as well as for model retraining if
needed. We discuss these elements in detail in the following
subsections.



A. Hybrid Benders Decomposition

Vanilla BD (VBD) implementation of 2SP has a clean split
where the first-stage (including CVaR, if applicable) variables
and costs form the RMP, while the recourse counterparts form
the SPs. In the hybrid BD, we select a stressful scenario to
explicitly embed in the RMP as

se = argmax
s∈S

ψs, (4)

where ψs is an aggregate score based on normalized annual
deficit energy, peak deficit, and worst monthly deficit. The
remaining scenarios form the decomposed set D := S \ {se}.
Embedding scenario se automatically yields a much tighter
master formulation with a realistic selection of x even during
early iterations.

At each iteration k, the hybrid master contains the first-
stage variables, the explicit recourse variables of scenario se,
the CVaR variables, and one approximation variable θs for
each decomposed scenario s ∈ D. The hybrid master problem
is formulated as

min c⊤x+ η +
1

1− α

πeξe + ∑
s∈D

πsξs

 (5a)

s.t. x ∈ X, ye ∈ Ye(x), (5b)

ξe ≥ q⊤e ye − η, ξe ≥ 0, (5c)
ξs ≥ θs − η, ξs ≥ 0, ∀s ∈ D, (5d)

θs ≥ a⊤sℓx+ bsℓ, ∀ℓ ∈ Kopt
s , s ∈ D, (5e)

f⊤sℓx+ hsℓ ≤ 0, ∀ℓ ∈ Kfeas
s , s ∈ D. (5f)

Here Kopt
s and Kfeas

s are the sets of optimality and feasibility
cuts generated for scenario s. The coefficients (asℓ, bsℓ) are
obtained from dual-optimal solutions of feasible recourse LPs
and define lower approximations of Qs(x). The coefficients
(fsℓ, hsℓ) are obtained from Farkas certificates and remove
first-stage points for which the recourse LP is infeasible.

B. Learning Scenario Usefulness Online

Solving the master gives (xk, ηk, θk) for the current itera-
tion. Define the SP residual as

vks =
[
Qs(x

k)− θks
]
+
, (6)

and the CVaR-weighted residual as

rks =
πs

1− α
Bks vks , where Bks :=

{
1, Qs(x

k) > ηk,

0, otherwise.
(7)

The LR selector uses a set of five features for each scenario.
For the first feature v̂ks defined as pre-solve residual proxy, let
ℓs(k) < k be the most recent iteration at which scenario s
was solved. We define

v̂ks =
[
Qs(x

ℓs(k))− θks
]
+
, (8)

where Qs(x
ℓs(k)) is the last observed recourse value of

scenario s. This proxy is available before solving scenario s

at iteration k and is therefore suitable for adaptive selection.
The resulting feature vector is given by

ϕks =
[
γ(v̂ks ), γ(rs,last), τ

k
s , γ(r̄

k
s ), γ(f̄

k
s )
]T
, (9)

where γ(v) := ln(1 + v). The logarithmic scaling reduces
the influence of large residual values, while the EMA terms
preserve recent tail, risk, and feasibility history.

An LR model assigns a usefulness score

pks = σ
(
w⊤ϕks + b

)
, σ(z) =

1

1 + exp(−z)
, (10)

where the score pks is used for ranking scenarios before
subproblem evaluation. During adaptive iterations, Qs(x

k),
vks , and rks are known only for the scenarios that are actually
solved. Therefore, the LR model uses the historical feature
vector ϕks to estimate which unsolved scenarios are likely to
be useful.

Training labels are generated during full sweeps, when all
decomposed scenarios are solved. Let

mα =
⌈
(1− α)|D|

⌉
(11)

be the empirical CVaR-tail size. A scenario is labeled useful
if it generates a feasibility cut or belongs to the mα scenarios
with the largest rks . The tail-relevant set at iteration k is defined
as

T k
α = Topmα

{
rks : s ∈ D

}
, (12)

where Topmα
returns the mα scenarios with the largest CVaR-

weighted residuals. Let F k
s be a binary indicator equal to one

if scenario s generates a feasibility cut at iteration k. The
learning label is then

ℓks =

{
1, s ∈ T k

α or F k
s = 1,

0, otherwise.
(13)

Thus, a scenario is labeled useful if it is either CVaR-tail
relevant or feasibility-critical.

The training set is updated on full sweeps as

H ← H∪
{
(ϕks , ℓ

k
s) : s ∈ D

}
. (14)

The LR model is then trained or refreshed on H, if needed.
In subsequent adaptive iterations, scenarios are ranked by
pks , and the highest ranked scenarios are combined with
feasibility, stress, stale, and random safeguards to form the
active set. This design keeps the learning task lightweight
in the sense that the model learns only to prioritize scenario
solves, while full sweeps remain responsible for validation and
exact certification.

C. Adaptive active set, cut filtering and full sweeps

At most iterations, the algorithm solves only a subset
Ak ⊂ D of the decomposed scenarios. Let Kk denote the base
adaptive batch size at iteration k. The active set is constructed
as

Ak =Mk ∪ ALR
k ∪ Astress

k ∪ Astale
k ∪ Arand

k , (15)



where Mk is the mandatory set of recently infeasible sce-
narios. After inserting Mk, the remaining scenario slots
Kk − |Mk| are split into LR exploitation and exploration
blocks. Approximately 70% of the remaining slots are assigned
to the highest-ranked scenarios according to the LR score in
(10), 10% to the highest-stress scenarios selected based on
(4), 10% to stale scenarios with the largest time since last
evaluation given as aks = k−ℓs(k)., and the remaining slots to
uniformly sampled scenarios. All blocks are selected without
replacement after removing scenarios already included inMk.
If rounding or unavailable candidates leave unused slots, the
remaining positions are filled using the LR/heuristic ranking.

Feasibility cuts are never filtered. If a solved scenario is
infeasible, its feasibility cut is added to the master and the
scenario is placed inMk+1. Optimality cuts are filtered based
on their potential relevance to the tail of the distribution.
A solved feasible scenario first has to produce a significant
master-underestimation residual, i.e., Qs(x

k)−θks must exceed
the cut tolerance. This reduces master growth while retaining
cuts that are most relevant to the CVaR objective and to
recourse feasibility.

At full sweep, all scenarios in D are evaluated and the exact
upper bound at xk is computed as

z(xk) = cTxk + ηk +
1

1− α
∑
s∈S

πs

[
Qs(x

k)− ηk
]
+
. (16)

The algorithm can certify convergence only when the full set
of scenarios is evaluated, due to the lack of an upper bound.
Thus, learning affects only which subproblems are solved
during adaptive iterations while full sweeps recover missed
cuts, update the learning data, and provide the final certificate.

The algorithm follows a regime-based schedule. Iteration
k = 1 is a stabilization full sweep. Iterations k = 2, 3 are also
full sweeps and are used to collect the initial training data for
the LR selector. From iteration k = 4 onward, adaptive LR-
guided selection is used. Periodic full sweeps are performed
every five iterations for validation and certification.

The nominal batch size is selected as approximately twice
the CVaR-tail size,

K0 ≈ 2mα, mα =
⌈
(1− α)|D|

⌉
. (17)

For α = 0.90, this corresponds to roughly 20% of the
decomposed scenario set. In the reported runs, K0 = 20 for
|D| = 99 and K0 = 100 for |D| = 499.

The batch size is adapted online. If a full sweep indicates
poor selector quality, defined by tail recall below 0.70, risk
coverage below 0.60, missed feasibility cuts, or a large number
of missed cuts, the LR model is retrained and the next batch
is expanded as

Kk+1 = min
{
Kmax,max

(
Kk + 10, ⌈1.5Kk⌉

)}
. (18)

If the fraction of infeasible solved subproblems is at least 0.80,
the next batch is expanded more aggressively,

Kk+1 = min {Kmax, 2Kk} . (19)

TABLE I: Case-study and model parameters

Group Parameter Value

Data Sites / horizon 4 sites / 8760 h, ∆t = 1 h
Load source RTE France annual load, scaled
Annual load 690.4 MWh
Load shares [0.30, 0.30, 0.20, 0.20]
PV source CAMS GHI + Open-Meteo temp.
PV location / area Site 1 / 2000 m2

Scenario model VAR–KDE residual sampling
Scenario probabilities Uniform, πs = 1/|S|

BESS cE , cP 40 EUR/kWh-y, 20 EUR/kW-y
ηch, ηdis 0.95, 0.96
ρmin, ρmax 0.10, 0.90
ρ0i [0.757, 0.217, 0.630, 0.166]

[h, h] [1, 10] h
cdeg 0.005 EUR/kWh throughput

Grid/ACC λbuy
t HP/HC: 0.2 / 0.15 EUR/kWh

λexp 0.05 EUR/kWh
τ sht 0.0123 EUR/kWh
csh, cret 12.12, 31.66 EUR/kW-y
G

sh
i , Gret

i 100 kW
csl 5.0 EUR/kWh unserved load

Bounds P i max{max r,max d, 1} kW
Ei 10P i kWh

If the infeasible fraction is at most 0.30 for two consecutive
adaptive iterations, the batch size is reduced toward its nominal
value,

Kk+1 = max
{
K0, ⌈0.7Kk⌉

}
. (20)

This makes the learning policy conservative when feasibility
or tail selection is poor, and computationally lean once the
selector stabilizes.

IV. NUMERICAL SIMULATION

A. Data and brief model description

The proposed method is evaluated on the BtM BESS sizing
problem described in Appendix B. The case study is a four-
site residential energy community over a one-year hourly
horizon. The base load profile is obtained from annual RTE
load data for France, converted to hourly resolution, scaled to
an annual community consumption of 690.4 MWh (roughly
100 households of mixed sizes), and distributed across the
four sites using fixed load shares. PV generation is assigned
to site 1 only and is computed for Marseille, France, using
CAMS irradiance and Open-Meteo temperature data with a
PV averaged power model. The joint PV-load scenarios are
generated using the VAR–KDE residual model in Appendix A.

The main data, technical limits, and economic coefficients
used in the simulation are reported in Table I. These values
instantiate the symbols appearing in Appendix B.

B. Scenario cases and algorithm settings

Two scenario sizes, S100 and S500, are considered to
illustrate the scalability of the proposed approach, each having
1 explicit scenario in the master. Table II summarizes the
decomposition, learning, and certification settings.



TABLE II: Scenario and algorithmic settings

Setting S100 S500

|S| 100 500
Explicit scenarios 1 1
|D| 99 499
α 0.90 0.90
mα 10 50
K0 20 100
K0/|D| 20.2% 20.0%
Kmax 99 250
Kmax/|D| 100% 50.1%
Warm-up full sweeps 3 3
Certification period 5 iterations 5 iterations
Active-set split 70% LR, 10% stale, 10% stress, rest random
Retrain thresholds tail recall < 0.70, risk coverage < 0.60
Batch expansion validation failure or infeasibility fraction ≥ 0.80
Batch shrinkage infeasibility fraction ≤ 0.30 for 2 iterations
Cut tolerances 10−1 optimality, 10−4 feasibility
Termination tolerance 10−3 certified relative gap
Solver Gurobi 13.0.1
Parallelization 10 SP workers, 1 SP thread, 5 master threads

The nominal batch size is selected to be approximately twice
the CVaR tail size, corresponding to about 20% of the decom-
posed scenario set for both cases (corresponding to α = 0.9).
From iteration 4 onward, adaptive LR-guided selection is used
between certification sweeps. Batch size regulation is triggered
when full-sweep diagnostics show poor tail capture or when
many solved subproblems are infeasible, whereas shrinkage is
allowed only after persistent low infeasibility.

C. Performance Measure

Table III reports the certified results and the resulting BESS
sizing decisions, with both cases terminating at iteration 25.
The S100 case reaches a certified gap of 0.000061%, while the
S500 reaches a certified gap of 0.0404%. The optimal storage
capacity is concentrated at the PV site in both cases, which is
to be expected given the potential benefit of self-consumption
without being exposed to network charges, with approximately
65.85 kWh / 13.86 kW for S100 and 57.43 kWh / 13.00 kW
for S500. The corresponding storage durations are about 4.75
h and 4.42 h, respectively.

The adaptive strategy also preserves its computational ben-
efit when the scenario set scales from 100 to 500. The S100
case solves 1176 scenario subproblems instead of the 2475
evaluations required by full multi-cut Benders up to the same
iteration, corresponding to a 52.5% reduction, whereas the
S500 case solves 6022 scenario subproblems instead of 12475,
corresponding to a 51.7% reduction.

Fig. 1a shows the lower-bound progression and the certified
upper-bound values. The upper bound is plotted only at full
sweeps due to the dependency on evaluating all decomposed
scenarios. The initially loose lower bound is tightened rapidly
during the warm-up full sweeps, after which both cases
converge toward their certified upper bounds. Fig. 1b reports
the number of added and filtered optimality cuts. The 500-
scenario case naturally generates more candidate cuts, but the
filtering mechanism discards a substantial fraction of them,
especially at full sweeps, thereby limiting master growth.

TABLE III: Performance of the proposed method

Metric S100, K20 S500, K100

Decomposed scenarios 99 499
CVaR tail size 10 50
Certified iteration 25 25
Certified LB (EUR) 77,533.97 78,818.85
Certified UB (EUR) 77,534.02 78,850.72
Certified gap 0.000061% 0.0404%
Baseline cost (EUR) 89,385.72 90,272.54
Savings vs. baseline 13.26% 12.65%
PV-site E⋆

1 (kWh) 65.85 57.43
PV-site P ⋆

1 (kW) 13.86 13.00
BESS duration E⋆

1/P
⋆
1 (h) 4.75 4.42

Scenario evaluations 1,176 6,022
Full-BD equivalent 2,475 12,475
Subproblem reduction 52.5% 51.7%
Candidate opt. cuts 1,132 6,022
Filtered opt. cuts 338 (29.9%) 1,658(27.5%)
Feasibility cuts 26 0
Runtime RMP 244 s 604 s
Runtime SPs 267 s 1372 s
Peak RAM use 8220 MB 9360 MB

D. Selector diagnostics and batch control

The learning component is evaluated at full sweeps, where
all decomposed scenarios are solved and the true CVaR-tail set
is known. Tail recall measures the fraction of true tail scenarios
captured by the adaptive batch, while risk coverage measures
the fraction of the total CVaR-weighted residual captured by
the selected scenarios.

Fig. 2a shows that the S100 selector becomes reliable after
retraining and reaches full tail recall and full risk coverage
from iteration 15 onward. The behavior of S500 case is more
difficult to capture in the initial training phase and the LR-
based selector quality degrades at iteration 20, where both
recall and risk coverage drop. However, the accuracy improves
drastically after iteration 20 due to model retraining and
temporary batch expansion.

Fig. 2b shows the corresponding batch-size management
normalized by the empirical CVaR-tail size, Kk/mα. The
nominal value is approximately 2, since the adaptive batch is
chosen as about twice the CVaR-tail size. Temporary increases
to 3 correspond to expanding the batch from 100 to 150 in
the S500 case, i.e., from 20.0% to 30% of the decomposed
scenario set. Once the selector stabilizes, the batch size returns
to the nominal level. This confirms that learning is used con-
servatively in the sense that it reduces subproblem evaluations
during stable regimes, while full sweeps detect selector failure,
trigger retraining, and recover missed information.

V. CONCLUSIONS AND OUTLOOK

This paper presents an accelerated online learning-based
adaptive hybrid Benders approach for risk-averse optimal siz-
ing of BtM BESS in energy communities. The main objective
of this work is to demonstrate the capability of a lightweight
ML model, such as logistic regression, to learn SP significance
in the CVaR tail from selected features and use this to predict
their significance in a risk-based problem formulation. We
illustrate that retraining the model during regime changes



(a) Certified lower and upper bounds.

(b) Added and filtered optimality cuts.

Fig. 1: Convergence and cut-management behavior for the
100- and 500-scenario cases. Upper bounds are available only
at full sweeps, where all decomposed scenarios are evaluated.
Cut filtering reduces master growth by discarding optimality
cuts that are not immediately CVaR-relevant.

improves its selection capabilities and that it scales well across
scenarios despite the model’s small size. Current limitations
of the work, such as the LP formulation of SPs and RMP, can
be addressed using different BD architectures, such as logic-
based BD or column-and-constraint generation, within a robust
optimization framework. A byproduct of the LP formulation
of RMP is that the algorithm is implemented iteratively rather
than via callbacks, which is only possible for MILP or MIP
RMP. It would be interesting to explore implementing the
proposed approach for MILP RMP using callbacks.

APPENDIX A
SCENARIO GENERATION

The uncertainty set consists of joint PV-load trajectories.
Historical PV and load data are decomposed into a determin-
istic calendar baseline and a residual process. The PV baseline
is computed by month and hour, while the load baseline
is computed by month, day type, and hour. The residual

(a) Tail recall and risk coverage.

(b) Adaptive batch normalized by CVaR-tail size.

Fig. 2: Learning diagnostics and batch-size control. Tail recall
measures the fraction of true CVaR-tail scenarios captured by
the adaptive policy, while risk coverage measures the fraction
of tail-weighted residual captured by the selected scenarios.
The normalized batch size Kk/mα shows how the algorithm
expands the adaptive batch after validation failures and shrinks
it back toward the nominal level.

vector is then modeled using a vector autoregressive process
(VAR) with kernel density estimator (KDE) based sampled
innovations

ϵt = c+

p∑
ℓ=1

Aℓϵt−ℓ + ut, ut ∼ f̂KDE
u . (21)

Separate VAR–KDE models are fitted by calendar bucket.
Simulated residual paths are added back to the deterministic
baseline and clipped to enforce physical limits, including
nonnegative load, nonnegative PV, and zero PV during zero-
baseline periods. Details are omitted due to space limitations,
but the developed algorithm is expected to perform well in
a similar setting with any other scenario-generation approach
and is independent of this part of the work.



APPENDIX B
MODELING DETAILS FOR THE OPTIMAL SIZING PROBLEM

For the considered BtM BESS OSP in an EC, the first-stage
feasible set X used in (3) is defined as

0 ≤ Ei ≤ Ei, 0 ≤ Pi ≤ P i, ∀i ∈ I, (22a)

hPi ≤ Ei ≤ hPi, ∀i ∈ I, (22b)

0 ≤ ḡshi ≤ G
sh

i , 0 ≤ ḡreti ≤ Gret

i , ∀i ∈ I. (22c)

For fixed first-stage decision x and scenario s, the recourse
function Qs(x) is the optimal value of the following linear
dispatch problem. Let T − = {1, . . . , |T | − 1}.

Qs(x) = min
ys≥0

∑
i∈I

∑
t∈T

[
λbuyt pg,lits + τ sht

(
psh,lits + psh,batits

)
+ cdeg

(
ppv,batits + psh,batits + pbat,lits + pbat,shits

)
+ cslpslits − λexpp

pv,g
its

]
∆t

subject to

ppv,batits +ppv,lits +ppv,gits +ppv,shits +pcurtits = rits, ∀i, t, (23)

pbat,lits + ppv,lits + psh,lits + pg,lits + pslits = dits, ∀i, t, (24)

ei,t+1,s =eits + ηch∆t
(
ppv,batits + psh,batits

)
− ∆t

ηdis

(
pbat,lits + pbat,shits

)
, ∀i, t ∈ T −,

(25)

ei1s = ρ0Ei, ei|T |s = ei1s, ∀i, (26)

ρminEi ≤ eits ≤ ρmaxEi, ∀i, t, (27)

ppv,batits + psh,batits ≤ Pi, ∀i, t, (28)

pbat,lits + pbat,shits ≤ Pi, ∀i, t, (29)∑
i∈I

(
ppv,shits + pbat,shits

)
=

∑
i∈I

(
psh,lits + psh,batits

)
, ∀t,

(30)
psh,lits + psh,batits ≤ ḡshi , ∀i, t, (31)

ppv,shits + pbat,shits ≤ ḡshi , ∀i, t, (32)

pg,lits ≤ ḡ
ret
i , ∀i, t. (33)

Constraints (23) and (24) allocate PV generation and serve
site demand, (25)–(29) model BESS operation and couple
recourse decisions to the first-stage BESS size, (30) enforces
balance of the shared-energy pool, while (31)–(33) enforce the
subscribed-capacity decisions.
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