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Abstract
Machine learning (ML) techniques have been widely applied to dis-
tributed energy resource (DER) systems for a broad range of tasks,
including load forecasting and operational control. However, eval-
uation practices remain inconsistent, conflating ML performance
with DER system-level performance without a clear, systematic
relationship, thereby limiting the interpretability and practical ap-
plicability of emerging ML applications in DER contexts. To this
end, this paper introduces a hierarchical evaluation framework
that systematically aligns ML performance with DER operational
objectives. Specifically, this paper first discusses how ML-driven
DER systems are currently evaluated, providing a comprehensive
overview of performance evaluation metrics, their advantages and
limitations, and practical insights. Given the challenges in evalu-
ating ML-driven DER systems, we further organize performance
evaluation metrics hierarchically, grouping them into six top-level
categories that represent core DER objectives. Within each category,
metrics are distinguished between ML-side and energy-side evalua-
tion criteria. Consequently, our hierarchical DER-centric evaluation
framework not only provides transparent interpretability of ML per-
formance in the DER context but also clarifies recurring sources of
confusion in current practice, particularly when ML performance
is overgeneralized or implicitly assumed to reflect DER system-
level performance. Finally, we highlight the challenges and identify
future opportunities associated with the proposed hierarchical eval-
uation framework. This work serves as a valuable reference for
researchers and engineers to better understand existing studies, as
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well as the potential, challenges, and opportunities in evaluating
ML-driven DER solutions.
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1 Introduction
Distributed energy resources (DERs), including rooftop photovoltaics,
energy storage systems, electric vehicles, and flexible loads, are be-
coming an integral part of modern energy systems [21]. Beyond
traditional residential and commercial settings, DER ecosystems
are rapidly expanding to encompass emerging large-scale electric-
ity consumers, such as data centers, electric transportation hubs,
and flexible industrial loads, which increasingly participate in grid-
edge operation and coordination [24]. In particular, data centers are
transitioning from passive electricity consumers to grid-interactive
entities through the deployment of microgrids and DERs, in which
accurate load prediction, operational flexibility, and coordinated
control are essential to ensure both energy efficiency and system re-
silience [50]. The growing penetration and diversification of DERs
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introduce new challenges in coordination, forecasting, and opera-
tional decision-making, particularly at the grid edge, where uncer-
tainty, heterogeneity, and local constraints play a central role [13].
Machine learning (ML) techniques have been widely adopted to
address these challenges, enabling data-driven approaches to fore-
casting, control, scheduling, and decision support for DER applica-
tions. Compared with traditional rule-based or optimization-based
methods, ML-based approaches provide superior adaptability and
scalability across diverse DER tasks [2, 49].

However, evaluation practices for ML-assisted DER systems re-
main fragmented. Many studies rely on ML performance metrics
such as accuracy, reward, or success rate, while others emphasize
energy-system indicators such as cost, reliability, or constraint viola-
tions. These metrics are often reported independently, with limited
discussion of how ML performance aligns with system-level out-
comes in DER contexts, and reported performance improvements
may not translate into comparable operational benefits [22, 60].
Furthermore, ML evaluation practices typically abstract away phys-
ical constraints, operational feasibility, and economic implications
that are central to DER operation [49]. These challenges are further
compounded by unresolved data infrastructure issues: the FAIR
principles (Findable, Accessible, Interoperable, and Reusable) were
established to ensure that research data and artifacts are discover-
able, accessible, and reproducible across systems and disciplines
[58], yet their adoption in the energy domain remains limited, with
persistent gaps in metadata quality, standardized formats, and data
provenance documentation [45, 57]. As a result, metric comparisons
across studies frequently conflate differences in model capability
with differences in data quality and availability, undermining re-
producibility and cross-study comparability in ML-assisted DER
research. This disconnect motivates the need for a more principled
and transparent evaluation perspective.

In parallel, existing surveys have reviewed the application of AI
and ML techniques in DER contexts [3, 5, 12, 31, 61]. As summa-
rized in Table 1, these survey studies primarily focus on application
scenarios and operational objectives in DER systems, while offering
limited DER-level analysis of ML performance evaluation, particu-
larly with respect to the alignment between ML evaluation metrics
and DER operational objectives. Specifically, Lee et al. [31] analyze
how integrating ML technologies enhances the security, scalability,
reliability, and other operational constraints of energy management
systems. Zaboli et al. [61] compare the capabilities of various ML
models (such as convolutional neural networks and transformers)
for load forecasting within integrated energy systems involving
photovoltaic generation, battery energy storage, and electric vehi-
cle charging infrastructures. Arevalo et al. [5] explore the specific
roles that ML models play in optimizing operations, enhancing
efficiency, and improving system resilience across energy system
generation, transmission, and distribution. Bilal et al. [12] inves-
tigate AI-based hierarchical control mechanisms at the primary,
secondary, and tertiary levels in microgrid energy systems, empha-
sizing their contributions to managing microgrid reliability and
efficiency. Ali et al. [3] present a structured framework for evaluat-
ing key performance indicators (KPIs) for ML applications in the
energy domain, with a particular emphasis on large language model
(LLM) implementations in renewable energy management. On the
other hand, within broader computer systems, Arp et al. [6] identify

common pitfalls in the design, implementation, and evaluation of
learning-based computer security systems and present actionable
recommendations to mitigate them. Biderman et al. [11] identify
common pitfalls throughout the ML model deployment pipeline,
spanning algorithm design, data collection, and model evaluation.
To date, however, comparable metric-centric analyses remain ab-
sent in the DER domain, where ML models are tightly coupled with
physical processes, operational constraints, and system-level risk.

To this end, this review paper introduces a hierarchical, DER-
centric evaluation framework that rethinks how ML perfor-
mance is assessed in DER systems. Specifically, this paper first
provides a comprehensive overview of ML-assisted DER systems
and summarizes representative performance evaluation metrics,
highlighting their advantages, limitations, and practical insights.
Given the challenges in evaluating ML-assisted DER systems, we
propose a hierarchical evaluation framework, in which performance
evaluation metrics are grouped into six top-level categories rep-
resenting core DER application categories, including: (1) state &
knowledge consistency, (2) decision & constraint coherence, (3) op-
erational & temporal robustness, (4) market & incentive fairness, (5)
operational safety & risk exposure, and (6) human interpretability
& action transparency. Within each category, metrics are explicitly
distinguished between ML-side evaluation criteria, representing
learning behavior and decision quality, and energy-side evaluation
criteria, capturing system performance and operational outcomes.
The hierarchical DER-centric evaluation framework provides trans-
parent interpretability of ML performance while clarifying sources
of confusion in DER systems, particularly in cases where ML per-
formance is overgeneralized or implicitly assumed to reflect sys-
tem performance. Finally, we highlight future directions associated
with our hierarchical evaluation framework, including real-world
deployment in non-stationary environments and reinforcement
learning-based DER systems. To summarize, themain contribu-
tions of this paper are provided as follows:

• This paper provides a comprehensive overview of perfor-
mance evaluation in ML-assisted DER systems, with a par-
ticular focus on analyzing the relationships between DER
applications and ML performance metrics, as well as the ad-
vantages, limitations, and practical insights associated with
these metrics.

• This paper introduces a hierarchical, DER-centric evalua-
tion framework in which performance metrics are systemat-
ically categorized by DER use cases. Within each category,
metrics are explicitly distinguished between ML-side and
energy-side evaluation criteria, thereby enabling transparent
interpretation of ML performance in DER systems.

• This paper outlines a series of actionable recommendations
to enhance performance evaluation in ML-assisted DER
systems, aimed at achieving more transparent, robust, and
deployment-relevant evaluations.

The remainder of this paper is organized as follows. Section 2
analyzes commonly used ML evaluation metrics in ML-assisted
DER systems, highlighting their application contexts and common
pitfalls. Section 3 presents the proposed hierarchical DER-centric
evaluation framework. Section 4 discusses limitations and recom-
mendations for future research, and Section 5 concludes this paper.
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Table 1: Comparison of our paper with existing DER-related surveys.

Metric Alignment: Represents the alignment between ML-side performance metrics and DER operational objectives.

Reference DER Systems ML Evaluation Metrics Metric AlignmentApplications Operational Objectives

[31]
- energy supply management
- energy trading
- energy demand control

- security
- scalability
- interoperability
- reliability

% %

[61] - load forecasting %
- accuracy
- computational resource %

[5]
- demand forecasting
- energy flow optimization
- predictive maintenance

- scalability
- cost efficiency

- accuracy
- response time
- computational resource

%

[12]
- energy allocation
- demand-side management
- hierarchical microgrid control

- reliability
- cost efficiency % %

[3]
- energy forecasting
- predictive maintenance
- resource optimization

- reliability
- operational efficiency
- energy efficient
- user experience

- accuracy
- inference time
- computational resource
- energy consumption

%

Our paper

- energy supply management
- energy trading
- demand-side management
- energy forecasting
- load forecasting
- resource optimization

- state consistency
- decision coherence
- operational robustness
- market fairness
- operational safety
- action transparency

- accuracy
- cumulative reward
- success rate
- robustness
- fairness
- interpretability

A hierarchical
DER-centric evaluation
framework

2 Evaluation in ML-Assisted DER Systems
This section reviews existing evaluation practices for ML–assisted
DER systems and analyzes the challenges that arise when applying
ML performance metrics in DER contexts. Rather than proposing
new evaluation dimensions, it aims to clarify how evaluation is
currently conducted and where conceptual gaps persist.

2.1 Relationships Between DER Applications
and Performance Evaluation Metrics

Before examining evaluation metrics in detail, it is instructive to
first consider how existing studies implicitly align DER application
objectives with ML-side performance evaluation metrics. Figure 1
illustrates the high-level alignment between DER objectives andML
metrics synthesized from representative literature. The band widths
reflect the relative frequency of each metric-objective pair, high-
lighting dominant evaluation patterns; each study may contribute
to multiple bands.

From the insights ofMLmetrics, accuracymetrics, including both
classification accuracy and regression error, pervade nearly all DER
application categories. They dominate categories related to State
& Knowledge Consistency [48], Decision & Constraint Coherence
[26], and Operational Safety & Risk Exposure [55], where short-
term predictive correctness or immediate response fidelity is often
treated as a proxy for system performance. This widespread reuse
suggests that accuracy metrics frequently serve as defaults, even
when the underlying operational objectives differ substantially.

DER application objectives ML performance evaluation metrics

Figure 1: Relationships between DER application objectives
categories and ML performance evaluation metrics.

Another insight is that cumulative reward metrics primarily
align with sequential decision-making and adaptation, most no-
tably Decision & Constraint Coherence [36] and Operational & Tem-
poral Robustness [47]. This reflects the prevalence of reinforcement
learning for scheduling and control, where long-term objective
accumulation is explicitly modeled. However, the mapping also
reveals that reward-based evaluation remains concentrated and
is seldom applied to market fairness or interpretability. Moreover,
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success rate or task completion metrics are less frequent but span
heterogeneous objectives, including State & Knowledge Consistency
[41], Decision & Constraint Coherence [9], and Human Interpretabil-
ity & Action Transparency [43]. In these contexts, success-oriented
metrics are often used to indicate convergence, feasibility, or task-
level completion, providing a coarse but intuitive signal of whether
a systemmeets predefined operational criteria. Finally, the mapping
highlights a notable concentration of fairness-, robustness-, and
interpretability-oriented metrics within Market & Incentive Fair-
ness [26] and Human Interpretability & Action Transparency [43].
Outside these categories, such metrics are comparatively under-
represented, even in applications where long-term stability, risk
exposure, or trustworthiness are central concerns. This imbalance
suggests a systematic misalignment between what is operationally
important and what is most commonly measured.

Consequently, the aggregated relationships underscore that iden-
tical ML-side metrics are often reused across fundamentally differ-
ent DER objectives, while some objectives rely on narrowly scoped
evaluation signals. This observation motivates a closer examina-
tion of how specific metric families are interpreted and applied in
DER contexts. In the following, we therefore focus on three repre-
sentative ML performance evaluation metrics, including accuracy,
cumulative reward, and success rate, to illustrate their strengths,
limitations, and potential misalignments when evaluated from a
DER-centric system perspective.

2.2 ML Performance Evaluation Metrics
Building on the aggregated mapping between DER objectives and
ML metrics, we now examine how these metrics are interpreted
and applied in practice. The mapping reveals that a small set of
ML-side metrics is repeatedly reused across heterogeneous DER
objectives, often serving as proxies for different operational goals.
To make these implicit assumptions explicit, this section analyzes
three representative and widely reused metric families—accuracy,
cumulative reward, and success rate/task completion rate—and
analyzes their typical usage patterns, advantages, and limitations
from a DER-centric perspective. Many of these metrics originate
in the ML literature for characterizing algorithmic behavior, such
as learning efficiency or prediction accuracy. While effective in
controlled experiments, their interpretation is complex when trans-
ferred to real-world DER operations, where physical constraints,
economic trade-offs, and reliability jointly shape system perfor-
mance. Through structured analyses, including practical do’s and
don’ts, we illustrate recurring misalignments between ML perfor-
mance indicators and the energy-side operational meaning, thereby
motivating the need for more principled, DER-centric evaluation
frameworks, as discussed in Section 3.

2.2.1 Accuracy. Accuracy-related metrics quantify how closely
model outputs match ground-truth values, and are pervasively
adopted in ML-driven DER systems. As illustrated in Figure 1, they
evaluate diverse objectives from state estimation to safety monitor-
ing. Depending on the task formulation, accuracy metrics can be
broadly categorized into two classes: classification-oriented accu-
racy for discrete decision or event detection tasks, and regression-
oriented error metrics for continuous-value forecasting. Although
both are commonly referred to as “accuracy” in the literature, they

capture fundamentally different aspects of model performance and
entail distinct implications in DER contexts.

(1) Classification Accuracy
• Description: Classification accuracy measures the ratio
of correctly predicted labels or events to total instances
in tasks such as fault detection, anomaly detection, and
event-based demand response, where the model output
corresponds to discrete operational states or decisions.

• What is Commonly Done: Many studies report classifica-
tion accuracy as a primary performance indicator due to
its simplicity and interpretability, but often supplement it
with precision, recall, and F1-score to better capture asym-
metric error costs, particularly in safety-critical applica-
tions where false negatives and positives carry different
operational consequences [14, 56].

• Advantage: Classification accuracy provides an intuitive
first-order assessment of decision correctness, easily com-
municated to stakeholders.

• Limitation: Classification accuracy is highly sensitive to
class imbalance. For instance, in anomaly detection, mod-
els may achieve deceptively high accuracy by predomi-
nantly predicting the majority class, thereby offering lim-
ited operational value and failing to distinguish between
error types with varying system-level impacts. [52].

(2) Regression Error
• Description: Regression error measures deviations between
predicted and observed values in tasks including load fore-
casting, renewable generation prediction, and state esti-
mation, among others.

• What is Commonly Done: Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Mean Squared Er-
ror (MSE) are routinely combined to evaluate prediction
fidelity [30, 33]. MAE reflects average physical deviation,
while RMSE penalizes large errors more heavily, and MSE
is frequently used as a training loss function [29, 34, 53]. In
renewable energy forecasting, RMSE and MAE dominate,
highlighting extreme deviations and overall performance,
respectively [19].

• Advantage: Regression error metrics are effective when
error magnitude correlates with operational risk. RMSE
is particularly suitable for grid-related forecasting, where
rare but large errorsmay jeopardize system stability, whereas
MAE supports routine monitoring [19, 54].

• Limitation:Dataset and task specifics strongly influence re-
gression metrics, limiting cross-study comparability. Iden-
tical error values across studies do not guarantee similar
operational performance, especially under different load
profiles, temporal resolutions, or system constraints [52].

Consequently, we summarize the Do & Don’t for applying
accuracy-related metrics in ML-driven DER systems:

Do: Treat accuracy metrics as task-dependent indicators rather
than universal measures. Combine it with precision, recall, and F1-
score for classification, or with MAE and RMSE for forecasting, to
balance interpretability and sensitivity to extreme errors [28]. Estab-
lish meaningful baselines and clearly report dataset characteristics
to support fair comparison.
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Don’t: Avoid equating high accuracy or low error with practical
effectiveness without considering data imbalance, error distribution,
and system risk. Do not compare accuracy metrics across studies
without clarifying task formulation, dataset properties, and oper-
ational context. Refrain from selecting accuracy metrics without
accounting for response-time constraints, tolerance for large devia-
tions, and the relative cost of different real-world failure modes.

2.2.2 Cumulative Reward.
Description: Cumulative reward is the core objective in reinforce-
ment learning (RL)-based DER management, as shown in Figure
1. It quantifies long-term returns by summing immediate rewards
at each decision step, typically weighted by a discount factor to
balance short-term gains against long-term benefits. In DER applica-
tions, the reward structure commonly comprises two components:
revenue gains from optimization objectives (e.g., cost reduction,
efficiency improvement) and penalty terms for constraint violations.
High penalty coefficients are essential for enforcing operational
bounds and guiding policies toward safe, high-performance states.

What is Commonly Done: In battery energy storage system
(BESS) management, cumulative rewards are used to evaluate the
optimization of charging and discharging decisions by balancing
operational costs, battery aging, and economic performance [15, 59].
During training, agents continuously explore and learn charging
strategies that maximize cumulative rewards over time [27]. Mi-
crogrid energy management systems use it to coordinate multiple
DERs, including solar panels, wind turbines, fuel cells, and storage
systems [15, 39, 40]. In demand response, cumulative rewards are
employed to optimize load control strategies where agents learn to
manage clusters of heterogeneous loads such as thermostatically
controlled devices [17, 42]. Market participation strategies leverage
cumulative reward to develop optimal energy trading and pricing
policies based on historical price patterns [20, 42].

Advantage: Cumulative reward suits long-term DER optimiza-
tion over myopic immediate reward maximization, especially in
volatile renewable-powered microgrids where supply and demand
change rapidly [38]. Unlike traditional model predictive control
approaches, cumulative reward enables continuous strategy refine-
ment as operational conditions evolve [51].

Limitation: Calibrating the revenue-penalty balance is a criti-
cal challenge. Insufficient penalties lead to safety violations [62],
while multi-objective complexity can bias solutions toward certain
goals at the expense of others. Furthermore, delayed consequences
and reward sparsity hinder learning, particularly in contexts such
as battery degradation or market dynamics, where immediate re-
wards are insufficient. Increasing system scale and DER counts fur-
ther complicate the design of the reward function. Moreover, poor
transferability across different configurations or market conditions
requires extensive retraining in evolving operational environments.

Consequently, we summarize the Do & Don’t for applying cu-
mulative rewards in RL-based DER management:

Do: Carefully tune the discount factor to align with the applica-
tion’s temporal scale—smaller for immediate response, larger for
long-term gains [1]. Implement a two-part structure that combines
revenue gains with high penalties for constraint violations to en-
sure reliability [62]. Use progressive learning strategies that allow
agents to explore the solution space while converging to optimal

policies over multiple episodes [27]. For validation purposes, sys-
tematically examine both reward and loss curves over episodes. For
example, rising total rewards can confirm effective balancing of
multiple objectives such as photovoltaic energy utilization, grid
dependence minimization, and battery management [8].

Don’t:Avoid inadequate penalties for constraint violations, which
directly compromise system safety [62]. Do not neglect the tempo-
ral scale of decision consequences; immediate rewards may fail to
capture delayed effects such as battery degradation or long-term
market impacts, leading to myopic policies over extended hori-
zons. Refrain from assuming that reward functions optimized for
one DER configuration will transfer directly to different systems
without retraining or recalibration. Similarly, do not ignore the
computational complexity that emerges as system scale increases;
reward design should account for scalability to ensure practical
deployability in large-scale DER management scenarios.

2.2.3 Success Rate & Task Completion Rate.
Description: Success and task completion rates are outcome-oriented
evaluation metrics that measure whether a system fulfills a prede-
fined task under specified conditions, typically expressed as the
ratio of successful executions to total attempts. In DER manage-
ment, a task may involve a scheduling decision within a deadline,
executing an offloading request within Quality of Service (QoS) con-
straints, or finishing a control procedure without violating opera-
tional rules. These metrics serve as high-level indicators of whether
an ML-driven system is reliable and “works” in practice.

What is Commonly Done: In power generation scheduling,
the success rate is commonly used to assess reliability by mea-
suring the percentage of tasks completed within time limits. For
example, recent studies show ML-based schedulers significantly
outperform traditional heuristics inmeeting dynamic deadlines [25].
In energy system modeling and optimization, success rate is often
decomposed into multiple dimensions, such as whether objective
functions are correctly specified (e.g., including fuel, start-up, and
shut-down costs) and whether constraints are properly formulated
and satisfied across all units and time periods [32]. In edge comput-
ing systems coupled with DERs, task completion rate is defined as
the ratio of completed tasks to arrived tasks over a fixed interval,
serving as a proxy for energy-aware execution capability under
limited resources [7]. Similarly, task offloading scenarios evaluate
success rate as the fraction of offloaded tasks completed within
QoS constraints, reflecting system robustness under workload and
energy fluctuations [4]. Some variants also quantify how sharply
performance degrades under high renewable volatility compared
to stable conditions [25].

Advantage: Success-oriented metrics are effective when objec-
tives can be clearly operationalized as pass/fail conditions. In tasks
like offloading or real-time scheduling, measuring whether tasks
meet QoS or deadline constraints provides a direct and intuitive
indicator of system reliability [4]. In these settings, the success rate
enables straightforward comparison across algorithms and is easily
interpretable by stakeholders, making it particularly suitable for
benchmarking competing scheduling or control strategies [25].

Limitation: The primary limitation is their binary nature, which
fails to capture partial progress or intermediate achievements, even
when such progress may still deliver operational value. This lack
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of granularity is problematic in complex DER tasks composed of
multiple interdependent sub-steps. Moreover, defining “success”
for open-ended or long-horizon tasks is nontrivial, often requiring
human judgment or task-specific heuristics [16, 23, 37]. Success
rates also depend heavily on arbitrary threshold choices, such as
fixed step limits or strict timing constraints, which may not align
with real-world operational flexibility, consequently obscuring be-
havioral differences and masking performance variations [65].

Consequently, we summarize the Do & Don’t for applying
success-oriented metrics in ML-driven DER systems:

Do:Align success criteria with operational requirements, such as
explicit deadline satisfaction or conflict avoidance, as demonstrated
in power generation studies where tasks are counted as success-
ful only if completed before assigned deadlines [25]. Complement
success rate with constraint satisfaction or stability indicators to
capture safety dimensions that binary outcomes alone cannot reveal
[63]. For multi-stage tasks, adopt hierarchical or sub-goal success
analysis to reflect partial completion [35].

Don’t: Avoid relying on success rate as a standalone metric for
complex problems where progress, quality, or trade-offs matter
more than strict completion. Do not impose artificial thresholds
without operational justification, as overly rigid definitions of suc-
cess can misrepresent system capability and obscure meaningful
performance differences. Finally, do not equate high success rates
with overall optimality without verifying if efficiency and robust-
ness requirements are met.

2.3 Challenges in Performance Evaluation
Having examined commonly used performance metrics in ML-
assisted DER applications, we find that a more fundamental chal-
lenge remains: their interpretation and integration. Existing studies
often report multiple metrics without a coherent perspective link-
ing ML indicators to DER operational objectives. A key challenge
stems from the disconnect between ML-centric evaluation and sys-
tem validation. Metrics that effectively characterize model behavior,
such as learning progress or task success, may not reflect whether
decisions are safe and beneficial for DER operations, especially in
distributed settings with heterogeneous ownership, local objectives,
and physical constraints. Moreover, evaluation is often constrained
by application-specific assumptions and simulation designs, mak-
ing cross-study comparisons difficult even for similar use cases. The
absence of a structured evaluation framework that jointly consid-
ers ML-side metrics and energy-side criteria limits interpretability,
reproducibility, and the accumulation of cumulative knowledge.

FAIR Data Challenges and Evaluation Reproducibility.
Beyond metric-level inconsistencies, evaluation outcomes in ML-
assisted DER research are fundamentally shaped by underlying
data challenges that remain largely unaddressed in the literature.
In the DER context specifically, datasets are frequently proprietary,
system-specific, or insufficiently documented in terms of prove-
nance and operational context, making it difficult to reproduce
reported ML evaluation results or assess their generalizability to
real-world deployments. Ongoing efforts to address these barri-
ers—including FAIR-compliant tools for time series dissemination
[44], ontology-based metadata models for PV systems [46], FAIR
maturity assessments for wind energy data sharing [10, 18], and

broader community frameworks for low-carbon energy research
[57]—highlight that achieving FAIR data practices in DER systems
requires coordinated technical and cultural change. Until such stan-
dards are more widely adopted, the metric-level challenges identi-
fied above will persist, further motivating the structured evaluation
perspective introduced in the next section.

3 Hierarchical DER-Centric Evaluation
Framework

This section introduces a hierarchical, DER-centric evaluation frame-
work to structure performance assessment of ML–assisted DER
applications. Rather than proposing new metrics, the framework
focuses on organizing existing evaluation practices to explicitly
distinguish between ML-side and energy-side validation metrics.
Table 2 provides an overview of the framework, summarizing the
main categories and their interpretations in DER contexts.

3.1 Motivations and Design Principles
Several recent studies have explored structured ways of organiz-
ing evaluationmetrics forML-assisted power system applications. A
representative example is the framework proposed in ElecBench [64],
which categorizes performance metrics for large language models
in power dispatch scenarios according to high-level system objec-
tives. Such frameworks offer a useful organizational perspective,
particularly for centralized decision-making tasks where evaluation
is conducted primarily from a system operator’s viewpoint.

In this work, we draw inspiration from the high-level categoriza-
tion logic adopted in dispatch-oriented frameworks, while adapting
the evaluation perspective to better align with DER applications.
Our focus differs in scope and application context: whereas prior
frameworks are primarily concerned with LLM-based dispatch
tasks, this study targets a broader range of ML techniques and
DER use cases, including decentralized control, local optimization,
and market participation. To better reflect the characteristics of
DER systems, we retain the top-level evaluation categories as an
organizational starting point while reframing their interpretation
in terms of DER-oriented use cases. For each category, we explicitly
distinguish between ML-side and energy-side evaluation metrics.
This separation is intended to clarify how commonly reported ML
metrics relate to operational meaning in DER contexts, rather than
to introduce an alternative or competing evaluation taxonomy. In
addition, our proposed framework is guided by three design princi-
ples. First, it emphasizes interpretability by organizing evaluation
dimensions around familiar high-level objectives. Second, it adopts
a DER-centric perspective that accounts for distributed decision-
making and heterogeneous stakeholder goals. Third, it makes the
ML-side and energy-side evaluation dimensions explicit, facilitating
clearer interpretation and more consistent reporting across studies.

3.2 Hierarchical Evaluation Categories
The proposed framework organizes evaluation dimensions hierar-
chically. At the top level, a set of high-level evaluation categories is
used to capture core objectives commonly encountered in DER ap-
plications. These categories follow the general organizational logic
of prior dispatch-oriented frameworks, while their interpretation
is adjusted to align with the needs of DER-centric evaluation.

167



Rethinking ML Performance Metrics in DER Systems ACM Sustainability Week Companion ’26, June 22–25, 2026, Banff, AB, Canada

Table 2: DER-Centric Evaluation Framework with ML-Side and Energy-Side Evaluation Metrics

Top-level Category DER Use-case Interpretation ML-side Evaluation Metrics (ex-
amples)

Energy-side EvaluationMetrics (ex-
amples)

Notes / Gaps

State & Knowledge
Consistency

Whether ML-driven DER decisions
rely on correct, up-to-date system
states, forecasts, and market infor-
mation

- state prediction accuracy
- forecasting error
- model loss
- data consistency checks

- state estimation error impact
- infeasible dispatch
- market signals misinterpretation
- operational degradation

Predictive accuracy does not
guarantee correctness of DER
operational states

Decision & Constraint
Coherence

Whether ML-generated DER deci-
sions respect physical limits, opera-
tional constraints, and market rules

- constraint satisfaction rate
- policy feasibility ratio
- success or task completion rate
- optimization convergence

- constraint violations
- infeasible dispatch actions
- corrective control interventions
- penalty costs

Task success or logical consis-
tency does not ensure physical
or market feasibility

Operational & Tempo-
ral Robustness

Robustness of DER decisions under
uncertainty, variability, and long-
horizon operation

- reward variance
- policy sensitivity
- convergence stability
- robustness test outcomes

- power quality deviations
- control oscillations
- curtailment frequency
- long-term cost variability

Learning stability does not im-
ply stable DER or grid operation

Market & Incentive
Fairness

Whether ML-driven DER decisions
lead to incentive-rational and so-
cially acceptable market outcomes

- reward distribution
- fairness metrics
- equilibrium convergence
- agent utility balance

- profit realization
- market efficiency
- price volatility
- risk of manipulation

AI-side fairness or equilibrium
metrics may not reflect actual
market efficiency

Operational Safety &
Risk Exposure

Risks introduced by ML-driven de-
cisions in DER operation under fail-
ures or adversarial conditions

- failure rate
- worst-case reward
- perturbation robustness
- stress test performance

- worst-case operational loss
- fault propagation
- safety margin erosion
- resilience degradation

Model robustness metrics do
not fully capture physical and
systemic risk

Human Interpretabil-
ity & Action Trans-
parency

Whether ML-assisted DER deci-
sions are understandable, auditable,
and actionable by stakeholders

- interpretability scores
- feature importance
- explanation consistency

- operational auditability
- operator trust
- regulatory compliance
- decision traceability

Model interpretability does not
automatically translate to oper-
ational accountability

At the second level, each top-level evaluation category is grouped
into two complementary perspectives. One focuses on ML-side
metrics that characterize model behavior, learning dynamics, or
decision quality. The other focuses on energy-side metrics that
reflect physical feasibility, operational outcomes, and economic or
system-level impacts resulting from ML-driven decisions. The dis-
tinction between ML-side and energy-side metrics is not intended
to impose a strict separation, as many metrics influence both learn-
ing behavior and system performance. Instead, it provides a lens to
clarify the origin, interpretation, and appropriate role of different
metrics when assessing ML-assisted DER systems.

State & Knowledge Consistency: This dimension concerns
whether ML-driven DER decisions are based on correct, timely,
and contextually appropriate information, including system states,
forecasts, operational constraints, and market signals. In many DER
applications, which underpin downstream decision-making, affect-
ing scheduling, control actions, and economic outcomes. Errors or
staleness in these inputs may propagate through learning-based
decision processes, leading to suboptimal or infeasible DER be-
havior. ML-side metrics in this category typically assess accuracy,
forecasting error, or internal data consistency. Energy-side metrics
instead capture the operational consequences of incorrect infor-
mation, such as infeasible dispatch actions, misinterpretation of
price or demand signals, and overall degradation of system perfor-
mance. Thus, high predictive accuracy at the model level could not
guarantee correctness or reliability at the DER operational level.

Decision & Constraint Coherence: This dimension evaluates
whether ML-generated DER decisions respect physical limits, op-
erational constraints, and market rules inherent to the target use
case. DER applications are governed by device-level capacity limits,
network constraints, and regulatory or market participation rules.

Decisions that appear valid from an optimization or learning per-
spective may nevertheless violate such constraints when deployed.
Furthermore, ML-side evaluation metrics commonly include con-
straint satisfaction, policy feasibility, task success, or convergence
behavior. Energy-side metrics focus on actual constraint violations,
infeasible dispatch actions, corrective control interventions, and
incurred penalty costs. Consequently, task-level success or logical
consistency in learned policies does not ensure physical or market
feasibility in real DER operations.

Operational & Temporal Robustness: This dimension charac-
terizes the stability of ML-driven DER decisions under uncertainty,
variability, and long-horizon operation. DER environments are in-
herently dynamic, with fluctuations in renewable generation, load
demand, and market conditions. Robust decision-making requires
both short-term performance and stable behavior over extended
time horizons and under perturbations. ML-side metrics in this cat-
egory often assess reward variance, policy sensitivity, convergence
stability, or performance under robustness testing. Energy-side
metrics capture system-level manifestations of instability, such as
power quality deviations, oscillatory control actions, curtailment
frequency, and long-term cost variability. Stable learning dynamics
or convergence at the ML level, therefore, do not necessarily imply
stable or reliable DER operations.

Market& Incentive Fairness:This dimension examineswhether
ML-driven DER decisions lead to economically rational, incentive-
compatible, and socially acceptable outcomes in market-oriented
applications. Many DER use cases involve participation in energy
markets, peer-to-peer trading, or price-based demand response,
where decisions directly affect profits, costs, and overall market
efficiency. ML-side metrics typically include reward distribution,
fairness metrics, equilibrium convergence, or agent utility balance
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in multi-agent settings. Energy-side metrics instead reflect realized
profits, market efficiency, price volatility, and risks of manipulation
or strategic behavior. As a result, fairness or equilibrium metrics
evaluated at the ML level may not accurately represent economic
efficiency or incentive fairness at the system level.

Operational Safety & Risk Exposure: This dimension focuses
on the risks posed by ML-driven decisions in DER operations under
failure, uncertainty, or adverse conditions. As DER systems increas-
ingly rely on automated decision-making, erroneous or unstable
policies can amplify faults, reduce safetymargins, or degrade system
resilience. In addition, ML-side evaluation metrics often quantify
failure rates, worst-case rewards, robustness to perturbations, or
stress-test performance. Energy-side evaluation metrics emphasize
worst-case operational losses, fault propagation effects, erosion of
safety margins, and degradation of system resilience. Model-level
robustness metrics, therefore, provide only partial insight into the
physical and systemic risks.

Human Interpretability & Action Transparency: This di-
mension assesses whether ML-assisted DER decisions are under-
standable, auditable, and actionable by stakeholders. Interpretabil-
ity plays a critical role in operational trust, regulatory compliance,
and effective human-in-the-loop decision-making, particularly in
safety-critical or market-regulated environments. ML-side eval-
uation metrics typically measure interpretability scores, feature
importance, or the model’s explanation consistency. Energy-side
evaluation metrics focus on operational auditability, operator trust,
regulatory acceptance, and decision traceability. Consequently, im-
provements in model interpretability do not automatically translate
into accountability or acceptability in real-world DER operations.

4 Discussion and Recommendations
This work proposes a DER-centric evaluation framework that em-
phasizes the interpretation and alignment of evaluation metrics
across ML-side and energy-side perspectives. Rather than prescrib-
ing a fixed set of metrics or ranking their importance, the frame-
work aims to make implicit evaluation assumptions explicit and to
clarify how commonly used ML metrics relate to DER operational
objectives. As such, it should be viewed as an interpretive and orga-
nizational tool that supports more transparent evaluation practices,
rather than a normative benchmark.

Several limitations of the framework should be noted. First, al-
though it is grounded in an extensive literature survey, the mapping
between evaluation metrics and DER use cases is not exhaustive.
Certain metrics or evaluation practices may be underrepresented
due to reporting conventions or domain-specific focus. Second,
applying the framework still requires domain expertise, as inter-
preting energy-side evaluation metrics depends on system con-
text, operational constraints, and stakeholder objectives. Finally,
the framework is not empirically validated through large-scale
benchmarking, which remains an important direction for future
work. Additionally, the framework does not explicitly address real-
time feasibility constraints, such as inference latency and computa-
tional overhead, which are critical when ML models are deployed
on resource-constrained DER edge devices operating under strict
response-time requirements; this represents another important di-
rection for future investigation. Taken together, these limitations

do not undermine the value of the proposed framework; rather,
they motivate concrete recommendations to improve evaluation
practices in ML-assisted DER research. Building on the insights
derived from the framework, we outline a series of actionable rec-
ommendations to guide future studies toward more transparent,
robust, and deployment-relevant evaluation.

Recommendation 1: Adopt Structured and Transparent
Evaluation Protocols. We recommend that future ML-assisted
DER studies adopt structured evaluation protocols that explicitly
distinguish between ML-side metrics and energy-side operational
outcomes. Rather than reporting isolated performance indicators,
researchers should clarify how selected metrics align with specific
DER objectives, constraints, and stakeholder goals. Standardized
reporting templates or evaluation checklists can clarify implicit
assumptions and improve interpretability and reproducibility.

Recommendation 2: Complement Dataset-Based Evalua-
tion with Testbeds, Simulations, and Scenario-Driven Studies.
DER evaluation shouldmove beyond static datasets, which often fail
to capture real-world dynamics, feedback loops, and constraints.We
recommend testbeds, high-fidelity simulations, and scenario-driven
evaluations that reflect realistic conditions, such as fluctuating re-
newables, demand, and markets. This approach enables systematic
stress testing and provides deeper insight into the robustness, safety,
and long-horizon behavior of ML-driven systems.

Recommendation 3: Emphasize Evaluations at Multiple
Scales and Long Horizons.We encourage the community to eval-
uate ML-assisted DER systems across multiple temporal and spatial
scales. Short-term learning performance or convergence behavior
does not necessarily translate into sustained operational benefits.
Evaluation protocols should therefore examine how improvements
in learning metrics relate to long-term system behavior, including
stability, efficiency, and resilience under non-stationary conditions.
Multi-scale evaluation is particularly important for adaptive DER
systems that operate continuously in evolving environments.

Recommendation 4: Address Robustness and Deployment-
Related Risks Systematically. As ML-driven controllers enter
operational DER settings, evaluation must account for robustness
under uncertainty, distribution shift, and adverse conditions. We
recommend explicitly incorporating robustness-oriented evaluation
dimensions, such as sensitivity to forecast errors, response to unex-
pected disturbances, and degradation under rare but high-impact
events. These aspects are often underrepresented in conventional
ML evaluation but are critical for safe and reliable DER operation.

Recommendation 5: Strengthen Evaluation Practices for
RL-Based DER Systems. RL plays a central role in DER schedul-
ing, control, and coordination, yet evaluation often relies heavily
on task-specific rewards. We recommend making the relationship
between reward design, policy stability, convergence behavior, and
energy-side operational outcomes explicit. Beyond cumulative re-
ward, future RL-based studies should also report constraint satisfac-
tion and system-level impacts to improve cross-study comparability.

In summary, our framework provides a foundation for more co-
herent and interpretable evaluation practices in ML-assisted DER
research. By shifting the discussion from abstract future directions
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to concrete recommendations, this work aims to guide the commu-
nity toward evaluation paradigms that better align ML-side perfor-
mance metrics with DER-specific operational objectives, thereby
supporting both methodological rigor and practical relevance.

5 Conclusions
This paper presents a structured evaluation framework for ML-
assisted DER applications, bridging the gap between ML-oriented
metrics and energy-system-oriented objectives. By organizing eval-
uation dimensions and distinguishing ML-side and energy-side cri-
teria, the framework clarifies how commonly used metrics should
be interpreted and applied in DER contexts—including cases where
ML-centric metrics are overgeneralized or implicitly assumed to
reflect system-level performance. Beyond metric organization, the
framework also highlights data-related challenges, particularly in-
consistent reporting of dataset characteristics and limited reusabil-
ity of evaluation results, which undermine reproducibility and hin-
der the FAIR use of energy data across studies. Overall, this work
lays a foundation for more rigorous, transparent, and deployment-
relevant evaluation practices, supporting clearer communication
between ML researchers and power system engineers working on
learning-integrated DER applications. Future work will expand this
concise review into a comprehensive survey, incorporating a wider
range of empirical validation and emerging ML techniques.
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