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Abstract
Non-Intrusive Load Monitoring (NILM) aims to decompose ag-
gregate household power signals into appliance-level estimates.
Despite many innovations, progress is hindered by the lack of a
reproducible benchmark for evaluating models under varying com-
pute budgets and at resolutions critical for real-time (1 min) and
utility-scale (15 min) applications. We present NILMBench2026, a
large-scale benchmark that systematically evaluates sixteen models
across regression accuracy, event detection capabilities, compu-
tational cost, and generalization on multiple public datasets. Our
analysis reveals two key insights: (1) Model performance is highly
context-dependent, varying with appliance type and temporal res-
olution. (2) More critically, most models fail to generalize across
buildings-especially when test appliances exhibit power character-
istics unseen during training. While some architectures strike a bet-
ter trade-off between accuracy and efficiency, poor cross-building
generalization remains the key bottleneck for real-world adoption.
NILMBench2026 offers a reproducible platform and actionable
insights to steer future NILM research toward robust, deployable
solutions.
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1 Introduction
Non-Intrusive Load Monitoring (NILM), or energy disaggregation,
is the task of decomposing a household’s aggregate power sig-
nal into appliance-level consumption estimates. By providing fine-
grained feedback on individual appliance usage, NILM has emerged
as a key enabler of energy efficiency. Prior studies show that such
feedback can help households reduce electricity consumption by
up to 15% [7, 9].

Pioneered by Hart [13], early NILM relied on combinatorial
optimization [11] and edge detection [12]. Recently, the field has
undergone a paradigm shift toward data-driven deep learning meth-
ods. Deep learning has fueled a surge of innovative architectures,
ranging from Convolutional Neural Networks (CNNs) and Recur-
rent Neural Networks (RNNs) to more recent Transformer-based
models [2], achieving significant gains in disaggregation accuracy
and modeling capacity.

Despite this rapid innovation, reproducibly comparing diverse
NILMmodels remains a significant challenge. Foundational toolkits
such as NILMTK [4, 5] standardized datasets and pipelines, yet re-
cent model comparisons emphasize accuracy, overlooking compute-
efficiency metrics like FLOPs, parameters, and inference time. More-
over, evaluations typically focus on a single temporal resolution,
limiting applicability across real-world use cases including real-
time feedback (1-minute) and utility-scale planning (15-minute).
To address these limitations, we introduce NILMBench2026, a
deployment-aware benchmark that evaluates sixteen models across
three axes: accuracy, efficiency, and generalization, using standard
datasets UK-DALE [18], REDD [20], REFIT [23].

As part of NILMBench2026, we modernize and extend the
NILMTK ecosystem to support scalable, reproducible NILM re-
search. We migrated the entire suite of legacy models from depre-
cated frameworks to modern PyTorch and introduced container-
ization. This infrastructure does not just enable our benchmark;
it standardizes the codebase for future research, lowering the bar-
rier to entry and ensuring that reported improvements are due
to architectural advances, not implementation disparities. To en-
sure reproducibility across environments, we provide container-
ized workflows via Docker1 and adopt the uv2 package manager
for isolated installations. We also augment the benchmark suite

1https://www.docker.com/
2https://docs.astral.sh/uv/
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Table 1: Comparison against prior benchmarks.We introduce
systematic evaluation of efficiency, multi-resolution support,
and cross-domain generalization.

Feature NILMTK ’14 [4] Contrib ’19 [5] Ours

Deployability ✗ ✗ ✓(Docker + uv)
Models 2 9 16
Resolutions Variable 1-min 1-min & 15-min
Efficiency ✗ ✗ ✓(FLOPs/Time)
Cross Building Generalization ✗ ✓ ✓

Cross Dataset Generalization ✗ ✗ ✓

Stack Python 2.7 TensorFlow 1.x PyTorch + uv

with five contemporary architectures, Temporal Convolutional Net-
work (TCN) [3], Convolutional Long Short-Term Memory (ConvL-
STM) [27], Multi-State Dual CNN (MSDC) [14], Reformer [19], and
NILMFormer [24], broadening architectural diversity and reflecting
state-of-the-art design trends in temporal modeling.

Our evaluation surfaces two central insights. First, model per-
formance is highly context-dependent, varying substantially with
appliance type and time resolution. Second, and more critically,
most models fail to generalize across buildings when test appli-
ances exhibit power characteristics unseen during training. This
generalization failure remains a fundamental obstacle to real-world
deployment, especially in low-resource or diverse environments.

This paper makes the following contributions: (1) We introduce
NILMBench2026, a large-scale, reproducible benchmark evalu-
ating sixteen models on three datasets at two resolutions. (2) We
analyze these models along the key axes of regression accuracy
(MAE), event detection (F1-score), efficiency, and generalization.
(3) We modernize the NILMTK ecosystem with a unified PyTorch
implementation and containerized setup. (4) We provide insights
into the generalization failures that are the core barrier to real-
world NILM deployment. To support reproducibility, we provide
the source code and benchmark suite on our GitHub repository.3.

To situate our contribution, Table 1 contrasts NILMBench2026
with foundational benchmarks [4, 5]. While prior works standard-
ized data parsers and baselines, they overlooked critical deployment
constraints. We bridge this gap by introducing the first rigorous
evaluation of computational efficiency, utility-scale resolutions,
and cross-domain generalization, all supported by a modernized,
reproducible software stack.

2 Background
2.1 The NILM Problem
Non-Intrusive Load Monitoring (NILM) estimates the power of
𝑁 appliances, 𝑋𝑖 = (𝑥𝑖,1, . . . , 𝑥𝑖,𝑇 ), from the aggregate signal 𝑌 =

(𝑦1, . . . , 𝑦𝑇 ), modeled as:

𝑦𝑡 =

𝑁∑︁
𝑖=1

𝑥𝑖,𝑡 + 𝜖𝑡 (1)

Here, 𝑦𝑡 is the total draw at time 𝑡 , 𝑥𝑖,𝑡 is appliance 𝑖’s usage, and
where 𝜖𝑡 captures both measurement noise and the contribution
of unmetered appliances. Crucially, the distribution of 𝑥𝑖,𝑡 is not
stationary; it varies significantly across households due to device

3https://github.com/nilmtk/nilmtk-contrib

heterogeneity. A washing machine in House A may have a fun-
damentally different power signature than one in House B. This
inherent variance turns NILM from a standard inverse problem into
a complex domain adaptation challenge, which static training sets
often fail to capture.

2.2 Overview of NILM Research
Established byHart in the 1980s, early NILM approaches were event-
based and used combinatorial optimization [13]. The field later
shifted to probabilistic methods like Factorial Hidden Markov Mod-
els (FHMMs) in the 2000s. A major paradigm shift occurred with the
introduction of deep learning by Kelly and Knottenbelt [17], which
led to the widespread adoption of Convolutional and Recurrent Neu-
ral Networks (CNNs, RNNs) [10, 22]. Recently, Transformer-based
models have further advanced the state of the art by effectively
modeling long-range dependencies in energy data [24].

2.3 The NILMTK Ecosystem
The Non-Intrusive Load Monitoring Toolkit (NILMTK) [4], released
in 2014, became the de facto framework for reproducible NILM
research by standardizing data formats, parsers, and evaluation
metrics. Our work leverages the NILMTK Experiment API [5] to
systematically evaluate all sixteen models.

3 Benchmark Design and Goals
Our benchmark provides a systematic and reproducible framework
to evaluate NILM models across dimensions critical for real-world
deployment: accuracy, efficiency, temporal resolution, and general-
ization. The goal of this work is to build a unified benchmark that
reflects the operational constraints and practical trade-offs inherent
in NILM.

3.1 Benchmarking Philosophy
Our benchmark is guided by three core principles. First, we pri-
oritize real-world relevance by evaluating both high-resolution
(1-minute) scenarios, crucial for detailed user feedback [6], and low-
resolution (15-minute) scenarios that align with standard utility-
scale smart grid operations [16, 25]. Second, to ensure comprehen-
sive coverage, we evaluate a diverse suite of sixteen models rang-
ing from foundational baselines to current state-of-the-art (SOTA)
architectures, spanning recurrent, convolutional, attention-based,
and hybrid families. Finally, all experiments are grounded in re-
producibility through a modernized machine learning pipeline
built on the NILMTK Experiment API [5], ensuring our results are
verifiable and can serve as a stable baseline for future work.

3.2 Datasets and Appliances
We use three public datasets spanning two countries and different
grid infrastructures: (i) REDD (USA) [20], (ii) UK-DALE (UK) [18],
and (iii) REFIT (UK) [23]. These were selected based on three
technical requirements: building diversity, temporal continuity,
and open-access standardization. We prioritized multi-residence
datasets to support robust cross-building and cross-dataset eval-
uation (Tasks T2 and T3), as single-building repositories cannot
validate generalization. Furthermore, we required high temporal
integrity; we excluded alternative datasets due to significant gaps in

https://github.com/nilmtk/nilmtk-contrib


NILMBENCH2026: A Benchmark for Energy Disaggregation BuildSys ’26, June 22–25, 2026, Banff, AB, Canada

“mains” power data that disrupt the training of sequence-basedmod-
els. To ensure broad reproducibility, we focused on well-maintained
hosts with permissive licenses, bypassing large-scale repositories
that involve restrictive access fees. The selected datasets provide a
robust testbed varying in grid infrastructure (110/230V) and appli-
ance labeling quality, referring to the accuracy of the ground-truth
sub-metered data, while our use of the NILMTK framework ensures
all data is processed in a consistent manner.

Table 2: Summary of candidate NILM datasets. The bench-
mark selection is restricted to open-access repositories with
multi-building diversity and high temporal continuity nec-
essary to validate generalization across Tasks T1, T2, and T3.

Dataset Country Buildings Duration Appliances

REDD [20] USA 6 3–19 days 10–20
UK-DALE [18] GBR 5 655 days 5–54
REFIT [23] GBR 20 2 years 9–21

AMPds CAN 1 2 years 19+
iAWE IND 1 73 days 10+
BLUED USA 1 8 days 19+
DRED NLD 1 6 months 10+
PecanStreet USA 1000+ Varies Varies

We exclude datasets such as AMPds, iAWE, BLUED, and DRED
because their single-building nature precludes the evaluation of
cross-building generalization (Task T2). Although the PecanStreet
repository offers significant scale, it is omitted as the full dataset is
not freely available to the research community.

We focus on the following appliances: (i) Fridge (always-on,
periodic), (ii) Microwave andKettle (short, bursty), (iii)Washing
Machine andDishWasher (long, multi-state) and (iv) Television
(non-periodic, dynamic power consumption) These were chosen as:
(i) they are present in most homes across datasets, (ii) their signals
are reasonably clean and consistently labeled, and (iii) they span a
range of NILM difficulty.

3.3 Temporal Resolutions
We evaluate each model at two resolutions: 1-minute, which cap-
tures high-resolution NILM and user feedback [6]; and 15-minute,
which aligns with smart grid and utility timescales [16, 25].

3.4 Tasks and Evaluation Scenarios
We use the notation BX to refer to Building X from the correspond-
ing dataset. Specific buildings were chosen for the given tasks be-
cause of (i) consistent and long duration of data and (ii) good
labeling quality. We define three key generalization tasks:
T1: Intra-Building Generalization. Train and test on disjoint
time segments from the same home to evaluate temporal gener-
alization within a building. For UK-DALE, REDD, and REFIT, we
train on 30 days from B1 and test on a held-out 1 week from B1.
This building was selected based on the presence of consistent data
for ≥ 4 target appliances and recording duration ≥ 30 days.
T2: Cross-Building Generalization. Train and test on different
homes within the same dataset to assess generalization to unseen
buildings. For UK-DALE, we train on B1, B2 and test on B4. For
REDD, we train on B1, B2, B3 and test on B6. For REFIT, we train
on B2, B3 and test on B4.
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Figure 1: Mains power profiles across REDD buildings demon-
strating the temporal gaps and recording inconsistencies that
justify the use of a static train-test split for Task T2.

While cross-validation is generally preferred, we use a static
split for Task T2 because the buildings in our dataset have disjoint
temporal coverage. As illustrated in the mains power traces in Fig.
1, specific test residences such as B6 lack recorded data or active
appliance signatures during our standardized training window. By
selecting a fixed evaluation window where high-quality ground
truth is available for the test set, we ensure the benchmark remains
statistically valid despite the underlying data sparsity that would
otherwise invalidate a full rotation-based cross-validation.
T3: Cross-Dataset Generalization. Train and test on different
homes across datasets to evaluate geographic and domain shift. For
REDD→ REFIT, we train on REDD B1, B2, B3 and test on REFIT
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B2. For REFIT → REDD, we train on REFIT B2, B5, B6 and test on
REDD B1.

3.5 Evaluation Metrics
• Mean Absolute Error (MAE): Defined as the average absolute
difference between the predicted power 𝑦𝑡 and the ground truth
power 𝑦𝑡 over 𝑇 time steps: MAE = 1

𝑇

∑𝑇
𝑡=1 |𝑦𝑡 − 𝑦𝑡 |

• F1-Score: To assess the model’s ability to detect appliance acti-
vation states, we compute the F1-score, the harmonic mean of
precision and recall. We convert the continuous power signal into
binary On/Off states using appliance-specific power thresholds.
We utilized the standard NILMTK activation thresholds (e.g., 50W
for the fridge, 200W for the microwave). A sensitivity analysis
varying the activation thresholds by 20% revealed that while
absolute F1-scores fluctuated by an average of 0.05, the relative
rankings of the models remained highly stable, confirming the
robustness of our event detection evaluation.

• Floating Point Operations (FLOPs): A measure of computa-
tional complexity that counts the total number of elementary
arithmetic operations a model performs in a single forward pass.
All experiments were run on a VM with 24 vCPUs, 96 GB RAM,

and an NVIDIA A100 (40 GB) GPU.

3.6 Hyperparameter Tuning
We performed Bayesian optimization using Optuna [1] to ensure
fair comparison across architectures. Each model was allocated a
fixed budget of 20 trials, optimizing validation MAE. The search
space included:
• Sequence length: [49, 499]
• Epochs: [10, 50]
• Batch size: {128, 256, 512}
• Learning rate: log-uniform [10−5, 10−2]

4 Benchmarking Models
Our benchmark includes a diverse suite of sixteen architectures.
We implemented each model according to its respective publication
and integrated it into the NILMTK API. We group the models by
architectural family and summarize the core mechanism of each.

4.1 Recurrent and Hybrid Architectures
RNN [17] uses a 1D CNN feature extractor followed by a bidirec-
tional LSTM for sequence-to-point prediction. WindowGRU [21]
is a lightweight recurrent model using a 1D convolution and a bidi-
rectional GRU for efficient online disaggregation. ConvLSTM [27]
employs a deep 1D CNN stack for hierarchical feature extraction,
followed by a BiLSTM. RNN with Attention [26] enhances a BiL-
STM by incorporating a self-attention mechanism to compute a
weighted context vector.RNNwith Attention Classification [26]
combines this regression branch with a parallel CNN-based classifi-
cation branch, gating the final prediction via element-wise multi-
plication.

4.2 Fully Convolutional Architectures
Seq2Point [29] is a widely adopted baseline that uses a deep 1D
CNN to map an input window to the power value of its center

point. Seq2Seq [28] uses a fully convolutional encoder-decoder
architecture to reconstruct the entire appliance power sequence.
TCN (Temporal Convolutional Network) [3] uses stacked 1D dilated
convolutions to efficiently achieve a large receptive field without re-
currence. ResNet [15] adapts residual blocks with skip connections
for 1D energy signals. Finally, ResNet with Classification [26] ex-
tends ResNet by adding a parallel CNN branch to predict appliance
on/off states, gating the final regression output.

4.3 Transformer-Based Architectures
BERT [8] discretizes the continuous power signal into “energy to-
kens” processed by a Transformer encoder.Reformer [19] replaces
standard self-attention with efficient Locality-Sensitive Hashing
(LSH) attention to reduce computational cost. NILMFormer [24]
addresses energy data non-stationarity using instance normaliza-
tion, processing the window’s mean and standard deviation as a
“stats token” to learn adaptive denormalization.

4.4 Specialized NILM Frameworks
DAE (Denoising Autoencoder) [17] frames disaggregation as a de-
noising task, learning to reconstruct clean appliance signals from
noisy aggregates. MSDC (Multi-State Dual-CNN) [14] models dis-
crete appliance states rather than continuous power, using a dual-
branch CNN and a CRF layer to model state transitions.

5 Infrastructure Modernization for NILM
Benchmarking

To enable scalable and reproducible NILM evaluation, wemodernize
NILMTK [4, 5] across three key fronts. First, we re-implement
all legacy Keras/TensorFlow models in PyTorch under a unified
API, ensuring compatibility with modern tooling and reducing
technical debt. Second, we ensure reproducible deployment via
Docker and the uv package manager, which pin versions and bundle
dependencies within isolated environments. Finally, we expand
the model library (including NILMFormer) with all architectures
conforming to a common interface for training and inference, while
modularizing dataset handling via the updatedNILMTKExperiment
API to support flexible experimentation.

6 Results and Analysis
6.1 Overview of Tasks and Metrics
We evaluate three generalization tasks: intra-building (T1), cross-
building (T2), and cross-dataset (T3), using MAE, F1-score, parame-
ters, and FLOPs. Because MAE can mislead on sparse activations,
we supplement our quantitative results with a qualitative discussion
of model failures to highlight key limitations.

6.2 Task T1: Intra-Building Generalization
This task evaluates how well models learn appliance signatures
when trained and tested on data from the same building. This rep-
resents a best-case scenario and establishes a performance baseline.
The results for T1 are detailed in Tables 3 for UK-DALE, 4 for REDD,
and 5 for REFIT.

Overall, most modern architectures perform well in this setting,
as they can effectively capture the underlying patterns of the ap-
pliance power signatures seen during training. However, certain
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Table 3: MAE on UK-DALE for T1 at 1-minute and 15-minute
resolutions (mean across three runs). Model performance is
directly tied to data resolution, with different architectures
excelling at 1-min versus 15-min intervals. Best and second-
best per column are in bold and underline, respectively

Model Fridge
Washing
Machine Microwave Kettle

1m 15m 1m 15m 1m 15m 1m 15m

Mean 42.91 32.09 49.44 49.28 11.21 10.75 34.50 32.73
ConvLSTM 13.82 25.50 6.38 13.55 7.14 8.70 8.77 19.40
Reformer 34.97 25.71 13.16 20.83 10.03 11.15 14.95 20.82
TCN 17.39 24.43 9.72 18.18 7.14 9.05 10.14 20.78
MSDC 15.53 21.50 4.07 17.46 6.46 6.27 7.66 13.46
NILMFormer 14.23 24.46 3.01 8.96 4.72 7.28 5.75 21.00
WindowGRU 20.74 25.17 15.16 23.49 7.99 8.53 12.54 23.44
RNN Att. 16.41 32.01 19.83 21.33 10.54 11.18 45.89 30.60
Seq2Seq 21.48 31.60 8.50 24.60 6.09 9.87 7.62 28.46
Seq2Point 13.99 25.62 4.19 13.62 5.28 9.36 6.40 21.43
RNN 22.20 32.03 16.11 26.36 9.90 10.12 28.83 29.56
ResNet 22.48 31.86 11.88 21.25 7.27 10.77 7.73 30.45
ResNet Cl. 22.29 31.98 14.99 18.66 5.84 5.10 17.54 17.70
DAE 25.14 29.73 10.87 26.16 8.43 10.68 9.12 27.36
BERT 24.06 32.45 31.83 57.90 12.21 12.75 32.60 33.99
RNN Att. Cl. 13.48 32.02 15.27 18.62 5.99 6.50 10.83 23.72

architectural choices give models an edge on specific appliance
types. For appliances with sparse, high-power activations like the
microwave, ResNet Cl. consistently delivers top-tier performance
(Table 5). Its strength comes from its multi-task architecture; the
dedicated classification branch learns to identify the appliance’s
on/off state, and this binary prediction is multiplied with the regres-
sion output. This gating mechanism forces the power prediction to
zero when the appliance is off, preventing the low-level noise that
single-regressor models often produce and making it exceptionally
suited for this type of load. For appliances with more complex,
multi-state cycles like the washing machine, NILMFormer’s ability
to handle non-stationary data through its z-normalization mech-
anism allows it to capture the distinct phases of the cycle more
accurately, as seen in Table 3.

The shift from 1-minute to 15-minute data resolution creates a
clear performance trade-off. At 1-minute, deep convolutional net-
works like Seq2Point and TCN demonstrate superior performance,
as their stacked 1D and dilated convolutions effectively learn dis-
criminative filters for the sharp, transient signatures of appliance
activations. These critical local features are erased by the tempo-
ral averaging in 15-minute data, causing their efficacy to decline.
Conversely, NILMFormer proves most robust at the 15-minute reso-
lution. It uniquely compensates for the loss of signal detail by using
its Transformer architecture’s self-attention to model long-range
context and integrating exogenous temporal features as power-
ful priors for when the power signal becomes ambiguous. Hybrid
models like ConvLSTM and RNN-Attention represent a middle
ground, but their performance remains partially bottlenecked by
their initial convolutional layers, which struggle with the smoothed
15-minute signal, making them less effective than NILMFormer’s
direct contextual reasoning in low-resolution scenarios.

6.3 Task T2: Cross-Building Generalization
This task is a more realistic test of a model’s utility, assessing its
ability to generalize to an unseen building within the same dataset.
As expected, all models exhibit performance degradation compared

Table 4: MAE on REDD for T1 at 1-min and 15-min resolu-
tions (mean of 3 runs). Seq2Point excels at high-resolution;
NILMFormer leads at 15-min. Best and second-best per col-
umn are in bold and underline, respectively

Model Fridge
Washing
Machine Microwave

Dish
Washer

1m 15m 1m 15m 1m 15m 1m 15m

Mean 71.40 58.21 46.48 45.76 31.58 29.62 39.19 38.27
ConvLSTM 18.43 30.54 41.31 31.08 21.04 18.60 18.70 16.14
Reformer 71.77 31.54 6.52 38.35 16.77 30.82 11.06 28.10
TCN 15.90 29.30 20.09 24.61 25.50 33.96 11.23 28.02
MSDC 13.88 36.38 21.70 25.93 13.50 34.22 7.55 22.18
NILMFormer 15.00 24.85 25.24 28.16 12.27 25.59 9.80 10.50
WindowGRU 23.39 30.49 13.35 14.48 14.71 29.61 15.49 28.74
RNN Att. 21.70 56.87 50.16 38.80 34.74 21.41 14.41 26.25
Seq2Seq 21.95 50.47 19.04 33.63 16.63 29.44 11.72 28.12
Seq2Point 12.09 31.28 16.11 22.61 12.50 25.63 7.57 15.62
RNN 71.24 57.69 41.26 51.77 20.28 21.21 18.20 35.54
ResNet 18.36 53.04 24.62 27.69 19.50 31.81 8.10 31.47
ResNet Cl. 25.55 48.97 22.79 26.37 17.10 9.94 18.32 15.56
DAE 29.36 44.54 25.67 36.13 30.73 31.27 9.93 32.47
BERT 40.48 57.43 79.76 63.83 41.25 31.39 23.46 38.38
RNN Att. Cl. 17.63 50.61 21.42 25.92 17.19 15.58 10.86 15.68

Table 5: MAE on REFIT for T1 at 1-minute and 15-minute
resolutions (mean across three runs). Best and second-best
per column are in bold and underline, respectively

Model Fridge
Washing
Machine Microwave

Dish
Washer

1m 15m 1m 15m 1m 15m 1m 15m

Mean 39.91 33.79 34.17 33.93 4.05 3.97 105.68 104.92
ConvLSTM 11.86 17.66 32.29 25.51 3.55 3.25 19.28 35.45
Reformer 12.10 16.95 25.89 26.62 4.45 3.95 15.96 37.14
TCN 10.49 16.68 24.74 33.23 3.05 3.25 26.27 29.92
NILMFormer 12.47 16.98 22.12 24.71 1.65 3.11 24.74 24.70
WindowGRU 13.03 18.80 23.26 25.26 3.47 3.54 44.05 40.96
RNN Att. 12.48 33.30 46.02 38.03 4.55 6.22 38.60 78.23
Seq2Seq 15.83 33.74 27.06 26.77 2.93 4.06 35.33 54.72
Seq2Point 10.76 16.10 21.23 19.45 3.59 1.85 23.70 22.96
RNN 13.74 33.62 29.13 32.08 3.67 1.23 25.93 53.80
ResNet 14.67 33.71 18.99 32.11 4.04 5.28 27.07 64.45
ResNet Cl. 26.03 33.55 25.09 18.92 0.98 1.14 43.30 61.13
DAE 19.98 33.47 27.43 29.06 2.65 4.48 40.78 111.34
BERT 16.91 30.24 21.81 41.35 1.86 3.57 51.44 109.59
RNN Att. Cl. 39.83 23.57 20.98 22.58 2.13 3.70 77.18 64.05

to T1, highlighting the core challenge of generalizing across differ-
ent appliance models and household behaviours. The results for T2
are detailed in Tables 6 for UK-DALE, 7 for REDD, and 8 for REFIT.

In this more challenging scenario, models designed specifically
to handle data distribution shifts show a clear advantage. NILM-
Former demonstrates the strongest generalization for the complex
washing machine appliance (Table 6). Its core architectural innova-
tion is using z-normalization (stationarization) and a “TokenStats”
mechanism to learn adaptive denormalization via ProjStats. This
allows it to adjust its predictions based on the local statistics of
the input window, making it less sensitive to the signature varia-
tions found in new homes. For the fridge, the RNN Att. Cl. model
performs best. Its recurrent nature captures the fridge’s periodic
cycles, while the attention mechanism allows it to focus on the
most salient parts of the signal, and the classification gate ensures
robust on/off detection.
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Table 6: MAE on UK-DALE for T2. Architectures like NILM-
Former that are specifically designed for energy data chal-
lenges demonstrate the best generalization to unseen build-
ings. Best and second-best values per column are highlighted
in bold and underline, respectively.

Model Fridge
Washing
Machine Microwave Kettle

Mean
Error

Mean 43.60 31.88 22.96 37.86 34.08
ConvLSTM 20.32 36.77 23.48 29.20 27.44
Reformer 43.60 29.02 21.83 12.81 26.82
TCN 18.99 28.94 22.83 12.60 20.84
MSDC 23.09 23.76 19.41 10.67 19.23
NILMFormer 18.08 14.53 17.39 11.67 15.42
WindowGRU 22.99 26.68 27.14 18.49 23.83
RNN Att. 21.67 29.91 25.36 31.88 27.20
Seq2Seq 26.70 31.04 19.70 12.67 22.53
Seq2Point 20.06 23.64 19.98 10.05 18.43
RNN 43.92 25.87 23.32 42.00 33.78
ResNet 27.66 20.39 22.27 10.33 20.16
ResNet Cl. 24.66 31.54 16.18 18.06 22.61
DAE 26.34 31.72 20.55 11.11 22.43
BERT 29.85 25.34 18.59 21.17 23.74
RNN Att. Cl. 17.96 36.91 20.10 12.28 21.81

Table 7: MAE on REDD for T2. The results highlight a key
generalization challenge: the optimal architecture is highly
appliance-dependent, and no single model performs well
across all load types. Best and second-best values per column
are highlighted in bold and underline, respectively.

Model Fridge
Washing
Machine

Dish
Washer

Mean
Error

Mean 74.64 31.04 13.25 39.64
ConvLSTM 31.50 30.32 2.06 21.30
Reformer 27.69 15.37 1.47 14.84
TCN 28.74 23.15 1.93 17.94
MSDC 30.56 8.91 0.56 13.35
NILMFormer 31.26 2.64 0.78 11.56
WindowGRU 40.10 7.49 3.88 17.16
RNN Att. 32.69 12.91 0.39 15.33
Seq2Seq 28.05 20.26 0.76 16.36
Seq2Point 33.25 6.59 0.33 13.39
RNN 30.71 3.92 3.28 12.64
ResNet 29.37 8.02 1.76 13.05
ResNet Cl. 34.49 7.69 0.89 14.36
DAE 31.88 8.60 1.84 14.11
BERT 37.33 4.68 3.36 15.12
RNN Att. Cl. 18.39 55.30 0.35 24.68

6.4 Task T3: Cross-Dataset Transfer
This task represents the most challenging test of generalization,
evaluating a model’s ability to perform zero-shot transfer from
a training dataset in one country (REDD, USA) to a test dataset
in another (REFIT, UK). The significant domain shift, caused by
differences in grid infrastructure (voltage), appliance models, and
consumer habits, leads to a substantial performance drop across
all models, as seen in Table 9. This domain shift also reveals archi-
tectural limitations, as performance becomes highly inconsistent
across appliances; for example, BERT is a top performer on the
washing machine but the worst on the dishwasher. Furthermore,
the dishwasher proves to be the most challenging load for general-
ization, with nearly all models struggling to produce a meaningful
prediction. No single model performs best across all appliances, re-
inforcing the difficulty of universal generalization. However, NILM-
Former’s robust design for non-stationarity again gives it an edge on
the complex washing machine, while the simpler, feature-focused

Table 8: MAE on REFIT for T2 (Mean across three runs). Mod-
els with a classification component show high stability. Best
and second-best values per column are highlighted in bold
and underline, respectively.

Model Television
Washing
Machine Microwave Kettle

Mean
Error

Mean 31.22 22.80 5.22 36.45 23.93
ConvLSTM 31.36 12.74 7.32 23.53 18.74
Reformer 30.46 15.68 5.41 32.48 21.01
TCN 30.43 12.67 7.21 22.94 18.31
NILMFormer 28.89 2.13 7.25 25.10 15.84
WindowGRU 26.20 25.26 5.83 23.06 20.09
RNN Att. 34.16 24.35 6.98 31.02 24.13
Seq2Seq 36.10 18.28 6.25 28.15 22.20
Seq2Point 36.89 13.97 7.80 20.15 19.70
RNN 26.53 24.20 6.59 29.93 21.81
ResNet 31.25 18.86 6.85 23.48 20.11
ResNet Cl. 28.25 14.79 7.15 20.62 17.88
DAE 29.95 19.30 6.57 38.66 23.62
BERT 28.54 7.08 7.65 34.74 19.50
RNN Att. Cl. 26.50 13.98 7.32 28.04 18.96

architectures of ResNet and TCN prove more resilient for the fridge
and dishwasher, respectively.

Bidirectional Transfer Verification: To verify that this general-
ization failure is not an artifact of directional bias (i.e., specific to
REDD → REFIT), we performed the reverse transfer experiment
(REFIT → REDD). Our analysis (Table 10) confirms a symmetric
performance collapse, with models exhibiting similar degradation
in the reverse direction. This indicates that the generalization gap
is a fundamental, bidirectional challenge inherent to domain shifts
in energy data, rather than a specific quirk of the source dataset.

Table 9: MAE measured for T3. Trained on REDD and tested
on REFIT. Best and second-best values per column are high-
lighted in bold and underline, respectively.

Model Fridge
Washing
Machine

Dish
Washer

Mean
Error

Mean 47.07 47.29 72.03 55.46
ConvLSTM 32.30 22.99 62.20 39.16
Reformer 27.84 36.83 62.05 42.24
TCN 29.93 69.28 61.27 53.49
NILMFormer 38.68 18.71 63.37 40.25
WindowGRU 35.02 45.51 62.82 47.78
RNN Att. 28.68 48.51 61.67 46.28
Seq2Seq 30.45 61.01 61.49 50.98
Seq2Point 34.72 33.87 61.41 43.33
RNN 32.02 41.01 62.17 45.06
ResNet 26.06 56.22 61.94 48.07
ResNet Cl. 30.69 66.82 61.58 53.03
DAE 26.19 65.38 62.25 51.27
BERT 35.38 21.90 99.83 52.37
RNN Att. Cl. 31.45 57.62 61.40 50.16

6.5 Failure to Generalize Dynamic Signatures
Beyond magnitude, models also fail to generalize to the temporal
dynamics of unseen appliance signatures. Figure 2 provides a stark
example of this signature overfitting. The television is a particularly
challenging appliance due to its continuous and non-periodic power
draw, which varies with on-screen content.

In the same-building scenario (Fig. 2 (a)), the model learns to
replicate the noisy, high-frequency signature of the specific televi-
sion it was trained on. However, when tested on a television in a new
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Table 10: MAEmeasured for T3. Trained on REFIT and tested
on REDD. Best and second-best values per column are high-
lighted in bold and underline, respectively. This mirrors the
degradation seen in the forward direction (Table 9), confirm-
ing the bidirectional nature of the generalization gap. Best
and second-best values are highlighted in bold andunderline.

Model Fridge
Washing
Machine

Dish
Washer

Mean
Error

Mean 63.25 47.56 55.66 55.49
ConvLSTM 48.85 26.70 22.76 32.77
Reformer 63.18 25.19 28.82 39.06
TCN 38.13 28.09 22.10 29.44
NILMFormer 36.62 26.54 15.74 26.30
WindowGRU 55.88 32.82 25.40 38.03
RNN Att. 31.71 30.92 19.66 27.43
Seq2Seq 42.66 26.44 19.97 29.69
Seq2Point 35.54 25.88 16.52 25.98
RNN 60.31 33.77 25.19 39.76
ResNet 43.10 27.81 23.45 31.45
ResNet Cl. 46.14 29.41 24.44 33.33
DAE 39.35 32.42 27.91 33.23
BERT 61.77 48.31 28.72 46.27
RNN Att. Cl. 46.05 28.41 24.04 32.83

building (Fig. 2 (b)), its performance collapses. The model misses
the power spikes and fails to capture the dynamic nature of the new
device. This demonstrates that the model has not learned the gen-
eral, abstract features of a “television” but has instead memorized
the specific electrical fingerprint of a single instance. It acts as a
poor filter, unable to adapt to the different frequencies, magnitudes,
and patterns of a new device, a failure mode that is a significant
barrier to out-of-the-box deployment in new homes.

6.6 The Limitations of MAE for Sparse Events
The cross-building test on the REFIT microwave highlights a key
weakness of using MAE as a standalone metric. The microwave’s
usage is sparse, with brief, high-power spikes followed by long
intervals of inactivity. A model can achieve a deceptively low MAE
score by correctly predicting zero for these long inactive periods,
even if it completely fails to identify the critical high-power acti-
vations. This rewards the model for identifying inactivity while
masking its failure during active periods.

To provide a balanced view, it is crucial to use event-based met-
rics that are robust to class imbalance. In the following subsection,
we analyze the F1-score, which considers both precision and recall
of activation events to offer a practical assessment of performance.

6.7 F1 Score Analysis
To address MAE’s limitations on sparse loads, we supplement our
analysis using the F1-score. As the harmonic mean of precision and
recall, the F1-score provides a balanced assessment of activation
event detection, making it robust to the severe class imbalance
inherent in NILM data. The results for the cross-building (T2) and
cross-dataset (T3) tasks are presented in Tables 11, 12, and 13.

6.8 Insights from F1-Score Evaluation
Performance is Highly Dependent on Appliance Signature. The

F1-scores reinforce that model performance is strongly tied to the
appliance’s electrical signature.
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Figure 2: (a, top) T2: NILMFormer’s prediction on REFIT
television, (b, bottom) T1: NILMFormer’s prediction on RE-
FIT television. While the model accurately captures the dy-
namic signature of the television it was trained on (b, same-
building), it fails to identify spikes on an unseen television
(a, cross-building). This indicates the model has overfit to the
training appliance’s specific electrical characteristics, failing
to generalize to a new device of the same type.

Table 11: F1 Score for T2 on UK-DALE [18]. Best and second-
best values per column are highlighted in bold and underline,
respectively.

Model Fridge Washing Machine Microwave Kettle
Mean

F1 Score

Mean 0.60 0.06 0.00 0.02 0.17
ConvLSTM 0.82 0.29 0.08 0.02 0.30
Reformer 0.60 0.19 0.00 0.02 0.20
TCN 0.80 0.23 0.20 0.11 0.34
MSDC 0.75 0.27 0.20 0.43 0.41
NILMFormer 0.84 0.50 0.10 0.68 0.53
WindowGRU 0.65 0.09 0.19 0.37 0.33
RNN Att. 0.77 0.14 0.12 0.02 0.26
Seq2Seq 0.67 0.28 0.27 0.35 0.39
Seq2Point 0.75 0.30 0.14 0.59 0.45
RNN 0.74 0.15 0.14 0.02 0.26
ResNet 0.66 0.31 0.19 0.38 0.39
ResNet Cl. 0.71 0.24 0.21 0.25 0.35
DAE 0.69 0.24 0.14 0.06 0.28
BERT 0.64 0.08 0.13 0.06 0.23
RNN Att. Cl. 0.81 0.24 0.17 0.30 0.38

• Periodic Appliances (Fridge): The fridge, with its consistent
cycles, is the easiest to detect. Across all T2 experiments (Tables
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11 and 12), most models achieve high F1-scores, often ranging
from 0.70 to over 0.90, indicating reliable state detection.

• Sparse, High-Power Appliances (Microwave and Kettle):
Performance on these event-based loads is far more variable. For
instance, in the UK-DALE T2 test (Table 11), NILMFormer (0.68)
and Seq2Point (0.59) excel on the kettle. In the REFIT T2 test (Ta-
ble 12),WindowGRU achieves the highest F1-score for the kettle
(0.56). Despite both being sparse and bursty, models perform dif-
ferently on the microwave versus the kettle due to intra-group
variance. Microwaves often exhibit more rigid, square-wave step
functions, whereas kettles might have slight ramp-ups or varying
baseline durations depending on the water volume, requiring
different architectural biases to capture perfectly.

• Complex,Multi-StateAppliances (WashingMachine):These
are by far the most challenging. The consistently near-zero F1-
scores suggest that while models might approximate average
power (leading to a reasonable MAE), they fail to correctly iden-
tify the boundaries of the complex activation cycles.

Table 12: F1 Score for T2 on REFIT [23]. Best and second-best
values per column are highlighted in bold and underline,
respectively.

Model Television Washing Machine Microwave Kettle
Mean

F1 Score

Mean 0.45 0.00 0.00 0.03 0.12
ConvLSTM 0.52 0.00 0.22 0.42 0.29
Reformer 0.45 0.00 0.00 0.13 0.15
TCN 0.51 0.00 0.27 0.32 0.28
NILMFormer 0.19 0.00 0.00 0.35 0.14
WindowGRU 0.45 0.00 0.36 0.56 0.34
RNN Att. 0.44 0.00 0.24 0.19 0.22
Seq2Seq 0.45 0.00 0.00 0.03 0.12
Seq2Point 0.42 0.01 0.06 0.50 0.25
RNN 0.51 0.00 0.00 0.12 0.16
ResNet 0.47 0.00 0.00 0.10 0.14
ResNet Cl. 0.48 0.00 0.00 0.39 0.22
DAE 0.47 0.00 0.02 0.06 0.14
BERT 0.56 0.00 0.00 0.03 0.15
RNN Att. Cl. 0.47 0.00 0.17 0.13 0.19

In summary, the F1-score analysis provides a crucial, practical per-
spective that complements the MAE results. It confirms that MAE
can mask critical failures, especially for complex appliances, and re-
inforces our main paper’s conclusion that improving generalization
is the most pressing challenge for the NILM community.

The complete failure of the models to predict these power spikes
results in a catastrophic breakdown of precision and recall, the two
components of the F1 score. In NILM, a true positive is recorded
when the model correctly identifies an appliance’s activation. As
is visually evident, none of the models generate a prediction that
corresponds to the high-power ground truth events, leading to
zero true positives. Consequently, the recall, which measures the
model’s ability to find all actual appliance activations, is zero be-
cause all events are missed (false negatives). Similarly, precision,
which assesses the accuracy of the positive predictions, is also zero
because there are no correct positive predictions to be made. An
F1 score of 0 is the mathematical outcome when a model fails to
identify any true positives, providing a quantitative confirmation
of what the plots from Fig. 3 visually demonstrate: a total inability
of the models to generalize their learning to the unseen data from
a different building. This issue highlights a significant challenge

Table 13: F1 Scores for T3 (REDD → REFIT. Best and second-
best values per column are highlighted in bold and underline,
respectively.)

Model Fridge Washing Machine Dish Washer
Mean

F1 Score

Mean 0.54 0.13 0.15 0.27
ConvLSTM 0.33 0.06 0.00 0.13
Reformer 0.76 0.24 0.00 0.33
TCN 0.72 0.31 0.18 0.40
NILMFormer 0.77 0.00 0.01 0.26
WindowGRU 0.52 0.07 0.00 0.20
RNN Att. 0.70 0.02 0.01 0.24
Seq2Seq 0.55 0.22 0.00 0.26
Seq2Point 0.59 0.06 0.00 0.22
RNN 0.75 0.24 0.00 0.33
ResNet 0.58 0.22 0.00 0.27
ResNet Cl. 0.58 0.34 0.09 0.34
DAE 0.63 0.21 0.19 0.34
BERT 0.58 0.14 0.31 0.34
RNN Att. Cl. 0.72 0.27 0.02 0.34

in the field, as variations in electrical systems and appliance mod-
els across different locations can prevent models from recognizing
even prominent operational signatures.

6.9 Efficiency-Accuracy Trade-off
Our benchmark results (Table 14) challenge the assumption that
accuracy scales linearly with compute. Instead, we find a non-
monotonic relationship where architectural choice, rather than
raw budget, dictates performance. For example, sequential process-
ing makes recurrent models like RNN computationally expensive
(123.69 GFLOPs), whereas convolutional architectures like Seq2Seq
and DAE are highly efficient. Furthermore, efficiency can be engi-
neered without sacrificing utility, as demonstrated by the aggressive
downsampling in BERT and sparse state modeling inMSDC-CRF,
which reduces parameters by 99% compared to standard MSDC.

This disconnect between size and performance is best illustrated
by comparing our top performers. While the computationally inten-
sive NILMFormer achieves high accuracy, the lightweight TCN
(with 69.15K parameters) proves equally effective, even on challeng-
ing cross-dataset tasks. This shows that architectural inductive bias,
that is, how well a model’s design matches the signal structure, is a
more decisive factor for disaggregation than model size alone.

6.10 Per-Appliance Architectural Trends
Our benchmark shows that optimal architectures vary by appliance
due to differing electrical signatures.
Fridge: As a periodic, state-driven appliance, the fridge is well
modeled by RNN Att. Cl., which captures cycles, and MSDC, which
models ‘on’, ‘off’, and ‘defrost’ states.
Washing Machine and Dishwasher: These multi-stage appli-
ances benefit frommodels handling long-range dependencies. NILM-
Former, with its Transformer design, excels here.
Microwave and Kettle: Defined by brief high-power bursts, they
require models sensitive to sparse events. ResNet Classification’s
gating helps with microwave; Seq2Point CNN effectively handles
the kettle’s signature.
Television: TVs exhibit continuous, non-periodic, content depen-
dent loads. As shown in Figure 2, signature diversity across models
impairs generalization, and no current model handles this reliably.
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Figure 3: Microwave power predictions from NILM models on T2 on the REFIT [23] dataset. All models fail to capture the
high-power activation spikes, resulting in a complete miss of all events and an extremely low F1 score.

Table 14: Computational performance, model size, and in-
ference time for all evaluated models. Best and second-best
values per column are highlighted in bold and underline,
respectively.

Model
FLOPs

(in GFLOPs) Parameters
Inference Time
(in 10−4 sec)

ConvLSTM 46.55 483 K 2009
Reformer 90.71 943 K 1125
TCN 20.45 69 K 317
MSDC 25.42 12680 K 395
NILMFormer 134.96 383 K 354
WindowGRU 34.03 427 K 177
RNN Att. 197.65 1330 K 72
Seq2Seq 9.42 447 K 38
Seq2Point 72.02 3620 K 39
RNN 123.69 1270 K 65
ResNet 26.30 669 K 62
Resnet Cl. 106.57 4200 K 89
DAE 9.42 832 K 25
BERT 5.35 803 K 63
RNN Att. Cl. 349.32 4940 K 5447
MSDC-CRF 7.30 24 K 57

6.11 Real-World Implications of MAE
Differences

To contextualize these metrics, consider the real-world implications
of the energy demand range and MAE differences. For instance,
consider the Fridge on UK-DALE. The RNN model yields an MAE
of ∼43W, whereas the RNN Att. Cl. reduces this to ∼18W. Over the

course of a year (8,760 hours), this 25W reduction in continuous
absolute error equates to roughly 219 kWh of corrected energy
attribution. At standard residential electricity rates, this translates
to significant financial and behavioral implications for consumer
feedback systems.

6.12 Summary of Findings
Our benchmark reveals four takeaways for the community:

• No Single Model Wins: The best architecture is highly depen-
dent on the appliance’s electrical signature. CNN-based models
excel at sparse, high-power events, while Transformers are better
for complex, multi-state appliances. Our finding that optimal
architectures are appliance-dependent suggests that real-world
deployment will likely require an ensemble or multi-expert sys-
tem. While this maximizes accuracy, it linearly increases the
parameter footprint and FLOPs. Future smart-meter edge devices
will either require specialized AI accelerators to run multiple
lightweight models (like TCN) concurrently, or rely on cloud-
based processing for heavyweights like NILMFormer.

• Generalization is the Main Hurdle:Most models fail to gener-
alize to unseen buildings and datasets. The drop in performance
from single-building to cross-building tasks is significant and
represents the barrier to real-world adoption.
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• MAE is Misleading for Sparse Events: Always predicting ‘off’
yields low MAE but misses all activations. Event metrics are
essential.

• Efficiency-Accuracy Trade-off:This trade-off is not monotonic,
as architectural innovation often outweighs raw computational
power. Balanced models like TCN deliver competitive accuracy
at a fraction of the cost of heavyweights like NILMFormer, while
the most efficient models consistently underperform.

7 Limitations
While our benchmark offers a comprehensive view of the current
NILM landscape, we acknowledge specific limitations that contex-
tualize our findings and define boundaries for their interpretation.

Geographic and Grid Bias. Our evaluation relies on three canoni-
cal datasets (UK-DALE, REDD, REFIT) sourced exclusively from the
UK and USA. Consequently, our findings regarding generalization
may not fully transfer to regions with different grid standards (e.g.,
varying voltage/frequency standards in Asia) or distinct appliance
usage patterns found in developing nations.

Appliance Scope. We benchmarked six core appliance types repre-
senting common difficulty levels. However, we excluded emerging
high-impact loads, such as Electric Vehicle (EV) chargers, heat
pumps, and solar inverters, due to the scarcity of high-quality, pub-
licly labeled data for these devices. As electrification accelerates,
future benchmarks must expand to include these critical loads.

Fixed Evaluation Splits. Due to the immense computational cost
of benchmarking 16 models across multiple datasets, resolutions,
and tasks (16 models × 3 datasets × 2 resolutions × 6 appliances
= 576 configurations, each run 3 times), we utilized fixed train-
test splits rather than 𝑘-fold cross-validation. While we mitigated
variance by averaging multiple runs, we acknowledge that fixed
splits may not capture the full distribution of performance variance
across all possible temporal windows.

Offline vs. Online Inference. Our benchmark evaluates models
in an offline, batch inference setting. We do not assess metrics
critical for real-time, edge-based deployment, such as streaming
latency, memory footprint under continuous operation, or model
adaptability to concept drift over months or years of operation.

8 Future Research Directions
To bridge the generalization gap and handle the inherent non-
stationarity of energy data, we propose transitioning from static
supervised learning toward more adaptive frameworks. Based on
the failure modes identified in our benchmark, we identify five
critical paths for future research:

Domain Adaptation and Transfer Learning. Since model perfor-
mance degrades significantly across datasets (e.g., REDD to REFIT),
implementing Unsupervised Domain Adaptation (UDA) is essential.
Future work should focus on aligning the latent feature distribu-
tions of “source” and “target” buildings, enabling models to adjust
to varying grid voltages and appliance signatures without requiring
ground-truth labels for every new deployment.

Self-Supervised Pre-training. Models often overfit to specific train-
ing signatures. Utilizing Self-Supervised Learning (SSL) on large-
scale unlabeled mains data, analogous to masked language mod-
eling in NLP, helps learn abstract load representations, making
downstream fine-tuning robust to individual device variations.

Multi-Task Learning with State Classification. Our benchmark
demonstrates that models with dedicated classification branches
(e.g., ResNet Cl.) are significantly more stable for sparse, high-power
loads. Expanding this architecture to include probabilistic state
modeling or Multi-State Dual-CNNs could better capture complex,
multi-stage appliance cycles (such as washing machines) that cur-
rently result in near-zero F1-scores.

Adaptive Denormalization & Metadata Integration. Building on
the success of NILMFormer, incorporating local statistics (mean
and standard deviation) and exogenous features (e.g., time-of-day
or occupancy) as priors can help models distinguish between am-
biguous signatures. This is effective at lower temporal resolutions
(e.g., 15-minute), where the fine-grained signal shape is lost.

Generative Data Augmentation. To combat the lack of diversity in
training sets, Generative Adversarial Networks (GANs) or Diffusion
Models could be employed to synthesize “adversarial” appliance
signatures. By artificially varying the magnitude and temporal
duration of training samples, models can be trained to be resilient
to the out-of-distribution power characteristics that currently cause
failures in cross-building scenarios.

Community Benchmarking & Leaderboards. Finally, we advocate
for the establishment of maintained leaderboards and annual com-
petitions, mirroring the successful models in the Machine Learning
(e.g., Kaggle), NLP (e.g., GLUE), and Computer Vision (e.g., Ima-
geNet) communities. A centralized, dynamic leaderboard would
shift the incentive structure from achievingmarginal accuracy gains
on static, well-worn test sets to demonstrating robust generalization
on held-out, out-of-distribution benchmarks.

9 Conclusion
In this work, we introduced NILMBench2026, a large-scale bench-
mark to evaluate NILM models across accuracy, efficiency, and
generalization. Our key finding is that generalization remains the
main barrier to real-world deployment. While many models per-
form well within a building, their accuracy drops sharply in new
homes, due to unfamiliar appliance signatures and interference
from co-occurring loads. We also find no universally best model:
performance depends heavily on the appliance type. MAE can mis-
lead for sparse-use appliances, hiding failures on critical events.
A trade-off exists between accuracy and computational efficiency.
NILMBench2026 suggests a shift in research focus, from marginal
accuracy gains in controlled settings to developing robust, gen-
eralizable models. Bridging this generalization gap is the singu-
lar prerequisite for deploying NILM at scale. Future benchmarks
must move beyond accuracy to assess robustness, potentially by
introducing adversarial perturbations or synthetic domain shifts.
NILMBench2026 provides the reproducible platform necessary to
launch this new era of reliability-focused research.
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