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ABSTRACT
Non-intrusive load monitoring (NILM) based energy disaggregation
is the decomposition of a system’s energy into the consumption
of its individual appliances. Previous work on deep learning NILM
algorithms has shown great potential in the field of energy manage-
ment and smart grids. In this paper, we propose BERT4NILM, an
architecture based on bidirectional encoder representations from
transformers (BERT) and an improved objective function designed
specifically for NILM learning. We adapt the bidirectional trans-
former architecture to the field of energy disaggregation and follow
the pattern of sequence-to-sequence learning. With the improved
loss function and masked training, BERT4NILM outperforms state-
of-the-art models across various metrics on the two publicly avail-
able datasets UK-DALE and REDD.

CCS CONCEPTS
• Computing methodologies → Artificial intelligence; • In-
formation systems→ Information systems applications.
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1 INTRODUCTION
Massive energy consumption contributes significantly to the emis-
sion of carbon dioxide and consequently to the current climate
change phenomenon. The objective to reduce this energy consump-
tion suggests that there is wastage in the use of electric power
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that could first be identified in order to be minimized [4]. One ap-
proach to better understand energy consumption is non-intrusive
load monitoring (NILM) by G. W. Hart [8]. NILM algorithms gain
information on a device’s energy usage solely from the aggregated
electricity consumption without the need for additional sensors.
The energy-saving potential through this method is estimated to
be about 5% to 12% [5].

The main contributions of this paper are the BERT4NILM archi-
tecture that utilizes self-attention for energy disaggregation, our
proposed loss function which improves model performance as well
as a sequence-to-sequence (seq2seq) benchmark evaluation for pre-
diction and classification with state-of-the-art models running on
two publicly available datasets, the REDD [16] and the UK-DALE
dataset [11]. Based on BERT [3, 13], we release the BERT4NILM
PyTorch implementation in a public repository for reproducibility1.
To the best of our knowledge, this is the first work that applies
transformer architecture with a novel loss function to NILM.

2 RELATEDWORK
The separation problem of NILM has been studied since its introduc-
tion [8]. Most of the decomposition techniques are based on signal
processing [24, 26], machine learning [6], variants of hiddenMarkov
models (HMM) [15, 17] and recent deep learning methods. This
paper focuses on deep learning NILM approaches, among which we
find successful applications on power predictions with recurrent
neural networks (RNN) [12, 19], denoising autoencoders (DAE) [12],
convolutional neural networks (CNN) [23, 25] and generative adver-
sarial nets (GAN) [18]. In general, researchers approach NILM either
as a seq2seq, sequence-to-subsequence (seq2subseq) or sequence-
to-point (seq2point) problem with tasks of single- or multi-label
status classification and energy usage prediction.

Based on the mentioned architectures, attention mechanisms
are gaining popularity in the field of NILM with convolutional and
recurrent neural nets [2, 20]. In the recent development of natural
language processing (NLP), the bidirectional transformer (BERT) is
introduced for language understanding after the transformer archi-
tecture with self-attention [22]. Based on encoder representations
of transformers, BERT adopts layers of multi-head self-attention
and position-wise feed forward nets that map attention to the value
matrix with query-key pairs and process the output through linear
transformation and non-linear activation [3]. BERT is first pre-
trained on large corpora and then fine-tuned for individual tasks, it

1https://github.com/Yueeeeeeee/BERT4NILM
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Figure 1: Architecture of BERT4NILM

achieves state-of-the-art performance in NLP and is also success-
fully adapted to different fields like recommender systems [10, 21].

3 METHODOLOGY
3.1 BERT4NILM Architecture
Based on BERT [3], the proposed architecture is depicted in Figure 1
and it contains an embedding module, transformer layers as well
as a MLP output layer. The network takes sequential data with a
fixed length and predicts individual energy usage with output of
the same shape, while the appliance status is additionally computed
by comparing the on-thresholds. Before passing the input data
to transformer blocks, we first extract features and increase the
hidden size of the one-dimensional input sequence by adopting
a convolutional layer. The convolutional output with increased
hidden size is then pooled by a learned 𝐿2 norm pooling operation
that applies squared-average pooling over the input sequence to
preserve features while reducing the length by half [7]. The pooled
input is then added to a learnable positional embedding matrix that
captures sequence positional encoding, see Eq. 1.

𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑋 ) = 𝐿𝑃𝑃𝑜𝑜𝑙𝑖𝑛𝑔(𝐶𝑜𝑛𝑣 (𝑋 )) + 𝐸𝑝𝑜𝑠𝑒 (1)

The final embedding matrix is fed to a bidirectional transformer
that consists of 𝑙 layers of transformers andℎ attention heads within
each layer. The single-head self-attention (scaled dot-product atten-
tion) could be formulated with 𝑄 (Query), 𝐾 (Key) and 𝑉 (Value)
matrices, obtained by linear transformation of the input matrix. 𝑄
and 𝐾 are first multiplied and divided by the squared root of the
hidden size, which is then processed by a softmax operation to
construct soft attention before being multiplied with𝑉 and returns
a weighted value matrix. Similarly, multi-head attention divides
the hidden space into multiple subspaces with parameter matri-
ces and performs the identical computation, resulting in multiple
𝑄 , 𝐾 , 𝑉 matrices. Each of them has an individual attention that
can access information from different subspaces. Their results are
concatenated and transformed to form the attentive output [22]:

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄,𝐾,𝑉 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑄𝐾
𝑇√
𝑑𝑘

)𝑉 (2)

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑 (𝑄,𝐾,𝑉 ) = 𝐶𝑜𝑛𝑐𝑎𝑡 (ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, ..., ℎ𝑒𝑎𝑑ℎ)𝑊𝑂

where ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊𝑄

𝑖
, 𝐾𝑊𝐾

𝑖
,𝑉𝑊𝑉

𝑖
)

(3)
The previous matrix is then additionally fed to a position-wise

feed-forward network (PFFN, see Eq. 4) after the multi-head atten-
tion in each transformer layer. This layer processes input elements
with linear transformations and GELU activation [9]. Note that
after both attention module and feed-forward module, residual con-
nections are applied to preserve input features, followed by layer
normalization (LayerNorm) that stabilizes the hidden state dynam-
ics between various layers [1], this operation can be formulated as:
𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑥 + 𝐷𝑟𝑜𝑝𝑜𝑢𝑡 (𝑀𝑜𝑑𝑢𝑙𝑒 (𝑥)))

𝑃𝐹𝐹𝑁 (𝑋 ) = 𝐺𝐸𝐿𝑈 (0, 𝑋𝑊1 + 𝑏1)𝑊2 + 𝑏2 (4)

After passing the values through transformer layers, the output
MLP (Eq. 5) that includes a deconvolutional layer and two linear
layers follows. The deconvolutional layer first expands the output
to its original length with transposed convolution. Subsequently,
a two-layer MLP with Tanh activation in between would restore
the input hidden size to the desired output size. Output values
(ideally between interval [0, 1]) are multiplied with the maximal
device power and clamped to construct reasonable energy predic-
tion, while appliance status is obtained additionally by matching
corresponding on-thresholds:

𝑂𝑢𝑡 (𝑋 ) = 𝑇𝑎𝑛ℎ(𝐷𝑒𝑐𝑜𝑛𝑣 (𝑋 )𝑊1 + 𝑏1)𝑊2 + 𝑏2 (5)

3.2 Objective Function
For accurate energy prediction and simultaneous status classifica-
tion, we specifically developed a novel loss function for BERT4NILM
in Eq. 6, where 𝒙, �̂� ∈ [0, 1] represent the ground truth and predic-
tion of power usage sequence divided by maximum power limit
and 𝒔, 𝒔 ∈ {−1, 1} are the appliance state label and prediction. 𝑇
stands for total time steps (sequence length) and 𝑂 refers to the set
of time steps when either the status label is on or the prediction is
incorrect. In this equation, we also introduce hyperparameters 𝜏
and _ for tuning sequence softmax temperature and reduction of
absolute error.
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(6)

Based on a mean squared error (MSE) loss, the second term spec-
ifies KL divergence loss, where the tempered softmax results of
output and ground truth are observed as probability distributions
for evaluating the divergence between the prediction and label. As
electrical appliances are turned off most of the time, we set the
temperature parameter to be 0.1 to address the difference between
on- and off-loads and improve model performance on error metrics
for rarely used appliances like the kettle. To reduce misclassifica-
tion at the same time, we introduce soft-margin loss to take status
predictions into consideration and penalize inconsistent predic-
tions and label status. Lastly, to close the gap between predicted
energy values and ground truth, we adopt a 𝐿1 term that provides
backward gradients when the device is on or the state incorrectly
classified, as we observed that energy predictions are often much
lower compared to true label, even when the state is correctly clas-
sified. By applying various _ values depending on the scenario (see
Table 1), we find the model performs better on most appliances,
although _ might cause oscillating accuracy during training.

4 EXPERIMENTS
4.1 Dataset and Preprocessing
REDD was one of the first datasets to provide residential data and
measured the power usage of six houses in the United States [16].
It consists of the electricity data of the main channel and of device-
specific usages. We utilize the low frequency data and train on 4
specific appliances: refrigerator, washer and dryer, microwave and
dishwasher. UK-DALE measures similar values from five homes in
the United Kingdom and again, we focus on the low frequency data
and the same appliances, we also include the kettle from UK-DALE
along as an additional target [11].

The original data from both REDD and UK-DALE is sampled at
least every six seconds on the aggregate channel and less frequent
on individual appliances. Similar to the preprocessing from neural
NILM [12], we align the timestamps of main channels and individ-
ual appliances, resample every six seconds and forward fill all time
gaps shorter than three minutes. The raw data is clamped according
to Table 1, which specifies the maximum power, on-threshold, min-
imum on- and off-duration of each appliance in our experiments.
The status ground truth of each appliance is acquired by simple
comparison between the data and the on-status thresholds, only sta-
tus changes that last longer than the minimum on- and off-duration
are considered valid. After that, we normalize the aggregated input
sequence and reserve relevant statistics like mean and standard
deviation for evaluation on test data.

4.2 Training
The masked training process is known as the masked language
model (MLM) from the pre-training of BERT [3]. The input sequence

Table 1: Appliances for REDD (upper) and UK-DALE (lower)

Appli- _ Max. On- Min. On- Min. Off-
ance Value Limit Thres. Duration Duration

Fridge 10−6 400 50 60s 12s
Washer 10−3 500 20 1800s 160s
Micro. 1 1800 200 12s 30s
Dishw. 1 1200 10 1800s 1800s

Kettle 1 3100 2000 12s 0s
Fridge 10−6 300 50W 60s 12s
Washer 10−2 2500 20W 1800s 160s
Micro. 1 3000 200 12s 30s
Dishw. 1 2500 10 1800s 1800s

is processed with random masking, where a proportion 𝑝 of input
elements is randomly masked with a special token and only output
results from such positions are used to compute the loss. In this
way, the model is forced to learn from context in order to predict
the masked item, which enhances the model’s capability to capture
important patterns from the entire input sequence.

With fixed input length of 480 and 𝑝 = 0.25 as masking portion,
we initialize BERT4NILM with 𝑙 = 2 layers of transformers, ℎ = 2
attention heads and 256 as maximum hidden size using truncated
normal distributions. The convolution operation has a kernel size
of 5 and replicate padding length of 2 on both sides, while decon-
volution has a kernel size of 4, stride of 2 and padding length of 1.
The learned 𝐿2 norm pooling layer is initialized using kernel size
and stride of 2, with dropout rate chosen to be 0.1, BERT4NILM
is trained with a learning rate of 10−4 and Adam for optimization,
where betas of 0.9 and 0.999 and zero weight decay are adopted [14].
The house numbers for training, validation, and testing are shown
in Table 2, test data is specifically chosen from entirely unseen data
to test the model’s generalization. Evaluation data is normalized
with the mean and standard deviation from training data and passed
to models without masking.

Table 2: Training and evaluation data by house number

Name Train Validation Test

REDD 2, 3, 4, 5, 6; 2; 1;
UK-DALE 1, 3, 4, 5; 1; 2;

5 EVALUATION
For our experimentation, we adopt four widely used metrics in
NILM research: accuracy, F1 score, mean relative error (MRE) and
mean absolute error (MAE) [12, 19, 25]. To evaluate the BERT4NILM
model, we adopted several state-of-the-art architectures in order
to evaluate the improvement, including a regularized bidirectional
GRU (GRU+) and LSTM (LSTM+) [19] as well as a seq2seq CNN
(CNN) model [25]. Networks are modified for the identical input
length and maximum hidden size and trained in a similar setting
until convergence. They are tested on the unseen households of
each dataset. The results in Tables 3 and 4 show the scores achieved
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Figure 2: Sample output of refrigerator on REDD

Table 3: Model performances on REDD

Device Model Acc. F1 MRE MAE

GRU+ 0.794 0.705 0.829 44.28
Fridge LSTM+ 0.789 0.709 0.841 44.82

CNN 0.796 0.689 0.822 35.69
BERT 0.841 0.756 0.806 32.35

GRU+ 0.922 0.216 0.090 27.63
Washer LSTM+ 0.989 0.125 0.020 35.73

CNN 0.970 0.274 0.042 36.12
BERT 0.991 0.559 0.022 34.96

GRU+ 0.988 0.574 0.059 17.72
Micro- LSTM+ 0.989 0.604 0.058 17.39
wave CNN 0.986 0.378 0.060 18.59

BERT 0.989 0.476 0.057 17.58

GRU+ 0.955 0.034 0.042 25.29
Dish- LSTM+ 0.956 0.421 0.056 25.25
washer CNN 0.953 0.298 0.053 25.29

BERT 0.969 0.523 0.039 20.49

GRU+ 0.915 0.382 0.255 28.73
Average LSTM+ 0.933 0.465 0.244 30.80

CNN 0.926 0.410 0.244 28.92
BERT 0.948 0.579 0.231 26.35

on REDD and UK-DALE, Figure 2 presents sample output for the
refrigerator on the REDD dataset by different models, where BERT
appears to bemore stable and precisewhile alsomanages to improve
the prediction consistency compared to other models.

Table 3 shows the evaluation results of multiple models on the
REDD dataset. The results of BERT4NILM outperform all other
models on average and have advantages on most appliances. In Ta-
ble 4, we see that BERT4NILM performs equally well and its scores
are in line with the REDD dataset. Nevertheless, BERT4NILM has
disadvantages in rarely used appliances that could be traced back to
themasked trainingwhich reduces themodel learning from device’s
on-state, suggested by relatively low F1 scores of the microwave in
both datasets. It’s likely that more training data and an improved
masking strategy could further strengthen the performances for
little-used appliances, given the model’s complex training process.
In our experiments, compared to the MSE loss, the proposed loss
function helps to raise metrics on almost all appliances. With prop-
erly chosen _, it significantly enhances performances on less often
used electrical devices, such as the kettle. Considering the sampled

output results and the complete performances, BERT4NILM pro-
vides consistent and accurate predictions and while other models
might have better results in certain metrics, BERT4NILM performs
the best in the overall comparison.

Table 4: Model performances on UK-DALE

Device Model Acc. F1 MRE MAE

GRU+ 0.993 0.425 0.008 23.22
Kettle LSTM+ 0.994 0.531 0.007 21.26

CNN 0.997 0.850 0.003 9.64
BERT 0.998 0.907 0.002 6.82

GRU+ 0.636 0.401 0.901 39.54
Fridge LSTM+ 0.573 0.174 0.956 43.74

CNN 0.772 0.718 0.758 29.20
BERT 0.813 0.766 0.732 25.49

GRU+ 0.342 0.018 0.662 68.65
Washer LSTM+ 0.938 0.150 0.067 15.66

CNN 0.913 0.173 0.094 11.90
BERT 0.966 0.325 0.040 6.98

GRU+ 0.996 0.266 0.014 6.41
Micro- LSTM+ 0.995 0.060 0.014 6.55
wave CNN 0.995 0.341 0.014 6.36

BERT 0.995 0.014 0.014 6.57

GRU+ 0.977 0.639 0.035 38.42
Dish- LSTM+ 0.976 0.605 0.033 36.36
washer CNN 0.947 0.560 0.069 25.43

BERT 0.966 0.667 0.049 16.18

GRU+ 0.789 0.350 0.324 35.25
Average LSTM+ 0.895 0.304 0.215 24.71

CNN 0.925 0.528 0.188 16.51
BERT 0.948 0.536 0.167 12.41

6 CONCLUSIONS AND FUTUREWORK
The self-attention mechanism and bidirectional transformer model
is effective for NILM tasks, as we successfully manage to adapt the
architecture for energy disaggregation. Based on the proposed loss
function and masked training process, the proposed BERT4NILM
architecture outperforms state-of-the-art models in most scenarios.
Future work could focus on light-weight BERT model to accelerate
training and inference as well as a more efficient optimization
process that improves prediction quality on multi-staged appliances
and unbalanced dataset.
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