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Abstract
In order to better understand the power consumption of each ap-
pliance at home, Non-Invasive Load Monitoring (NILM) aims to
extract per-appliance power consumption from aggregated whole-
home power readings. In recent years, deep learning-based ap-
proaches have modeled the problem as a sequence-to-sequence
(Seq2Seq) learning task, showing state-of-the-art performance for
NILM. However, existing Seq2Seq models perform prediction on
short sequences and treat each point in the sequence with equal
importance. This is inefficient as only some representative samples
in the sequence are more informative than the rest. Furthermore,
these short sequences lack global information such as appliances’
ON/OFF moments and duty cycle, leading to sub-optimal model per-
formance. To address this issue, this paper introduces the Sequence-
to-Segments-to-Sequence (Seq2Seg2Seq) scheme, which conducts
segment-wise feature extraction. Specifically, the input signal is
divided into multiple non-overlapping segments, followed by intra-
segment feature extraction and inter-segment feature interaction.
The Seq2Seg2Seq scheme can handle sequences that are an order of
magnitude longer and enables long-time context awareness, with
affordable resources on an IoT device. Experimental results on two
real-world datasets, REDD and UK-DALE, demonstrate that our
model exhibits better generalization capability, achieving 11%−18%
MAE gain and 11%−24% SAE𝛿 gain over the state-of-the-art models.
Furthermore, our model is more efficient and has a lower latency.

CCS Concepts
• Computing methodologies→ Neural networks; • Human-
centered computing → Ambient intelligence.
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Figure 1: Pipeline for Seq2Seq (left) and Seq2Seg2Seq (right).
Seq2Seg2Seq uses a larger sliding window and performs fea-
ture extraction for each segment.

1 Introduction
With the increasing demand for electricity and the growing aware-
ness of energy conservation, there has been a surge of interest in
smart grids. Studies indicate that accurate and fine-grained energy
consumption monitoring and analysis can help detect faulty de-
vices and optimize load scheduling, leading to about 20% potential
energy savings [14, 22]. Energy disaggregation [6], also known
as Non-Intrusive Load Monitoring (NILM), has emerged as an es-
sential research topic. Through energy disaggregation, the entire
household energy consumption, reported through a single smart
meter, can be broken down into the energy usage of individual
appliances. This avoids deploying individual sensors for each appli-
ance. Due to data privacy and security concerns, there is a growing
preference for processing data locally on edge devices. However,
energy disaggregation is a very challenging task due to its inherent
single-channel blind source separation (BSS) nature, where multiple
sources need to be extracted from a single observation. In NILM,
uncertain factors, such as power line noise, the diversity of appli-
ances, and the overlapping active periods of multiple appliances,
make the prediction problem more complex.

Deep learning techniques have significantly advanced the per-
formance of NILM, which is far superior to traditional methods.
Existing deep learning methods model the NILM problem as a
sequence-to-sequence (Seq2Seq) learning task, mapping the whole
home electricity consumption into the electricity consumption of
individual appliances. However, existing Seq2Seq models accept
short input sequences (usually with a duration not exceeding one
hour), and treat each time sample as equally important. Although
this approach helps to capture subtle changes in the signal, as input
sequences contain only local information, global information such
as the ON/OFF moments and duty cycles of the appliances may
be lost, especially for appliances with long operating cycles (e.g.,
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(a) Microwave (b) Fridge

(c) Dishwasher (d) Washing machine

Figure 2: Snippets of individual appliances’ power consump-
tion in UK-DALE house 2

washing machines, refrigerators). As shown in Figure 1 (left), the
input signal remains stable within the sliding window, making it
difficult for the model to extract useful information about the ap-
pliance. Due to the inherent limitations of smart meters in terms of
computational capacity and memory size, long sequence processing
models such as Big Bird[27], Informer[31] and Pyraformer[15] also
encounter challenges when deployed on smart meters, especially
when dealing with input sequences longer than a few thousand
time steps.

Figure 2 gives snippets of the power consumption of some appli-
ances from the UK-DALE dataset. We can observe that the majority
of time samples in the sequence contain redundant information.
We are only concerned about some representative samples in the
sequence, such as the state transitions. Thus, we argue that fine-
grained sample-wise feature extraction on short sequences is un-
necessary and inefficient.

In this paper, we propose the Sequence-to-Segments-to-Sequence
(Seq2Seg2Seq) learning scheme, which performs segment-wise fea-
ture extraction on long sequences. We segment long input sequence
into non-overlapping segments and then perform feature extrac-
tion on segments. In other words, the fundamental unit for feature
extraction is not per sample but per segment. In this way, the model
can handle sequences that are an order of magnitude longer and
enables long-time context awareness.

As shown in Figure 1 (right), the input sequence is divided into
multiple non-overlapping segments, followed by intra-segment fea-
ture extraction and inter-segment feature interaction. We design
an Appliance Power Pattern Extraction module for capturing both
the global information between segments and the shape features
within each segment. When the input signal has a length of 𝑆 (e.g.,
6300 time steps, which covers 10.5 hours), existing Seq2Seq models
extract features for 𝑆 (or 𝑆/2) units. In comparison, Seq2Seg2Seq
scheme divides the input signal into𝑁 (e.g., 12) segments, each with

length 𝑀 (𝑀 = 𝑆/𝑁 ) and extracts features for the 𝑁 units. Com-
pared with previous Seq2Seq schemes, our Seq2Seg2Seq scheme
can handle long sequences more efficiently, i.e., long-time context
awareness is achieved using less computational resources. This
approach has a clear advantage when dealing with long-time span
information.

Our main contributions are summarized as follows:
• We propose Seq2Seg2Seq scheme, which performs segment-
wise feature extraction on input signals, rather than sample-
wise feature extraction as in existing approaches. In this
way, the model can achieve long-time context awareness
with lower computational resources.

• Accordingly, we design a Seq2Seg2Seq model that contains
an Appliance Power Pattern Extraction module to capture
the global information among segments and the shape fea-
tures within each segment, achieving efficient intra-segment
feature extraction and inter-segment feature interaction.

• Experimental results on two real-world datasets REDD [13]
and UK-DALE [11] show that our model exhibits better gen-
eralization capability where it achieves 11%-18% MAE gain
and 11%-24% SAE𝛿 gain over the state-of-the-art models. In
addition, our model has higher efficiency and lower latency.

We release the PyTorch implementation of our Seq2Seg2Seq
model in a public repository to ensure reproducibility and facili-
tate future research. The code is available at https://github.com/
ruanych/seq2seg2seq-nilm.

2 Related Works
The concept of NILM was initially introduced by Hart in 1992.
The early approach relied on manually observing appliance power
consumption levels and employing Finite-State Appliance Models
for load monitoring. However, the efficacy of this method dimin-
ished when confronted with a diverse array and large quantity of
appliances. Subsequently, machine learning techniques such as vari-
ations of Hidden Markov Models (HMM) [12, 17], Support Vector
Machines (SVM) [7], and other signal processing methods [1, 29]
have contributed to enhanced load monitoring.

In recent years, deep learning has propelled NILM to unprece-
dented performance heights. Techniques involving Recurrent Neu-
ral Networks (RNNs), notably Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU), emerge as natural contenders for
handling sequential data. The literature introduces methodologies
based on RNN [11], LSTM [9, 10], and GRU [18]. However, the paral-
lel efficiency of RNNs is a bottleneck. Concurrently, Convolutional
Neural Networks (CNNs) have gained prominence. Several studies
(e.g., Kelly and Knottenbelt [11], Zhang et al. [28]) have showcased
the ability of CNNs to extract salient features from input signals,
capturing ON/OFF moments, appliance usage durations, and power
levels. This led to a proliferation of CNN-based endeavors. SGN
[23] introduces a sub-network for appliance ON/OFF states, signifi-
cantly boosting power signal identification efficiency. SCANet [3]
uses dilated convolutions for multi-scale feature capture. MSDC
[8] expands binary ON/OFF states into diverse states, enhancing
power signal inference with richer insights. Additionally, attention
mechanisms, known for their parallel efficiency in sequence pro-
cessing and their success in natural language processing, have also
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Figure 3: The architecture of the Seq2Seq model.

been explored for NILM [20, 26]. Furthermore, other literature has
explored the application of Denoising AutoEncoders (DAE) [5], Gen-
erative Adversarial Networks (GAN) [19] and Hybrid Loss-Driven
Multi-source Domain Adversarial Network (HLD-MDAN)[2] in the
context of NILM.

Deep learning-based NILM methods can be broadly labelled as
sequence-to-sequence learning (Seq2Seq), where input sequence
are mapped to output sequence. As demonstrated in Figure 3, the
Seq2Seq model employs a Value-CNN to extract the appliance
power consumption features from the input sequence, while a State-
CNN is utilized to capture the probability distribution of the ap-
pliance operating states. The integration of these two components
is then used to generate the final prediction of the current appli-
ance power consumption. In particular, the Seq2Point model [28]
is entirely dependent on the Value-CNN. The SGN model [23] in-
corporates both a Value-CNN and a binary ON/OFF State-CNN,
whereas the MSDC model [8] adopts a Value-CNN in conjunction
with a multi-state State-CNN. It should be noted that the length
of the output sequence can be shorter than the input sequence
(referred to as Seq2Subseq), or even just one time step (referred to
as Seq2Point). In this study, we collectively refer to these methods
as Seq2Seq. The Seq2Seq model performs fine-grained processing
on short sequences, treating each time sample as equally important,
while neglecting the importance of global information over a long
span.

Although transformer-based long sequence processing models
such as Big Bird [27], Informer [30, 31], and Pyraformer [15] have
shown some promise, they do not fully meet our expectations.
Firstly, they still pose a considerable computational burden for
resource-constrained smart meters, despite reducing the overhead
compared to the most primitive Transformer. Secondly, some com-
plex operators, such as sparse attention, are less computationally
efficient on device hardware. Finally, with respect to task type, these
are causal models originally designed for text generation or time
series forecasting and thus cannot be applied directly to NILM tasks.

Sepformer [24] is a speech separation model that achieves supe-
rior performance by grouping inputs into chunks and alternating
intra-chunk and inter-chunk processing. Its improved version, RE-
Sepformer [4], is resource efficient and can process long sequences
with lower computational effort. We included RE-Sepformer as one
of the baseline models in our experiments.

Further exploration is required for efficient processing of energy
consumption data on resource-constrained smart meters. We argue
that the input sequence contains a significant amount of redundant
information and that the fine-grained feature extraction approach
used by the Seq2Seq model is suboptimal. Therefore, we propose
a shift towards performing coarse-grained feature extraction at
the segment level, rather than fine-grained extraction at the time
sample level. This change has the advantage of maintaining a low
computational overhead while extending the acceptable length of
input sequences, thereby enabling long-time contextual awareness.

3 Methodology
3.1 Problem formulation
Given the aggregated power consumption X = (𝑥1, 𝑥2, . . . , 𝑥𝑇 ),
𝑥𝑡 ∈ R+, the goal of energy disaggregation is to recover the energy
signals of 𝐼 appliances of interest Y𝑖 = (𝑦𝑖1, 𝑦

𝑖
2, . . . , 𝑦

𝑖
𝑇
), where 𝑇

is the measurement duration. Let U = (𝑢1, 𝑢2, . . . , 𝑢𝑇 ) denote the
power consumption of other appliances. At each time step, the
aggregated power consumption can be formulated as

𝑥𝑡 =

𝐼∑︁
𝑖=1

𝑦𝑖𝑡 + 𝑢𝑡 + 𝜖𝑡 , (1)

where 𝜖𝑡 is the noise term.
In practice, a sliding windowwill be used to limit the length of in-

put sequence. Specifically, denoting the input and output sequences
as X𝑡,𝐿 := (𝑥𝑡 , 𝑥𝑡+1, . . . , 𝑥𝑡+𝐿−1) and Y𝑡,𝐿,𝑖 := (𝑦𝑖𝑡 , 𝑦𝑖𝑡+1, . . . , 𝑦

𝑖
𝑡+𝐿−1),

both starting at 𝑡 with length 𝐿. Note that to avoid losing contextual
information at boundary points, the output sequence may corre-
spond to the center subsequence of the sliding window (usually
center-aligned). The full form of the output is

Y𝑡,𝐿,𝑂,𝑖 := (𝑦𝑖
𝑡+⌊ 𝐿−𝑂2 ⌋ , 𝑦

𝑖

𝑡+⌊ 𝐿−𝑂2 ⌋+1, . . . , 𝑦
𝑖

𝑡+⌊ 𝐿−𝑂2 ⌋+𝑂 ), (2)

where 𝑂 is the length of the output.

3.2 Sequence-to-Segments-to-Sequence
Learning

In order to efficiently handle longer input sequences, we propose a
new scheme called Sequence-to-Segments-to-Sequence (Seq2Seg2Seq).
This scheme divides the input sequence intomultiple non-overlapping
segments. These segments then undergo intra-segment feature ex-
traction and inter-segment feature interactions before being de-
coded back to the target sequence, which has the same length as
the input. Within each segment, there are only a small number
of representative points (e.g., power state transitions) and the rest
points are less informative. Therefore, in order to improve themodel
efficiency, we compress multiple time sample features into a single
segment feature, which significantly reduces the sequence length
that the model needs to deal with. In order to minimize the number
of parameters, we employ a shared multi-layer perceptron (MLP)

47



BuildSys ’25, November 19–21, 2025, Golden, CO, USA Yechun Ruan and Qianyi Huang

Feature 

Extraction

Seq2Seg 

Encoding
Seg2Seq

Decoding

L×(1×1) L×(1×Ct)

L :  Length of input

Ct: Point-wise feature dimension
𝑂 :  Length of output

Cs:  Segment-wise feature dimension

Appliance Power Pattern Extraction

M
L

P

Power Pattern 

Embeddings

In
tra

-seg
m

en
t 

A
tten

tio
n

In
ter-seg

m
en

t

A
tten

tio
n

Repeat l times

Segmentation

N×(
𝐿

𝑁
×Ct) N×(1×Cs) N×(1×Cs)

Conv

(stride > 1)

Conv

(stride = 1)

Shared

MLP

Sequence Perspective Segment Perspective

O×(1×1)

N :  Number of segments

Figure 4: The architecture of the Seq2Seg2Seq model. First, the input sequence is convolved for feature extraction. Second, the
sequence is divided and encoded into segments. Then, the segments are processed by intra-segment and inter-segment feature
extraction. Finally, the segment features are decoded into the output. In our work, the input length L and output length O are
equal.

for feature decoding, which predicts the power consumption for
the appliance.

Figure 4 illustrates the architecture of Seq2Seg2Seq. Firstly, the
input sequence of length 𝑆 undergoes feature upscaling via convo-
lutional layers with a stride of 1. Subsequently, the input sequence
is divided into 𝑁 segments, each of length𝑀 . The𝑀 time samples
are compressed into one segment representation, facilitated by con-
volutional layers with a stride greater than 1. Immediately after
that, we employ the Appliance Power Pattern Extraction module
(described in the next subsection) to extract the global information
of the 𝑁 segments as well as the shape features within each seg-
ment. The segmentation process reduces the sequence length of the
feature extraction to 1/𝑀 of the original length. Finally, for each
segment, a shared MLP is utilized for feature decoding, which gives
us the prediction results.

3.3 Appliance Power Pattern Extraction
Figure 2 shows some snippets of individual appliances’ power con-
sumption. Different appliances exhibit distinct power consumption
profiles, which include characteristic features for appliance iden-
tification. These features include variations in power levels upon
activation or deactivation, duration of active states, and the stability
or fluctuation of power levels. The most prominent pattern in power
consumption involves an initial increase upon appliance activation,
followed by stable or oscillating power levels during the appliance’s
active state, and finally a decline upon appliance deactivation. After

the segmentation of the input sequence, the activation periods of
appliances are separated into distinct segments, each characterized
by different power consumption patterns.

To capture both intra-segment patterns and global information
across multiple segments, we introduce the Appliance Power Pat-
tern Extraction (APPE) module, utilizing scaled dot-product atten-
tion mechanism [25]. The APPE module consists a stack of 𝑙 APPE
layers, each containing inter-segment multi-head attention, intra-
segment multi-head attention, and a position-wise feed-forward
layer.

Inter-segmentmulti-head attention is designed for capturing
dependencies between different segments and achieving a global
receptive field.

Multi-head Attentionmechanism consists ofℎ single-head scaled
dot-product attentions, with each head accepts three input se-
quences denoted as 𝑞 ∈ R𝑙𝑞×𝑑𝑞 , 𝑘 ∈ R𝑙𝑘×𝑑𝑘 , 𝑣 ∈ R𝑙𝑣×𝑑𝑣 , where
𝑙𝑞 , 𝑙𝑘 , 𝑙𝑣 are the sequence lengths (𝑙𝑘 and 𝑙𝑣 are required to be
identical), 𝑑𝑞 , 𝑑𝑘 , 𝑑𝑣 are the feature dimensions. The input 𝑞, 𝑘 ,
and 𝑣 for inter-segment multi-head attention are sourced from the
output of the previous layer, constituting what is also known as
multi-head self-attention. In individual single head, the input se-
quence are first linearly transformed by matrix multiplication to
project them into the same feature space, yielding query (𝑄), key (𝐾 ),
value (𝑉 ) representations: 𝑄 = 𝑞𝑊 𝑞, 𝐾 = 𝑘𝑊 𝑘 ,𝑉 = 𝑣𝑊 𝑣 , where
𝑊 𝑞 ∈ R𝑑𝑞×𝑑𝑚𝑜𝑑𝑒𝑙 ,𝑊 𝑘 ∈ R𝑑𝑘×𝑑𝑚𝑜𝑑𝑒𝑙 ,𝑊 𝑣 ∈ R𝑑𝑣×𝑑𝑚𝑜𝑑𝑒𝑙 , 𝑑𝑚𝑜𝑑𝑒𝑙

is hidden size. The attention scores are generated by performing
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softmax operation on the scaled 𝑄𝐾𝑇 multiplication result, where
the scaling factor is the square root of the hidden size 𝑑𝑚𝑜𝑑𝑒𝑙 . The
output of the single-head scaled dot-product attention (Attention)
is a weighted matrix obtained by multiplying the attention scores
and value (𝑉 ):

Attention(𝑄,𝐾,𝑉 ) = softmax( 𝑄𝐾𝑇√︁
𝑑𝑚𝑜𝑑𝑒𝑙

)𝑉 (3)

In the multi-head attention, each head possesses its own dis-
tinct attention, capable of extracting information from individual
subspaces. These outputs are subsequently concatenated and trans-
formed to form the final multi-head attention output:

MultiHead(𝑞, 𝑘, 𝑣) = Concat(ℎ𝑒𝑎𝑑1, . . . , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂𝑢𝑡 (4)

where ℎ𝑒𝑎𝑑𝑖 = Attention(𝑞𝑊 𝑞

𝑖
, 𝑘𝑊 𝑘

𝑖
, 𝑣𝑊 𝑣

𝑖
), 𝑖 ∈ (1, ..., ℎ),𝑊𝑂𝑢𝑡 ∈

R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑚𝑜𝑑𝑒𝑙 .
The inter-segment multi-head attention captures dependencies

between different segments, enabling the identification of depen-
dencies across segments and the convergence of global information.

Intra-segment multi-head attention focuses on enhancing
power pattern features within each segment. It is similar to the inter-
segment multi-head attention mechanism, while inter-segment at-
tention concentrates on the relationship between segments. Specif-
ically, the intra-segment multi-head attention focuses on the corre-
lation between the segment and power pattern embeddings. Power
pattern embeddings constitutes a set of learnable latent features
that encode the appliance power patterns, denoted as 𝑝𝑝𝑒 ∈ R𝑛𝑒×𝑑𝑒 ,
where 𝑛𝑒 is the number of patterns and 𝑑𝑒 is the dimension of pat-
tern features. For each segment, the weights of enhanced features
are based on their correlations with appliance power patterns. As
depicted in Figure 4, the input 𝑞 for intra-segment multi-head at-
tention comes from the previous layer’s output (segment features),
while 𝑘 and 𝑣 come from the power pattern embeddings 𝑝𝑝𝑒 .

Position-wise Feed-Forward Network (FFN) is employed to
apply a nonlinear transformation on the output of intra-segment
multi-head attention. It consists of two linear layers with a ReLU
activation and a dropout layer in between:

FFN(𝑥) = Linear(Dropout(ReLU(Linear(𝑥)))) (5)

Residual Connections and Layer Normalization. After each
attention layer and the feed-forward layer, residual connections
are employed to retain input features, and dropout regulariza-
tion is applied to enhance robustness. Additionally, layer normal-
ization (LayerNorm) is applied to stabilize features across differ-
ent layers. This operation can be formulated as LayerNorm(𝑥 +
Dropout(PreLayer(𝑥))).

3.4 Batch Normalization and Inverse
In line with previous NILM literature [8, 28], we assume that the
appliance power consumption follows a normal distribution. Never-
theless, in contrast to their approach of data preprocessing (𝑧-score
normalization), we use batch normalization (BN) and its inverse
process to achieve end-to-end training. Batch normalization is ap-
plied to the input signal, while its inverse process is utilized for the

final output of the network. The formal expressions for these two
processes are as follows:

𝐵𝑁 (𝑥) = 𝛾 𝑥 − 𝜇
√
𝜎2 + 𝜖

+ 𝛽, (6)

𝐵𝑁𝑖𝑛𝑣 (𝑥) =
(𝑥 − 𝛽′)
𝛾 ′

√︁
𝜎′2 + 𝜇′, (7)

where 𝜇 and 𝜎 are the mean and standard deviation of the mini-
batch input, 𝜇′ and 𝜎′ are the exponential moving average of the
mean and standard deviation of the ground truth obtained during
the training period, 𝛾 , 𝛾 ′, 𝛽 and 𝛽′ are learn-able parameters that
allow the network to scale and shift the normalized values, 𝜖 is a
small constant added for numerical stability to avoid division by
zero.

4 Experiments
In this paper, we have selected two real-world datasets, UK-DALE1
[11] and REDD [13], as the benchmark datasets. We compare our
model’s performance with Seq2Point [28], SGN [23], BERT4NILM
[26], and MSDC [8]. Since current NILM models exhibit limitations
in processing long sequences effectively, we additionally chose to
adopt the long sequence processing model RE-SepFormer[4] as our
baseline model. This model is commonly used in speech separation
tasks.

4.1 Datasets and Baselines
The UK-DALE and REDD datasets measure appliance-level and
whole-home energy consumption for five UK houses from Novem-
ber 2012 to April 2017 and six US houses from April 2011 to June
2011, respectively. The aggregated power channel readings and
appliance power channel readings for the UK-DALE data were
recorded every 6s, while for REDD they were recorded at 1s and 3s,
respectively. Similar to previous literature, we conducted experi-
ments on kettle (only available in UK-DALE), refrigerator, washing
machine, microwave, and dishwasher.

Households differ in appliance brands, wiring configurations,
and usage behaviours, which introduces significant intra-dataset
diversity. For instance, refrigerators exhibit different standby and
defrost cycles, dishwashers are operated at varying times of day
depending on user routines, and variations in household wiring
further affect aggregate load signals. This inter-household diversity
provides a realistic and challenging environment for evaluating
model robustness. To evaluate the model’s generalization capabil-
ity, we used data from house 2 of UK-DALE and house 1 of REDD
as unseen houses (test split). For the remaining houses, the data
were divided into training and validation sets, with the first 80%
used for training and the last 20% used for validation. Notably, the
two datasets embody distinct regional electrical standards (e.g.,
grid frequency and nominal voltage levels). Such system-level dis-
crepancies directly influence both aggregate and appliance-level
power waveforms, suggesting that cross-dataset evaluation would
primarily capture electrical mismatches rather than the intrinsic
generalization capability of the model. Consequently, in accordance
with previous NILM research, we abstain from conducting cross-
dataset testing.
1The April 2017 version of UK-DALE
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Figure 5: Illustration of overlap energy (gray).

In terms of data preprocessing, we adopted a simple approach
that aligns the timestamps of the aggregated power channel and
the appliance power channel, re-samples every 6 seconds, and
backward-fills missing values. The maximum number of consecu-
tive missing values for backward padding was set to 1, consistent
with Zhang et al. [28].

We conducted a comparative analysis of our proposed model
against five baseline models: (1) Seq2Point[28], a single-state CNN-
based architecture that takes sequential input and produces point
output. (2) SGN[23], a dual-CNN model designed to capture the
ON/OFF states of appliances. (3) BERT4NILM[26], an architecture
leveraging bidirectional encoder representations from transformers
(BERT). (4) MSDC[8], a Multi-State Dual CNN model focusing on
extracting information pertaining to the multiple states and state
transitions of the appliance. (5) RE-SepFormer[4], a resource effi-
cient enhanced version of the transformer-based speech separation
model Sepformer [24], which adopts a multiscale approach to learn
both short- and long-term dependencies.

4.2 Evaluation Metrics
Let 𝑦𝑖𝑡 and 𝑦𝑖𝑡 be the target and the predicted power for appliance 𝑖
at time step 𝑡 . We use the following three metrics as performance
indicators:

(1) MAE (Mean Absolute Error) is a general metric used for
regression problems to measure the prediction error at each
point:

MAE𝑖 = 1
𝑇

𝑇∑︁
𝑡=1

��𝑦𝑖𝑡 − 𝑦𝑖𝑡 �� .
(2) SAE𝛿 (Signal Aggregate Error per 𝛿 period) represents the

average total error in a sub-period 𝛿 of the total time, which
compares the prediction sum and the target sum over the
time period of 𝛿 [23]:

SAE𝑖
𝛿
=

1
𝑇𝛿

𝑇𝛿∑︁
𝑗=1

1
𝑁𝛿

���𝑟 𝑖𝑗 − 𝑟 𝑖𝑗 ��� ,
where 𝑁𝛿 is the number of time steps in time period 𝛿 ,
𝑇𝛿 = 𝑇 /𝑁𝛿 , 𝑟 𝑖𝑗 =

∑𝑁𝛿

𝑡=1 𝑦
𝑖
𝑁𝛿 𝑗+𝑡 , and 𝑟

𝑖
𝑗
=
∑𝑁𝛿

𝑡=1 𝑦
𝑖
𝑁𝛿 𝑗+𝑡 . In our

experiments, 𝑁𝛿 is 600, which corresponds to the number of
data points in an hour.

(3) Overlap Energy is the common part of the predicted and
the target energy [21]:

Overlap energy𝑖 =
∑𝑇
𝑡=0min{𝑦𝑖𝑡 , 𝑦𝑖𝑡 }∑𝑇
𝑡=0max{𝑦𝑖𝑡 , 𝑦𝑖𝑡 }

× 100%

MAE and SAE𝛿 are the most commonly used performance metrics
in NILM research, showing the closeness of the predicted value to
the ground truth. Smaller values of MAE and SAE𝛿 indicate better
model performance. The overlap energy represents the percentage
of correlation between the predicted and target energy, with higher
values approaching 100% indicating better model performance. In
cases where appliance data contains significantly fewer active cy-
cles than inactive cycles, performance metrics normalized by time
such as MAE are susceptible to a certain degree of dilution, while
overlap energy is more stable in this regard.

4.3 Implementation Details
The deep learning models are implemented in Python using Py-
Torch, and trained on machines with NVIDIA GeForce RTX 4090.
Baseline models were implemented and trained according to the
descriptions in the original author’s paper and open source code.
We train model per appliance. For each experiment, we ran it more
than 20 times independently and reported the average of the results.
The confidence value is 0.95. The hyperparameters of RE-Sepformer
are chosen as follows: The encoder and decoder both have a number
of convolutional filters of 128, a size of 16, and a stride of 8. The
number of sources is 1, the chunk size is 150, the IntraTransformer
and InterTransformer both have 4 layers, each has 8 parallel atten-
tion heads, and 1024-dimensional positional feed-forward networks.
The IntraTransformer and InterTransformer dual-path processing
pipeline is repeated 2 times. This setup reduces the number of pa-
rameters in RE-Sepformer by half compared to the original paper,
making it comparable to Seq2Seg2Seq.

Regarding the implementation details of the Seq2Seg2Seqmodel,
the length of the segment is 525 and the number of segments is 12,
hence the input sequence length is 6300. Convolutional layers with
a stride of 1 are composed of four layers. The number of filters used
is 32, 32, 64, 64, and the filter sizes are 13, 11, 9, 7. The convolutional
layers with a stride greater than 1 are also composed of four layers.
The number of filters used are 128, 128, 256, 256, the stride length
are 7, 5, 5, 3, and the filter sizes are 9, 7, 7, 5. Following each convo-
lutional layer, ReLU activation and batch normalization are applied.
The Appliance Power Pattern Extraction module utilizes two Trans-
formerDecoderLayers from the PyTorch library, each with a hidden
size of 256, the number of heads is 4. The feed-forward hidden
dimension is 1024, with a dropout rate of 0.1. The shared multilayer
perceptron contains a hidden layer with a size of 1050. The output
length is 6300, which is the same as the input.

In terms of training details, we use mean square error loss,
and the optimizer is AdamW [16] with a weight decay of 10−2.
The batch size is 256, and maximum epochs is 20. A checkpoint is
saved at the end of each epoch, and the model parameters of the
checkpoint with the best MAE on the validation set will be retained
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Metric Methods Kettle Fridge Dish Micro- Washing Average Average
washer wave machine improvement

MAE

Seq2Point 12.25 27.47 32.31 10.49 11.76 18.86 ± 0.74 -
SGN 12.31 27.24 19.42 8.94 16.96 16.97 ± 0.69 -

BERT4NILM 14.23 25.01 20.72 6.21 7.25 14.68 ± 0.55 -
RE-Sepformer 17.10 13.68 14.65 8.42 11.93 13.11 ± 0.27 -

MSDC 10.23 20.07 19.65 9.36 11.90 14.24 ± 0.56 -
Seq2Seg2Seq (our) 8.96 13.34 22.33 6.16 7.41 11.64 ± 0.12 18.26%

SAE𝛿

Seq2Point 8.56 19.53 27.65 8.94 9.93 14.92 ± 0.67 -
SGN 10.06 20.23 14.93 7.92 14.72 13.57 ± 0.66 -

BERT4NILM 13.97 20.89 17.52 6.13 5.73 12.85 ± 0.59 -
RE-Sepformer 15.55 8.19 12.46 7.00 10.89 10.82 ± 0.29 -

MSDC 8.22 11.24 15.22 8.18 10.11 10.59 ± 0.58 -
Seq2Seg2Seq (our) 5.39 8.11 15.32 5.38 5.83 8.01 ± 0.18 24.36%

Overlap
energy

Seq2Point 0.634 0.455 0.376 0.062 0.253 0.356 ± 0.012 -
SGN 0.630 0.454 0.634 0.075 0.237 0.406 ± 0.013 -

BERT4NILM 0.519 0.481 0.537 0.056 0.453 0.409 ± 0.016 -
RE-Sepformer 0.443 0.724 0.670 0.211 0.268 0.465 ± 0.011 -

MSDC 0.676 0.557 0.634 0.085 0.260 0.442 ± 0.011 -
Seq2Seg2Seq (our) 0.715 0.730 0.527 0.239 0.402 0.523 ± 0.005 18.33%

Table 1: Experimental results on the UK-DALE house 2 (unseen). The calculation of the average improvement is based on the
state-of-the-art NILM model MSDC. Bold numbers indicate the best results.

Metric Methods Fridge Dish Micro- Washing Average Average
washer wave machine improvement

MAE

Seq2Point 35.99 20.43 21.62 14.59 23.16 ± 0.66 -
SGN 33.61 20.44 21.04 13.01 22.02 ± 0.53 -

BERT4NILM 35.11 25.25 21.96 26.14 27.12 ± 0.92 -
RE-Sepformer 26.69 21.98 54.58 15.65 29.71 ± 1.25 -

MSDC 33.89 14.51 21.16 12.78 20.58 ± 0.58 -
Seq2Seg2Seq (our) 22.93 15.04 21.30 13.27 18.13 ± 0.19 11.90%

SAE𝛿

Seq2Point 20.72 18.26 15.72 11.99 16.67 ± 0.58 -
SGN 21.22 17.26 15.85 9.94 16.07 ± 0.50 -

BERT4NILM 21.29 25.15 21.32 23.34 22.78 ± 1.06 -
RE-Sepformer 17.15 21.33 46.61 12.52 24.39 ± 1.15 -

MSDC 21.99 12.08 16.33 10.05 15.11 ± 0.58 -
Seq2Seg2Seq (our) 13.94 13.94 16.98 8.56 13.36 ± 0.21 11.58%

Overlap
energy

Seq2Point 0.471 0.363 0.285 0.611 0.432 ± 0.011 -
SGN 0.523 0.362 0.266 0.666 0.454 ± 0.010 -

BERT4NILM 0.504 0.016 0.030 0.240 0.198 ± 0.031 -
RE-Sepformer 0.593 0.244 0.088 0.634 0.391 ± 0.009 -

MSDC 0.494 0.483 0.287 0.669 0.483 ± 0.008 -
Seq2Seg2Seq (our) 0.654 0.439 0.182 0.688 0.491 ± 0.006 1.66%

Table 2: Experimental results on the REDD house 1 (unseen). The calculation of the average improvement is based on the
state-of-the-art NILM model MSDC. Bold numbers indicate the best results.

for the test. The learning rate is set to 5×10−4 using linear schedule
with 5 epochs warm-up, i.e. the learning rate linearly increases from
0 to 5× 10−4 over 5 epochs, and then linearly decreases to 0 over 15
epochs. The stride of the sliding window is 100. Both Seq2Seg2Seq
and RE-Sepformer use this training strategy, while the other models
use the approach in their papers and code.

4.4 Experimental results
Table 1 and Table 2 show the experimental results for the UK-DALE
and REDD datasets, respectively. The results of the Seq2Seg2Seq
model consistently exhibit superiority over all baseline models,
demonstrating favorable performance on most appliances. On both
the UK-DALE and REDD datasets, Seq2Seg2Seq achieves significant
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Methods Input length Output length Params (M) Mem. (MB) MACs (M) Fwd latency (ms)
Seq2Point 599 1 30.71 244.6 52.94 38.830

SGN 200 32 20.65 168.0 1.29 0.856
BERT4NILM 480 480 1.94 22.5 515.79 0.113

MSDC 200 32 24.9 204.3 1.55 0.341
RE-Sepformer 6300 6300 3.98 125.9 0.62 0.096
Seq2Seg2Seq 6300 6300 3.74 29.4 0.08 0.008

Table 3: Comparison of model profiles. Params means the number of parameters; Mem. means the memory consumed by
creating and running an ONNX session. MACs means the number of multiply-accumulate operations; Fwd latency means
forward propagation latency. MACs and Fwd latency are normalized using the output length.

improvements over the best-performing NILM model, with reduc-
tions of 18.26% and 11.90% in overall MAE, and 24.36% and 11.58%
in overall SAE𝛿 , respectively. Additionally, overall overlap energy
comparisons exhibit increments of 18.33% and 1.66%, respectively.
In particular, Seq2Seg2Seq exhibits excellent performance in predict-
ing the fridge’s power consumption, manifesting gains exceeding
30% across all metrics on both datasets compared to the second-best
NILM model. This significant improvement is attributed to fridge’s
continuously-on feature, together with the comparatively regular
shape of its power profile. In contrast, the power consumption data
of the washing machine are characterized by increased complexity
and flunctuations during its active phases, which makes the model’s
approximation of the washing machine’s power profile less accu-
rate. A comparative analysis of the experimental results between
the two datasets shows the superior performance of UK-DALE over
REDD, which is in line with expectations, as dataset size is widely
recognized as a crucial determinant of the performance of deep
neural networks, as UK-DALE is a significantly larger dataset than
REDD.

The performance of RE-Sepformer is unstable. For the dish-
washer data in the UK-DALE dataset, RE-Sepformer outperforms
all other models. Furthermore, RE-Sepformer marginally outper-
forms MSDC in terms of average MAE on the UK-DALE dataset.
However, its performance significantly decreases when applied to
the REDD dataset, particularly in the case of microwave data. After
reviewing the training log of RE-Sepformer on the REDD dataset
for microwave data, it was observed that the model performed
well during both the training and validation phases, but yielded
numerous false positives during the test phase. Therefore, despite
its proficiency in language separation tasks, RE-Sepformer is not
well-suited for direct application to NILM tasks.

To investigate the real-world performance of themodel in deploy-
ment scenarios, we measured the profiles of our model and the base-
line model using the open-source library Deepspeed. Specifically,
for the measurements of forward propagation latency and memory
consumption, we first converted the models to ONNX format, and
then ran them on a Raspberry Pi 4B using the InferenceSession
of onnxruntime library. To measure forward propagation latency,
we utilize the time module from the Python library to record the
ONNX session’s runtime. We include a warm-up time of 10 and a
repetition count of 20. To measure memory consumption, we use
the memory_profiler library to record the memory consumed by
creating and running an ONNX session. The results are depicted in
Table 3.

For the number of parameters, BERT4NILM, RE-Sepformer and
Seq2Seg2Seq are in the same order of magnitude, with fewer pa-
rameters than Seq2Point, SGN and MSDC. Multiply-accumulate
operations (MACs) and forward propagation latency (Fwd latency)
are normalized using the output length. Notably, Seq2Seg2Seq has
significantly lower MACs and Fwd latency compared to the baseline
models. This indicates that Seq2Seg2Seq has a distinct advantage
in terms of computational efficiency and low latency. In resource-
constrained smart meters, it is equally important to have a small
memory footprint and low computational resource consumption
as it is to have high accuracy.

4.5 Ablation study

Methods avg MAE avg SAE𝛿 avg Overlap
S3-N6 12.22 ± 0.16 8.51 ± 0.24 0.507 ± 0.006
S3-N18 11.55 ± 0.11 8.03 ± 0.15 0.521 ± 0.004
S3-M175 11.67 ± 0.25 8.62 ± 0.31 0.519 ± 0.009
S3-M875 12.07 ± 0.30 8.67 ± 0.41 0.506 ± 0.009
S3-SA 12.11 ± 0.16 8.64 ± 0.21 0.510 ± 0.006
S3 11.64 ± 0.12 8.01 ± 0.18 0.523 ± 0.005

Table 4: The ablation study results on the UK-DALE house
2. Based on S3 (Seq2Seg2Seq, N = 12, M = 525), S3-N6, S3-N18
using 6 and 18 segments, respectively, S3-M175, S3-M875 us-
ing segment lengths of 175 and 875, respectively, and S3-SA
changed the APPE to self attention only.

To investigate the effectiveness of the APPE module and the
effect of the number of segments, we constructed ablation experi-
ments. Based on the Seq2Seg2Seq, S3-N6 and S3-N18 are obtained by
changing the number of segments from 12 to 6 and 18, respectively,
S3-M175 and S3-M875 are obtained by changing the segment length
from 525 to 175 and 875, respectively, and S3-SA is obtained by re-
placing the APPE module with a self-attention module (transformer
encoder).

The results of the ablation experiment are shown in Table 4.
Seq2Seg2Seq outperforms S3-SA proving the effectiveness of the
APPE module, which is able to learn the target appliance power pat-
terns and enhance the associated features. Compared to Seq2Seg2Seq,
S3-N6 shows a 5% degradation in MAE performance and a 6% degra-
dation in SAE𝛿 performance, indicating that the input sequence
length is insufficient. However, S3-N18 only leads to less than 1%
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(a) (b)

(c) (d)

Figure 6: Seq2Seq model prediction fails when the power
remains stable in the sliding window. The sliding window
lengths for Seq2Point, MSDC, and Seq2Seg2Seq are 1, 0.667,
and 10.5 hours, respectively.

improvement in MAE performance and weaker SAE𝛿 and overlap
energy metrics compared to Seq2Seg2Seq. Despite this, it does re-
sult in an increase in computational complexity. It demonstrates
that selecting 12 as the number of segments 𝑁 is reasonable. Both
S3-M175 and S3-M875 exhibit a decrease in performance compared
to Seq2Seg2Seq.

4.6 Result Visualization
We give a visualization of the model predictions. Figure 6 illus-
trates a snipet of fridge data from House 2 in the UK-DALE dataset,
along with the corresponding predictions generated by the baseline
and our models. The Seq2Seq model, which uses relatively shorter
sliding windows, encounters challenges in accurately detecting
appliance usage when the input signal remains stable within the
window, such as during the first half hour in Figure 6. This issue
arises due to the lack of global information within the input signal.
Conversely, the Seq2Seg2Seq model, which is designed to accom-
modate long input sequences, successfully addresses this concern.
This observation emphasizes the necessity of using long sliding
windows.

5 Conclusions and Future work
In this paper, we introduce a segment-based approach called Sequence-
to-Segments-to-Sequence (Seq2Seg2Seq). This approach aims to
effectively manage long input signals. Complemented by the Ap-
pliance Power Pattern Extraction module, our solution enables the
incorporation of long-time contextual information without signifi-
cantly increasing computational overhead. A concrete Seq2Seg2Seq
model has been developed and applied to real-world datasets. The
experimental results demonstrate the superiority of our model over
previous approaches in terms of accuracy, computational efficiency,

and time consumption. Through visualizations, we illustrate how
the Seq2Seg2Seq scheme addresses the issues encountered in earlier
research, where short input sequences lack global information and
lead to model failures. The shift from time sample granularity to
segment-based analysis promises to yield a more robust and effi-
cient framework for NILM, ultimately contributing to improved
accuracy.

Future research could investigate the improvement of segment-
based energy disaggregation techniques, including automatic identi-
fication of appliance-specific segment length from data or dynamic
real-time determination of segment lengths from input signals.
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