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Figure 1: The self-supervision pipeline.
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Figure 2: Encoder architecture
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use of the temporal order of data. In order to inject positional infor-
mation about the sequence of sensor readings, we use sinusoidal
position embeddings [33]. The positional embeddings are designed
to have the same dimensions as the input embeddings (128), and the
two are summed before being input to the Transformer encoder.

3.4 Fully-Connected Layers and Recognizer
We use similar network architectures for both fully-connected lay-
ers and the recognition backend. The �rst two layers have 256
and 128 units. For pre-training, the �nal layer matches the input
dimensions whereas for �ne-tuning, the last layer performs the
softmax operation used for classi�cation. We also apply ReLU acti-
vation [21], batch normalization [12] and dropout [32] with p = 0.2
between the layers.

4 EXPERIMENTS
In order to evaluate the e�ectiveness of the proposed approach we
conducted a set of experiments. In what follows we summarize the
recognition tasks, before we present the details of our explorations.

4.1 Setup
Our experimentswere based on four benchmark datasets (accelerom-
eter plus gyroscope): Mobiactv2 [3], Motionsense [17], USC-HAD
[37], and UCI-HAR [1]. For all but the USC-HAD dataset, data from
20% of the participants were randomly chosen as test set. Out of the
remaining participants, 20%were chosen randomly as validation set,
and the rest was used for training. For USC-HAD, we followed the
protocol from [11] with data from participants 1 � 10 for training,
from participants 11 and 12 for validation, and from participants 13
and 14 for testing. The data were downsampled to 33Hz. We used
sliding window segmentation to obtain frames of 1s length with
50% overlap between subsequent windows.

We implemented the proposed method and related baselines us-
ing PyTorch [24]. For the pre-training, we used the Noam optimizer
[33] with a warmup of 4, 000 steps and train for 150 epochs. The
feedforward dimensions for the Transformer encoder were set to
2, 048 and dropout [32] was applied withp = 0.1. We tuned the num-
ber of heads and layers for each dataset. Fine-tuning was performed

for 150 epochs with cross entropy loss. We utilized the Adam [13]
optimizer and tuned over the learning rates 2

⇥
10�3, 10�5

⇤
and L2

regularization 2
⇥
10�2, 10�4

⇤
. The learning rate was decayed by a

factor of 0.8 every 25 epochs.

4.2 Baseline Recognition Experiment

Method Mobi
-act

Motion
-sense

USC
-HAD

UCI
-HAR

DeepConvLSTM [23] 82.40 85.15 44.83 82.83
Transformer classi�er 80.96 83.30 43.84 81.61
Multi-task self sup. [29] 75.41 83.30 45.37 80.20

CAE [11] 79.58 82.50 48.82 80.26
Proposed 76.81 88.02 49.31 81.89

Table 1: Recognition performance (test mean F1) of pro-
posed approach compared to state-of-the-art unsuper-
vised learning approaches (and to supervised learning—
DeepConv-LSTM—for reference). Results for [29] compara-
ble to original publication, yet not identical due to original
implementation not being released, and details being omit-
ted in [29].

In this experiment, we evaluated the e�ectiveness of the self-super-
vision pretext task for representation learning. Once the pretext task
was trained, the encoder weights were transferred to a randomly
initialized activity recognition network (MLP) for �ne-tuning (see
Figure 1). The learned weights were frozen, and cross entropy loss
was utilized to update the weights of the classi�er layers.

We compared our approach to state-of-the-art unsupervised
learning techniques, i.e., convolutional autoencoders (CAE) [11]
and multi-task self-supervision [29], and, for reference only given
that the main focus of this paper is on unsupervised approaches,
to a supervised learning pipeline (DeepConvLSTM [23] and Trans-
former classi�er). We used the CAE architecture from [11], with
a bottleneck size of 128 dimensions, in order to match the out-
put dimensions of the Transformer encoder. CAE representations
were evaluated with the same classi�er network as in the pro-
posed technique. Our implementation of multi-task self-supervision
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