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Deep Metric Learning for Proteomics

Abstract—Deep learning has become an innovative tool for
predicting the properties of a protein. However, obtaining an
accurate predictive model using deep learning methods typically
requires a large amount of labelled data, which is expensive
and time-consuming to accumulate. Even when optimised, these
algorithms are often black boxes, which make it challenging to
interpret the decision-making processes that lead to the final
prediction. Therefore, there is a demand for innovative modelling
techniques that overcome these drawbacks within the space of
bioinformatic deep learning. To address these issues, we have
designed a modelling scheme that utilises techniques from com-
puter vision. Specifically, we explore how triplet-networks can
form a robust model architecture that is capable of learning and
ranking proteins from just a few labelled examples. We evaluate
our model on a variety of downstream tasks, including peak
absorption wavelength, enantioselectivity, plasma membrane lo-
calisation, and thermostability. The embedded representations
produced by this method show considerable improvement when
compared to previous baseline models. Finally, to emphasise that
this is an example of white-box deep learning, we visualised the
features produced by the algorithm to gain a better understand-
ing as to how the network reaches its prediction for each protein
property.

I. INTRODUCTION

Having a limitless supply of labelled data is an ideal
scenario for developing any deep learning (DL) model. The
sheer volume of examples provided during training enables a
DL model to generalise well to the overall task. However, such
large labelled datasets do not exist for a majority of cases when
modelling proteins [42, 41, 40], which leads to the question of
whether deep learning can still be applied in these scenarios.
Building a robust deep learning model with a limited amount
of labelled examples is not only one of the most challenging
aspects for bioinformatics and protein modelling, but for the
entire field of deep learning [16, 38, 28]. Issues arise when
these complex models begin to overfit to the few examples
observed during training, which then produce rather weak
predictions when tested on any unseen data. For many years
it was believed that the more complex a machine learning
algorithm (e.g. deep neural network) was, the more likely it
was to overfit. However, recent work in the subfields of natural
language processing (NLP) [29, 30, 7], and computer vision
[16, 38, 36], have revealed that deep learning models can still
be applied with significant effect.

Implementing deep learning models for a task with a limited
dataset is by no means a new phenomenon. In particular,
many of the most recent advancements within NLP have been
based on a technique known as pre-training, a method that
requires training a deep neural network on a large quantity
of unlabelled data before fine-tuning the network on a smaller
labelled dataset [14]. The most recent state-of-the-art language
models [29, 30, 7] are all based on some form of unsupervised

or self-supervised pre-training (i.e. auto-regressive modelling
or auto-encoding) with unlabelled sequence data. Recently,
similar approaches have begun to emerge for analysing protein
sequences [42, 31, 27]. During pre-training, these networks
are tasked with predicting masked out parts of the original
input. For auto-regressive deep learning, the masks are se-
quential, which prevents the network from looking forward
when it makes it predictions for each masked token. For
auto-encoding, a random portion of the input sequence is
masked out. This method does not restrict the network from
observing the sequence in any one direction and instead
forces the network to include bi-directional context when
making its predictions. The utility of pre-training has also been
demonstrated in the field of computer vision [6, 43], where the
technique of fine-tuning large pre-trained deep neural networks
[17, 37, 35] to specific tasks is now standard practise within
this field. However, pre-training such large networks takes a
great deal of computational time and resources, and therefore
the use of such methods are not as common for computational
biology.

Other deep learning techniques designed to handle smaller
datasets have emerged through the use of metric-based deep
learning. These techniques were again popularised through
computer vision [39, 15, 25], whereby the network learns a
non-linear mapping that can transform a set of images into a
feature space before comparing or matching these transformed
examples based on a metric (i.e. Euclidean distance, cosine-
distance). Popular examples include the use of siamese net-
works [16], triplet-networks [8], and matching networks [38].
One of the main motivations behind our work is to determine
if this form of deep learning is suitable for protein sequence
analysis.

Deep neural networks are a prime example of black-box
machine learning (i.e. as more layers are included within the
model, the more difficult it then becomes to decipher and
interpret its decision-making process). This is a significant
problem for many fields, including the biological and health
sciences, as it is often considered desirable for deep learning
algorithms to not only produce state-of-the-art predictions but
to also be interpretable for the end-user. One of the benefits of
using deep neural networks to model a particular task is that
they require little to no feature engineering (i.e. generating
task-relevant features from the raw data explicitly). Instead,
these networks perform a series of operations before returning
a prediction, which can make it difficult to determine how
the various parts of the original input are combined to derive
important higher-level features (e.g. the relationships between
the k-mers within a protein sequence). In the case of modelling
protein sequences, it would be beneficial to simulate the
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Fig. 1: Triplet loss, based on the Euclidean distance between
the anchoring protein and a pair of neighbouring proteins.
The positive example should be closer to the anchor than the
negative example, with respect to the property of interest (i.e.
the values in the circles). The goal of training this model is
to encode the information about the triplets and to convert it
into a meaningful embedding space.

changes a protein may have when it has been modified, as well
as to measure the relative importance of each feature produced
by the network. Interpretation of the features extracted by a
deep neural network is still an open challenge for the field of
machine learning [20, 23, 24]. For deep learning to dominate
the modelling landscape of bioinformatics, more attention
must be directed towards designing models that better describe
the decision-making processes being conducted within these
networks.

In this paper, we seek to address these issues through the
use of triplet networks, which were previously popularised
within the field of image classification [13, 19, 8]. This type
of network employs weight sharing to produce encoded repre-
sentations of the input data (e.g. images), which are clustered
based on a triplet loss [13]. To train such a network requires
triplets (i.e. anchor, positive and negative) of examples. In the
context of protein modelling, it would begin with a single
labelled protein sequence that would be used as the anchor.
Next, a different pair of labelled protein sequences would form
a pair of positive and negative examples, respectively. For the
protein to be classified as the positive example, it must possess
a label (i.e. measured property) which is closer in absolute
value than that of the negative example. Once the triplets
have been formed, they are then encoded by the network,
which is then optimised via a specific triplet loss that will be
discussed in-depth in the following section. Without directly
using the corresponding labels to each input, this network is
capable of clustering and ranking similar examples together
in a semi-supervised fashion. Figure 1 depicts the need for a
network to encode each protein in such a way that it reflects
the actual measured property in each task (e.g. peak absorption
wavelength). Once trained, the encodings produced by the
network will reflect the order of the measured property. In
this work, we aim to be the first to show the potential of deep

metric learning protein properties through the use of triplet
networks. By implementing this style of deep learning, we
will be able to use more sophisticated deep neural layers such
as convolutional layers to analyse and determine the essential
features of each protein sequence without causing the model
to overfit to the few labelled examples. Once the network has
been suitably trained, we can then encode each protein and
analyse how certain modifications to the parent protein can
impact its properties.

II. RELATED WORK

Deep neural networks are already a popular option for
encoding proteins and extracting useful features from just
the primary structure [1, 12, 2]. With the sheer volume of
sequencing data being collected and refined by labs across the
world, it will be unsurprising to see pre-training becoming a
prominent strategy in the field of sequence analysis. With vast
resources of known proteins (e.g. the UniProt database [5]),
one can now pre-train deep learning algorithms before finally
fine-tuning it to a desired area of research, as shown by Rao
et al. [31]. This was one of the first significant examples of
comparing pre-trained networks to the original baselines. One
drawback to the Rao et al. technique was that they only tested
their LSTM and transformer networks using a character-based
encoding. However, most state-of-the-art language models [29,
30, 7] use a subword encoding algorithm before processing the
text (i.e., the text is represented as a sequence of meaningful
subword chunks rather than a sequence of characters). The
main reason these language models use a subword encoding is
to overcome the out-of-vocabulary (OOV) problem. Applied to
protein analysis, such an approach has the potential to bolster
the original amino-acid vocabulary by efficiently representing
potentially functionally relevant sub-sequences. Two of the
most prominent subword algorithms within NLP are the byte-
pair encoding algorithm (BPE) [10] and the unigram encoding
algorithm [18]. The latter of these two compression methods
has now become more prevalent in NLP due to it being an
entropy-based algorithm, which can produce multiple encoded
representations of the original input sequence. By creating a
variety of encoded sequences, it enables the model to gener-
alise better to uncommon subsequences and thereby resolves
the OOV problem.

Given that a subword algorithm essentially compresses the
original input sequence, making it much shorter, a considerable
amount of computation time and money can be saved with
this simple addition to the analysis of a protein. A subword
algorithm can also provide a more extensive vocabulary for
analysis at the later stages of the investigation. One of the first
examples of using pre-training for a protein sequence was by
[42]. Their study consisted of first breaking the proteins into
sequences of tri-grams, which were then analysed by a set
of Doc2Vec [21] models that used various window sizes. The
first drawback to this approach was that they compressed the
protein in a rather trivial fashion using the tri-gram encod-
ing method, which is not sensitive to the relative frequency
of different tri-grams in the raw sequences. This technique



inevitably leads to a large proportion of poorly represented k-
mers. Another issue with this approach is with their choice of
embedding model, which adopts a Doc2Vec model to pre-train
on the encoded proteins. The model returns one single vector
representation for the entire protein, which is problematic
when one attempts to investigate specific modifications to
a protein or why certain proteins behave differently under
various experiments. As an extension to work carried out by
Yang et al. with the use of pre-trained models, Lennox et al.
tested the use of subword algorithms on protein sequences [22]
and found that the Doc2vec models produced better encodings
in every downstream task when compared to the tri-gram
encoded alternatives [42]. In this investigation, we seek to go
beyond both approaches by using a deep neural network to
extract the key features of each protein analysed. The network
will then provide a rich feature set for each protein as opposed
to the single vector representation produced by a Doc2Vec
model.

Given the considerable overlap between the techniques used
in NLP and computational biology, the approaches used in
one field often lend themselves to the other. However, the
same cannot be said about computer vision as it can more
be complicated to adapt these techniques for computational
biology. Consequently, methods such as deep metric learning,
which are now a standard in computer vision (e.g. siamese
networks [16], triplet-networks [8], and matching networks
[38]) have yet to be thoroughly tested within computational
biology. The first example of deep metric learning within
computer vision was with a siamese style network by [3],
which was a non-linear metric learning architecture designed
for signature verification. The network was able to learn a
set of features that would measure the degree of similarity
between two input signatures. Another major implementation
of this style of architecture was by Chopra et al. [4], where
they used convolutional neural networks in a facial verification
task. A convolutional-based siamese network was also used
for a dimensionality reduction task [11]. Hoffer et al. noted
that these siamese networks are all sensitive to the context of
the data [13], as measuring the degree of similarity between
all pairs within a dataset are not always feasible, or only a
subset of the examples may provide a suitable reference point
for making comparisons. Since this investigation is based on
modelling a set of regression tasks, a siamese style network
would not be beneficial for developing a robust protein em-
bedding space as the labels are continuous as opposed to a
set of discrete classes. This would then limit the number of
positive pairs (i.e. two proteins that share the same value)
one could generate during training, which would hinder the
model’s performance at generating reliable embeddings for
each protein.

The issues surrounding siamese networks were later ad-
dressed by Hoffer et al. [13] with another notable adaptation
known as a triple network [13]. This three-branched network
would take a training triplet (xa, xp, xn), whereby xa, xp,
and xn denote the anchor, positive and negative objects
respectively. The network then outputs the following:

a = f(xa)

p = g(xp)

n = g(xn)

(1)

D(a, p) = ‖a− p‖
D(a, n) = ‖a− n‖

(2)

L(a, p, n) =
1

2
{max (0,m+D(a, p)−D(a, n)} (3)

where the functions f and g denote the branches of the
triplet network. For inter-domain learning the anchor branch,
f can share weights with the branch g, while for cross-domain
learning weights are not shared. An object is termed positive
if it is similar to the anchor, and vice-versa for the negative
example. Since the triplet loss is based on minimising the
distances between the positive example while also maximising
the distances between the negative examples to the anchor, it
accounts for the distortion present within the actual embedding
space. In the context of computer vision, the triplet network
is required to identify whether two images are from the same
class as opposed to identifying the class (i.e. the network is
weakly supervised). However, in this investigation, we test the
triplet network one step further with a set of regression tasks.
Instead of identifying each protein and giving it a value, the
network must encode a triplet of proteins and rank a pair to
the anchor for a particular protein property, as shown in Figure
1.

III. MATERIALS AND METHODS

In a previous analysis on the application of pre-training and
subword algorithms on proteins, Lennox et al. concluded that
there was a clear benefit to applying such algorithms first
to encode a set of proteins [22]. This study revealed that
the encoded representations of the proteins produced superior
pre-trained encodings when tested on a series of downstream
tasks. Both byte-pair and unigram encoding algorithms were
analysed and provided the benefit of data compression and
an expansion of the original vocabulary. Unlike this previous
work, we will not be applying a subword encoding to pre-train
our models. Instead, since this is the first example of applying
deep metric-learning to this area of research, we will focus
on an amino-acid based approach to obtain a stable baseline
while implementing a triplet network.

A. Modelling

The triplet network utilised in this investigation is outlined
in Figures 2a - 2b. For each task, the proteins are encoded
using the deep neural network, as shown in Figure 2a. A
trainable embedding layer is applied to transform each amino-
acid of the protein into a set of trainable vectors, which are
then passed into three separate one-dimensional convolutional
layers (128 filters). Each convolutional layer has a different
kernel size (i.e. 3, 6 and 9 respectfully) intending to collect
important k-mers within the protein sequence. The features
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Fig. 2: Overview of the Triplet Network Approach.

produced by each layer are then concatenated with the original
embeddings. The final features are then max pooled to form
a vector representation for the protein. Each branch of the
triplet network 2b begins with the triplet-encoder before being
followed up with one final fully-connected layer and L2-
normalisation as used is used in the FaceNet paper [34].
Figure 2b visualises the weight sharing implemented to encode
all three proteins during training. Once passed through the
network, the three encodings are then evaluated using the
triplet-loss.

The loss essentially allows the network to rank the triplet
according to the anchoring protein. The objective of the
network is then to decide which encoding (i.e. the left or
right protein) possesses a measured value that is comparable
to the anchoring protein. During training, the network learns
to rank a set of proteins based on the 512 max pooled features
extracted from the triplet-encoder (Fig. 2a). Once trained, the
final encodings produced by the network can be interpreted by
a simple regression model to convert the encodings into a set
of predicted task values. To remain unbiased in our analysis
of this encoding scheme, we apply Gaussian process (GP)
regression models [32] based on Matérn kernels with ν = 5/2,
to produce the final predicted values for each of the tasks. We
choose this regression so that we could make an unbiased
comparison of our results to work by Yang et al. [42], and the
previous work that implemented subword algorithms [22].

B. Data

In this paper, we cover four downstream tasks, each based
on different measured properties. We will now briefly discuss
each dataset used in this paper, for more information on the
data and the gathering methods implemented in each study,
please see citations. The peak absorption wavelength dataset

consists of 80 protein sequences (1–5 mutations), including
the original Gloeobacter violaceus rhodopsin (GR) parent
protein [9]. The enantioselectivity dataset includes 151 protein
sequences (1–8 mutations), including the original epoxide
hydrolase (EH) parent protein [44]. The plasma membrane
localisation dataset consists of 248 protein sequences (1–108
mutations), including the original three-parent proteins [44].
The thermostability (T50) dataset contains 261 protein se-
quences (1–109 mutations), including the original three-parent
proteins [33]. These datasets were chosen for this investigation
because they include a diverse range of proteins, and come
from libraries constructed from both site-directed mutagenesis
and recombination. The diversity across all datasets allow us
to thoroughly evaluate the generality of the encoded represen-
tations produced by the triplet network.

IV. RESULTS AND DISCUSSION

In this analysis, we evaluated our deep metric learning
strategy on a variety of downstream tasks, as shown in Table I.
For each task, an eighty-twenty split of the generated triplets
from each training dataset was used to train and validate the
performance of the model. To highlight, the benefits of using
a triplet-network to train our model, we have also included
results of a non-triplet based model that was trained from
scratch without using triplets. In each of the tasks, the triplet
trained version easily surpasses the non-triplet baseline, which
indicates that the triplet network is far better at efficiently
organising the latent space of each task. We also observed
improved mean absolute error (MAE) scores for all four tasks
when compared to the original pre-trained baselines [42, 22].
In order to get a better understanding of the encodings pro-
duced by the triplet-network, we used t-distributed stochastic
neighbour embedding (t-SNE) [26] along with cluster maps,



TABLE I: Results for the four protein downstream tasks.

Model Encoding Vocabulary Absorption Enantioselectivity Localization T50
CNN (Triplet) Character 20 17.14 5.93 0.63 2.58
CNN (Non-Triplet) Character 20 25.28 8.01 0.67 3.32
Doc2Vec [22] Unigram 2000 26.41 6.77 0.65 2.98

4000 18.09 6.90 0.76 2.80
8000 20.92 8.58 0.86 2.59
16000 24.05 7.07 0.77 3.33
32000 21.98 9.53 0.76 2.96

Doc2Vec [22] BPE 2000 23.83 10.38 0.66 2.70
4000 20.80 9.76 0.67 3.01
8000 18.46 6.72 0.75 2.75
16000 20.64 6.08 0.73 2.76
32000 24.27 7.03 0.67 2.80

Doc2Vec [42] Tri-gram 8000 23.30 9.14 0.73 2.91
Doc2Vec [22] Character 20 46.08 12.55 0.81 4.32

Notes: Mean Absolute Error (MAE) between the actual test values and the predicted test values.

Fig. 3: T-SNE and cluster plots, depicting the relationship between the similarity structure of the learned embedding space and
the protein properties of interest (see text for details).



Fig. 4: Saliency maps highlighting the importance of each amino-acid for three proteins taken from the peak absorption task.
The original parent protein is outlined in green, the least and most absorbent mutated versions of the parent protein are outlined
in blue and red respectfully. The mutations can be identified via the red lettering.

as shown in figure 3 (with all t-SNE projections using a
perplexity of 30). The combination of both plots provides us
with a clear visualisation of how the network perceives each
protein within the individual tasks.

In Figure 3, the triplet network produces a set of encodings
that can easily be clustered based on peak absorption wave-
length, with the parent protein appearing central as expected,
given its recorded value. From these figures, one can see
the correlation between the number of mutations a protein
has and its absorption value. We can also discern how the
network quickly identifies the minor mutations to the original
protein. These plots then allow us to observe the contribution
each mutation has to the final feature vector. Visualising the
encodings in this fashion allows one to identify the mutations
that complement the various parts of the original parent
protein.

Similarly to the absorption task, we saw an improvement
in the enantioselectivity task using this encoding scheme, as
shown in Table I. The t-SNE and cluster maps of this task,
figure 3, show how the triplet encodings link the information
with regards to mutation to the actual property of enantiose-
lectivity. Again, the network is capable of successfully ranking
the proteins as these plots indicate the opposite effect of
absorption as the proteins with fewer mutations tending to
have a higher value for enantioselectivity.

The results for the plasma membrane localisation task faired
similarly to both the absorption and the enantioselectivity
tasks. The triplet encodings once again improved upon the

original baselines shown in Table I. When considering the
t-SNE and correlation plots in Figure 3, we can see that
the fewer mutations the protein has, the more likely it is to
have a high localisation value, which is similar to that of the
enantioselectivity task. By visualising the encodings produced
by the triplet network, we can determine that one of the three-
parent proteins is more likely to possess a higher localisation
value. The more mutations a protein has, the more central it
is in the t-SNE plot, and the less likely it is to have a high
value.

The last of the four protein downstream tasks was based on
modelling thermostability (i.e. T50) values. This task again
benefited from the use of the triplet network, with clear
improvements over the original baselines outlined in Table
I. This result is unsurprising given the results of the other
tasks. When we visualise the encodings produced by the triplet
network on Figure 3, we can see how the network was able
to cluster the proteins with high T50 values away from those
with the lower values. From these plots, it should be noted that
the network can recognise the three individual parent proteins
within this task, as is evident in their separation within the
t-SNE plots. Unlike in the previous three tasks tested, the
network seems to cluster the protein sequences solely on the
actual property of interest. Therefore, not basing the prediction
on the frequency of mutations, but instead focusing on the
actual mutations present within the protein. This is apparent
given the large cluster of proteins sharing a high T50 value.
We can also recognise that the network has cluster-specific



parent proteins closer to the high T50 value cluster, indicating
which of the three original parent proteins have more potential
for the task.

To provide a more in-depth insight into the essential features
produced by our model, we will focus on a single example
based on the peak absorption task. In Figure 4, we have
included a set of saliency maps with the original parent protein
from the task is outlined in green. In this figure, we have
highlighted the importance of each amino-acid within the
protein sequence based on the features present in the final max-
pooled representation. Below the parent protein, we have also
included two mutated versions of the parent protein. The least
absorbent mutated version of the parent protein is outlined in
the blue, and the most absorbent is outlined in red respectfully.
When comparing all three proteins in Figure 4, one can see
that the mutations (red lettering) align with what is model
deems essential from the original parent protein. This figure
illuminates the model’s ability to capture known mechanistic
impacts of specific mutations without any prior knowledge
about the biochemistry.

V. CONCLUSION

This investigation has shown how one can still utilise a deep
neural network to produce state-of-art results even when there
is a limited amount of labelled data. This modelling scheme
provides an insight into how the neural network forms each
prediction as one can visualise the impact of modifying the
protein. In doing so, we can gain a more precise look as to
why specific proteins behave differently. When visualising the
embeddings of all four downstream tasks, we compared the
correlations of each protein to their corresponding measured
values of interest and the number of mutations the protein
compared with the parent. In all examples, we were able to
see how the encodings generated contained information at
both levels. From the results, the triplet network appeared
to produce more detailed robust encodings with regards to
the measured properties when compared to the non-triplet and
previous Doc2Vec pre-trained baselines. Although the cluster
maps did indicate some clustering within the data, there is still
room for improvement with regards to separation between the
individual proteins. These results also introduce the question
of whether some other metric-based training scheme could
further improve the performance, such as a matching network.
Additionally, there may be room for improvement with the use
of a recurrent layer (i.e. long-short term memory network or
transformer network). This will allow the network to model
the long-range dependencies within the protein.

In this paper, we have shown that applying modern deep
learning techniques to encode a protein can improve upon
previous baselines and enhance the amount of information
gleaned from each task. The triplet style network allowed
us to take full advantage of a limited dataset and displayed
the potential of deep learning in this problem domain when
suitable techniques are applied.
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