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A BSTRACT
Prediction of side chain conformations of amino acids in proteins (also termed ‘packing’) is an
important and challenging part of protein structure prediction with many interesting applications
in protein design. A variety of methods for packing have been developed but more accurate ones
are still needed. Machine learning (ML) methods have recently become a powerful tool for solving
various problems in diverse areas of science, including structural biology. In this work we evaluate
the potential of Deep Neural Networks (DNNs) for prediction of amino acid side chain conformations.
We formulate the problem as image-to-image transformation and train a U-net style DNN to solve
the problem. We show that our method outperforms other physics-based methods by a significant
margin: reconstruction RMSDs for most amino acids are about 20% smaller compared to SCWRL4
and Rosetta Packer with RMSDs for bulky hydrophobic amino acids Phe, Tyr and Trp being up to
50% smaller.
Keywords 3DCNN · DNN · U-net · Protein Structure Prediction · Side Chain Restoration

1 Introduction
De novo protein structure prediction is one of the key fundamental problems in structural biology and a lot of research
efforts are currently focused in this area. Accurate prediction of the protein structure from its amino acid sequence is
required in order to understand the molecular details of various biological phenomena and to fully uncover biological
functions of large number of proteins found inside genomes of living organisms. It can enable efficient in silico
protein design, allowing for the development of new enzymes catalyzing novel types of reactions, development of new
target-specific protein therapeutics and many other powerful applications. However, despite the fact that a protein’s fold,
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in principle, is fully defined by its amino acid sequence, the prediction task is extremely complex due to the immense
size of the conformational search space, which grows exponentially with the sequence length.
Existing approaches often split protein structure prediction into two steps: prediction of the protein’s backbone
conformation (‘folding’) and prediction of the side chain conformations (‘packing’). Most of the currently available
methods for side chain packing are physics-based approaches that involve some sort of search inside a given sample
space, often defined by a library of pre-defined rotamers and/or an optimization using a well-designed energy function.
[1, 2, 3, 4, 5, 6] These methods view the problem from a physico-chemical perspective and are trying to optimize
interactions between side chains while avoiding steric clashes and minimizing the overall energy of the system.
There are currently multiple breakthroughs in Machine Learning (ML) methods that are revolutionizing multiple areas
of science, including chemistry, physics, biology and medicine. A large number of recent studies explored the potential
of applying Neural Networks (NNs) and Deep Neural Networks (DNNs) for a variety of difficult problems for which
classical methods are still unsuccessful. This includes protein modeling, small molecule property predictions, drug
discovery and materials design. [7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17] One of the most notable works in the field
of protein structure prediction is AlphaFold and its successor AlphaFold2, which significantly outperform classical
methods for protein structure prediction. [8, 18]
ML methods have already been used for the task of amino acid side chain restoration. [12, 19, 20, 21, 22] Nagata et al.
trained an ensemble of 156 shallow NNs using inter-atomic distances as an input, which resulted in a remarkably fast
side chain restoration algorithm. The latest version of the OPUS side-chain modeling framework, named OPUS-RotaNN,
which is based on OPUS-TASS, uses deep neural networks to achieve even better performance. [19] OPUS-RotaNN
significantly improves rotamer sampling and can outperform other methods like OSCAR-star, SCWRL4 and FASPR.
In this work we explore the potential of DNNs for the protein side chain conformation prediction. The problem is
formulated as an image-to-image transformation and a U-net-style DNN is utilized to solve it. We demonstrate that our
method significantly outperforms other published approaches. Reconstruction RMSDs for most amino acids are about
20% smaller compared to SCWRL4 and Rosetta Packer, and RMSDs for bulky hydrophobic amino acids Phe, Tyr and
Trp are up to 50% smaller. We anticipate that our approach can be useful for a variety of structural biology-related
tasks such as homology modeling, generating point mutants for in silico protein engineering and other related problems.
Since the direct-coupling analysis (DCA) methods are successful in predicting contacts between amino acids and
inferring the backbone conformations of proteins, it may be possible to couple our method with DCA to deliver high
quality full atom structure predictions. [23] Our code is available at: https://github.com/nekitmm/DLPacker

2 Methods
When training a 3DConv Neural Network model to solve the problem of side chain packing there are three major steps:
input generation, NN inference and side chain reconstruction. The overall approach is schematically illustrated in
Figure 1. The next three subsections describe these steps in more detail.
2.1 Description of the Dataset Preparation
Training and validation datasets were created as described by Shroff et al. [24] In short, all entries in the PDB database
were clustered to 50% similarity to avoid bias towards more abundant classes of proteins. From each cluster only the
single structure with the highest resolution was selected and remodeled using the PDB-redo algorithm, which rebuilds
all structures using a unified algorithm. [25] Clusters containing only structures with resolution lower than 2.5Å were
discarded. If multiple alternative conformations exist inside the protein structure, only the alternative conformation
with the largest sum of occupancies was used, and other conformations are discarded. Hydrogen atoms were omitted in
our model and selenomethionine residues were converted into methionine.
This process yielded 19,436 structures, of which 2,201 were reserved as a validation set and the rest were used as a
training set. This resulted in about 10 million training examples and one million validation examples.
2.2 Input Data Generation
The process of input generation is schematically described on the top portion of Figure 1. After a target amino acid
is chosen for side chain reconstruction, a 20 Å box containing its surrounding microenvironment is isolated from the
protein. The side chain of the target amino acid (if present) is always removed from the input. For all other side chain
atoms in the box, there are different options depending on what stage (training/validation/inference) is being performed
by the model. Since the neural network in this setup is used to restore all side chains in a sequential manner (one amino
acid at a time), the method should be able to make predictions using both a pure backbone representation of a protein
2
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Figure 1: Overview of our side chain restoration algorithm. a. Input data generation and U-net architecture. After an
amino acid is chosen, a cube comprising it’s microenvironment is isolated from the protein and atom positions are
placed on a grid and split into a number of different input channels. The input is then fed into the 3DConv U-net,
consisting of encoder, six residual blocks and a decoder. Structure of a residual block is shown in blue. The output is a
3D density, outlining predicted side chain conformation. This prediction is then turned into side chain atom positions
by fitting a pre-calculated library of side chain conformations. Vertical lines correspond to step-wise decreases of the
learning rate. b. Loss curves for different NN architectures with different numbers of filters in the first 3DConv layer
and different numbers of residual blocks. Bottom row: Illustration of input and output. c. Cartoon representation of
the amino acid’s microenvironment. Only the backbone is left at this stage. d. Encoded atom positions. Each atom is
represented as a 3D gaussian density kernel. Only the sum of four element channels (C, N, O, S) is shown for simplicity.
e. Output from the U-net. Sum of four element channels (C, N, O, S) is shown. f. Reconstructed amino acid side chain
(Trp in this case, shown in red).
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and a partially restored representation of a protein (with some of the side chains already present). Therefore, during the
training stage the side chains of non-target amino acids were removed using the following algorithm: in 50% of training
examples all side chains were removed from the input and in the other 50% a random fraction of the side chains were
removed. All of the amino acid side chains in the PDB structure were completely removed prior to the validation stage
and then restored one by one.
After the input box is defined and side chains are removed if necessary, all atoms are placed on a grid with 40x40x40
dimensions and split into 28 channels: five element channels (one channel each for C, N, O, S and one for all other
elements), one partial charge channel (partial charges were taken from the Amber99sb force field), 21 amino acid
channels (one for each of the 20 canonical amino acids plus one for all other amino acids), and one label channel that
encodes an amino acid label to restore. While the purpose of all element channels and the partial charge channel is clear,
the purpose of 21 amino acid channels is to propagate the information about the sequence, which is necessary because
some or even all side chains are removed. The backbone atoms of each amino acid in the input box are repeated in
the respective channel (in addition to being present in their respective element channels). For example, if there is a
phenylalanine residue present, its backbone (C, N, CA and O) atoms are copied into one phenylalanine channel. This
way the information about protein sequence is not lost after removal of side chains. The output is similar to the input
with two major differences: only four element channels are present (C, N, O and S since only these four elements are
present in amino acid side chains) and the target side chain is present. Note that only one target side chain is restored at
a time, while all the other side chains present in the box are left as they are.
2.3 Neural Network Architecture and Training
We conceptualized the problem of side chain restoration as an image-to-image transformation and opted for a U-net
architecture which is frequently used in this field. [26, 27, 28, 29, 30] One major difference, however, is that our inputs
are 3D images, which require the use 3D convolutions in our architecture. The final architecture is shown on the right
in Figure 1. First, amino acid labels are added as an additional channel through a fully connected (FC) layer, whose
output is then reshaped and concatenated with the rest of the input. The encoder has three strided 3D convolutional
layers with 3x3 kernel size, stride 2 and ReLU (Rectified Linear Unit) nonlinearities. The number of convolutional
filters are 128, 256 and 512, respectively. After the encoder, six residual blocks follow with identical architecture shown
in the middle of Figure 1. Residual blocks also use ReLU nonlinearities between convolutions. The final part is the
decoder, which essentially mirrors the structure of the encoder, but uses 2x upsampling to scale tensor sizes up and
Leaky ReLUs as nonlinearities (α = 0.2). As the U-net architecture implies, the respective outputs from encoder layers
were concatenated with outputs of decoder layers before feeding into the next layer. The very last 3D convolution used
four filters to output the four element channels. This architecture was implemented in Python using TensorFlow 2.4.
The NN was trained for about 1.5 epochs with a step-wise learning rate schedule and a batch size of 32. The initial
learning rate was 1 · 10−5 and was decreased by a factor of 10 each time loss stopped improving. The loss was Mean
Absolute Error (MAE) between prediction and ground truth. Additionally, we added what we call a Region of Interest
(ROI) loss, which is just MAE in the voxels with side chain atoms being restored, which was given larger weight (100
in the final version) to force the NN to put more attention into that region.
2.4 Side Chain Restoration
The output from our model is not atom positions, but a 3D density map, where values of each voxel (the 3D analog of a
pixel) are proportional to the probability of finding an amino acid’s side chain atom at that location (Figure 1c, bottom
row). Converting this output into actual atom positions can be done in a number of ways. We settled on an approach that
uses a library of side chain conformations because this approach guarantees valid conformation as a result. We used our
training dataset to build a library of side chain conformations for each amino acid. The library is backbone-independent
and created in such a way that it contains a list of side chain conformations in which RMSD between any individual
conformation and all other conformations exceeds some threshold value. The threshold values for each amino acid were
manually tuned so that the final library includes a decent, but not overwhelming number of different conformations.
Threshold values that we used as well as the final numbers of side chain conformations are presented in Table 1.
After NN inference, all side chain conformations in the library for a target amino acid are placed on a grid (see Input
Data Generation above) and compared to the NN’s prediction by calculating a fitness score as the mean absolute
difference between the prediction and the current conformation. The conformation with the lowest score is then chosen
as the final prediction. An advantage of this procedure is that it guarantees the prediction to be a valid conformation.
The final fitness score can also be used as a measure of prediction quality: higher scores correspond to poorer prediction
quality and therefore higher uncertainty.
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Table 1: The side chain library used in this work. Threshold value represents minimum RMSD distance between any
pair of rotamers in the library. The library was constructed from the training set. Further details are in the text.
AA Name

Threshold, Å

Number of conformations

AA Name

Threshold, Å

Number of conformations

Arg
Lys
Phe
Tyr
Trp
His
Glu
Gln
Met

0.50
0.25
0.05
0.05
0.05
0.05
0.25
0.25
0.10

2017
2209
1106
1346
4238
1240
903
932
2039

Asn
Asp
Ser
Leu
Thr
Ile
Cys
Val
Pro

0.05
0.05
0.01
0.05
0.05
0.05
0.01
0.02
0.01

1228
1066
641
1329
226
677
388
382
243

2.5 Detection of Salt Bridges
We consider that a salt bridge between Arg or Lys and Asp or Glu is formed if any of the side chain nitrogen atoms of
Arg or Lys are within 3.2 Å of any side chain oxygen atoms of Asp or Glu.
2.6 SCWRL4 and Rosetta Packer Validation
SCWRL4 (ver 4.02) was run in default configuration. For Rosetta Packer (ver 3.12) the maximum number of rotamers
was considered by passing -EX1, -EX2, -EX3 and -EX4 flags and invoking fixbb using the default scoring function
(ref2015) unless stated otherwise. [31, 32] We also tried additionally increasing the number of rotamers for surface
residues by using extrachi_cutoff 0, but that only resulted in marginal improvement of RMSDs while leading to much
longer calculation times.

3 Results
3.1 Architecture of Neural Network
We first started by optimizing some of the hyperparameters of our model, including the size of the microenvironment
in relation to the network input and output, number of convolutional filters in the NN and number of residual layers,
presented in Figure 1b. We found that increasing the number of convolutional filters gives significant improvements in
performance up to 128 filters in the first convolutional layer (the subsequent layers of decoder always double the number
of filters of the previous layer), but further increases did not yield further improvements, perhaps due to larger memory
consumption and smaller batch size during training. We then found that the addition of residual blocks between the
encoder and decoder also leads to significant improvement in performance. We tried adding up to nine residual blocks
in increments of three. Six residual blocks gave the best performance boost and further increase did not seem to improve
the loss further in our experiments. Finally, we hypothesized that using a larger microenvironment (compared to our
initial 20Åbox) could yield further improvements. We then tried using 30Åbox as the input and output size, but that
did not lead to any measurable gains in performance, while requiring about three times longer training and predictions
times. Additionally, the use of BatchNorm layers also did not give any performance boost in our experiments. Our final
architecture is therefore illustrated in Figure 1.
3.2 Performance Analysis
Figure 1 illustrates our best performing architecture. We found that residual blocks in the middle significantly boost
performance, with six blocks delivering the best performance. Further increase in the number of blocks did not lead to
further improvement in our experiments. Increasing the number of convolutional filters also improves the performance
at the cost of longer training and inference times. BatchNorm layers also did not give any performance boost in our
experiments.
We used RMSD as a key metric to measure the performance of our algorithm and to compare it to existing models for
amino acid side chain prediction. Our method’s performance is compared with that of SCWRL4 and Rosetta Packer, as
both are well known and widely utilized approaches. [1, 33, 34, 35, 36, 31, 37] Each algorithm was used on ∼1,000
PDB structures from our validation dataset. The results of these comparisons are presented in Figure 2 and Table 2.
5
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Table 2: Comparison between validation RMSD values for SCWRL4, Rosetta Packer and DLPacker. The values for
each amino acid are obtained by averaging RMSD values for ∼1,000 PDB structures from the validation set.
RMSD, Å
AA Name

Number of residues

SCWRL4

Rosetta Packer

DLPacker

Arg
Lys
Phe
Tyr
Trp
His
Glu
Gln
Met
Asn
Asp
Ser
Leu
Thr
Ile
Cys
Val
Pro

22200
23781
17450
14778
5754
9714
30014
15445
9663
17319
24531
25371
41268
22931
24748
5377
31443
19055

2.07
1.54
0.67
0.83
1.27
1.18
1.34
1.43
1.08
0.88
0.68
0.59
0.49
0.36
0.40
0.40
0.24
0.21

1.84
1.40
0.53
0.68
0.96
1.05
1.26
1.24
0.91
0.80
0.65
0.52
0.45
0.33
0.36
0.30
0.23
0.19

1.44
1.21
0.32
0.38
0.46
0.81
1.02
1.09
0.76
0.65
0.47
0.36
0.35
0.27
0.31
0.24
0.19
0.14

As one can see from Figure 2, DLPacker significantly outperforms both SCWRL4 and Rosetta Packer for all amino
acids. The most significant improvement is achieved for large hydrophobic amino acids like Trp, Phe and Tyr. The
improvement is also significant for a number of charged and polar amino acids such as Arg, Lys, His, Asp and Glu.
Table 3: Side chain reconstruction error rates for bulky amino acids. Values are measured on ∼1,000 PDB structures
from the validation set. Errors are defined as predictions with high RMSDs, higher than the particular threshold. The
motivation for this definition is illustrated in Figure 3 and addressed in more detail in the text. DLPacker demonstrated
smaller error rates resulting in higher quality of reconstruction of side chains of bulky amino acids.
Error Rate, %
AA Name

Threshold, Å

SCWRL4

Rosetta Packer

DLPacker

Phe
Tyr
Trp
His

3.0
3.0
2.0
2.5

4.8
6.2
20.3
11.1

3.7
5.0
14.6
10.8

1.2
1.4
5.1
6.1

To evaluate the performance of DLPacker in more detail, we first analysed RMSD histograms for bulky hydrophobic
amino acids Phe, Tyr, Trp and His (Figure 3). Histograms for all four amino acids show two major peaks: one peak in
the region of low RMSDs (below 2 Å) and one in the region of high RMSDs (2 Å and above). The first peak represents
correct prediction of χ1 dihedral angle, which leads to small RMSD errors during reconstruction. Small RMSD errors
equate to correct reconstruction of the side chain and that the entire side chain will be located in approximately the
correct location. Here we say ‘approximately in the correct location’ because it is important to take into account the
existence of thermal fluctuations at normal temperatures, the limited resolution of experimentally determined structures,
and other factors that lead to impossibility of precise reconstruction. The second peak, however, represents incorrect
prediction of χ1 , which places side chains in the wrong place entirely. This scenario is problematic as it not only
leads to an incorrect reconstruction of one amino acid, but can potentially lead to incorrect reconstruction of the entire
surrounding microenvironment.[38, 39] Based on this observation, we measured what we call error rates for all three
algorithms and compare them in Table 3. It can be seen that DLPacker significantly reduces error rates for all four bulky
hydrophobic amino acids. For example, in the case of Phe, the error rate decreases from 4.8% for SCWRL4 and 3.6%
for Rosetta Packer to 1.2% for DLPacker. Similar improvements are observed for Tyr and Trp: DLPacker demonstrates
about a 4-fold reduction in error rate compared to SCWRL4 and a 3-fold reduction compared to Rosetta Packer. The
improvement for His is more moderate: about 1.8-2 times.
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Figure 2: Side chain prediction RMSDs for SCWRL4, Rosetta Packer and our DLPacker (lower is better). The values
for each amino acid are obtained by averaging RMSD values for ∼1,000 PDB structures from the validation set.
DLPacker outperforms other methods on every amino acid.
Figure 4 shows how the error rates depend on an amino acid’s position in a protein. We use atom counts in an amino
acid’s microenvironment as an indicator of its position within a protein: higher atom counts correspond to the denser
environment of a protein’s core, while lower atom counts indicate either a very small protein or the surface of a protein.
This is important since erroneous side chain predictions for bulky amino acids in dense environments are much more
likely to cause incorrect packing of larger regions around them. As a result, large portions of protein’s hydrophobic core
have a chance of not being reconstructed accurately, which can be problematic for some downstream tasks. In contrast,
an incorrect side chain conformation on the surface of a protein might not lead to significant disruptions. As Figure
4 illustrates, the error rate for all algorithms decreases significantly as the number of atoms in the microenvironment
increases, which is expected as more crowded environment leads to more interactions with neighbouring residues.
DLPacker exhibits significantly smaller error rates across the whole range of atom counts and for all amino acids
presented in Figure 4.
Next, we wanted to investigate the quality of side chain restoration for charged amino acids, like Arg, Lys, Asp and
Glu. Since these amino acids have multiple degrees of freedom (up to four dihedral χ angles), an analysis similar to
that performed for bulky hydrophobic amino acids above is not possible, as the RMSD histograms do not show any
useful structure. Instead, we decided to analyze the quality of reconstruction of salt bridges formed by charged amino
acids since salt bridges play a significant role in protein structure formation and stabilization. Results of this analysis
are presented in Table 4. We used a precision-recall metric to quantify the quality of salt bridge reconstruction. The
precision value shows what fraction of salt bridges in reconstructed protein structure exist in the original PDB structure,
while the recall value shows what fraction of salt bridges from the original PDB structures were reconstructed. The F1
score is a harmonic mean of precision and recall:
F1 = 2 ×

precision × recall
,
precision + recall

(1)

which serves as an aggregated value showing the quality of prediction and combines precision and recall into a single
value. We can see that DLPacker outperforms both SCWRL4 and Rosetta Packer leading to the highest F1 score among
the three: 0.62 vs 0.56 for Rosetta Packer and 0.50 for SCWRL4.
It is also interesting to look at the comparison between Mean Absolute Errors (MAE) of χ angles produced by the
algorithms in comparison (Table 5). DLPacker works much better than other methods when comparing MAEs of χ1 ,
but as we move to χ2 , χ3 and χ4 it starts to lose its advantage. Charged and polar amino acids with lots of degrees
7
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Figure 3: Side chain prediction RMSDs for four bulky amino acids: Phe, Tyr, Trp and His. RMSD values are measured
on ∼1,000 PDB structures from the validation set. All histograms have similar structure and show two major peaks
(three in the case of His, however two of the peaks can be viewed together for our purposes). Insets show high RMSD
peaks in more detail. Cartoon models of side chains (red is ground truth, red is prediction) show specific examples of
side chain restoration errors that compose each peak. Our algorithm (DLPacker) yields significantly fewer predictions
with high RMSD resulting in higher quality packing.

Table 4: Salt bridge reconstruction metrics measured on ∼1,000 PDB structures from the validation set. DLPacker
outperforms SCWRL4 and Rosetta Packer by all three metrics indicating higher quality side chain reconstruction for
charged amino acids. Details are in the text.

SCWRL4
Rosetta Packer
DLPacker

Precision

Recall

F1 score

0.59
0.59
0.70

0.44
0.54
0.56

0.50
0.56
0.62

of freedom (Lys, Arg, Glu, Gln) seem to be the most challenging ones for our method: DLPacker is often worse at
predicting χ3 and χ4 than SCWRL4 and/or Rosetta Packer. Apparently, the model struggles assigning conformations to
amino acids with large number of degrees of freedom (the number of available conformations grows exponentially with
the number of degrees of freedom, i.e. χ angles in this case), while having fewer troubles dealing with bulky amino
acids with smaller number of degrees of freedom. New training methods that might improve assignment of side chains
for these amino acids is an area of further research interest.
8
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Figure 4: Side chain reconstruction error rates for bulky amino acids as a function of the number of atoms in their
microenvironment. Values are measured on ∼1,000 PDB structures from the validation set. Vertical lines show standard
deviations. The definition of the error rate is defined in detail in the text. The number of atoms in the surrounding
microenvironment is an indicator of an amino acid’s position in a protein: higher atom counts indicate that an amino
acid is located in the protein’s core, while low atom counts indicate a location on or near the surface. DLPacker
demonstrates smaller error rates at all atom counts resulting in higher quality of reconstruction of cores of proteins as
well as their surfaces.

3.3 Effect of Restoration Order
Since our approach implies the restoration of side chains structure in a sequential manner (one amino acid at a time),
we need heuristic arguments to choose the most optimal restoration order. In this work, we explored three different
ordering strategies. First, we tried a naive strategy that restores side chains in the order of protein’s sequence: from
N-terminus to C-terminus. This strategy is both simple and effective since amino acids that are next to each other in the
sequence will also be next to each other in the 3D structure. Next, we tried a strategy that orders amino acids according
to the number of atoms in their microenvironment and restores side chains in the most crowded microenvironments first.
This strategy assumes that it is easier to correctly predict side chain conformation in more crowded microenvironment
because there are more interactions and a larger fraction of the volume is already occupied by backbone atoms. It
roughly corresponds to first restoring the side chains in the protein’s interior and then gradually moving to its exterior.
The last strategy orders amino acids according to the prediction quality and is a two-stage process. First, predictions are
made for each amino acid (without actually restoring the side chains) and then residues are sorted by their prediction
score, normalized by the number of atoms in a side chain (see Side Chain Restoration section). The rationale is that
the lower fitness score corresponds to the smaller prediction uncertainty and more likely to lead to correct predictions.
Side chains are then restored in the second pass.
All three methods yield similar results, with the first strategy performing slightly worse than the other two for most amino
acids (Figure 5). The best performing strategy is the third one (by the prediction score) with the only drawback being
that it uses twice as much time and computational resources since we need to pass through the whole protein’s sequence
twice. The second strategy (by the number of atoms in the microenvironment) seems to be a perfect compromise
between speed and quality.
9
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Table 5: Comparison between Mean Absolute Errors of χ angles for SCWRL4, Rosetta Packer and DLPacker. The
values were obtained by averaging MAE values for ∼1,000 PDB structures from the validation set.
MAE, °
AA Name

Software

MAE, °

χ1

χ2

χ3

χ4

AA Name

Software

χ1

χ2

ARG

SCWRL4
Rosetta Packer
DLPacker

28.4
24.3
18.6

28.3
26.9
24.6

58.0
54.4
48.5

59.1
55.3
57.0

ASN

SCWRL4
Rosetta Packer
DLPacker

22.3
20.6
15.1

45.0
41.2
38.2

LYS

SCWRL4
Rosetta Packer
DLPacker

29.5
25.6
19.1

30.5
30.0
28.8

36.9
37.9
43.4

53.2
51.9
65.8

ASP

SCWRL4
Rosetta Packer
DLPacker

22.0
21.3
14.2

20.9
19.9
16.4

GLU

SCWRL4
Rosetta Packer
DLPacker

34.8
32.7
25.0

38.8
37.4
31.7

31.4
30.3
31.3

LEU

SCWRL4
Rosetta Packer
DLPacker

13.2
10.8
7.9

19.5
19.0
15.6

GLN

SCWRL4
Rosetta Packer
DLPacker

27.6
24.2
21.3

43.1
35.2
33.2

54.2
49.1
50.2

ILE

SCWRL4
Rosetta Packer
DLPacker

10.4
9.3
7.6

22.1
19.5
19.8

MET

SCWRL4
Rosetta Packer
DLPacker

21.4
19.0
13.8

31.4
23.8
20.4

53.1
48.4
44.9

THR

SCWRL4
Rosetta Packer
DLPacker

18.5
16.9
12.8

PHE

SCWRL4
Rosetta Packer
DLPacker

12.2
9.2
5.3

12.3
10.0
7.7

SER

SCWRL4
Rosetta Packer
DLPacker

41.2
36.6
24.0

TYR

SCWRL4
Rosetta Packer
DLPacker

13.7
10.8
5.5

12.5
10.5
8.2

CYS

SCWRL4
Rosetta Packer
DLPacker

20.5
14.0
11.4

TRP

SCWRL4
Rosetta Packer
DLPacker

15.1
12.8
5.6

32.7
24.5
12.3

VAL

SCWRL4
Rosetta Packer
DLPacker

15.0
13.5
10.1

HIS

SCWRL4
Rosetta Packer
DLPacker

19.2
17.7
12.1

67.5
58.8
55.6

3.4 Performance on Raw PDB Structures
Since our algorithm was trained and validated on PDB structures refined by the PDB Redo server, we wanted to test
how well it generalizes to raw PDB structures. [25] The results are shown in Figure 5. The resulting RMSD values are
only slightly larger in the case of Raw PDB structures. It is not clear, however, if this difference is due to PDB Redo
structures having higher quality (better resolution) or due to the Raw PDB structures just being slightly different from
the data our algorithm was trained on.

4 Discussion
We developed and comprehensively evaluated a new Deep Learning approach for amino acid side chain prediction in
proteins. Besides much better performance compared to other commonly used tools, our approach has a number of other
advantages. It can be used on any protein structure, including structures of protein complexes, structures containing
DNA, RNA or any small molecules. Our approach can also be utilized in a combination with other physics-based
approaches, for example as one component of a scoring function. The output from the neural network is a 3D density
map, in which values in every voxel are proportional to probability of finding an amino acid’s side chain atom at that
location (Figure 1c), which can be used to score every possible rotamer of an amino acid. This score can then be applied,
for example, as a Context Independent One Body Energy term and added to the default Rosetta scoring function. In our
experiments, however, this did not lead to further improvement compared to our algorithm (data not shown). There are
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Figure 5: Left: Effect of different restoration order on reconstruction RMSD. All three ordering strategies - by sequence,
by number of atoms in the microenvironment and by quality of prediction (prediction score) - yield approximately the
same results, but latter is the best. Right: Comparison between performance on PDB Redo structures and raw PDB
structures. Performance on raw PDB structures only slightly worse. More details are in the text.

several other directions that can be explored by connecting our method with existing approaches in order to optimize
the whole process of amino acid side chain structure prediction in proteins.
Traditional methods of packing of amino acid side chains rely heavily on hand-crafted scoring functions, which try
to take into account all known interactions in proteins. [40] This approach, however, is fundamentally limited by our
knowledge of aforementioned interactions. The list of currently known interactions in proteins is quite long. In addition
to well known and studied ones, like Van der Waals forces, electrostatic interactions and hydrogen bonds, there is also a
list of less studied interactions, which include π − π stacking, π-cation, π-anion, π-sulphur, NH-π, CH-π, C-halogen-π
interactions. [41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51] To make things more complicated, while all the interactions
listed above are usually viewed and characterized as two-body interactions, that is just a simplification of the real
picture and many interactions can be highly affected by multi-body effects. Other still unknown two-body and more
complicated multi-body interactions are also likely to exist in proteins. [52, 53, 54, 55] All these factors enormously
complicate the development of scoring functions for protein packing and make it extremely difficult to estimate the
strengths of all interactions and their dependence on geometry and nature of the microenvironment.
Deep Learning approaches, on the other hand, have no need for explicitly defined scoring functions and do not require
any assumptions on strength and nature of any existing interactions. [8, 56, 57, 58, 59] Studies suggest that current
number of structures in PDB allows for careful and precise estimation of interactions between amino acids, including
multi-body interactions. [53, 55] Trying to elucidate the roots of DLPacker’s performance, we looked at some of
the structures where it yielded correct prediction, while Rosetta Packer (the better performing of two algorithms we
compared to DLPacker to in this work) did not. Results are presented in Figure 6. Visual inspection shows that the
most frequent reason of Rosetta Packer’s failure was positioning side chains facing outwards (into solution) instead
of burying into a protein. This is true for the most structures shown in Figure 6 - instead of putting the target side
chain in position to interact with other side chains shown, Rosetta Packer put it facing outwards and often formed no
strong interactions at all. This may be a result of either underestimation of the strengths of some interactions or drawing
from a limited number of initial rotamers which do encompass the correct configuration of side chain atoms. In our
experiments experiments, however, further increase of the number of initial rotamers only marginally improved RMSD,
while drastically increasing computational time.
We hypothesize that the source of the DLPacker’s high performance is the ability to carefully infer strengths of multiple
two-body and multi-body interactions existing in proteins. We note that DLPacker demonstrates the largest improvement
for aromatic amino acids (Phe, Tyr and Trp). These amino acids are known to form the largest number of various X-π
interactions, which involve their aromatic systems. These interactions are also likely to be highly influenced by the
amino acid’s microenvironment due to high polarizability of aromatic electrons, potentially leading to complicated
dependencies on geometry and nature of its microenvironment.
As was already discussed, our algorithm outperforms other existing methods such as SCWRL4 and Rosetta Packer.
It should be noted, however, that currently this comes at the cost of the increased computational time and resources
(GPU). Despite the fact that SCWRL4 shows poorer metrics, it is highly optimized for speed and is notably faster than
our approach. In our experiments, SCWRL4 was about seven times faster than out algorithm. Rosetta Packer, on the
other hand, was about two times slower than the DLPacker (if run with the maximum number of rotamers to achieve the
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Figure 6: Examples of amino acids for which DLPacker yielded correct result, but Rosetta Packer did not. Backbone is
shown in cartoon representation (cyan) and selected side chains are shown using stick representation. Ground truth side
chains are shown in green, DLPacker’s output in cyan and Rosetta Packer’s in yellow. PDB codes of structures and
amino acid names are shown as well.

performance we report in this work). If run with default parameters, Rosetta Packer becomes significantly faster at
the cost of worse metrics, which are closer to that of SCWRL4. These arguments suggest that our new method can
be effectively utilized for situations that require highly precise side chain localization and where the computational
times and resources are not a limiting step. It will be important to develop our approach to make it faster and work in
conjunction with other available models as part of an integrated workflow for structural biology and protein engineering
applications.

5 Conclusions
Structural prediction of side chain orientation necessitates effectively filling space while simultaneously avoiding steric
clashes. Here, we employed a 3D convolution network to better capture the underlying three-dimensional spatial
relationships and show our novel approach towards amino acid side chain packing outperforms classical methods. While
DLPacker translates atomic coordinates to predict a spatial density before restoring the coordinates of the improved
side chains, we envision further refinements to our method could remove the necessary spatial translation and simply
predict the side chain coordinates from only a list of input 3D coordinates.

6 Code Availability
The code for DLPacker with some usage examples is available at https://github.com/nekitmm/DLPacker.
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