
Supplementary Information

A Network implementation

ABlooper was implemented in Pytorch [2]. The model is composed of five E(n)-
EGNNs [5] all simultaneously predicting the structure of each loop. The imple-
mentation of E(n)-EGNN is based on the open source version of Phil Wang [6].
The main difference between our implementation of E(n)-EGNN and the orig-
inal is the normalisation of relative coordinates before each coordinate update.
This was found to help stability during training. Additionally, edge features
were not used in our model. With these changes, the equations describing the
E(n)-EGNN algorithm become:
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Where xl
i are the coordinates of node i after layer l and hl

i is the 41-
dimensional feature vector of node i. In this notation, φ is a Multi Layer
Perceptron (MLP), C represents a learnable parameter at each layer and r̂ij
is the normalised distance between the points i and j.

The edge MLP (φe), is composed of Linear-SiLU-Linear-SiLU layers, yielding
32 features for each pair of nodes. The node and coordinate update MLPs (φx
and φh) are both composed of Linear-SiLU-Linear layers.

B Prediction dependence on framework quality

Here we explore whether the quality of the frameworks generated by ABody-
Builder affect the quality of ABlooper’s CDR-H3 loop predictions. SI Figure
1 shows that, ABlooper is capable of consistently predicting accurate CDR-H3
loop structures independent of small errors in ABodyBuilder framework predic-
tions.

C Prediction diversity against loop length

Longer CDR loops have been shown to be harder to model [3, 4]. As shown
in SI Figure 2, longer loops tend to have higher prediction diversity. This
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SI Figure 1: Heavy chain framework RMSD of the ABodyBuilder model against
CDR-H3 RMSD of ABlooper Predictions. Framework RMSDs were calculated
after superimposing the predicted ABodyBuilder framework onto the crystal
structure.

means that accuracy filtering will tend to select shorter loops. However, we find
that filtering by prediction diversity is effective even amongst loops of the same
length. For example, if we select the 75% best scoring CDR-H3 predictions for
each loop length separately, the average RMSD over both test sets drops from
2.65Å to 2.45Å.

D Prediction diversity as a measure of predic-
tion quality for all CDR loops

As shown in Figure 1 of the manuscript, the accuracy of a CDR-H3 loop pre-
dicted by ABlooper can be estimated by the diversity of predicted conforma-
tions. In SI Figure 3, we show this relation for each of the CDR loops. In
contrast to CDR-H3, the other CDR loops have a limited number of canonical
forms [1] and because of this, the distributions for other CDRs follow a less clear
trend than for CDR-H3.

Based on these plots, we explored a few cases in more detail. For example,
in the case of the antibody with PDB code 3mlr, the CDR-L3 loops is predicted
incorrectly (RMSD ≈ 8.6Å) with what could be considered an acceptable level
of confidence. When looking at the predicted structure, it was found that this is
due to ABodyBuilder incorrectly modelling the framework region. This shows
the reliance of ABlooper on obtaining accurate templates for the framework.
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Prediction diversity against loop length for CDR-H3

SI Figure 2: Prediction diversity RMSD against the number of amino acids in
CDR-H3 loop for all of the structures in the RAB and the SLS datasets.

A second case is the model of the antibody with PDB code 3lmj, for which
ABlooper obtains an RMSD of around 6.3Å for the CDR-H2 loop. In this
example, the model incorrectly predicts an interaction between the CDR-H3
and CDR-H2 loops, displacing the CDR-H2. In this case the predicted accuracy
is low.
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Prediction diversity against prediction quality for CDR-H1 loop.
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Prediction diversity against prediction quality for CDR-L1 loop.
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Prediction diversity against prediction quality for CDR-H2 loop.
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Prediction diversity against prediction quality for CDR-L2 loop.
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Prediction diversity against prediction quality for CDR-H3 loop.
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SI Figure 3: Prediction diversity against prediction quality for each of the six
CDR loops.
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