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ABSTRACT
Developing therapeutic antibodies is a challenging endeavor, often requiring large-scale screening to 
produce initial binders, that still often require optimization for developability. We present 
a computational pipeline for the discovery and design of therapeutic antibody candidates, which 
incorporates physics- and AI-based methods for the generation, assessment, and validation of candidate 
antibodies with improved developability against diverse epitopes, via efficient few-shot experimental 
screens. We demonstrate that these orthogonal methods can lead to promising designs. We evaluated 
our approach by experimentally testing a small number of candidates against multiple SARS-CoV-2 
variants in three different tasks: (i) traversing sequence landscapes of binders, we identify highly 
sequence dissimilar antibodies that retain binding to the Wuhan strain, (ii) rescuing binding from escape 
mutations, we show up to 54% of designs gain binding affinity to a new subvariant and (iii) improving 
developability characteristics of antibodies while retaining binding properties. These results together 
demonstrate an end-to-end antibody design pipeline with applicability across a wide range of antibody 
design tasks. We experimentally characterized binding against different antigen targets, developability 
profiles, and cryo-EM structures of designed antibodies. Our work demonstrates how combined AI and 
physics computational methods improve productivity and viability of antibody designs.
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1. Introduction

Antibodies are an important and growing class of therapeutics,1 

representing the largest and most successful class of biotherapeu
tics, with a market size estimated to reach $450B by 2028.2 To date, 
more than 100 therapies have been approved by the FDA against 
a wide range of disease indications,3 with particular success in 
oncology and immuno-oncology, and with revenues projected to 
surpass that of small molecule therapies in the next few years.4

Modern antibody therapeutic discovery and design pro
cesses are heavily supplemented and accelerated by computa
tional and machine learning (ML) driven methods.5 These 
approaches include the in silico prediction of epitope and 
paratope regions,6,7 various developability and affinity 
characteristics8–10 as well as generative approaches to the 
development of novel candidate antibodies.11–13

Despite recent advances in computational approaches,14–17 the 
majority of successful antibody drug discovery campaigns rely 
heavily on extensive experimental screening, initially to identify 
binders and in subsequent rounds to further optimize specificity, 
affinity, humanness, stability, and other characteristics needed for 
downstream development.1 Alternatively, it is also common to 

start from highly developable frameworks and adapt these anti
bodies to new targets through high-throughput assays.18,19 This 
procedure of optimizing binding affinity and developability char
acteristics separately, is typical of most discovery pipelines, which 
tends to drive up overall costs and prolong discovery time.20

We propose a design pipeline that combines (i) in silico bio
physical property assessment, (ii) machine learning-based anti
body design approaches and (iii) sample-efficient experimental 
validation to enable the design of high affinity and developable 
therapeutic antibodies from starting point antibody candidates. 
We use our pipeline to design antibodies against multiple variants 
of the SARS-CoV-2 receptor binding domain (RBD), we show 
that our methodology is able to discover binders from naturally 
occurring repertoires, improve developability metrics of existing 
binders and rescue antibodies from escape mutations on the target 
antigen.

In this pilot study, we experimentally validated a small number 
of designs from three different computational design methods in 
a single-shot approach. Starting with known SARS-CoV-2 wild- 
type RBD-binding antibodies, we designed and characterized 285 
novel antibodies against different strains of the virus. An overview 
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of our computational design methods and characterization pipe
line is shown in Figure 1.

We demonstrate our computational pipeline is capable of 
(i) efficiently traversing sequence landscapes of binders, 
achieving high expression and hit rates through the use of 
effective computational screening; (ii) rescuing developability 
issues of existing binders, such as aggregation, through the use 
of language model-guided modifications; and (iii) re- 
epitoping21 antibodies to mutated antigens through the use 
of an antibody-specific inverse folding model.

Our computational design pipeline represents a significant 
step toward ML-driven design of potent biotherapeutics.

2. Results

2.1. Selection of viable antibody starting points for 
design

We first sought a pool of template antibodies known to bind 
the SARS-CoV-2 RBD to serve as the basis for design. It was 
previously reported that antibodies binding the Class 3 epitope 
on RBD tend to be tolerant to mutations and thus maintain 
neutralization across RBD strains.22,23 We characterized a set 
of 192 Class 3 antibodies, of which 182 have no known struc
ture and were selected from a larger pool of Class 3 antibodies 
on the basis of their broad neutralization in a previous study.24

To assess this pool of antibodies, we performed a measurement 
of binding affinity against the Wuhan SARS-CoV-2 strain, the 
XBB.1 strain and the XBB.1.5 strain with a single-concentration 

surface plasmon resonance (SPR) experiment, as described in 
Section 4.1.4. A summary of this study is given in Appendix A. 
With these results, we confirmed that eight of the 10 antibodies 
with known structure were able to bind the original Wuhan 
SARS-CoV-2 strain but failed to bind, or only bound weakly, to 
the XBB.1.5 RBD. We selected five of these antibodies, 
BD55–5840,25 DXP-604,26 LY-CoV1404,27 REGN10987,28 and 
S2K146,29 which have CDR H3 loop lengths up to 15 residues, 
as starting points for our hit expansion and re-epitoping pipelines 
described in Section 2.3 and 2.4 respectively. For our develop
ability pipeline, in Section 2.3, we also use as an additional starting 
point the antibody S309,30 which exhibits binding to the Wuhan, 
XBB.1 and XBB.1.5 strains, but has poor developability character
istics, notably a propensity to aggregate and a low melting tem
perature. The binding affinity and developability properties of all 
antibodies used as starting points are given in Table 1. We resolved 
the structure of two of these starting point antibodies, 
REGN10987 and S309, using cryogenic electron microscopy as 
described in Section 4.3. These are shown in Figure 5a,b. Further 
details of the starting points used in each computational design 
pipeline are given in Appendix B.

2.2. Efficiently navigating the antibody space enables the 
identification of diverse binders

We took five starting point antibodies (REGN10987, 
BD55–5840, DXP-604, S2K146 and LY-CoV1404) with strong 
binding affinity against the Wuhan strain, as defined in 

Figure 1. (a) an antibody-antigen complex that will be used as starting point for optimization. (b) Overview of the computational antibody design platform, showing 
the three candidate generation methods. (c) The characterization pipeline used to filter and rank candidates to select a small subset. (d) Experimental validation of 
selected candidates to measure properties such as binding affinity to the target, aggregation propensity and thermostability.
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Section 4.1.5, but no or weak binding against the XBB.1.5 strain 
and moderate CDR H3 loop length. These starting points were 
used as seeds to generate libraries of candidate antibodies from 
paired and unpaired sequences in the Observed Antibody Space 
(OAS) dataset31,32 as detailed in Section 4.2.2. Using our char
acterization pipeline, described in Section 4.2.1, to select anti
bodies for experimental validation, we computationally 
screened 11,389 candidate antibodies, of which 148 were 
submitted for experimental validation, 67 directly drawn 
from OAS and 81 designs elaborated using an inverse folding 
model. None of the 67 candidates drawn from OAS showed 
binding against the XBB.1 and XBB.1.5 strains, while 18 
showed binding against the Wuhan strain in single concen
tration antigen SPR measurements as outlined in 
Section 4.1.4, with 14 strong binders and 4 medium binders, 
as defined in Section 4.1.5. A summary of binding and devel
opability profile is given in Table 2, showing also the high 
dissimilarity of the designs to the starting point, with median 

edit distances from 11 to 75 depending on the starting point. 
About 95% of designs pass our developability criterion 
described in Section 4.1.6. We achieved a hit rate of 21% 
across the four starting points where our characterization 
pipeline was able to identify binding antibodies. Of these 
binders, five derived from the DXP-604 and REGN10987 
starting points were submitted for kinetic SPR characteriza
tion with multiple antigen concentration, with three of these 
being confirmed as strong binders, as displayed in Table 3 
and in Figure 2(a). Structures of the antibody-antigen com
plex for two designs for each starting point are displayed in 
Figure 2(c). We also show the full chromatograms of size 
exclusion chromatography in Figure 2(b). These antibodies 
are highly sequence-dissimilar to their respective starting 
point antibody, with up to 74 edits across the whole sequence. 
These results demonstrate that, given a starting point struc
ture, our pipeline is able to identify sequence-distant binders 
with sample-efficient experimental screening.

Table 1. Sequence of the CDR loops, as well as kinetic characterization with multiple antigen concentrations against three SARS-CoV-2 variants, except for S2K146 
where only a single antigen concentration measurement was performed. As described in Section 4.1.4, and developability characterization, as defined in Section 4.1.6, 
for each starting point antibody used in this study.

Antibody CDR CDR CDR CDR CDR CDR pKD pKD pKD Developable
H1 H2 H3 L1 L2 L3 Wuhan XBB.1 XBB.1.5

BD55–5840 GHSFTSNA INTDTGTP ARERDYSDYFFDY ASLGISTD GAS QQYSNWPLT 10.12 NB 6.14 ✓
DXP-604 GIIVSSNY IYSGGST ARDLGPYGMDV QGISSD AAS QQLNSDLYT 9.67 NB 5.84 ✓
LY-CoV1404 GFSLSISGVG IYWDDDK AHHSISTIFDH SSDVGDYNY EVS SSYTTSSAV 9.01 NB NB ✓
REGN10987 GFTFSNYA ISYDGSNK ASGSDYGDYLLVY SSDVGGYNY DVS NSLTSISTWV 7.84 NB NB ✓
S2K146 GFTFSNYA ISYDGSNK ASGSDYGDYLLVY SSDVGGYNY DVS NSLTSISTWV 10.34 NB NB ✓
S309 GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDN QTVSSTS GAS QQHDTSLT 8.89 8.93 9.22 55

Table 2. Sequence of the CDR loops, as well as kinetic characterization with multiple antigen concentrations and developability characterization of candidate 
antibodies designed with the OAS scanning strategy. The first row for each starting point contains the sequence and experimental validation of the starting point 
antibody itself, with mutations introduced underlined in subsequent rows.

Starting CDR CDR CDR CDR CDR CDR pKD pKD pKD Developable
point H1 H2 H3 L1 L2 L3 Wuhan XBB.1 XBB.1.5

REGN10987 GFTFSNYA ISYDGSNK ASGSDYGDYLLVY SSDVGGYNY DVS NSLTSISTWV 7.84 NB NB ✓
GFTFNYA ISYDGSNK ARVHGSGSYHFDS QSVFYSSTNKNY LAS HQYFNTPDS NB NB NB ✓
GFTFSSYG ISYDGSNK AKGHLAVAGVFDY QSVLYSSNNKNY WAS QQYYSTPPFYT 8.53 NB NB ✓
GFTFSSYG ISYDGSNK AKGDSSGYYLLDY QSVLYSSNNKNY WAS QQYYSTPPT NB NB NB ✓

DXP-604 GIIVSSNY IYSGGST ARDLGPYGMDV QGISSD AAS QQLNSDLYT 9.67 NB 5.84 ✓
GIIVSRNY IYSGGST ARDLIADGMDV QGIGSW AAS QQLNSDLYT 9.07 5.35 5.87 ✓
GLIVSSNY IYPGGST VRDLYYYGMDV QGISSY AAS QQLNSDLYT 9.38 NB NB ✓

Table 3. Summary of experimental characterization of candidate antibodies generated with our design strategies. Developable denotes designs that pass our HPLC 
quality threshold as detailed in section 4.1.6. Hits are designs that show measurable binding in a single concentration antigen screen, regardless of strength of the 
binding interaction.

Method Starting Designs Median CDR Median FW Hits Hits Hits Develop.
point edit dist. edit dist. Wuhan XBB.1 XBB.1.5

BD55–5840 43 38 22 1 0 0 43
OAS DXP-604 26 7 4 22 1 1 23
scanning LY-CoV1404 23 12 5 0 0 0 20

REGN10987 33 39 35 1 0 0 32
S2K146 23 41 34 2 0 0 22

BD55–5840 13 11 - 1 0 0 3
Inverse DXP-604 13 4 - 13 7 7 13
folding LY-CoV1404 13 3 - 12 0 2 13

REGN10987 13 10 - 2 0 0 12
S2K146 13 5 - 3 0 0 11

BD55–5840 12 2 5 12 0 0 12
DXP-604 12 3 5 12 0 0 12

Efficient LY-CoV1404 12 5 6 12 0 0 12
evolution REGN10987 12 5 5 2 0 0 10

S2K146 12 3 4 10 0 0 12
S309 12 3 6 12 12 12 6
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2.3. Protein language model approaches enable 
improvement of developability properties for existing 
candidate antibodies

Beyond the generation of novel binders against a target of 
interest, improving the developability profile of existing bin
ders while maintaining affinity to the target is also an impor
tant task in computational antibody design. It has been shown 
previously that protein language models can provide a useful 
avenue for developability optimization.11,33,34 Using an ensem
ble of six ESM language models35 to identify sequence muta
tions with high likelihood, we generated 12,000 designs (2,000 
for each of the six starting points) as described in Section 4.2.4 
and characterized and ranked the designs using our character
ization pipeline.

This combination of energetics assessment with language- 
guided evolution allows us to improve developability 

properties of starting point antibodies in a single-shot in silico 
study while maintaining binding affinity with the antigen. This 
is in contrast with the original study,33 which required two 
rounds of experiments with an initial assessment of single- 
point mutations, and for which many antibodies lost their 
binding affinity to the antigen.

We submitted the 12 top ranked designs for each starting 
point for experimental validation, testing 72 designs in total for 
which a summary is given in Table 2. Of these, 57 designs 
maintained binding against the Wuhan strain (51 strong binders, 
6 medium binders), achieving a hit rate of 79% with a median 
edit distance of 8. Of particular interest, the starting point anti
body S309 has strong binding to the Wuhan strain as well as the 
XBB.1 and the XBB.1.5 strains, but has unfavorable developabil
ity characteristics, namely a propensity for aggregation,36 as 
measured by the size-exclusion chromatography approach 

Figure 2. Main results of the OAS scanning design strategy. (a) Full titration SPR measurement of binding affinity to the Wuhan strain for selected designs and starting 
points. (b) Size-exclusion chromatography experiments for all designs and starting points. (c) Selected examples of design structures, highlighting mutations to the 
starting point in orange.
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described in Section 4.1.6, as well as poor thermostability. All 12 
designs derived from the S309 starting point that were experi
mentally validated maintained binding against all three strains of 
the virus. We ran full-titration SPR on all 12 of the S309-derived 
designs and confirmed them as either strong (9) or medium (3) 
binders against the XBB.1.5 strain and strong binders against the 
Wuhan strain, as is shown in Table 4 and Figure 3(a). The 
antibody-antigen complex structure for a few selected designs 
is shown in Figure 3(c). We further ran size exclusion chromato
graphy columns on these 12 designs. All designs showed signifi
cant improvements in aggregation and 10 of the 12 designs 
showed improvement in thermostability compared to the S309 
starting point, as shown in the chromatograms and melting point 
comparisons in Figure 3(b). This demonstrates the ability of our 
pipeline to generate and identify candidate antibodies with favor
able developability properties while maintaining existing binding 
affinities.

2.4. Inverse folding enables rescue of candidate 
antibodies from escape mutations

Recovering binding activity of therapeutic antibodies after 
escape mutations on the target antigen is a particularly impor
tant task for computational antibody design.37,38 We demon
strate that using an antibody-specific, antigen-aware inverse 
folding model and our characterization pipeline, we can 
recover binding to the antigen after viral escape mutations.

To this end, we generated 25,000 designs using AbMPNN,39 

as described in Section 4.2.3, using five starting point antibo
dies (5,000 each for REGN10987, BD55–5840, DXP-604, 
S2K146 and LY-CoV1404). We ranked and filtered them 
using our characterization pipeline. We experimentally vali
dated the top 13 designs for each starting point through 
a single concentration antigen SPR measurement, of which 
a summary is given in Table 2. Of these 65 designs, 31 main
tained binding against the Wuhan strain, with 25 strong bin
ders and 6 medium binders, achieving a hit rate against the 
Wuhan strain of 48%. Amongst the designs binding to the 
Wuhan strain, the median edit distance is 4 with a maximum 
edit distance of 13.

For the starting points LY-CoV1404 and DXP-604, we demon
strate using a full-titration SPR measurement that 9 designs main
tained strong binding against the Wuhan strain and gained weak 

(2) or medium (7) binding against XBB.1.5, while display
ing favorable developability characteristics, as shown in 
Table 5 and in Figure 4. For the DXP-604 starting point, 
we achieve a hit rate of 54% against the XBB.1 and XBB.1.5 
strains, while the LY-CoV1404 starting point designs have 
a hit rate of 15% against the XBB.1.5 strain. Furthermore, 
we selected one design per starting point for structural 
characterization with the cryo electron microscopy metho
dology described in Section 4.3 to verify the binding pose 
of our designed antibodies against the Wuhan SARS-CoV-2 
RBD. These experimentally resolved structures are shown 
in Figure 5c,d.

With these results, we demonstrate that our candidate anti
body generation and characterization pipeline is not only able 
to improve binding and developability for existing antibody 
binders but is also able to yield antibodies binding to pre
viously non-bound epitopes.

3. Discussion

We introduce a novel pipeline for the discovery and design of 
potent and developable therapeutic antibody candidates. Our 
approach, which integrates physics-based and ML-driven anti
body design and characterization, successfully identifies effec
tive and sequence-diverse binders with favorable developability 
profiles from the natural antibody repertoire, using existing 
antibodies as starting points. Our pipeline presents a valuable 
opportunity for hit elaboration during antibody design cam
paigns. We demonstrate that combining our characterization 
pipeline with a language model for sequence-based elaboration 
enhances the developability profiles of candidate antibodies 
while maintaining binding potency in a single round of in silico 
screening. This suggests a viable strategy for the lead optimiza
tion of antibody therapeutics. Lastly, we show that using an 
inverse folding model in combination with our characterization 
pipeline can allow for the restoration of binding activity in 
candidate antibodies after antigen escape mutations, using low- 
sample experimental screening.

Our computational design pipeline could be combined with 
a Bayesian optimization approach40–44 to improve properties 
of candidate antibodies over multiple design cycles with 
experimental validation. Future directions for research also 
include incorporating recent advancements in antibody- 

Table 4. Sequence of the CDR loops, as well as kinetic characterization with multiple antigen concentrations, thermostability and developability characterization of 
candidate antibodies designed with the efficient evolution strategy. The first row contains the sequence and experimental validation of the S309 starting point 
antibody itself, with mutations introduced underlined in subsequent rows.

CDR CDR CDR CDR CDR CDR FW edit pKD pKD pKD Developable Melting
H1 H2 H3 L1 L2 L3 distance Wuhan XBB.1 XBB.1.5 point

GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDN QTVSSTS GAS QQHDTSLT – 8.89 8.93 9.22 ✗ 64.61
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QTVSSNS GAS QQHDTSLT 5 8.7 8.7 8.89 ✓ 70.41
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QSVSSNS GAS QQHDTSLT 5 9.3 8.5 8.93 ✓ 70.81
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QTVSSTS GAS QQHDTSLT 6 8.7 8.4 8.46 ✗ 69.88
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QSVSSNS GAS QQHDTSLT 6 8.2 8.5 8.6 ✗ 71.08
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QTVSSNS GAS QQHDTSLT 6 8.8 8.6 9.12 ✗ 70.31
GYTFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QTVSSNS GAS QQHDTSLT 5 8.7 7.9 7.99 ✓ 70.40
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QTVSSTS GAS QQHDTSLT 5 8.8 8.6 8.79 ✓ 55.25
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QSVSSTS GAS QQHDTSLT 6 8.6 8.5 8.83 ✗ 57.26
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QSVSSNS GAS QQHDTSLT 4 8.4 8.4 8.8 ✓ 80.21
GYTFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QSVSSNS GAS QQHDTSLT 6 8.5 7.8 7.92 ✗ 70.34
GYTFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QTVSSNS GAS QQHDTSLT 6 8.8 7.8 7.89 ✗ 70.15
GYPFTSYG ISTYNGNT ARDYTRGAWFGESLIGGFDV QTVSSNS GAS QQHDTSLT 4 8.5 8.3 8.4 ✓ 71.86
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antigen structure prediction using modern ML techniques45,46 

to facilitate faster and more accurate generation of antibody- 
antigen complex structures. Structure-based design with anti
body-specific diffusion models47–49 may potentially deliver 
rational de novo biologics design against novel targets, 
although these models have seen limited experimental success 
to date, see e.g. Appendix E.

The findings of our study have practical implications for the 
development of therapeutic antibodies and pave the way for the 
computational design of developable therapeutic antibodies. By 
improving the efficiency and accuracy of antibody design, our 
pipeline has the potential to accelerate the development of new 
therapeutics and improve their success rates in clinical 
applications.

Figure 3. Main results of the efficient evolution design strategy. (a) Full titration SPR measurement of binding affinity to the three virus strains for selected designs and 
the S309 starting point. (b) Size-exclusion chromatography experiments for all designs and the starting point, as well as thermostability measurements. (c) Selected 
examples of design structures, highlighting mutations to the starting point in orange.
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Table 5. Sequence of the CDR loops, as well as kinetic characterization with multiple antigen concentrations and developability characterization of candidate 
antibodies designed with the inverse folding strategy. The first row for each starting point contains the sequence and experimental validation of the starting point 
antibody itself, with mutations introduced underlined in subsequent rows.

Starting CDR CDR CDR CDR CDR CDR pKD pKD pKD Developable
point H1 H2 H3 L1 L2 L3 Wuhan XBB.1 XBB.1.5

DXP-604 GIIVSSNY IYSGGST ARDLGPYGMDV QGISSD AAS QQLNSDLYT 9.67 NB 5.84 ✓
GIIVSRNY IYSGGST ARDLGPYGMDV QGISSD AAS QQLMDTLYT 10.01 5.78 6.33 ✓
GIIVSRNY IYSGGTT ARDLAVYGMDV QGIGSD AAS QQLNSDLYT 10.17 5.99 6.15 ✓
GIIVSRNY IYSGGST ARDLGPYGMDV QGISSD AAS QQLNDLLYT 9.38 5.12 6.01 ✓
GIIVSRNY IYSGGTT ARDLGPYGMDV QGIGSD AAS QQLNSDLYT 9.53 5.84 6.35 ✓
GIIVSRNY IYPGGST ARDLGVYGMDV QGISSD AAS QQLNDYLYT 10.76 5.91 6.33 ✓
GIIVSRNY IYSGGST ARDLGPYGMDV QGIGSD AAS QQLNSDLYT 10.02 6.37 6.28 ✓
GIIVSRNY IYSGGST ARDLGPYGMDV QGISSD AAS QQLNSDLYT 10.64 6.15 6.07 ✓

LY-CoV1404 GFSLSISGVG IYWDDDK AHHSISTIFDH SSDVGDYNY EVS SSYTTSSAV 9.01 NB NB ✓
GFSLSTSGVG IYWDDDK AHHSISTIFDH SSDVGNYNY EVS SSYTSSSVV 9.57 NB 4.87 ✓
GFSLSISGVG IYWDDDK AHHSISTIFDH SSDVGIYNY EVS SSYTTSAAV 9.48 NB 4.88 ✓

Figure 4. Main results of the inverse folding design strategy. (a) Full titration SPR measurement of binding affinity to the three virus strains for selected designs and 
starting points. (b) Size-exclusion chromatography experiments for all designs and starting points. (c) Selected examples of design structures, highlighting mutations to 
the starting point in orange.
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4. Materials and methods

4.1. Experimental methods

4.1.1. Antibody protein production and purification
Protein production and gene synthesis were conducted by 
GenScript. After synthesis, The selected VH/VL sequences 
underwent cloning onto an IgG1 backbone, facilitating the 
expression of the full antibody structure. The recombinant 
antibodies were then transfected into Genscript’s proprietary 
TurboCHO-HT expression system, a high-performance mam
malian cell line optimized for antibody production. This sys
tem offers high yield and consistent expression levels, critical 
for subsequent purification steps.

Post-expression, the antibodies were subjected to purifica
tion processes involving affinity chromatography, typically 
using Protein A or Protein G columns, to isolate the antibodies 
from the cell culture supernatant. The purified, eluted protein 
fractions were pooled to ensure batch consistency and under
went buffer exchange into phosphate-buffered saline (PBS) at 

pH 7.4. The final protein concentration was measured using 
the A280 method, which relies on absorbance at 280 nm to 
quantify protein concentration based on the presence of aro
matic residues, ensuring accurate and reproducible concentra
tion determination.

This approach ensures high purity and functionality of the 
antibodies, ready for subsequent experimental use.

4.1.2. Antigen protein production
GenScript provided pcDNA3.4 plasmids encoding the original 
Spike RBD variant as well as the XBB.1 and XBB.1.5 mutant 
strains with additional C-terminal hexahistidine (6×His) tags 
for affinity purification. Plasmids were transiently transfected 
into Expi293F cells (ThermoFisher). The cellular density was 
adjusted to 3� 106 cell/mL, with a final volume of 400 mL of 
Expi293 expression media in 2-L non-baffled Erlenmeyer flasks 
(Corning, cat. No. 431255). Next, 400 mg of plasmid DNA was 
diluted with 24 mL of Opti-MEM medium (ThermoFisher, cat. 
No. 31985062). In a separate tube, 1.3 mL of Expifectamine 293 

Figure 5. Cryo-electron microscopy epitope mapping of four selected antibodies in complex with the SARS-CoV-2 spike protein. (a) and (b) show the REGN10987 and 
S309 starting points, while (c) and (d) are selected designs from the inverse folding method. In each panel, the left-hand side shows central slices of 3D electron 
microscopy volumes colored by local resolution in angstroms, and the right-hand side displays locally refined interfaces of the fragment antigen-binding region and 
receptor-binding domain (in blue).
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reagent (GIBCO, cat. No. 13385544) was then diluted in 23.7  
mL of the same medium. Sample DNA and Expifectamine were 
then mixed and incubated at room temperature for 20 min. 
Cultured cells with this mixture added were then incubated 
for 3 days at 37C and 8% CO2. The supernatant from the culture 
was collected by centrifugation at 4000×g for 30 min. Affinity 
purification was then performed using AmMag Ni Magnetic 
beads (GenScript Biotech, cat. No. U3108HC180). Beads were 
washed 4 times with 50 mm HEPES at pH 7.5, 500-mM NaCl, 
and 5% glycerol buffer to remove nonspecifically bound protein. 
Protein was then eluted with 50-mM HEPES at pH 7.5, 500 mm 
NaCl, 5% glycerol, and 500 mm imidazole. Eluted Spike RBD 
was then buffer exchanged into 50-mM HEPES and 150-mM 
NaCl buffer with a PD-10 Sephadex G-25 desalting column 
(Cytiva, cat. No. 17085101). The purity and concentration of 
the obtained protein were determined by SDS-PAGE and the 
A280 method, respectively.

4.1.3. Differential scanning fluorimetry experiments
Monoclonal antibody thermal stability was assessed with 
a Prometheus Panta instrument (NanoTemper Technologies) 
using a differential scanning fluorimetry (DSF) analysis with 
temperature increased from 25 to 95 C with a rate of increase 
of 1C/min. High sensitivity capillaries supplied by 
NanoTemper Technologies (Cat. No. PR-C006) were used in 
all experiments. Output data were processed using 
a Prometheus Panta Control Software (NanoTemper 
Technologies). We report the lower melting temperature, 
Tm1, for all starting point and designed antibodies.

4.1.4. Surface plasmon resonance experiments
Surface plasmon resonance (SPR) analysis of purified mAbs was 
performed with a Bruker Sierra Sensors MASS-2 instrument 
(Bruker Corp), following the methodology described in.50 In 
these experiments, goat anti-human Fc antibody (Jackson 
ImmunoResearch, Product #109-005-088) was covalently 
coupled on an HCA censorship (Bruker) by first activating the 
spots with a mixture of 400 mm EDC and 100 mm NHS for 10  
minutes at 10 µL/min. This step was followed by coupling of the 
anti-human Fc antibody at 25 µg/ml in sodium acetate buffer 
(10 mm, pH 5.0) for 6 minutes at 15 µL/min. The remaining 
uncoupled sites were blocked with 1 M ethanolamine at pH 8.0 
injected for 6 minutes at 10 µL/min. In general 13,000 RU of 
antibody was captured on each spot. After surface preparation, 
human mAb capture was performed at 20 µg/ml for 30 seconds 
at 10 µL/min to give on average 250 RU. Binding to three 
variants of SARS-CoV-2 RBD, the original strain, XBB.1 and 
XBB.1.5 mutants, was measured in independent experiments. 
For initial SPR experiments a single-shot injection of the three 
antigens was performed at 100 nM for 90 sec with a flow-rate of 
50 µl/min and the dissociation phase was monitored for 600 sec. 
Confirmation of binders via titration experiments was per
formed with the same injection periods but with a 10-point 
three-fold serial dilution from 1 µM for each antigen. To regen
erate the surface, 200 mm phosphoric acid was injected for 30 sec 
three times. The mAbs and antigens were diluted in the running 
buffer, which consisted of HBS-EP+ (10 mm HEPES pH 7.4, 
150 mm NaCl, 3 mm EDTA, 0.05% v/v Tween-20). Data was 
double referenced by subtracting reference data obtained 

simultaneously with the active injection at a blank spot and 
subtracting data from a preceding blank buffer injection 
obtained at the active spot. Data processing was carried out 
with Sierra Analyser (Bruker, ver3.4.1) and fitting was carried 
out using a 1:1 model with Scrubber (BioLogic Software, 
ver2.0c).

4.1.5. Surface plasmon resonance results analysis
The equilibrium dissociation constant KD is calculated from 
the ratio of the dissociation rate constant kd and the associa
tion rate constant ka, which are fitted from the corresponding 
slopes in the sensorgram obtained through the procedure 
described in section 4.1.4. In practice, we report the negative 
logarithm of KD, 

pKD ¼ � log10 KD : (1) 

To enable easy comparison of binding results, we refer to 
binding detected in SPR experiments as weak (4.5 < pKD 
< 6), medium (6 � pKD < 8) or strong (8 � pKD). Further, 
for single concentration antigen SPR measurements, we intro
duce a quality assurance criterion, discounting any data points 
for which a binding signal was observed but which had 
a response of less than 30% of the theoretical maximum 
response as non-binding.

4.1.6. Size-exclusion chromatography high-performance 
liquid chromatography experiments
Measurements were performed with an Agilent 1260 Infinity II 
system using AdvanceBioSEC 200A 1.9 µm 4.x6×150 mm col
umns (Cat. No. PL1580–3201) and a PBS pH 7.4 mobile phase 
at a flow rate of 0.4 mL/min for 7.2 minutes per injection. 
A diode array monitoring absorbance at 205 nm was used as 
the detector and peaks were integrated in the window of 1–
4.1 minutes retention time. For each mAb, 100 ng of total 
protein were injected in a maximum injection volume of 10 
μl, with 10 μl being injected for proteins that did not reach 
a purified concentration higher than 10ng/μl. The fraction of 
the total integrated peak area contained within the highest 
peak was reported as “ratio in main peak”. Using a set of 
benchmark antibodies as reference, we considered antibody 
candidates as developable, if the highest peak was observed 
between two to three minutes retention time and has a ratio in 
the main peak above 0.5. This set of parameters was chosen to 
ensure that the highest peak was the monomeric peak and that 
the majority of the antibody was monomeric in solution. Note 
that here monomeric refers to the intact antibody protein in its 
native state. We use this metric to assess the aggregation state 
and hydrophobicity of antibodies.51

4.2. Computational methods

4.2.1. Antibody characterisation pipeline
In order to enable assessment, ranking and filtering of compu
tationally suggested candidate antibodies prior to experimental 
validation, we implemented a computational pipeline to pre
dict a range of metrics, both with and without the presence of 
the corresponding antigen, as shown in Figure 1. This pipeline 
is in the following referred to as the characterisation pipeline. 
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The pipeline takes as input a set of antibody sequences to be 
characterized as well as a reference complex structure of 
a starting point antibody against the target of interest. 
Antibody structures and antibody-antigen complexes are pre
dicted and potential liabilities (sequence- and structure-based) 
filtered out, prior to candidate ranking. To this end, antibody 
sequences are first annotated, characterized and filtered. For 
the remaining antibody sequences, structural models are pre
dicted and assessed for developability as well as stability. Using 
target epitope and antibody structures, complex structures are 
predicted and the resulting complexes are ranked and filtered 
based on predicted interactions to determine candidate anti
bodies to take forward to experimental assessment.

4.2.1.1. Sequence-based characterisation. Antibody 
sequences are first numbered using ANARCI.52 Candidate 
sequences are then scanned for any motifs that are known to 
negatively affect developability,53 and any that contain these 
liabilities are discarded at this stage in order to reduce down
stream computational cost.

4.2.1.2. Structure-based antibody characterisation.
Antibody structures are predicted using ABodyBuilder2.54,55 

Predicted structures are then characterized using with the 
Therapeutic Antibody Profiler (TAP)56 and structures with 
red TAP flags are discarded from further analysis. In addition 
to this, interface stability of the heavy and light chains is 
characterized using Rosetta as described in Section 4.2.6 and 
structures with predicted interface energy above 5 kcal/mol, 
used as a proxy for antibody instability, are discarded from 
downstream analysis.

4.2.1.3. Structure-based complex characterisation. The 
remaining candidate antibodies are characterized for their 
predicted interactions with the target antigen. ChimeraX57 is 
used to generate a complex structure between each candidate 
antibody and the target antigen, using the antibody in the 
reference complex to guide the complex generation by calcu
lating a low resolution map (6 Å) of the reference antibody and 
fitting the candidate antibody into that map. The resulting 
complex is relaxed using OpenMM.58

Following complex generation, the predicted complex is 
characterized using Rosetta. Complexes with shape comple
mentarity score below 0.45 and complexes with positive inter
action energy at mutated residues (see Section 4.2.6) are 
discarded at this point. The remaining structures are ranked 
as described below.

4.2.1.4. Ranking of antibody candidates. In order to balance 
overall structure stability and interface energetics, we employ 
a bi-variate Gaussian fit for the ranking of candidate antibodies 
after structure characterization. To this end, we fit the bi-variate 
Gaussian to the overall Rosetta score and the Rosetta predicted 
free energy change. We omit from the fit any sequences which 
have either total score or free energy change further than 1.5 
interquartile ranges from the upper or lower quartile bound
aries. For designs where both the overall score and the free 
energy change are lower than the starting point antibody, we 

then compute the Mahalanobis distance, while all others are 
discarded. Designs are then ranked by decreasing distance.

4.2.1.5. Confirmation of high-ranking candidates. Rosetta 
calculations are stochastic, with multiple runs with the same 
input structure leading to an ensemble of results. Prior to 
experimental validation, we therefore repeat the Rosetta 
score generation for the 50 highest-ranking candidate antibo
dies with 10 replicates. We then consider the two replicates 
with the lowest total score, as well as the two replicates with the 
lowest free energy change. Final Rosetta scores are calculated 
by averaging over this set of two to four replicates, and we 
perform an identical ranking procedure to select the designs 
with highest Mahalanobis distance in the left lower quadrant 
for experimental verification. Further details are given in 
Appendix D.

4.2.2. Candidate library generation from OAS
We scanned both paired and unpaired OAS32 for potential 
candidates for assessment with the antibody characterization 
pipeline outlined above. For paired OAS, where both light and 
heavy chain of each deposited antibody are known, we deter
mined the V and J gene of the starting point antibody and 
considered all non-redundant, paired antibodies in OAS as 
candidates which had matching V and J gene in the heavy 
chain and a CDR H3 length within one residue of the starting 
antibody length. For unpaired OAS, we searched for heavy 
chains in OAS with the same V and J gene as the starting 
point antibody heavy chain, same length CDR H3 and at least 
50% sequence identity to the starting point CDR H3. The 
heavy chains identified through this scan were paired with 
the starting point antibody light chain. Candidates are then 
assessed according to the characterization pipeline described 
in Section 4.2.1. We further expanded the libraries through 
two rounds of elaboration using the inverse folding model 
described in section 4.2.3. In each round, we generated 25 
variants for each of the 100 top ranked designs from each 
library, using the inverse folding model and assessed according 
to our characterization pipeline.

4.2.3. Candidate generation with an inverse folding model
To generate candidates with similar structural features but 
with novel sequences, we used the inverse folding model 
AbMPNN.39 AbMPNN is a fine-tuned version of the 
ProteinMPNN59 inverse folding model that specializes in anti
body sequence prediction. The model takes an antibody- 
antigen complex structure as input and produces a sequence 
for the antibody that is predicted to fold into the complex 
structure. It can take partial sequence information for condi
tioning on both antibody and antigen sequence, and has been 
shown to achieve competitive results in several recent 
benchmarks.60–62

To select which residues to design, we identify all 
paratope residues in the CDR loops for the starting anti
body structures. Here we define paratope residues as those 
with a heavy atom within 4 Å of an antigen heavy atom. 
We then selected the four CDR loops with the most 
paratope residues and redesigned the paratope residues 
in these loops. This was intended to reduce the edit 
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distance to the starting antibody in comparison to mod
ifying the entire paratope. We then generated 5,000 
sequences per starting antibody at a temperature of T =  
0.2 for 25,000 sequences in total. Candidates are then 
assessed according to the characterization pipeline 
described in Section 4.2.1.

4.2.4. Candidate generation with a language model
We consider suggested mutations from the ESM-1b lan
guage model and the ESM-1 v ensemble of five protein 
language models,35 following the language-model-guided 
affinity maturation procedure described in.33 Amino acid 
substitutions along the heavy and light chain sequences are 
recommended by a consensus of masked language models, 
and we consider as potential mutations the set of substitu
tions with higher likelihood than the wild type by at least 
one model.

We provide a list of all these potential substitutions 
along with the wild type residue as input to Rosetta, allow
ing it to pick either a suggested language model mutation 
or the wildtype amino acid. Rosetta then samples rotamers 
to repack the side-chains of the modified antibody in com
plex with the antigen. We then use the same selection 
criteria as described in section 4.2.1 to select the best 
scoring sequences from a sample of 1,000 sequences gen
erated from combinations of all possible mutations, though 
only a single round of Rosetta calculations are performed 
in this pipeline due to the comparatively lower number of 
designs.

This leads to relatively high edit distances to the wild type 
sequence, as Rosetta preferentially picks out some of the muta
tions consistently, and leads to diversity across samples due to 
the stochastic nature of the assessment.

4.2.5. Generation of initial structures for design
Though a chimeric structure of XBB.1.5 RBD fused to the 
SARS-CoV-1 core structure has recently become 
available,63 no structure was available at the beginning of 
our study. To enable structure-based assessment of designs 
against XBB.1.5 RBD, we therefore predicted the structure 
of XBB.1.5 RBD using ColabFold.64 The resulting model 
structure is predicted with high confidence except in the 
region proximal to the RBD glycan. This ColabFold struc
ture was then aligned to the RBD models present in the 
template PDBs noted in Appendix B to generate antibody- 
XBB.1.5 RBD complexes. The resulting complexes were 
then energy relaxed with Rosetta as described in 
Section 4.2.6.

4.2.6. Physics-based minimization, design, and scoring 
with Rosetta
Rosetta365 was used for relaxation and energetic scoring of 
antibody Fvs and antibody-antigen complexes. In the efficient 
evolution design pipelines, Rosetta was also used to introduce 
mutations into the CDRs of antibody-antigen complexes.

In all Rosetta runs the beta_nov16 score function was used to 
assess energies and the InterfaceAnalyzeMover used to compute 
dG_separated, the Rosetta prediction of binding free energy 
change, at the interface of interest, given in kcal/mol. When 

the input to Rosetta was an antibody Fv, the interface between 
the heavy and light chains was analyzed with 
InterfaceAnalyzeMover. In cases when an antibody-antigen com
plex was input to Rosetta, interface analysis was applied to the 
antibody-antigen interface. In all cases, side chains were 
repacked before computing interface statistics. The 
RunSimpleMetrics66 function was used to compute the structural 
aggregation propensity (SAP),67 RMSD from the initial struc
ture, and dihedral distance from the initial structure. We briefly 
summarize the key Rosetta protocols used in our study below.

In relaxation simulations, all backbone atom positions were 
restrained with weights ¼ 1 and the structure then minimized 
to an energy tolerance of 0.001 kcal/mol using MinMover. This 
minimized structure was then subjected to one iteration of the 
FastRelax repacking and minimization protocol, and the 
resulting structure then assessed with RunSimpleMetrics and 
InterfaceAnalyzeMover.

For design, Rosetta format resfiles were prepared specifying 
which amino acid positions were mutable and to which new 
amino acids they could change. First, restraints were applied to 
all Cα atoms in the input structure to maintain the overall 
backbone configuration. Mutations are introduced and the 
structure relaxed via three alternating rounds of rotamer 
repacking and minimization with soft constraints 
(weights ¼ 0:4) using PackRotamersMover and MinMover, 
respectively, followed by two rounds of minimization with 
RotamersTrialsMinMover. Each design cycle was concluded 
by a final minimization with MinMover. This process was 
repeated three times and the final structure analyzed with 
InterfaceAnalyzeMover and RunSimpleMetrics as noted above.

Due to the stochastic nature of the Rosetta relaxation and 
design protocols, repeat runs using the same starting structure 
give different results. We therefore carried out 10 replicate 
runs of Rosetta and considered the set of up to four replicate 
structures with the two lowest total score values and the two 
lowest free energy change to compute final scoring metrics.

We also used the interface_energy module within Rosetta to 
predict the degree to which antibodies engage SARS-CoV-2 
XBB.1.5 RBD. First, we used PyMol to list the paratope resi
dues in the antibody as those within 4 Å of the antigen and the 
epitope residues in the antigen as those within 4 Å of the 
antibody. We then computed all pairwise contact energies 
between these two sets of residues to generate a contact energy 
matrix. Finally, we computed the sum of all pairwise contact 
energies involving any of the 23 XBB.1.5 RBD mutations, 
generating a single energy value representing the strength of 
interactions of the antibody with mutated residues in XBB.1.5 
RBD. We exclude any candidates for which the difference 
between the sum of mutated energies is positive.

4.3. Cryogenic electron microscopy methods

4.3.1. Sample preparation
Purified Fabs were incubated with 6P stabilized SARS-CoV-2 
spike protein68 at a molar ratio of 1.2:1 for 5 minutes on ice. 
Prior to application of this solution to the grid, fluorinated 
octyl maltoside (FOM) was added to a final concentration of 
0.01% (w/v) to aid in overcoming preferred orientation. In all 
cases 3 l of spike:Fab complex solution was applied to 
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Quantifoil R1.2/1.3 grids (200 mesh) pre-treated by glow dis
charge in air at 20 mAmp for 30 seconds, resulting in 
a negatively charged grid surface. Samples were blotted with 
0 blot force for 4 seconds, and plunge frozen in liquid ethane 
using a Vitrobot Mark IV (Thermo Fisher Scientific). The 
sample chamber was held at 4 C and 95% relative humidity 
throughout.

4.3.2. Data collection
Cryo-EM data were collected at the Eindhoven NanoPort 
facility on a 200 kV Glacios 2 cryo-TEM (Thermo Fisher 
Scientific) equipped with a Falcon 4i direct electron detector 
and Selectris energy filter. Further details on optical settings 
are listed in Appendix C.

4.3.3. Image processing
Cryo-EM image processing was carried out in cryoSPARC 
4.0.69 Raw EER movies were preprocessed using patch 
motion correction and patch CTF estimation without 
upsampling. Particles were picked with cryoSPARC blob 
picker and extracted into 520 pixel boxes, binned to 130 
for early processing steps. Iterative 2D classification and 
manual curation were used to clean the initial particle 
stack. Ab initio model generation into 4 classes was used to 
distinguish spike:fab complexes from apo spike. Particles 
containing spike:fab complex were re-extracted into 2× bin 
(260 px) boxes for further refinements. Non-uniform refine
ment was used to generate global 3D reconstructions with 
C1 symmetry. Local refinement masks comprising RBD and 
Fab were generated with UCSF Chimera57 and used for local 
refinement of spike-fab interfaces in cryoSPARC. Final maps 
were locally sharpened with deepEMhancer.70 FSCs were 
calculated using the gold-standard method at a cutoff of 
0.143.
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Table A1. Summary of experimental characterization of 192 class 3 antibodies from a single concentration antigen screen 
against three strains of the SARS-CoV-2 RBD. Binding strength is determined from the pKD value as detailed in section 
4.1.5..

Wuhan XBB.1 XBB.1.5

Non-binders 29 191 94
Weak binders 0 0 0
Medium binders 0 0 7
Strong binders 163 1 98

Figure A1. Cryo-electron microscopy epitope mapping of two selected antibodies in complex with the SARS-CoV-2 spike protein. In both panels, the left-hand side 
shows central slices of 3D electron microscopy volumes colored by local resolution in angstrom, and the right-hand side displays locally refined interfaces of the 
fragment antigen-binding region and receptor-binding domain (in blue).

Appendices

Appendix A

Class 3 antibody SPR screen

We performed a broad single concentration antigen screen with the SPR method described in Section 4.1.4 to estimate binding affinity of 192 class 3 
antibodies against the Wuhan strain, the XBB.1 strain and the XBB.1.5 strain. A summary of these measurements is given in Table A1, with further details 
available in the full dataset at https://doi.org/10.5281/zenodo.13862717.

Using the cryogenic electron microscopy methodology described in Section 4.3, we assess the binding pose and antibody structure of two selected 
sequences, OC220225-SN0108 and OC220302-SN0554. These are from the set of 182 for which no previously known structure exists and exhibit strong 
binding to the Wuhan strain. The structural characterization for both antibodies is shown in Figure A1.
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Appendix B

Starting point antibodies

The starting point antibodies used in this article are shown in Table B1. Of these six starting points, all have potent binding to the Wuhan strain of the 
virus, but only S309 is an effective binder to all three antigens tested, namely wild-type, XBB.1 and XBB.1.5. S2K146, BD55–5840 and DXP-604 are weak 
binders to XBB.1.5, but do not bind to XBB.1. REGN10987 and LY-CoV1404 only bind to the Wuhan strain and have no efficacy against XBB.1 and 
XBB.1.5.

Appendix C

Cryo-EM settings

Details on optical settings for the cryo-EM data collection are given in Table C1.

Appendix D

Ranking of designs

In Figure D1, we show the distribution of total score and free energy change for all candidates across each design strategy. For the language model 
pipeline, which had a smaller number of total designs, 10 replicates were used in a single round to select final top-ranking candidates. An inset is shown 
for each plot, displaying the left lower quadrant of the distribution, with contour plots of the bi-variate Gaussian fit used for final ranking according to 
Mahalanobis distance. The fit excludes outliers, defined as further than 1.5 interquartile range above the third quartile or below the first quartile.

Table B1. Starting point antibodies used in this study, along with the template PDB structure used, and the corresponding RBD strain. Each starting point was used with 
the efficient evolution approach, while only starting point antibodies with CDR H3 of length up to 15 residues were used in the inverse folding and OAS scanning 
method.

Antibody Name
Template PDB used RBD Strain in template PDB Used in method

Inverse folding OAS scanning Efficient Evol.

BD55–5840 7WRZ25 Omicron ✓ ✓ ✓
DXP-604 7CH426 Wuhan ✓ ✓ ✓
LY-CoV1404 7MMO27 Wuhan ✓ ✓ ✓
REGN10987 6XDG28 Wuhan ✓ ✓ ✓
S2K146 7TAS29 Wuhan ✓ ✓ ✓
S309 7X1M30 Omicron – – ✓

Table C1. Data collection parameters.

Samples
REGN10987 antibody- antigen complex 

S309 antibody-antigen complex

Design derived from the DXP-604 starting point
Design derived from the LY-CoV1404 starting point

OC220225-SN0108 antibody-antigen complex
OC220302-SN0554 antibody-antigen complex

Energy source XFEG E-CFEG
Voltage (kV) 200 200
Magnification 165,000 165,000
Apertures C2: 50 , no objective aperture C2: 30, no objective aperture
Spot size 2 2
Beam diameter () 1.1 1.1
Pixel size (Å . . .) 0.694 0.694
Dose rate (e-/pix/sec) 10.8 12.1
Electron exposure (e–/Å . . .2) 50 50
EER frames 702 657
Exposure time (sec) 2.29 2.15
Selectris energy filter slit (eV) 10 10
Images per hole 2 (Fringe-Free Imaging) 2 (Fringe-Free Imaging)
Hole centering Aberration-free image shift Aberration-free image shift
Delay after stage shift (sec) 10 5
Delay after image shift (sec) 0.5 0.5
Autofocus Once per cluster Once per cluster
Defocus range () −0.7 to −1.4 −0.7 to −1.4
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Figure D1. Multi-variate gaussian fit of the designed candidates, with selected designs shown in orange. (a) Two rounds of Rosetta selection for the OAS scanning 
pipeline, with one and 10 replicates respectively. (b) Two rounds of Rosetta selection for the inverse folding pipeline, with one and 10 replicates respectively. (c) 
Selection of language model designs from the efficient evolution pipeline.
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Appendix E

CDR design with RFdiffusion

We attempted to use RFdiffusion, [71] a state-of-the-art protein backbone 
diffusion model, to re-design CDR loops of starting point antibodies. We 
considered two starting point antibodies, BD55–5840 and LY-Cov1404, 
and used RFdiffusion to design part of the CDR H3 and CDR L3 loops 
respectively, using the remainder of the antibody and the XBB.1.5 antigen 
as motif.

We identify the six contiguous residues closest to the antigen as 
those to re-design in each selected CDR loop, and sample backbone 
conformations with RFdiffusion of six to nine residues to replace the 
original CDR loop. We use four different configurations for both 
starting point: (1) the default RFdiffusion model, (2) the 
Complex_beta_ckpt model weights, intended to generate a greater 
diversity of backbone topologies, (3) partially noising and de-noise 
the original backbone with 20 steps with the default model weights, 
and (4) using the default model in conjunction with an auxiliary 

potential, which consists of an SE(3) transformer trained on classify
ing experimental antibody structures from modified ones where all 
CDR loops have been re-designed with RFdiffusion. For each config
uration and starting point, we generate 200 samples, for a total of 800 
structures. For each structure, we then generate 5 sequences by pre
dicting all modified residues with AbMPNN.

Across each pool of 1000 sequences and backbone structures for 
every configuration and starting point, we select 10 using the char
acterization pipeline described in Section 4.2.1 for experimental vali
dation. These 80 designs, 40 for each starting point, are selected to 
bind against the XBB.1.5 variant. As shown in Table E1, we find that 
none of these designs bind to XBB.1 or XBB.1.5, however 32 of them 
show efficacy against the Wuhan strain, to which the starting points 
also had measurable binding, resulting in a hit rate of 40%. There is 
no statistically significant difference in measured binding affinity or 
hit rate across the different configurations. Of the 32 binders, 11 have 
modified loop lengths where additional residues where inserted dur
ing the CDR backbone redesign.

Table E1. Summary of experimental characterization of candidate antibodies generated with RFdiffusion.

Starting point Designs Hits Hits Hits Developable

(Wuhan) (XBB.1) (XBB.1.5)
BD55–5840 40 15 0 0 29
LY-CoV1404 40 17 0 0 29
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