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Inference using both inverse folding and language models

Modern machine learning (ML) tools surpass traditional physics-based methods in designing proteins that express in
vitro by learning nuanced patterns from massive databases of protein sequences and structures [1, 2, 3]. Protein
language models (PLMs) such as ESM-2 and inverse folding models such as ProteinMPNN in particularly have seen
widespread use [1, 4]. These two methods rely on distinct architectures and to learn from sequence and structural
data, respectively. Attempts to unify them into a single ML tool capable of leveraging both sources of information
have encountered mixed success, with reports of marginal improvements in sequence recovery [5], no improvements
in downstream tasks [6], or “catastrophic forgetting” of information learned during pretraining [7].
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Figure 1. Schematic for ensembling inverse folding models, which design residues
using local structural characteristics, with protein language models, which global
sequence information.

Here we show that the performance of such antibody-specific inverse folding models can be matched or exceeded by
ensembling off-the-shelf generic inverse folding models and antibody-specific language models [14], but not generic
protein language models, without any retraining or fine-tuning. Both types of methods compute probability
distributions of all 20 canonical amino acids across a predetermined set of masked residues (Figure 1), and
ensembling such outputs has previously been shown to yield state-of-the-art performance in various zero-shot
prediction tasks [15]. This approach establishes a baseline against which ML-based design tools jointly running
inference on sequence and structure could be evaluated.

Structure-based methods generate unrealistic sequences

This study focuses on designing the six complementarity-determining regions (CDRs) of antibodies, which mediate
antigen binding. Simultaneous unrestrained inverse folding using ProteinMPNN of all six CDRs of a previously
published benchmark set [16] led to a highly diverse sequences, as judged by residue-level Shannon entropy values,
but with poor sequence recovery (Figures 2 and 3). Sequence identity to the closest V-gene, calculated using ANARCI
[17,18], was also found to be poor (not shown). These results were broadly consistent with previous reports [10-12].
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Figure 2. Sequence recovery and similarity to native antibodies. A) Sequence recovery was found to be poor across all
CDRs using the inverse folding model ProteinMPNN or ESM alone. The combination of ProteinMPNN and AblLang
outperformed either method in isolation, particularly on CDRH3 designs. B) Sequence similarity calculated using the
BLOSUMO2 distance matrix. Values were flipped so that zero indicates a perfect match and greater values indicate
greater dissimilarity. C) Average per-residue diversity of CDR designs.
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Figure 3. Sequence logos of ProteinMPNN designs of Trastuzumab (PDB: IN8Z) alongside those for equivalent
conformational clusters. CDRH3 is omitted because it does not form canonical clusters.

AbMPNN, a version of ProteinMPNN trained on antibody structural data, showed broad improvements in all
respects, including improved sequence recovery and V-gene sequence identity. Yet, relative to other approaches
discussed below, many sequences retained high negative log-likelihoods to PSSMs for both PylgClassify2
conformational clusters and the broader OAS, indicating persistent yet reduced unrealistic design (Figures 3 and 4).

Antibody language models do not yield sufficient diversity

Results with the PLM AbLang [15] differed between CDRs H1/L1 and H2/L2, which can be inferred by the V-gene
evident from the unmasked framework sequence, and CDR H3/L3, which cannot. Among the former, we observed
sharp drops in negative log-likelihood to PSSMs (Figure 4), along with higher V-gene sequence identity and
sequence recovery relative to ProteinMPNN designs (Figure 2). In contrast, designs of the CDR H3 showed high
Shannon entropy and poor recovery using AbLang.

N

Predictions from ESM sampled a far more diverse pool of sequences than any other method, consistent with previous
results [19]. While this appeared to come at the cost of sequence recovery, a surprisingly strong and unexpected
correspondence to PylgClassify2 clusters was observed [20]. As the ESM model used here also provides the basis for
the structure prediction model ESMFold [4], we surmise that these results are driven by a deeper, more general
understanding of protein folding, whereas the performance of AbLang likely results from rote memorization. Such
results contrast with, but do not contradict, previous reports showing poorer zero-shot capabilities among antibody-
specific PLMs compared to generalist PLMs [21, 22].
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Figure 4. Antibody-specific methods generally outperform general methods in designing sequences that are more
consistent with sequences sharing the same conformational clusters (top) and CDR lengths in general (bottom). CDR
H3 does not form canonical clusters and was therefore omitted from the former analysis.
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Figure 5. Comparison of ProteinMPNN+AbLang to various methods. A)
Comparison in CDR H3 loop designs to ProteinMPNN alone and
AblLang alone. B) Comparison of sequence recovery in all six CDRs by
ProteinMPNN+AblLang, compared to AbMPNN, a bespoke version of
ProteinMPNN  fine-tuned exclusively on antibody structures and
structural models. Results in both plots show the average values of 100
designs for each PDB structure using each method.
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Figure 6. ROC curve of 35,000 trastuzumab mutants previously measured by deep mutational scanning. Per-residue
probabilities were calculated using either the crystal structure with a fully masked CDR H3, or the complete heavy

chain Fab (for ESM) or Fv (for AbLang) with fully masked CDR H3.

Concluding remarks

Recently several manuscripts have designed inverse folding models that integrate PLMs, with demonstrated
improvements relative to exclusively structural information for protein design. Yet, to our knowledge, no comparisons
have been carried out against naively ensembled sequence- and structure-based ML methods for sequence design.
Such an approach could serve as a baseline against which future attempts to combine both sources of information
should be compared. Here we show how it proved surprisingly effective at designing CDRs H1/L1 and H2/L2 of
antibodies, with diminished effectiveness at CDR H3. This shows how inverse folding can be broadly improved using
PLMs, while exposing failure points to be addressed by future ML methods trained on both sources of information.
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