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In this technical report, we introduce NESSO-1, a coarse-grained cofolding framework for binding-
affinity prediction. NESSO-1 requires ~ 1 second per prediction on a single GPU. This offers
more than one order of magnitude speed-up over the leading open-source baseline, Boltz-2, which
significantly expands the regions of chemical space that can be explored during high-throughput
virtual screening. Importantly, NESSO-1 matches or surpasses the accuracy of Boltz-2 over the
same benchmarks adopted in their study—which we show reflect in-distribution scenarios—as well
as over more challenging out-of-distribution data encompassing the OpenBind affinity benchmark
and 25 internal biochemical assays. Notably, NESSO-1 maintains robust predictive accuracy even
on assays with extremely low similarity to the training data. Moreover, we highlight examples
where NESSO-1 demonstrates meaningful selectivity, separating the binding affinities of identical
compounds between on-targets and related off-targets. Nonetheless, zero-shot generalization to real-
world medicinal chemistry remains an inherently challenging task; consequently, we acknowledge
specific assays where the model’s performance is limited. We open-source NESSO-1: code and
weights are available at https://github.com/recursionpharma/nesso.

1 Introduction

A key challenge in target-based drug design is predicting whether a compound binds to a protein and
its associated binding affinity, which represents how energetically favourable such an interaction is [1].
For a given target, finding hits requires a scoring function that is reliable at scale across chemical space.
However, in later stage design, precision plays an increasingly important role and understanding specific
interactions in the binding site is necessary to identify the most potent and promising candidates. Since
binding affinity derives from enthalpic and entropic contributions, estimating this value ideally involves
knowing or predicting the 3D structure(s) that a protein-ligand complex can assume. However, explicit
modeling of every atom in the 3D structure introduces a vast number of degrees of freedom and has
resulted in unforgiving trade-offs between speed and accuracy. Docking methods have been a primary
workhorse in structure-based drug design thanks to their efficiency [2; 3; 4]. Yet their accuracy greatly
depends on access to a suitable holo structure, as they may not capture induced-fit conformational
changes [5; 6]. Alternatively, simulation-based methods such as Free Energy Perturbation (FEP)
[7; 8; 9; 10] have shown high correlation with experiments [11; 12] as they rely on molecular dynamics
to capture thermodynamic changes. However, such approaches incur a high computational cost [13]
and are sensitive to structure preparation and simulation protocol [14].

Cofolding methods, whereby deep-learning models directly predict the holo 3D structure of a protein-
ligand pair from sequence and SMILES, have shown promise in disrupting the physics-based Pareto
front [15; 16; 17; 18; 19; 20; 21; 22; 23]. A long-term aspiration is to benefit from these methods
not only to predict structures but also to score their affinity accurately across diverse targets and
chemotypes. The main cofolding paradigm relies on training an expensive trunk that updates single
and pair representations, which are then refined by a heavy-atom generative model. Boltz-2 expanded
upon this framework by leveraging both the trunk outputs and the generated poses to train a separate
affinity module [24]. As the leading open-source cofolding affinity model, Boltz-2 demonstrates that
predictive accuracy significantly surpassing traditional docking scores can be achieved without the need
for computationally expensive simulations. However, subsequent evaluations have underlined limited
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Figure 1: NESsO-1 accelerates open-source cofolding affinity models (Boltz-2) while matching or
surpassing their accuracy. On the left we compute inference runtime over three internal targets:
estimates are obtained on a single H100, averaging over 10 compounds, and do not include fixed costs
(ESM-2 loading for NESsO-1 and MSA for Boltz-2). Note that both models leverage cuEquivariance
kernels. On average, NESSO-1 is > 10x faster than Boltz-2. On the right, we report cross-assay
Pearson averages weighted by the number of compounds. Error bars are computed across recycling
steps for NESSO-1 and for Boltz-2. For Boltz-2, error bars are only reported for evaluations conducted
in this study. We distinguish between in-distribution and out-of-distribution benchmarks based on the
chemical similarity with the training data. NESSO-1 outperforms Boltz-2 across each benchmark. In
general, zero-shot generalization to real-world medicinal chemistry is a challenging task and the overall
performance of both models reflect that.

out-of-distribution performance [25; 26]. Importantly, Boltz-2 affinity predictions can be uncorrelated
with the quality of the generated poses [27; 28], suggesting that atomistic resolution may be unnecessary
or even harmful for the affinity module. In fact, such resolution means that a prediction requires ~ 20
seconds, a cost which remains prohibitive in large Hit-ID campaigns. In light of this, we raise the
following:

Key Problem. Full-atom resolution in cofolding models severely limits applicability in early drug-
discovery stages and may be unnecessary when training a separate binding affinity module.

Faster alternatives to Boltz-2 exist, yet these are achieved by effectively removing cofolding altogether.
Methods like Hermes [29] directly predict affinity without explicitly modeling structures; while this
approach offers orders of magnitude speed-up, its transferability across protein classes is unclear.
Boltzina mitigates the cost of sampling from a generative model, but this derives from reverting to rigid
docking [30]. Ligand-only generative models often excel at pose prediction yet they require knowledge
of the binding site and may ignore the receptor’s flexibility [31; 32; 33]. While these approaches are
generally viable, it remains unclear to what extent removing structural information or keeping the
target rigid is sufficient for downstream predictions.

TerraBind is a recent model which tackles the Key Problem by operating on the coarse-grained
token-level representation only and removing the heavy-atom generative model [34]. The affinity module
is instead optimized exactly as in Boltz-2. Thanks to these changes, TerraBind reports to be one order
of magnitude faster than Boltz-2 and achieve comparable or superior accuracy in affinity prediction.
Although this work represents a significant advance, important limitations persist: (i) TerraBind is
closed-source and depends on proprietary ligand embeddings; (ii) Evaluation on public benchmarks is
limited (CASP16 only) and it remains difficult to assess similarity between their assay chemistry and
the data that TerraBind and the proprietary embeddings were trained on.

To address both the Key Problem and TerraBind’s limitations, in this report we present NESSO-1, a
coarse-grained cofolding model for predicting binding affinity. NESSO-1 adopts the training data and



optimization framework of Boltz-2 [24] but removes much of its architectural complexity, in particular
the atomistic Diffusion Module, in line with the valuable changes proposed in TerraBind [34]. In our
report, we primarily compare NESSO-1 against Boltz-2, as this is the leading open-source cofolding-based
affinity model and utilizes the same affinity training data. Our main contributions are:

e NESsSO-1 is open-source and does not rely on proprietary ligand embeddings. We
release weights trained strictly on public data, providing the broader community with a fast,
accessible cofolding affinity model that can be deployed at scale for high-throughput screening.

e NESSO-1 is the fastest open-source cofolding affinity model. Requiring ~ 1 second
per prediction, NESsO-1 is > 10x faster than Boltz-2 (see Figure 1, left). Internally, this
speed-up allows us to screen up to 20x the number of compounds compared to Boltz-2 under
the same computational budget. Consequently, NESSO-1 significantly expands the breadth of
high-throughput virtual screening at the accuracy of cofolding affinity models and facilitates
rapid fine-tuning on continuous data streams.

e NESSO-1 matches or surpasses the accuracy of leading open-source affinity models.
NESsoO-1 outperforms Boltz-2 on their original benchmarks. As we demonstrate that these
datasets share high chemical similarity with the training data, we further establish NESsO-1’s
robustness in challenging, out-of-distribution scenarios. NESSO-1 achieves the highest accuracy
on the recent OpenBind benchmark [6] and outperforms Boltz-2 on 25 internal, biochemical
assays (see Figure 1, right).

e NESSO-1 remains competitive out-of-distribution. We show that NESSO-1’s predictive
accuracy is robust across varying degrees of chemical similarity to the training data. Moreover,
we provide examples where NESSO-1 has meaningful selectivity for detecting off-target liabilities.

How to interpret our results Figure 1 illustrates the contrast between standard public benchmarks
and real-world biochemical assays. Specifically, our report highlights that test sets like OpenFE and
CASP16 are largely in-distribution for models trained on BindingDB or ChEMBL. Consequently, we
caution against drawing broad comparisons between NESSO-1 and Free Energy Perturbation (FEP)
methods based solely on these benchmark performances. Indeed, zero-shot generalization to real-world
medicinal chemistry for models trained exclusively on (biased) public data remains an exceptionally
challenging task, as similarly noted by [33]. It is therefore expected that the performance of NESsO-1
and Boltz-2 is limited on certain internal assays. Indeed, even on the recent OpenBind benchmark,
NEssO-1 offers only a modest improvement over a simple molecular weight ranking. Nevertheless,
NESsO-1 surpasses existing Al models on OpenBind by a notable margin and remains competitive on
most internal assays featuring heavily out-of-distribution chemistry. Crucially, it manages to outperform
the leading open-source baseline while offering more than an order of magnitude speed-up.

Despite limitations in zero-shot generalization on certain assays, NESSO-1 currently establishes a faster
cofolding affinity baseline that matches or surpasses the accuracy of leading open-source models. We
release it as a foundational tool for the community to build upon and iteratively improve.

2 Results

2.1 Overview of model and data

In this technical report we mainly focus on empirical evaluations. Before discussing the results, we
provide an outline of NESSO-1’s architecture and training (see Figure 2). NEsso-1 adopts the following
general principles:

(i) Removing the heavy-atom diffusion module as proposed by TerraBind [34] and streamlining
the trunk to only update pair-token representations [35; 34; 36];

(ii) Curating public affinity data as reported in Boltz-2 [24] and employing similar losses that focus
on intra-assay differences to compensate for noise and biases in different experimental settings.

While TerraBind adopts a similar paradigm [34], it relies on proprietary ligand embeddings and remains
closed-source. In contrast, with NESSO-1 we release weights that are independent of proprietary
embeddings and trained solely on public data. Our results show that NESSO-1 not only offers
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Figure 2: Diagram of NESSO-1’s architecture.

significant speed-ups compared to leading open-source baselines such as Boltz-2 but often exceeds
their accuracy. These findings indicate that existing structure-based models may fail to map specific
atomistic interactions to binding-affinity, and hence may be limited by such high-frequency structural
information.

Structure module NESsO-1 follows a general cofolding blueprint, where a sequence and a SMILES are
first embedded via an atom encoder and then mapped to a pairwise representation z by a Pairformer
trunk [16; 21]. The latter relies on triangle attention and multiplication operations instantiated at
the token-level, meaning that z directly encodes geometric information regarding ligand heavy atoms
and protein residue centers (Cg, or C, in the case of Glycine). In line with later simplifications
proposed in [35; 34], the trunk in NESSO-1 only updates pairwise token representations, resulting in a
significant reduction in parameters. Moreover, we also eliminate MSA information following [34; 36].
To compensate for a more efficient trunk with less capacity, we rely on pre-trained protein embeddings
from ESM-2 [37].

The representation z is optimized via categorical cross-entropy over distance bins. We use the center of
these bins and the predicted logits from the trunk to infer the expected distance between tokens. From
the probability distribution associated with these pairwise distances, we can compute a normalized
entropy restricted to protein-ligand pairs only, which we denote by Hpy, as in [34]. During inference,
expected distances are used for cropping and to reduce context for the affinity module, while the
protein-ligand entropy Hpy, acts as an intrinsic structure uncertainty module. In particular, we adopt
TerraBind’s cropping strategy, whereby the full protein context is used only during the first pass of the
trunk, while the remaining recycling steps retain protein tokens with predicted distances < 22A from
the ligand.

Training data and stages The trunk and atom encoder are trained on public data only. In particular,
we leverage experimental crystal structure from PDB released before 2021-09-30 [38], high-quality
protein distillation data from AFDB [15; 39] and a subset of distilled protein-ligand complexes from
SAIR [40] curated and released by [33]. Training follows a multi-stage strategy aligned with [34], where
we progressively focus on the binding site through cropping.

Affinity Module As proposed in Boltz-2 [24], we instantiate a separate, smaller Pairformer, termed the
affinity module, which is optimized to predict both a binding likelihood value (for Hit-ID classification)
and a binding affinity value (for Hit-to-Lead regression). We treat binding affinity and potency labels
(K;, K4, 1C50, EC5) interchangeably to absorb the experimental biases and missing metadata inherent
to public assay datasets. The affinity module conditions on (i) the pre-trained atom encoder, (ii) the
frozen protein language model embeddings and (iii) the pre-trained pairwise representation z, alongside
its inferred distance bin information. In particular, we follow TerraBind [34] and mask z so as to only



include protein tokens within an expected cutoff of 15A from any ligand heavy atom as predicted from
the trunk.

Training data and optimization The data curation follows ezactly what is reported in Boltz-2 [24],
which also allows for a fair comparison of models. Namely, we consider the same data as in [24, Table 1].
The main sources for Hit-to-Lead assays are BindingDB [41] and ChEMBL (v34) [42]; for classification
data, we use PubChem (1.8.1) [43], CeMM Fragment Dataset [44] and the MIDAS Metabolite Data
[45]. We employ the same decoy generation strategy, exclude the same uninformative assays, and apply
identical data-leakage constraints by removing any training datapoint with > 90% protein sequence
similarity to the FEP+ benchmark [11]. A key distinction, however, is how structure-based filtering is
implemented in practice. Adopting the heuristic from TerraBind [34], we discard any complex with
protein-ligand entropy Hpr, > 0.7 and pIC50 > 6 (recall that pIC50 = —log IC5g). The affinity module
is jointly optimized using a focal loss for classification, forcing the model to learn to separate active
compounds from inactive ones, and a Huber loss [46] for regression. The regression loss is explicitly
split into an absolute loss and a relative difference loss, with the latter being up-weighted to focus the
model’s capacity on capturing intra-assay differences and mitigate the effect of inter-assay biases [24].
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Figure 3: Evaluation of coarse-grained poses of NESSO-1 against baselines reported in [34]. NESsO-1
matches the performance of similar closed-source coarse-grained models such as TerraBind.



The final weights are obtained by averaging the final training checkpoint and the best one from the
validation loss.

2.2 Structural benchmarks

First, we evaluate the structural quality of the pairwise representation z learned by the trunk, which
serves as the core input to the affinity module. To generate 3D coarse-grained poses, we adopt the
optimization routine introduced by [34]. Here, the Cg (C,, for Glycine) and ligand-heavy atom positions
are iteratively updated so that their spatial distances match the expected values derived from the
distogram induced by z. We also benchmark NESSO-1¢y1_context; Where the full-protein context is
leveraged at each recycling step (not just the first one). We adhere to the same evaluation criteria of
TerraBind to test NESSO-1’s structural representations, which do not depend on proprietary ligand
embeddings. All baseline performance numbers are taken from [34]—in particular, we recall that Boltz-1
has the same training data cutoff. For a fair comparison, we follow previous benchmarking efforts
and also generate 10 pose samples per complex and select the top-scoring pose for evaluation after
applying symmetry correction. Note that we adopt the same structural metrics: (i) Ligand RMSD
< 2A success rate—after aligning over a region of 15A centred at the ligand; (ii) Ligand RMSD < 2A
and LDDT-PLI > 0.8, which instead is enforced on a more localized region of 6A. Our benchmarks
include FoldBench [47], PoseBusters [48], and Runs N’ Poses [49]. Finally, minor discrepancies may
exist between our evaluation sets and those of TerraBind due to unshared filtering criteria (e.g., specific
small-molecule exclusions).

Analysis of results The evaluation in Figure 3 demonstrates that NESSO-1¢y11—context matches or
slightly surpasses the performance reported by closed-source models like TerraBind. Crucially, this is
achieved without the need for proprietary ligand embeddings. While the performance of NESSO-1 on
structural metrics is marginally worse than NESSO-1¢,11—context, restricting the full-protein context solely
to the first recycling step yields significant acceleration, particularly for large proteins. Consequently,
in the following, we benchmark affinity predictions derived from the NESSO-1 trunk output. Indeed,
internal evaluations reveal no noticeable gain in binding-affinity accuracy when utilizing the more
computationally expensive representations from NESSO-1¢u11_context- We acknowledge that heavy-atom
resolution via generative modeling may still be necessary for precise cofolding, as our model cannot
resolve exact side-chain placements within the binding pocket. Nevertheless, our results highlight
that the representations learned by a streamlined trunk can be sufficiently expressive to capture the
coarse-grained protein-ligand interfaces required for accurate binding-affinity predictions.
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Figure 4: Average Precision and Enrichment Factor at different percentiles on the MF-PCBA dataset,
as measured from the predictions of the classification head in NESSO-1’s affinity module. Results
confirm that NESSO-1 achieves the highest average precision and matches Boltz-2’s enrichment factor.
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Figure 5: Inference runtime of NESSO-1 and Boltz-2, both tested with and without NVIDIA cuEquiv-
ariance kernels [50]. We compute inference runtime over three internal targets: estimates are obtained
on a single H100, averaging over 10 compounds, and do not include fixed costs (ESM-2 loading for
NESso-1 and MSA for Boltz-2). On average, NESSO-1 is > 10x faster than Boltz-2. While both models
benefit from cuEquivariance kernels, the acceleration is even greater in the case of NESSO-1.

2.3 Binding-affinity benchmarks

The focus of our evaluations is on binding-affinity predictions. We include both public benchmarks and
internal biochemical assays. We reiterate that NESSO-1 was trained on public affinity data following
the curation strategy outlined in Boltz-2 [24], allowing for a fair comparison. Indeed, we primarily
compare the speed-accuracy trade-off of NESSO-1 with that of Boltz-2, as the latter represents the
leading open-source cofolding affinity model currently available.

2.3.1 Inference speed

We benchmark the speed-up gains afforded by the coarse-grained cofolding approach in NESSO-1 by
comparing with Boltz-2. In Figure 5 we consider three internal targets of varying sizes, ranging from
~ 300 residues to ~ 1000 residues. The wall-clock inference time of each model is an average over 10
compounds per target. In particular, the estimates account for the cost of running each model from
input to binding-affinity predictions, but discarding fixed per-target calculations like loading protein
embeddings for NESSO-1 and running MSA for Boltz-2, respectively. Our benchmarking demonstrates
that NESSO-1 is, on average, one order of magnitude faster than Boltz-2, with speed-up surpassing
20x on larger proteins. In particular, even though both models benefit from NVIDIA cuEquivariance
kernels [50], the acceleration is even more significant in the case of NESsO-1. By drastically reducing
computational overhead, NESSO-1unlocks the ability to perform high-throughput screening efficiently
and renders large-scale fine-tuning accessible for downstream applications.

After demonstrating that NESSO-1 is the fastest open-source cofolding affinity model, we next focus
on evaluating its accuracy for affinity predictions. We first test NESSO-1’s ability to predict binding
likelihood and binding-affinity values on the public benchmarks originally adopted in the Boltz-2 paper
[24]. Additionally, we run NESSO-1 zero-shot on the recent OpenBind benchmark, which arguably
represents a more challenging and realistic example of a Hit-to-Lead stage in a drug-discovery campaign.

2.3.2 MF-PCBA benchmark

We assess the performance of the classification head in separating active compounds from inactive ones.
This is a task that is particularly relevant during Hit-ID stages in a drug-discovery campaign. To this
aim, we evaluate NESSO-1 on the MF-PCBA benchmark [51], a collection of datasets including up
to 16 million unique protein-ligand interactions, which is aimed at emulating large high-throughput
screening in a campaign. We note that this benchmark was originally adopted in the Boltz-2 work



[24], from which we directly source the baseline metrics for models such as GAT, BACPI [52], and
Chemgauss4 [53]. As shown in Figure 4, we report the average precision and enrichment factors at
top-ranked percentiles, consistent with prior work. Our empirical results demonstrate that NESsO-1
matches or exceeds the accuracy of its all-atom open-source counterpart (Boltz-2), while outperforming
the other docking and machine learning baselines by a significant margin.

2.3.3 FEP+ and CASP16 benchmarks

We evaluate the performance of NESSO-1 on public benchmarks adopted by Boltz-2 that simulate the
Hit-to-Lead and Lead-Optimization stages of a campaign. In these scenarios, the primary objective is
to identify which compounds in a given series exhibit the highest binding affinity. First, we consider
two subsets from the FEP+ benchmark [11], namely the OpenFE dataset [54] and a smaller subset
of 4 targets where we have access to Absolute Binding Free Energy (ABFE) calculations [10; 55]—a
free-energy-perturbation method relying on running multiple molecular-dynamics simulations per
protein-ligand pair. The OpenFE dataset includes 876 protein-ligand pairs. Conversely, the FEP+ 4
subset has 87 neutral compounds across 4 kinases: CDK2, TYK2, JNK1, P38. We also evaluate on the
CASP16 affinity benchmark [56], which spans 140 complexes across two targets.

In addition to Boltz-2, we assess the performance of NESSO-1 against computationally intensive
simulation-based methods such as FEP+, ABFE, and OpenFE. We emphasize that the results for any
such baseline are sourced directly from [24], which also provides the performance of cheaper but less
accurate physics-based methods such as Fragment Molecular Orbital and MM/PBSA. Furthermore, on
CASP16 we also report the performance of TerraBind [34], the closed-source counterpart of NESSO-1,
as this is the only public affinity benchmark evaluated in their study. Our final baseline is IsoDDE
[57], another closed-source model where comparison is significantly more difficult due to the lack of
architectural and training details. We report the average Pearson correlation across assays weighted by
the number of compounds—as originally done in [24]. This choice reflects the fact that, in practice,
we are often more interested in comparing the affinity (or potency) of compounds in the same assay
rather than predicting an exact value. Moreover, weighting by the number of compounds, we avoid
outliers produced by small assays. Finally, while IsoDDE’s performance is taken from its technical
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Figure 6: Average Pearson Correlation across assays weighted by number of compounds—note that
IsoDDE does not share if the reported correlation is weighted. We compare NESSO-1 against open-source
models (Boltz-2), closed-source models (IsoDDE, TerraBind)—where available—and physics-based
methods relying on Molecular Dynamics (FEP+, ABFE, OpenFE). Results show that NESSO-1 is the
most accurate open-source, cofolding affinity model. However, we emphasize that these benchmarks
are, largely, in-distribution.



report, the lack of methodological details regarding their Pearson correlation calculation introduces
potential comparative discrepancies.

Analysis of results Figure 6 shows that NESSO-1 outperforms the state-of-the-art, open-source
cofolding affinity model, Boltz-2. The results further confirm that removing heavy-atom resolution does
not hurt binding-affinity prediction accuracy, when compared to existing baselines. In fact, NESSO-1
even surpasses the performance of simulation-based approaches such as OpenFE and ABFE. Note that
these take 6-12 GPU hours [24] for a single prediction, making NESSO-1 more than 10%x faster. While
these results offer a controlled way of comparing cofolding models against physics baselines, limitations
of these benchmarks—discussed below—prevent us from drawing universal conclusions. Nevertheless, it
is equally not straightforward to extrapolate the performance of Free Energy Perturbation protocols
beyond these benchmarks, as their accuracy greatly depends on structure preparation, simulation
parameters, and protein class [58; 14]. Finally, we assess the performance of NESs0O-1 against closed-
source models. On CASP16, NESSO-1 is comparable with the performance reported by TerraBind—note
that this dataset only includes two targets and a total of 140 complexes. Conversely, IsoDDE’s reported
performance is the highest on each benchmark. Crucially, in the following paragraph we detail several
key limitations of these benchmarks, suggesting that absolute performance metrics and exact model
rankings should be interpreted with caution. A concurrent work highlights this very same point [59].

Limitations of these benchmarks NESSO-1 and Boltz-2 train on the same data and use the same
leakage constraints where proteins with sequence similarity higher than 90% to any target in the
FEP+ benchmark are removed from the training split. At a high level, IsoDDE reportedly follows
the same protocol, while no exact details have been disclosed by TerraBind. While adopting the same
approach allows for a controlled comparison among baselines, particularly open-source models, the
FEP+ and CASP16 splits should not be regarded as indicative of performance on real-world medicinal
chemistry. Indeed, in Figure 7 we illustrate that these benchmarks have high chemical similarity to the
public training data. Internal assays as well as the latest OpenBind benchmark are significantly more
out-of-distribution and hence represent more challenging and realistic evaluation scenarios. Importantly,
we have found that these in-distribution benchmarks typically reward overfitting. Indeed, we can
produce checkpoints that achieve higher accuracy on each dataset by generally training for longer
and removing any entropy-based filtering. However, doing so comes at the expense of generalization
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Figure 7: Pearson Correlation of NESSO-1 and Boltz-2 as a function of the chemical similarity to
the affinity module’s training data. For a given target, similarity is defined as the mean maximum
Tanimoto similarity (computed using Morgan fingerprints) between the test ligands and the training
set. The final dataset-level similarity is obtained by taking the mean across all targets, weighted by
the number of ligands per target. Unsurprisingly, models trained on limited and biased public data,
perform much better on similar chemistry. Nonetheless, NESSO-1 surpasses Boltz-2 across all levels of
training set similarity while achieving an order of magnitude speed-up.



as it results in a model that significantly underperforms on harder assays. This finding aligns with
concurrent work in [59], which provides a detailed overview of the limitations of evaluating models
trained on BindingDB or ChEMBL when only sequence-similarity leakage constraints are enforced.

2.3.4 OpenBind affinity benchmark

Before considering internal assays, we also evaluate NESSO-1 zero-shot on the recent OpenBind affinity
benchmark [6]. This includes 494 compounds designed to target the EV-A71 2A protease. The
benchmark curators highlight how this is an exceptionally challenging target, driven in part by a
significant apo-to-holo conformational change where a flexible loop opens to accommodate ligand
binding. Beyond AI open-source models (Boltz-2, AQAffinity from SandboxAQ, and AEV-PLIG
[60]), they also consider docking-baselines [4] and simple physicochemical ranking scores derived from
molecular weight and cLogP, respectively. Following their evaluation, we report RMSE and Spearman
p. We also refer to Figure 1 for the Pearson correlation achieved by both NESSoO-1 and Boltz-2 on
this benchmark. We emphasize that no additional information about the chemistry or binding site is
provided to NESSO-1, so as to allow for a fair comparison with the reported baselines.

Analysis of results Figure 8 shows that NESSO-1 achieves the lowest RMSE and highest Spearman
rank correlation. In particular, it convincingly outperforms open-source Al-affinity models, including
cofolding-based methods such as Boltz-2, on both metrics. The results are encouraging as this recent
dataset offers a more realistic example of an out-of-the-box usage of NESSO-1 on a drug-discovery
campaign. To support this point, we refer to Figure 7, which illustrates how the chemical similarity
between OpenBind and training set is far lower than that of other benchmarks such as OpenFE and
CASP16. However, we note that the difference between NESSO-1 Spearman rank p and that of molecular
weight, is not particularly significant. This underscores that zero-shot evaluation on real-world drug
discovery campaigns represents a formidable generalization challenge for models trained exclusively on
(biased) public data.
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Figure 8: RMSE and Spearman rank of NESSO-1 against Al affinity models, docking scores and
physicochemical baselines, evaluated over the recent OpenBind affinity benchmark. NESSO-1 achieves
the lowest RMSE and highest Spearman, surpassing other AI baselines by a substantial margin.
However, a simple baseline such as molecular weight is the second-best predictor, further highlighting
the challenges of zero-shot generalization of models trained on limited (public) bio-chemical space.
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2.3.5 Internal biochemical assays

To provide a more complete overview of how NESSO-1 would perform on a drug-discovery campaign,
we evaluate it on a selection of 25 internal biochemical assays. These encompass a variety of targets
belonging to different protein classes, with an average of several hundred compounds per assay. We
primarily benchmark NESSO-1 against the leading open-source affinity model, Boltz-2. In line with the
OpenBind benchmark, we also include a molecular-weight ranking, which mainly provides an indirect
assessment of assay composition or biases, as across cycles stronger binders may, ultimately, have larger
weight. Our evaluation revolves around the following points:

e Show that NESSO-1 outperforms the leading open-source cofolding affinity model (Boltz-2) on
real-world medicinal chemistry.

e Demonstrate that NESSO-1can remain accurate on assays where molecular weight is not
predictive of potency.

e Assess the extent to which NESSO-1 is able to generalize to out-of-distribution chemistry.
e Investigate whether NESSO-1 is selective and therefore can be used to detect off-target liabilities.

Nesso-1 delivers the highest accuracy In Figure 9 we compute cross-assay average Pearson Correlation
r, weighted by the number of compounds in an assay. We compare NESSO-1, Boltz-2—both evaluated
zero-shot—and molecular weight across the chosen 25 assays. NESSO-1 achieves the highest weighted
Pearson correlation. In general, the average performance of Boltz-2 is somewhat comparable to that
attained on the OpenBind benchmark, and lower than that reported on other internal assays [34] and
public benchmarks [24], suggesting that our selection of assays is, likely, harder for public models such
as Boltz-2. We also report the per-assay performance of NESSO-1 and the main baselines in Figure
10. We note that the inherent difficulty of these assays presents a challenge to all baselines evaluated.
Consequently, while NESSO-1 maintains a predictive edge over Boltz-2, its absolute performance is
lower than that achieved on public benchmarks. Importantly, though, the > 10x speed-up over Boltz-2
renders these relative accuracy improvements highly impactful in practical applications.
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Figure 9: Left: Weighted average Pearson Correlation r across 25 internal biochemical assays. We
compare NESSO-1, Boltz-2 and a molecular-weight ranking baseline. While the absolute performance of
the two cofolding models underscores the difficulty of zero-shot generalization to real-world medicinal
chemistry, NESSO-1 manages to yield the highest accuracy. Right: Weighted average Pearson
Correlation attained by NESSO-1 as a function of the internal-assay chemical similarity to the training
data. Assay similarity is calculated using Morgan fingerprints and is defined as the mean maximum
Tanimoto similarity to the training set across all ligands in an assay. We bin assays from least-similar
(low) to most-similar (high). While NEss0O-1 is slightly more accurate on the latter, its performance is
roughly stable across different levels of chemical similarity.
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Nesso-1 is not bound by the predictive power of molecular weight In general, molecular weight
can be a strong baseline (as demonstrated by the OpenBind release) and confirmed by a few of our
assays. However, it remains an unreliable predictor, as it can fail catastrophically (see for example
assays Ap, Aig, A17, Aog). As such, an ideal cofolding affinity model should be able to deliver good
correlation with experiments when molecular weight is poorly predictive of affinity (potency). While
there are particularly challenging assays such as Ag where any baseline struggles, we note that on
the aforementioned assays (Aj, Aig, A17, Aog) where molecular weight is not predictive of affinity,
both NEssO-1 and Boltz-2 remain accurate. Importantly, on assays As, Az, A4, Boltz-2 significantly
underperforms molecular weight, while NESSO-1 manages to deliver the best correlation.

Nesso-1 can achieve good correlation on out-of-distribution assays Next, in Figure 9 we review
how the performance of NESSO-1 correlates with the chemical similarity of each assay to the training
set. First, we recall that public benchmarks such as CASP16 and OpenFE are significantly more
in-distribution (see Figure 7). Second, we note that while there is an expected trend where lower
similarity generally incurs lower accuracy, this is not significant. NESSO-1 remains relatively stable
across different levels of chemical similarity of the internal assays. In fact, based on internal evaluations,
NESsO-1 can even attain strong correlation on some of the most out-of-distribution assays. This is
a promising signal that NESSO-1 is not purely memorizing information from the public data and,
thanks to its efficiency, would constitute a meaningful framework to build on. We finally observe that
a more comprehensive analysis of the generalization capabilities of NESSO-1 should also encompass
the sequence and structure similarity of the internal targets to the training data. However, due to the
proprietary nature of the internal datasets, this specific analysis cannot be disclosed in this report.

Nesso-1 attains meaningful selectivity on selected assays A few assays used in our evaluation
represent off-targets to a primary target and are hence screened against (subsets of) the same compounds.
We investigate whether a cofolding-based approach such as NESSO-1 can correctly identify compounds
that are potent for the primary target but not for the off-target—which represent the most plausible
drug-candidates. We analyze two different primary targets and their related off-targets in Figure 11
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Figure 10: Pearson correlation of NESs0O-1, Boltz-2, and a molecular weight baseline evaluated zero-shot
on 25 internal biochemical assays. While no model performs well across all assays, on average, NESSO-1
achieves the highest Pearson. Importantly, NESSO-1 can remain accurate on most of the assays where
molecular weight is not predictive of potency.
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Figure 11: We evaluate NESSO-1 on the same set of compounds screened against a primary target
and three related off-targets. NESSO-1 demonstrates meaningful selectivity, achieving decent Pearson
Correlation (particularly for Off-Target A) and overall low MAE. The results provide further evidence
to the benefit of cofolding-based affinity models.

and Figure 12. In particular, we report the pIC50 difference between on- and off-targets for each
compound as predicted by NESSO-1 against the experimental potency differences. While there is room
for improvement, in the first case, NESSO-1 achieves meaningful selectivity in terms of both Pearson
Correlation 7 and MAE, highlighting the benefits of a cofolding-based approach to affinity prediction.
In the second case, the overall accuracy is lower, yielding only modest correlation and a higher MAE.
This is mainly a consequence of the targets involved, as in the latter case both the on- and off-target
are far more out-of-distribution relative to the training data.

Challenges of zero-shot evaluation The performance across assays reported in Figure 10 further
highlights that zero-shot evaluation of models trained on public data over internal, out-of-distribution,
medicinal chemistry is an extremely challenging task. Indeed, the accuracy can vary significantly as a
function of the target and the chemistry analyzed. We note that internal knowledge of targets and
chemistry allows us to draw more meaningful conclusions regarding why certain assays are particularly
challenging and where to expect a model like NESSO-1 to perform well. In fact, excluding a priori targets
known to be highly out-of-distribution would have inflated our metrics. Nonetheless, we highlight that
NESsO-1 manages to outperform the leading open-source cofolding affinity model, Boltz-2. Crucially,
the acceleration offered by NESSO-1 enables a broader exploration of the chemical space and significantly
facilitates fine-tuning, establishing it as a valuable foundation for the community to build upon.

3 Conclusions

In this report we have introduced NESSO-1, a coarse-grained cofolding model for predicting binding
affinity. NESSO-1 is more than 10x faster than the leading open-source baseline, Boltz-2, with a
speed-up of over 20x for larger targets, making pre-training and fine-tuning on large libraries extremely
more feasible. Crucially, our evaluations across public and internal biochemical assays demonstrate
that NESSO-1 advances the state-of-the-art for open-source cofolding affinity models in terms of both
accuracy and speed. We illustrate that NESSO-1 can remain competitive on assays with extremely low
chemical similarity to the training data or where physicochemical descriptors like molecular weight
cannot reliably predict potency. This validates that NESSO-1 has learned meaningful representations
that can transfer out-of-distribution. In general, our empirical results suggest that reducing the
resolution of affinity models not only diminishes their computational cost, thereby broadening their
range of applicability, but may also improve their accuracy over atomistic baselines. We hypothesize
that existing approaches such as Boltz-2 struggle to learn meaningful interactions with full heavy-atom
resolution. As such, high-frequency information provided by the 3D poses may introduce noise in the
predictions and hence hurt performance. We release NESSO-1’s weights to provide to the community a
faster affinity model that matches or surpasses that accuracy of leading open-source models.
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Figure 12: We evaluate NESSO-1 on the same set of compounds screened against a more difficult
primary target and related off-target. While NESSO-1 achieves modest correlation, its MAE is high.
This is a consequence of the targets involved, as they are far more out-of-distribution for NEsso-1. The
results confirm that zero-shot evaluation of public models on under-represented targets and chemistry
is an extremely difficult task.

Limitations and future updates While the coarse-graining framework at the core of NESSO-1 allows
for fast binding affinity predictions, the lack of atomistic resolution may limit its applicability in
structural tasks. Indeed, even though coarse-grained poses may be generated from the trunk output
as in [34], NESsSO-1 is, primarily, an affinity model. As such, we have focused our evaluation and
testing on affinity prediction. Full-atom resolution may still be necessary for tasks where fine-grained
physical interactions are paramount. As an orthogonal effort, we note a concurrent open-source release
that instead aimed at replicating the structural prediction results of IsoDDE by staying full-atom
and expanding the trunk capacity further [61]. However, the precision gained in structure prediction
comes at the expense of higher inference costs, further reducing the applicability of these models
in early-stages of drug-discovery, where operating across vast regions of chemical space is required.
Conversely, NESSO-1 prioritizes speed for binding-affinity prediction by foregoing all-atom resolution.
In our report, we show that this design choice not only enables the screening of up to 20x the number
of compounds using the same compute budget, but also delivers higher accuracy than existing baselines.

Zero-shot evaluations on out-of-distribution benchmarks such as OpenBind and our selection of internal
assays, indicate significant potential for further improvement. While NESSO-1’s accuracy could be
substantially enhanced by leveraging proprietary ligand embeddings and fine-tuning on internal data,
such optimizations fall outside the scope of this release. Our primary objective is to open-source a
model trained strictly on public data, deliberately excluding the predictive advantages of exposure to
proprietary chemistry and targets. Crucially, NESSO-1 is faster than existing baselines and an overall
smaller model, making it a solid starting point to iterate on to further close the performance gap
between in-distribution and out-of-distribution medicinal chemistry. Indeed, deployment of NESSO-1 in
high-throughput virtual screening, fine-tuning over large data libraries, and extraction of representations
for various downstream tasks [62] are all more feasible and far less computationally expensive than
relying on all-atom baselines.

More generally, predicting binding affinity through cofolding discards some degrees of freedom, for
example involving entropy and water contributions. In fact, during later optimization stages, throughput
is no longer the primary objective and a fundamentally different approach to the problem may be
required, where all degrees of freedom need to be modeled. We refer to our novel framework AQUAGEN
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[63], a generative-model engine that operates at ezactly the same resolution as Molecular Dynamics as
a first attempt at this.
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