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Abstract

Accurate modelling of biomolecular interactions is fundamental to drug discovery, yet current
artificial intelligence (AI) workflows remain fragmented across structure prediction, a!nity estima-
tion, molecular design, and experimental decision-making. We introduce AnewDDE, an agentic
Drug Discovery Engine that connects these capabilities into a closed-loop system for biomolecular
interaction modelling and design. We demonstrate several components of this system: AnewFold
delivers superior performance on challenging targets, including antibody–antigen complexes and
molecular glues, providing more reliable structural hypotheses together with pocket identification
and conformational analysis; AnewDesign achieves a 10.7% success rate in identifying binders
with single-digit-nanomolar a!nities measured by surface plasmon resonance (SPR) in a repre-
sentative nanobody discovery campaign, substantially reducing the experimental search burden;
AnewA!nity combines accuracy approaching that of free-energy perturbation (FEP) methods with
the speed required for high-throughput screening and prioritizes promising transformations; and
AnewMind, a large language model (LLM) at the hundred-billion-parameter scale that underwent
in-house full-parameter post-training, provides scientific reasoning and absorption, distribution,
metabolism, excretion, and toxicity (ADMET) prediction for pharmaceutical research and devel-
opment (R&D). To systematically evaluate AnewMind, we introduce PharmBench, an internal
benchmark designed by pharmaceutical R&D experts to evaluate long-horizon decision-making in
drug discovery. Evaluations on ADMET tasks and PharmBench show that AnewMind performs
competitively with leading frontier models. Together, these capabilities establish AnewDDE as an
integrated engine for addressing challenging therapeutic targets and translating molecular insights
into experimentally validated candidates at scale.

Date: September 16, 2026
Correspondence: Kai Liu at kai.liu@anew-labs.com

1 Introduction

Drug discovery relies on the precise prediction and control of biomolecular interactions. Small
molecules must recognize target pockets with compatible geometry and energetics, while antibodies
must selectively engage functional epitopes. Translating these molecular interactions into viable
therapeutics is therefore a complex, multi-dimensional design challenge.

In practice, the objective is rarely a single isolated prediction. Therapeutic design requires an
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integrated chain of decisions linking structural hypotheses, binding mechanisms, and a!nity estimates.
Computational methods have significantly advanced individual stages of this pipeline, including
structure prediction, generative design, and property prediction, yet these tools are typically developed
in isolation. This disconnected landscape introduces significant decision friction: a structurally
plausible pose does not guarantee strong binding, and a top-ranked sequence does not ensure
biological function. Consequently, scientists are left to manually reconcile disjointed predictions,
gauge model confidence, and prioritize candidates for costly experimental validation. To address
this fragmentation, we introduce AnewDDE, an integrated Drug Discovery Engine that combines
predictive foundation models with generative design and a scientific-domain post-trained language
model.
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Figure 1 An agentic, closed-loop overview of AnewDDE and its key capabilities. Surrounding panels highlight
representative evaluations across core capabilities. Structure prediction: AnewFold demonstrates high accuracy,
outperforming several recent predictors. Pocket determination: robust pocket identification performance
comparable to competitive baselines. Quantitative binding a!nity : AnewA!nity balances prediction accuracy
and computational speed, achieving high performance within a favorable time regime. Candidate design:
successful de novo design yields high-a!nity binders validated by experimental assays. LLM post-train:
AnewMind Preview excels in ADMET property prediction and drug discovery long-horizon reasoning and
decision making benchmarks.

AnewDDE operates as an agentic, closed-loop computational engine. Its structural foundation is
anchored by AnewFold, which delivers reliable hypotheses for challenging targets, including anti-
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body–antigen complexes and molecular glues, and supports pocket identification and conformational
analysis through AnewSampling [1]. AnewDesign then translates these insights into targeted candi-
dates to reduce the experimental search burden. For quantitative evaluation, AnewA!nity combines
near-FEP accuracy [2, 3] with the computational speed required for large-scale, high-throughput
screening and for prioritizing promising transformations, and each prediction is accompanied by an
FEP-like estimate of its own reliability. Finally, AnewMind, a post-trained, hundred-billion-parameter
large language model (LLM) dedicated to scientific reasoning, bridges the gap between predictive
outputs and expert decision-making, the very friction created by today’s fragmented workflows. It is
evaluated on PharmBench, a benchmark designed by internal pharmaceutical R&D experts to assess
long-horizon decision-making in drug discovery.

This report details the integrated components of AnewDDE in a progressive order:

• AnewFold. AnewFold is a general-purpose biomolecular structure prediction model cover-
ing antibody–antigen complexes, protein–ligand interactions, blind pocket identification, and
molecular-glue ternary complexes. It delivers leading or competitive performance on recent,
similarity-filtered benchmarks, achieving success rates of 60.8-76.2% for antibody structure
prediction, 77.4% on the FoldBench protein–ligand benchmark, and 71.8% for post-cuto"
molecular-glue complexes. AnewFold also captures cryptic pockets and ligand-induced confor-
mational changes, while AnewSampling enables prospective validation of predicted interaction
hotspots [1].

• AnewAffinity. We combine the rigorous physics of free-energy perturbation (FEP) with a
distribution-predictive AI framework for fast, accurate, and scalable binding-a!nity prediction.
Beyond a single a!nity estimate, AnewA!nity predicts the full free-energy distribution across
FEP windows, enabling rigorous uncertainty estimation and sampling assessment. It yields
relative binding a!nities in →1.5 seconds per ligand on a single GPU and achieves stronger
correlation with experiment than Boltz-2 [4] (!G Pearson R

2: 0.553 vs. 0.486; Spearman ω:
0.724 vs. 0.620).

• AnewDesign. AnewDesign is an agentic lab-in-the-loop workflow that accelerates therapeutic
biologics discovery by integrating generative AI models with wet-lab experimental feedback. In
a proof-of-concept study targeting an internal protein target, the workflow combined de novo

design with in silico a!nity maturation and achieved 10.7% success rate in designing VHHs
with single-digit nanomolar binding a!nities from a panel of only 150 clones.

• AnewMind. We conduct full-parameter post-training at the hundred-billion-parameter scale
and introduce PharmBench to evaluate long-horizon decision-making in drug discovery. The
resulting AnewMind Preview matches or surpasses frontier LLMs in both ADMET prediction
and rigorous pharmaceutical reasoning.

Looking ahead, combining the frontier-level performance of these proprietary tools with advanced
scientific reasoning lays the foundation for a fully agentic scientific workflow, in which the LLM can
seamlessly invoke individual modules on demand, integrate empirical feedback from each design–
measure–learn cycle, and actively accelerate the translation of molecular insights into high-quality
drug candidates.

2 Structure Modelling with AnewFold
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2.1 Structure Prediction Across Biomolecular Interfaces

AnewFold is designed to model biomolecular recognition across multiple levels of structural complexity,
from pairwise macromolecular interfaces to ligand-induced pockets and cooperative ternary complexes.
We evaluate this capability in four complementary settings: antibody–antigen docking under stringent
homology exclusion, protein–ligand co-folding across controlled novelty regimes, blind identification
of constitutive and cryptic pockets, and molecular-glue ternary complex prediction. Together, these
evaluations test whether AnewFold can recover not only globally plausible structures, but also
the local interfaces, ligand poses, and conformational responses that determine molecular function.
In all four settings, AnewFold consistently outperforms established co-folding baselines, with the
largest gains on low-similarity targets and on interaction modes that are underrepresented in training
data [5–9].

2.1.1 Antibody-antigen Structure Prediction

Antibody–antigen interface prediction is one of the most demanding tasks in biomolecular co-folding.
The binding surface is concentrated on the flexible complementarity-determining region (CDR)
loops, which vary extensively in both sequence and conformation, and antigen epitopes are equally
heterogeneous, leaving little homologous signal from which to infer the binding mode. We evaluated
AnewFold on three public benchmark collections: AF3-AB, the antibody set used in the AlphaFold 3
(AF3) evaluation (71 entries, 65 clusters) [5, 10]; PXMeter-AB, which emphasizes therapeutically
relevant antibodies (516 entries, 376 clusters) [11]; and FoldBench-AB, the low-homology antibody
subset of FoldBench curated from recently released PDB structures (113 entries, 172 interfaces) [12].

AnewFold achieves top-1 success rates of 62.3% on AF3-AB, 60.8% on PXMeter-AB, and 76.2% on
FoldBench-AB across five seeds (Fig. 2a, Table S1), surpassing Protenix-v2 by 8.8, 11.1, and 11.2
percentage points, respectively [8]. Its performance is comparable to that of the recently released
IsoDDE model and ahead of AF3, Boltz-1, OpenFold3-preview2 (OF3p2), and OpenDDE [5, 9, 13, 14].
This performance is maintained across all evaluated quality thresholds (DockQ > 0.23, > 0.49, and
> 0.8; Fig. 2a).

AnewFold maintains its advantage as the number of sampled seeds increases on AF3-AB. From 1
to 500 seeds, it achieves higher success rates than AF3, Protenix-v1, and Protenix-v2 at all three
DockQ thresholds (Fig. 2b). With a single seed, AnewFold already outperforms Protenix-v1 sampled
with 500 seeds, and with tens to hundreds of seeds it matches AF3 and Protenix-v2, indicating
substantially higher prediction accuracy per sample. The advantage also persists at DockQ > 0.8,
showing that AnewFold improves high-accuracy interface geometry rather than merely raising the
fraction of predictions above the minimum success threshold.

Qualitative examples from recent structures are consistent with the benchmark results (Fig. 2c).
We highlight four held-out targets that probe generalization in the near absence of homologous
structural priors, a regime in which Protenix-v2 consistently fails through interface inversion or
epitope mislocalization. On the malaria transmission-blocking vaccine target Pfs25 bound to the
neutralizing antibody 1G2 (PDB 7TXW) [15], AnewFold achieved near-native accuracy with a
DockQ of 0.885 versus 0.028 for Protenix-v2, under sparse training coverage (81% CDR identity, 44%
epitope similarity). For the pro-apoptotic e"ector BAK in complex with an inhibitory antibody (PDB
8UKY) [16], AnewFold mapped a novel, previously unobserved epitope to reach a DockQ of 0.614,
whereas Protenix-v2 docked the antibody onto the opposing face of the protein (DockQ 0.031); the
closest training exemplars show 77% CDR identity and only 7% epitope similarity. In the complex of
transglutaminase 3 (TGM3) with a patient-derived Fab (PDB 8OXX) [17], AnewFold reconstructed
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Figure 2 Antibody-antigen interface prediction. (a) Top-1 success rates across five seeds on three benchmark
collections, AF3-AB, PXMeter-AB, and FoldBench-AB, with stacked bars denoting the DockQ > 0.8, 0.49 <

DockQ ↑ 0.8, and 0.23 < DockQ ↑ 0.49 quality tiers. AnewFold achieves the highest success rate on all three
collections: 62.3% on AF3-AB, 60.8% on PXMeter-AB, and 76.2% on FoldBench-AB. OpenDDE results are
based only on targets with available predictions, including AF3-AB (64 entries/59 clusters), PXMeter-AB
(494 entries/364 clusters) and FoldBench-AB (104 entries/160 interfaces). All AF3 results are taken from
previously reported evaluations. (b) DockQ success rate as a function of the number of sampled seeds (1–500,
log scale) at the DockQ > 0.23, > 0.49, and > 0.8 thresholds on AF3-AB (71 entities/65 clusters); shaded
bands indicate bootstrap standard deviation. AnewFold leads at every seed budget and every quality threshold.
(c) Representative predictions on four recent antibody–antigen targets (PDB 7TXW, 8UKY, 8OXX, 8ZP2).
Top row: AnewFold predictions (blue) overlaid on the experimental reference (gray; antigen shown as surface);
bottom row: Protenix-v2 predictions (pink). AnewFold places the antibody onto the correct epitope in
the correct orientation, whereas Protenix-v2 either docks to a wrong antigen surface or binds in a wrong
orientation.
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the conformational epitope with a DockQ of 0.490 compared with 0.004 for Protenix-v2 (closest
training CDR identity 61%, epitope similarity 8%). Finally, for the human noradrenaline transporter
(NET) bound to a conformation-locking nanobody (PDB 8ZP2) [18], a membrane-protein system with
no prior nanobody entries in the training data, AnewFold reached a DockQ of 0.894 compared with
0.103 for Protenix-v2 (70% CDR identity, 4% epitope similarity), extending the same generalization
across membrane-protein topology. Such errors are not always fully captured by aggregate interface
metrics, yet they directly a"ect the biological interpretation of a predicted complex. Together with
the benchmark and inference-time scaling results, these examples support AnewFold’s ability to
generalize to unseen antibody–antigen recognition modes under stringent homology exclusion.

These antibody–antigen results show that AnewFold can model diverse protein–protein interfaces
without relying on close sequence or epitope homologs. We next evaluated its generalization to
protein–ligand complexes, which additionally requires correct pocket identification, ligand placement,
and local interaction geometry.

2.1.2 Protein-Ligand Structure Prediction

A central question for co-folding models is whether ligand poses are recovered from genuine physical
modeling rather than from templates resembling the training data. We first evaluated AnewFold on
FoldBench Protein–Ligand, whose complexes were deposited after January 13, 2023, and were filtered
for similarity to structures before the date [12]. Under the top-1 joint success criterion (pocket-aligned
ligand RMSD below 2.0 Å together with LDDT-PLI above 0.8), AnewFold achieves 77.4%, exceeding
IsoDDE (76.0%) [9], Protenix-v2 (64.0%) [8], Protenix-v1 (62.8%) [7], AF3 (64.9%) [5], OpenDDE
(60.1%) [20] and OF3p2 (44.5%)(Fig. 3a).

To evaluate protein–ligand generalization, we used the Run N’ Poses (RNP) benchmark, which
stratifies each test complex by its joint pocket–ligand shape similarity to the nearest training-set
example [19]. Across all similarity bins (Fig. 3b,c), AnewFold achieves higher success rates than
AF3 [5], Chai-1 [21], Boltz-1 [13], and Protenix-v0.5 [6]. The advantage is most pronounced in
the lowest-similarity bins, where baseline performance declines sharply while AnewFold remains
comparatively stable. These results suggest that AnewFold is less dependent on close pocket–ligand
analogs in the training set.

Molecular glues are particularly challenging to design because their activity depends on promoting or
stabilizing specific protein–protein interactions rather than binding to a single protein alone. We
extended the MGTbind structural collection [22] with PDB depositions, yielding 131 complexes
deposited after Sep. 30, 2021. On this after-cuto" set, AnewFold reaches a 71.8% top-1 joint success
rate (DockQ > 0.23, pocket-aligned ligand RMSD < 2.0Å, and LDDT-PLI > 0.8), versus 45.0%
for Protenix-v1, 29.8% for Protenix-v2, and 22.1% for Boltz-1 [13] (Fig. 3d and Fig. S1). The large
gain over all baselines on these three-component systems shows that AnewFold’s advantage extends
to molecular glues and their characteristic ligand-induced protein–protein interfaces, which are not
represented in most conventional docking benchmarks.

Benchmark-level success rates do not reveal whether a model places the ligand in the biologically
correct pocket, particularly for allosteric and cryptic sites. Four recent structures illustrate AnewFold’s
performance in these settings (Figure 3e).

Cbl-b allosteric pocket (PDB 8QTK). The ligand binds an induced-fit allosteric pocket, driving local
side-chain rearrangements that stabilize the autoinhibited conformation of Cbl-b [23]. Despite a
nearest-neighbor pocket–ligand similarity of only 5.4%, AnewFold reproduces the experimental
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Figure 3 Protein-ligand prediction under in-distribution, similarity-stratified, and out-of-distribution settings.

(a) Top-1 joint success rate on FoldBench Protein–Ligand, comprising complexes deposited after January
13, 2023, under stringent similarity filtering. AnewFold reaches 77.4%, compared with 76.0% for IsoDDE,
64.0% for Protenix-v2, 62.8% for Protenix-v1, 64.9% for AF3, and 44.5% for OF3p2. (b, c) RNP benchmark
results. (b): Full dataset, (c): clustered and filtered to remove 124 prevalent ligands, as in [19]. Success rate is
plotted as a function of the joint pocket–ligand shape similarity between each test complex and its nearest
training-set neighbor, binned from [0.0, 0.2] to [0.8, 1.0]. AnewFold remains the top-ranked model across the
entire similarity range, including the lowest similarity bins where the baselines degrade most strongly. (d)

Top-1 joint success rate on our newly curated molecular-glue benchmark (131 ternary complexes deposited
after September 30, 2021): Boltz-1 22.1%, Protenix-v1 45.0%, Protenix-v2 29.8%, and AnewFold 71.8%.
(e) Representative out-of-distribution cases. Top row: AnewFold predictions (light blue) overlaid on the
experimental reference (gray); bottom row: the same predictions compared with Protenix-v2 (pink), with
ligands shown as yellow sticks. From left to right: the Cbl-b allosteric pocket (PDB 8QTK), the KRAS G12D
Switch-II cryptic pocket (PDB 8TXH), the TRIM58 PRY-SPRY substrate-recognition pocket (PDB 8PD6),
and the mavacamten–ε-cardiac myosin interface allosteric pocket (PDB 8QYR).
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binding site and ligand pose, whereas Protenix-v2 fails to localize the pocket.

KRAS G12D Switch-II pocket (PDB 8TXH). The ligand occupies the Switch-II cryptic pocket formed through
local conformational rearrangement [24–26]. AnewFold places the ligand within this dynamically
induced pocket with the correct orientation, while Protenix-v2 predicts a pose on a pre-existing
surface region.

TRIM58 PRY-SPRY domain (PDB 8PD6). TRIM58 is a RING-type E3 ligase expressed in erythroid
precursor cells [27]; the ligand engages its PRY-SPRY substrate-recognition domain, a recruitment
interface whose nearest-neighbor ligand-and-pocket shape similarity to the training set is below 14%.
AnewFold recovers the experimental pose in the substrate-recognition pocket, whereas Protenix-v2
assigns the ligand to an incorrect site.

Mavacamten-ω-cardiac myosin (PDB 8QYR). Mavacamten occupies the inter-domain allosteric pocket
between the myosin motor domain and the lever arm, locking the motor in its pre-powerstroke
state [28]. At 27% nearest-neighbor similarity, AnewFold correctly identifies this pocket, whereas
Protenix-v2 places the ligand in the orthosteric ADP-binding site.

Across these examples, AnewFold recovers allosteric, cryptic, and inter-domain binding sites at
nearest-neighbor similarities ranging from 5.4% to 27%. Protenix-v2 instead favors a pre-existing or
orthosteric pocket, or fails to identify the binding site. Together with the similarity-stratified RNP
results and the post-cuto" molecular-glue benchmark, these cases indicate that AnewFold generalizes
to protein–ligand interactions that di"er substantially from the training data. These results address
ligand-conditioned co-folding, in which the query ligand is provided to the model. We next consider
the more general problem of identifying binding sites directly from protein sequences, including
cryptic pockets that become accessible only after conformational rearrangement [25, 26, 29].

2.2 Pocket Identification

The structure prediction described above presupposes a given ligand. Pocket identification answers
a more fundamental question: in the absence of any ligand information, can the model directly
identify all potential binding sites on a protein? Unlike ligand-conditioned structure prediction, blind
pocket identification asks whether a model can locate potential binding sites directly from the protein
sequence. This capability, also reported for IsoDDE [9], is relevant to discovering druggable sites
on novel targets and identifying alternative mechanisms such as allosteric regulation. We therefore
evaluated AnewFold in a ligand-free pocket identification setting, covering both constitutive and
cryptic pockets (see Supplementary Information for details).

We evaluated binding-pocket residue prediction using the area under the precision–recall curve
(AUPRC), which is well suited to the strong class imbalance between pocket and non-pocket residues.
AnewFold achieves an overall AUPRC of 0.751, with 0.755 on non-cryptic pockets and 0.663 on
cryptic pockets (Fig. 4a). The lower AUPRC for cryptic pockets reflects the additional di!culty of
detecting binding sites that are only partially formed or inaccessible in the unliganded structure. On
its own evaluation set, IsoDDE reports similar AUPRC values: 0.750 overall, 0.760 for non-cryptic
pockets, and 0.630 for cryptic pockets [9]. These values are not directly comparable, because the two
models were assessed on independent held-out collections with di"erent target distributions, pocket
annotations, and cryptic-site definitions; they nevertheless indicate comparable accuracy under their
respective protocols.

To test whether this performance depends on close homologs, we stratified the evaluation set by the
sequence identity between each test target and its nearest training-set neighbor (Fig. 4b). AUPRC
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Figure 4 Pocket prediction and apo-to-holo conformational modeling by AnewFold. (a) Pocket prediction
measured by AUPRC. AnewFold achieves 0.751 overall, 0.663 on cryptic pockets, and 0.755 on non-cryptic
pockets; the corresponding values for IsoDDE are 0.750, 0.630, and 0.760. Because the two models were
evaluated on di"erent held-out sets, their performance are shown for reference rather than comparison. (b)

AnewFold AUPRC stratified by sequence identity between each test target and its nearest neighbor in the
training set. Performance remains stable across similarity bins. Error bars denote bootstrap standard errors.
(c-e) Representative apo-to-holo conformation predictions. From left to right in each row: the experimental
apo structure, the AnewFold prediction conditioned on the apo structure, and the prediction overlaid with
the experimental holo structure, with a close-up of the pocket and ligand. (c) An allosteric binder induces
localized pocket formation in apo 9BHR (holo 8OGC, Cϑ RMSD 0.9Å). (d) Ligand binding coupled to an
open–close domain motion in apo 8AY0 (holo 8AZB, Cϑ RMSD 4.0Å). (e) A local closed-to-open pocket
motion in apo 1NB8 (holo 8D4Z, Cϑ RMSD 1.1Å). Predicted pockets are highlighted as yellow surfaces,
predicted proteins are shown in light blue/purple and reference structures in gray/pink, with ligands as sticks.
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remains within 0.700–0.827 across all bins and retains a value of 0.700 for targets sharing at most
20% sequence identity with any training protein, indicating that pocket identification is driven by
local structural and physicochemical features of the binding site rather than by memorization of close
homologs.

The examples in Fig. 4c–e examine whether AnewFold can recover holo-like conformations from
apo inputs. For the WD40 ε-propeller domain of DCAF1 (apo 9BHR, holo 8OGC) [30], AnewFold
reproduces the lateral allosteric cleft between blades 1 and 2 while retaining the central orthosteric
channel, with an overall Cϑ RMSD of 0.9Å and pocket- and ligand-alignment RMSDs of 0.85
and 1.12Å. For the Bacillus subtilis substrate-binding protein DppE (apo 8AY0, holo 8AZB) [31],
ligand binding closes the two domains in a Venus-flytrap motion around the murein-tripeptide
ligand; AnewFold recovers both the closed conformation and the inter-domain binding groove (pocket
RMSD 0.42Å, ligand RMSD 0.85Å). For USP7 (apo 1NB8, holo 8D4Z) [32], the cryptic allosteric
pocket is collapsed in the apo structure, where the catalytic triad sits unaligned in an inactive,
open state. AnewFold recovers the ligand-opened pocket (pocket- and ligand-alignment RMSDs of
1.46Å) together with the inhibitor-bound conformation, in which the allosteric ligand wedges the
pocket open and locks the switching loop in its inactive, open state, blocking the closure required for
catalytic activation.

Blind pocket identification tests binding-site recognition without ligand information. A stricter test is
whether this capability remains coupled to structure prediction in a multicomponent system, where a
small molecule creates a new protein–protein interface rather than occupying an isolated pocket. We
therefore analyzed the KAT2A–Compound 4(PDB CCD: A1C5C)–CRBN(Cereblon) molecular-glue
complex using experimentally validated hotspot mutations to determine whether the conformational
ensemble preserves the contacts required for glue-mediated recruitment [22, 33].

2.3 A Representative Case Study of a Molecular-glue Ternary Complex

Molecular glues are small molecules that induce or stabilize protein–protein interactions, thereby
modulating protein function. Predicting their mode of action therefore requires accurate modeling of
both the ligand pose and the induced protein–protein interface within a ternary complex [22]. On the
131-complex molecular-glue benchmark described above, AnewFold shows a substantial improvement
over the evaluated baselines (Boltz-1, Protenix-v1, Protenix-v2) shown in Fig. 3d and Fig. S1.
To examine whether this improvement extends to mechanistically important contacts, we further
analyzed a recently reported system in which A1C5C recruits the histone acetyltransferase KAT2A
to the CUL4–DDB1–CRBN ubiquitin ligase by stabilizing the KAT2A–CRBN interaction [33]. The
experimental structure shows that the ternary complex is stabilized by three cooperative contact
patches: a compound interface, in which A1C5C wraps around KAT2A Y200; a helix interface,
in which the termini of two KAT2A ϑ-helices contact the zinc-coordinating region of the CRBN
CTD; and a loop interface, in which the F150-containing loop of the CRBN NTD contacts KAT2A
residues adjacent to its binuclear zinc center. Importantly, both protein interfaces are functionally
required: combined mutation of the helix residues (K289A/V285A/R277A) or of the loop residues
(F109E/F202E/F183A/R206A) abolishes KAT2A recruitment in cells [33]. This system therefore
provides a stringent, mutagenesis-validated test of whether a co-folding model recovers the correct
ternary geometry rather than merely docking the compound into a single pocket.

AnewFold predicts the ternary complex directly from the KAT2A and CRBN sequences with A1C5C,
without using the experimental structure as a template (Fig. 5a). Using AnewSampling [1], a cofolding-
like architecture designed for equilibrium conformational sampling, we generated an ensemble of 500
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Figure 5 Molecular-glue ternary complex prediction for the KAT2A-A1C5C-CRBN system. (a) Predicted ternary
complexes compared with the experimental reference. Top: experimental reference structure (gray); middle:
representative AnewFold prediction; bottom: Protenix-v2 prediction. KAT2A is shown in light blue/purple,
CRBN in light red/orange, and A1C5C as yellow sticks. (b) Close-up views of the three contact patches that
stabilize the ternary assembly: the compound interface, where A1C5C wraps around KAT2A Y200; the helix
interface, where the termini of two KAT2A ϑ-helices contact the zinc-coordinating region of the CRBN CTD
(KAT2A R277/V285/K289); and the loop interface, where the F150 loop of the CRBN NTD contacts KAT2A
residues near the binuclear zinc center (KAT2A F109/F183/F202/R206, and CRBN-F150). (c) Frequency of
the experimentally validated hotspot contacts across all 500 predicted conformers. Loop-interface contacts
are the most stably preserved (CRBN-F150 99.6%, KAT2A F109 98.4%, F183 97.8%, R206 99.0%), followed
by helix-interface R277 (88.0%); the compound-contact Y200 (35.8%) and the remaining helix/loop residues
are recovered less frequently (KAT2A K289 18.8%, V285 8.0%, F202 46.6%). (d) Distribution of the 500
AnewSampling conformers (red dashed line: Protenix-v2 baseline) for the KAT2A/CRBN interface DockQ
(baseline 0.2879; 346/500, 69.2% above baseline), ligand RMSD in Å (baseline 2.4696 Å; 411/500, 82.2% at or
below baseline), and LDDT-PLI (baseline 0.6142; 334/500, 66.8% above baseline).
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conformers. All three experimentally identified contact patches were recovered across the sampled
ensemble (Fig. 5b,c). The loop interface is the most robustly captured: the CRBN-F150/KAT2A
contacts and the KAT2A hotspot residues are preserved in 97.8–99.6% of conformers (F109 98.4%,
F183 97.8%, R206 99.0%, CRBN-F150 99.6%), consistent with the extensive hydrophobic footprint
of this interface. The helix interface is recovered in an asymmetric pattern, with R277 contacting
CRBN in 88.0% of conformers, while K289 and V285 appear less frequently (18.8% and 8.0%); the
compound-anchoring contact Y200 is present in 35.8% of conformers and F202 in 46.6%. The lower
frequencies for these residues are compatible with their roles as conformation-dependent contacts
rather than persistent anchors, and the ensemble as a whole retains at least one helix-interface
contact in the large majority of predictions.

We further quantified ensemble-level accuracy on three orthogonal metrics (Fig. 5d). For the induced
KAT2A-CRBN interface, 346 of 500 conformers (69.2%) exceed the baseline DockQ of 0.2879. For
the ligand, 411 of 500 conformers (82.2%) achieve a ligand RMSD no greater than the 2.4696Å
baseline, with the distribution concentrated well below 2.5Å. On the per-residue protein–ligand
interaction score LDDT-PLI, 334 of 500 conformers (66.8%) surpass the baseline value of 0.6142.

Taken together, these results connect predicted geometry to experimental causality. The contacts
AnewFold preserves most frequently across the 500-conformer ensemble— the CRBN-F150 loop
against KAT2A F109/F183/R206 and the KAT2A helix R277 against the CRBN zinc-coordinating
region—are the patches whose combined mutagenesis eliminates recruitment [33]. Agreement with
both the three-interface structural model and the two loss-of-recruitment mutant sets indicates that
AnewFold captures the cooperative, glue-induced recognition mechanism of a previously unseen
molecular-glue ternary complex, rather than predicting a plausible but non-functional binding pose.

Across antibody–antigen complexes, protein–ligand systems, blind pocket identification, and molecular-
glue ternary assemblies, AnewFold exhibits a consistent pattern: its advantage grows as the task
moves away from close training analogs and toward interaction modes governed by flexible loops,
cryptic cavities, induced fit, or cooperative interfaces. The model not only raises benchmark success
rates, but also recovers mechanistically specific features: the correct antibody epitope and orientation,
low-similarity ligand poses, apo-to-holo pocket opening, and mutagenesis-supported molecular-glue
hotspots. These results support a unified view of AnewFold as a general biomolecular interaction
model that couples global assembly with local chemical and conformational accuracy, providing a
stronger structural basis for downstream therapeutic discovery than template-centered prediction
alone.

3 Quantitative Binding with AnewAffinity

3.1 Fast, Accurate, and Inspectable Affinity Prediction

Quantitative a!nity prediction is what turns a structural hypothesis into a design decision: the
complexes and poses from AnewFold define candidate transformations, while their relative free energies
provide a central quantitative criterion for prioritizing which ligands to synthesize. AnewA!nity
predicts relative protein–ligand binding free energies with near-FEP accuracy at seconds-per-edge
cost, screening entire perturbation networks within a single design cycle, and every prediction is
accompanied by an FEP-like reliability estimate, supported by phase- and window-resolved evidence
that quantifies the confidence in each individual prediction rather than reporting only an aggregate
score. It thereby resolves a dilemma that existing methods leave open: physics-based FEP is accurate
and diagnostically rich but too slow for large-scale screening, whereas fast learned scorers cover the
design space yet return a single opaque number, with no built-in mechanism to assess the reliability

12



or confidence of an individual prediction or to diagnose where it fails. We first make this trade-o"
explicit through the strengths and limits of physical FEP, and then describe how AnewA!nity retains
its inspectable evidence at learned-model speed.

Physics-based relative binding free-energy (RBFE) calculations set a high accuracy standard because
they evaluate a thermodynamic cycle rather than mapping structure directly to a!nity; their sampled
work distributions provide both an estimate and transformation-specific evidence on overlap and
convergence [2, 3]. The same sampling, however, limits throughput: each transformation requires
molecular dynamics across many alchemical windows in both phases, so a network of tens or
hundreds of edges expands into thousands of simulations. The cost also exceeds GPU time. When
a prediction deviates from experiment, distinguishing sampling deficiencies—such as poor phase-
space overlap, side-chain or ligand-pose transitions, water-network rearrangements, or suboptimal ϖ
schedules—from force-field bias often requires an iterative, expert-driven debugging process involving
repeated simulations and, when necessary, reparameterization [3, 34]. This process can be slower
than medicinal-chemistry design cycles allow.

AnewA!nity closes this gap with near-kcal/mol retrospective error, stronger aggregate !G correlation,
and better ligand ranking than the Boltz-2 evaluation described below, at an end-to-end cost of
approximately 1.5 seconds per ligand-pair edge. Rather than a bare scalar, each estimate carries phase-
and window-resolved, FEP-compatible evidence—directional work distributions, overlap information,
and locally accumulated free energies of the kind a physicist inspects in an explicit simulation—so
internal consistency can be checked and the specific window or phase behind a questionable result
localized, as demonstrated for a held-out BACE transformation in Fig. 8 and Table 2.

3.2 Retrospective Accuracy Across Eight Protein Targets

We evaluated AnewA!nity on 199 ligands drawn from eight retrospective JACS systems spanning
distinct target families and binding-site chemistries: BACE, CDK2, JNK1, MCL1, p38, PTP1B,
thrombin, and TYK2. The series range from 11 to 42 ligands and cover both tight, narrow a!nity
ranges and wider multi-log-unit spreads, so the benchmark probes both numerical precision within a
series and discrimination across chemically diverse targets. Three complementary metrics are used.
Pairwise !!G RMSE measures numerical agreement for the specific transformations a team would
act on, while squared Pearson correlation for !G and Spearman rank correlation measure whether
a!nity trends and ligand ordering are preserved—the di"erence between getting magnitudes right
and getting the ordering right that drives prioritization. Each metric is computed within a system
and aggregated across systems with ligand-count weights, so that systems with more measured
compounds contribute proportionally and the summary cannot be dominated by one small series.

Table 1 Retrospective accuracy on the eight-system JACS benchmark. Each metric is computed within a
system and aggregated across systems with ligand-count weights. Lower pairwise !!G RMSE and higher
!G correlations are better.

Method Ligands !!G RMSE (kcal/mol) R
2
Pearson Spearman ω

Boltz-2 199 1.016 0.486 0.620
AnewA!nity 199 1.057 0.553 0.724

As summarized in Table 1, AnewA!nity achieves a pairwise !!G RMSE of 1.057 kcal/mol, a
weighted R

2
Pearson of 0.553, and a weighted Spearman ω of 0.724. A local evaluation of the released

Boltz-2 model [4] on the same 199 ligands gives 1.016 kcal/mol, 0.486, and 0.620, respectively.
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Near-kcal/mol error is meaningful at the scale of medicinal-chemistry decisions: at room temperature,
roughly 1.4 kcal/mol corresponds to a factor of ten in binding a!nity. The two models show
near-identical numerical RMSE, di"ering by only about 0.04 kcal/mol, whereas AnewA!nity attains
a higher weighted Pearson r

2 (0.553 vs. 0.486) and a clearly better ranking. Its advantage is therefore
concentrated on candidate ordering rather than uniformly smaller error. More accurate physics-based
approaches occupy a di"erent, hour-scale operating regime, motivating the runtime comparison
below.

Fig. 6 shows that performance varies across targets, with neither method dominating every system:
on some series the two are close, while on others one is clearly ahead. Confidence in a prediction
should therefore follow the target and chemical context rather than being inferred from a single
aggregate score. This target-dependence is also where the per-transformation evidence of Section 3.4
becomes useful, because a benchmark-wide number cannot by itself say whether a particular edge lies
in a well- or poorly-predicted region. On the ligand-count-weighted aggregate, however, AnewA!nity
supplies the accuracy needed for prioritization while preserving stronger a!nity trends and ligand
ranking (R2

Pearson = 0.553, ω = 0.724) across this heterogeneous target set.

3.3 Low-Latency Evaluation for Broader Design

Figure 6 !G prediction across eight JACS systems. (a) AnewA!nity predictions, shown as circles. (b) Boltz-2
predictions, shown as triangles. Color identifies the protein system and is held constant between panels. Both
methods are evaluated on the same 199 ligands with identical axis limits. Dashed lines indicate identity, and
shaded bands indicate deviations within 1 kcal/mol. Insets report ligand-count-weighted squared Pearson
correlation for !G, Spearman correlation for !G, and pairwise !!G RMSE.

Across GPU runs on multiple machines, AnewA!nity evaluates one ligand-pair edge in approximately
1.5 seconds end to end, including loading, inference, post-processing, and serialization. This per-edge
latency is the marginal cost of adding a transformation and is distinct from the runtime coordinate
in Fig. 7, which reports an amortized 3.4 seconds per ligand—the total GPU runtime over the CDK2,
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Table 2 Agreement between AnewAffinity and reference FEP samples for the BACE transformation.

Wasserstein-1 (W1) distance measures agreement between work distributions, and window !G MAE measures
agreement between the resulting local free-energy estimates.

Phase Windows Forward W1 (RT ) Backward W1 (RT ) !G MAE (kcal/mol)

Protein 23 0.246 0.246 0.133
Water 23 0.299 0.314 0.180

TYK2, JNK1, and p38 subset divided by ligand count—paired with a Pearson correlation of 0.76.
The distinction matters operationally: per-edge latency governs how quickly a single new hypothesis
can be checked during a design discussion, whereas amortized per-ligand cost governs the throughput
available when an entire network is scored, and conflating the two would make head-to-head timing
comparisons misleading.

Fig. 7 compares runtime and predictive accuracy, reported as Pearson correlation r, across represen-
tative alternatives. Physics-based methods such as AnewFEP (→33,000 seconds, r = 0.77), ABFE
(→75,000 seconds, r = 0.75) [35], and OpenFE (→33,000 seconds, r = 0.66) [36], together with Boltz-2
at 20 seconds and r = 0.66 [4, 34], occupy more expensive operating regimes. IsoDDE reports a
higher mean correlation (r = 0.85) on the separate FEP+ 4 benchmark, but no comparable runtime
is available [9], so it cannot be placed on this landscape; hardware, sources, and the IsoDDE entry are
reported in Supplementary Table S2. Because the points combine di"erent datasets, hardware, and
timing definitions, the figure is a qualitative operating-space map rather than a controlled speedup
benchmark. In AnewDDE, second-scale evaluation allows a!nity to guide candidate generation,
network construction, and synthesis prioritization early in each design cycle.

3.4 Window-Resolved Free-Energy Evidence

The held-out BACE transformation CAT-24 ↓ CAT-17e shows what interpretability means in
practice. AnewA!nity does not return a single endpoint score: it evaluates the transformation
separately in the protein and water phases, with phase-specific changes !GP and !GW, and combines
them through the thermodynamic cycle as !!G = !GP ↔ !GW. Within each phase it reports
forward and backward work distributions at every alchemical window (23 windows per phase), the
same quantities a physicist inspects in explicit FEP. At each window, the Bennett acceptance ratio
(BAR) [37] combines the two directional work distributions—evaluated on the original, unreflected
samples—to estimate the local free-energy di"erence; the window estimates are then accumulated
over the windows and subtracted between phases. Weak or inconsistent forward/backward overlap at
any window directly flags that transformation for further attention.

For CAT-24 ↓ CAT-17e, AnewA!nity predicts !!G = +1.12 kcal/mol, close to the experimental
+1.33 kcal/mol. Agreement is not confined to the final number. As summarized in Table 2, the
predicted work distributions match reference FEP samples closely in both phases (mean W1 distance
0.246–0.314RT ), and the window-level !G errors are small (0.133 and 0.180 kcal/mol), so the
estimate is supported along the entire path rather than only at its endpoint. Reporting both
directions is informative because forward and backward work probe the same window from opposite
ensembles: agreement in both directions indicates that the overlap is genuinely balanced, rather than
a one-sided coincidence. Consistency in both phases matters as well, since the final !!G is obtained
as the di"erence between two accumulated free-energy contributions, so an apparently accurate result
may arise from error cancellation and thereby mask substantial errors in either phase.

15



Figure 7 Runtime-accuracy landscape across representative computational approaches. Runtime is shown
on a logarithmic axis and predictive accuracy by Pearson correlation. Fill denotes GPU or CPU hardware;
squares denote machine-learning methods, circles denote physics-based methods, and the star highlights
AnewA!nity. The shaded band marks Pearson correlations below 0.15, and vertical guides mark 1 second,
1 minute, 1 hour, and 1 day. The curve is an illustrative guide to the runtime–accuracy frontier traced
by representative physics-based methods, rather than a fitted relationship. AnewA!nity uses the separate
four-system measurement of an amortized 3.4 seconds per ligand (total GPU runtime divided by ligand count)
with Pearson correlation 0.76; this di"ers from the 1.5-second per-edge latency reported in the text. AnewFEP
is shown at 33,000 seconds and 0.77. Values span di"erent datasets, hardware, and timing definitions and
therefore provide a qualitative comparison rather than a controlled benchmark.
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Figure 8 Thermodynamic-cycle estimation for the BACE CAT-24 → CAT-17e transformation. (a) Protein- and
water-phase free energies combine as !!G = !GP↔!GW. (b) Atom mapping defines the common atoms and
changing groups used in both phases. (c) Enlarged Window 23 distributions. Green curves show forward work,
!Hfwd = H23(X22)↔H22(X22); purple curves show backward samples reflected into the forward convention,
↔!Hbwd = H23(X23)↔H22(X23). Solid and dashed curves denote the protein and water phases, respectively.
(d) Corresponding distributions across all 23 adjacent ϖ windows, arranged in three rows; dashed guides
connect Window 23 to the enlarged view. Values above each window report the protein- and water-phase
estimates. BAR is evaluated from the original, unreflected samples, and window estimates are accumulated
through the thermodynamic cycle. The resulting AnewA!nity !!G is +1.12 kcal/mol, compared with the
experimental value of +1.33 kcal/mol.
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This window-level view is the practical value of interpretability: rather than trusting or rejecting an
opaque number, a scientist can see where an estimate comes from and locate the specific window or
phase responsible for a questionable result. The W1 distance, expressed in thermal-energy units RT ,
quantifies how far each predicted distribution along the ϖ schedule must be transported to match the
corresponding reference FEP distribution, providing a continuous local diagnostic instead of only a
global pass/fail verdict. Panels c and d of Fig. 8 make this concrete: panel c enlarges a single window
where the four phase–direction curves can be compared directly, while panel d places the same
comparison along all 23 windows so that an isolated anomaly is visible against the surrounding path.
Such a window can then be escalated to explicit FEP, structural re-analysis, or experiment—precisely
the information a scalar predictor cannot provide. The figure also shows the thermodynamic cycle
and atom mapping on which the estimate is built.

Taken together, the benchmark, runtime analysis, and BACE example establish AnewA!nity as
a fast, accurate, physically grounded, and interpretable a!nity predictor. Its practical distinction
is that second-scale estimates are accompanied by phase- and window-resolved evidence, allowing
broad candidate sets to be ranked while high-value or ambiguous transformations are identified for
escalation to explicit FEP, structural analysis, or experiment. AnewA!nity thereby serves as the
quantitative screening layer of AnewDDE, linking a!nity prediction directly to the next design
round.

4 Biologics Design with AnewDesign

Biologics, especially antibodies, stand as one of the most e"ective modalities of therapeutics in modern
medicine. Their widespread adoption across oncology, immunology, infectious disease, and rare genetic
disorders is driven by their highly modular architecture, exceptional target specificity, and prolonged
systemic half-life [38, 39]. Despite their immense clinical potential, traditional antibody discovery
campaigns remain severely bottle-necked by slow, labor-intensive pipelines. Conventional generation
relies on camelid immunization and in vitro display technologies, which necessitate the construction
of massive libraries containing billions of variants, multiple iterative enrichment rounds, and arduous
target-specific optimization to yield viable candidates. Recently, a wave of advanced deep learning
architectures – spanning all-atom di"usion frameworks, inverse-folding, structural hallucination, and
protein language models – has begun to bypass these empirical hurdles by designing high-a!nity
epitope-specific antibodies or nanobodies [8, 40–54]. Despite rapid advances in generative protein
design, a critical bottleneck persists: most computationally designed binders initially exhibit only
modest binding a!nities in the range from tens to hundreds of nanomolars, ultimately falling back
on extensive experimental screening or iterative in vitro a!nity maturation to achieve therapeutic
relevance. Generating true high-a!nity (e.g., single-digit nanomolar KD) binding is fundamentally
more challenging than simply predicting plausible structural interfaces.

Building upon the above-mentioned generative paradigm, we introduce AnewDesign, an agentic lab-
in-the-loop workflow for the de novo generation and in silico optimization of therapeutic antibodies
and nanobodies, as shown in Fig. 9. It runs on frontier language models in a web browser, so a
scientist can easily steer a design campaign in natural language. In this report, we demonstrate
a real-world nanobody design campaign using AnewDesign, including de novo nanobody design,
wet-lab data analysis, as well as in silico a!nity maturation to reach single-digit nanomolar KD as
measured by multi-concentration SPR on a Carterra LSA XT instrument. This streamlined approach
fundamentally collapses conventional discovery timelines, reducing the requisite experimental burden
from billions of random variants to a concise panel (i.e., 100-200 clones) of high-confidence and
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ready-to-test candidates.

AnewDesign Lab-in-the-Loop
Closed-loop, structure-aware nanobody optimization with experimental feedback
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Figure 9 The AnewDesign Lab-in-the-Loop Workflow. This closed-loop, structure-aware platform integrates
computational generation with continuous experimental feedback to systematically optimize nanobody
candidates. The iterative "design-test-learn" cycle consists of three core phases. Computational Design:
Starting from a defined target with a set of epitopes, a deep-learning-based algorithm generates a pool of initial
candidates with preferred protein-protein interactions. An agent-assisted triage process then ranks, filters,
and selects designs based on structural consistency, interface plausibility, and developability. Wet-Lab Testing :
The selected computational designs are expressed and purified. Candidate proteins undergo wet-lab validation
through binding (e.g., BLI, SPR, ELISA) and developability assays. Feedback Optimization: Experimental
results are fed directly back into the agentic workflow to update round-level design constraints and priorities.
By preserving validated regions and applying a focused in silico a!nity maturation algorithm to selected
CDR and nearby framework residues, the workflow generates iteratively improved clones with better binding
a!nity. This continuous learning cycle can quickly drive up to a 100-fold improvement in binding a!nity,
achieving single-digit nanomolar KD values.

To demonstrate the AnewDesign workflow, we conducted a proof-of-concept nanobody design
campaign on an internal protein target, as illustrated in Fig. 10. Given the objective of designing
VHH binders, the agent begins by constructing the context relevant to biologics design. It first
recommends initiating from experimentally reported VHHs to assess their binding epitopes. Guided by
this rationale, the agent then retrieves relevant literature and patents, queries structural and sequence
databases to characterize the target and its biology, identifies structures suitable for design, and
proposes candidate epitopes. Epitope selection is filtered against functional criteria and informed by
spatial reasoning over the structure, ensuring that the chosen surfaces reflect the intended mechanism
rather than merely geometric convenience. In this case, the agent selects a published crystal structure
to identify potential epitope residues suitable for VHH design. It also examines a separate structure of
the target protein in complex with its binding partner to delineate the protein-protein interface to be
blocked, and overlays the candidate epitope onto this interface to confirm its relevance for inhibition.
Once the target and epitope are established, the agent initiates targeted computational design
experiments, orchestrating the runs required to generate candidate binders against the selected site.
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None of these fit? Share your thoughts directly in the chat box below.

Confirm

Searched both the web and databases to identify specific published 
VHH sequences. Potential candidates include a [masked]-nanobody 
complex. I will locate exact sequences from literature and structures 
for further insights…

FiltersScoresSequenceID

PASS…QVQ…TVSSVHH_1

PASS…QVQ…TVSSVHH_2

…………

PASS…QVQ…TVSSVHH_50

Report.zip
ZIP

Identify hits with SPR KD < 400 nM

Based on structural analysis of PDB: [masked] and PDB: [masked] , I 
propose the following epitope residues: …

Identified 7 hits from 50 designed sequences with SPR KD < 400 nM.

Do you want to launch the de novo design workflow with the above-mentioned epitope?
Confirm

Do you want to launch the affinity maturation workflow based on the identified hits?
Confirm

Launched 12 workers on cloud instances.

Proposed the following 100 sequences for wet-lab evaluation.

Analyzed in silico affinity maturation results.

ReasonSequenceID

Based on VHH_4 with S102D and I109L mutationsQVQ…TVSSVHH_51

Based on VHH_4 with S102D, N104T, and I109L mutationsQVQ…TVSSVHH_52

……

Based on VHH_49 with H30W, R55Q, and Y103F mutationsQVQ…TVSSVHH_150

Got 287 clusters after applying filters of interface scores, sequence liability, and sequence clustering.

Generated 3092 candidates passing initial filters to ensure structural confidence and CDR contact.

Recommended the following 50 sequences for wet-lab evaluation.

? Need your help

? Need your help

Figure 10 A nanobody design campaign orchestrated by the AnewDesign agentic workflow through

AnewScience interface. The left panel illustrates the initial setup where the AI assistant interprets the user’s
prompt, autonomously queries structural databases and literature to identify epitopes suitable for the design
goal, and prepares the computational design parameters. The right panel demonstrates the execution of the
generative pipeline on distributed cloud infrastructure, progressively filtering over 3,000 generated candidates
down to a curated panel of 50 de novo sequences for the 1st round of wet-lab evaluation. Following the
integration of experimental SPR binding data, the assistant automatically identifies hits and then initiates a
downstream in silico a!nity maturation cycle, and finally proposes 100 more candidates for wet-lab evaluation.
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The underlying antibody design methodology is computationally driven, combining di"usion-based
generative models with discriminative models built on structure prediction.

Figure 11 SPR response curves of VHHs de novo designed against an internal protein target, with affinities

below 400 nM. Binding a!nities were measured using up to 8 analyte concentrations (from 300 nM with
3-fold dilution, shown in the bottom colormap) with kinetic fitting to determine KD. A published nanobody
was used as the positive control listed as the last plot. Detailed experimental procedures are provided in
Supplementary Methods.

The resulting designs are then put through automated quality assurance such as sequence liability
and diversity. In particular, we removed sequences with high-risk liabilities such as deamidation,
fragmentation, isomerization and N-linked glycosylation by identifying relevant motifs in the CDR
regions. The agent also clusters candidates to ensure the set it advances is structurally and sequentially
diverse rather than many variations on one solution. What comes out is a curated, lab-ready set
rather than a raw pool of model outputs. At the end of the design step, the agent selected 50
VHH sequences for wet-lab validation. Candidates were expressed as VHH-Fc fusions, purified, and
evaluated for binding to the target using high-throughput, multi-concentration surface plasmon
resonance (SPR) on a Carterra LSA XT instrument (see Supplementary Methods, Sections A.3 and
A.4). Of these 50 clones, 7 exhibited SPR-derived KD values below 400 nM, corresponding to a hit
rate of 14% (Fig. 11).

We then move on to the in silico a!nity maturation stage. The measured a!nities and developability
labels are used as reference data to further optimize the generative models. Through partial di"usion-
based algorithms and an agent-assisted candidate selection pipeline, the selected hits undergo in

silico a!nity maturation to improve both binding a!nity and developability before the next round
of wet-lab testing. By continuously feeding experimental results back into computational design, we
establish a Lab-in-the-Loop framework that enables iterative design, testing, and optimization. The
a!nity maturation workflow proposed 100 additional clones for experimental validation using the
same protein production and SPR assay platform (see Supplementary Methods). This round reduced
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Figure 12 SPR response curves of VHHs against an internal protein target after in silico affinity maturation,

with affinities below 10 nM. Binding a!nities were measured using up to 7 analyte concentrations (from 300
nM with 3-fold dilution, shown in the bottom colormap) with kinetic fitting to determine KD. A published
nanobody was used as the positive control. Detailed experimental procedures are provided in Supplementary
Methods.
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KD values by up to two orders of magnitude and yielded 16 clones with single-digit nanomolar KD

values (Fig. 12). These clones are ready for subsequent developability and functional evaluation.

While this manuscript establishes the foundational architecture of AnewDesign, we present its
application to a proof-of-concept internal protein target. This focused demonstration serves as a
preview of the platform’s generative capabilities. AnewDesign will be further deployed across a
diverse, highly challenging array of disease-relevant targets supported by extensive functional and
developability assays to rigorously benchmark the pipeline’s real-world translational potential.

5 ADMET and Pharmaceutical Reasoning with AnewMind

Over the past several years, the field of large language models (LLMs) has undergone a profound
transformation, driven by major advances in model architectures [55] and large-scale training
paradigms [56]. State-of-the-art models now demonstrate unprecedented capabilities in complex
open-domain reasoning [57], coding [58], and long-horizon task execution [59]. These advances have
not only expanded the frontiers of general-purpose natural language processing, but also provided
powerful foundations for scientific research [60] and drug discovery [61].

At Anew, we have regularly evaluated successive generations of state-of-the-art LLMs across a diverse
set of drug discovery tasks using our internal benchmarks. These evaluations demonstrate a steady
improvement in model capabilities, with particularly rapid progress over the past six months. Because
the benchmarks are not publicly available, models are unlikely to have been explicitly optimized for
them [62, 63], making the results a useful independent measure of how their underlying capabilities
have evolved over time.

Based on this evidence, we believe LLMs are approaching an important turning point: they now have
the potential to contribute directly to drug discovery, rather than serving merely as orchestrators that
coordinate workflows built around specialized models [64]. Their potential extends beyond analytical
tasks such as ADMET prediction [65]. LLMs could also develop into capable R&D scientists with
broad domain knowledge and strong independent reasoning abilities, providing practical decision
support to pharmaceutical scientists [66].

However, even the most powerful proprietary models may fall short when faced with the practical
demands of real-world drug discovery [67]. Meanwhile, modern drug discovery pipelines incorporate a
wide range of specialized AI models and computational tools, as well as various wet-lab experiments.
We therefore expect the field to evolve toward integrated systems in which the foundation model
itself understands end-to-end drug discovery workflows and interacts with real-world experiment
feedback [68]. This paradigm enables the continuous generation of high-quality domain-specific data,
thereby establishing a feedback loop for further model improvement [69].

Taken together, these considerations make domain-specific post-training of open-source LLM models
with strong reasoning capabilities a natural and reasonable approach [70]. Specifically, we conduct
full-parameter post-training at the hundred-billion-parameter scale. We report AnewMind Pre-
view’s results on general-purpose benchmarks, ADMET benchmarks, and PharmBench, our internal
benchmarks testing capabilities for real world drug discovery R&D pipelines.

5.1 General Knowledge Benchmark

The motivation for evaluating general-purpose capabilities is straightforward: a domain-specialized
model should enhance scientific and drug-design capabilities without sacrificing general competence
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[71]. Evaluation on widely adopted general-knowledge benchmarks provides a cost-e"ective, high-
confidence check against domain overfitting. It also verifies that the model retains broad world
knowledge and the computational, analytical, and reasoning abilities required to solve complex
tasks. AnewMind Preview remains broadly comparable to leading general-purpose models on MMLU-
Pro and GPQA Diamond benchmark [72, 73]. As shown in Fig. 13, these results suggest that
domain-specific post-training preserves the model’s general knowledge and reasoning capabilities.
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Figure 13 General benchmark performance on MMLU-Pro (left) and GPQA Diamond (right). Bars show
accuracy, with AnewMind Preview highlighted in blue and external models shown in gray.

5.2 ADMET and Developability Benchmark

ADMET properties are critical considerations in small-molecule drug candidate selection and opti-
mization [74]. For cyclic peptides, membrane permeability is a key developability constraint [75],
whereas antibody evaluation emphasizes biophysical properties such as stability, aggregation, and
nonspecific binding [76]. Accordingly, we developed a modality-stratified benchmark covering classical
ADMET endpoints and modality-specific developability properties across small molecules (Fig. 14a),
cyclic peptides (Fig. 14b), and antibodies (Fig. 14c). The detailed composition of each benchmark is
described in supplementary section (Table S3, S4).

This benchmark does not require LLMs to directly predict absolute experimental measurements.
The underlying ADMET datasets span heterogeneous assays, measurement units, numerical scales,
and target transformations [77]. Moreover, the general-purpose LLMs evaluated in this study are
accessed as text generators rather than trained and calibrated as endpoint-specific regressors. Direct
point prediction would therefore confound errors in unit interpretation, scale calibration, and output
formatting with errors in capturing structure–property relationships. LLM behavior is also sensitive
to prompt formulation and the selection and order of in-context examples [78, 79], as well as to
the ordering of candidate options [80]. Under stochastic decoding, repeated inference can produce
di"erent reasoning paths or final outputs [81]. Consequently, a single absolute-value prediction may
not reliably isolate a model’s ability to identify structure–property trends.

Beyond improving evaluation robustness, relative ranking more closely reflects how predictive
models are used in practical drug discovery. In virtual screening, lead optimization, and candidate
selection, models are generally used to prioritize candidates under limited synthesis and experimental
resources rather than to replace experimental assays with high-precision absolute measurements [82].
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Whether optimizing the activity and ADMET profiles of small molecules, screening cyclic peptides
for permeability, or assessing antibody developability, the primary decision is which candidates
should advance to the next experimental stage. A ranking-based evaluation therefore measures
candidate-prioritization performance more directly and better reflects decision-making requirements
in real-world drug discovery workflows.

Based on these considerations, each property is formulated as a relative-ranking task (Fig. 14d).
Position balancing and repeated scheduling are used to compare each candidate across multiple
overlapping candidate sets. The scoring procedure decomposes each listwise ranking into pairwise
preference outcomes and aggregates them using the Elo algorithm to obtain a global relative rating
within each endpoint [83]. Multiple fixed-seed reorderings of the same pairwise outcomes are
performed, and the resulting ratings are averaged to reduce sensitivity to the Elo update order. For
classification tasks, ELO-AUROC is calculated using the Elo ratings and experimental class labels
[84], for continuous endpoints, Spearman’s rank correlation coe!cient is calculated between the
Elo ratings and experimental measurements [85]. This framework focuses on evaluating a model’s
ability to recover experimentally observed candidate orderings for individual properties and support
candidate prioritization, while reducing the influence of absolute-value calibration and run-to-run
output variability.

a Small-molecule ADMET

Absorption

Caco-2
HIA
P-gp
Bioavailability
Lipophilicity
Solubility

Toxicity
DILI
hERG
Ames
LD50

Metabolism

CYP2C9 inhibition
CYP2D6 inhibition
CYP3A4 inhibition
CYP2C9 substrate
CYP2D6 substrate
CYP3A4 substrate

Distribution

BBB · PPBR · VDssExcretion

Half-life · CL-Hepa · CL-Micro

c Antibody Developability

Self-association
Non-specific binding
Hydrophobicity
Thermal stability
Expression titer
Monomer purity
Heparin affinity

d Evaluation Pipeline
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ARank 1
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b Peptide Permeability
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Figure 14 Benchmark scope and evaluation workflow. (a) Twenty-two TDC small-molecule endpoints across
the five ADMET categories. (b) Cyclic-peptide PAMPA permeability. (c) Seven antibody developability
properties. (d) Listwise rankings are decomposed into pairwise outcomes and aggregated into endpoint-specific
Elo ratings, which are evaluated against experimental data using AUROC for classification and Spearman’s ω

for regression endpoints. Candidate labels A–D are illustrative.
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5.2.1 Zero-shot ADMETandDevelopability Performance across Different DrugModalities

The overall comparison summarizes the zero-shot performance of AnewMind Preview across the
four evaluation settings, as shown in Fig. 15. The model achieved a macro-average Elo-AUROC
of 0.771 for small-molecule classification, a macro-average Elo-Spearman correlation of 0.520 for
small-molecule regression, an Elo-AUROC of 0.737 for cyclic-peptide PAMPA permeability, and
a macro-average Elo-Spearman correlation of 0.247 for antibody developability. Based on point
estimates, it ranked fifth of 17, fifth of 16, first of 17, and second of 17 models, respectively. Although
scores are not directly comparable across panels because di"erent metrics are used, AnewMind
Preview ranked among the top five models in all four settings.

Detailed small-molecule results are presented in the supplementary Fig. S2, S3. AnewMind Preview
achieved the highest point estimates for CYP2C9, CYP2D6, and CYP3A4 inhibition, with ELO-
AUROC values of 0.851, 0.842, and 0.834, exceeding the corresponding second-best results by 0.030,
0.012, and 0.055. Strong classification performance was also observed for human intestinal absorption
(0.974), P-glycoprotein inhibition (0.876), blood–brain barrier permeability (0.867), and hERG
inhibition (0.862). Among continuous properties, the highest correlations were obtained for aqueous
solubility (ω = 0.824), Caco-2 permeability (ω = 0.661), and lipophilicity (ω = 0.607); plasma
protein binding (ω = 0.492) was close to the best result of 0.494. Bioavailability, CYP2C9 substrate
classification, drug-induced liver injury, and half-life showed comparatively weaker performance and
represent priorities for further improvement.

For cyclic-peptide PAMPA permeability, AnewMind Preview achieved the highest Elo-AUROC
among the evaluated models (0.737), exceeding the strongest comparator (0.693) by 0.044. This result
indicates a clear advantage in prioritizing cyclic peptides with higher passive membrane permeability,
as measured by PAMPA.

For antibody developability, AnewMind Preview achieved a macro-averaged Elo-Spearman correlation
of 0.247, ranking second among 17 models and trailing the highest-performing model by only 0.007.
Its strongest property-level ranking performance was observed for heparin a!nity (ω = 0.471),
expression titer (ω = 0.372), and hydrophobicity (ω = 0.328). Notably, the model achieved the
second-highest point estimates for both non-specific binding and expression titer. Monomer purity
was the only property with a negative correlation (ω = ↔0.050), indicating the clearest opportunity
for further improvement. Complete property-level results are provided in Supplementary Fig. S4.

Overall, the principal strength of AnewMind Preview lies in its consistency across molecular modalities,
rather than being confined to a single molecular class or a limited subset of properties. The model
ranked among the top five in all four aggregate evaluations, ranked first in cyclic-peptide permeability,
achieved near-leading performance in antibody developability, and obtained the highest point estimates
for all three CYP inhibition endpoints. Its performance in human intestinal absorption, membrane
transport, hERG inhibition, aqueous solubility, and cyclic-peptide permeability further indicates
that the model can identify experimentally meaningful property trends across structurally distinct
molecular classes, supporting candidate prioritization in small-molecule ADMET optimization,
cyclic-peptide permeability screening, and antibody developability assessment.
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Figure 15 ADMET and developability benchmark. Prediction performance across small-molecule ADMET
classification and regression, peptide permeability, and antibody developability. Colored bars highlight
AnewMind Preview; higher scores indicate better performance.

5.2.2 ADMET Reasoning Case Studies from a Recent Patent

To minimize the risk of overlap between the evaluation data and model-training corpora, we cu-
rated a small-molecule ADMET evaluation set from the recently published international patent
WO 2026/002036 A1 [86]. The data were extracted from the pharmacokinetic and in vitro liver-
microsomal experiments reported in the patent. Published on 2 January 2026, the patent provides a
recent data source for evaluating the ability of models to analyze newly disclosed medicinal-chemistry
evidence.

Four matched-pair cases were selected: mouse microsomal intrinsic clearance (Fig. 16), human
microsomal intrinsic clearance (Fig. S5), mouse plasma Cmax (Fig. S6), and mouse plasma half-life
(Fig. S7). Together, these endpoints assess in vitro metabolic stability across two species, peak
systemic exposure following oral administration, and in vivo elimination behavior. The models
received the candidate molecular structures, assay context, and endpoint-specific preference direction,
but not the experimental measurements. They were required to independently rank the candidates
and provide a medicinal-chemistry rationale.

AnewMind Preview reproduced the experimental ranking in all four cases, achieving an accuracy of
(4/4). It correctly selected the compounds with lower human and mouse microsomal intrinsic clearance,
the compound with higher mouse plasma Cmax, and the compound with a longer mouse plasma
half-life. Among the four displayed external-model responses, only GPT-6-Astra correctly ranked the
mouse plasma half-life pair; Gemini-3.8-Flash reversed both microsomal-clearance rankings, while
GPT-5.6-Sol reversed the Cmax ranking. Manual review further showed that AnewMind Preview

27



accurately identified the principal di"erences in ring systems, amide environments, fluorinated side
chains, and sulfonamide substitution patterns. It integrated these structural observations with
appropriately qualified discussions of metabolic stability, absorption, distribution, and clearance.
And no significant errors in the identification of structures or functional groups were observed. These
examples demonstrate that the model can not only rank matched molecular pairs but also provide
structure-grounded explanations that may support compound-progression decisions and the planning
of subsequent optimization steps.

Figure 16 Mouse microsomal intrinsic clearance case study. AnewMind Preview correctly identified the
experimental ranking and provided a structure-grounded ADMET rationale, whereas Gemini-3.8-Flash reversed
the ranking.

5.3 PharmBench and Scientific Decision Support

Specialized tools for structure prediction, molecular generation, and ADMET prediction can support
well-defined tasks [5, 87, 88]. The broader challenge in drug R&D, however, lies in expert-level
reasoning across the development pipeline: integrating heterogeneous experimental findings, explaining
changes in compound properties, and making informed trade-o"s among competing objectives such as
potency, selectivity, pharmacokinetics, and safety. We therefore seek to determine whether a model,
once equipped with broad knowledge of drug properties and pharmaceutical R&D, can draw on that
knowledge and its reasoning capabilities to analyze real-world problems, propose evidence-based and
testable optimization strategies, and design context-specific experimental plans. Moreover, because
drug-pipeline information is highly sensitive, models that can be deployed privately and remain under
full organizational control are an important requirement for this application.
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Figure 17 Construction and capability coverage of PharmBench. (a) Experts integrate experimental evidence
and R&D context to formulate scenario-based questions. (b) The 200 subquestions span seven capability
dimensions, comprising 287 capability assignments because individual subquestions may carry multiple labels.

To evaluate these capabilities, we developed PharmBench, a benchmark designed around authentic
drug R&D scenarios (Fig. 17). Our in-house experts authored each question by systematically
integrating relevant assays, experimental results, and the conclusions supported by those results,
while also incorporating the progression of the R&D scenario and its key decision points. The
resulting questions organize otherwise fragmented pieces of evidence within explicit R&D contexts
and around specific decision objectives, with the aim of reproducing the judgments and trade-o"s
that researchers encounter in practice.

PharmBench comprises 50 R&D scenarios (including 200 questions), spanning seven interrelated
capability domains. Project decision-making and scientific rigor constitute the most widely represented
domain, assessed in 29.0% of the questions, followed by ADMET analysis (26.0%), SAR and data
interpretation (25.5%), molecular design and synthesis (23.0%), chemical reasoning (18.0%), structure-
based drug design and structural analysis (16.5%), and biology and assay validity (5.5%). Because
individual questions may assess multiple capabilities, these percentages are non-exclusive and therefore
do not sum to 100%. This design allows the evaluation to focus more directly on a model’s ability to
interpret, integrate, and reason over the evidence provided.

When constructing PharmBench, we based the rubrics exclusively on experiments that had been
conducted and their observed outcomes. Although some questions may admit other reasonable
solutions, this design ensures an objective, traceable, and verifiable basis for evaluation. To further
assess a model’s ability to work through continuous project scenarios, we adopted a progressive-
disclosure strategy: the model first receives the project background and the initial question, with each
subsequent question revealed only after the preceding response is completed. This process simulates
the stepwise analysis and decision-making driven by emerging evidence in real-world R&D projects,
while preventing results or conclusions from later questions from leaking answers to earlier ones.

In the PharmBench evaluation, AnewMind Preview achieved an overall score of 54.65%, ranking
third among 17 models, behind top-ranked GPT-5.6-Sol and only 0.23 percentage points behind
second-ranked Kimi K3 (Fig. 18). It exceeded the average score of the 16 external models by 6.59
percentage points and the average score of the eight external hundred-billion-scale models by 10.15
percentage points. AnewMind Preview’s strongest advantage was observed in Molecular Design &
Synthesis. Across 46 relevant subquestions, it achieved a score of 60.83%, ranking first among all 17
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models, slightly ahead of GPT-6-Astra (60.64%) and GPT-5.6-Sol (60.40%). In ADMET, AnewMind
Preview scored 53.11%, ranking fourth and exceeding the external-model average by 7.16 percentage
points. Overall, it scored above the external-model average in five of the seven capability dimensions.

The case-level results further show that AnewMind Preview exceeded the external-model average in
29 of the 50 cases (58%) and achieved the highest score, either outright or jointly, in 7 cases (14%;
Fig. 19).
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Figure 18 Overall and capability-level performance on PharmBench. Bar charts show weighted scores across
17 models, with AnewMind Preview highlighted in color.

To illustrate the task format of PharmBench and the performance of evaluated models, we present
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representative case studies from small-molecule and antibody development1, including the problem
context, key experimental evidence, and model responses (Fig. 20). We focus in particular on how
models analyze evidence and formulate recommendations for subsequent experiments.

Capability mix Overall

AnewMind Preview 54.6
GPT-5.6-sol 59.9

Kimi K3 54.9

GLM 5.3 54.2

DeepSeek V4.1 Flash 53.3

Gemini 3.8 Flash 52.6

Claude Opus 5 52.4

GPT-6 Astra 52.3

GLM 5.3 Flash 51.9

Hunyuan4 Preview 46.5

DeepSeek V4 Pro 0813 44.5

Hunyuan3 42.3

Qwen3.8 Max 42.1

MiniMax M3 41.7

Qwen3.5 397B 41.2

MiMo-V2.5 39.8

DeepSeek V4 Flash 0731 39.1

Capability tags SAR & Data Molecular Design Project Decision ADMET / DMPK Chemical Reasoning SBDD Biology & Assay Case score
0 50 100%

Figure 19 Case-level performance on PharmBench. The heatmap shows 50 cases ordered from hardest to
easiest by the mean model score; darker cells indicate higher scores.

In the small-molecule example, AnewMind Preview interpreted compound SMILES, key crystal-
structure interactions, pocket residues, and kinase activity and selectivity data. It derived a coherent
structure–activity relationship: C3 amide substitution exploits the smaller ALA671 in M4 pocket,
whereas the bulkier VAL, LEU, or ILE residues in related kinases create steric exclusion. The
improved selectivity therefore results primarily from weaker o"-target binding rather than stronger
M4 binding. Further enlargement of the substituent eventually compromises its fit within M4, while
removal of the amide NH disrupts a key hinge-binding hydrogen-bond network. By connecting
structural di"erences with activity trends, the model produced a mechanistically grounded SAR
hypothesis that medicinal chemists could review and use to inform subsequent optimization.

The antibody example presents a di"erent development challenge. Although the antibody has
normal colloidal stability and picomolar antigen a!nity, its first Fv unfolding transition occurs
at only 63.2°C, below the project target of 68°C, and is accompanied by accelerated aggregation
and poor monomer recovery after low-pH treatment. Given the working hypothesis stated in the
prompt, AnewMind Preview proposed a workflow to prioritize framework and VH-VL-interface
mutations for experimental testing. It proposed combining human-germline residue conservation
with three-dimensional analyses of local energetics, packing, steric clashes, and interface quality to
prioritize a small set of experimentally testable mutations. Importantly, it treated sequence frequency
and computational energy estimates as filters rather than substitutes for experimental validation.

Together, these examples show that AnewMind Preview can support the full reasoning chain
from evidence integration and mechanistic hypothesis generation to design recommendations and
experimental validation. Its natural-language outputs make assumptions, trade-o"s, and uncertainties
explicit, allowing medicinal chemists and antibody engineers to e!ciently review and refine the

1The complete examples can be found here.
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Question PBS-SM001 · Q1

Project M is developing an orally available inhibitor of kinase M4 for autoimmune disease. During early hit-to-lead work, an HTS-derived chemotype
showed very high affinity but almost no selectivity over the related kinases M1, M2, and M3.

The crystal structure of Compound 5 shows the following:

• Compound 5 is anchored in the kinase hinge. The core pyridine nitrogen, the NH of the C6 pendant aminopyridine, and the NH of the C3
carboxamide form a donor-acceptor-donor hydrogen-bond network with the target backbone around Val690 and Glu688.

• The M4 pocket contains Ala671, whereas most other kinases have Val, Leu, or Ile at the corresponding position.
• Compound 5 bears a peripheral ortho-aminobenzamide group at C4. Its amide oxygen forms a hydrogen bond with Lys642, whereas its NH2

group has no observed interaction.

The medicinal-chemistry team then prepared Compounds 4-8:

Compound SMILES M4 IC50 (μM) M1 / M2 / M3 IC50 (μM) M4 reporter-cell IC50s (μM; Assay A
/ Assay B, mean ± SD)

4 NC(=O)C1=CC=CC=C1NC1=CC(NC2=CC=C(F)C=N2)=NC=C1C(N)=O 0.00046 ± 0.0002 0.015 / 0.026 / 0.024 0.089 / 0.037 ± 0.04 / 0.02

5 CNC(=O)C1=CN=C(NC2=CC=C(F)C=N2)C=C1NC1=CC=CC=C1C(N)=O 0.0013 ± 0.0005 >2 0.66 / 0.32 ± 0.2 / 0.1

6 CCNC(=O)C1=CN=C(NC2=CC=C(F)C=N2)C=C1NC1=CC=CC=C1C(N)=O 0.013 ± 0.004 >2 4.1 / 2.5 ± 3 / 0.8

7 NC(=O)C1=CC=CC=C1NC1=CC(NC2=CC=C(F)C=N2)=NC=C1C(=O)NC1CC1 0.033 ± 0.01 >2 3.3 / 5.6 ± 1 / 2

8 CN(C)C(=O)C1=CN=C(NC2=CC=C(F)C=N2)C=C1NC1=CC=CC=C1C(N)=O 0.087 ± 0.02 >2 11 / 12 ± 2 / 0.8

Explain the causes of the activity and selectivity changes from Compound 4 through Compound 8.

The data show a clear structure-activity relationship (SAR) from Compound 4 to Compound 8, with the only structural
variation being the substitution on the amide nitrogen at the pyridine C3 position. ...

• A plausible hypothesis, consistent with the Ala671 selectivity gate, is that the alkyl substituent on the amide nitrogen projects into a subpocket
that is sterically constrained in M1/M2/M3 by the bulkier Val/Leu/Ile residue, but is accommodated in M4 by the smaller Ala.

• Even a small methyl group (Compound 5) causes a severe steric clash in the off-targets, leading to a large drop in affinity, ...

• Larger alkyl groups (ethyl, cyclopropyl) cause further steric hindrance even in the M4 pocket, ...

• The tertiary dimethyl amide (Compound 8) loses the last NH donor entirely, resulting in the weakest M4 binding (0.087 µM) while off-targets
remain >2 µM. ...

* Verbatim excerpts from the original response

Question PBS-AB002 · Q1

Project Atlas is developing Compound B, a fully humanized monoclonal antibody intended as a platform building block for future multispecific
formats. Its colloidal stability is normal, including a HIC retention time within the normal IgG1 range.

The molecule nevertheless has severe conformational instability. DSF assigns the first unfolding transition to the Fv and measures Tm1 = 63.2
degrees C, below the program's empirical developability target of >68 degrees C. The low Tm1 is accompanied by rapid high-molecular-weight
species formation during accelerated stability testing at 40 degrees C and <70% monomer recovery after low-pH viral inactivation at pH 3.5 for 1 h.

Changing the heavy-chain isotype and introducing stabilizing Fc mutations did not improve the local Fv transition. Compound B has picomolar
antigen affinity, its epitope recognition depends on a highly precise CDR conformation, so any direct CDR mutation is prohibited. The working
hypothesis is therefore a defect in the framework regions or VH-VL interface.

Describe a computational biology and structural-modeling workflow that localizes the specific framework or VH-VL-interface residues
responsible for instability while minimizing immunogenicity risk.

Use only the evidence supplied in the current case and the visible earlier turns from the same case. Separate measured facts from hypotheses, and
do not treat a historical project action as proof that the action was correct.

Here is a computational biology and structural-modeling workflow designed to localize the specific framework or VH-VL
interface residues responsible for the conformational instability of Compound B, while minimizing immunogenicity risk. ...

• Generate a high-quality homology model of the Fv (VH + VL) of Compound B. Use the closest available germline or known crystal structure as a
template ...

• Run computational mutagenesis (e.g., FoldX, Rosetta ddG) on every framework residue (excluding CDRs) and every VH-VL interface residue.
Calculate the predicted change in folding free energy ...

• Compare the VH and VL sequences to the human germline database (e.g., IMGT/V-QUEST). Flag framework residues that are non-germline
(somatic hypermutations) and are predicted to be destabilizing. ...

• Are germline-reverting (i.e., changing a non-germline residue back to the human germline sequence). This is the lowest immunogenicity risk. ...

• Build models of the top 3-5 single-point mutations (or double mutations if synergistic) in the framework or VH-VL interface. ...

• Express and purify the top mutant(s) and test: ... Affinity (SPR/BLI) to confirm picomolar binding is retained. ...

AnewMind 
Preview

* Verbatim excerpts from the original response

AnewMind 
Preview

Figure 20 PharmBench case study on kinase inhibitor potency and selectivity (upper) and antibody

developability (lower). Ellipses indicate omitted text.
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analysis. Rather than replacing expert judgment, the model can help researchers organize complex
project information, identify overlooked explanations, compare design options, and formulate testable
next steps. Combined with its quantitative performance, these results demonstrate AnewMind
Preview’s ability to convert complex scientific evidence into interpretable, reviewable, and actionable
reasoning under realistic R&D constraints.
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A Supplementary Information

Table S1 Top-1 success rates (%) across antibody-antigen, protein-ligand, and protein-protein structure-

prediction benchmarks. Bold values indicate the best result for each benchmark. AnewFold results and values
marked with ↗ were computed in this study; all other values were taken from publicly reported benchmark
results.

Antibody-Antigen Protein-Ligand

Model FoldBench PXMeter AF3-AB FoldBench

AF3 48.8 – 47.0 64.9
Boltz-1 34.4 19.6 14.9 55.0
OF3p2 34.9 27.9 30.9 44.5
Protenix-v1 52.3 40.2 40.4 62.8
Protenix-v2 65.0 49.7 53.5 64.0
OpenDDE 70.0 51.0 55.6(↗) 60.1
IsoDDE 75.6 – – 76.0

AnewFold 76.2 60.8 62.3 77.4

A.1 AnewFold Benchmark Construction

AnewFold’s structural training data comprise only PDB entries with release dates earlier than
September 30, 2021, with data preparation following the Protenix-v2 pipeline.

A.1.1 Pocket Identification

The pocket identification evaluation set strictly follows IsoDDE’s construction procedure: for systems
released after January 01, 2024, all protein–ligand structures with resolution better than 5 Å were
collected and filtered by the following criteria: pocket residues are uniformly defined as residues with
any atom within 5 Å of any ligand heavy atom; ligands must carry CCD codes and contain 6-50
heavy atoms; common crystallization bu"ers and common ions are removed; a pocket must contain
at least 10 residues; only non-chimera protein chains are retained, i.e., chains mapping to multiple
UniProt IDs are excluded; to avoid counting the same pocket multiple times, each ligand’s local
pocket is expanded into an alignable protein-chain instance: the contacting chain is aligned to its
UniProt reference, pocket residues are represented in UniProt-aligned coordinates, and the ligand
centroid is computed in this local frame. Instances sharing the same UniProt reference and having
spatially proximal ligand centroids are then grouped into a single pocket cluster by single-linkage
clustering with a 5 Å distance threshold, yielding the strict pocket test set. In addition, following
the CryptoBench [89] standard, we carve a cryptic-pocket subset from this test set to evaluate
hidden-pocket prediction.

A.1.2 Molecular glue Structural Prediction

Molecular glue (MG) complexes provide a stringent test of structural generalization because the
ligand must be positioned together with two cooperative protein-ligand interfaces, often in geometries
that are sparsely represented in training data [22]. We evaluated AnewFold on the MG benchmark
and restricted the comparison to 131 common cases produced by AnewFold, Boltz-1, Protenix-v1,
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Figure S1 Structural prediction performance on themolecular glue benchmark, evaluated on the 131 complexes

for which all four models (AnewFold, Protenix-v1, Protenix-v2, and Boltz-1) produced complete predictions. A
prediction counts as a joint success when it satisfies all three criteria simultaneously: DockQ > 0.23, ligand
RMSD < 2.0Å, and LDDT-PLI > 0.8. (a-d) Top-1 performance, based on each model’s highest-ranked
prediction: distributions of DockQ (a), LDDT-PLI (b), and ligand RMSD (c) together with the resulting joint
success rate (d). AnewFold achieves a top-1 joint success rate of 71.8%, compared with 45.0% for Protenix-v1,
29.8% for Protenix-v2, and 22.1% for Boltz-1. (e-h) Oracle performance over the 25 poses predicted per
complex: best DockQ (e), best LDDT-PLI (f), best ligand RMSD (g) and oracle joint success (h) defined as at
least one of the 25 poses satisfying all three criteria. AnewFold reaches an oracle joint success rate of 83.2%,
versus 55.7% for Protenix-v1, 42.0% for Protenix-v2, and 29.0% for Boltz-1. Red dashed lines indicate the
metric thresholds used in the joint criterion; diamonds denote distribution means. Ligand RMSD is shown
with panel-specific upper caps for readability.
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and Protenix-v2. Performance was measured using DockQ for the protein-protein interface, ligand
RMSD for pose accuracy, and LDDT-PLI for local protein-ligand interaction quality. A prediction
was counted as jointly successful only when all three criteria were satisfied simultaneously: DockQ
> 0.23, ligand RMSD < 2.0Å, and LDDT-PLI > 0.8.

Using only the top-ranked prediction, AnewFold attains a 71.8% joint success rate, exceeding Protenix-
v1 by 26.8%, Protenix-v2 by 42.0%, and Boltz-1 by 49.7% (Fig. S1a-d). The component-metric
distributions are consistent with this result: AnewFold concentrates more predictions above the DockQ
and LDDT-PLI thresholds and below the 2.0Å ligand-RMSD threshold. The gain therefore reflects
concurrent improvements in ternary assembly, ligand placement, and local interaction geometry
rather than optimization of a single metric.

Sampling 25 poses further improves all methods, but the relative ordering remains unchanged
(Fig. S1e-h). AnewFold reaches an oracle joint success rate of 83.2%, compared with 55.7% for
Protenix-v1, 42.0% for Protenix-v2, and 29.0% for Boltz-1. The 11.4-percentage-point increase from
top-1 to oracle performance indicates that additional sampling recovers di!cult conformations, while
the already high top-1 rate shows that AnewFold usually ranks a near-native ternary structure
first. Together, these results support AnewFold’s ability to model the coupled protein-protein and
protein-ligand interactions that stabilize molecular-glue complexes.

A.2 Affinity Runtime Comparison

Table S2 Runtime and Pearson correlation values used in the qualitative runtime-accuracy comparison

in Fig. 7. Runtime values span di"erent datasets, hardware, and timing boundaries and therefore do not
constitute a controlled speed benchmark. No comparable runtime is reported for IsoDDE, so its value is
marked “—” and it is not plotted in Fig. 7; its Pearson correlation of 0.85 is the mean on the FEP+ 4
benchmark reported in the IsoDDE technical report.

Method Runtime (s) Pearson correlation Method type Hardware Value source

BACPI 0.00048 0.14 ML GPU Boltz-2 study [4]
Boltz-2-iptm 5.0 0.04 ML GPU Boltz-2 study [4]
Boltz-2 20.0 0.66 Boltz-2 GPU Boltz-2 study [4]
Chemgauss4 (Docking) 25.0 0.26 Physics CPU Estimated from source figure
FMO 300.0 0.55 Physics CPU Estimated from source figure
MM/PBSA 720.0 0.18 Physics CPU Estimated from source figure
OpenFE 33,000 0.66 Physics GPU Gowers et al. [36]; Boltz-2 [4]
AnewFEP 33,000 0.77 Physics GPU Estimated from AnewFEP study [34]
ABFE 75,000 0.75 Physics GPU Wu et al. [35]; Boltz-2 [4]
IsoDDE — 0.85 ML GPU IsoDDE technical report [9]
AnewA!nity 3.4 0.76 ML GPU Provided measurement

A.3 Protein Construction, Expression, and Purification

VHH candidates were formatted as VHH-Fc fusions with a C-terminal human IgG1 Fc (C220S). All
recombinant constructs were synthesized and cloned into high-expression mammalian vectors. These
proteins were produced using a CHO mammalian cell transient expression system.

Transfected cells were cultured in serum-free media within a humidified incubator (8% CO2) at 37→C.
Between five and seven days following transfection, the culture media was collected, centrifuged, and
passed through a 0.22 µm filter to remove cellular debris. To isolate Fc-tagged VHHs, Protein A
a!nity chromatography was performed utilizing MabSelect resin. The column was washed with PBS
(pH 7.4), and the proteins were eluted using a pH 3.5 sodium acetate bu"er and promptly neutralized.
The recovered proteins were then transferred into either standard PBS or 0.05% PBST via dialysis
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or bu"er exchange. Final protein concentrations were quantified by measuring A280 absorbance
on a NanoDrop spectrophotometer. Additionally, sample purity and expected molecular weights
were evaluated using CE-SDS, successfully demonstrating the structural integrity of the → 80 kDa
VHH-Fc constructs.

A.4 High-Throughput Multi-Concentration SPR Analysis

High-throughput binding kinetics of the purified nanobodies to target protein were measured using a
Carterra LSA XT instrument. The Fc region of a VHH-Fc nanobody is captured or immobilized
onto the chip surface (as the ligand) using Protein A/G, and the monomeric antigen is then flowed
over it as the mobile phase (analyte). The nanobodies were first immobilized on the sensor chip for
10 minutes. Using 1xHBS EP+ as the running bu"er, the antigen was serially diluted from 300 nM
with a factor of 3. Antigen injections proceeded in a low-to-high concentration format, preceded by
multiple bu"er-only injections to establish a stable baseline. Data acquisition for each concentration
cycle consisted of a 60-second baseline, 5 minutes for association, and 15 minutes for dissociation.
Following each analyte titration series, the chip surface was regenerated using three 20-second pulses
of 10 mM Gly-HCl (pH 2.0). Binding kinetics were subsequently calculated using the Carterra KIT™
analysis software applied to a 1:1 Langmuir binding model. A reference channel was included in each
cycle for reference subtraction, and the final bu"er-only injection immediately preceding the antigen
injection was used as the blank for background subtraction of resonance units (RU).

A.5 ADMET and Developability Benchmark Construction

A.5.1 Small Molecule Benchmark

The small-molecule evaluation set follows the o!cial test splits of the TDC ADMET Group [77].
The endpoint composition and dataset size are summarized in the table below.

Table S3 Small-molecule evaluation set: ADMET endpoint composition and test-record counts.

ADMET Category Classification Endpoints (No. of
Test Records)

Regression Endpoints (No. of Test
Records)

Subtotal

Absorption HIA Hou (117)
P-gp Broccatelli (245)
Bioavailability Ma (128)

Caco-2 Wang (182)
Lipophilicity AstraZeneca (840)
Solubility AqSolDB (1,997)

3,509

Distribution BBB Martins (406) PPBR AZ (559)
VDss Lombardo (226)

1,191

Metabolism CYP2C9/2D6/3A4 Veith inhibi-
tion endpoints (2,419/2,626/2,467)
CYP2C9/2D6/3A4 Carbon-
Mangels substrate endpoints (135
each)

— 7,917

Excretion — Half-life Obach (135)
Clearance Microsome AZ (221)
Clearance Hepatocyte AZ (243)

599

Toxicity hERG (132)
Ames (1,457)
DILI (96)

LD50 Zhu (1,478) 3,163

Total 13 classification endpoints 9 regression endpoints 16,379
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A.5.2 Peptide Benchmark

The cyclic-peptide evaluation set was derived from CycPeptMPDB using the PAMPA data curated
in Benchmark CycPeptMP [75, 90]. The source data contain 6,311 records, with some cyclic peptides
repeated across the original random-split and sca"old-split files. Deduplication based on normalized
input hashes resulted in 3,939 unique cyclic peptides. In the current evaluation, the original random
and sca"old splits are not treated as separate tasks; instead, the deduplicated samples are combined
into a single evaluation set.

A.5.3 Antibody Benchmark

The antibody evaluation set was based on GDPa3, the independent test set of the 2025 Ginkgo
Datapoints Antibody Developability Competition [91]. GDPa3 contains 80 human IgG1 antibodies
derived from the Observed Antibody Space.

Each property was evaluated using all antibodies with a valid experimental measurement, rather
than restricting the entire evaluation to the 57 antibodies with complete Core7 data. Of the 80
antibodies, 73 had complete Core5 measurements and 57 had complete Core7 measurements. In
total, Core5 and Core7 contained 393 and 534 valid antibody–property measurements, respectively.

Table S4 Antibody evaluation set: property composition and valid antibody counts (GDPa3, n = 80).

Property Assay Readout Valid Antibodies (n)

Self-association / colloidal stability AC-SINS !Lmax (pH 7.4) 80
Polyreactivity / nonspecific binding PR-CHO 80
Hydrophobicity HIC retention time 79
Thermal stability nanoDSF Tm2 74
Expression / titer Valita 80

Monomeric purity / aggregation risk SEC monomer (%) 80
Heparin a!nity / charge-mediated clearance risk HAC retention time 61
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A.6 Performance of Small Molecule ADMET and Antibody Developability Prediction

Drug-induced liver injury AUROC
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Figure S2 Performance of small molecule ADMET prediction I.
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Ames mutagenicity AUROC
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Figure S3 Performance of small molecule ADMET prediction II.
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Figure S4 Performance of antibody developability prediction.
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A.7 ADMET Reasoning Case Studies from a Recent Patent

Figure S5 Human microsomal intrinsic clearance case study. AnewMind Preview correctly identified
the experimental ranking and provided a structure-grounded ADMET rationale, whereas Gemini-3.8-Flash
reversed the ranking.
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Figure S6 Mouse plasma Cmax case study. AnewMind Preview correctly identified the experimental ranking
and provided a structure-grounded ADMET rationale, whereas GPT-5.6-Sol reversed the ranking.
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Figure S7 Mouse plasma half-life case study. Both AnewMind Preview and GPT-6-Astra correctly identified
the experimental ranking and provided structure-grounded ADMET rationales.

A.8 External-Model Evaluation Notes

Claude Opus 5 on PharmBench. Among the 200 PharmBench questions, Claude Opus 5 produced
eight provider-side safety refusals. These responses contained no evaluable content and were therefore
scored as incorrect.

Exclusion of selected GLM-5.3 results. GLM-5.3 is not shown in the small-molecule ADMET
regression, GPQA Diamond, or MMLU-Pro comparisons because of task-specific output anomalies.
Although isolated negative correlations were also observed for other models, GLM-5.3 produced
negative correlations on six of the nine small-molecule regression endpoints, suggesting that it may
not have consistently followed the requested ranking direction. In addition, 24 of 198 GPQA responses
and 17 MMLU-Pro responses were truncated. The a"ected results were therefore excluded from the
corresponding comparisons.
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Lupo, Paulina Kulytė, Ryan Matthew Brand, Tristan Bertin, et al. Origin-1: A generative AI platform
for de novo antibody design against novel epitopes. bioRxiv, 2026. URL https://doi.org/10.64898/

2026.01.14.699389.

[47] Jian Ma, Fandi Wu, Lin Yao, Jing Gao, Rubo Wang, Qifeng Li, Nianzu Yang, Songlin Jiang, Dawei
Huang, Xiaoyong Pan, et al. IgGM2: An all-atom foundation model for adaptive immune receptor design.
bioRxiv, 2026. URL https://doi.org/10.64898/2026.07.09.737510.

[48] Luis S Mille-Fragoso, Claudia L Driscoll, John N Wang, Haoyu Dai, Talal Widatalla, Jim L Zhang,
Xiaowei Zhang, Bing Rao, Liang Feng, Brian L Hie, et al. E!cient generation of epitope-targeted

48

https://doi.org/10.26434/chemrxiv.15002526/v2
https://doi.org/10.1021/acs.jctc.5c00861
https://doi.org/10.5281/zenodo.8344248
https://doi.org/10.5281/zenodo.8344248
https://doi.org/10.1016/0021-9991(76)90078-4
https://doi.org/10.1016/0021-9991(76)90078-4
https://doi.org/10.1038/nrd.2017.227
https://doi.org/10.1146/annurev-biochem-063011-092449
https://doi.org/10.1038/s41586-025-09721-5
https://doi.org/10.1038/s41586-025-09721-5
https://nabla-public.s3.us-east-1.amazonaws.com/2025_Nabla_JAM2.pdf
https://doi.org/10.64898/2026.06.03.729735
https://doi.org/10.1101/2025.11.29.691346
https://doi.org/10.1101/2025.11.29.691346
https://doi.org/10.1101/2025.07.05.663018
https://doi.org/10.1101/2025.11.08.686881
https://doi.org/10.1101/2025.11.08.686881
https://doi.org/10.64898/2026.01.14.699389
https://doi.org/10.64898/2026.01.14.699389
https://doi.org/10.64898/2026.07.09.737510


antibodies with Germinal. Nature Biotechnology, pages 1–10, 2026. URL https://doi.org/10.1038/

s41587-026-03187-0.

[49] Hannes Stark, Felix Faltings, MinGyu Choi, Yuxin Xie, Eunsu Hur, Timothy O’Donnell, Anton Bushuiev,
Talip Uçar, Saro Passaro, Weian Mao, et al. BoltzGen: Toward universal binder design. bioRxiv, 2025.
URL https://doi.org/10.1101/2025.11.20.689494.

[50] Erik Swanson, Michael Nichols, Supriya Ravichandran, and Pierce Ogden. mBER: Controllable de novo

antibody design with million-scale experimental screening. bioRxiv, 2025. URL https://doi.org/10.

1101/2025.09.26.678877.

[51] Latent Labs Team, Henry Kenlay, Daniella Pretorius, Jonathan Crabbé, Alex Bridgland, Sebastian M
Schmon, Agrin Hilmkil, James Vuckovic, Simon Mathis, Tomas Matteson, et al. Drug-like antibodies
with low immunogenicity in human panels designed with Latent-X2. arXiv, 2025. URL https://arxiv.

org/abs/2512.20263.

[52] Latent Labs Team, Sebastian M Schmon, Daniella Pretorius, Simon Mathis, Rebecca Bartke-Croughan,
Aishaini Puvanendran, James Vuckovic, Henry Kenlay, Mária Vlachynská, Alex Bridgland, et al. Latent-Y:
A lab-validated autonomous agent for de novo drug design. arXiv, 2026. URL https://arxiv.org/

abs/2603.29727.

[53] Rubo Wang, Fandi Wu, Xingyu Gao, Jiaxiang Wu, Peilin Zhao, and Jianhua Yao. IgGM: A gener-
ative model for functional antibody and nanobody design. In International Conference on Learning

Representations, 2025. URL https://openreview.net/forum?id=zmmfsJpYcq.

[54] Qilin Yu, Liangyue Guo, Xiayan Qin, Xikun Huang, Baihui Tian, Hongzhun Wang, Yu Liu, Yunzhi
Lang, Di Wang, Zhouhanyu Shen, Jie Lin, and Mingchen Chen. High-a!nity protein binder design
via flow matching and in silico maturation. bioRxiv, 2026. doi: 10.64898/2026.01.19.700484. URL
https://www.biorxiv.org/content/early/2026/01/23/2026.01.19.700484.

[55] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, $ukasz
Kaiser, and Illia Polosukhin. Attention is all you need. In Advances in Neural Information Processing

Systems, volume 30, pages 5998–6008, 2017. URL https://proceedings.neurips.cc/paper_files/

paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html.

[56] Jordan Ho"mann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor Cai, Eliza Ruther-
ford, Diego de Las Casas, Lisa Anne Hendricks, Johannes Welbl, Aidan Clark, Tom Hennigan, Eric
Noland, Katie Millican, George van den Driessche, Bogdan Damoc, Aurelia Guy, Simon Osindero,
Karen Simonyan, Erich Elsen, Oriol Vinyals, Jack W. Rae, and Laurent Sifre. Training compute-
optimal large language models. In Advances in Neural Information Processing Systems, volume 35,
pages 30016–30030, 2022. URL https://proceedings.neurips.cc/paper_files/paper/2022/hash/

c1e2faff6f588870935f114ebe04a3e5-Abstract.html.

[57] OpenAI. GPT-4 technical report. arXiv preprint arXiv:2303.08774, 2023. doi: 10.48550/arXiv.2303.08774.
URL https://doi.org/10.48550/arXiv.2303.08774.

[58] Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde de Oliveira Pinto, Jared Kaplan,
Harri Edwards, Yuri Burda, et al. Evaluating large language models trained on code. arXiv preprint

arXiv:2107.03374, 2021. doi: 10.48550/arXiv.2107.03374. URL https://doi.org/10.48550/arXiv.

2107.03374.

[59] Xiao Liu, Hao Yu, Hanchen Zhang, Yifan Xu, Xuanyu Lei, Hanyu Lai, Yu Gu, Hangliang Ding, Kaiwen
Men, Kejuan Yang, Shudan Zhang, Xiang Deng, Aohan Zeng, Zhengxiao Du, Chenhui Zhang, Sheng Shen,
Tianjun Zhang, Yu Su, Huan Sun, Minlie Huang, Yuxiao Dong, and Jie Tang. AgentBench: Evaluating
LLMs as agents. In The Twelfth International Conference on Learning Representations, 2024. URL
https://openreview.net/forum?id=zAdUB0aCTQ.

[60] Andres M. Bran, Sam Cox, Oliver Schilter, Carlo Baldassari, Andrew D. White, and Philippe Schwaller.

49

https://doi.org/10.1038/s41587-026-03187-0
https://doi.org/10.1038/s41587-026-03187-0
https://doi.org/10.1101/2025.11.20.689494
https://doi.org/10.1101/2025.09.26.678877
https://doi.org/10.1101/2025.09.26.678877
https://arxiv.org/abs/2512.20263
https://arxiv.org/abs/2512.20263
https://arxiv.org/abs/2603.29727
https://arxiv.org/abs/2603.29727
https://openreview.net/forum?id=zmmfsJpYcq
https://www.biorxiv.org/content/early/2026/01/23/2026.01.19.700484
https://proceedings.neurips.cc/paper_files/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/c1e2faff6f588870935f114ebe04a3e5-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/c1e2faff6f588870935f114ebe04a3e5-Abstract.html
https://doi.org/10.48550/arXiv.2303.08774
https://doi.org/10.48550/arXiv.2107.03374
https://doi.org/10.48550/arXiv.2107.03374
https://openreview.net/forum?id=zAdUB0aCTQ


Augmenting large language models with chemistry tools. Nature Machine Intelligence, 6:525–535, 2024.
doi: 10.1038/s42256-024-00832-8. URL https://doi.org/10.1038/s42256-024-00832-8.

[61] Yizhen Zheng, Huan Yee Koh, Jiaxin Ju, Madeleine Yang, Lauren T. May, Geo"rey I. Webb, Li Li,
Shirui Pan, and George Church. Large language models for drug discovery and development. Patterns, 6
(10):101346, 2025. doi: 10.1016/j.patter.2025.101346. URL https://doi.org/10.1016/j.patter.2025.

101346.

[62] Alon Jacovi, Avi Caciularu, Omer Goldman, and Yoav Goldberg. Stop uploading test data in plain text:
Practical strategies for mitigating data contamination by evaluation benchmarks. In Proceedings of the

2023 Conference on Empirical Methods in Natural Language Processing, pages 5075–5084, Singapore,
2023. Association for Computational Linguistics. doi: 10.18653/v1/2023.emnlp-main.308. URL https:

//aclanthology.org/2023.emnlp-main.308/.

[63] Yucheng Li, Yunhao Guo, Frank Guerin, and Chenghua Lin. An open-source data contamination report
for large language models. In Findings of the Association for Computational Linguistics: EMNLP

2024, pages 528–541, Miami, Florida, USA, 2024. Association for Computational Linguistics. doi:
10.18653/v1/2024.findings-emnlp.30. URL https://aclanthology.org/2024.findings-emnlp.30/.

[64] Yizhen Zheng, Huan Yee Koh, Jiaxin Ju, Anh T. N. Nguyen, Lauren T. May, Geo"rey I. Webb, and
Shirui Pan. Large language models for scientific discovery in molecular property prediction. Nature

Machine Intelligence, 7:437–447, 2025. doi: 10.1038/s42256-025-00994-z. URL https://doi.org/10.

1038/s42256-025-00994-z.

[65] Mayk Caldas Ramos, Christopher J. Collison, and Andrew D. White. A review of large language models
and autonomous agents in chemistry. Chemical Science, 16(6):2514–2572, 2025. doi: 10.1039/D4SC03921A.
URL https://doi.org/10.1039/D4SC03921A.

[66] Adrian Mirza, Nawaf Alampara, Sreekanth Kunchapu, Martiño Ríos-García, et al. A framework
for evaluating the chemical knowledge and reasoning abilities of large language models against the
expertise of chemists. Nature Chemistry, 17(7):1027–1034, 2025. doi: 10.1038/s41557-025-01815-x. URL
https://doi.org/10.1038/s41557-025-01815-x.

[67] Wes Anderson, Ian Braun, Roopal Bhatnagar, Klaus Romero, Ramona Walls, Marco Schito, and
Jagdeep T. Podichetty. Unlocking the capabilities of large language models for accelerating drug
development. Clinical Pharmacology & Therapeutics, 116(1):38–41, 2024. doi: 10.1002/cpt.3279. URL
https://doi.org/10.1002/cpt.3279.

[68] Dinh Long Huynh, Srijit Seal, AIA4S Consortium, Dylan Reid, Anne E. Carpenter, Andreas Bender,
and Ola Spjuth. AI agents in drug discovery: applications and case studies. Drug Discovery Today, 31
(3):104650, 2026. doi: 10.1016/j.drudis.2026.104650. URL https://doi.org/10.1016/j.drudis.2026.

104650.

[69] Benjamin P. MacLeod, Fraser G. L. Parlane, Thomas D. Morrissey, Florian Häse, Loïc M. Roch, et al.
Self-driving laboratory for accelerated discovery of thin-film materials. Science Advances, 6(20):eaaz8867,
2020. doi: 10.1126/sciadv.aaz8867. URL https://doi.org/10.1126/sciadv.aaz8867.

[70] Zihan Zhao, Da Ma, Lu Chen, Liangtai Sun, Zihao Li, Yi Xia, Bo Chen, Hongshen Xu, Zichen Zhu, Su Zhu,
Shuai Fan, Guodong Shen, Kai Yu, and Xin Chen. Developing ChemDFM as a large language foundation
model for chemistry. Cell Reports Physical Science, 6(4):102523, 2025. doi: 10.1016/j.xcrp.2025.102523.
URL https://doi.org/10.1016/j.xcrp.2025.102523.

[71] Hongyu Li, Liang Ding, Meng Fang, and Dacheng Tao. Revisiting catastrophic forgetting in large language
model tuning. In Findings of the Association for Computational Linguistics: EMNLP 2024, pages 4297–
4308. Association for Computational Linguistics, 2024. doi: 10.18653/v1/2024.findings-emnlp.249. URL
https://aclanthology.org/2024.findings-emnlp.249/.

[72] Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni, Abhranil Chandra, Shiguang Guo, Weiming
Ren, Aaran Arulraj, Xuan He, Ziyan Jiang, Tianle Li, Max Ku, Kai Wang, Alex Zhuang, Rongqi

50

https://doi.org/10.1038/s42256-024-00832-8
https://doi.org/10.1016/j.patter.2025.101346
https://doi.org/10.1016/j.patter.2025.101346
https://aclanthology.org/2023.emnlp-main.308/
https://aclanthology.org/2023.emnlp-main.308/
https://aclanthology.org/2024.findings-emnlp.30/
https://doi.org/10.1038/s42256-025-00994-z
https://doi.org/10.1038/s42256-025-00994-z
https://doi.org/10.1039/D4SC03921A
https://doi.org/10.1038/s41557-025-01815-x
https://doi.org/10.1002/cpt.3279
https://doi.org/10.1016/j.drudis.2026.104650
https://doi.org/10.1016/j.drudis.2026.104650
https://doi.org/10.1126/sciadv.aaz8867
https://doi.org/10.1016/j.xcrp.2025.102523
https://aclanthology.org/2024.findings-emnlp.249/


Fan, Xiang Yue, and Wenhu Chen. MMLU-Pro: A more robust and challenging multi-task lan-
guage understanding benchmark. In Advances in Neural Information Processing Systems, volume 37,
2024. doi: 10.52202/079017-3018. URL https://papers.nips.cc/paper_files/paper/2024/hash/

ad236edc564f3e3156e1b2feafb99a24-Abstract-Datasets_and_Benchmarks_Track.html.

[73] David Rein, Betty Li Hou, Asa Cooper Stickland, Jackson Petty, Richard Yuanzhe Pang, Julien Dirani,
Julian Michael, and Samuel R. Bowman. GPQA: A graduate-level google-proof Q&A benchmark. In
Proceedings of the First Conference on Language Modeling, 2024. URL https://openreview.net/

forum?id=Ti67584b98.

[74] Han van de Waterbeemd and Eric Gi"ord. ADMET in silico modelling: towards prediction paradise?
Nature Reviews Drug Discovery, 2:192–204, 2003. doi: 10.1038/nrd1032. URL https://doi.org/10.

1038/nrd1032.

[75] Jianan Li, Keisuke Yanagisawa, Masatake Sugita, Takuya Fujie, Masahito Ohue, and Yutaka Akiyama.
CycPeptMPDB: A comprehensive database of membrane permeability of cyclic peptides. Journal

of Chemical Information and Modeling, 63(7):2240–2250, 2023. doi: 10.1021/acs.jcim.2c01573. URL
https://doi.org/10.1021/acs.jcim.2c01573.

[76] Tushar Jain, Tingwan Sun, Stéphanie Durand, et al. Biophysical properties of the clinical-stage
antibody landscape. Proceedings of the National Academy of Sciences, 114(5):944–949, 2017. doi:
10.1073/pnas.1616408114. URL https://doi.org/10.1073/pnas.1616408114.

[77] Kexin Huang, Tianfan Fu, Wenhao Gao, Yue Zhao, Yusuf Roohani, Jure Leskovec, Connor W. Coley, Cao
Xiao, Jimeng Sun, and Marinka Zitnik. Therapeutics data commons: Machine learning datasets and tasks
for drug discovery and development. In Proceedings of the Neural Information Processing Systems Track

on Datasets and Benchmarks, volume 1, 2021. URL https://datasets-benchmarks-proceedings.

neurips.cc/paper/2021/hash/4c56ff4ce4aaf9573aa5dff913df997a-Abstract-round1.html.

[78] Zihao Zhao, Eric Wallace, Shi Feng, Dan Klein, and Sameer Singh. Calibrate before use: Improving
few-shot performance of language models. In Proceedings of the 38th International Conference on Machine

Learning, volume 139 of Proceedings of Machine Learning Research, pages 12697–12706. PMLR, 2021.
URL https://proceedings.mlr.press/v139/zhao21c.html.

[79] Yao Lu, Max Bartolo, Alastair Moore, Sebastian Riedel, and Pontus Stenetorp. Fantastically ordered
prompts and where to find them: Overcoming few-shot prompt order sensitivity. In Proceedings of the

60th Annual Meeting of the Association for Computational Linguistics, pages 8086–8098. Association
for Computational Linguistics, 2022. doi: 10.18653/v1/2022.acl-long.556. URL https://aclanthology.

org/2022.acl-long.556/.

[80] Pouya Pezeshkpour and Estevam Hruschka. Large language models sensitivity to the order of options in
multiple-choice questions. In Findings of the Association for Computational Linguistics: NAACL 2024,
pages 2006–2017. Association for Computational Linguistics, 2024. doi: 10.18653/v1/2024.findings-naacl.
130. URL https://aclanthology.org/2024.findings-naacl.130/.

[81] Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc V. Le, Ed H. Chi, Sharan Narang, Aakanksha
Chowdhery, and Denny Zhou. Self-consistency improves chain of thought reasoning in language models.
In The Eleventh International Conference on Learning Representations, 2023. URL https://openreview.

net/forum?id=1PL1NIMMrw.

[82] Jean-François Truchon and Christopher I. Bayly. Evaluating virtual screening methods: Good and
bad metrics for the “early recognition” problem. Journal of Chemical Information and Modeling, 47(2):
488–508, 2007. doi: 10.1021/ci600426e. URL https://doi.org/10.1021/ci600426e.

[83] Arpad E. Elo. The Rating of Chessplayers, Past and Present. Arco Publishing, New York, 1978. ISBN
9780668047210.

[84] Tom Fawcett. An introduction to ROC analysis. Pattern Recognition Letters, 27(8):861–874, 2006. doi:
10.1016/j.patrec.2005.10.010. URL https://doi.org/10.1016/j.patrec.2005.10.010.

51

https://papers.nips.cc/paper_files/paper/2024/hash/ad236edc564f3e3156e1b2feafb99a24-Abstract-Datasets_and_Benchmarks_Track.html
https://papers.nips.cc/paper_files/paper/2024/hash/ad236edc564f3e3156e1b2feafb99a24-Abstract-Datasets_and_Benchmarks_Track.html
https://openreview.net/forum?id=Ti67584b98
https://openreview.net/forum?id=Ti67584b98
https://doi.org/10.1038/nrd1032
https://doi.org/10.1038/nrd1032
https://doi.org/10.1021/acs.jcim.2c01573
https://doi.org/10.1073/pnas.1616408114
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/4c56ff4ce4aaf9573aa5dff913df997a-Abstract-round1.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/4c56ff4ce4aaf9573aa5dff913df997a-Abstract-round1.html
https://proceedings.mlr.press/v139/zhao21c.html
https://aclanthology.org/2022.acl-long.556/
https://aclanthology.org/2022.acl-long.556/
https://aclanthology.org/2024.findings-naacl.130/
https://openreview.net/forum?id=1PL1NIMMrw
https://openreview.net/forum?id=1PL1NIMMrw
https://doi.org/10.1021/ci600426e
https://doi.org/10.1016/j.patrec.2005.10.010


[85] Charles Spearman. The proof and measurement of association between two things. The American Journal

of Psychology, 15(1):72–101, 1904. doi: 10.2307/1412159. URL https://doi.org/10.2307/1412159.

[86] Xiaobing Deng, Zhichao Du, et al. Compound and use thereof. International Patent Publication WO
2026/002036 A1, 2026. URL https://patents.google.com/patent/WO2026002036A1/en. Applicant:
Beijing Double-Crane Runchuang Technology Co., Ltd.; published 2 January 2026.

[87] Xiangzhe Kong, Junwei Chen, Ziting Zhang, Gaodeng Li, Qingyuan Zhu, Lei Wei, Mingyu Li, Yan Shi,
Weiyang Dai, Zishen Zhang, Wenjuan Tan, Rui Jiao, Xiaolun Wang, Jiqing Zheng, Ziyang Yu, Qilong
Wu, Zhiye Guo, Li Zhang, Wentao Li, Qiaojing Huang, Tian Zhu, Xiaowo Wang, Wenbing Huang, Yuli
She, Jian Zhang, Yang Liu, Kai Liu, and Jianzhu Ma. Programming biomolecular interactions with
all-atom generative model. bioRxiv, 2026. doi: 10.64898/2026.03.12.711044. URL https://www.biorxiv.

org/content/early/2026/03/15/2026.03.12.711044.

[88] Li Fu, Shaohua Shi, Jiacai Yi, Ningning Wang, Yuanhang He, Zhenxing Wu, Jinfu Peng, Youchao
Deng, Wenxuan Wang, Chengkun Wu, Aiping Lyu, Xiangxiang Zeng, Wentao Zhao, Tingjun Hou, and
Dongsheng Cao. Admetlab 3.0: an updated comprehensive online admet prediction platform enhanced with
broader coverage, improved performance, api functionality and decision support. Nucleic Acids Research,
52(W1):W422–W431, 2024. doi: 10.1093/nar/gkae236. URL https://doi.org/10.1093/nar/gkae236.

[89] Vít #krhák, Marian Novotn%, Christos P Feidakis, Radoslav Krivák, and David Hoksza. Cryptobench:
cryptic protein–ligand binding sites dataset and benchmark. Bioinformatics, 41(1):btae745, 2025. doi:
10.1093/bioinformatics/btae745. URL https://doi.org/10.1093/bioinformatics/btae745.

[90] Jianan Li, Keisuke Yanagisawa, and Yutaka Akiyama. Cycpeptmp: enhancing membrane permeability
prediction of cyclic peptides with multi-level molecular features and data augmentation. Briefings in

Bioinformatics, 25(5):bbae417, 2024. doi: 10.1093/bib/bbae417. URL https://doi.org/10.1093/bib/

bbae417.

[91] Lood van Niekerk, Joshua Moller, Seth Ritter, Porfirio Quintero-Cadena, Rich Cohen, Georgia Chan-
ning, Michael Chungyoun, Laura Rand, Alexander Smith, Aanal Bhatt, Yolaine Pierre, Blake Harris,
Xiang Ao, Lucia Grippo, Maximilian Schwenk, Adam Rosenbaum, Olga Allen, Nimra Asi, Jiang Zhu,
Aviral Singh, Daksh Sammi, Rushikesh Jadhav, Antonín Du&ek, Shyam Chandra, Valentin Badea,
Nels Thorsteinson, Nathaniel Blalock, Jeonghyeon Kim, Oliver M. Turnbull, Ameya Kulkarni, Vivek
Kohar, Netsanet Gebremedhin, Charlotte M. Deane, Peter M. Tessier, and Ammar Arsiwala. 2025
ginkgo datapoints antibody developability competition outcomes: limited model performance and a
call for data standardization. mAbs, 18(1):2634216, 2026. doi: 10.1080/19420862.2026.2634216. URL
https://doi.org/10.1080/19420862.2026.2634216.

52

https://doi.org/10.2307/1412159
https://patents.google.com/patent/WO2026002036A1/en
https://www.biorxiv.org/content/early/2026/03/15/2026.03.12.711044
https://www.biorxiv.org/content/early/2026/03/15/2026.03.12.711044
https://doi.org/10.1093/nar/gkae236
https://doi.org/10.1093/bioinformatics/btae745
https://doi.org/10.1093/bib/bbae417
https://doi.org/10.1093/bib/bbae417
https://doi.org/10.1080/19420862.2026.2634216

