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Abstract

Predicting protein—ligand complex structures is a
central challenge in drug discovery. While recent
co-folding models such as AlphaFold-3 achieve
accurate structure prediction, they fail to gener-
alize to underexplored binding interfaces — sys-
tematically misplacing ligands, particularly for
allosteric or structurally novel targets. To ad-
dress this gap, we present ACER (Adaptive Co-
folding via pocket Exploration and pose Ranking),
a training-free framework that (a) enables co-
folding models to systematically explore alter-
native binding pockets, and (b) leverages the dis-
covered pockets to increase pose accuracy. Our
method enables the efficient discovery of non-
prevalent pockets without prior expert knowledge.
ACER improves pocket discovery and pose accu-
racy on allosteric targets and structurally novel
complexes, successfully modeling binding inter-
faces that are under-represented or absent from
the training set. Our results demonstrate how im-
proved sampling dynamics enhance the generalis-
ability of co-folding models without retraining.

1. Introduction

Characterizing protein-ligand interactions at the structural
level provides a fundamental understanding of how a small
molecule modulates the biological function of one or more
macromolecular targets (Zhao et al., 2022; Ciulli, 2013).
Traditional structural biology techniques, e.g. X-ray crys-
tallography and cryo-electron microscopy, can accurately
resolve the structure of protein-ligand complexes, but they
remain time-consuming, costly, and difficult to scale for
high-throughput applications (Shi, 2014). Co-folding mod-
els have recently emerged as scalable computational tools
to predict the structures of protein-ligand complexes and
complement traditional experimental techniques (Abram-
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son et al., 2024; team et al., 2024; OpenFold3 Team, 2024;
Zhang et al., 2026; Passaro et al., 2025). Their competi-
tive performance in both structure prediction and molecu-
lar docking (Durairaj et al., 2024) highlights their poten-
tial to enable high-throughput virtual screening and guide
molecule design.

Despite these advances, co-folding models exhibit a criti-
cal failure mode (Skrinjar et al., 2025b): their tendency to
strongly memorize the training data. The model’s predictive
power highly correlates with the similarity between train-
ing and test samples, as further evidenced by the fact that
models misplace allosteric ligands into orthosteric binding
sites for protein targets whose allosteric sites are underrepre-
sented (Nittinger et al., 2025; Parikh et al., 2026). Similarly,
protein conformations are strongly affected by the ratio of
holo- and apo-structures in the training set (Yu et al., 2026).
These findings suggest that co-folding models have learned
the template (’'memorization’) rather than the underlying
physics of protein-ligand interactions.

One of the main bottlenecks of existing co-folding models is
the incorrect ligand placement in the protein pocket, which
is estimated to occur in allosteric complexes (Parikh et al.,
2026; Nittinger et al., 2025) and in proteins that are under-
represented in the training data (Yu et al., 2026; Skrinjar
et al., 2025b). Correct ligand placement is relevant, as most
of the targets in drug discovery campaigns are structurally
novel. This is particularly consequential for allosteric tar-
gets, where the functional pocket is often transient and only
forms upon ligand-induced conformational change. This
pocket memorization behavior therefore represents a critical
gap in co-folding models.

To overcome this bottleneck, explicit pocket constraints
have been proposed as guidance for co-folding (Passaro
et al., 2025; Zhang et al., 2026). However, this technique
requires prior knowledge about the correct pocket, which is
usually unavailable for novel or out-of-distribution targets.
Existing pocket identification tools (Le Guilloux et al., 2009;
Krivdk & Hoksza, 2018) predict binding-site residue proba-
bilities in the absence of a ligand, which might miss ligand-
induced conformational rearrangements (Meller et al., 2023).
In this context, improving pocket discovery for novel tar-
gets holds untapped potential on the path to generalizable
co-folding models.
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In this work, we present ACER (Adaptive Co-folding for
pocket Exploration and pose Ranking), a framework aimed
at improving the capacity of co-folding models to discover
and prioritize binding pockets — ultimately to retrieve more
accurate protein-ligand structures. Our main contributions
are:

1. Inference-time pocket exploration, which expands
the search for binding pockets without retraining or
major architectural modification. We implement two
complementary strategies to enable the exploration the
possible pocket landscape: (1) decoy ligand condi-
tioning, which augments the input representation with
auxiliary ligands that occlude default binding pockets;
(2) iterative pocket repulsion, which applies negative
gradients via Feynmann-Kac (FK) steering (Singhal
et al., 2025). These strategies were implemented and
tested on Boltz-2 (Passaro et al., 2025) and Protenix-v1
(Team et al., 2026).

2. Ensemble-based ranking, aimed at improving the
prioritization of predicted ligand poses. This is
achieved via normalized scores that derive from
protein-ligand conformational ensembles, predicted
under each pocket constraint.

3. Improved generalization on hard co-folding bench-
marks. ACER successfully places ligands into ex-
perimentally observed binding pockets for allosteric
compounds in those cases when state-of-the-art co-
folding mistakenly places ligands into orthosteric pock-
ets. When tested on the challenging subset of the Runs
N’ Poses benchmark (Skrinjar et al., 2025a) — where
binding interfaces are highly dissimilar to those in train-
ing set — this approach substantially outperforms the
co-folding baselines.

2. Background and Related Works

Generative models for biomolecular interactions. Co-
folding is built on conditional diffusion governed by two
core components (Passaro et al., 2025; Abramson et al.,
2024): (1) trunk representations that encode geometric fea-
tures, and (2) a denoiser that iteratively recovers the clean
structure from noise. Concretely, the model tokenizes pro-
tein sequences at the residue level and ligands at the atom
level, yielding N = Np + N, tokens (protein residues
and ligand atom tokens, respectively). The trunk produces
a single representation s € RV *? and a pair representa-
tion z € RVXN*d which together form the conditioning
variable Z = (s, z) for the denoiser. Recent models (Pas-
saro et al., 2025) augment the sampling procedure with
training-free Feynmann-Kac (FK) steering via Sequential
Monte-Carlo (SMC), applying gradient updates to impose

physico-chemical constraints. Yet, FK steering has been
used to drive sampling toward a known pocket, which ren-
ders it unsuitable for novel targets or allosteric complexes.
While recent works applied Twisted Diffusion (Richman
et al., 2026) and latent perturbation (Lee et al., 2026) to
explore protein conformational landscapes, its potential for
exploring alternative distinct ligand binding pockets remains
untapped.

Memorization in co-folding. Protein-ligand co-folding
models (Abramson et al., 2024; Passaro et al., 2025; Open-
Fold3 Team, 2024; Zhang et al., 2026) achieve state-of-the-
art performance on structure-prediction and blind-docking
benchmarks (ékrinjar et al., 2025b; Durairaj et al., 2024).
Yet, accuracy drops as the targets diverge from ‘familiar’
biochemical space, and co-folded structures are sensitive
to mutations at key binding-site residues (Masters et al.,
2025). These findings point to strong memorization of the
training data rather than genuine learning of biomolecular
interaction physics — a fundamental issue for which the field
lacks a principled solution.

Pocket identification. Conventional methods (Le Guil-
loux et al., 2009; Krivak & Hoksza, 2018) detect the pockets
directly from protein structures in the absence of ligands,
while more recent tools (Wang & Dokholyan, 2025) incor-
porate chemical probes and learned molecular fingerprints.
All share the limitations of co-folding models: their accu-
racy drops over distribution shifts, e.g., for allosteric sites or
unseen pockets where co-folding fails (Parikh et al., 2026).
Naively combining the two, therefore, inherits rather than
solves the generalization problem. Advances in pocket iden-
tification have been reported (Isomorphic Labs Team, 2026);
however, the closed-source nature precludes any deeper anal-
ysis of gains in co-folding generalizability.

Pose ranking in molecular docking. Search-based meth-
ods such as AutoDock Vina (Trott & Olson, 2010) rely on
physics-based scoring functions, treating pocket side-chains
as rigid and ignoring ligand-induced fit effects. Co-folding
instead ranks structures via confidence scores, which do
not necessarily correlate with the success rate (Team et al.,
2025). Recently, Molecular Dynamics (MD) has been com-
bined with Markov state models to surface cryptic and al-
losteric pockets that are only visible in multi-conformational
states (Biswas et al., 2025), but at the cost of expensive
simulations.

3. Method

ACER addresses ligand misplacement in co-folding models
through a two-stage framework (Fig. 1a): (1) binding pocket
exploration and (2) pose ranking via an ensemble approach.
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Figure 1. Overview of ACER (Adaptive Co-folding for pocket Exploration and pose Ranking). (a) ACER co-folds complexes across
several candidate binding pockets. Each pocket then serves as a constraint for generating a local ensemble, from which top-ranked poses
are selected using ensemble-based scores. (b) Given a protein P and target ligand ¢, one or more decoy ligands ¢ are introduced as
additional trunk inputs. After processing by the Pairformer, the decoy tokens are discarded to reconstruct conditioning variable that
co-folds P and ¢ into alternative pockets. (c) Inference-time guidance to direct the ligand placement away from the previously explored
pockets. At each round, the previously explored pocket is added to a repulsion set B3, steering the denoiser away from previously explored

sites.

3.1. Binding pocket exploration

We propose two strategies: (1) decoy ligand conditioning
(Fig. 1b), which augments trunk inputs with auxiliary lig-
ands to redirect the model’s distributional bias away from
dominant pockets, and (2) pocket repulsion (Fig. 1c), which
steers the denoising trajectory away from previously sam-
pled binding sites. The former leverages the model’s im-
plicit learning of interactions to explore alternative pockets
in a parameter-free manner; the latter provides specific, user-
defined steering. Together, they expand the effective search
space of binding sites without retraining or architectural
modifications.

3.1.1. DECOY LIGAND CONDITIONING

Motivated by the evidence that co-folding with two identi-
cal allosteric ligands increases the likelihood of placing one
into the correct pocket (Nittinger et al., 2025), we introduce

decoy ligand conditioning (Fig. 1b). Given a protein P and
a ligand ¢, we augment the trunk inputs with one or more
decoy ligands 1 (comprising N; atom tokens). These decoys
can be molecules identical to ¢ or generic chemical probes.
The augmented inputs are processed by the Pairformer mod-
ule to compute cross-token interactions between all inputs,
producing the following conditioning representations:

(s',2') = Trunk(P, ¢, () (1)
where s’ € RWHN)*d contains token-level represen-
tations enriched by cross-token interactions, and z' €
RWVHN)x(N+Nz)xd encodes pairwise interactions across
all token pairs, including those involving /. We then recon-
struct the conditioning variable by discarding all rows and
columns corresponding to 7 tokens, yielding:

(@)

7 = (S;D,Za Z%,z)
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where s/, , € RV*4 and zp, € RN XNxd have the same
dimensions as Z but are enriched by decoy-induced cross-
token interactions. The denoiser generates structures con-
ditioned on this reconstructed variable, xo ~ py(x | Z’),
such that ¢ influences only the conditioning representations
but does not participate in generation during denoising. In-
tuitively, ¢ occludes the dominant pocket in z’, reducing its
dominant signals in Z’, and freeing ¢ to explore alternative
binding sites.

We use four decoys that are identical to the considered lig-
and — native ligands. To assess whether non-native binders
could improve pocket discovery, we additionally ablated
the choice of decoy ligand type using three ‘frequent hit-
ters’ chemical probes (Fig. A7), binding molecules that
bind to diverse proteins across the Protein Data Bank (Wang
& Dokholyan, 2025). Non-native binders offered no clear
advantage over native ligands for pocket exploration.

3.1.2. ITERATIVE POCKET REPULSION

While decoy ligand conditioning influences representation
learning, inference-time steering is a plug-in, architecture-
agnostic strategy for controlling generation to respect spe-
cific constraints. To complement the FK-steering frame-
work of Boltz-2 — which accounts for physico-chemical
constraints (Passaro et al., 2025) — we introduce a pocket
repulsion potential, which biases the denoising trajectory
away from a specified pocket (via negative gradients), to-
ward alternative binding contacts.

We penalise each ligand atom for being closer than a min-
imum distance (d i, ) to the surface of a virtual sphere of
radius 7, centred on the pocket anchor ¢ 4, where g denotes
the pockets to steer away from. The pocket anchor ¢ is
computed as the mean centroid of its constituent residue
tokens ¢:

1 1
= — Xgq, Cy = — .3
My |-At| Z g |7;| Z My

teT,

where A, is the set of atoms in ¢, x, € R3 is the position of
atom a, and 7, denotes residues within 4 A from the ligand
atoms comprising pocket g.

The repulsion potential is then defined over all G pockets
and all ligand atoms .Aj;,, penalising any ligand atom that
lies within a distance dy,;, of the surface of the sphere
centred on ¢, with the hyperparameter of virtual pocket
radius r4:

2
(IIxa = eqll2 =79))",

“

We apply these potentials iteratively. Each inference round

max(0, dpin —

collects the occupied pocket as a new anchor, which is
then added to the repulsion set B for all subsequent rounds
(Algorithm 1; full parameter settings in Appendix A.1).

3.2. Ensemble-based ranking

Once putative pockets have been identified, it is crucial
to distinguish correctly docked poses from geometrically
plausible but non-native ones (i.e., those not reflecting the
experimentally observed binding mode). Co-folding mod-
els generate a single static pose per run, which may miss
the correct binding mode due to the intrinsic flexibility of
protein-ligand complexes and the dynamics of ligand bind-
ing. We therefore generate local conformation ensembles
around each candidate pocket — leveraging the fact that
Boltz-2 was trained on MD simulations — and rank poses by
their consistency with the local ensemble. For each pocket
p, we collect n pose scores {s1,. .., S, } to compute the z-
scorei.e. z; = (s, — pp)/0p Where s = 1,.. ., n indexes the
poses within pocket p, 1, and o, are the mean and standard
deviation of pose scores within p.

We then weight each score by its proximity to the mean,
either via a Gaussian or Lorentzian normalization, both of
which peak at the ensemble mean and decay for outliers.
The Gaussian weight penalises deviations sharply, whereas
the Lorentzian weight down-weights outliers more gradu-

ally:
22 1
G; = -2, L,=——. 5
exp( 2) 1"'21‘2 )

This ensemble-based weighting scheme derives from two
intuitions: (a) a physically reasonable pose docked into the
correct pocket should be relatively stable under small con-
formational perturbations — an outlier that disagrees with
its local ensemble is unlikely to reflect the experimentally
observed binding mode; and (2) ensemble consistency alone
is insufficient — an absolute confidence score (e.g., the in-
terface predicted TM-score, ipTM (Jumper et al., 2021),
which measures the predicted quality of the protein-ligand
interface) is needed to assess the structural quality of the
binding interface. Therefore, multiplying the confidence
scores by G; or L; simultaneously accounts for local ensem-
ble agreement and absolute interface quality.

4. Experiments
4.1. Study Setup

We evaluate ACER on two tasks: (1) pocket exploration, and
(2) ensemble-based ranking. Each stage is assessed on two
datasets that directly challenge co-folding models on gen-
eralizability (see Appendix A.1 for additional experimental
details). Uncertainty is estimated from 1000 bootstrap itera-
tions. All the results are reported in the mean and standard
deviation for each metric and dataset.
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4.1.1. DATASETS

We evaluate ACER on 2 datasets:

1. Allosteric binders (Nittinger et al., 2025), comprising
proteins present in the training set, which is dominated
by orthosteric ligands, i.e., ligands binding to the pri-
mary active site rather than to the secondary allosteric
sites that modulate protein activity indirectly. This
dataset consists of 20 allosteric ligands across 17 pro-
teins.

2. Runs N’ Poses (§krinjar et al., 2025b), consisting of
structures entirely unseen by the models. We filter sys-
tems released after Boltz-2’s training cutoff (1 June
2023) and focus on failure cases where top-ranked
predictions of default co-folding models misplace the
ligand (center-of-mass distance > 2 A from the X-ray
structure) — yielding 88 and 55 protein-ligand pairs for
Boltz-2 and Protenix-v1, respectively. ACER, applied
to each base model, is evaluated on these two subsets
separately to assess model-agnostic benefit. Results
are reported under three evaluation settings: (a) the full
failure-case set, (b) a filtered set where only the clus-
ter representatives of ligand systems (based on pocket
and ligand shape similarity, Skrinjar et al. (2025b))
are considered, and 124 prevalent ligands are excluded
(§krinjar et al., 2025b), and (c) the full scope with-
out restricting to wrong-pocket cases (n = 217) for
benchmarking.

4.1.2. POCKET EXPLORATION

Experimental design. We apply the two pocket explo-
ration strategies sequentially: (1) decoy ligand conditioning
using five molecules (ligand plus four identical decoys) and
five diffusion samples, followed by (2) pocket repulsion
for five rounds. This setting guarantees the same sampling
budget of 30 samples for each system. We then compare
ACER extending Boltz-2 and Protenix-v1 against five base-
lines: (a) two ligand-free baselines based on volumetric or
physicochemical properties, i.e., P2Rank (Krivdk & Hoksza,
2018) and FPocket (Le Guilloux et al., 2009), and (b) three
co-folding baselines: Boltz-2, OpenFold-3, and Protenix-v1.

Metrics. Success is measured by the Distance Center-
to-Center (DCC) (Stepniewska-Dziubinska et al., 2020),
i.e., the distance between the centers of mass (CoM) of the
predicted and the ground-truth ligand (Appendix, Eq. A6).
For P2Rank and FPocket — which do not co-fold complexes
— DCC is measured between the predicted pocket center and
the CoM of the ground-truth ligand. A pocket is considered
correctly retrieved if the DCC falls below a given threshold
(2A or 3A in this work).

4.1.3. ENSEMBLE-BASED RANKING

Experimental design. We apply ACER on Boltz-2 ! and
use the pair interface predicted TM-score (ipTM) (Jumper
et al.,, 2021) as the baseline for ACER (see Appendix,
Eq.A10) as a measure of the quality of the protein-ligand
interface. We then follow a three-step ranking protocol:
(1) We narrow the pocket candidate to P pockets to discard
clearly unreliable interfaces. Using P = 10 or 20 can capture
almost all the recoverable pockets (Appendix A.1, Table A6).
(2) Within each pocket constraint, we generate .S local con-
formational ensembles, resulting in P x S poses in total.
(3) We rank the resulting poses by different criteria: (a) pair
ipTM (used as a baseline), and (b) ensemble-normalized
pair ipTM, using the Gaussian and Lorentzian weights (Eq.
5). Unless explicitly specified, we use P = 10 and S = 5.

Metrics. We measure ranking success by the pose accu-
racy of the top-/V candidates sorted by each scoring metric,
using ligand RMSD (L-RMSD) as the accuracy (Appendix,
Eq. A7). The success rate is evaluated at 2 A and 3 A thresh-
olds (as percentage of systems having an L-RMSD lower
than the chosen threshold), combined with pose quality
check byPoseBusters (Buttenschoen et al., 2024), ensuring
that generated poses are not only geometrically close to
the experimental structure but also physically plausible (see
Appendix, A.1.3).

4.2. Results
4.2.1. POCKET EXPLORATION

Allosteric binders. Increasing the number of diffusion
samples from the baseline models increases the likelihood
of correct ligand placement into the right pocket (Table 1),
suggesting that the underrepresented allosteric pockets are
accessible but undersampled under default settings. ACER
surpasses all baselines in terms of success rate (DCC lower
than 2 A or 3 A, Table 1). Notably, ACER produces gains
ranging from +11% to +13% on Boltz-2, and from +32% to
+35% on Protenix-vl.

Failed-pocket subsets. ACER outperforms its respective
base models (Table 2). ACER-Boltz-2 improves DCC
success rate compared to Boltz-2 by +13.8% (2A) and
+14.4% (3 A) on the filtered subset (n = 46), and by
+7.3% and 47.9% on the full set (n = 88), though all gains
fall within the propagated uncertainty reflecting the lim-
ited sample size. Similarly, ACER—Protenix-v1 improves
by +14.7% and +14.6% on the filtered subset (n = 30)
and by +8.8% and +9.7% on the full set (n = 55) While
not reaching statistical significance, the gains are consis-

'As Protenix-v1 does not include MD simulations in the train-
ing set, local ensemble generation is inherently unsupported, and,
therefore, it was excluded from pose ranking evaluation.
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Table 1. Allosteric binding pocket identification (n = 20). DCC
success rate (%): fraction of systems where at least one predicted
pocket falls within 2 A or 3 A of X-ray ligand center of mass.

DCC<2A  DCC<3A
Method %)t (o)t
P2Rank 25.0+9.3 35.0+10.9
FPocket 25.04+9.9 55.0+10.7
OpenFold-3 (preview-2) 35.0+10.8 40.0£10.9
Boltz-2 (x 5 samples) 40.0 +10.9 50.0+10.9
Boltz-2 (x 30 samples) 55.0£11.3 60.0+£10.9
ACER - Boltz-2 666 +96 73.5+9.1
Protenix-v1 (x 5 samples) 25.0£9.6 50.0+11.4
Protenix-v1 (x 30 samples) 40.0 £10.8 50.0+11.3
ACER - Protenix-v1 729+95 75.8+9.3

tent with the larger improvements observed on the allosteric
dataset, suggesting a real but harder-to-detect effect on this
more challenging subset. Finally, in the low-similarity bins
(similarity < 40%), co-folding models show pocket rescue
rates near zero (Appendix A.2, Fig. A4), underperforming
the ligand-free methods. With similarity up to 40%, ACER —
Boltz-2 improves the DCC success rate of the baseline from
2.9% to 35.3% compared to the baseline (30 samples, Fig.
A3).

4.2.2. ENSEMBLE-BASED RANKING

Allosteric binders. ACER — L-weight consistently per-
forms on par with or outperforms all baselines. At Top-5,
ACER Boltz-2 — L-weight gains +20.0% and +25.0% at
2 A and +25.0% at 3 A over the strongest baseline (Boltz-2).
At Top-1, ACER matches Boltz-2. Unlike pair ipTM from
static snapshots (Table 3), the L-weighted and G-weighted
variants leverage local conformational ensembles, thereby
recovering accurate poses that static-pose ranking would
otherwise miss.

Runs N’ Poses.  On the failed-pocket subset of the Runs N’
Poses benchmark (Table 4), ACER consistently outperforms
the Boltz-2 baseline across both thresholds (gains at +8.5%
and +4.6% on the filtered and full sets, respectively). ACER
achieved the largest gains at Top-5 on the filtered subset
(23.9% — 28.3% at 2 A and 32.6% — 39.1% at 3 A).

To benchmark ACER against all co-folding baselines, we
extend the analysis to the full Runs N’ Poses set (n = 217,
clustered and distinct ligands, Fig. 2), without restricting it
to wrong-pocket cases. On this set, ACER achieves the high-
est Top-5 success rate (52.5%) among all co-folding mod-
els, outperforming Boltz-2 (49.8%), Protenix-v1 (51.2%),
and OpenFold-3 (46.1%). At Top-1, ACER outperforms
Protenix-v1 and OpenFold-3 but falls behind Boltz-2 (47.0%
— 40.0%), suggesting that ensemble-based scoring im-
proves candidate diversity but might struggle to promote

the best pose to the very top position. Notably, ACER is
the only method to achieve a non-zero top-1 success rate
(7%) in the lowest-similarity bin (up to 20% similarity) (Fig.
2a). When increasing the sampling budget to 200 samples
(P = 20 and S = 10), ACER successfully samples accu-
rate poses, reaching 21% at Top-20 and 28% at 200-oracle,
demonstrating that its generalization can be improved with
additional pocket candidates and higher coverage from local
ensembles (Fig. 2b,c).

Failure modes. To better understand ACER’s benefits,
we further analyze all the poses per system from local en-
sembles from ACER Boltz-2 — L-weighted for the Boltz-2
failed-pocket subset. We identify three main failure modes
(Fig. A6): (1) Correct pocket, low rank (14.7% of cases).
ACER successfully places ligands into the correct pockets
but fails to rank them highly to top 5 candidates, indicating
the limitation of the ranking procedure (Fig. A6a and Fig.
A3). (2) Correct ligand placement but wrong pose (26.5%
of cases). The ligand placement is correct, but an accurate
pose is never generated; this is likely due to ineffective mod-
eling of difficult protein—ligand interfaces by the baseline
co-folding model (Fig. A6b). (3) Correct pocket not rescued
(58.8% of cases), which highlights a persisting limitation of
our pocket exploration (Fig. A6c).

4.2.3. RUNTIME PERFORMANCE

ACER incurs additional compute overhead compared to
the baselines: each decoy ligand in decoy ligand condition-
ing adds ~2x wall-clock time (trajectories are conditioned
on reconstructed cached representation) (Table A8 in Ap-
pendix), and iterative pocket repulsion introduces ~3 X over-
head per round of guided sampling due to SMC resampling.
Together, both approaches accumulate to ~5x per diffusion
sample in total. Ranking overhead is modest and compara-
ble to the baseline. Despite this cost, ACER successfully
rescues binding pockets and poses that are undersampled
under default co-folding. ACER is hence positioned as a
precision-oriented tool for challenging targets — such as
allosteric or structurally novel systems — where accurate
binding site characterization justifies the overhead.

5. Limitations

While ACER demonstrates consistent improvements on
challenging targets, several avenues for improvement re-
main. The ~5x runtime overhead currently limits applica-
bility in high-throughput settings, though this could be re-
duced through more efficient sampling strategies or caching
mechanisms. Pocket recovery on Runs N’ Poses reaches
~50% within a budget of 30 samples — a promising result
on hard targets, but one that leaves clear room for improve-
ment as sampling budgets and exploration strategies mature.
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Table 2. Pocket-failure recovery. ACER is evaluated in comparison with the wrongly identified pockets by each base model. ACER

consistently correct places ligands into pockets by the base model, evaluated on the Runs N’ Poses wrong-pocket subset (Skrinjar et al.,
2025b). DCC success rate (%) at 2 A and 3 A thresholds is reported for the full set and a filtered subset.

Boltz-2 failed-pocket subset
Filtered (n = 46) Total (n = 88)

Protenix-v1 failed-pocket subset
Total (n = 55)
DCC<2A DCC<3A DCC<2A DCC<3A DCC<2A DCC<3A DCC<2A DCC<3A

Filtered (n = 30)

Method

e (%)t (%)t (%)t (%)t (%)t (%)t (%)t (%)1
P2Rank 24.9+89 4584102 22.9+6.2 431473 209+9.1 429+11.2 23.84+7.6 49.7+94
FPocket 195+59 37.0+£70 272+48 421+53 102456 36.7+87 221+58 40.8+6.5
Boltz-2 (x 30 samples) 30.7+£6.6 373471 36.1+52 429+53 - - - -
ACER - Boltz-2 445+71 51.7+7.0 434+5.0 508+5.0 - - - -

19.4+£69 30.1+£8.0 192+£5.1 27.7+5.7
3414+79 447+78 280+£58 374£59

Protenix-v1 (x 30 samples) - - - _
ACER - Protenix-v1 - - - _

Table 3. Pose ranking on the allosteric set. Top-k L-RMSD (%) at 2 A and 3 A thresholds is reported, considering only physically valid
poses (Buttenschoen et al., 2024). ACER Boltz-2 — baseline uses raw pair ipTM as scoring function; ACER Boltz-2 — L-weight and ACER
Boltz-2 — G-weight weight pair ipTM by the Lorentzian and Gaussian (Eq. 5) ensemble normalization, respectively.

% L-RMSD < 2A & PB Valid 1

% L-RMSD < 3A & PB Valid 1

Ranking Approach Top-1 Top-5 Top-10 Top-1 Top-5 Top-10
Protenix-v1 (x 50 samples) 20.2+9.02  24.9+£9.6 24.9+9.6 30.3+10.2 35.3+£10.6  40.5+£10.7
OpenFold-3 (x 50 samples) 20.2+9.02  24.9+9.6 24.9+£9.6 249+9.6 24.9+9.6 24.9+9.6
Boltz-2 (x 50 samples) 250+96 30.0+10.1 30.0+10.1 30.0£10.2 40.0£11.0 40.0*11.0
ACER Boltz-2 - baseline 20.0+£9.0 25.0+9.6 35.0+10.6 30.0+10.1 40.0£10.8 45.0£10.9
ACER Boltz-2 - L-weight 25.0+9.3 50.0+11.1 500+11.1 300+99 650+106 70.0+10.3
ACER Boltz-2 - G-weight 25.0+9.3 50.0+11.1 500+11.1 350£103 650+106 70.0+10.3

Table 4. Pose ranking on the Runs N’ Poses wrong-pocket subset of Boltz-2. Top-k L-RMSD (%) at 2 A and 3 A thresholds is reported,
considering only physically valid poses (Buttenschoen et al., 2024)). ACER — baseline uses raw pair ipTM as scoring function; ACER —
L-weight and ACER — G-weight weight pair ipTM by the Lorentzian and Gaussian (Eq. 5) ensemble normalization.

Clustered & Distinct Ligands (n = 46)

Total (n = 88)

% L-RMSD < 2 A

% L-RMSD < 3 A

% L-RMSD < 2 A % L-RMSD < 3 A

& PB Valid 1 & PB Valid 1 & PB Valid 1 & PB Valid
Ranking Approach Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
Boltz-2 (x 50 samples) 152+£55 152455 196+6.0 19.6+6.0 26.1+48 27.3+48 284+49 295+5.0
ACER Boltz-2 — baseline 23.9+6.4 239+64 326£71 348+72 30.7£50 31.8+51 352+52 37.5%5.3
ACER Boltz-2 — L-weight 152455 26.1+6.7 21.7+6.3 370+£72 21.6+44 295+49 261+48 364+53
ACER Boltz-2 - G-weight 15.2+55 283+6.8 21.7+63 39.1£72 216+44 31.8+£51 261+48 386+54

Ensemble-based ranking consistently improves top-5 and be-
yond, and closing the gap to top-1 represents a natural next
step, likely addressable through better scoring functions
or learned ranking models. Finally, statistical validation
remains challenging given the scarcity of allosteric and out-
of-distribution targets — a limitation shared across the field,
and one that underscores the need for larger, more diverse
benchmarks for generalizable co-folding. Further evaluation
on the recent dataset (?) would be a valuable next step.

6. Discussion

Co-folding models have emerged as a tool for predicting
protein-ligand structures, yet their tendency to memorize
the training set distributions can lead to systematic ligand
misplacement on allosteric binding and out-of-distribution
targets — precisely the most relevant cases for drug discov-
ery. ACER addresses this through a training-free frame-
work combining decoy ligand conditioning and iterative
pocket repulsion to redirect the model’s sampling toward
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Figure 2. Ranking on Runs N’ Poses, measured as success rate (percentage of L-RMSD < 2 A and PB valid). (a) ACER vs co-folding
baselines on the clustered and distinct ligand subset (n = 217). (b, ¢) Success rate of Boltz-2 and ACER at sampling budgets of (b) 50
and (c) 200 samples. Increasing the budget rescues accurate poses in the hardest similarity bin (0-20] particularly at top-20. (P = no. of
pocket candidates to consider; S' = no. of local conformation ensembles).

underrepresented binding sites. Its ensemble-based ranking
further enables a principled comparison of binding poses
across candidate pockets, providing an informative starting
point for downstream refinement, such as energy minimiza-
tion, specialized docking (Prat et al., 2026), or extensive
MD simulations. Taken together, these results suggest that
the generalizability gap in co-folding is not a fundamental
limitation of the underlying models, but rather a sampling
problem amenable to inference-time intervention. ACER
demonstrates that redirecting the denoising trajectory — with-
out touching model weights — can unlock binding sites that
are systematically missed under default sampling. This re-
framing opens a broader research direction: as co-folding
models continue to improve, inference-time exploration
strategies like ACER may prove essential for extending
their reach to the underrepresented pocketome. Looking
beyond protein-ligand interactions, extending ACER’s ra-
tionale to protein-protein or protein-nucleic acid interfaces
(where co-folding models are similarly susceptible to memo-
rization) represents a natural and important future direction.
ACER establishes a blueprint for training-free generaliza-
tion in structural biology: rather than collecting more data

or retraining larger models, one can instead design smarter
sampling dynamics that push existing models beyond their
training distribution.

IMPACT STATEMENT

This work advances computational methods for protein-
ligand structure prediction, with direct applications to
structure-based drug discovery. By enabling co-folding
models to explore the underrepresented pocketome, ACER
accelerates the identification of novel therapeutic targets
and pharmaceutical drugs that are currently inaccessible to
standard computational pipelines.

REPRODUCIBILITY

To facilitate the reproducibility of our research, upon accep-
tance of this paper, we commit to making our code publicly
available on GitHub (and on Zenodo as a static archive with
a persistent DOI) to ensure that the community can fully
reproduce our results.
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A. Appendix
A.1. Experimental Details
A.1.1. DATASET DETAILS

Allosteric systems. We adopt the same set of allosteric complexes from (Nittinger et al., 2025) where the details are
provided in their supplementary materials. The dataset was originally published by (Xie et al., 2022) and (Olanders et al.,
2024). To enhance the quality of the structures, the structures are removed if they are (1) close analogues binding to both
orthosteric and allosteric binding site, (2) with different UniProt Ids, (3) where ligands bind to different proteins, and (4)
with covalent ligands or peptides. The details of individual system is provided in Table AS5.

Table A5. Protein targets with UniProt IDs, gene names, PDB IDs, and ligand CCDs for 20 allosteric compounds.

Protein Name UniProt ID | Gene Name | AS Source PDBid | Ligand CCD
Serine/threonine protein kinase Chk1 014757 CHEK1 3JVR 38M
Tyrosine-protein kinase ABL1 P00519 ABLI1 3PYY 3YY, AY7
Tyrosine protein kinase ABL1 P00520 Abl1 3K5V STJ
Insulin-like growth factor 1 receptor P08069 IGF1R 3LWO CCX
Cytochrome P450 3A4 P08684 CP3A4 1WOF STR
Myosin II heavy chain P08799 mhcA 2JHR BIT
Androgen receptor P10275 AR 2YHD AV6, YLO
Tyrosine-protein phosphatase nonreceptor | P18031 PTPNI1 1T49 892

type 1

RAC-alpha serine/threonine-protein kinase | P31749 AKT1 3096 OR4
Glucokinase P35557 GCK 1v4S MRK
Mitogen-activated protein kinase 8 P45983 MAPKS8 302M 46A
Nuclear receptor ROR-gamma P51449 RORC 4ypq 4F1
Kinesin-like protein KIF11 P52732 KIF11 3ZCW 2AZ, B4S
Beta-lactamase TEM P62593 bla 1PZO FTA
Casein kinase 2a P68400 CSNK2A1 | 3H30 503

Focal adhesion kinase 1 Q05397 PTK2 4EBW 007
Mitogen-activated protein kinase 14 Q16539 MAPK14 3NEW 3NE

Runs N’ Poses. Runs N’ Poses is a well-established benchmark for protein—ligand generalization that groups samples
by pocket similarity, pocket sequence identity, ligand similarity, and shape overlay (Skrinjar et al., 2025b). Because we
apply ACER on top of Boltz-2, we restrict evaluation to systems deposited after its training cutoff of 1 June 2023. To
isolate the wrong-pocket failure mode that ACER is designed to address, we further filter to systems where the baseline
prediction misplaces the ligand, defined as a center-of-mass distance greater than 2 A from the X-ray reference structure.
The protein-ion pairs are excluded from the evaluation. The resulting test set is stratified by closest similarity to pre-cutoff
training samples, allowing us to analyze performance as a function of target difficulty. All evaluations are reported on two
subsets: (i) the full set of post-cutoff systems, and (ii) a clustered and filtered variant that removes 124 prevalent ligands as
in (gkrinj ar et al., 2025b), retaining only non-overlapping systems to reflect genuine gains in generalization.

To establish the protein-ligand generalizability benchmark, we extend our evaluation to the full scope of Runs N’ Poses. We
remain focused on the clustered and distinct ligands subset, as it represents the most challenging subset for generalization
and avoids double-counting successes on similar structures. Following the protocol prescribed by (Skrinjar et al., 2025b)
and running the code from their official repository, we obtain a final set of 217 systems released after 1 June 2023.

A.1.2. PARAMETER SETTINGS

Pocket exploration. ACER is implemented on top of Boltz-2 and Protenix-v1, which we select because it is open-source
and supports both inference-time steering and local ensemble generation. Exploration proceeds in two phases applied in
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sequence. In the first phase, we run the inference of 5 diffusion samples with different number of decoy ligands (1 through
5), where each decoy is a duplicate of the target ligand. In the second phase, we perform 5 additional inference iterations
with pocket repulsion, using ¢, computed from pocket residues within 6 A of ligand atoms, dyin = 5 A, and rg =8 A. We
report the mean and standard deviation of DCC success rate at which uncertainty estimates are computed over 5 seeds (seeds
=231234,89567,412903, 451027, 738291). We ablate the parameters associated with each method in detail in A.3

Ensemble-based ranking. For ranking tasks, we take the output from a single seed of the exploration stage and pocket
constraints from residues whose atoms lie within 6 A of any ligand atom from top P pockets ranked by pair ipTM.
Leveraging those pocket constraints, We run the inference with S diffusion samples with MD method conditioning to
generate local conformational ensembles. The total sampling budget is therefore P x .S samples. Unless explicitly specified,
we use P = 10 and S = 5 in the main experiment. Unlike pocket exploration, we only report the results and corresponding
uncertainty estimates on a single seed (seed = 738291). The ablation study on the total sampling budget is provided in
Section A.3.

A.1.3. METRICS

Pocket recovery. For multi-chain systems that contain duplicated protein-ligand pairs, we first superpose the protein
chain of predicted structure onto the ground-truth chain by backbone alignment. Similarly to (Ma et al., 2025), we handle
homodimers or copies of equivalent protein chains in the reference structure by permuting the alignment between predicted
and ground-truth chains to obtain the best results, as formulated below.

DCC = min  min [[RFe+ te — Fligl],, (A6)
c€chains f€ligands

where (R, t.) is the rigid-body transform from the prediction frame to ground-truth chain ¢ and 7y is the heavy-atom

centroid of predicted ligand chain ¢ (waters and hydrogens excluded). Minimum over ¢ and ¢ is the permutation-invariant
best alignment; a system is counted as rescued at threshold 7 if at least one predicted ligand has DCC < 7.

Pose accuracy. Per-pose ligand RMSD (L-RMSD) is computed as:

1
L-RMSD = [—— Xa — X512 A7
V' o 3 I —xil3 (a7

ac€Ay

where A, denotes the set of ligand heavy atoms, x, € R? is the predicted position of atom a, and x* € R3 is its
ground-truth position. L-RMSD is computed with OpenStructure (Biasini et al., 2013). The software first establishes a
chain correspondence between prediction and reference using its IDDT-based chain-mapping algorithm. Symmetry-aware
atom correspondences are enumerated via molecular-graph automorphism on the heavy-atom skeleton and the reported
symmetry-corrected ligand RMSD is the minimum over all valid atom mappings after superposing the backbone carbon of
the assigned protein chain. This yields a permutation-invariant pose-quality score, robust both to protein-chain renaming
and to ligand internal symmetry.

Pose quality. Besides structural accuracy, we assess whether poses are physically plausible. We use PoseBusters
plausibility checks using the PoseBusters package version 0.6.5. The pose is considered valid only if it passes all the
following checks.

mol_pred-loaded internal_steric._clash

mol_true_loaded aromatic_ring_flatness

mol_cond-loaded double_bond_flatness

sanitization internal_energy

molecular_formula minimum_distance_to_protein
molecular_bonds minimum_distance_to_organic_cofactors
double_bond.stereochemistry minimum_ distance_to_inorganic_cofactors
tetrahedral_chirality volume_overlap-with_protein
bond-lengths volume_overlap-with_organic_cofactors
bond_angles volume_overlap_with_inorganic_cofactors
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Pair ipTM. ipTM score, introduced in (Jumper et al., 2021), quantifies the alignment quality between two molecular
entities A and B. It is defined asymmetrically as:

ipTM(A — B) = max [meanjeg,pTMij] (A8)

(4S]

where the predicted TM score (pTM) computes the TM-score from predicted aligned errors (PAE):

1 & 1
pTM = max ij:g——————f (A9)
j=1

2
1+ (%)

(Jumper et al., 2021; Abramson et al., 2024) provides ipTM for a pair of molecular entities. In protein-ligand complexes, it
provides 2 values of directional ipTM. Therefore, we define the pair ipTM as:

pair 1pTM = max (ipTMprotein—)ligand’ ipTl\/Iligamd~>pr0tf:in) (AlO)

A.1.4. BASELINE DETAILS

Pocket exploration. To establish baselines for pocket exploration, we consider both traditional pocket detection methods
and modern co-folding approaches. For the former, P2Rank (Krivdk & Hoksza, 2018) predicts ligand binding sites using a
random forest classifier trained on local physicochemical features of the protein surface. FPocket (Le Guilloux et al., 2009)
detects cavities on the protein surface using Voronoi tessellation, without requiring any training data or ligand information.
Both produce ranked lists of candidate pocket centers without explicit ligand placement. For these methods, DCC is
measured between the predicted pocket center and the ground-truth ligand center of mass. For co-folding baselines, we use
the same inference protocols as ACER for Boltz-2, Protenix-v1 (protenix_base_default_v1.0.0), and OpenFold-3 (preview-2)
to generate 30 samples but without decoy ligand conditioning or pocket repulsion potential. For Boltz-2 and Protenix-v1, we
also enable the default potentials to ensure physical plausibility of the poses.

Ensemble-based ranking. To benchmark the pose ranking scheme, we generate P x .S samples (P = 10,.S = 5) using
Boltz-2, Protenix-v1, and OpenFold-3, ranked by each model’s confidence scores, maintaining equal sampling budget across
all methods for a fair comparison with ACER. When reporting best-of-k or top-k results in tables and figures, we consider
the best pose among top k candidates, which is both physically valid and has the lowest L-RMSD within the threshold.

A.2. Extended Results

Top pocket candidate selection. We show how %DCC success rate varies by the top P pockets according to pair ipTM to
discard clearly unreliable predicted interfaces. Table A6 shows how selected top P pockets captures recoverable pockets
across subsets, achieving 100% rescue rates at Top-20 under both DCC criteria, while avoiding running local ensemble
generation for all the pocket candidates, which can be computationally expensive in the subsequent ranking stage.

Table A6. Pocket rescue rate for the top-N pockets ranked by pocket exploration strategies. DCC <2 A and < 3 A denote the distance
criteria for pocket recovery. Percentages are computed relative to the ceiling of recoverable pockets.

Allosteric (n = 20) Clustered & Distinct Ligands (n = 46) Total (n = 88)
N DCC<2A DCC<3A DCC<2A DCC<3A DCC<2A DCC<3A
(%)t (%)t (%)t (%)t (%) (%)t
1 35.7 333 52.4 52.2 57.9 56.5
5 71.4 80.0 66.7 73.9 73.7 82.6
10 92.9 100.0 85.7 91.3 86.8 93.5
20 100.0 100.0 100.0 100.0 100.0 100.0

Multi-seed results. To assess whether wrong-pocket predictions are consistent across random seeds, we repeat each
inference 5 times and compute the union of successful placements. Concretely, a system is counted as successful if at
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least one of the 5 predictions achieves a DCC below the threshold, regardless of the other seeds. As shown in Figure A5,
increasing the number of samples modestly reduces the fraction of wrong-pocket systems compared to the single top-1
prediction.

Pocket and pose recovery by similarity bins. Figure A3 shows the best L-RMSD per system stratified by pocket-ligand
shape similarity to the training set, restricted to systems where the Boltz-2 baseline fails to identify the correct pocket (DCC
> 2 A). ACER rescues are most prevalent in the low-similarity regime (0-30), where Boltz-2 consistently misplaces ligands,
and in several of these rescued cases ACER can achieve an accurate pose (L-RMSD < 2 A), despite the ranking bottleneck,
as described in 4.2.2.

Protein-ligand generalizability benchmark. Table A7 details the success rate (% L-RMSD ; 2 A or 3 A thresholds
and PB-Valid). While ACER’s top-1 performance is inferior to co-folding baselines, it offers clear advantages at Top-5
and Top-10 success rate at which. it can sample accurate poses in the challenging similarity bins (0 —30]. On the overall
benchmark, ACER achieves 52.5% and 54.8% at Top-5 and Top-10 (L-RMSD ; 2 A) with a similar trend at the 3 A threshold
(64.1% and 65.9%). This pattern indicates that ACER’s ranking effectively high-quality poses within a small candidate pool,
even though its top-ranked pose does not lead.

Runtime, compute and memory overhead We run ACER primarily on NVIDIA A100-40GB GPUs. For decoy ligand
conditioning, the additional cost arises from the extra tokens that must be processed by the trunk module, since triangle
attention scales quadratically with token count, inflating both runtime and temporary activation memory. Using 1T49 as
a representative structure, Table A8 shows the incremental runtime due to longer trunk processing. Additional diffusion
forward passes conditioned on each reconstructed representation compounds runtime overhead accordingly (Table A9).

For iterative pocket repulsion, memory footprint remains unchanged relative to the default, as the input token count is
unaffected. However, FK steering incurs extra runtime due to a particle resampling step. Each generated sample under
pocket repulsion requires 3x diffusion run time, compared to default sampling (Table A10). Both approaches therefore
increase wall-clock time, with the cost scaling jointly with the number of diffusion forward passes and the resampling
frequency. As a result, a greater number of exploration iterations leads to proportionally longer runtimes. We also report the
overall runtime over Boltz-2 wrong-pocket dataset in Table A11

A.3. Ablation study
A.3.1. POCKET EXPLORATION

We ablate each component of ACER on the Runs N’ Poses benchmark across 5 seeds (seeds =) to isolate the effect of decoy
ligand conditioning and iterative pocket repulsion. All ablations are performed exclusively on the Boltz-2 wrong-pocket
subset, allowing us to directly measure the contribution of each ACER component to DCC success rate. Due to the
computational costs, we omit the detailed ablation study on ACER — Protenix-v1 expected to yield the similar insights to
Boltz-2 case. The results are reported with uncertainty estimates from 95% confidence intervals over 1,000 bootstraps.

As shown in Table A12, decoy ligand conditioning alone yields substantially more correct pocket predictions than iterative
pocket repulsion. Notably, pocket repulsion has negligible effect at the strict DCC<2A threshold, suggesting that repulsion
guidance in the large search space is insufficient for precise ligand placement. However, by combining both components,
ACER attains complementary gains, implying that pocket repulsion becomes effective when the search space is more
constrained by occlusion effect introduced by decoy ligand conditioning. For a single seed (seed = 738291) due to
computational costs, we therefore ablate the two components with higher iterations of pocket repulsion, demonstrating
greater improvements due to increased iterations to substantiate its benefit on top of decoy ligand conditioning (Table A13)

Table A14 shows the effect of the number of decoy ligands on the conditioning representation. Performance improves
consistently with more decoys across both thresholds and both subsets, suggesting that a larger ensemble of decoy poses
occludes more of the surface around the incorrect pocket, steering the model toward alternative binding interfaces that are
underexplored in default sampling mode.

Table A15 shows DCC success rates from decoy ligand conditioning, accumulated across decoy ligand types for 1-4 decoy
ligands and 1 target ligand. Using decoy ligands identical to the target ligand performs comparably to small and medium
chemical probes (KI2 and FER). In contrast, the bulkier PTY probe underperforms, likely because its steric bulk constrains
the range of plausible binding sites. Since chemical probes offer no clear advantage in exploration, we use native ligands as
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Table A7. Performance comparison of co-folding methods across sequence identity bins on the Runs N’ Poses benchmark (n = 217 when
top P = 10 pocket candidates and S = 5 samples of local ensembles are considered).

% L-RMSD < 2A & PB Valid 1 % L-RMSD < 3A & PB Valid 1
Similarity bin (n) Ranking Approach Top-1 Top-5 Top-10 Top-1 Top-5 Top-10
Boltz-2 0.0+0.0 0.0+0.0 0.0+0.0 0.0+0.0 0.0£0.0 0.0+0.0
0-20 (14) Protenix-v1 0.0+0.0 0.0+0.0 0.0+0.0 0.0+0.0 0.0+0.0 0.0+0.0
OpenFold-3 0.0£0.0 0.0£0.0 71+£6.8 0.0£0.0 71+£6.8 71+£6.8
ACER Boltz-2 L-weight 7.1+7.1 71+71 71+71 71+£7.1 71+£71 14.3+9.3
Boltz-2 71+£6.8 71+£6.8 71+£6.8 71+£6.8 71£6.8 71£6.8
20-30 (14) Protenix-v1 71+6.8 143+94 143+94 71468 143+94 143194
OpenFold-3 71+£6.8 71+£6.8 71+£6.8 71+£6.8 71+£6.8 7.1+£6.8
ACER Boltz-2 L-weight 71+£6.8 71+£6.8 71+£6.8 14.3+94 143+94 143+94
Boltz-2 26.1+9.1 30.4 £9.5 30.4+9.5 304+94 34.8£9.7 43.5+10.2
30-40 (23) Protenix-v1 478 +108 609+101 69.6+94 478+10.8 609+101 69.6+94
OpenFold-3 39.1+£10.5 47.8+£104 52.2+£10.5 47.8+108 609+10.2 652+10.0
ACER Boltz-2 L-weight ~ 17.4+7.9 26.1+89 39.14+102 304+£95 47.8+£10.5 52.2£104
Boltz-2 37.5+8.9 43.8+£9.2 46.9+9.2 53.1+9.2 56.2£9.1 59.4£9.1
40-50 (32) Protenix-v1 31.2+8.3 53.1+89 53.1+£89 469+87 62.5+ 8.6 62.5 + 8.6
OpenFold-3 34.4+89 50.0+£9.2 53.1+£9.2 469+£88 59.4 £ 8.8 59.4 £ 8.8
ACER Boltz-2 L-weight  37.5+ 8.5 50.0£9.0 50.0£9.0 53.1+£87 719+81 71.9+81
Boltz-2 44.7+8.0 474+ 8.1 50.0£8.2 684£7.7 68477 71.1£75
50-60 (38) Protenix-v1 36.8+8.0 474+ 8.4 50.0+ 8.4 36.8+8.0 474+£84 52.6 8.4
OpenFold-3 36.8+7.8 50.0 £ 7.7 55.3 £ 7.8 474+ 8.0 55.3 £ 7.8 57.9 7.7
ACER Boltz-2 L-weight ~ 31.6 £ 7.6 55.3+81 579=£81 52.6 £8.2 71.1+£75 T711+£75
Boltz-2 57.9+8.0 60.5+7.9 60579 63277 65.8 £ 7.6 65.8 £ 7.6
60-70 (38) Protenix-v1 50.0+ 8.0 57.9+8.1 63.2+80 526+8.0 63.2+7.9 65.8+7.9
OpenFold-3 36.8+7.6 421478 44.7+79 52.6 £8.1 57.9£8.1 57.9£8.1
ACER Boltz-2 L-weight ~ 55.3 8.2 63.2+78 632+78 632+78 71.1+74 711+74
Boltz-2 70.4 £ 8.7 74.1 £8.3 74.1£83 852+6.8 85.2+68 852+6.8
70-80 (27) Protenix-v1 48.1+9.9 74.1+8.7 74.1+8.7 51.9+9.9 77.8+£8.3 77.8+£8.3
OpenFold-3 40.7+9.4 74.1£8.4 74.1+£8.4 44.4+9.5 77.8£8.1 77.8 £8.1
ACER Boltz-2 L-weight ~ 63.0 £9.2 815+74 815+74 704+8.7 852+68 852+6.8
Boltz-2 80.6 £6.9 806+69 839+64 839+6.5 839+65 903+53
80-100 (31 Protenix-v1 48.4+ 8.7 58.1+8.7 61.3+8.8 54.8+9.0 67.7+8.4 67.7+8.4
OpenFold-3 41.9+8.8 54.8 £ 8.6 58.1 £8.6 51.6 £ 8.8 64.5 £ 8.5 67.7+8.4
ACER Boltz-2 L-weight ~ 61.3 £8.9 742£7.9 TAETT 64.5 £ 8.8 80.6 £ 7.2 87.1£5.9
Boltz-2 470+34 49.8 £ 3.4 51.2£34 571+34 58.5 £ 3.4 61.3 £ 3.3
Overall (217) Protenix-v1 38.2+3.3 51.24+3.4 53.9+3.4 42.4+3.3 55.3+3.3 57.6+3.3
OpenFold-3 33.6 £3.2 46.1 +3.3 49.3+3.3 42.9+3.3 54.8 £3.3 56.2 £ 3.3

ACER Boltz-2 L-weight ~ 40.1 +3.4 525+35 54.8=£35 50.7 £ 3.5 641+34 659+34

Table A8. Incremental trunk runtime and triangle attention memory footprint as a function of the number of decoy ligands processed by
the trunk module, using 1 T4 9 as a representative structure. Trunk cost is estimated as the difference between total forward pass time and
diffusion time.

Number of ligands Tokens Tri. Attn., bf16 (GB) Trunk overhead (s)

1 286 0.17 14.0£0.4
5 378 0.29 31.5+0.1
10 493 0.50 71.2+0.2
20 608 0.76 199.3+0.4

decoy ligands in this work, as their duplicate representations for conditioning can be cached once and reused across multiple
diffusion runs.

We ablate the pocket repulsion algorithm parameters without decoy ligand conditioning to assess how DCC success rate is
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Table A9. Runtime comparison between 2 diffusion samples from default sampling and decoy ligand conditioning where each sample was
generated in a separate forward pass conditioned on 2 distinct reconstructed representations. Standard deviation is shown over 3 runs.

Mode # Samples Diffusion (s) Wall-clock runtime (s)
Boltz-2 default: 1 forward x samples=2 2 21.24+0.6 92.3 £8.5
ACER Boltz-2 — Decoy ligand conditioning: 2 forwards x samples=1 2 40.8 £ 0.5 154.0 £ 1.7

Table A10. Runtime comparison between Boltz-2 default sampling and ACER with pocket repulsion. Standard deviation is shown over 3
runs.

Diffusion Time (s)

Default Boltz-2 ACER Boltz-2

Protein # Res Number of diffusion samples

1 20.9 £ 0.4 64.2£0.8
o 20 ; 09102 1971l

16 49.0£0.0 823.4+14.3
seon 32 : ot0s  Loi iy
ot 493 1 36200 lslotls

Table Al1. Wall-clock runtime breakdown on Boltz-2 wrong-pocket subset for decoy ligand conditioning and iterative pocket repulsion
where each diffusion forward pass uses 200 sampling steps. Runtime is reported as mean =+ std over benchmark tasks.

Stage Config Sampling steps  Runtime (s)
Decoy ligand Nligand = 1 200 37+9
Decoy ligand Nigand = 2 400 74+ 18
Decoy ligand Nligand = 3 600 111 £ 27
Pocket repulsion  nrounds = 1 200 128 + 25
Pocket repulsion  nyounds = 4 800 410 £ 94
Pocket repulsion  7rounds = 5 1000 524 + 123
Pocket repulsion  Mrounds = 8 1600 828 194

Table A12. Ablation of ACER components on the wrong-pocket subset of Runs N’ Poses benchmark for Boltz-2 over 5 seeds (seeds =
231234, 89567, 412903, 451027, 738291)

Clustered & Distinct Ligands (n = 46) Total (n = 88)
Method DCC<2A DCC<3 A DCC<2A  DCC<3A
(%) (%) (%) (%)
Boltz-2 (x 30 samples) 304+7.0 37072 36.4+5.1 43.2+5.3
Only decoy ligand conditioning (1 — 4 decoy ligands) 43.9+£6.8 50.4 1+ 6.6 425+5.0 48.4+438
Only 5-round pocket repulsion 34.8£6.9 478+ 7.6 38.6 £4.9 47.7+5.2
Decoy ligand conditioning + 5-round pocket repulsion 44.3 +£6.5 51.7+6.7 436+50 51.1+5.1

sensitive to the parameters in guidance sampling, including the virtual pocket radius 7, (Table A16), the minimum distance
threshold d,;,, (Table A17), and optional protein-ligand contact guidance that preserves protein-ligand contact (Table A18).
The results are derived from a single seed (seed = 738291). Uncertainty is estimated by 1000 bootstrap resampling.

Table A16 reports DCC success rate by varying the virtual pocket radius r4 used to define the repulsion region. Larger r,
improve the likelihood of correct ligand placement into alternative pockets, with » = 8 achieving the best results. This
suggests that larger repulsion against the already explored regions is more effective to discover the new binding interface.
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Table Al3. Ablation of ACER components on the wrong-pocket subset of Runs N’ Poses benchmark for Boltz-2 on a single seed =

738291
Clustered & Distinct Ligands (n = 46) Total (n = 88)
Method DCC<2A DCC<3 A DCC<2A  DCC<3A
(%) (%)t (%) (%)t
Boltz-2 (x 30 samples) 30.4+6.6 37.0x£7.1 3644+52 432453
Only decoy ligand conditioning (1 — 4 decoy ligands) 45.7+ 7.3 50.0 £ 7.4 432+54 523+£54
Decoy ligand conditioning + 5-round pocket repulsion 45.7+ 7.2 5224+ 7.4 432+52 545+54
Decoy ligand conditioning + 15-round pocket repulsion 47.8 4+ 7.6 54.3+7.2 466 +52 580+5.1

Table A14. Ablation as a function of the number of decoy ligands on the Runs N' Poses and Allosteric Systems benchmarks on a single

seed = 738291

# Total # Decoy Clustered & Distinct Ligands (n = 46)

Total (n = 88)

Allosteric Systems (n = 20)

ligands ligands

DCC<2 A DCC<3 A DCC<2A  DCC<3A DCC<2A DCC<3 A
(%)t (%)t (%)t (%)t (%)t (%)t
2 1 41.44+7.3 478 +7.4 369+51 466453 44.74+11.2 50.0+10.7
3 2 45.6 £ 7.4 50.5 + 7.2 41.2+53 488+54 544+10.8 59.6+10.9
4 3 459175 49.9+7.3 423+51 50.2+53 55.1+11.5 60.2+10.9
5 4 458 +17.5 50.3+7.3 43.3+55 51.3+52 551+11.2 654+10.6

Table A15. Ablation of the choice of decoy ligand type on DCC success rate (%) at 2 A and 3 A thresholds.

. Clustered & Distinct Ligands (n = 46) Total (n = 88)
Decoy ligand type
DCC<2A DCC<3A DCC<2A  DCC<3A
(%)t (%)t (%)T (%)t
Native (5% native) 45.3 £7.2 50.2 7.3 43.2+51 526+5.2
K12 26.1 £ 6.6 35.1 £6.8 29.7+ 5.0 38.5+t5.4
PTY 15.2+5.3 28.3 £ 6.7 21.7+ 4.5 34.0+5.1
FER 25.9 6.5 30.3+6.6 25.1+4.6 31.8+4.9

Table A16. Ablation as a function of the pocket radius on the Runs N' Poses benchmark over 5 iterations of pocket repulsion. Boltz-2
baseline runs default sampling without decoy ligand conditioning

. Clustered & Distinct Ligands (n = 46) Total (n = 88)
Pocket radius
DCC<2A DCC<3A DCC<2A  DCC<3A
(%)t (%)t (%)t (%)t
Boltz-2 (x5 samples o6 | | ¢ 5 34.9+7.4 30.6+51 36.6+5.2
without pocket repulsion)

4A 28.4+ 6.5 32.4+6.8 34.1+5.2 38.6 4.9

6A 32.5+6.8 36.8+ 7.1 36.4+4.8 40.9+5.2

8A 28.3 £6.8 41.4+74 31.7+5.1 409+5.3

Table A17 shows DCC success rate by the minimum distance threshold d,,;;, controlling how far decoy ligands must be
placed from the restricting binidng pocket. Performance degrades at smaller values (dm,in € {4,6}), indicating that ligands
placed too close to the previous pocket do not effectively explore alternative pockets.

As applying the repulsion potential alone risks pushing the ligand entirely away from the protein surface, we experiment
introducing the contact potential Uprotein-contact in Equation A11 as a safeguard to keep the ligand in contact with protein
but not so close to cause steric clashes. We therefore ablate the contact weight added to the existing potential where A, to
quantify its effect. Table A18 reports the effect of varying the contact weight hyperparameter. Disabling contact weighting
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Table A17. Ablation as a function of the minimum distance threshold diin on the Runs N' Poses benchmark over 5 iterations of pocket
repulsion. Boltz-2 baseline runs default sampling without decoy ligand conditioning

do Clustered & Distinct Ligands (n = 46) Total (n = 88)

DCC<2A DCC<3A DCC<2A  DCC<3A
(%)t (%)t (%)t (%)t
Boltz-2 (x5 samples o6 1 | ¢ 5 34.9+7.4 30.6+51 36.6+5.2
without pocket repulsion)

47 23.8 +6.2 324+7.0 30.7+4.8 35.5+5.0
6A 28.1 £6.9 34.94+7.0 349+53 384449
8A 28.1 + 6.8 41.6 £7.5 31.7+49 41.0+5.3

entirely (A = 0.0) performs similarly on DCC success rate < 2 A threshold, suggesting that conditioning representations
that direct the denoiser already implicitly enforce structural priors to maintain protein-ligand contact. The protein-ligand
contact potential provides limited benefit in this setting.

2
Uprolein—contaol = Z max <O7 ;2;{1 Hxa - XPHQ - d6> (A11)
a€ Ajig '

where Ajie and A, denote the sets of ligand and protein heavy atoms, respectively, x,, € R? is the position of protein atom p,
and d,. is the maximum allowed distance to the nearest protein atom. The term on added to the existing potentials 2.

Ulotal = Urepulsion(B) + )\c Ucontact (A12)
where A\. > 0 is a scalar weight controlling the strength of the contact term. Setting A\, = 0 refers to pure repulsion steering.

Table A18. Ablation as a function of the contact weight on the Runs N’ Poses benchmark over 5 iterations of pocket repulsion. Boltz-2
baseline runs default sampling without decoy ligand conditioning.

. Clustered & Distinct Ligands (n = 46) Total (n = 88)
Contact weight
DCC<2A DCC<3A DCC<2A  DCC<3A
(%)t (%)t (%)t (%)t
Boltz-2 (x5 samples o6 ;| ¢ 34.9+7.4 30.6+51 36.6+5.2
without pocket repulsion)

0.0 30.7+7.0 415+ 7.1 34.3+53 40.84+5.3

0.5 28.2+6.6 38.8+7.3 33.1+5.0 409455

1.0 27.8 +6.9 41.7+74 31.9+5.0 40.6£5.3

A.3.2. ENSEMBLE-BASED RANKING

We ablate how the two key sampling-budget parameters affect ensemble-based pose ranking across the allosteric set, the
Boltz-2 wrong-pocket subset of Runs N’ Poses, and the full clustered-and-distinct ligand subset. Uncertainty is reported as
95% confidence intervals over 1,000 bootstraps.

Given the total sampling budget B = P x S, P is the number of candidate binding pockets obtained from the exploration
phase, while S represents the local conformational coverage within each pocket. We ablate both parameters across all test
sets in Tables A19—-A22. A modest budget of B = 50 samples is typically sufficient for ACER to outperform the baselines.
However, on the generalizability benchmark, increasing the budget to B = 200 yields substantially higher success rates in
the hardest similarity bin (< 20%), where pocket discovery is the key contributor and retaining more candidate pockets in
the ranking pool becomes critical (Figure 2).

?Boltz-steering includes various constraints: chirality, ring planarity, internal geometry, steric clashes, overlapping chains
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Table A19. Ablation on selected P pockets and S local ensemble conformers within the pocket on allosteric set (n = 20).

% L-RMSD < 2A & PB Valid 1 % L-RMSD < 3A & PB Valid 1

Ranking Approach P S Top-1 Top-5 Top-10 Top-1 Top-5 Top-10
Budget = 50

Boltz-2 10 5 2504+9.6 30.0+10.1 30.0 £ 10.1 30.0 £10.2 40.0 £ 11.0 40.0 £ 11.0
ACER -baseline 10 5 20.0+£9.0 250+£9.6 350%£10.6 30.0+ 10.1 40.0£10.8 45.0 £ 10.9
ACER - L-weight 10 5 25.0+9.3 50.0+11.1 50.0 +11.1 30.0+9.9 65.0+10.6 70.0 &+ 10.3
ACER - G-weight 10 5 25.0+£9.3 50.0+11.1 50.0 +11.1 35.0 +10.3 65.0 = 10.6 70.0 = 10.3
Budget = 100

Boltz-2 10 10 25.0+9.6 30.0 £ 10.1 30.0 £ 10.1 30.0 £10.2 40.0 £ 11.0 40.0 £ 11.0

ACER - L-weight 10 10 30.0 +=10.1 50.0 +11.2 55.0 = 11.1 35.0 +£10.6 60.0£11.0 70.0 £+ 10.3
ACER - G-weight 10 10 30.0 £10.1 50.0 = 11.2 55.0 £ 11.1 35.0 £10.6 65.0 =11.0 70.0 = 10.3

Budget = 200

Boltz-2 20 10 25.0+£9.6 30.0+10.1 30.0£10.1 30.0£10.2 40.0£11.0 40.0 £ 11.0
ACER - L-weight 20 10 25.04+9.6 45.0 +11.4 55.0 =11.1 30.0 £10.2 60.0+11.0 70.0 £ 10.3
ACER - G-weight 20 10 25.0£9.6 45.0+11.4 55.0+11.1 30.0£10.2 65.0 £11.0 70.0 £+ 10.3

Table A20. Ablation on selected P pockets and S local ensemble conformers within the pocket on Runs N’ Poses wrong-pocket subset of
Boltz-2 — Clustered & Distinct Ligands (n = 46).

% L-RMSD < 2A & PB Valid * % L-RMSD < 3A & PB Valid 1

Ranking Approach P S Top-1 Top-5 Top-1 Top-5
Budget = 50

Boltz-2 10 5 152455 152+55 19.6 £ 6.0 19.6 £ 6.0
ACER —baseline 10 5 239+ 6.4 239+ 64 32.6+7.1 348 +72
ACER - L-weight 10 5 152+£55 26.1 £6.7 21.7+£6.3 37.0£ 7.2
ACER - G-weight 10 5 152+55 28.3 £ 6.8 21.7+£6.3 39.1+£7.2
Budget = 100

Boltz-2 10 10 152+£55 152+55 19.6 £ 6.0 19.6 £ 6.0
ACER -baseline 10 10 23.9 + 6.4 239+ 64 32.6+7.1 348 +72
ACER - L-weight 10 10 19.6 £6.0 28.3+£7.0 283 +£6.8 39.1+74
ACER - G-weight 10 10 19.6 £6.0 26.1 £6.7 283+ 6.8 37.0+7.4
Budget = 200

Boltz-2 20 10 152+£55 152+55 19.6 £ 6.0 19.6 + 6.0
ACER -baseline 20 10 21.7+£6.2 239+ 64 283 £6.7 348 +72
ACER - L-weight 20 10 21.7+£6.2 26.1 £ 6.8 32,6 +£7.1 39.1+74
ACER - G-weight 20 10 21.7+6.2 239+6.5 32,6 +7.1 37.0+ 7.4
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Table A21. Ablation on selected P pockets and .S local ensemble conformers within the pocket on the Runs N’ Poses wrong-pocket subset
of Boltz-2 — Total (n = 88).

% L-RMSD < 2A & PB Valid % L-RMSD < 3A & PB Valid 1

Method P S Top-1 Top-5 Top-1 Top-5
Budget = 50

Boltz-2 10 5 2614438 273 +438 284 +49 29.5+£5.0
ACER —baseline 10 5 30.7 £5.0 31.8£5.1 352+£5.2 37.5+53
ACER - L-weight 10 5 21.6+44 29.5+49 26.1 £4.8 36.4+53
ACER - G-weight 10 5 21.6+44 31.8 £5.1 26.1 +£4.8 38.6 £ 5.4
Budget = 100

Boltz-2 10 10 26.1 +4.8 273 +438 284 +49 29.5+£5.0
ACER —baseline 10 10 30.7 £ 5.0 31.8£5.1 352+£5.2 37.5+53
ACER - L-weight 10 10 25.0 £4.7 30.7£5.0 295+£5.0 37.5+£53
ACER - G-weight 10 10 25.0 £4.7 29.5+49 29.5+£5.0 364 +53
Budget = 200

Boltz-2 20 10 26.1 £4.38 273 +£438 284 +49 29.5+£5.0
ACER —baseline 20 10 29.5+5.0 33.0 £5.2 33.0 £5.2 38.6 £ 5.4
ACER - L-weight 20 10 26.1 £4.7 29.5+49 31.8+5.1 37.5+53
ACER - G-weight 20 10 26.1 £4.7 284 +438 31.8+£5.1 364 +53

Table A22. Ablation on selected P pockets and S local ensemble conformers within the pocket on the full scope of Runs N’ Poses
Clustered and Distinct Ligands (n = 217).

% L-RMSD < 2A & PB Valid t % L-RMSD < 3A & PB Valid
Ranking Approach P S Top-1 Top-5 Top-10 Top-1 Top-5 Top-10
Budget = 50
Boltz-2 10 5 470+3.3 498+34 51.2+£33 571+£34 585+£34 61.3+33
Protenix-v1 10 5 382£33 51.2+35 539+£34 424435 553£34 576+34
OpenFold-3 10 5 336+32 46.14+34 49.3+34 429+34 548+34 56.2+34
ACER Boltz-2 L-weight 10 5 40.1+3.3 525+34 54.8+34 50.7+34 641+3.2 659+3.2
Budget = 100
Boltz-2 10 10 470+3.3 498+34 51.2+33 57.1+£34 585+34 61.3+£3.3
Protenix-v1 10 10 382433 51.2+£35 539+34 424+35 553+34 57634
OpenFold-3 10 10 33.6+3.2 46.14+34 49.3+34 429+34 548+34 56.2+34

ACER Boltz-2 L-weight 10 10 43.8+34 53.5+34 56.2+34 525+34 63.1+32 650L32

Boltz-2 20 5 470+33 49.8+34 51.2+33 57.1+£34 585+34 61.3+3.3
Protenix-v1 20 5 382433 51.2+35 539+34 424+35 553+34 57.6+34
OpenFold-3 20 5 336432 46.1+£34 493+34 429+34 548+34 56.2+34
ACER Boltz-2 L-weight 20 5 41.0+£3.3 525+34 548+34 507+34 631+32 65.0+3.3
Budget = 200

Boltz-2 20 10 47.0+3.3 49.8+34 51.2+33 57.1+£34 585+34 61.3+£3.3
Protenix-v1 20 10 382433 51.2+£35 539+34 424+35 553+34 57.6+34
OpenFold-3 20 10 33.6+3.2 46.1+£34 493+34 429+34 548+34 56.2+34

ACER Boltz-2 L-weight 20 10 43.3+£34 52.1+33 553+33 5254+34 63.1+32 64.5+3.2
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Algorithm 1 details the iterative pocket repulsion procedure. Over R sampling rounds, the model accumulates a set of
occupied pockets 3, from a prior set of pockets to steer away from (e.g., known prevalent or previously sampled pockets).
In each round, a pose is sampled under the repulsion potential Urepulsion(B), which penalises all pockets in B and steers the
model toward unexplored regions. The pocket residues R, for the resulting pose are extracted by selecting all residues
with any heavy atom within 6 A of any ligand atom, and added to B to repel subsequent rounds. User-specified parameters
include the number of rounds R, the distance threshold for pocket extraction, and the choice of prior pockets in Bj.

Algorithm 1 Iterative pocket repulsion

Require: protein P, ligand ¢, number of rounds R, prior pocket set B
. B+ By {pockets to steer away from}

=]

0: forr=1,...,Rdo
. (r) .
0:  Sample x5’ ~ pg(x | P, {; Urepuision(B))
0:  Extract pocket residues R, occupied by £ in x”
0: B+ BU{R,}
0: end for
0: return {x{"}% | =
301 e Rescued by ACER, DCC < 2 A
e Rescued by Boltz-2, DCC < 2 A
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Pocket-ligand shape similarity to the training set

Figure A3. Best L-RMSD per system, stratified by pocket-ligand shape similarity to the training set. Red indicates systems where the
Boltz-2 baseline fails (DCC > 2 A) but ACER rescues the correct pocket (DCC < 2 A); green indicates systems where Boltz-2 alone
already succeeds. Gray dots indicate systems where both methods fail. ACER rescue is most prevalent at low similarity (0-30), where
Boltz-2 consistently fails to place ligands, and can sample the accurate poses (L-RMSD below 2 A) in several cases.
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Figure A4. DCC success rate on the wrong-pocket subset of Runs N’ Poses (after 2023-06-01), stratified by pocket-ligand shape similarity
to the training set. (a, b) Systems where top-ranked Boltz-2 misplaces the ligand (DCC > 2 A). (¢, d) Same, but for Protenix-v1. Filtered
(n = 46, n = 31) and full (n = 88, n = 55) subsets shown in the left and right columns, respectively.

100%

Success rate

40%

Clustered & Distinct Ligands (N=46)

n=9 n=7 n=6 n=7 n=6 n=7 n=3 n;

M\
N}

1A Y

7

© 2 a® 2 & > oo B & @ 2

@

O
Pocket & ligand shape similarity to training set (%)

o o o o
o® & »° oF \107’

All Ligands (N=88)

n=12 n=11 n=11 n=10 n=14 n=12 n=8

N N
0 oo o

o )Y o
& NS @ aof

&
Pocket & ligand shape similarity to training set (%)

N\

w7 FPocket

77 P2Rank

777 Boltz-2 (40 samples)
77 XXX - Boltz-2 (Ours)
71 DCC < 2A (solid)
77 DCC < 3A (hatched)

Figure A5. DCC success rate on the wrong-pocket subset of Runs N’ Poses when considering oracle across 5 seeds. The system is
considered successful if at least one prediction across 5 seeds achieves a DCC below the .

e Ground truth

e ACER - Boltz-2

— Boltz-2

(b)

Figure A6. Qualitative examples in the (0, 20] similarity bin of the Runs N’ Poses benchmark. (a) 7FTM — where ACER correctly
places ligands into the right pocket (DCC < 2 A) and recovers an accurate ligand pose (L-RMSD < 2 A). (b) 8GOY — a partial success
where ligand placement succeeds (DCC < 2 A), yet the predicted ligand pose remains inaccurate (L-RMSD > 2 A). (c) 8TQV - a failure
case in which both ACER — Boltz-2 and default Boltz-2 can never rescue the correct pocket.
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(a) K12 from PDB: 1NHO (b) PTY from PDB: 3AR4 (c) FER from PDB: 3CBG

Figure A7. The structure of chemical probes used in the ablation study of decoy ligand type.
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