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Abstract

Allosteric kinase inhibitors are an important modality for overcoming resistance and achiev-
ing selectivity, yet most structure-based docking and deep generative models are trained predom-
inantly on orthosteric protein—ligand complexes. As a result, current methods often misplace
allosteric kinase ligands into the ATP-binding site and fail to recover the correct binding mode.
Here we curate AlloSet, a kinome-wide, time-split dataset of kinase-ligand complexes annotated
by binding mode, to systematically evaluate and fine-tune the diffusion-based docking model
DiffDock-L for allosteric pose prediction. We explore several fine-tuning strategies, including
increased dropout, freezing of torsion parameters with translation/rotation—only fine-tuning, and
molecular dynamics (MD)-based supersampling of receptor conformations and ligand poses.
The resulting DiffDock-L-Allo model is found to markedly improve pose-recovery metrics for
Type III/IV allosteric inhibitors while preserving performance on ATP-site ligands. Binding-
mode-resolved evaluations and comparisons with co-folding models such as AlphaFold3 and

Boltz-2 highlight how targeted retraining reshapes the generative model’s sampling distribution,
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offering practical guidance for adapting Al-driven docking to challenging, low-data binding

modes in in kinase structure-based drug design.

Introduction

Kinases are an important class of proteins for their multifaceted roles in cellular function from
cell division, metabolism, immune response, signal transductions, etc.' The human protein kinase
family consists of 518 members with distinct functional roles, and there is a wealth of biochemical
and structural data available that we can leverage.? Kinases function in balance with phosphatases
to regulate signaling pathways. Kinases catalyze the transfer of a phosphate group from ATP to
substrates, whereas phosphatases remove these phosphate groups, thereby modulating the activity
of downstream proteins. The dysregulation of kinases have long been associated with many diseases
and cancers, and thus are the target of many drug discovery research campaigns, particularly for
antineoplastics.>“

Orthosteric inhibitors, which compete with and sterically block ATP hydrolysis at the catalytic
site, are the most common FDA-approved drugs designed to target kinases. There are fewer
approved allosteric inhibitors, which inhibit the kinase activity by binding to other sites.”*® There
has been increasing interest in recent years in the discovery of allosteric inhibitors because kinase
catalytic sites tend to be highly evolutionarily conserved, which makes the risk of off-target
effects and toxicity substantial for orthosteric inhibitors.” Additionally, since cancer can often
evolve drug resistance through point mutations, it is desirable to develop therapeutics with diverse
binding modalities.? Despite these advantages, most allosteric modulators have been discovered
serendipitously and there are still challenges in their design.”*® These challenges stem from the
complexity of modeling the diverse processes involved in protein—allosteric modulator interactions
and the difficulty of developing high-throughput assays to search for allosteric binders.?!

Recent trends in computational chemistry research have seen the development of deep learning-

based "blind docking" methods for predicting ligand binding poses. 13 Blind docking methods



search the receptor for binding pockets in an unrestricted manner. This is in contrast to traditional
docking methods that restrict the search space to a particular site.* Blind docking algorithms may
prove useful for allosteric drug development campaigns since they don’t require prior knowledge of
the docking site, and allow for post-prediction filtering to remove orthosteric binders.'> Furthermore,
docking methods that robustly sample and predict compounds at various binding sites are necessary
for building blind docking methods that are generalizable to a novel target with unknown binding
sites. In this work, we focus on binders targeting the kinome because of the clinical relevance of the
superfamily and the vast amount of structural data to validate our methods.

Previous work has developed a data-driven platform to benchmark the performance of docking
methods within the context of its receptor conformation and ligand binding mode and highlights the
challenges that current deep learning models face.!> We have observed that deep learning-based
docking methods predominantly predict ligand binding at the orthosteric site and struggle to sample
allosteric sites effectively. An empirical perspective of generative models is that they sample
from a learned distribution that approximates the true data distribution. In our case, the training
data contains fewer allosteric ligand—kinase complexes than orthosteric ones, and as a result, we
anticipate models trained on this data to predominately sample from these high-density regions
to predict ligands bound to the orthosteric site. To make generative models useful for predicting
allosteric ligands, we must extract signal from this lower-populated data regime. To this aim, we
curate a dataset of kinase structures and evaluate a few fine-tuning strategies to improve sampling
diversity.

It has become popular in the Large Language Model (LLM) community to take a pretrained
model and fine-tune it with a relatively short training cycle on a particular task.'® This circumvents
the extensive computational resources required to train large deep learning models from scratch and
allows models to be tailored to particular tasks. We hypothesize that by fine-tuning DiffDock-L
on a dataset highly enriched for the types of complexes we are interested in, we can improve our
performance metrics. We envision that this strategy can be particularly useful in settings where new

data is iteratively introduced such as the Design-Make-Test-Analyze cycle in drug discovery.



Methods

Curation of AlloSet

We curate a kinome-wide structural dataset of kinase binders by taking the union of the Ki-
nase-Ligand Interaction Fingerprints and Structures (KLIFS) database'l*18 and Modi and Dunbrack
databaseT?2% (obtained on 11/20/24) (Figure[1). We rely on KLIFS for their definition of KLIFS
residues, a subset of structurally conserved and functionally important residues around the catalytic
region selected for consistency across the kinome. We rely on the Modi and Dunbrack database
for their heuristic definitions of the ligand binding mode. We briefly describe the heuristics below

based on Aurora A Kinase residue numbering. 120

* ATP binding region and hinge residues: 211-213

* Back pocket—aC-helix and partial regions of (34-5 strands, X-DFG and DFG-Asp backbone,
and DFG-Phe side chain—residues: 166—-193, 196-204, 205-207 and 273-275

» Type 2-only pocket, residues on exposed only in DFG-out structures: 184, 188, 247 and 254
The ligand binding modes are then defined in reference to these residues.

* Type IV: Any small molecule in the asymmetric unit whose minimum distances from the

hinge region and oC-helix-Glu(+4) residues are both >6.5 A.

Type I V2 front: at least three or more contacts in the back pocket and at least one contact with

the N-terminal region of the aC-helix.

Type I V2 back: at least three or more contacts in the back pocket but no contact with the

N-terminal region of the «C-helix.

Type II: three or more contacts in the back pocket and at least one contact in the Type II-only

pocket.

Type III: minimum distance from the hinge >6 A and at least three contacts in the back pocket.

4



* Type I: all the ligands which do not satisfy the above criteria.

A) Top Kinase groups B)
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Figure 1: Distribution of AlloSet kinase A) group and B) name
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Figure 2: The AlloSet is time-split on 1/1/2019. The binding modes are defined by the Modi and
Dunbrack heuristics.

We parse the binders and corresponding monomer chains from the structure. We exclude
ions, crystallizing artifacts, and small molecules like glycerol by excluding compounds in the list
defined in AlphaFold3 along with some manual curation.2' We do not remove non-canonical amino

acids from the structures. The residues are renumbered according to the UniProt numbering from



Table 1: Breakdown of the AlloSet by binding mode and time-split.

Type*
Time-splitdate | I IJF 1B I I IV
AlloSet | <1/1/2019 3082 62 203 257 90 119
>=1/1/2019 903 37 80 97 49 89
Total 3985 99 283 354 139 208

* F: Front; B: Back

SIFTS.?? The dataset is split using a 1/1/2019 time-split to follow the convention in Corso et al.

where a 2019 time-split was used to train DiffDock-L (Figure [2, Table ).23 More details about

the training and splitting strategy can be found in [Training and Inference| Our dataset curation

process is able to obtain additional complexes for the training and testing sets beyond the PDBBind
dataset, although the dataset is imbalanced in favor of Type I inhibitors. We additionally report the
distribution of select molecular properties of the Type III and Type IV ligands and observe that the

test split is well represented by the training split (Figure [3).
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Figure 3: The (a) heavy atom, (b) molecular weight and (c) log-transformed binding affinity
distribution of the Type III and Type IV ligands in the training and test splits. A kernel density
estimation (KDE) determines the indicated probability density distribution of heavy atom and
molecular weights.



Hydrogen Correction

We initially observed inconsistencies with how ligands features, such as bond type, aromaticity,
and formal charge, are determined and attributed it to the ambiguities in the ligand pre-processing
stage. To address this, we perform a pre-processing step that explicitly defines hydrogen positions
in the ligand files. For each ligand in the AlloSet, we use OpenBabel to predict hydrogens at the
pH of 7.4 . Then, we use RDKit to check for the proper hydrogenation and charge definitions of
imidazole, amino, nitro, tetrazole, and carboxyl groups and correct them if they contain chemical

violations.?#2> Finally, a "corrected" ligand file is produced with explicit hydrogens.

DiffDock

In its initial release, DiffDock achieves state-of-the-art performance of 38% RMSD <2 A success
rate on the PDBBind test set, but its more recent and larger adaptation, DiffDock-L, surpasses it with
a 43% success rate.1#23 The major advancement in DiffDock is its treatment of molecular docking
as a diffusion generative modeling problem. A diffusion model takes a noisy prior distribution
as input and uses a neural network, called the "score model", to iteratively "de-noise" the prior
distribution into samples of some target distribution. In this case, the noisy prior distribution is a
ligand-protein complex where the ligand is located randomly in space, and the samples generated
will places the ligand in a binding pocket. Rather than diffusing in the product space of the 3D
coordinates of every atom in the ligand, DiffDock holds bond lengths, angles, and rings rigid, and
the diffusion process is defined over the "ligand pose manifold" .Z, (space of all possible ligand
poses). The authors postulate that this manifold corresponds directly to the simpler product space P
of the translational (tr; T?), rotational (rot; SO(3)), and torsional (tor; SO(2)™) degrees of freedom

of a ligand, where m is the number of possible torsion angles.

AV - P=T3xSO(3) x SO2)™ (1)



Diffusion Models

The core model principle is to train a denoising score matching model, which represents a manifold
with a score-function (or the gradient of the log probability density function (sg(x) ~ V,logp(x)).20
During the training process, samples x from the training dataset are made noisy using the traditional

forward diffusion process with a stochastic differential equation

dx =1f(x,t)dt +g(t)dw,t € (0,T) (2)

where w is the Wiener process or Brownian motion, f is the drift function, and g(z) is the diffusion
coefficient. When we approach a large T, the ending distribution p7(x) approaches simple Gaussian
noise. This ending noisy distribution is then the prior that we sample from during reverse diffusion.

The reverse diffusion process is formalized by the equation

dx = [f(x,1)dt — g*(t)Vlogp, (x)]dt + g(1)dW 3)

where V. log p;(x) is the "score function” of our target probability distribution, and is estimated by
the neural network. Thus, during inference of the ligand pose we can sample our target probability
distribution using a geodesic random walk with the score as the drift term.”2’

In practice, reverse diffusion during inference amounts to obtaining the relative translation,

rotations, and torsion angles updates from a learned distribution that was trained on how to denoise

(reverse diffuse) these updates.

Model Architecture

DiffDock uses a message-passing heterogeneous graph architecture that rely on SE (3)-equivariant
convolutional networks as implemented in E3NN.?® The score model embeds proteins with Ca
as nodes and ESM-2 language model embeddings,?” and embeds ligand heavy atoms as nodes

and physicochemical features. The edges are defined based on a distance cutoffs that depend on



node type and diffusion time. The DiffDock-S and -L models improve the score model architecture
compared to DiffDock for greater depth without increasing the runtime, and simplify and balance
the confidence model architecture and training.%>

The E3NN framework is built into the interaction and output layers of the model through tensor
product convolutions to ensure equivariance for data/training efficiency and generalization.?8 In
other words, E3NN ensure that the samples transform in a predictable way even when the inputs

undergo rotational/translational/reflection (SE(3) group) changes.

Confidence Model

Finally, a trained confidence model uses an all-atom representation as input to rank the best binding
pose. To train the confidence model, the trained score model generate poses for every training
example and labeling each pose if the RMSD < 2 A. The confidence model is then trained with
cross-entropy loss to predict a scalar representing the binary classification of the pose being correct

or incorrect.

Training and Inference

While Corso et al. drew both their training and validation set from their pre-2019 time split for
training DiffDock-L, we drew our fine-tuning training set from the pre-2019 time split and the
validation set from the post-2019 time split to avoid contaminating our validation set with samples
that were used in training DiffDock-L (Figure 2} Table .23 For testing, we de-duplicate examples
with the same UniProt ID and ligand name, and then used the 844 Type I and a stratified random
selection of 34 Type III and 62 Type IV crystal structures after the 1/1/2019 time split. The
remaining 41 Type III and Type IV structures after the time split not used for testing were used as
the validation set.

For validation and testing, we generate 10 complexes for a given receptor-ligand pair, and then
use the confidence model to rank them. We track our performance using two main error metrics: the

symmetry corrected RMSD between ligand atoms and their ground truth positions ("RMSD"), and



Table 2: Table of the train, validation and test set size used in our experiments, compared to the
Boltz-2 and AlphaFold3 test set

Type*
Time-splitdate | 1 I3F I3B II I 1V
Fine-tune train <1/1/2019 86 113
Fine-tune val >=1/1/2019 15 26
Fine-tune test >=1/1/2019 844 34 62
Boltz-2/AlphaFold3 test | >9/30/2021 309 8 32

* F: Front; B: Back

the Euclidean distance between the center of the ligand and its ground truth center ("Centroid").="
We track these metrics both for the top ranked complex ("Top 1"), and the best value for any of the
10 complexes generated ("Any"). We define a prediction as successful in a given metric when the

value is below 2 A.

Sampling Temperature

DiffDock-L has an optional "temperature sampling" procedure that is configured by default. When

computing the perturbations of the ligand at each time step (i.e. Ar, AR, and A0), the procedure is
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modified for temperature sampling from the original algorithm to the following:

8t1‘ < egtr() ln(omax tr)+(]_8tr0)ln(0min tr) (4)
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Where the €, T, and y variables are new configurable values.2? We hypothesized that this tempera-
ture sampling procedure might be ill-suited for our dataset, and experimented with simply disabling

it altogether.

Fine-Tuning

From the dataset we collated, we choose the 209 Type III and Type IV complexes that has been
uploaded to the PDB before 2019 to use as our training set, and 41 of the post-2019 Type III
and Type IV complexes to use as a validation set to track training progress. Using the pretrained
DiffDock-L model distributed by Corso et al., we fine-tune the model with this new dataset for 5000
epochs using a learning rate of 0.0001.% We monitor our RMSD metrics of the fine tuned model
on our validation set every 100 epochs, and saved the model parameters when the rolling average
"Any RMSD" metric of the the last 10 validation runs (1000 epochs) were at their best. Progress is

monitored using the "Weights and Biases" platform.*!' The various experiments are described in
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detail below and summarized in Table

Table 3: Comparison of the hyperparameters of the fine-tuning experiments

Run Name Alpha | Beta | Torsion Loss | Dropout | Dataset Size Temp
Sampling

Baseline N/A | N/A N/A N/A N/A True

Baseline No Temp | N/A | N/A N/A N/A N/A False

Fine Tuning 1.0 1.0 0.33 0.1 209 True

Dropout 1.0 1.0 0.33 0.5 209 True

MD Supersample 1.0 1.0 0.33 0.5 627 True

tr/rot only 1.25 | 2.25 0.0 0.5 209 True

Dropout

Compared to the 17k complex PDBBind dataset used to pretrain DiffDock-L, our fine tuning
training dataset is more than an order of magnitude smaller.%**2 Because of this discrepancy, we
have concerns that our fine tuning will lead to overfitting. One common strategy for addressing
overfitting is "dropout”, which involves randomly setting some population of neurons to 0 during
training.?” By default, DiffDock-L’s training script uses a 10% dropout rate, so we experiment with

increasing the dropout rate to 50%.

Molecular Dynamics Supersampling

Similarly to Boltz-2, we also try to combat overfitting by augmenting out dataset with snapshots of
molecular dynamics simulations of our experimentally determined structures.®* For this purpose,
we use AMBER 2023 to run 300K, 2ns explicit solvent (TIP3P) simulations of each complex in our
training set.=>

Missing regions in receptor structures are first corrected using the procedure outlined in [S1]

Method| Ligands are hydrogenated using the procedure outlined in [Hydrogen Correction, Re-
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ceptors are protonated using PDB2PQR.®® Ligand parameterization is done using the GAFF2
force field.” Input file preparation were handled by the Antechamber toolkit.”® Simulations are
performed using the FF14SB force field.”® Energy minimization is first performed with restraints
added to receptor and ligand atoms of 2 kcal/mol. Heating is performed from 10K to 300K over
50ps with 2 kcal/mol restraints again added to receptor and ligand atoms. Density equilibration is
done at 300K for 50ps with a pressure coupling constant (taup) of 1.0, and the same restraints as
the energy minimization and heating steps. Two 100ps equilibration steps are performed before
the final MD run: the first with the receptor and ligand restraints reduced to 0.5 kcal/mol, and the
second without restraints.

For each simulation, we select 2 frames at random which have an RMSD < 2 A compared to the

ground truth crystal structure, effectively tripling the size of our training dataset.

Translation and Rotation Loss Only

DiffDock-L samples ¢ from a uniform distribution when computing the score-matching loss function
for training and then sums together three sub-loss functions: one for translation, one for rotation, and
one for torsion scores. DiffDock-L provides weighting parameters for the final loss computation,
but by default sets all three weights to 0.33.1223 We try a different strategy called tr/rot_only where
we train a model to sample 7 from a 3-distribution function with @ = 1.25 and 8 = 2.25 (Equation

to bias the early stages of reverse diffusion and set the torsion loss to 0.0.

. B xa—l(l_x)ﬁ—l
f(x’a’ﬁ)_ B((X,B) (13)
where
B(a, ):/Olta_l(l—t)ﬁ_ldt (14)
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Co-folding

For both AlphaFold3 and Boltz2, we generate 5 samples for each complex using default parameters.
We use the Open-structure tools to calculate the protein— and protein—ligand interaction (PLI) local
Distance Different Test (IDDT) scores.*+!' To calculate the RMSD and centroid distances for the
co-folding results, we first perform a global sequence alignment with Biopython to obtain consistent
residue numbering and then perform an all-Co superimposition.#*43 It should be noted that the
test set size for the co-folding method is much smaller than the DiffDock-L because AlphaFold3

and Boltz-2 uses a 9/30/2021 time-split while DiffDock-L use a 1/1/2019 time-split (Table [2).

Results and Discussion

Fine-tuning DiffDock-L improves docking predictions

As a baseline, we evaluate the performance of DiffDock-L with and without temperature sampling
on the AlloSet test set when predicting 10 samples per complex using only the Type III and Type
IV binding poses in our curated dataset before 1/1/19, consistent with the DiffDock-L training set
(Figure[d)). We use two metrics, RMSD and centroid distance between the predicted pose and the
reference crystal structure ligand.®? We denote the fraction of complexes that sampled any pose that
satisfy the metric with the "Any" label, and the best confidence-model ranked performance with the
"Top1" label. We observe that temperature sampling make little difference in our success metrics,
suggesting this may be an unnecessary step for some datasets. Notably, we observe a significant
drop off in performance when docking Type III and Type IV compared to the Type I ligands. The
centroid-distance results suggest that the vast difference in performance occurs because the docking
model is unable to frequently sample the allosteric poses. These results are consistent with our
observations in our previous work.1>

In all cases, fine-tuning is able to improve the prediction of the Type III and IV binding pose

compared to the baseline with varying magnitude of performance decreases in prediction of the
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Figure 4: Plots showing the fraction of DiffDock-L predicted complexes in the test set that satisfy
the requirements (a) if the top 1 confidence poses result in RMSD < 2 A or (b) centroid distance < 2
A and (c) if any of the 10 sampled poses that result in RMSD < 2 A or (d) centroid distance < 2 A.
The blue bars indicate that the baseline DiffDock-L models with and without temperature sampling.
The red bars indicate the various fine-tuning strategies such as with only the allosteric training set
with drop=0.1 or 0.5, MD-super sampling, and updating only the translation and rotation heads and

freezing the torsion head (tr/rot_only). The dotted line indicates the baseline performance without
temperature sampling.
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Type I binding pose. The fine-tune drop=0.5 and tr/rot_only strategies roughly double the baseline
performance, with tr/rot_only performing best in predicting the Type III and IV binding mode with
RMSD < 2 A in any of the 10 samples (Figure and with fine-tune drop=0.5 performing best in
predicting the Type IV binding mode with centroid < 2 A (Figure . The intuition behind the
DiffDock-L model is that that the early stages of reverse diffusion explores the binding sites on the
receptor through the translation and rotation updates, and the later stages position the ligand in the
binding through rotation and torsional updates. The slight improvement we see from the tr/rot_only
strategy lends support to the hypothesis that focusing our fine tuning efforts on only translation and
rotation could improve the frequency by which DiffDock-L selects the correct binding pocket.
We find that all fine-tuned models lead to a decrease in performance on Type I ligands. Of
the methods tested, fine tuning with increased dropout results in the lowest reduction Type I
performance. Including Type I validation set performance as another early stopping criteria can
counter this trade-off that we observe. Interestingly, the largest decrease in performance for Type I
poses occurs when we super-sample the training set with crystal poses. We speculate that a large
increase of the number of new training data-points leads to catastrophic forgetting. For Type IV
binders, we do not see a strong improvement in RMSD but observe encouraging improvements in
centroid performance. Overall, centroid performance is consistently higher than RMSD indicating

that the models are finding the correct site, but not predicting the perfect pose.

Co-folding methods still have challenges

We also evaluate Boltz-2 while providing a receptor template, and Boltz-2 and AlphaFold3 to jointly
predict the protein-ligand binding mode on our dataset (Figure [5}[6]). It should be noted that our
test set size is much smaller because AlphaFold3 and Boltz-2 use a 9/30/2021 time-split while
DiffDock-L uses a 1/1/2019 time-split (Table [2)). To assess each complex, we supply the protein
sequence and hydrogen corrected SMILES as a ligand, and evaluate the protein— and PLI-IDDT
scores. On this set, we observe that Boltz-2 and AlphaFold3 lead to a drop off in performance

similar to DiffDock-L baseline when predicting allosteric poses compared to orthosteric poses in

16



any rmsd

100 any_centroid

100
I Base: No Temp*
» I Fine-tune, drop=0.5*
HEm tr/rot_only*
80 I Boltz-2
§ AlphaFold3 §
[0} [0}
+— +—
o o
%) n
0w 0w
[0} [0}
9] o)
5} o
S =}
0 0
Type | Type Il Type IV Type | Type Il Type IV
(a) Any RMSD <2 A (b) Any Centroid <2 A
100 topl rmsd topl _centroid

Success rate (%)
Success rate (%)

Type | Type Il Type IV Type | Type Il Type IV

(c) Top 1 RMSD <2 A (d) Top 1 Centroid <2 A

Figure 5: Plots showing the fraction of the Boltz-2 and AlphaFold3 co-folding methods that satisfy
the requirements if (a) the top 1 ranked poses result in RMSD < 2 A or (b) centroid distance < 2
A and (c) if any of the 10 sampled poses that result in RMSD < 2 A or (d) centroid distance < 2
A. The dotted line indicates the performance of DiffDock-L baseline without temperature. For
the co-folding methods, we apply an all-Ca superimposition prior to calculating the RMSD and

centroid distance. *Note that the DiffDock-L and fine-tuned results shown here reflect the 9/30/2021
time-split.
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Figure 6: Strip plots of the best global (a) protein and (b) PLI-IDDT scores of AlphaFold3 and
Boltz-2 on the test set across 5 samples. The line indicates the median performance for the particular
binding mode.

the RMSD, centroid and PLI-IDDT scores despite high protein-IDDT (>0.8) (Figure[5}[6). Overall,
Boltz-2 performs comparably with and without a template structure, and better than AlphaFold3
across all ligand binding modes. DiffDock-L baseline performs worse than the Boltz-2 on the Type
I and Type IV binding modes, but the fine-tuned models has superior performance across Type III

binding modes.

Fine Tuning Improves Pocket Selection

The primary failure mode is that the baseline DiffDock-L model often docks allosteric ligands
to the orthosteric pocket. To visualize our observation, we select 84 "KLIFS residues" that are
highly conserved among kinases and measure the minimum residue—ligand distance vector.1>18
This creates a proxy for the protein—ligand binding location for the entire kinase dataset. We then
use PCA to reduce the dimensionality of our representation and determine the centroids of each
complex type using the labeled ground truth crystal structures (Figure [7a)). We project the top-1
predicted structures into the PCA vector space, and use the Euclidean distance in the PCA vector
space between the pose and the complex type centroids to classify the pose. The label of a particular

structure is set to that of the nearest complex type centroid. Despite the fact that the test dataset
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Figure 7: Ligand binding location representation space colored by pocket. (a) The PCA of all the
crystal ligand pose structures. (b-d) The top-1 predicted poses of each model version is projected
onto the crystal ligand pose PCA. For all subfigures, the X axis is the first principle component
(explained variance ratio 0.67), and the Y axis is the second principle component (explained variance
ratio 0.13). Dots indicate that the ligand comes from a Type III complex, while squares indicate
a Type IV complex. The color of each data point indicate which pocket the ligand was actually
docked into. Color key: Red=Type I, Yellow=Type 1.5 Back, Magenta=Type 1.5 Front, Cyan=Type
I, Dark blue=Type III, Green=Type IV. Ideally for Figures (b-d), all dots should be blue, all squares
should be green, and there should be no cyan, magenta, yellow, or red data points of any kind.
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only contains Type III and Type IV complexes, Figure [/b|shows a large number of cyan, magenta,
yellow, and red data points. This indicates that the baseline DiffDock-L model is frequently docking
Type III ligands in Type I, Type 1.5, and Type II pockets. In contrast, fine tuning, both with (Figure
and without torsion loss (Figure , results in far fewer cyan, magenta, yellow, and red data
points, and far more blue dots and green squares. This indicates that our fine-tuned models are
less frequently docking Type III and Type IV ligands inappropriately into the orthosteric binding

pockets.

Conclusion

A key challenge in generative modeling for protein—ligand interactions is determining whether
a model trained on known interactions can generalize to predict novel binding poses of distinct
compounds at different sites or proteins. Commercial value from drug discovery comes from the
ability to target novel proteins and expand to novel modalities or chemical space not previously
patented or studied. Some researchers suggest that DiffDock-L excels only on proteins represented
in the training set.** Other work has discussed the idea that deep learning co-folding models are
overfit to specific protein families and that the success rate is dictated by the similarity of structures
to the training set.*>** While the proteins in our test set are certainly well-represented in training set,
we ask a distinct question on one particular protein family, can we shift the trained distribution of a
generative model to predicted binding poses at a binding pockets underrepresented in the training
data?

Answering this question first begins with developing proper benchmarks that splits the data into
distinct training and test sets.>**048 In this work, we curate a comprehensive dataset from KLIFS
and the Modi and Dunbrack binding mode nomenclature, and use a time split. I9'When we evaluate
the performance of these generative models on our test set, we observe that the performance of
both DiffDock-L and co-folding models drop off when predicting allosteric ligands compared to

orthosteric ligands. This observation with co-folding models is also consistent amongst broader
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orthosteric and allosteric datasets.**> Leveraging fine tuning tactics on co-folding models will
likely yield similar improvements in performance on tailored datasets such as for allostery. Such
strategies are being explored at scale in industry through federated learning of OpenFold3. 212122

Once a model is developed to sample diverse binding sites, the next step is to rank and discrimi-
nate between predicted binding modes. DiffDock-L introduces a confidence model which ranks the
protein—ligand binding pose. Even if you sample the right binding site, a scoring function that is
able to discriminate between the correct and false poses is needed. To this aim, decoy sets have
been used to assess scoring functions.>3*% This will require a computationally generated set of
allosteric decoys (allosteric ligands in the orthosteric site) to assess how robust this confidence
model is at ranking binding modes. This approach has utility outside of blind docking. For example,
pocket-restricted docking applied to multiple sites of a target protein also require a subsequent
ranking function to distinguish the poses in the correct site from the other sites. Furthermore, a
target-specific classifier model can be trained on this data for greater screening performance.>’

In our work, we perform "re-docking" to the original crystal structure. It will also be important to
assess our docking model prospectively in a high-throughput screening setting.>® This adds another
layer of complexity where it is not only important to dock and filter ligands appropriately, but
also to score and rank binders over non-binders. We can gather the screening data in the literature

for a retrospective screen and determine the hit-rate of our fine-tuned model.>?¢!

After using our
fine-tuned model to dock a set of ligands, we can then use scoring function models that have been
particularly tuned for the screening task to rank the binding poses.>Z%2 Ideally, the blind docking
model will rely on learned features to classify the allosteric and orthosteric ligands and filtering step
can remove ligands more likely to be orthosteric. A model that is considered overfit to orthosteric
binders for a particular protein class is a beneficial attribute as a negative class filter. A proper test
will contrast the performance of this blind docking approach with the performance of restricted
search space docking on both orthosteric and allosteric sites.

In this work, we use DiffDock-L with the assumption that the receptor is rigid. Our previous

work describe that only one particular conformation allowed allosteric docking success, primarily
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because it was a ligand-bound at the allosteric site.1>' AlphaFold2 structures can also be useful input
receptors. This may require methods to encourage conformational diversity such as AlphaFold2-

t63—67

based methods that sub-sample the multiple sequence alignmen and those that produce

68H71

distributions of conformations or reveal cryptic pockets to receptor conformations primed for

allosteric binding 7%/

can be useful for determining input receptor structures that will be useful for
docking allosteric ligands. A co-folding modeled tuned to produce diverse receptor conformations
will circumvent the need to predict receptor structures ahead of time as well.

Next steps can include evaluating the diversity >/

and physical validity of the model predic-
tions. 787 Strategies like representation space probing can give qualitative interpretations of whether
or not a deep learning model can be used for generalization tasks.®” Advancements can include
creative architectures and training strategies. Concepts from the continual learning field can be
used to ensure that a deep learning model retains the capability to adapt without being retrained.”!
Integrating first-principles or physics-based intuition into a machine learning model can guide
performance in unexplored representation spaces.®*8% Lastly, elaborate collection of multi-modal
training data through high-throughput non-competitive screens or utilization of pre-trained models in

translatable knowledge spaces can provide additional information for a model to learn from 228486

Data and Software Availability

All code is available athttps://github.com/electrojustin/DiffDock-Fine-Tune. Datasets

are available at doi:10.5281/zenodo. 17373044

Supporting Information

S1 Method. Conformation-based loop modeling To prepare receptors for the MD simulations
use a template-based approach, Modeller, to model missing residues segments from similar protein

conformations to the structure being remodelled.
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