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ABSTRACT

Proteolysis targeting chimeras (PROTACs) are small molecules that trigger the
breakdown of traditionally “undruggable” proteins by binding simultaneously to
their targets and degradation-associated proteins. A key challenge in their rational
design is understanding their structural basis of activity. Due to the lack of crystal
structures (18 in the PDB), existing PROTAC docking methods have been forced
to simplify the problem into a distance-constrained protein-protein docking task.
To address the data issue, we develop a novel pseudo-data generation scheme
that requires only binary protein-protein complexes. This new dataset enables
PROFLOW, an iterative refinement model for PROTAC-induced structure predic-
tion that models the full PROTAC flexibility during constrained protein-protein
docking. PROFLOW outperforms the state-of-the-art across docking metrics and
runtime. Its inference speed enables the large-scale screening of PROTAC designs,
and computed properties of predicted structures achieve statistically significant
correlations with published degradation activities.

1 INTRODUCTION

Targeted protein degradation is an emerging paradigm in rational drug design that induces the
breakdown of “undruggable” proteins (Zhao et al.,[2022)). Proteolysis targeting chimeras (PROTACs)
are small molecules that achieve this by simultaneously binding a protein of interest (POI) and a
degradation-associated protein (e.g. E3 ligase) (Zou et al.| 2019; Hu & Crews|,2022). In contrast to
small molecule drugs, which attach to predefined sites on their protein targets, PROTACs operate by
inducing a stable, fernary complex between themselves and two proteins which don’t typically interact.
This design task is highly structural, but modeling these structures has eluded both experimentalists
and computationalists. There are only 18 such structures in the PDB (Weng et al., 2023), and
PROTAC docking algorithms have yet to see widespread use (Troup et al., 2020), as existing search-
based methods either are too slow or oversimplify the task. Finally, while deep learning has shown
substantial promise in molecular docking (Corso et al.| |2022), there are currently no end-to-end deep
learning methods for PROTAC docking, due to the lack of data.

Specifically, given unbound 3D structures of the POI and E3 ligase and the 2D PROTAC molecular
graph, our goal is to predict the bound poses of these three objects (“ternary complex,” FigureI)).
To this end, we propose PROFLOW, an iterative refinement model for PROTAC-induced structure
prediction. We frame the task as a conditional generation problem, where we learn the distribution
over rigid-body protein transformations that respect the existence of a connecting PROTAC linker.
To train this model in the absence of real ternary complexes, we create a pseudo-ternary dataset



Published at the GEM workshop, ICLR 2024

using a novel data generation scheme that pairs binary protein-protein data with appropriate PROTAC
linkers (Townshend et al., 2019; Weng et/al., 2023).

Empirically, PROFLow outperforms existing PROTAC docking methods in predicting PROTAC-
induced complexes (8.35 interface RMSD) and E3-POI interfaces (0.264 Fnat). In addition,
PROFLOW runs up to 60 times faster than the only alternative that considers full PROTAC structures,
enabling the virtual screening of hundreds of designs within 5 hours. As a direct result, we are able to
make predictions over the entire PROTAC-DB (Weng éf al., 2021b) and show statistically-signi cant
correlations between Rosetta-computed properties of our strudtures (Leaver-Fgy et al., 2011) and
published degradation activity. In summary, our main contributions are as follows.

1. To the best of our knowledg®ROFLow is the rst end-to-end deep learning approach for
PROTAC-induced structure prediction. In contrast to previous work, we consider the full
conformational landscape of the PROTAC linker during the entire sampling process.

2. We create and provide a new pseudo-ternary dataset from binary protein-protein complexes
and PROTAC linker graphs, to facilitate further development of models for this task.

3. We achieve state-of-the-art performance on PROTAC docking benchmarks with up to 60
times speedup. In addition, computed properties of our predicted complexes show statisti-
cally signi cant correlations with published degradation activity, highlightiigOFLow's
utility for future design tasks.

2 BACKGROUND AND RELATED WORK

Molecular docking Molecular docking plays a pivotal role in structure-based drug design (Morris

& Lim-Wilby, 2008}, [Hwang et al., 2010). Given two or more molecules (e.g. small molecules and/or
proteins), the goal is to predict their bound pose. Traditional docking algorithms break down the
problem into two steps: a sampling method enumerates candidate 3D poses, and a scoring function
ranks these poses (Trott & Olson, 20[10; Yan et al., 2020). More recently, deep learning models
have also been developed for molecular docking. These methods formulate the problem as either a
regression (3trk et all.| 2022; Lu et al., 2022; Zhang et @al., 2022) or a generative task (Cor<o et al.,
2022 Ketata et al., 2023).

PROTAC docking Current methods for PROTAC

docking incorporate PROTACS as constraints or |-

ters for protein-protein docking. A common ap-

proach rst samples PROTAC conformations and

E3-POI complexes separately; then (optionally) re-

inserts and relaxes the PROTAC linkers to minimize

collisions (Drummond & Williams, 2019; Drum-

mond et al., 2020). This work ow has been used

to query the structural bases of known PROTAC in-

teractions (Weng et al., 2021a; Bai et al., 2021). The

PROTAC can also be simpli ed into a set of distances

for constrained protein-protein docking (Schneidman-

Duhovny et al., 2005; Li et al., 2022). The primary

drawback to these approaches is that they largelyfigure 1: PROTACs are small molecules com-

nore the linker's exibility by reducing it to a set posed of two “warheads” and a connecting

of distances or xed conformations during proteirinker. The warheads bind to the E3 ligase

protein sampling. and protein of interest (POI), while the exi-
ble linker brings the two proteins into proxim-

Flow matching Flow matching (Lipman et al.,ity- Top: ternary complex between POI (left),
2023; Albergo et al., 2023) is an iterative re=3 ligase (right), PROTAC (small molecule).
nement, generative modeling framework that haBottom: PROTAC binding site, with respec-
achieved the state-of-the-art across standard gentlyg-warheads and anchor bonds. PDB 5T35.
tion tasks (Tong et al., 2023) and biomolecular mod-

eling (Sérk et al., 2023; Yim et al., 2023; Song et al.,

2023). Flow matching has also been extended to Riemannian manifolds (Chen & Lipman, 2024).
In this work, we develop an iterative re nement model based on ow matching, with chemically-
informed modi cations to ensure structural validity.
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Figure 2: Overview oPROFLOW, illustrated for PDB 7PI14. Iteratively re ne E3 ligase poses by
1) predicting a rotation/translation update from the learned vector eld, 2) applying these vectors to
approximate the next pose, and 3) projecting to the closest linker-compatible pose.

The goal of ow matching is to learn a vector eld; that transports a prior distributioty, g
to the target data distributioxy Pgata TO ef ciently learnu;, we rst de ne a conditional
ow map (Xo j X1), whose derivative with respect to time yields tenditional vector eld
(;it t(Xo ] X1) = u¢(x j X1): The conditional vector eld gives rise to @nditional probability
pathp(x j X1); t 2 [0; 1] via the continuity equation, whem(x j x1) = qg(x) (prior) and
p1(X j X1) (X X31) (approximate Dirac).

The conditional ow matching l0ss iEcem( ) = Eiqx)pc(xjxa) KV (X 1) U (X xl)k2 where

v is the output of a neural network It has been shown that in expectation, regressing against
conditional vector eldu¢(x j x1) is equivalent to regressing agaimsarginalvector eld u; (Tong

et al., 2023). We can integrate Equation 2 over time to oljgaig samples from noisyo .

3 METHODS

We presenPRCFLOW, an iterative re nement framework based on ow matching for PROTAC-
induced structure prediction. As inputs, we are given unbound structures of an E3 ligase and protein of
interest (POI), the molecular graph of the PROTAC, and (optionally) the E3 and POI warhead binding
sites. Our goal is to sample the PROTAC-induced complex of the E3 ligase and POI (Figure 1).

Letxe 2 R® Ne;x, 2 R® N» denote the coordinates of the E3 ligase and POI.G.et ( V; E)
denote the molecular graph of the PROTAEis associated with subgrap@sy, ; Gw, ; G-, corre-
sponding to the E3 warhead, POl warhead, and linker, wBerghares one edge (“anchor bond”)
with each of the warheads. We assume that the relative coordinates between waiheads,
and the corresponding binding proteig; x, are given, either from ground truth or as the output
of a protein-small molecule docking algorithimOur goal is to learn a generative model over
P (Xe; X j Xp; G), where we arbitrarily x the POI and transform the E3.

In practice, we approximat(xe; X* j Xp; G*) by sampling fronP (xe j X*;Xp; G*) and optimizing

P (X" j Xe; Xp; G). We learn the former using an iterative re nement model, introduced in the next
section, and we compute the latter using a deterministic search algorithm over a large set of generated
linker conformations (Appendix C.1).

3.1 PRGOLOW FRAMEWORK

On a high level, our iterative re nement framework is as follows. For more details, see Appendix A.

1. We de ne a linker-compatible spadé -, which is the space of E3 ligase transformations
that can be “reached” by any conformation of the linker under consideration (Figure 2D).

The former is a common assumption throughout the PROTAC docking literature (Zaidman et al., 2020),
while the latter is empirically an easy task (Appendix D.3), as warheads are generally known binders.
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Table 1:Left: re-docking, holo structure®ight: realistic docking, apo structureBormat: RMSD

(%< threshold, 26 for cRMSD, 1A for iRMSD). Methods marked did not model the PROTAC.
Runtimes markeg were performed exclusively on CPU (method does not support GPU). None of
the methods utilize re-ranking or clustering for prediction selection.

Holo structures Apo structures
Model cRMSD @A) iRMSD(A) Fnat Time(s) cRMSD@) IiRMSD(A) Fnat

AF-Multimer ~ 14.83 (0.812) 10.49 (0.539) 0.221 385 12.94 (0.865) 9.80 (0.563) 0.208
DiffDock-PP  19.67 (0.510) 10.04 (0.509) 0.229  15021.45 (0.380) 12.65 (0.446) 0.206
PROTACability 12.45 (0.926) 11.21 (0.496) 0.144 144 27.58 (0.641) 25.67 0.275 0.118
PRossetaC 13.06 (0.954) 10.03 (0.487) 0.114 $01515.33 (0.856) 12.13 (0.367) 0.095

PRO ow 12.85 0.975 8.20 (0.740 0.264 44 12.16 (0.999 8.35 (0.643 0.236

2. We sample from our prior ovevl - by sampling valid linker conformations:, anchor
bond torsion angles, and converting to equivalent protein transformations (Figure 2B). This
ensures that all our samples remain within the linker-compatible space.

3. We de ne our conditional ow map using the objects in SE(3) ow matching (Yim et al.,
2023), followed by a projection t®l - (Figure 2C).

4. Finally, we optimize an objective that compares the predicted transformation, to that yielded
by the analytical conditional vector eld in SE(3) ow matching.

Our learned vector elds takes as inpuG-; xe; Xp, and timet. The model predicts as output

Ry 'R ¢+ inthe tangent space ®Q(3) R®. We parametrize using E3NN, an equivariant graph
convolution network (Geiger & Smidt, 2022). We process our inputs into protein interface point
clouds, and include both geometric and chemical features. The nal prediction aggregates all vertices
into a virtual node and applies an additional tensor product lter.

3.2 PSEUDO-DATA GENERATION

So far, we have assumed that our model has access to tijplets,; x) for training. In reality,

there are fewer than twenty ternary PROTAC structures in the PDB, so it is infeasible to train on
existing data. Instead, we create a new pseudo-ternary dataset from binary protein-protein structures
(DIPS) (Townshend et al., 2019) and known linker graphs (PROTAC-DB) (Weng et al., 2023).

First, for each of the 1507 unique linkeBs reported in Weng et al. (2023), we generate a set of
1024 conformationX- using RDKit? (linker library). Next, for each binary protein-protein pair, we
identify putative pocket candidates based on surface patches with high curvature. During training, we
sample one pocket per protein, per pair, from the top 4 pockets with the highest curvature on each
protein. Finally, for each pair of pockets, we identify an appropriate linker that has low RMSD to
“anchor bonds,” placed in the center of each pocket. See Appendix A.2 for more details. It's important
to note that the training dataset and the ternary structures in our test set do not overlap.

4 EXPERIMENTS

4,1 DOCKING EXPERIMENTS

Our test set consists of 13 solved PROTAC ternary structures from the PDB, downloaded from
PROTAC-DB (Weng et al., 2023). We comp@&OrLow with three classes of docking algorithms.

» Unconditional protein-protein docking methods dock the E3 and POI without considering
the PROTAC (Alphafold Multimer (Evans et al., 2021), DiffDock-PP (Ketata et al., 2023)).

» Warhead only: PROTACability (Pereira et al., 2023) assumes warhead binding sites are
known for constrained protein-protein docking, but does not consider the linker.

* Full PROTAC: PRosettaC (Zaidman et al., 2020) assumes warhead binding sites are known
and uses precomputed linker lengths as distance constraints for protein-protein docking.

2https://www.rdkit.org/
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Figure 3: Left: DGy Solvent-accessible area buried at the interface(dSASRRDFLow predic-
tions, over PROTAC-DB. Right: .« Rosetta energy d?ROFLOwW predictions, over PROTACSs that
vary only in linker.

PROTACability and PRossetaC employ an additional clustering step tuned on part of our test set, so
for fair comparison, we omit this in the main results. See Table 5 for results after post-processing.

Since PROTAC ternary structure prediction focuses primarily on docking the E3 and POI, we evaluate
all methods based on common protein-protein docking metrics.

« Complex RMSD is determined by superimposing the predicted complex onto the ground
truth complex using the Kabsch algorithm (Kabsch, 1976) and computing the RMSD
between the -carbons.

* Interface RMSD aligns only atoms in the ground truth binding interface (withidfthe
binding partner) and computes the RMSD between thaiarbons.

» Fnatis the fraction of native interface contacts (withid\1¥ the binding partner) preserved
in the predicted complex's interface.

These thresholds are slightly higher than those in previous work (Ganea et al., 2021) since the
distances between PROTAC complexes are longer than between natural protein binders (Figure 6).

Re-docking with holo structures We assess all models on their ability to recapitulate the E3-
POI complex when provided their individual bound structures, as extracted from ternary structures
(Table 1).PROFLOW outperforms all baselines in interface RMSD and Fnat, and achieves similar
performance to the best baseline in complex RMSD. Of the baselines, those that do not consider the
PROTAC at all (Alphafold-Multimer, DiffDock-PP) performed the worst in complex RMSD. We
provide visual examples of our predictions in Figure 5. All models were given access to 10 CPU
cores and 1 NVIDIA A6000 GPU for the runtime analydkFROFLOW achieves the fastest runtime

of all models, with an average of 44 seconds per complex.

Docking with apo structures Table 1 evaluates whether models are able to produce the POI-E3
complex, given only their unbound structures (apo-equivalents from the PDB) collected by Pereira
et al. (2023). These sequences are nearly identical to their holo counterparts, with 95%+ sequence
similarity. For evaluation, we aligned apo-equivalents to the holo structures and placed the warheads
into the corresponding pocke®BROFLOW was able to maintain high performance, while all other
baselines (that take structural inputs) experienced a notable drop. This result indicates their high
reliance on holo conformations, whose availability is an unrealistic expectation, as very few E3s have
been co-crystallized with non-native protein targets. The performance of AF-Multimer is improved
mainly because of the alignment operation in apo structure docking procedure.

4.2 PROTACDEGRADATION ACTIVITY EXPERIMENTS

A major goal of predicting PROTAC-induced ternary structures is to facilitate their rational design.
Given that our model is able to predict high-quality structures at a fraction of the computational cost
of all alternatives, while considering the entire PROTAC, we are able to predict and assess PROTAC
structures at scale.
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Large scale PROTAC-DB study We collected 483 examples with annotatedsp@lues (the
concentration of PROTAC required to degrade 50% of the POI) (Weng et al., 2023), whose unbound
E3 and POI structures were available in the PDB. Nearly 70% of the PROTACs under consideration
(334) share the same POI and E3 ligase with 4+ other PROTACS, so it is essential to model the
linker in this analysis. Of our baselines, only PRosettaC (Zaidman et al., 2020) models the PROTAC
linker. However, it was computationally intractable to benchmark PRosettaC at scale (nearly one
hour per structure). We docked all warheads using Glide (Friesner et al., 2004). We sampled 20
PROFLOW structures per example and computed the solvent-accessible area buried at the interface
(dSASA) using Rosetta (Leaver-Fay et al., 2011). We observed a statistically signi cant correlation
betweerlog dSASA andog DCs (p-value< 0:001) with a Pearson correlation coef cient of -0.5231
(Figure 3, left). The direction of this correlation is biologically intuitive: PROTACS that induce larger
interfaces have lower Dfg and are more potent degraders.

VHL-SMARC2 case study In addition to DGg, we also evaluate the relationship between the
Rosetta energy of predicted PROTAC-induced E3-POI complexes agd(Baximum level of
observed degradation). Data for 13,12 values were sourced from the study by Ko nk et al. (2022).
These PROTACSs share identical warhead structures that target the same POl and E3 ligase and differ
only in their linkers. Figure 3 (right) illustrates a statistically signi cant correlation (p-valu@05),

Pearson coef cient -0.5992) between log Rosetta energy apgd Rower protein-protein energies
signify a stronger POI and E3 ligase interaction, so PR®@v predicted structures are able to lter

out PROTAC designs with high degradation capacity.

5 CONCLUSION

In this work, we introduced® ROFLOwW, an iterative re nement model for PROTAC ternary structure
docking. To train this model, we generated a new pseudo-ternary dataset from binary 3D protein-
protein data and 2D linker graphs. EmpiricalBROFLOW signi cantly outperformed baselines

in interface RMSD and remained robust even when provided unbound structures. An order of
magnitude faster than the best alternatideROFLOW enabled the screening of large PROTAC
libraries, revealing correlations between computed properties and degradation activity. In future work,
we hope to explore deep learning models for other modalities of targeted degradation, including
molecular glues.
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A | TERATIVE REFINEMENT FRAMEWORK

PROTAC-linker compatible space It is non-trivial to includeG- explicitly in the model. However,
generating multiple conformationé based orG- is an easy task (Jing et al., 2023b). In addition,
the linker primarily functions as a positional scaffold and is less involved in the physicochemical
interactions speci c to the elements. Therefore, we appréacbonditional modeling alternatively

by de ning the space 08K3) transformations of the E3 ligase in the following space that respect a
set of chemically plausible conformatioKs of the linker (Figure 2D).

De nition A.1 (Linker-compatible space)Let x;; - denote the structure of a protein-warhead

complex connected to linker at its respective anchor bond, and Xg§[b] 2 R® 2 denote the
coordinates that correspond to anchor bbnd

For a giverxe; Xp andG-, a transformatiofR; x) 2 SK3) belongs tdinker-compatible spaci -
if there exists a conformatiax that connects the POI and E3 undBr; x):

x> 2 X+ (RXe ~ + X)[bp] = xpln]; (1)
whereb, is the POl anchor bond.

It is non-trivial to de ne the standard conditional ow matching objects witiMn-. Instead of
operating directly over this set, we leverage the objects of SE(3) ow matching Yim et al. (2023) and
project back intdV - at each step — a procedure we gadbude ow matching.

Similar to standard ow matching, we rst de ne a prior distribution &h -. Then, we de ne the
pseudeconditional ow map from the prior to the target data distribution by interpolating on SE(3)
and projecting the intermediate points from SE(3Mo. Finally, we discuss our modi ed training
objective and touch upon symmetry considerations.

Prior distribution  To design a ow matching framework, we require an easy-to-samgie
overM -. However, it is not necessarily easy to sample from this space: selecting an arbitrary
(R;x) 2 SK3) does not ensure the existence of a compatible

Therefore, we take an inverted approach: instead of directly operating over the protein, we rst sample
a valid linker conformation, and then compute the equivalent protein transformation (Figure 2B). To
summarize, sampling from can be decomposed into three steps.

1. Sample linker conformatiox:  Uniform(X-).
2. Sample torsion angles for each anchor band,  Uniform(0; 2 ).
3. Map to equivalent E3 ligase transformatid®y x).

The closed-form solution for the mapping; ¢; p 7! (R;x) can be obtained by absorbing the
anchor bond torsion anglé¢se; ) and angles within the linker's local structure into rotation matrices.
A detailed derivation is presented in Section B.1.

Intuitively, this procedure can be interpreted as sampling from the linker conformation energy-
weighted distribution ove¥l -. Transformation$R; x) that correspond to stable linker conformations
are sampled more frequently, a¢id; x) that result from different torsion angle settings of the same
linker conformation are sampled equally often.

Pseudo-conditional ow map Interpolating along the geodesic paths in SO(3) RAdjives rise to
the following conditional ow maps Yim et al. (2023):
Rt = expg, (tlogg,(R1)) @)
=1 X+t Xi: 3)
However, this interpolation does not guarantee that we remain wihinInstead, we introduce the
following projection to de ne a reasonable path withh- .
De nition A.2 (Projection toM +). Given(R;x) 2 SK3), wedene -, :SE3)!M

e (R;x) = argmin RMSD((RXe + X); (R Xe+ X )) (4)
(R x )2M

P
where RMSjx ; x9 = P 1=n T kX x?k2.
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This procedure allows us to compare different transformations based on their effegtsaonl to
implicitly update thex- and ; , under consideration at each step. We implement this mapping via
the conformer matching optimization procedure used in Jing et al. (2023b) (Appendix C.1).

We de ne the pseudo-conditional ow map ovist -,
(Riixt) = e (Rt %) ®)
whereRy; x¢ are given by Equations (2, 3). At= 0, our linker-centric sampling procedure ensures

(Ro;Xp) 2M -,and att = 1, (R1;Xy) are computed directly from data.

Training objective Due to the nature of the projectionko -, it is dif cult to obtain an analytical
formula for the vector eldu;. If we rstignore the projection, standard SE(3) ow matching yields
a closed form solution by differentiating Equations (2, 3) with respettYam et al. (2023):

X1 %, logg, (R1)
1t R 1t - ©)

The simplest solution is to apply the standard conditional ow matching loss (Equation 2) to these
terms. However, this approach leads to unstable performance, due to the irregulitity(ahalysis
in Appendix D.4.3).

Therefore, we optimized an alternative, which compares the effect of predicted transformations on
the coordinates. Let  gand(R¢;xt) pt(xj 2), then:

Xeit+ t = Ry t(RtXe;t)+(Xt + X t) (7)
Retr 1= Ry t(RiXex) + (X +%Xy 1) ®)

Xt

whereR . ; R + are the outputs of the learned vector eld, and t is set to a small constant. We
minimize

Lv i = Etq(2)pe(xiz) RMSD(Xert+d 15 Reit+d 1) )

Sampling During inference, we integrate (2) frotr2 [0; 1] using an Euler solver (Chen et al.,
2018). We apply - between each step to ensure that our transformations remain Within
(Figure 2C and Algorithm 1).

SE(3) equivariance To ensure that our likelihood is SE(3)-equivariant, we require a SE(3) invariant
prior and SE(3)-equivariant updates Xu et al. (2022). Our prior distribution is SE(3) invariant since
the torsion angles of anchor bonds , are SE(3) invariant, we express relative to the input

Xp with local structures xed. The learned vector eld is parametrized by a SE(3) equivariant
architecture based on Geiger & Smidt (2022).

A.1 MODEL IMPLEMENTATION

Input representations  Given the two input protein structures, we rst compute their surfaces using
MSMS and triangulate them into point clouds of vertices (same as in Section 3.2). We featurize each
vertex with geometric and chemical features (Gainza et al., 2020; Sverrisson et al., 2021), including
its coordinates, curvature, normal vector, 6 closest non-hydrogen atoms, and the vectors between
these atoms and the vertex itself.

Prior work has shown that when protein-protein interfaces are known, removing non-interface residues
from consideration increases both computational ef ciency and docking performance (Pereira et al.,
2023). Since warhead poses are determined ahead of time, we follow the same approach and discard
any vertices more than 20from the surface of the binding partner, at initialization. Though this

de nition of interface depends on the initial, this threshold preserves approximately one-third of
most proteins, which is usually a superset of the actual interface.

SE(3)-equivariant architecture We implement using a 6-layered E3NN, a SE(3)-equivariant
graph convolutional network (Geiger & Smidt, 2022). Within each protein point cloud, we draw
edges between the 3 nearest neighbors of each vertex, and across the protein interface, we add edges

11
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Figure 4: Pseudo-data generation procedure. 1) Generate PROTAC linker conformation library. 2)
Identify high-curvature putative pockets and sample 1 per protein in binary protein-protein complex.
3) Match each protein pair to linker with lowest RMSD from anchor bonds.

between vertices within ¥oapart. To produce the SE(3)-equivariant outplits; R 1 fromthe nal

layer, we aggregate information from all vertices into a virtual node, placed at the center of all E3
ligase -carbon atoms (including those outside the interface), and apply an additional tensor product
Iter. Additional information can be found in Appendix C.3.

Steric guidance Though our ESNN focuses exclusively on the protein interface surface, we would
like to avoid steric clashes from parts of the proteins outside of their interfaces. We add an additional
potential to the gradient to bias the model away from transformations that would otherwise cause
clashes. We modify our vector eld as follows,

e Ye
Ue(X)  Ue(X)+ or [ max(0;dj )I; (10)
i=1 j=1

where ( = 5.t L. isanexponential schedule; isthe Euclidean distance betweercarbons

of residues;j ,and = 2A s the contract threshold.

A.2 DATA GENERATION PROCEDURE

Linker conformation library ~ For each of the 1507 unique linke@ reported in Weng et al.
(2023), we generate a set of 1024 conformatnsising RDKit3.

Pseudo-binding sites We identify putative warhead binding sites on each side of the binary
protein-protein interface. Since protein interfaces are too at for standard pocket prediction meth-
ods Le Guilloux et al. (2009), we opt for a simpler geometric approach. We compute each protein's
surface using MSMS Sanner et al. (1996) and triangulate with a vertex density/Af OFiltative

pockets are obtained by clustering the top 200 vertices with highest curvature, based on pairwise
Euclidean distance. Pseudo-anchor bonds are inserted at each cluster's center of mass, pointing
towards the average of the vertices' normal vectors. For each protein, we extract the top 4 highest
curvature clusters as pockets. During training, we sample one pocket per protein uniformly at random,
from a total of 16 pairs.

Linker matching For each pair of protein pockets, we select the best-matched linker from our
conformation libranfX - g based on Kabsch alignment of the anchor bonds Kabsch (1976). While
this step only considers the two endpoints of each linker, most PROTAC linkers tend to be simple
chains, which rarely result in any clashes with the protein complexes.

In total, this process allowed us to create approximately 685k triplets (42.8k protein pairs in DIPS
16 pocket combinations per protein pair). Our model was trained on these pseudo-data from DIPS
and netuned on a similarly created dataset of binary E3 ligase structures (Appendix C.2).

3https://www.rdkit.org/
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B MATHEMATICAL DERIVATIONS

B.1 SOLUTION FOR EQUIVALENT PRIOR DISTRIBUTION SAMPLING

In Section A, we decompose the sampling from prior distribution into sampling linker conformation
and torsion angles. Here, we introduced how to derive the equivalent transforrfRtsonfrom
linker conformatiorx-, ¢ and ,. At rst, we reduce the unnecessary degrees of freedorn iy
representing it as tha torsion angles within the linker rotatable bortgisas - 2 SO(2)™.

Because linkers usually adopt linear molecular graphs, the rotation matrices could be used for
updating the ternary structure in sequential order. We reorder the atoms in the linker according to the
distance to the POI side anchor bond to adopt the following permutation:

8i;j 1i<j ) Dg(;0)<Dg(j;0) (11)
Dg(i;j ) is de ned as the shortest path length between ricaled nodg in graphG. The anchor

bond from the POl side is denoted as e€igjel) in theG . In addition, we also reordered the rotatable
bonds as:

b, = (i1;i2); 12)
b, =(i1j2) (13)
8i;j 1i<j ) (i1<jiandiz<j2) (14)
Then, we transform all angles into rotation matrices:
3
n2+(1 n2)cos nyny(l cos ) nzsin  ngn,(1 cos )+ nysin
R(n; )= 4nyny(1 cos )+ n,sin ny+( nj)cos nyn,(1 cos ) nysin 5
nxnz(1 cos ) nysin  nyn,(1 cos )+ nysin nZ2+(1 n2)cos
(15)
X[, ] Xw, [0] Xw, [0] .
R =R(——————; " );R_=R 1
i (kx\[h‘l]k’ I)’ e (kxwe[b]kl e) (kXW [b]kl e) ( 6)

The transformation of rotating a substructuifg around the rotation axis[i; j ] with angle can be
written as:

X[ii] X[ii]
ST i 2 an

We denote given initial structure ag,, . As a result, mapping the sampled linker conformation
and torsion angles §, ;) into the E3 ligase relative positiokie formalizes a closed function as:

Xe = [Trans( e;xw,[0) Trans( - ;x:[o,])  Trans( o;x:[b,]) Trans( p;xw,[b])]Xe,
(18)

Trans(; x[i;j Dx[1= R( JXTT XD+ R(

C IMPLEMENTATION DETAILS

C.1 SARCH ALGORITHM FOR LINKER MATCHING

In this section, we introduce the algorithm applied (X j Xe; Xp; G*) and . Though these

2 processes are utilized in different steps of the generation, a conditional conformation generation
can be implemented to solve both. According to the de nition of anchor bonds, their coordinates
x-[b] are determined whex\y [b] is determined by andx, because we keep the warhead-protein
complex structure xed.

Both P(x: j Xe;Xp;G') and - can be reduced to searching process for nding2 X- to
minimize the RMSD objective in Equation 4. The optimum for this function is guaranteed to be
0 for P(x: j Xe; Xp; G*), because, lies in the constraint subspadd, . However, for -, the
optimum is not guaranteed to be 0. As a result, the position of E3 ligase is updateg ino ensure
RMSD(x- [b]; xw [0]) = O by aligningxw, [b] with x- [b].

Therefore, to minimize the objectiv®RMSD((RXe + X); (R Xe+ X ));st.(R;x ) 2 M - we
apply a scoring function with a optimization algorithm. To score a given linker strugtyree rst
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align thex. [b] with xw [b] derived fromxe andx,. We add interpolation coordinates within[b,]
andxw [lo,] to strengthen the weighting in the Kabsch alignment, as we want to achieve precise
alignment ofx. [,] andxw [l,]. This step is pivotal for evaluation on [be] andx [ke] from the

E3 ligase side, since our RMSD is de ned for E3 ligase coordinate$\Ve denote the function of
calculating the centroid coordinate @thenR ;x is written as:

! ! ! !
SO 0 V] .5 IS 0 I V] .Y
kX [De]k kxw [be]k kX [be]k kxw [be]k
R (c(xe) cxwlbe])) (c(Xe) clxw[be])) +(c(x-[ke]) clxwlke])  (20)
At each scoring step, we calculate the ab@Re; x ) to the RMSD evaluation in Equation 4. We
represenk- as the torsion angles and optimize the angles using an optimization algorithm given
the above scoring function. To balance between accuracy and ef ciency, the DIRECT algorithm

is applied for | when we solve the ODE for sampling, and the evolution algorithm is applied for
P(x ] Xe; Xp; G).

R = (19)

X

C.2 PROCEDURE FOR PROTEINPROTEIN TRAINING DATASET CURATION

In this section, we introduce the procedure for preparing the binary protein-protein data for the data
generation pipeline (Section 3.2). We mainly train our data on the Database of Interacting Protein
Structures (DIPS) (Townshend et al., 2019) dataset and netune it on the E3 ligase dataset.

For the DIPS dataset, we simply run the script from the of cial reposifotynlike protein-protein

docking researches that assign the larger protein chain as receptor and the shorter as ligand, we
randomly assign (receptor, ligand) to the chains to increase the size of training data and because
of the fact that E3 ligase is not always smaller than the POI. Though there are already 42,826 data
points within the DIPS dataset, we still want to curate a dataset that only focuses on protein-protein
complexes of E3 ligase + X, where X could be any protein chain. Firstly, we retrieve all the protein
structures with multiple chains from PDB by using the E3 ligase Uniprot ID from PROTAC-DB (Weng

et al., 2021b). Then we screened these PDB les by extracting the E3 ligase chain and keeping the
surrounding protein chain if it possesses more than 40 residues and more than 5 residues are close
to the E3 ligase chain by the threshold &.8y extracting the protein chain les, we curated a
protein-protein dataset of 883 E3-ligase+X data. In the training, the E3 ligase is treated as the ligand
and the binding chain is assigned as the pseudo-POlI.

C.3 SE(3)MODEL ARCHITECTURE DETAILS

As outlined in Section A, our parametrized vector eld is implemented using a SE(3) convolutional
network, following the architecture of the score model in Diffdock (Corso et al., 2022). In the
following sections, we denoteyy, as the spherical tensor product with weigisand as the

normal vector addition. The architecture is decomposed into three main layers: the embedding layer,
interaction layer, and output layer, as detailed below.

Embedding layer Though previous protein-protein docking works (Ganea et al., 2021; Ketata
et al., 2023) prefer to use residue-types and the coordinategsafbons to represent rigid protein
structures, PROTAC docking requires ne-grained representations as the protein-protein interface are
predetermined by the warhead positions. In our work, we represent protein as surface representations.
At rst, we process the chemical features of the nearest atom into the atom embedding and vertex
representations (curvature, size, type, normal vector) calculated by MSMS into the vertex embeddings
with the same size of atom embedding. Both atom embedding and vertex embedding include
scalar representations and vector representations. Then we aggregate 6 atom embeddings into the
corresponding vertex embeddings by the following fully connected tensor product:
1 X X
hv = m hi W h] (21)
hi2(haihy) hj2(ha;hy)
In the embedding layeYV are trainable parameters. In order to m&OFLOw scalable to large
protein-protein interfaces, we then cluster the vertices into a xed number(256 in our model) of

“https://github.com/drorlab/DIPS
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patches. The patch representations are calculated by averaging the vertex representations and place in
the centroid of the corresponding vertices.

Interaction layer We de ned the mechanism for updating the patch representations following the
convolutional network in Diffdock (Corso et al., 2022). For a given patch with representaitrat
is connected tdN, other patches, for each message passing procedure, the representation is updated
as:

!

Y (rp) Mo 5 mp = ( hpihpikrpgk?) (22)

X

al hon,

Here,Y represents spherical harmonics, and BN stands for equivariant batch normalization.
denotes the trainable MLP responsible for computing the weights for the tensor product. In practice,
we construct a k-nearest-neighbor graph (k=3) for message passing within patches for the same
protein and a radius graph with a cutoff ofAfor message passing between patches belonging to
the POl and E3 ligase, respectively. In each interaction layer, the representations are initially updated
by aggregating information from the same protein and subsequently exchanging information across
proteins.

Output layer It was crucial for us to aggregate the information back to the coordinate system of

the full protein from representations from protein surfaces because the training objective is de ned

on full protein -carbon coordinates. An additional virtual node is placed at the centroid of E3 ligase
-carbons. For all the patches of E3 ligdgeand the centroid virtual node, the message is passed

to v as:

Y(f‘cn) cn hny en = ( hn;krcnkz) (23)

To parametrize the vector eld in the tangent space of SE(3)s a single odd and a single even
vector. We sum the odd representation with the even representation as the nal prediction. For loss
computation in training, we update the E3 ligase coordinates with our prediction and the ground truth
score. The RMSD between the score updated coordinate and the predicted score updated coordinate
is our training objective.

Algorithm 1 Sampling algorithm of PRE.ow

Input: Initial x, andG-

Output: Boundxe, X

1: Sample from prior distributiopg: x> Uniform(X-), ; p  Uniform(0;2 )
2: Map to equivalenko = ( Ro; Xo)

3: fortin0, t;2 t; 1do

4:  ComputeR;; X from learned vector elds

5: Updateandrenetd «: X! -o(R; tx;+ X t)

6: Compute the gradient of rotation and translatiom@(X ;) in Eq.10: Rt ,X st
7: Updateandrenetdd -: X; ! o(Rs tx¢+ Xg 1)

8: end for

9: Xg = X1 and searclx- using the method described in Sec. C.1

D ADDITIONAL EXPERIMENTAL RESULTS

D.1 VISUAL EXAMPLES

D.2 PROTEIN-PROTEIN INTERFACE DISTANCE DISTRIBUTION

D.3 WARHEAD DOCKING ANALYSIS

Experimental setup To demonstrate the capability of existing search-based software in accurately

predicting the relative structures of protein-warhead for PROTAC ternary structure docking, we
curated a dataset from PROTAC-DB (Weng et al., 2021b) and PDB for warhead docking experiments.
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Figure 5: Visualized results of structures (PDB 6HAX) predicted by different methods. The ground
truth E3 ligase pose is represented as a semitransparent surfaces.

Figure 6: Distribution of the residue distances for the 1,000 closest pairs, drawn from the protein-
protein binary dataset (DIPS) and the PROTAC test set.

Initially, we retrieved E3 ligase and POI structures from PDB using the UniProt ID of existing
PROTACSs from PROTAC-DB. Subsequently, we lItered out all monomer proteins lacking binding
small-molecule ligands. Among the remaining small molecules binding to POI or E3-ligase, we
retained data where the maximum common structure with PROTAC warheads accounted for more
than 80% of the ligands. Finally, we removed all solvent molecules from the structures, keeping only
the chains binding with the ligands. 2245 pairs of proteins and warheads-like small molecules are
collected after this procedure.

Because of this large amount of data retrieved from PDB, we could draw a conclusion that the
pocket pockets on existing POIs and E3 ligases are fully explored. Even if certain targets are
considered undruggable by traditional inhibitors, it is not inherently challenging to locate a binder
within the PDB to establish a preliminary understanding of the binding pocket's approximate location.
Therefore, we mainly focused on pocket-speci ¢ docking instead of blind docking. We employed the
Schrodinger suite for evaluating docking on our curated dataset and 13 ternary PROTAC structures.
We initially prepared each protein structure by preprocessing them with the Protein Preparation
Wizard. This step involved re ning the protein structure, adding hydrogen atoms, and assigning bond
orders. Subsequently, the ligand structures were processed through LigPrep to generate appropriate
ionization and tautomeric states. The receptor grid of siZe 220A 20A was generated around the
active site using the Receptor Grid Generation tool. For docking simulations, we employed Glide,
Schiddinger's molecular docking program, applying standard precision (SP) and extra precision (XP)
protocols. The SP protocol was employed for initial virtual screening, followed by more accurate XP
docking to re ne the binding poses and rank the ligands.

Result and discussion As presented in Table 2, the existing method demonstrates pro ciency in
predicting over half of the warhead-like structures withi ith a median RMSD of 1.58 after

the molecular docking. This substantiates the accurate prediction of protein-warhead structures for
a broad spectrum of candidate warhead structures suitable for PROTAC design. Subsequently, we
evaluate the docking accuracy of the protein-warhead structures in our test set. The median RMSD
for docking warheads is 0.982 Additionally, sincePRGrFLow relies on the positions of anchor
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Table 2: The results of RMSD and centroid distance in warhead-pocket docking experiments. We

present the docking accuracy obtained from two datasets: the curated PROTAC-DB dataset and 13
PROTAC ternary structures sourced from PDB. The metrics are computed based on full warhead

structures or anchor bonds.

Dataset | Testcomponent |Size of test sgtMean@) # Median@) # <2A "
PROTAC-DB | full warhead (RMSD) 2245 |  2.86 1.59 0.565
full warhead (RMSD 26 251 0.962 0.714
ternary complexesanchor bond (RMSD 26 1.94 0.774 0.750
anchor bond centroids 26 0.769 0.27 0.893

Table 3: Experimental results for PROTAC ternary structure docking using ground truth structures of
protein-warhead and Glide-docked structures of protein-warhead.

Mean# Median# <20" | Mean# Median# <10" | Mean# Median#
13.01 13.51 0.98$ 8.51 8.52 0.653 0.231 0.194

Methods

Docked warheads
True warhead-protei

Complex RMSDA) Interface RMSDA) Fnat

n12.85 13.12 0.97% 8.20 8.16 0.740 0.264 0.211

bonds to maintain linker structures, we assess the docking accuracy of anchor bonds. The median
centroid distances between the predicted anchor bonds and ground truth anchor bondsAare 0.27
indicating a precise prediction of anchor bond positions. Finally, we present the experimental results
of PROFLOW using docked warheads instead of ground truth in Table D.3. Despite a slight decline in
performance, the decrease in metrics is relatively small when compared to the variations observed
when employing different methods.

D.4 ABLATION STUDY

D.4.1 ABLATION ON TRAINING DATASET AND SAMPLING

Table 4: Ablation study results presenting the impact of removing part of training data and steric
guidance in sampling in the implementation of PROw.

Complex RMSDA) Interface RMSDA) Fnat
Methods Mean# Median# <20" | Mean# Median# <10" | Mean# Median#
DIPS only 13.10 13.24 0.981 7.90 7.82 0.690 0.301 0.262

E3 ligase dataset onjy13.12 13.18 0.992 8.48 8.60 0.750 0.231  0.194
No steric guidance| 14.33  14.67 0.911 8.81 9.12 0.688 0.241  0.189
Full PROFLOW 1285 13.12 0.97% 8.20 8.16 0.740 0.264 0.211

In this ablation study, we explored the impact of removing a portion of the training data and
incorporating the steric guidance for sampling. Notably, when we only R&Q@FLow on DIPS

or E3 ligase dataset, the model's performance in complex RMSD exhibited a reduction. Regarding
the interface RMSD and Fnat, the model achieved better results by only using the DIPS dataset.
Therefore, we can conclude that the general dataset, DIPS provides more information on protein-
protein interaction on the surface level. In order to balance the performance variation on complex
RMSD and interface RMSD, we choose to use both training data sets for our main experiment.
Additionally, the incorporation of the steric guidance technique demonstrated effectiveness in boosting
the performance from the full complex level. These ndings underscore the importance of training
data and sampling strategies.
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