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High Throughput Virtual Screening Workflow
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Figure S1: (a) resource utilization (RU), (b) execution concurrency (EC) and (c) task execution
rate (TR) with RAPTOR when executing 126,471,524 OpenEye Python function calls on 7000
compute nodes/392,000 cores of Frontera with 70 master and 99 workers per master. RU = 90%;
EC =4 x 10° steady state; TR = 144 x 10°/hour peak.

Table S1: Correlation matrix for docking scores across different receptors used.

7CT7P  7JU7  TBQY 6W63 6LU7 Consensus

7CTP 1.000 0.041 0.395 0.269 0.400 0.647
g7 0.041 1.000 0.260 0.188 0.268 0.527
7BQY 0.395 0.260 1.000 0.402 0.843 0.799
6W63 0.269 0.188 0.402 1.000 0.408 0.666
6LU7 0.400 0.268 0.843 0.408 1.000 0.806

Consensus 0.647 0.527 0.799 0.666 0.806 1.000

To minimize the overhead caused by repeated loading of the receptor data from memory, the
data were loaded once per node and then reused for all docking runs assigned to that specific node.
The individual cores hosting the docking computations received cloned copies of the receptor data
so as to isolate the individual docking computations. To reduce the overhead of loading compound
data from disk, the storage offsets in the dataset were precomputed at startup, and shared with all
the nodes, which reduced the I/O operations on the compound data. Intermediate data were stored
on the local storage of each node, further reducing the load on the shared file system. For the
same reason, we also stored the Python virtualenv with the OpenEye docking modules on the local
storage of the nodes.

Fig. S1 shows core utilization (Fig. S1(a)), docking call concurrency (Fig. S1(b)) and docking
call rate over time (Fig. S1(c)). The max docking time dominates the inefficiencies when the

workload tapers off, as all idling nodes have to wait for a few remaining long running docking
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calls to terminate. The plots also show inefficiencies at start up, caused by: distributing input
data, Python modules, and docking calls across the compute nodes; and preparing data structures
in memory. Those inefficiencies lead to an average resource utilization of 91% and an average
docking call throughput of 139M * 0.91 = 126M docks/hr, where a dock encapsulates the entire
unit of scoring the conformational ensemble of a ligand. The achieved peak rate of 144M docks/hr
indicates an uneven distribution of docking call times throughout the data set, but also shows that
resource utilization during steady state is near perfect, as confirmed by Fig. S1(a). The min, max,
and mean components of the performance data characterize the distribution of docking time per
ligand. Given each ligand has a different conformational landscape and overall size, this impacts
the overall time it takes to dock a single compound. Therefore, we highlight the average time to

dock a single ligand, the min and the maximum.

Performance of Computational Models

Several recent papers have reported impressive performance and scaling results. However, given
the diverse computing platforms and docking programs employed, as well as different measures of
performance, it is difficult to provide a head-to-head comparison. We discuss two “state-of-the-art”
publications, that represent the broad spectrum of performance considerations and design points.

VirtualFlow’ submits multiple different “jobs” to different “clusters” and report a peak uti-
lization of 160k core. However they do not report how effectively the resources are utilized and
focus on application performance measures (docks/time). In contrast to our solution which sub-
mits one single job to the supercomputer and manages the entire workload within the boundaries
of that single job. Our workflow on Frontera uses more than 400k cores at peak, while reporting
a resource utilization consistently above 95programs are different, a direct throughput comparison
is not meaningful.

In a recent submission’ a team from ORNL demonstrated a performance of 50M docks/hour

for up to 20 poses per dock (i.e., 20k docks/second) on the Summit supercomputer. This was



primarily achieved through adaptation of AutoDock-GPU? — GPU offloading feature calculations
in rescoring, and the use of GPU-accelerated database query software. Additionally, a further 10x
performance improvement was achieved by using parallel database methods. In contrast, our work
reports a general-purpose execution tool that is not constrained to a specific docking program, nor

is it limited optimizations on a specific computing platform.



Assay details
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Figure S2: Quantitative high-throughput mass spectrometry-based endpoint assay depicting the K;
determined for MCULE-5948770040 as it binds to its substrate (IMP™).



Table S2: Plate-based MP™ activity inhibition screen results.

% Residual

Structure Compound Z-Score activity at 20
uM
MCULE-
5948770040 13.7 12%
QO‘*{‘;
MCULE-
% 9466928660 6 62%
QNQ
MCULE-
@j 8841098920 S 64%
O
O
MCULE-
9437816791 4.2 73%
b,
L
QE%
MCULE-
,, 9635688656 3.3 78%
p_CTﬁ
MCULE-
X 5271818360 2.9 81%
N
@)
@
MCULE-
e 2322094178 2.6 83%
7,
MCULE-
\ 5715268546 2.6 83%
CJ
MCULE-
6499664919 2.6 83%




Table S3: Extended Plate-based MP™ activity inhibition screen results.

Compound Z-score % Residual activity at 20 uM
PC -0.1 101%
PC -1.7 111%
PC 0.8 95%
PC -1.0 107%
PC 1.3 91%
PC 0.8 95%
PC -0.1 101%
PC 0.0 100%
NC 16.8 -8%
NC 14.9 4%
NC 15.4 1%
NC 15.1 3%
MCULE-5948770040 13.7 12%
MCULE-9466928660 6.0 62%
MCULE-8841098920 55 64%
S-613265359 4.9 69%
S-613265357 4.6 70%
S-613265358 4.6 71%
MCULE-9437816791 4.2 73%
MCULE-9635688656 33 78%
S-613265352 32 79%
MCULE-5271818360 29 81%
S-613265354 2.9 81%
MCULE-2322094178 2.6 83%
MCULE-5715268546 2.6 83%
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Crystal

Figure S3: Protein crystal of SARS-CoV-2 3CL MP™ in complex with MCULE-5948770040 used
for room-temperature X-ray data collection. Crystal measured ~1x0.5x0.3 mm or ~0.15 mm? and
diffracted to 1.80 A using a home source X-ray diffractometer.
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Table S4: Crystallography data reduction and refinement statistics for room temperature structure
of SARS-CoV-2 3CL Mpro in complex with MCULE-5948770040. Values in parenthesis indicate
highest resolution shell.

3CL Mpro- MCULE-5948770040

PDB ID 7LTJ

Data collection:

X-ray (in-house)

. Rigaku HighFlux
Diffractometer Eiger R 4M
Space group 12
Wavelength (A) 1.5406
Cell dimensions:
a,b,c(A) 55.23, 81.47, 88.81
a, 3,7 (°) 90, 90.56, 90
Resolution (A)) 59.85-1.80 (1.87-1.80)
No. reflections unique 35069 (3250)
Rinerge 0.042 (0.585)
Ryim 0.022 (0.388)
CC% 0.995 (0.524)
I/ol 26.88 (1.23)
Completeness (%) 96.8 (89.6)
Redundancy 4.4 (3.1)
Refinement
Ryork/ R free 0.162/0.192
Ramachandran statistics
Favored (%) 97.04
Allowed (%) 2.96
Outliers (%) 0
R.M.S deviations
Bond lengths (A) 0.012
Bond angles (°) 1.094
All atoms clashscore 1.91
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MD simulations
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Figure S4: Root mean squared deviations from MD simulations of 2 MCULE-5948770040
molecules bound to each MP® protomer. The RMSD for the complex is depicted in blue color
whereas the individual protomers (chains A and B) are depicted in orange and green respectively.

ANCA-AE implementation details

In the methods section, we provided an overview of how ANCA-AE was implemented. Here we
provide supporting information regarding its evaluation. In particular, ANCA-AE implements an
autoencoder that takes as inputs the linear projections of the simulation datasets analyzed using
ANCA. For our implementation, we noted that the optimal set of linear dimensions for ANCA
with the LB and LF simulations (where the ligand was bound to both protomers) was 40, whereas

including the simulations with the ligand bound to only one protomer, the optimal number of
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Figure S5: Root mean squared deviations from MD simulations of one MCULE-5948770040
bound to one of the MP™ protomer chains in the dimer. The RMSD for the complex is depicted
in blue color whereas the individual protomers (chains A and B) are depicted in orange and green
respectively.

dimensions for ANCA was 50. We then mapped the autoencoder loss (based on the mean squared
error in reconstructing the latent space) as a function of the number of latent dimensions (Fig.
S7A), which showed that as we increased the number of latent dimensions, the loss value typically
reduces. The other plots (Fig. S7B-D) summarize the characteristics of training and validation loss

based on the model and the hyperparameters that were used in our training runs.

Analysis of MCULE-5948770040 bound to individual protomer units

We present an analysis of MCULE-5948770040 bound to one of the protomer units, rather than

both protomers to check (1) if such a simulation would be stable, and (2) if the ligand bound to
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Figure S6: Root mean squared deviations from MD simulations of MP™ ligand-free state.

a particular protomer would induce the same long-range stability of the region RS from our data.
Our analysis here based on the RMSF profiles in Fig. S9A shows that compared to the ligand-free
(LF) simulations, the RMSF of the ligand-bound (LB) states (either one or two ligands, indicated
in the brackets) are significantly smaller. Thus, the presence of the ligand in either protomer can
stabilize RS, apart from the loops in the binding region (identified as S2, S1, S4 and S3).

Further, the projections of these simulations using the ANCA-AE methods also illustrates that
there are significant differences in the collective motions characterized by the LB and LF simu-
lations (Fig. S9B and Fig. S11B). Notably, while there is some overlap between the LF and LB
states in their collective motions, we observe that once the ligand binds to a particular chain, the
fluctuations in LB-chain B are different fro LB-chain A as is often seen by the orientation of the

ligand in the binding site. This illustrates that the conformational changes sampled by each of
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Figure S7: Characterizing how ANCA-AE identifies conformational substates from long timescale
simulations. (A) Mapping the autoencoder loss versus the latent dimensions for training (red lines)
and valiation (black) data based on 80:20 split of the simulation data. The solid lines represent the
simulation datasets from the LB and LF states where the ligand was bound to both protomer units
whereas the dotted line represents the loss based on including the simulations where the ligand
was just bound to one of the protomers. (B) and (C) represent the training curves for ANCA-AE
based on the number of latent dimensions (from 5-14) for both set of simulations as in (A). The
solid lines track the training loss where as the dotted lines represent the validation loss as tracked
by ANCA-AE. (D) summarizes the hyperparameter settings we used in training the ANCA-AE
model.

the LB-states are different and gives rise to unique set of conformational states sampled. These
motions can be attributed to the additional flexibilty observed in the loops surrounding the ligand
binding pocket(s) in the LF-state (and when the ligand is absent from one of the chains), giving

rise to the collective motions that were shown in Fig. 4 of the main text.
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Figure S8: Hydrogen bond analysis in the LB simulations (bound to both protomers) show distinct
behavior of the interaction patterns between the two protomers. The hydrogen bonding distance
between the ligand and the protomer A is shown on the top with a solid line depicting the sepa-
ration between the two protomers. While we observe stable hydrogen bonding patterns (distance
between the heavy atoms j 2.75 A) in protomer B, this is not observed in protomer A, where many
hydrogen bonds are transient. Given that we observe a similar behavior with a second set of force-
field parameters (calculated using NWChem), we posit that such fluctuations across the different
protomers are unique.

Docking Pipeline Result Comparison

Overlap between X-Chem fragments and MCULE-5948770040 We retrieved the fragments for
3CL-MP™ from X-Chem fragment crystalgraphic screens.’ Fragments did not have a high finger-
print similarity, with two common fragments appear in the highest 0.4 bin (see Fig. S12a). The

crystals were aligned in PyMol and visualized in Fig. S12b.
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Figure S9: Conformational landscape of the LB-states as a consequence of binding MCULE-
5948770040 to one of the protomers and its comparison to the other simulations. (A) Root mean
squared fluctuations from MD simulations of MP® the LB- and LF-states. The number in the
brackets for the LB-states indicate the number of ligands bound to the complex. While we find
similar regions affected by the ligand (Fig. 4 of the main paper), there are subtle differences in
the overall profiles, indicating that a single molecule of MCULE-5948770040 bound to one of the
protomers does not alter the overall conformational fluctuations as two molecules of the ligand
bound to the complex. (B) Collective conformational fluctuations as characterized by ANCA-
AE demonstrate the presence of distinct conformational states between the LB- and LF-states. The
ellipses indicate a mixture of Gaussians taht depict how clusters are elucidated; further, simulations
can be separated as shown in Fig. S11B.
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Figure S10: Conformational states sampled by the LB- and LF-states indicate distinct conforma-
tional transitions. (A) The projections from three ANCA-AE dimensions depicting distinct con-
formational transitions in the LB- and LF-states; notably the fluctuations in the LB-states in the
two chains are quite distinct. (B) Same information as in (A), but includes projections from the
two additional simulations where the ligand was bound only to one protomer units.
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Figure S11: Presence of significant long-tails in the atomic fluctuations of the MP™ simulations, as
quantified by the histograms of the positional deviations of the C* atoms in our simulations. (A)
depicts the long tails from the LB-(ligand bound to both protomers) and LF-states; (B) depicts the
same information along with the simulations where the ligand was bound to only one of the two
chains. Note that the fluctuations when including the single ligand bound to the protomer actually
increases the overall fluctuations as observed from the deviation profiles.

Figure S12: (a) Histogram outlining similarity of X-Chem 3CL-MP™ fragments with MCULE-
5948770040 utilizing 2D fingerprint similarity. (b) X-Chem fragments x3303 and x11366 overlain
with MCULE-5948770040." There is an overlap on the P1 and linker, but notice the difference in
the P2 region.
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