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AlphaFold

B Very high (pLDDT > 90)
i Confident (90 > pLDDT > 70)
= Low (70 > pLDDT > 50)
I Very low (pLDDT < 50)

ZK Model Confidence:

Q8NGP4 - ORSM3_HUMAN Q8WZ84 - ORSD1_HUMAN

Figure S1. (a) Confidence scores (pLDDT) of the initial coordinates of ORSM3 and ORSDI1.
(b) Comparison with the corresponding crystal structures.
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Figure S2. Block analysis was performed on the 500 ns metadynamics simulation to assess the
convergence of the simulation. A simple Python script was used to generate each figure directly
from the HILLS file produced during the metadynamics simulation.

#!/usr/bin/env python3

# -*- coding: utf-8 -*-

import numpy as np

import matplotlib.pyplot as plt
from joblib import Parallel, delayed
import pandas as pd



#
# SYIKE
#
hills file = "HILLS"

CV_min, cv_max = -np.pi, np.pi

n_bins =51

kT =2.494339

block_stride = 10 # block size &

max_block size =2000 # fz K block size

n_jobs =8 # HATIXE

stride_data = 1 # HILLS BUffaf& > 1= » 10=F 10 f7EL—{7
#

# EHL HILLS 32

#

data =[]

with open(hills_file, "r") as f:
for line in f:
if line.startswith("#!"):
continue
parts = line.strip().split()
if len(parts) < 5:
continue
time, cv, sigma, height, biasf = map(float, parts[:5])
data.append([time, cv, sigma, height, biasf])

data = np.array(data)
cv = data[:,1][::stride_data]
height = data[:,3][::stride_data]

#
# ZFH bias -> unbias weights
#
V = np.cumsum(height)

Vmax = V.max()
weights = np.exp((V - Vmax)/kT)[::stride_data]

i
#CV AfE
i

grid = np.linspace(cv_min, cv_max, n_bins)
bin_edges = np.linspace(cv_min, cv_max, n_bins+1)
bin_idx = np.digitize(cv, bin_edges) - 1
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bin_idx = np.clip(bin_idx, 0, n_bins-1)

#
# 1FE—~ block size #Yy FES
#

def process_block size(block size):
n_blocks = len(cv) // block size
if n_blocks == 0:
return block _size, np.nan  # ##f2 block Ak

idx_blocks = bin_idx[:n_blocks*block size].reshape(n blocks, block size)
w_blocks = weights[:n_blocks*block size].reshape(n_blocks, block size)

# [a& b histogram

fes_blocks = np.zeros((n_blocks, n_bins))

for b in range(n_blocks):
hist w =np.zeros(n_bins)
np.add.at(hist w, idx_blocks[b], w_blocks[b])
fes_blocks[b] = -kT * np.log(np.maximum(hist w, 1e-20))
fes_blocks[b] -= fes blocks[b].min()

mean_fes = fes_blocks.mean(axis=0)
error_fes = fes_blocks.std(axis=0, ddof=1)/np.sqrt(n_blocks)

np.savetxt(f'fes. {block size}.dat", np.column_stack([grid, mean_fes, error fes]))
avg_err = error_fes.mean()
return block size, avg err

#
# JH1TITEFTA block size
#

block_sizes = list(range(1, max_block size+1, block stride))

results = Parallel(n_jobs=n_jobs)(delayed(process block size)(bs) for bs in block sizes)
results = np.array(results)

np.savetxt("err.blocks", results)

#

# & SEEIRZE vs block size

#

# {HF] Pandas JEzf~FYY > R aHLEK
window = 3

smooth_err = pd.Series(results[:,1]).rolling(window, center=True, min_periods=1).mean()



plt.figure(figsize=(7,4))
plt.plot(results[:,0], results[:,1], '0', alpha=0.4, label="raw")
plt.plot(results[:,0], smooth_err, '-', color="red', label='smoothed")

plt.xlabel("Block size")

plt.ylabel("Average FES error (kJ/mol)")
plt.title("Block analysis error vs block size")
plt.grid(True)

plt.legend()

plt.tight layout()
plt.savefig("block error vs size.png", dpi=300)
# plt.show()



Figure S3. Receptor flexibility was evaluated using RMSF calculated from 500 ns of

Non-associated Ligand
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OR5m3-Sotolone i

metadynamics simulation after reweighting. Cartoon-putty representations are shown, where
both thickness and color scale with the corresponding RMSF, with thicker regions indicating
higher flexibility. Frame weights were applied using PLUMED, and RMSF values, including
those for the PDB structure, were calculated using a Python script:

import numpy as np

import MDAnalysis as mda
# MPZE
traj file = "prod-meta.pdb" # %0 PDB ik

weight file="COLVAR REWEIGHT"
output pdb = "weighted rmsf.pdb"
selection = "protein and name CA"

align to first = False

#PLUMED EEfIFCC

# B[y "all" = "backbone"
# WERELLYIFT > A%y False

#

e U
data = np.loadtxt(weight_file)

# B FIE bias

logw = data[:,1]

logw -= np.max(logw) # PHiEEEEH
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w = np.exp(logw)

w /= np.sum(w) # JA—{EAE

print("Max/min weight ratio:", np.max(w)/np.min(w))

o VU e

u =mda.Universe(traj_file, traj file)
atoms = u.select_atoms(selection)
n_atoms = len(atoms)

n_frames = len(u.trajectory)

print(f"Number of frames: {n_frames}, number of selected atoms: {n_atoms}")

oeee SERBASRT:

positions = np.zeros((n_frames, n_atoms, 3))

# ARELENTTT - MW EREREAAR
for i, ts in enumerate(u.trajectory):

positions[i] = atoms.positions # [E7EJHE T selection » {£IF shape —%f

# - JRFRE - A DINFREIEE 0 -
if align_to_first:
ref = positions[0]
for i in range(n_frames):
R, t = mda.analysis.align.rotation_matrix(positions[i], ref)

positions[i] = np.dot(positions[i] - positions[i].mean(axis=0), R.T) + ref.mean(axis=0)

oo THENIRCTRIAAT

mean_pos = np.average(positions, axis=0, weights=w)

# - ITENIFL RMSF ----
diff = positions - mean_pos
sq_diff = np.sum(diff**2, axis=2)

rmsf = np.sqrt(np.average(sq_diff, axis=0, weights=w))



# --—- 5 A PDB (B-factor %I[) ----
with mda.Writer(output_pdb, n_atoms) as W:
atoms.tempfactors = rmsf

W.write(atoms)

print(f"Weighted RMSF PDB written to {output_pdb}")

PYMOL script:

bg_color white

as cartoon

cartoon putty

#alter * and (b > 150), b=150

set cartoon_putty radius, 1.0

set cartoon_putty range, 1.0

set cartoon_putty scale_max, 2
set cartoon_putty scale_min, 0.6
set cartoon_putty scale power, 2

spectrum b, white blue red, minimum=0, maximum=7
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Figure S4. Dynamic behavior of the odorant during the 500 ns metadynamics simulation,

illustrated by the superposition of 500 snapshots. The extracellular region of TM6 is shown in

red, residues surrounding the ligand-binding pocket are shown in green, and the odorants are
represented as sticks.



Table S1. Binding free energies of the odorants furaneol and sotolone toward the olfactory receptors ORSM3 and OR8D1,

calculated using the MM/PBSA method. Energetic components include van der Waals, electrostatic, and solvation

contributions.® All energies are reported in kcal/mol.

OR5M3 ORS8D1
Furaneol Sotolone Furaneol Sotolone
AE.qw -18.9(2.3) -16.9(1.9) 21.2(1.6) 20.9 (£ 1.6)
AE,. -0.8(0.5) -0.3(0.3) -0.2(0.3) -1.2(*0.1)
AGoic8 1.0 (0.3) 0.6(0.2) 0.6(0.1) 0.9 (£ 0.1)
AGqoinp 2.1(0.1) 2.1(0.1) 2.1(0.1) 2.0 (0.1)
AE gas -19.7(2.2) 17.3(2) -21.5(1.6) 22.1 (£ 1.5)
AE qw -1.1(0.3) -1.5(0.2) -1.5(0.2) -1.1 (+0.1)
AHya -20.8(2.2) -18.7(2) -22.9(1.6) 232 (£ 1.5)
Furaneol! Sotolone! Furaneol! Sotolone!
AE.qw -16.2(1.7) -11.7(3) -15.6(2.6) -17.6(1.8)
AE, -6.2(0.4) -6.0(1.2) -1.1(1.4) -1.9(0.9)
AGyo1,6B 5.1(0.2) 4.9(0.8) 2.3(0.8) 2.6(0.4)
AGgo1np -2.1(0.1) -1.9(0.2) -2.0(0.1) -2.0(0.1)
AE 4, 22.4(1.7) -17.7(3.1) -16.7(3.4) -19.5(1.9)
AE, qw 3.0 (0.2) 3.0(0.7) 0.2(0.8) 0.6(0.4)
AHya -19.5(1.7) -14.6(3) -16.5(2.8) -19.0(1.8)
-ATS -15.0 (2.8) -12.9(6.9) -14.9(3.9) -14.9(3.9)
AGiogar -34.5 -27.5 -31.4 -33.9

2An implicit membrane model was applied for enthalpy calculations, following the protocol described on pages 95 and 891 of the Amber
2024 Reference Manual. Trajectory data from the 200 ns of each simulation were used, with 4000 frames sampled for enthalpy and 100
frames for entropy calculations.
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Script for Figure 6. The hydrogen-bond networks of the eight complex systems are
represented using a mosaic-style matrix heat map.

1. cpptraj -i cpptra.in

parm ../com-sol.prmtop

trajin ../prod?.mdcrd 1 last 1
trajin ../prod1?.mdcrd 1 last 1
trajin ../prod2?.mdcrd 1 last 1
trajin ../prod3?.mderd 1 last 1
trajin ../prod4?.mdcrd 1 last 1
trajin ../prod50.mdcrd 1 last 1
strip :WAT,PA,PC,OL,Na+,CI-
hbond :* out nhb.dat avgout avghb.dat
2. pyhon3 hbond.py

import collections

input_file ="avghb.dat"

output_file = "avghb-liph.txt"

def extract_residue(label):

nmn

'ASP_119@OD1' — 'ASP\t119'

nmn

res = label.split("@")[0] # ASP 119
name, num = res.split("_") # ASP, 119

return "' {name}\t{num}" # ASP<TAB>119

occupancy = collections.defaultdict(float)

with open(input_file) as f:
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for line in f:
if line.startswith("#") or not line.strip():

continue

cols = line.split()

# cpptraj K& ¢

# Acceptor DonorH Donor Frames Frac AvgDist AvgAng
# 5] 0 1 2 3 4

acceptor = cols[0]
donor = cols[2]

frac = float(cols[4])  # Frac

resl = extract_residue(acceptor)

res2 = extract_residue(donor)

# EFFRAEY (A-B 5 B-A &31)

key = tuple(sorted([res1, res2]))

occupancy[key] += frac

# Tt

with open(output_file, "w") as out:
out.write("Residuel\tResidue2\tOccupancy\n")
for (r1, r2), occ in sorted(occupancy.items()):

out.write(f" {r1 }\t{r2}\t{occ:.4f}\n")

3. python3 masaike.py

#!/usr/bin/env python3
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import numpy as np

import matplotlib.pyplot as plt

import matplotlib as mpl

#
# B
#
N=309

filename = 'avghb-liph.txt'

scale =4

#
# R
#

# FRREEEL
# T AR
# RS T IOR S

data list=[] # 7% (i, ], 2)

with open(filename, 'r') as f:
for line in f:
parts = line.split()
if len(parts) !=5:

continue

resl, idx1, res2, idx2, count = parts

i = int(idx1) - 1
i=int(idx2) - 1

z = float(count)

# F—F =
ifi>j:

,j=j,1

14



data_list.append((i, j, z))

#

# B

#

z _max = max([z for , ,zin data list])

cmap = plt.cm.hot # ==t colormap

norm = mpl.colors.Normalize(vmin=0, vmax=z_max)

#
# 1%z EHFF - /NYSRE - RAYVESE
#

data_list.sort(key=lambda x: x[2]) # % z HEF

#

# 2

#

fig, ax = plt.subplots(figsize=(12,12), dpi=150)

ax.set_facecolor('black') # HEfaiE&

for i, j, z in data_list:
color = cmap(norm(z))
rect = plt.Rectangle(
(j - 0.5*(scale-1), i - 0.5*(scale-1)),
scale, scale,
color=color, ec="gray', lw=0.05

)
ax.add patch(rect)
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# AL AT

ax.set_xlim(0, N)

ax.set_ylim(0, N)

ax.set_xticks(np.arange(0, N, 20))

ax.set_yticks(np.arange(0, N, 20))

ax.tick_params(labelsize=20) # AAPRZITE FAR TR
ax.set_xlabel('Residue index', fontsize=22)

ax.set_ylabel('Residue index', fontsize=22)

# Btk

sm = mpl.cm.ScalarMappable(cmap=cmap, norm=norm)
sm.set_array([])

cbar = fig.colorbar(sm, ax=ax, ticks=np.arange(0, z_ max+1, 1))
cbar.set_label('"H-bond count', fontsize=20)

cbar.ax.tick params(labelsize=18)

plt.tight layout()

plt.savefig('hbond mosaic_blackbg.png', dpi=300)

#plt.show()
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