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Abstract

Molecular docking is a central tool for structure-
based drug discovery, but realistic docking re-
mains challenging because receptor conforma-
tions are flexible, a receptor-ligand pair may
admit multiple stable holo states, and the true
binding-pocket residues are often unknown in
prospective applications. We introduce PIGEON
(Pocket-Inferred Geometric Ensembles for Flex-
ible Docking), a manifold flow-matching frame-
work that performs ensemble flexible docking
without ground-truth pocket residues. PIGEON
represents receptor-ligand complexes with a time-
conditioned heterogeneous graph and predicts
residual motions for ligand translation, ligand ro-
tation, ligand torsions, receptor residue frames,
and receptor side-chain torsions. To guide lig-
and translation in the absence of pocket labels,
PIGEON constructs a receptor-intrinsic buried-
ness field, a ligand-centered spherical harmonic
pocket field, and a compact bank of pocket-aware
candidate directions, then uses a learnable staged
selector to choose between pocket-ingress and
local-fitting motions. Empirically, PIGEON re-
covers accurate ligand poses while maintaining
physically plausible full-complex geometry, pro-
viding a practical route to generating coupled
ligand-receptor ensembles under realistic pocket-
unknown conditions.

1 Introduction
Molecular docking is a central tool in structure-based drug
discovery, where predicting how a small molecule binds to a
protein target supports virtual screening, lead optimization,
and mechanistic interpretation (Morris et al., 2009; Trott
& Olson, 2010; Friesner et al., 2004). In many therapeutic
targets, rigid-receptor assumptions break down: enzyme
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active sites can require side-chain or loop rearrangements
to admit catalytic or inhibitory binding modes (Sherman
et al., 2006), GPCRs and kinases stabilize distinct ligand-
specific conformations that drive different pharmacological
outcomes (Wootten et al., 2018; Vijayan et al., 2015), and vi-
ral proteases such as HIV-1 protease undergo substantial flap
and pocket rearrangements upon inhibitor binding (Heaslet
et al., 2007). These applications expose three coupled chal-
lenges that remain difficult for current docking models: re-
ceptors are flexible and may change conformation upon
ligand binding, a single receptor-ligand pair may admit mul-
tiple stable holo conformations, and the true binding-pocket
residues are usually unknown in real applications.

Recent generative docking models have made substan-
tial progress on flexible protein-ligand docking. Build-
ing on early geometric one-shot predictors (Stärk et al.,
2022; Lu et al., 2022) and diffusion-based pose gener-
ation (Corso et al., 2023), methods such as DiffDock-
Pocket (Plainer et al., 2023), Re-Dock (Huang et al., 2024),
DynamicBind (Lu et al., 2024), FlexDock (Corso et al.,
2025), and FlowDock (Morehead & Cheng, 2025) use diffu-
sion or flow matching to predict ligand poses jointly with
receptor adaptation. While these models capture impor-
tant aspects of ligand-induced receptor motion, most are
evaluated as single-endpoint pose generation rather than
ensemble prediction.

Classical ensemble docking instead models receptor flex-
ibility by docking ligands against multiple pre-generated
conformations from crystal structures, molecular dynamics,
or enhanced sampling (Lin et al., 2002; Amaro et al., 2008;
2018; Bottegoni et al., 2011). These pipelines are typically
two-stage: receptor conformations are generated upstream,
and docking, scoring, and ranking are performed separately
against each. As a result, ensemble docking workflows focus
on selecting from precomputed receptor states rather than
directly generating ligand and receptor holo conformations
as a coupled conditional distribution.

A further limitation is the treatment of pocket information.
Site-specific docking methods generally require an explicit
pocket center or residue set (Plainer et al., 2023; Huang et al.,
2024), supplied by externally predicted pockets (Le Guil-
loux et al., 2009; Krivák & Hoksza, 2018), which is rea-
sonable for retrospective redocking but biases the model
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PIGEON: Pocket-Inferred Geometric Ensembles for Flexible Docking

toward a fixed region in prospective use, where the holo
pocket residues are unknown. Pocket-free methods such
as DiffDock (Corso et al., 2023) and FlowDock (More-
head & Cheng, 2025) avoid explicit pocket inputs but do
not explicitly model receptor-intrinsic pocket geometry to
guide ligand motion, leaving open the challenge of inferring
pocket-like directions while jointly predicting ligand and
receptor conformational changes.

To address these gaps, we introduce PIGEON: Pocket-
Inferred Geometric Ensemble for Flexible Docking, a man-
ifold flow-matching framework for ensemble flexible dock-
ing without ground-truth pocket residues. Given an apo-like
receptor-ligand state, PIGEON predicts residual motion to-
ward holo ensemble states across ligand translation, rotation,
torsions, receptor residue frames, and side-chain torsions.
The key idea is to replace unconstrained ligand translation
regression with a pocket-inferred geometric decision pro-
cess: receptor-intrinsic buriedness and a ligand-centered
spherical harmonic pocket field summarize local receptor
geometry, from which we derive a compact bank of pocket-
aware candidate translation directions. A learnable staged
selector then chooses among these candidates using atom-
aware probe features measuring contact quality, clash avoid-
ance, void avoidance, contact uniformity, and contact count.
The selected direction is combined with a learned positive
magnitude, while separate heads predict ligand rotation,
torsions, and receptor flexibility.

Our main contributions are:

1. We formulate ensemble flexible docking as manifold
residual prediction over multiple apo-holo state pairs,
allowing the model to learn multiple valid holo con-
formations for the same receptor-ligand system.

2. We introduce a pocket-inferred geometric translation
module that derives ligand motion cues from receptor-
intrinsic buriedness, ligand-centered spherical har-
monic fields, pocket-potential gradients, and long-
range buriedness directions without using true pocket
residue indices.

3. We design a learnable staged direction selector that
preserves the interpretability of geometric docking
rules while learning how to balance pocket-ingress
and local-fitting behavior from data.

2 Problem Formulation

2.1 Flexible Docking

We consider local flexible docking for protein-ligand com-
plexes, where both the ligand pose and the receptor confor-
mation may change upon binding. Let the receptor contain
N residues and let the ligand contain A atoms. For recep-

tor residue i, we represent its local backbone frame by a
rotation and frame origin (Rrec

i ,prec
i ) ∈ SO(3)× R3, and

its side-chain torsions by χrec
i ∈ TKi , where T denotes the

angular torus. For the ligand, we represent the rigid pose by
a centroid clig ∈ R3 and rotation Rlig ∈ SO(3), and its in-
ternal conformation by rotatable-bond torsions χlig ∈ TKL .
Since ligand local coordinates are centered at clig, this cen-
troid serves as the ligand rigid translation coordinate. The
complete flexible docking state lies on the product manifold

M =

(
N∏
i=1

(
SO(3)× R3 × TKi

))
×R3×SO(3)×TKL .

Each receptor-ligand pair may admit multiple apo and holo
states, so the model learns a distribution of flexible docking
transitions rather than a deterministic apo-to-holo mapping,
without access to ground-truth pocket residue indices.

2.2 Manifold Flow Matching

We formulate flexible docking as flow matching onM (Lip-
man et al., 2022; 2024). For each apo-holo state pair (x0, x1)
and scalar schedule α(t), the geodesic interpolant is

xt = Expx0

(
α(t) Logx0

(x1)
)
,

applied component-wise: linear interpolation in R3 for
frame origins and the ligand centroid, SO(3) geodesics
for frame and ligand rotations, and wrapped angular interpo-
lation for receptor and ligand torsions. For the ligand rigid
pose, this gives

cligt = (1− α(t))clig0 + α(t)clig1 ,

Rlig
t = Rlig

0 exp
(
α(t) log

(
(Rlig

0 )−1Rlig
1

))
.

We use the polynomial schedule α(t) = t2.

The standard flow-matching objective trains a vector field
vθ(xt, t) ∈ Txt

M to match the target velocity u∗t = d
dtxt:

LFM = Ex0,x1,t

[
∥vθ(xt, t)− u∗t ∥

2
TxtM

]
.

For the geodesic interpolant, the path velocity is propor-
tional to the endpoint residual r∗t = Logxt

(x1) along each
component, so we equivalently predict residuals from xt to
x1:

Lres = Ex0,x1,t

[∥∥r̂θ(xt, t)− Logxt
(x1)

∥∥2
TxtM

]
.

Concretely, the ligand translation residual is ∆clig,∗t→1 =

clig1 − cligt , and the ligand rotation residual is ωlig,∗
t→1 =

log
(
(Rlig

t )−1Rlig
1

)
. This residual formulation is equiva-

lent to velocity matching up to a known time-dependent
scaling factor.
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PIGEON: Pocket-Inferred Geometric Ensembles for Flexible Docking

Figure 1. Overview of PIGEON. PIGEON performs pocket-unknown ensemble flexible docking by inferring receptor pocket geometry,
constructing pocket-aware candidate translation directions, selecting a direction with a learnable staged selector, and predicting ligand and
receptor residual motions.

3 PIGEON: Pocket-Inferred Geometric
Ensemble Flexible Docking

3.1 Heterogeneous Complex Representation

We represent each interpolated state xt as a heterogeneous
graph spanning three structural resolutions: ligand atoms,
receptor atoms, and receptor residues. Ligand-atom nodes
encode atom type, chemical features, current coordinates,
and time; receptor-atom nodes encode atom type, van der
Waals radius, current coordinates, and time; receptor-residue
nodes encode residue features, current frame, side-chain tor-
sions, and time. The graph contains ligand bond edges,
receptor atom-radius edges, receptor residue-radius edges,
receptor atom-to-residue edges, and ligand-receptor cross
edges. A time-conditioned message-passing network with
FiLM-style time modulation and edge-type-specific pro-
jections produces final embeddings hlig

j , hrec-atom
a , and

hrec-res
i , used by all downstream output heads (Perez et al.,

2018). Architecture details are provided in the Appendix.

3.2 Receptor-Intrinsic Buriedness

Atoms lining a cavity are more geometrically enclosed than
solvent-exposed atoms. For receptor atom a with position
qa and van der Waals radius rreca , we cast Kprobe probe
directions {uk}

Kprobe

k=1 and mark a direction occluded if an-
other receptor atom lies within the probe radius and subtends
it. With dab = qb − qa,

oak = 1

[
∃b : 0 < ∥dab∥ < rprobe ∧

u⊤
k dab

∥dab∥
> cos

(
arcsin

rreca + rrecb

∥dab∥ + ϵ

)]
.

(1)

The buriedness of atom a is

ba =
1

Kprobe

Kprobe∑
k=1

oak.

Buriedness depends only on receptor geometry, so it requires
no pocket labels at inference.

3.3 Ligand-Centered Spherical Harmonic Pocket Field

To capture pocket geometry local to the current ligand pose,
we construct a spherical harmonic field around cligt . For
each receptor atom a,

ra,t = qa,t−cligt , ra,t = ∥ra,t∥, r̂a,t = ra,t/(ra,t+ϵ).

We use Gaussian radial shells with centers {Rs}Ms=1 and
widths {σs}Ms=1:

ϕs(ra,t) = exp

(
− (ra,t −Rs)

2

2σ2
s

)
,

with M = 6 shells:

R = (1.5, 2.5, 4.0, 8.0, 14.0, 20.0) Å,

σ = (0.75, 1.0, 2.0, 3.0, 4.0, 5.0) Å.

Per shell, we compute buriedness-weighted real spherical
harmonic coefficients up to order L = 2:

f
(s)
ℓ (cligt ) =

∑
a

baϕs(ra,t)Yℓ(r̂a,t), ℓ = 0, 1, 2,

with L = 0 summarizing buried mass at each radius, L = 1
giving a dipole direction toward asymmetric buried mass,
and L = 2 capturing anisotropic pocket shape. The full
representation is

FSH(c
lig
t ) =

M⊕
s=1

L⊕
ℓ=0

f
(s)
ℓ (cligt ).

3.4 Pocket-Aware Translation Candidate Bank

Rather than regressing a free 3D direction, we define a com-
pact bank of receptor-derived candidates. The first group
comes from the six shellwise L = 1 dipoles. Letting dSH

s

denote the 3D vector associated with the L = 1 coefficients
in shell s,

vSH
s = dSH

s /(∥dSH
s ∥+ ϵ).

3



165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

PIGEON: Pocket-Inferred Geometric Ensembles for Flexible Docking

The second group comes from multi-scale pocket-potential
gradients. For a preferred pocket distance ropt,

Uropt
(cligt ) =

∑
a

ba exp

(
− (∥qa,t − cligt ∥ − ropt)2

2σ2
pot

)
,

vpot
ropt

= ∇clig
t
Uropt

(cligt )/(∥∇clig
t
Uropt

(cligt )∥+ ϵ).

We use five potential scales, giving five gradient candidates.
We add two long-range buriedness directions: one toward
the global buriedness-weighted receptor centroid,

q̄buried =

∑
a baqa,t∑
a ba + ϵ

,

vcentroid =
q̄buried − cligt

∥q̄buried − cligt ∥+ ϵ
,

and one toward the nearest highly buried receptor atom,

a⋆ = arg min
a:ba>τb

∥qa,t − cligt ∥,

vnearest =
qa⋆,t − cligt

∥qa⋆,t − cligt ∥+ ϵ
.

The 13-direction candidate bank is

Vt = {v1, . . . ,v13}, ∥vk∥ = 1.

3.5 Learnable Direction Selector

Different docking states call for different motions: when the
ligand is outside the pocket, an ingress move toward buried
receptor regions is preferred; when the ligand is already
near a pocket, a fit move that improves local packing is pre-
ferred. We use a learnable staged selector that interpolates
between an ingress and a fit scoring rule, learning only the
coefficients controlling feature importance, probe-distance
importance, and the ingress-fit transition.

Probe geometry. For each candidate vk and probe dis-
tance ρs, the hypothetical translated centroid and ligand
atoms are

pk,s = cligt + ρsvk, x̃j,k,s = xj,t + ρsvk,

with probe schedule R = {0.5, 1.0, 1.5, 2.5, 4.0} Å. Let-
ting rlig = maxj ∥x̃j,k,s − pk,s∥, the local receptor atom
set is

Ak,s = {a : ∥qa,t − pk,s∥ < rprobe + rlig + γout + 1} .

For a ∈ Ak,s and ligand atom j, the surface gap is

g
(k,s)
aj = ∥qa,t − x̃j,k,s∥ − (rreca + rligj ),

with closest-gap reductions

g
(k,s)
a,min = min

j
g
(k,s)
aj , h

(k,s)
j,min = min

a∈Ak,s

g
(k,s)
aj .

Probe features. We define five probe features. With con-
tact width σcontact and preferred contact gap γpref ,

C(k,s)
a = exp

−
(
g
(k,s)
a,min − γpref

)2
2σ2

contact

 ,

Fcontact(k, s) = log

1 +
∑

a∈Ak,s

baC
(k,s)
a

 ,

Pclash(k, s) =
∑

a∈Ak,s

ba ReLU
(
−g(k,s)a,min

)
,

Fclash(k, s) = − log (1 + Pclash(k, s)) ,

Pvoid(k, s) =
1

A

A∑
j=1

ReLU
(
h
(k,s)
j,min − γvoid

)
,

Fvoid(k, s) = − log (1 + Pvoid(k, s)) .

With contact-shell set

Ck,s =
{
a ∈ Ak,s : γin < g

(k,s)
a,min < γout and ba > τb

}
,

the contact-count feature is Fcount(k, s) = log (1 + |Ck,s|).
For uniformity, define

ua,k,s =
qa,t − pk,s

∥qa,t − pk,s∥+ ϵ
,

and, for |Ck,s| ≥ 3,

Funiform(k, s) = 1−

∥∥∥∥∥∥ 1

|Ck,s|
∑

a∈Ck,s

ua,k,s

∥∥∥∥∥∥ ,
with Funiform = 0 when |Ck,s| < 3. Together, Fcontact re-
wards good buried contacts, Fclash penalizes overlap, Fvoid

penalizes empty space, Fcount counts plausible buried con-
tacts, and Funiform rewards balanced contact directions.

We collect features in fixed order:

F(k, s) =
[
Fcontact, Fclash, Fvoid, Funiform, Fcount

]
(k, s),

and within-sample normalize across the K = 13 candidates:

µs,f =
1

K

K∑
k=1

Ff (k, s),

σs,f =

√√√√ 1
K

K∑
k=1

(Ff (k, s)− µs,f )2 + ϵ,

Z(k, s, f) =
Ff (k, s)− µs,f

σs,f
.

4
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Stage gate. We summarize the current pose with a stage-
feature vector zstage = [zd, zq, zc, zu, zn], where zd is
a smoothed pocket-distance signal and zq, zc, zu, zn are
bounded versions of Fcontact, Pclash, Funiform, Fcount eval-
uated at the untranslated ligand position (full definitions in
the Appendix B.9). The learnable fit gate is

αfit = σ
(
sgate(w

⊤
gatezstage + bgate)

)
,

where wgate, bgate, sgate are initialized from the predefined
rule and learned.

Ingress and fit scores. Both rules use Z(k, s, f) with sep-
arate learnable feature logits ηing,ηfit and probe-distance
logits ζing, ζfit:

λing = softmax(ηing), λfit = softmax(ηfit),

ρing = softmax(ζing), ρfit = softmax(ζfit).

singk =
∑
s

ρings

∑
f

λingf Z(k, s, f),

sfitk =
∑
s

ρfits
∑
f

λfitf Z(k, s, f).

The stage-weighted selector logit and selected direction are

ℓk = (1−αfit)s
ing
k +αfits

fit
k , k⋆ = argmax

k
ℓk, û = vk⋆ .

3.6 Other Prediction Heads

A magnitude head consumes the pooled graph context, the
time embedding, and invariant pocket-field summaries, and
outputs a positive scalar through a Softplus readout; the fi-
nal translation prediction is the selected unit direction times
this magnitude. Additional heads predict the ligand SO(3)
log residual, wrapped ligand torsion residuals, per-residue
receptor-frame residuals, and per-residue side-chain torsion
residuals, all consuming the embeddings defined above. Ar-
chitectural details are in the Appendix.

3.7 Training Objective

For direction selection, the normalized ground-truth direc-
tion is

u∗ = ∆clig,∗t→1/(∥∆clig,∗t→1∥+ ϵ),

with oracle cosines q∗k = v⊤
k u

∗ and soft oracle distribution

p∗k =
exp(q∗k/Toracle)∑K
j=1 exp(q

∗
j /Toracle)

.

The selector is trained with the listwise rank loss

Lrank = −
K∑

k=1

p∗k log
exp(ℓk)∑K
j=1 exp(ℓj)

,

Table 1. Ensemble flexible docking performance. We compare
PIGEON against representative generative docking baselines us-
ing ligand RMSD, all-atom RMSD, PoseBusters validity, joint
PoseBusters-valid and ligand-RMSD success rate, and runtime.
Higher is better for percentage metrics marked with ↑, and lower
is better for median RMSD and runtime.

Method Ligand RMSD All-Atom RMSD % PB valid and Runtime (s)
% < 2 Å ↑ Median Å ↓ % < 1 Å ↑ L-RMSD < 2 Å ↑

TankBind 2.39 7.14 30.39 1.05 1.77
FABFlex 13.95 3.78 40.05 0.40 0.98
FlowDock 26.28 3.17 7.46 14.83 29.4
DiffDock (rigid) 7.01 3.76 N.A. 0.99 0.31
FlexDock 51.61 1.95 6.07 43.78 11.68

PIGEON (1-step) 33.89 2.48 49.21 12.99 1.49
PIGEON (4-step) 36.36 2.40 44.18 16.52 4.78

Table 2. Ensemble docking coverage and assignment success.
We evaluate whether each method can recover multiple holo en-
semble conformations for the same receptor-ligand pair. GT
coverage@1Å all-atom measures the fraction of ground-truth holo
states covered by at least one prediction within 1Å all-atom RMSD.
Hungarian success@1Å all-atom measures assignment-based en-
semble recovery after optimal matching between predictions and
ground-truth holo states. Higher is better for both metrics.

Method Mean GT coverage@1Å Mean Hungarian success@1Å
all-atom ↑ all-atom ↑

TankBind 32.69 30.59
FABFlex 39.08 40.09
FlowDock 17.71 16.92
DiffDock (rigid) N.A. N.A.
FlexDock 11.57 7.33

PIGEON (1-step) 36.56 49.40
PIGEON (4-step) 39.49 44.35

regularized toward the rule-based initialization θ0:

Lreg = ∥θ − θ0∥22.

Magnitude is supervised in log space:

Lmag =
(
log(m̂+ ϵ)− log(∥∆clig,∗t→1∥+ ϵ)

)2
.

Non-translation outputs use fixed-scale normalized residual
losses; for prediction ŷ, target y∗, scale s,

Lres(ŷ,y
∗; s) = SmoothL1(ŷ/s,y∗/s).

The full objective is

L = λrankLrank + λregLreg + λmagLmag + λframeLframe

+ λχLχ + λrotLrot + λtorLtor.

4 Results
We evaluate PIGEON on an ensemble flexible docking
benchmark built from apo structures from FlexDock (Corso
et al., 2025) and their corresponding holo molecular-
dynamics ensembles from MISATO (Siebenmorgen et al.,
2024). The apo structures define the local docking inputs,

5
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Figure 2. Visualized ensemble flexible docking predictions. We
show representative ensemble predictions for four receptor-ligand
complexes from the test set: (A) 3rkz, (B) 5muc, (C) 3rxg, and (D)
4w9w. For each complex, three holo ensemble targets are shown
to illustrate that PIGEON can generate multiple flexible docking
conformations for the same receptor-ligand pair. L-RMSD and
AA-RMSD denote ligand RMSD and all-atom complex RMSD,
respectively, after aligning the predicted and ground-truth com-
plexes. APO-HOLO-RMSD denotes the ligand RMSD between
the ligand pose in the ground-truth apo structure and the ligand
pose in the corresponding ground-truth holo structure. Color code:
holo protein in lime, predicted protein in magenta, true ligand in
cyan, and predicted ligand in orange.

with frame-specific ligand augmentations around the bind-
ing region, while representative MISATO frames provide
multiple holo targets for each receptor-ligand pair. This
benchmark therefore tests whether a model can recover both
ligand poses and the corresponding receptor conformations
across holo ensemble states. Dataset construction details
are provided in Appendix A.

4.1 Docking Accuracy, Ensemble Recovery, and
Efficiency

PIGEON achieves strong performance under the pocket-
unknown ensemble flexible docking setting (Table 1).
Among methods that do not require explicit pocket input,
PIGEON performs favorably on both ligand-level and full-
complex metrics. Compared with TankBind (Lu et al.,

2022), FABFlex (Zhang et al., 2025), and FlowDock (More-
head & Cheng, 2025), PIGEON improves ligand placement
while also achieving substantially better all-atom complex
recovery. This is important because ligand RMSD measures
only pose accuracy, whereas all-atom RMSD also reflects
whether the predicted receptor conformation is consistent
with the holo complex. The improvement on both metrics
suggests that PIGEON’s pocket-inferred geometric repre-
sentation and coupled residual prediction heads help recover
coordinated ligand-receptor holo geometry, rather than only
placing the ligand near a plausible local region.

FlexDock remains the strongest baseline for ligand RMSD
success, which is expected because it receives explicit
pocket information. In contrast, PIGEON must infer pocket-
like directions from receptor geometry and the current lig-
and state. The remaining ligand-RMSD gap to FlexDock
should therefore be interpreted in light of this harder input
setting. However, ligand RMSD alone does not measure
whether the model recovers the holo receptor conformation
associated with each ensemble state. In our benchmark,
all-atom RMSD is evaluated against frame-specific MIS-
ATO holo complexes, so a method can place the ligand
accurately while still failing to reproduce the corresponding
receptor geometry. Under this stricter full-complex criterion,
PIGEON outperforms FlexDock, showing that it is better
suited to recovering frame-specific coupled ligand-receptor
holo conformations rather than only producing accurate
pocket-localized ligand poses.

This distinction becomes clearer in the ensemble recovery
metrics (Table 2). FlexDock performs well as a pocket-
conditioned single-pose docking model, but its coverage re-
mains limited because accurate docking to a supplied pocket
does not necessarily produce diverse predictions matching
different holo receptor-ligand conformations. Some pocket-
free baselines obtain higher coverage than FlexDock, likely
because their predictions vary more across runs or inputs;
however, this variability is not always accompanied by ac-
curate ligand placement or full-complex recovery. PIGEON
achieves the strongest ensemble recovery because it com-
bines pocket-inferred geometric conditioning with supervi-
sion over multiple apo-holo transitions per receptor-ligand
pair, allowing it to cover distinct holo ensemble members
while maintaining accurate coupled ligand-receptor geome-
try.

The Hungarian assignment metric provides a stricter test of
ensemble generation than coverage alone (Kuhn, 1955). A
model can obtain reasonable coverage by producing many
predictions near a subset of easy holo states, but high Hun-
garian success requires one-to-one matching between pre-
dicted and ground-truth ensemble conformations. PIGEON
performs strongly on this metric, showing that it does not
merely generate repeated variants of a single bound state.
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Table 3. Input-to-holo structural gap on the test set. Q1 and Q3
denote the 25th and 75th percentiles, respectively, and P90 denotes
the 90th percentile. All values are in Å.

Metric Mean Median Q1 Q3 P90

Ligand apo–holo gap
Ligand RMSD, x0→ x1 3.318 2.813 1.937 3.992 5.139
Ligand centroid displacement 2.673 2.230 1.539 3.328 3.980

Whole-receptor apo–holo gap
Receptor CA RMSD 0.720 0.633 0.502 0.810 1.079
Receptor mapped-atom RMSD 0.890 0.803 0.651 1.002 1.283

Local pocket and active-site flexibility
Pocket CA RMSD 1.112 0.974 0.763 1.280 1.713
Pocket mapped-atom RMSD 1.366 1.226 1.010 1.533 1.982
Active-site CA RMSD 1.098 0.962 0.771 1.245 1.643
Active-site mapped-atom RMSD 1.363 1.226 1.030 1.510 1.920

Aggregate complex gap
Complex all-atom RMSD, x0→ x1 1.013 0.893 0.727 1.125 1.503

Instead, its predictions are distributed across multiple holo
endpoints, consistent with the goal of modeling ensemble
flexible docking as a conditional distribution over coupled
ligand-receptor conformations.

PIGEON also maintains competitive physical validity. Its
PoseBusters-valid rate is comparable to other methods that
do not use explicit pocket input, indicating that the struc-
tured translation and flexible receptor prediction do not
come at the cost of severe geometric invalidity (Butten-
schoen et al., 2024). The joint PoseBusters-valid and ligand-
RMSD success metric remains more challenging, because
it requires both chemically valid ligand geometry and accu-
rate ligand placement. FlexDock performs strongly on this
metric, likely benefiting from explicit pocket conditioning
and stronger pose-level refinement. This suggests a clear
direction for improving PIGEON: adding a lightweight local
relaxation module, stronger stereochemical regularization,
or validity-aware losses could improve chemically strict lig-
and success while preserving the model’s ensemble recovery
advantages.

Finally, PIGEON is efficient at inference time. Even one-
step generation already gives strong docking and ensemble
recovery performance, while four-step generation improves
ligand placement and coverage-related metrics with only a
modest runtime increase (Table 1). This efficiency comes
from the factorized translation design: PIGEON selects
from a compact bank of pocket-aware directions and pre-
dicts a scalar magnitude, rather than relying on expensive
unconstrained pose sampling. Thus, PIGEON provides
a practical tradeoff between speed, ligand accuracy, full-
complex recovery, and ensemble diversity under the realistic
setting where the true pocket is not provided.

Table 4. Effect of frame-specific ligand augmentation. Statistics
are computed over 7,300 frame pairs after receptor alignment.
x0 denotes the unaugmented apo ligand pose, xaug

0 denotes the
augmented ligand pose used as model input, and ∆ denotes the
per-frame change in each metric induced by augmentation. Q1 and
Q3 are the 25th and 75th percentiles, and P90 is the 90th percentile.
All values are in Å.

Metric Input Mean Median Q1 Q3 P90

Ligand RMSD
x0 → x1 2.524 1.727 1.065 2.994 5.012
xaug0 → x1 3.318 2.813 1.937 3.992 5.139
∆ 0.794 0.511 0.000 1.304 2.294

Ligand centroid
x0 → x1 1.804 1.107 0.640 2.044 3.642
xaug0 → x1 2.673 2.230 1.539 3.328 3.980
∆ 0.869 0.631 0.000 1.430 2.486

Complex all-atom RMSD
x0 → x1 0.972 0.851 0.691 1.081 1.437
xaug0 → x1 1.013 0.893 0.727 1.125 1.503
∆ 0.041 0.011 0.000 0.037 0.119

4.2 Qualitative Analysis

The qualitative examples further illustrate PIGEON’s ability
to recover multiple holo-like conformations for the same
receptor-ligand pair (Figure 2). Across 3rkz, 5muc, 3rxg,
and 4w9w, the three predicted ensemble members are not
identical copies of a single docked pose; instead, they fol-
low different holo targets with distinct ligand placements
and receptor conformations, which is consistent with the
ensemble recovery metrics. The visualized examples also
show that the task is not a trivial reconstruction of the in-
put structure. The apo-holo ligand displacements are often
substantial, and the test-set statistics confirm that the initial
ligand and receptor states have a non-negligible gap to the
corresponding holo targets (Table 3). Moreover, Table 4
shows that the frame-specific ligand augmentation in the
dataset construction increases the ligand input-to-holo dis-
placement while keeping the overall complex perturbation
controlled. Thus, successful predictions require PIGEON to
move the ligand away from its augmented apo-like initializa-
tion, adjust its orientation and internal torsions, and predict
receptor conformational changes that remain consistent with
the corresponding MISATO holo frame. In the examples,
PIGEON frequently reduces the apo-holo ligand gap while
maintaining low all-atom complex error, indicating that the
model learns meaningful residual motions for both ligand
and receptor components rather than merely preserving the
starting pose.

5 Discussion
Here, we have presented PIGEON, a pocket-inferred mani-
fold flow-matching framework for ensemble flexible dock-
ing under the realistic setting where the true binding pocket
is not provided. By integrating receptor-intrinsic buriedness
fields, ligand-centered spherical harmonic pocket represen-
tations, pocket-aware translation candidates, and coupled
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residual prediction heads for ligand and receptor degrees
of freedom, PIGEON generates holo-like receptor-ligand
ensembles without relying on ground-truth pocket residues.
Across our ensemble docking benchmark, PIGEON demon-
strates strong full-complex recovery, competitive ligand
placement among pocket-free methods, efficient few-step
generation, and improved recovery of multiple holo con-
formations for the same receptor-ligand pair. These results
highlight the value of treating flexible docking as coupled
ensemble generation rather than as single-pose ligand place-
ment, providing a practical route toward modeling receptor
adaptation and conformational heterogeneity in structure-
based drug discovery.

Looking forward, several directions could further strengthen
pocket-unknown ensemble flexible docking. While PI-
GEON already recovers diverse and physically plausible
holo complexes, incorporating lightweight local relaxation,
stronger stereochemical or torsional regularization, and
validity-aware training objectives may further improve
chemically strict ligand recovery. In addition, uncertainty-
aware sampling and learned ranking could help prioritize
the most relevant generated ensemble states for downstream
virtual screening and prospective design. Extending the
framework to broader blind-docking settings, larger receptor
ensembles, and experimental validation would further test its
generality. Nevertheless, PIGEON lays a solid foundation
for pocket-unknown ensemble flexible docking, showing
that receptor-inferred geometric cues can support efficient
generation of diverse coupled ligand-receptor holo confor-
mations without requiring explicit pocket inputs.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning, specifically generative modeling for
structure-based drug discovery. PIGEON predicts protein-
ligand binding geometries and does not generate novel chem-
ical entities, synthesis routes, or activity predictions. The
societal consequences of advancing flexible docking meth-
ods are largely those associated with computational drug
discovery as a whole, none of which we feel must be specif-
ically highlighted here.
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Appendix

A Dataset Preparation
We construct an ensemble flexible docking dataset by combining apo receptor-ligand complexes from FlexDock (Corso
et al., 2025) with holo molecular-dynamics ensemble structures from MISATO (Siebenmorgen et al., 2024). The FlexDock
data provide apo-like receptor structures and initial ligand information, while MISATO provides trajectory coordinates for
the corresponding holo complexes. For each receptor-ligand pair, we treat the 100 MISATO trajectory frames as a set of
possible holo ensemble states. Since training on all 100 frames for every complex is computationally expensive and contains
redundant conformations, we select 5 representative holo frames for each PDB entry and use these frames as the ensemble
targets during training.

Representative holo-frame selection. For each PDB entry, we first load the 100 MISATO trajectory frames and use the
receptor and ligand atom mappings to extract the matched receptor and ligand atoms. To select representative ensemble
states, we compute pairwise distances between trajectory frames using both receptor-pocket motion and ligand-pose variation.
Specifically, for two frames, we align the receptor using a stable receptor subset and compute a weighted distance that
combines receptor RMSD in the local pocket region and ligand RMSD after receptor alignment. The combined distance is
defined as

D(i, j) = wrec RMSDrec(i, j) + wlig RMSDlig(i, j),

where wrec = 0.4 and wlig = 0.6 in our preprocessing. We then run k-medoids clustering with k = 5 on this distance
matrix and select the five medoid frames as representative holo ensemble states. This procedure preserves diverse ligand
placements and receptor conformational changes while avoiding the redundancy of using all trajectory frames.

Apo-gauge alignment of holo frames. For each selected holo frame, we align the MISATO holo coordinates into the apo
coordinate system. This step is necessary because the model should learn the conformational transition from an apo-like
input state to a holo target state in a consistent global frame. We identify a stable receptor core using mapped receptor atoms,
excluding chain termini and optionally refining the core by receptor RMSF across sampled trajectory frames. A Kabsch
alignment is then computed between the selected holo frame and the apo receptor using this stable core (Kabsch, 1976).
The same rigid transformation is applied to both receptor and ligand holo coordinates, producing apo-gauge holo receptor
coordinates P1 and ligand coordinates L1. We also save the corresponding apo receptor and ligand coordinates P0 and L0,
together with alignment metrics and the selected core-anchor metadata.

Active-region and pocket labels for supervision and analysis. Although PIGEON does not receive true pocket residue
indices as model input, we still compute pocket and active-region labels during preprocessing for supervision, filtering, and
analysis. For each selected holo frame, we define pocket residues based on the minimum heavy-atom distance between
receptor residues and the holo ligand. A residue is labeled as pocket if any of its heavy atoms lies within a fixed cutoff
of the ligand heavy atoms. We then define an active region by expanding the pocket through local residue-neighborhood
rules, including one-hop sequence or structural shells and distance-based residue-center expansion. The resulting masks
identify residues that directly contact the ligand and residues in the nearby flexible binding region. These labels are saved as
per-frame masks and are used only as training targets or diagnostics, not as inference-time pocket inputs.

Receptor flexible-state construction. For every selected holo frame, we convert receptor coordinates into residue-level
flexible degrees of freedom. Each residue is represented by a local backbone frame computed from its N , Cα, and C atoms,
together with side-chain torsions computed from standard amino-acid chi definitions. We first construct target receptor
latents from the aligned holo frame. We then perform frame-based receptor alignment and side-chain conformational
matching to obtain receptor coordinates that preserve the target holo conformation while maintaining chemically valid local
geometry. In particular, side-chain torsions are matched by rotating downstream atoms around chi axes, with clash-aware
acceptance criteria. A subsequent backbone cleanup stage repairs local peptide-continuity issues and reduces artifacts
introduced by frame-wise reconstruction. The final receptor target state contains post-cleanup receptor atom coordinates,
residue-frame rotations and translations, frame-valid masks, receptor chi values, and receptor chi masks.

10



550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

PIGEON: Pocket-Inferred Geometric Ensembles for Flexible Docking

Ligand topology, pose, and torsion matching. We also construct a consistent ligand representation for each receptor-
ligand pair. From the mapped ligand structure, we identify heavy atoms, atomic numbers, rotatable bonds, torsion-defining
atom quadruplets, anchor atoms, and downstream masks for torsion rotations. The apo ligand coordinates are stored as
the reference ligand state, while each selected holo frame provides a frame-specific target ligand conformation. For each
target frame, we fit a rigid ligand pose and torsion vector so that the reconstructed ligand coordinates match the aligned holo
ligand coordinates. The saved ligand state therefore contains the target ligand atom coordinates, ligand pose rotation and
translation, ligand torsion values, torsion masks, and reconstruction diagnostics. This representation is consistent with the
decoupled ligand-pose parameterization used by the model.

Frame-specific ligand augmentation. To better represent the ensemble local docking setting, we augment the initial
ligand state separately for each selected holo frame. Rather than using only one fixed ligand initialization for all holo states
of a receptor-ligand pair, we generate frame-specific apo-like ligand starts by applying controlled rigid perturbations and
selecting poses that remain near the binding region while avoiding severe receptor-ligand clashes. Candidate augmented
poses are evaluated using center-distance criteria, ligand RMSD improvement criteria, and clash constraints against the local
receptor environment. The selected augmented pose is saved as the frame-specific ligand initial state, including augmented
atom coordinates, pose rotation and translation, and torsion values. Thus, each receptor-ligand pair can contribute multiple
apo-like initial states and multiple holo target states, matching our ensemble flexible docking formulation.

Final dataset package. After preprocessing, each training item corresponds to a PDB entry and one selected holo
ensemble frame. The per-frame directory contains the aligned apo and holo coordinates, receptor active-region masks,
receptor target latents, cleaned receptor target coordinates, ligand target pose and torsions, and optional frame-specific ligand
augmentation. Static per-complex files contain ligand topology, receptor topology, receptor local templates, receptor chi
topology, atomic numbers, and apo receptor latents. During training, the dataloader samples these processed apo-holo state
pairs and constructs online interpolated states xt between the frame-specific initial state and the selected holo target. This
dataset construction enables PIGEON to learn ensemble flexible docking transitions while preserving the realistic constraint
that the true pocket residue indices are not provided as model input.

B Model Implementation
This section provides implementation details for PIGEON that are omitted from the main Method section for clarity. We
describe the heterogeneous graph encoder, time conditioning, pocket-field construction, learnable selector implementation,
output heads, online interpolation, and training protocol.

B.1 Heterogeneous Graph Construction

For every interpolated state xt, we reconstruct the current receptor atom coordinates and ligand atom coordinates before
graph construction. The graph contains three node types: ligand atoms, receptor atoms, and receptor residues. Ligand
atoms represent the chemically detailed ligand geometry. Receptor atoms provide atom-level steric and contact information.
Receptor residues provide coarse flexible receptor state information, including residue identity, local frame, and side-chain
torsions.

The graph uses five edge types. Ligand bond edges connect covalently bonded ligand atoms and carry ligand bond features.
Receptor atom-radius edges connect receptor atoms within a fixed spatial cutoff and encode local atom-level receptor
geometry. Receptor residue-radius edges connect nearby residues and encode residue-level geometry. Receptor atom-to-
residue edges connect receptor atoms to their parent residues. Ligand-receptor cross edges connect ligand atoms to nearby
receptor atoms and provide the main local interaction channel between ligand and receptor.

For a generic spatial edge from node u to node v, with positions pu and pv , we compute the relative displacement, distance,
and normalized direction as duv = pv − pu, ruv = ∥duv∥, and d̂uv = duv/(ruv + ϵ). Distances are further encoded with
radial basis functions ϕℓ(ruv) = exp(−(ruv − µℓ)

2/(2σ2
rbf)). The final edge feature concatenates the scalar distance, unit

direction, radial basis encoding, and any edge-type-specific attributes.

11



605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659

PIGEON: Pocket-Inferred Geometric Ensembles for Flexible Docking

B.2 Node and Edge Feature Projections

Each node type has its own input projection into the shared hidden dimension. Ligand atom features include atom identity,
ligand atom descriptors, atomic number, van der Waals radius, current atom coordinate information, and time features.
Receptor atom features include atom identity, atomic number, van der Waals radius, current atom coordinates, and time
features. Receptor residue features include residue identity features, residue-level embeddings, current receptor frame origin,
current receptor frame rotation, encoded side-chain torsion values, and time features.

For torsion features, angular values are encoded with sine and cosine channels rather than raw angles. This avoids
discontinuities at the −π and π boundary. For receptor frames, rotations are represented in flattened matrix form in the input
feature vector, while output frame residuals are predicted as 6D local rigid-frame residuals.

Each edge type also has a separate projection into the shared edge hidden dimension. This allows ligand bonds, receptor
atom contacts, receptor residue contacts, atom-residue edges, and ligand-receptor cross edges to retain distinct geometric
and chemical meanings while being processed by the same heterogeneous interaction backbone.

B.3 Time Conditioning with FiLM Modulation

PIGEON uses explicit time conditioning throughout the encoder. The scalar interpolation time t is first embedded with a
sinusoidal embedding and projected to the model hidden dimension. Let et denote the resulting time embedding. For each
node type, the initial projected node state is modulated by a FiLM transformation:

FiLM(h, et) = LN(h)⊙ (1 + γ(et)) + β(et).

Here γ(·) and β(·) are learned linear maps specific to the node type. We also apply analogous FiLM-style time modulation
after each heterogeneous interaction block. This ensures that the same molecular geometry can be interpreted differently
depending on whether the state is close to the apo start, close to the holo target, or in the middle of the interpolation path.

B.4 Heterogeneous Interaction Blocks

The encoder consists of multiple heterogeneous interaction blocks. Each block updates ligand atom states, receptor atom
states, and receptor residue states using the corresponding projected edge features and edge indices. Within each block,
messages are computed separately for different edge types and aggregated into the appropriate target node type. Residual
connections and layer normalization are applied to stabilize training.

After the final interaction block, we denote the output embeddings by hlig
j for ligand atom j, hrec-atom

a for receptor atom a,
and hrec-res

i for receptor residue i. These embeddings are used by all prediction heads. We also compute pooled graph-level
summaries by mean pooling ligand atom embeddings, receptor atom embeddings, and receptor residue embeddings over
each complex in the batch. These pooled summaries are normalized and concatenated with the time embedding to form the
global complex context.

B.5 Local Ligand-Receptor Context

In addition to global pooling, PIGEON builds a local ligand-receptor context from ligand-receptor cross edges. This context
is designed to summarize receptor atoms near the current ligand placement. A ligand-derived query attends over nearby
receptor atom embeddings, producing a local pocket-context vector. This vector is combined with pooled ligand and receptor
summaries and the explicit time embedding to form the sample-level feature used by several output heads. This local
context is important because translation, rotation, and receptor flexibility are primarily determined by the ligand’s immediate
receptor environment rather than by the entire protein equally.

B.6 Pocket Field Tensor and Invariant Summaries

The graph builder computes a ligand-centered pocket field from receptor geometry before running the translation module.
For receptor atom i with current position qi,t, let blocali denote the local receptor-intrinsic buriedness score computed by
probe occlusion. We use the normalized pocket score

spocketi = clip

(
blocali

bref
, 0, 1

)
, (2)
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where bref is a fixed reference buriedness value.

At the current ligand centroid cligt , define

di,t = qi,t − cligt , ri,t = ∥di,t∥, d̂i,t =
di,t

ri,t + ϵ
. (3)

We use six radial shells with centers
R = (1.5, 2.5, 4.0, 8.0, 14.0, 20.0) (4)

and widths
σ = (0.75, 1.0, 2.0, 3.0, 4.0, 5.0) . (5)

The soft shell membership is

ϕs(ri,t) = exp

(
− (ri,t −Rs)

2

2σ2
s

)
. (6)

For outer shells, the atom weight is
wstd

is = spocketi ϕs(ri,t), (7)

while for the two inner shells we use a gradient-like radial upweighting

wgrad
is =

spocketi ϕs(ri,t)

ri,t + ϵr
. (8)

The implementation uses ϵr = 0.5 Å. The effective shell weight is

wis = wgrad
is 1[s ∈ {1, 2}] + wstd

is 1[s ∈ {3, 4, 5, 6}]. (9)

For inner shells, weights are normalized by the total shell mass, while outer shells use raw weights:

w̃is =
wis∑

i wis + ϵ
1[s ∈ {1, 2}] + wis1[s ∈ {3, 4, 5, 6}]. (10)

For the real l = 2 components, we use

Y2(d̂) = [xy, yz, 3z2 − 1, xz, x2 − y2], (11)

where d̂ = (x, y, z). The shellwise spherical harmonic coefficients are

f
(s)
0 =

∑
i

w̃is, (12)

f
(s)
1 =

∑
i

w̃isd̂i,t, (13)

f
(s)
2 =

∑
i

w̃isY2(d̂i,t). (14)

The shellwise dipole norm, dipole direction, and quadrupole power are

n
(s)
1 = ∥f (s)1 ∥, f̂

(s)
1 =

f
(s)
1

n
(s)
1 + ϵ

, P
(s)
2 = ∥f (s)2 ∥22. (15)

The full shellwise spherical harmonic tensor is

FSH(c
lig
t ) =

6⊕
s=1

[
f
(s)
0 , f

(s)
1 , f

(s)
2

]
∈ R54. (16)

The six shellwise dipole directions {f̂ (s)1 }6s=1 form the first six translation candidates.
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For the multi-scale pocket-potential branch, we use five preferred distances

ropt = (2.0, 3.5, 5.0, 8.0, 12.0) (17)

with widths
σpot = (1.0, 1.5, 2.0, 3.0, 5.0) . (18)

For potential scale a, define

ψa(ri,t) = exp

(
− (ri,t − ropt,a)2

2σ2
pot,a

)
. (19)

The raw pocket-potential gradient is

ga =
∑
i

spocketi ψa(ri,t)
ri,t − ropt,a
σ2
pot,a

d̂i,t. (20)

We store its norm, unit direction, and log-norm feature:

npota = ∥ga∥, ĝa =
ga

npota + ϵ
, ηa = log(1 + npot

a ). (21)

The five normalized vectors {ĝa}5a=1 form the next five translation candidates.

The pocket field also includes four distance-to-surface features. Let τb be a buriedness threshold. The nearest-buried distance
is

dburied = min
i:spocket

i >τb

ri,t. (22)

If no receptor atom passes the threshold, we use the centroid-distance fallback. For a finite radius Rc, define the local
pocket-score-weighted centroid

q̄Rc
=

∑
i:ri,t<Rc

spocketi qi,t∑
i:ri,t<Rc

spocketi + ϵ
, dcentroid = ∥cligt − q̄Rc

∥. (23)

For a near radius Rn and Gaussian weight

φi = exp

(
−1

2

(
ri,t
σn

)2
)
, (24)

the local buriedness mean and variance are

µb =

∑
i:ri,t<Rn

φis
pocket
i∑

i:ri,t<Rn
φi + ϵ

, (25)

Varlocal =

∑
i:ri,t<Rn

φi(s
pocket
i − µb)

2∑
i:ri,t<Rn

φi + ϵ
. (26)

For local anisotropy, within radius Ra we compute

µa =

∑
i:ri,t<Ra

spocketi qi,t∑
i:ri,t<Ra

spocketi + ϵ
, (27)

Ca =

∑
i:ri,t<Ra

spocketi (qi,t − µa)(qi,t − µa)
⊤∑

i:ri,t<Ra
spocketi + ϵ

. (28)

If λmin and λmax are the smallest and largest eigenvalues of Ca, then

Alocal = 1− λmin

λmax + ϵ
. (29)
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The distance-to-surface feature vector is

dsurf = [dburied, dcentroid,Varlocal, Alocal]. (30)

The invariant pocket summary used by the magnitude head is

zpocket inv = [f
(1)
0 , . . . , f

(6)
0 , P

(1)
2 , . . . , P

(6)
2 , η1, . . . , η5,dsurf ]. (31)

Thus, the translation module uses both directional pocket cues, through f̂
(s)
1 and ĝa, and invariant pocket summaries, through

zpocket inv.

B.7 Candidate Direction Bank Implementation

The candidate direction bank is constructed deterministically from the pocket geometry at the current ligand centroid. Six
directions are obtained from the L = 1 spherical harmonic dipoles, one per radial shell. Five directions are obtained from
the multi-scale pocket-potential gradients. Two directions are obtained from long-range buriedness cues: the direction to the
buriedness-weighted receptor centroid and the direction to the nearest highly buried receptor atom. All candidate directions
are normalized to unit length with an ϵ stabilizer. If a direction has near-zero norm, the implementation uses numerical
stabilization to avoid invalid values.

The final candidate bank has 13 directions. This bank is recomputed for every interpolated state xt, so the candidate
directions are ligand-position dependent. As the ligand moves along the interpolation path, the spherical harmonic field and
pocket-potential gradients change accordingly, allowing the candidate bank to adapt to the current local docking geometry.

B.8 Learnable Staged Selector Implementation

The staged direction selector is implemented as a small set of learnable coefficients rather than a free neural network over
candidate directions. For each candidate and probe radius, the graph builder computes five atom-aware features: contact
quality, clash score, void quality, uniformity, and contact count. These features are z-scored across the 13 candidates at each
probe radius. The selector then learns feature weights and probe-radius weights separately for the ingress and fit regimes.

The selector contains four softmax-normalized coefficient vectors: ingress feature weights, fit feature weights, ingress probe-
radius weights, and fit probe-radius weights. The selector also contains a learnable stage gate that maps the current-state
stage-feature vector to a scalar αfit ∈ [0, 1]. The final candidate logit is the convex interpolation between ingress and fit
scores. All selector coefficients are initialized from the hand-designed geometric rule, and the training objective includes
a regularization term that penalizes drift away from the initialization. This design lets the model learn from data while
preserving the interpretability of the original rule.

B.9 Stage-Feature Definitions

The learnable staged selector uses a five-dimensional current-state feature vector

zstage = [zd, zq, zc, zu, zn]. (32)

These features indicate whether the current ligand state is in an ingress-like regime, where the ligand should move toward a
pocket, or a local-fit regime, where the ligand should refine contacts near the current pose.

We first compute a local pocket centroid around the current ligand centroid. For receptor atom i, define

ωstage
i = spocketi exp

−1

2

(
∥qi,t − cligt ∥

σstage

)2
1[∥qi,t − cligt ∥ < Rstage]. (33)

The stage pocket centroid is

q̄stage =

∑
i ω

stage
i qi,t∑

i ω
stage
i + ϵ

. (34)

If the total weight is numerically zero, we set q̄stage = cligt . Let the current ligand radius be

rlig = max
j
∥xj,t − cligt ∥. (35)
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The normalized pocket-distance feature is

zd = clip

(
∥cligt − q̄stage∥

rlig + 1
, 0, 2

)
. (36)

The remaining four stage features are computed by evaluating the same atom-aware probe feature function at the current
untranslated ligand pose, i.e., at destination centroid p = cligt . Let

[Q@ct
, C@ct

, V@ct
, U@ct

, N@ct
] (37)

denote contact quality, clash score, void quality, uniformity, and contact count at the current pose. We also retain the raw
clash penalty Pclash,@ct before the negative log transformation. The bounded stage signals are

zq = clip

(
Q@ct

− 2.5

1.5
, 0, 1

)
, (38)

zc = clip

(
Pclash,@ct

1.5
, 0, 1

)
, (39)

zu = clip(U@ct
, 0, 1) , (40)

zn = clip

(
N@ct − 2.5

2.0
, 0, 1

)
. (41)

Thus, zq measures current contact quality, zc measures current clash, zu measures current contact uniformity, and zn
measures current contact count.

B.10 Translation Magnitude Head

After the selector chooses a unit direction û = vk⋆ , PIGEON predicts a nonnegative translation magnitude from graph-level
and pocket-invariant features. Let hgraph denote the pooled graph context and let htime denote the time embedding. We first
project the invariant pocket summary from Eq. 31:

hpocket inv = ϕinv(zpocket inv). (42)

The magnitude head input is
hmag = [hgraph,htime,hpocket inv]. (43)

The predicted magnitude is
m̂ = softplus(fmag(h

mag)). (44)

The final ligand translation residual is

∆̂c
lig

t→1 = m̂vk⋆ . (45)

This factorization separates the direction decision from the distance prediction: the selected direction comes from receptor-
derived geometric candidates, while the scalar magnitude is learned from pooled complex context and invariant pocket-field
summaries.

B.11 Ligand Rotation and Torsion Heads

The ligand rotation head predicts a 3D SO(3) log residual. It uses pooled ligand atom embeddings, the sample-level
complex context, and explicit time features. The output is interpreted as the remaining rotation vector from Rlig

t to Rlig
1 .

The ligand torsion head predicts wrapped residuals for ligand rotatable bonds. For each rotatable bond, the model builds
a torsion feature from the embeddings of the atoms defining the torsion and from torsion-local geometric information. A
shared torsion MLP predicts one residual per valid torsion. The output is bounded with a smooth angular nonlinearity so
that the predicted torsion residual remains in a physically meaningful angular range. Invalid or padded torsions are masked
out of the loss.
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B.12 Receptor Frame and Side-Chain Heads

The receptor frame head predicts one 6D residual for each receptor residue. The output represents the remaining local
rigid-frame motion from the current receptor frame to the target holo receptor frame. The receptor chi head predicts
side-chain torsion residuals for each residue. The number of chi angles varies by residue type, so the receptor chi loss uses a
residue-specific chi mask. Both receptor heads condition on receptor residue embeddings and sample-level context, allowing
receptor flexibility to be predicted in a ligand-aware and time-aware manner.

B.13 Output Dictionary and Ligand Pose Assembly

For compatibility with the loss and evaluation code, the predicted ligand pose is assembled as a 6D vector by concatenating
the translation and rotation predictions:

ŷlig
pose = [∆̂c

lig

t→1; ω̂
lig
t→1].

The translation portion is produced by the direction selector and magnitude head, while the rotation portion is produced by
the ligand rotation head. The model output dictionary also stores diagnostic quantities such as candidate logits, selector
probabilities, selected candidate index, oracle candidate cosine values, predicted translation magnitude, and selector-stage
gate value. These diagnostics are used to monitor whether the model is learning the intended geometric behavior.

B.14 Loss Implementation Details

The selector is trained with a soft listwise ranking objective. For each sample, the oracle score for candidate k is the cosine
similarity between candidate direction vk and the normalized ground-truth translation direction. A low-temperature softmax
over oracle cosines produces the target distribution. The selector logits are trained with cross entropy against this soft oracle
distribution. This supervision gives high probability to all candidates close to the true direction, rather than treating direction
selection as a brittle one-hot classification problem.

The magnitude head is trained in log space against the ground-truth residual translation norm. This reduces sensitivity to
the absolute scale of the translation and encourages relative magnitude accuracy. Receptor frame residuals, receptor chi
residuals, ligand rotation residuals, and ligand torsion residuals are trained with fixed-scale normalized Smooth L1 losses.
Fixed scales are used instead of target-dependent normalization so that the loss remains stable when the target residual norm
is small.

The complete loss is a weighted sum of selector ranking loss, selector regularization, translation log-magnitude loss, receptor
frame loss, receptor chi loss, ligand rotation loss, and ligand torsion loss. The final weights are selected based on validation
performance and diagnostic stability.

Selector regularization. To keep the selector close to the intended geometric rule family, we regularize the learnable
feature logits, radius logits, and stage-gate parameters toward their initialized values. Let θfit

feat and θing
feat denote the fit and

ingress feature logits, and let θfit
rad and θing

rad denote the fit and ingress probe-radius logits. The selector regularization is

Lselector reg =∥θfit
feat − θfit

feat,0∥22 + ∥θ
ing
feat − θing

feat,0∥
2
2

+ ∥θfit
rad − θfit

rad,0∥22 + ∥θ
ing
rad − θing

rad,0∥
2
2 + Lgate reg, (46)

where
Lgate reg = ∥wgate −wgate,0∥22 + (bgate − bgate,0)2 + (log sgate − log sgate,0)

2. (47)

This regularizer allows the selector to adapt to data while preserving the inductive bias of the hand-designed ingress and fit
rules.

B.15 Training and Inference Details

We train PIGEON using the selector configuration described in the main text. All experiments use random seed 42 and are
trained on four NVIDIA RTX A6000 GPUs with 48GB memory each. Training uses PyTorch Lightning distributed data
parallelism with ddp_find_unused_parameters_true, bf16 mixed precision, batch size 1, gradient accumulation
over 8 steps, and gradient clipping with global norm threshold 1.0. The model is trained for 20 epochs, with validation
performed once per epoch. We use AdamW with learning rate 1.0× 10−4, weight decay 0.01, β1 = 0.9, β2 = 0.999, and
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ϵ = 1.0 × 10−8. The dataset is split by PDB ID into train, validation, and test partitions with fractions 0.70/0.15/0.15
using split seed 42.

The model uses hidden dimension 256, edge hidden dimension 256, time embedding dimension 128, and 6 heterogeneous
interaction blocks with dropout 0.0. The receptor-residue, receptor-atom, and ligand-atom input feature dimensions are
1307, 6, and 523, respectively. The edge feature dimensions are 20 for receptor atom-radius edges, receptor residue-radius
edges, receptor atom-to-residue edges, and ligand-receptor cross edges, and 23 for ligand bond edges. The graph builder
uses a receptor atom-radius cutoff of 6.0 Å, receptor residue-radius cutoff of 12.0 Å, and ligand-receptor cross cutoff of
15.0 Å. The maximum numbers of receptor atom neighbors, receptor residue neighbors, and cross-edge neighbors are 64,
32, and 128, respectively. Distances are encoded with 16 radial basis functions, and dense attention masks and dense node
features are included.

For the pocket geometry module, the spherical harmonic field uses 6 radial shells with radii (1.5, 2.5, 4.0, 8.0, 14.0, 20.0) Å
and widths (0.75, 1.0, 2.0, 3.0, 4.0, 5.0) Å. We use real spherical harmonics up to L = 2, giving a 54-dimensional shell field.
Buriedness is computed with 48 probe directions, a buriedness probe radius of 6.0 Å, local and global probe radii of 5.0 Å
and 10.0 Å, an occlusion radius scale of 0.8, neighbor exclusion margin 0.5 Å, and buriedness reference value 0.3. The
inner two shells are used for gradient-like SH weighting with ϵ = 0.5. The pocket-potential branch uses five preferred radii
(2.0, 3.5, 5.0, 8.0, 12.0) Å with Gaussian widths (1.0, 1.5, 2.0, 3.0, 5.0) Å. The distance-to-surface branch uses buriedness
threshold 0.25, centroid radius 20.0 Å, near radius 6.0 Å, near sigma 2.0 Å, and anisotropy radius 6.0 Å.

The translation module uses pocket-guided translation with a 13-direction candidate bank. The selector probe radii are
(0.5, 1.0, 1.5, 2.5, 4.0) Å. The selector uses contact-probe radius 10.0 Å, buriedness threshold 0.15, preferred contact gap
0.5 Å, contact sigma 0.75 Å, contact-shell inner and outer gaps 0.0 Å and 1.5 Å, void-gap threshold 2.5 Å, stage radius
12.0 Å, and stage sigma 6.0 Å. Candidate-type bias is disabled. The translation magnitude head uses translation hidden
dimension 256, pocket SH field dimension 74, pocket distance feature dimension 4, pocket invariant projection dimension
256, and translation time dropout 0.25.

The interpolant uses residual targets with polynomial schedule α(t) = t2 and time stabilizer 10−4. Intermediate states are
sampled with uniform-alpha time sampling. Clearance projection is disabled in the current setting. Although declashing and
cleanup hyperparameters remain specified in the configuration for compatibility, they are not used as a clearance-projection
step during training because use_clearance_projection is set to false.

The training objective uses Smooth L1 residual losses and the structured selector losses described in the main text. The
receptor frame, receptor chi, and ligand torsion losses each have weight 1.0. The ligand pose loss weight is set to 0.0,
while ligand rotation diagnostics are still computed with a rotation-specific weight parameter. Direct Cartesian translation
loss, translation direction cosine loss, geometry-magnitude loss, steer-direction loss, geometry-direction loss, and residual
regularization are disabled. Translation is trained through the selector rank loss and log-magnitude loss: the selector rank loss
has weight 1.0 with oracle temperature 0.05, the selector coefficient regularization has weight 100, and the log-magnitude
loss has weight 1.0 with a 300-step warmup and ϵ = 10−4. Fixed normalization scales are 5.0 for receptor frame residuals,
0.05 for receptor chi residuals, 0.25 for ligand rotation residuals, and 0.25 for ligand torsion residuals.

At inference time, we use the same configuration, and model predictions as the residual source. Unless otherwise stated,
inference is performed on the test split with 4 integration steps and terminal time tend = 0.85. We run PoseBusters v2
during inference to compute physical-validity diagnostics. The ODE inference command uses one GPU and writes predicted
structures and evaluation outputs to the specified checkpoint output directory.

C Algorithms
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Algorithm 1 Pocket-Aware Translation Direction Selection
1: Input: interpolated complex state xt at time t
2: receptor atom positions {qa,t} with vdW radii {rreca }
3: ligand atom positions {xj,t} with vdW radii {rligj }, centroid cligt
4: learnable selector parameters θsel = (ηing,ηfit, ζing, ζfit,wgate, bgate, sgate)
5: Hyperparameters: probe directions Kprobe, shells M = 6, harmonic order L = 2, probe scheduleR =
{0.5, 1.0, 1.5, 2.5, 4.0}Å, potential scales, buriedness threshold τb, contact gaps (γin, γout, γpref , γvoid)

6: ▷ Step 1: receptor-intrinsic buriedness, independent of ligand pose
7: for each receptor atom a do
8: Cast Kprobe probe directions {uk} around qa,t

9: Compute occlusion indicators {oak} ▷ Eq. 1
10: ba ← 1

Kprobe

∑
k oak

11: end for
12: ▷ Step 2: ligand-centered spherical harmonic pocket field
13: for each shell s = 1, . . . ,M do
14: for each harmonic degree ℓ = 0, 1, 2 do
15: f

(s)
ℓ (cligt )←

∑
a ba ϕs(ra,t)Yℓ(r̂a,t)

16: end for
17: end for
18: Construct invariant pocket summaries Fpocket from shell masses, SH powers, potential strengths, and distance-to-surface

features
19: ▷ Step 3: build 13-direction candidate bank Vt
20: Vt ← ∅
21: for s = 1, . . . , 6 do ▷ shellwise dipole directions
22: vSH

s ← dSH
s /(∥dSH

s ∥+ ϵ)
23: Vt ← Vt ∪ {vSH

s }
24: end for
25: for each potential scale ropt do ▷ five gradient candidates
26: vpot

ropt
← ∇clig

t
Uropt

/(∥∇clig
t
Uropt

∥+ ϵ)

27: Vt ← Vt ∪ {vpot
ropt
}

28: end for
29: Add long-range directions vcentroid and vnearest to Vt
30: ▷ Step 4: probe each candidate at every probe distance
31: for each candidate vk ∈ Vt do
32: for each probe distance ρs ∈ R do
33: pk,s ← cligt + ρsvk

34: x̃j,k,s ← xj,t + ρsvk for all ligand atoms j
35: Build local receptor set Ak,s and compute surface gaps g(k,s)aj

36: Compute features Fcontact, Fclash, Fvoid, Funiform, Fcount

37: end for
38: end for
39: ▷ Step 5: within-sample normalization across candidates
40: for each probe distance s and feature f do
41: Z(k, s, f)← (Ff (k, s)− µs,f )/σs,f for all candidates k
42: end for
43: ▷ Step 6: stage gate from current untranslated ligand pose
44: Compute zstage = [zd, zq, zc, zu, zn] ▷ App. B.9
45: αfit ← σ

(
sgate(w

⊤
gatezstage + bgate)

)
46: ▷ Step 7: compute ingress/fit scores and select direction
47: λing,λfit ← softmax(ηing), softmax(ηfit)
48: ρing,ρfit ← softmax(ζing), softmax(ζfit)
49: for each candidate k do
50: singk ←

∑
s ρ

ing
s

∑
f λ

ing
f Z(k, s, f)

51: sfitk ←
∑

s ρ
fit
s

∑
f λ

fit
f Z(k, s, f)

52: ℓk ← (1− αfit)s
ing
k + αfits

fit
k

53: end for
54: k⋆ ← argmaxk ℓk; û← vk⋆

55: return selected direction û, candidate logits {ℓk}, candidate bank Vt, pocket summaries Fpocket
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Algorithm 2 PIGEON Training Step on a Sampled Apo-Holo Pair
1: Input: dataset D of apo–holo state pairs (x0, x1)
2: heterogeneous message-passing network fθ with output heads
3: rule-based selector initialization θ0
4: Hyperparameters: schedule α(t) = t2, oracle temperature Toracle, loss weights
{λrank, λreg, λmag, λframe, λχ, λrot, λtor}, residual scales {sframe, sχ, srot, stor}

5: ▷ Sample apo–holo pair and interpolation time
6: Sample (x0, x1) ∼ D; α ∼ U(0, 1); t←

√
α

7: ▷ Geodesic interpolation on the product manifold
8: xt ← Expx0

(
αLogx0

(x1)
)

▷ component-wise onM
9: ▷ Encode complex with time-conditioned heterogeneous GNN

10: {hlig
j ,hrec-atom

a ,hrec-res
i } ← fθ(xt, t)

11: Let h denote pooled ligand, receptor-atom, receptor-residue, local-context, and time-conditioned features
12: ▷ Predict ligand translation via pocket-aware selector
13: û, {ℓk}Kk=1, {vk}Kk=1,Fpocket ← Algorithm 1(xt, t, θsel)
14: m̂← Softplus(MagnitudeHead(h, t,Fpocket))

15: ∆̂c
lig

t→1 ← m̂ û
16: ▷ Predict remaining residuals from output heads
17: ω̂lig ← LigandRotationHead(h)

18: χ̂lig ← LigandTorsionHead(h)

19: ∆̂
frame

← FrameHead(h)
20: χ̂rec ← ChiHead(h)
21: ▷ Compute ground-truth residuals from xt to x1
22: ∆clig,∗t→1 ← clig1 − cligt
23: u∗ ← ∆clig,∗t→1/(∥∆clig,∗t→1∥+ ϵ)

24: Compute ωlig,∗
t→1, ligand torsion residuals, receptor frame residuals, and receptor side-chain residuals

25: ▷ Selector loss: listwise rank against soft oracle
26: for each candidate k do
27: q∗k ← v⊤

k u
∗

28: end for
29: for each candidate k do
30: p∗k ← exp(q∗k/Toracle)/

∑
j exp(q

∗
j /Toracle)

31: end for
32: Lrank ← −

∑
k p

∗
k log

(
exp(ℓk)/

∑
j exp(ℓj)

)
33: Lreg ← ∥θsel − θ0∥22
34: ▷ Magnitude loss in log space

35: Lmag ←
(
log(m̂+ ϵ)− log(∥∆clig,∗t→1∥+ ϵ)

)2
36: ▷ Fixed-scale residual losses for non-translation outputs
37: Lrot ← SmoothL1(ω̂lig/srot,ω

lig,∗
t→1/srot)

38: Ltor,Lframe,Lχ ← analogous SmoothL1 residual losses with fixed scales
39: ▷ Backpropagate combined objective
40: L ← λrankLrank + λregLreg + λmagLmag + λframeLframe + λχLχ + λrotLrot + λtorLtor

41: Take an optimizer step on ∇θL
42: return updated parameters θ
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PIGEON: Pocket-Inferred Geometric Ensembles for Flexible Docking

Algorithm 3 PIGEON Inference: Apo-to-Holo Sampling via Manifold Flow Integration
1: Input: initial apo-like state x0 ∈M, trained network fθ
2: Hyperparameters: number of integration steps T , terminal time tend, schedule α(t) = t2, ensemble size S
3: E ← ∅ ▷ predicted holo ensemble
4: for s = 1, . . . , S do
5: Sample or choose apo-like initialization x(0) from x0
6: Set αn ← n

T α(tend) and tn ←
√
αn for n = 0, . . . , T

7: ▷ Iteratively integrate the manifold residual field
8: for n = 0, . . . , T − 1 do
9: {hlig

j ,hrec-atom
a ,hrec-res

i } ← fθ(x
(n), tn)

10: Let h denote pooled ligand, receptor-atom, receptor-residue, local-context, and time-conditioned features
11: ▷ Predict ligand translation residual
12: û, ·, ·,Fpocket ← Algorithm 1(x(n), tn, θsel)
13: m̂← Softplus(MagnitudeHead(h, tn,Fpocket))

14: ∆̂c
lig
← m̂ û

15: ▷ Predict remaining endpoint residuals
16: ω̂lig ← LigandRotationHead(h)

17: χ̂lig ← LigandTorsionHead(h)

18: ∆̂
frame

← FrameHead(h)
19: χ̂rec ← ChiHead(h)
20: ▷ Convert endpoint residuals to this integration step
21: γn ← (αn+1 − αn)/(1− αn + ϵ)
22: ▷ Update each manifold component

23: c
(n+1)
lig ← c

(n)
lig + γn∆̂c

lig

24: R
(n+1)
lig ← R

(n)
lig exp(γnω̂

lig)

25: χ
(n+1)
lig ← wrap(χ

(n)
lig + γnχ̂

lig)

26: Update receptor residue frames and side-chain torsions analogously using ∆̂
frame

and χ̂rec

27: Assemble x(n+1) from updated components
28: end for
29: E ← E ∪ {x(T )}
30: end for
31: return predicted holo ensemble E
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