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Abstract

Molecular representation learning aims to learn
vector embeddings that capture molecular struc-
ture and geometry, thereby enabling property pre-
diction and downstream scientific applications. In
many Al for science tasks, labeled data are expen-
sive to obtain and therefore limited in availabil-
ity. Under the few-shot setting, models trained
with scarce supervision often learn brittle struc-
ture—property relationships, resulting in substan-
tially higher prediction errors and reduced gener-
alization to unseen molecules. To address this limi-
tation, we propose PCEvo, a path-consistent rep-
resentation method that learns from virtual paths
through dynamic structural evolution. PCEvo enu-
merates multiple chemically feasible edit paths be-
tween retrieved similar molecular pairs under topo-
logical dependency constraints. It transforms the
labels of the two molecules into stepwise super-
vision along each virtual evolutionary path. It in-
troduces a path-consistency objective that enforces
prediction invariance across alternative paths con-
necting the same two molecules. Comprehensive
experiments on the QM9 and MoleculeNet datasets
demonstrate that PCEvo substantially improves the
few-shot generalization performance of baseline
methods. The code is available at https://github.
com/DrugD/PCEvo.

1 Introduction

Recent years have witnessed rapid progress in molecular rep-
resentation learning driven by LLMs-based [Zheng er al.,
2025; Yu et al., 2025b; Li et al., 2025al, graph-based [Yu
et al., 2025a; Yu et al., 2024], and geometry-aware neu-
ral architectures [Rao er al., 2026; Lin et al., 2026; Xiong
et al., 2025]. Message passing networks and 3D geomet-
ric models have become mainstream for learning structure-
dependent signals [Qin et al., 2026; Li et al., 2025b], with
representative backbones spanning MPNNs [Gilmer et al.,
2017], SchNet [Schiitt et al., 2018], DimeNet [Gasteiger et

1. Static End-to-End Modeling 2. Multi-Stage Learning

oy Contrastive Learning
| Pretraining Learning

OH
L gy PR
® O ®
) ;

OH OH

LTask

Ly L,
(6,0)——(6" D) (60, Do)—(61.D;) —(6".D)

3. Virtual Path Modeling

LPath
(6,D, Dpatn)

(6".D)
Task

® : Molecular Property

Figure 1: Comparison of molecular representation paradigms: static
end-to-end modeling, multi-stage learning, and virtual path model-
ing.

al., 2020], and more recent equivariant Transformer fami-
lies such as Equiformer [Liao and Smidt, 2023] and ViSNet
[Wang er al., 2024b]. In parallel, self-supervised and con-
trastive pretraining has been increasingly adopted to leverage
large unlabeled corpora and improve data efficiency [Li et al.,
2025c], including general graph contrastive objectives [Wang
et al., 2024a] and molecule-specific pretraining paradigms
such as GROVER [Rong et al., 2020], MolCLR [Wang et
al., 20221, and UniMol [Zhou et al., 2023]. These devel-
opments are routinely evaluated on established benchmarks
such as QM9 [Ramakrishnan et al., 2014] and MoleculeNet
[Wu et al., 2018], and are further expanding toward cross-
modal alignment between molecular structures and natural
language descriptions [Wang er al., 2025].

Despite this progress, the dominant learning paradigm re-
mains largely static: each molecule is treated as a single end-
point sample (i.e., only its final observed structure is used),
and the model is trained to regress properties via direct super-
vision on sparse labels [An et al., 2025; Zhang et al., 2025]
(as shown in Fig. 1). In few-shot settings, this formulation is
prone to overfitting because chemical space is sparsely cov-
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Figure 2: Virtual evolutionary editing uses the HOMO energy from
the QM9 dataset to illustrate two evolution paths between a pair of
molecules. Despite exhibiting different intermediate fluctuations,
both paths inevitably converge to the same final HOMO value, high-
lighting the path-independent nature of the property.

ered; as a result, models can rely on dataset-specific correla-
tions and frequent motifs, leading to unstable generalization.
More fundamentally, most static molecular representations do
not explicitly model how properties change under chemically
feasible local edits to molecular structure [Li et al., 2026]. In
practical drug discovery, where labeled assays are costly and
task distributions are sparse, capturing such regularities can
improve the robustness of learned representations under the
few-shot setting.

From a chemical perspective, molecules are discrete com-
binatorial objects whose structures can be naturally described
as graphs and encoded by rule-based line notations [Gilmer
et al., 2017; Weininger, 1988]. More importantly, property
changes in medicinal chemistry are often analyzed through
small, chemically valid transformations, where a minimal
structural modification induces a measurable shift in activ-
ity or physicochemical profiles. [Ishikura er al., 2025; Hus-
sain and Rea, 2010al. These observations motivate a virtual
evolutionary path view of the structure—property relationship
(Fig. 2) [Maggiora and Bajorath, 2014; Stumpfe and Bajo-
rath, 2012]. By treating minimal edit operations, such as atom
substitution, local connectivity adjustment, and functional
group modification, as fundamental units [Walz et al., 2025;
Hussain and Rea, 2010b], we can construct virtual evolu-
tionary paths connecting different molecular states [Jensen,
2019]. Modeling property variation along such paths enables
the models to leverage incremental structural signals that are
often underutilized when training solely on static endpoint
samples.

Based on this perspective, we propose PCEvo, a path-
consistent representation method via virtual evolutionary.
PCEvo does not treat molecules as isolated, static samples;
instead, it represents the structural differences between two
similar molecules as an evolutionary sequence of chemically

feasible minimal edit operations. PCEvo further converts the
labels of the two endpoint molecules into stepwise supervi-
sion distributed along the path, enabling the model to learn
how incremental structural changes drive property variations
during training, rather than performing the regression only at
the endpoints. Importantly, there are typically multiple feasi-
ble editing paths connecting the same molecular pair; yet, the
cumulative property change should remain consistent regard-
less of which path is taken. Leveraging this principle, PCEvo
introduces a path-consistency objective that aligns the accu-
mulated predictions across alternative feasible paths. This ob-
jective integrates seamlessly with standard static supervised
training, thereby improving generalization in few-shot set-
tings. We evaluate PCEvo on QM9 and MoleculeNet by in-
tegrating it into a range of representative backbone methods,
thereby systematically demonstrating its generality and effec-
tiveness; results show that PCEvo consistently reduces pre-
diction error under few-shot settings on QM9 and achieves
state-of-the-art (SOTA) performance on the three Molecu-
leNet regression tasks under the standard split, while main-
taining reliable gains in both accuracy and stability when la-
beled data are limited. Our contributions are summarized as
follows:

* We propose PCEvo, a path-consistent molecular rep-
resentation. method that learns from virtual evolution-
ary edit paths between similar molecules, transforming
sparse end-point supervision into stepwise training sig-
nals along chemically feasible paths.

» Extensive experiments on QM9 and MoleculeNet un-
der few-shot settings show that PCEvo consistently re-
duces prediction error and improves predictive stabil-
ity, achieving SOTA performance compared with strong
baselines.

2 Methods

2.1 Overview

To address the generalization limitations of static end-to-end
learning in few-shot scenarios, as illustrated in Fig. 3, we
propose a path-consistent molecular representation method,
PCEvo. Deviating from conventional static structural map-
ping paradigms, PCEvo decomposes complex structure-
property correlations into a sequence of learnable, cumulative
edit steps. By imposing these path constraints, PCEvo could
capture the intrinsic logic underlying molecular evolution.

2.2 Virtual Evolutionary Path Generation

To transform static molecular graphs into dynamic evolu-
tionary paths, we propose a virtual evolutionary path gen-
eration pipeline. This pipeline converts a standard dataset
D = {(Gy,y:)}Y, into an evolutionary dataset Dey, =
{(Gs,Gt,7) | 7 € T(Gs,Gt)}. For each molecular pair
(Gs,Gy), T(Gs,Gy) denotes the set of all valid evolution-
ary paths connecting the source molecule G to the target
molecule G;. Each path 7 € T(Gs,G,) is a sequence of
edit operations. Explicitly modeling multiple valid paths for
each molecular pair allows the PCEvo to account for the in-
trinsic diversity of structural transformations, facilitating the
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Figure 3: Overview of PCEvo method. Our method constructs virtual evolutionary paths between molecular states by identifying a sequence
of valid graph edit operations. These discrete operations are then mapped into a continuous representation space to guide the learning of

chemically interpretable molecular representations.

learning of property changes that are invariant to the ordering
of operations.

Structural Neighbor Retrieval

Constructing evolutionary paths between arbitrary pairs of
molecules is chemically implausible and computationally in-
efficient. To model realistic structural optimizations, we re-
strict the source molecules to the chemical neighborhood of
the target.

For each target molecule G; in the training or valida-
tion set, we query a candidate pool G, to identify the top-
K nearest neighbors. We utilize the Tanimoto similarity
Sranimoro(G s, Gt) coefficient [Bajusz et al., 2015] based on
extended-connectivity fingerprints as the metric:

N(Gt) = TOPK ({Gs S gsrc | Gs ?A Gt}, fTanimoto) . (1)

This retrieval-based pairing strategy ensures that G, and
G, share a significant structural scaffold, thereby defining a
chemically meaningful optimization landscape.

Fundamental Path Operation Edit Units
Identifying the minimal set of edit operations ensures that
the molecular transformation includes only essential struc-
tural changes, improving path generation efficiency and fa-
cilitating the learning of structure—property relationships.
Given a pair (G, Gt), we seek the minimal set of edit op-
erations S required to transform Gy into G;. We formu-
late this as a maximum common subgraph (MCS) prob-
lem [Fuchs and Riesen, 2025; Raymond and Willett, 2002;
Bunke, 1997].

We establish an atom-level alignment 7 : V, — V; by
minimizing the matching cost matrix defined by atomic num-

bers and valence constraints. Based on the atom-level align-
ment 7, the symmetric difference between the two graphs
is decomposed into a set of atomic operations. The defini-
tions of these operations are detailed in Table 1. Specifically,
unmapped atoms in the source molecule G correspond to
REMOVE_ATOM operations, while unmapped atoms in the tar-
get molecule G; correspond to ADD_ATOM operations. At
the bond level, discrepancies between mapped atom pairs
(u,v) in G5 and (7(u), w(v)) in Gy give rise to ADD_BOND,
REMOVE_BOND, or CHANGE_BOND operations.

Applying this procedure yields an unordered set of opera-
tions S = {o1,...,0n}, wWhich constitutes the minimal set
of edits required to transform G into GY.

Topologically Constrained Path Sampling

While the set S specifies the structural changes, it does not
determine the order in which they should be applied. Per-
forming the operations in an arbitrary sequence may violate
topological constraints, such as adding a bond to an atom
that does not yet exist. To resolve this, we construct a di-
rected acyclic graph, termed the dependency graph: Gge, =
(S, Edep). An edge 0; — o; exists if operation o; is a topo-
logical prerequisite for 0;. The core constraints include:

* Existence precondition: An ADD_BOND(u,v) operation
depends on the ADD_ATOM operations that create nodes
w and v.

* Deletion latency: A REMOVE_ATOM(u) operation must
succeed all bond removals or modifications involving
node u.

Any linear extension (topological sort) of G4, constitutes
a valid path 7. Importantly, a single edit set S often allows
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Algorithm 1 Virtual Evolutionary Path Generation

Operation Description

Require: Standard dataset D, Number of neighbors K, Max
paths Pqz
Ensure: Evolutionary dataset Dgyo
1: Initialize Deyo < 0
2: forall G; € D do
3 Candidate pool G5 + (G, Gs, K)
4 forall G, € G, do
5: 7 <~ ALIGNMENT(Gs, G¢)
6: S < EXTRACTMINIMALEDITS (G, Gy, )
7 Gdep < BUILDDEPENDENCYGRAPH(S)
8

: 7;7(12'1“ «—0
9: while | 7,qir | < Pras do
10: T ¢ SAMPLING(Gqep)
11: 7;)(”'7" — %air U {T}
12: end while
13: for all 7 € 74, do
14: Devo ¢ Devo U {(GSa Gy, T)}
15: end for
16:  end for
17: end for

18: return D,

exponentially many valid permutations. We leverage this by
randomly sampling up to P, distinct topological sorts for
each molecular pair. This serves as a powerful combinato-
rial data augmentation strategy: the model learns to associate
the same net property change Ay with multiple distinct paths
{7, TP n b thereby enforcmg path-independence of the
physical property and improving generalization. Each path
7 € T(Gs, Gy) is a sequence of edit operations, and its length
may vary across different paths.

2.3 Differential Evolutionary Path Encoder

To represent the feature changes induced by each virtual edit
operation along a molecular structural evolution path, a dif-
ferential evolutionary path encoder is proposed. Unlike the
standard paradigm that encodes molecules as isolated static
data points, this module explicitly models the incremental
changes between consecutive intermediate states along the
virtual path 7.

Let th) denote the intermediate molecular state after the
t-th edit operation in the path, with the boundary conditions

G(O) G, and G S = G}, where T is the total path length.
To bridge the discrete symbolic space of chemical edits and

the continuous latent space, we first define a bijective map-

ping v : O — RP. The t-th edit operation o;, which triggers

the transition th) — th+l), is vectorized via concatenated
encodings:

xt =Y(or) =

where components encode the operation type, atomic seman-
tics, bond attributes, and positional indices, respectively. This
vectorization provides the initial condition for the specific
structural transformation at step ¢.

Then, we employ a shared-weight molecular encoder fy(-)
+1)

[et e || €atom H €hond ” e 05]7 (2)
Yyp P

to project the adjacent states th) and th into a continu-

ADD/REM/REP_ATOM Adds, removes, or replaces an atom node.
ADD/REM/CHG_BOND Adds, removes, or modifies a bond edge.

Table 1: Elementary Graph Edit Operations.

ous latent manifold:

= fo(G), fo(GSHD). 3)

Our method PCEvo is architecture-agnostic and shared
across all steps to ensure consistent feature extraction along
the path. For each virtual edit, we model its incremental ef-
fect by differencing adjacent representations and predicting
the corresponding property change:

di=hi1 —hy,  AP=dy(dy), )

which learns edit-wise contributions in an additive manner.

h; =

2.4 Learning Objective

Our optimization jointly anchors absolute property prediction
in the global chemical space and enforces summation consis-
tency of property variations along virtual evolutionary paths.
The model consists of a shared-weight backbone encoder
fo(-) and anon-linear delta predictor ¢y, (-). Given a labeled
molecular pair (G, Gt) with properties (ys,y:) and a feasi-
ble edit path 7 = (G( G( )) satisfying G( ) = G, and

GgT) = G}, we denote the latent representation at step ¢ as

he=fo(GP),

Static Property Loss.
the observed endpoints:

Lstatic - Hf@(G) - y”l (6)

Path Summation Consistency Loss. We require that the
cumulative sum of predicted stepwise property increments
along the path matches the ground-truth endpoint difference:

t=0,1,...,T. (5)

We supervise absolute predictions at

Leons = || BP() = (e = w2 - ™
T-1 ) T-1

== ZAPt = Z¢¢(ht+1 —ht) (8)
t=0 t=0

where the non-linear predictor ¢, (-) ensures the summation
does not mathematically collapse into a simple difference
of endpoints. This forces the gradient signal to propagate
through every intermediate state, compelling the model to
learn the specific physical contribution of each elementary
edit operation. The final objective is £ = Lgutic + Leons-

3 Theoretical Analysis

This section explains why PCEvo generalizes better by de-
composing sparse static endpoint regression supervision into
edit-level signals along evolutionary paths. Two mechanisms
are emphasized: (i) edit decomposition increases the effec-
tive number of supervised signals; (ii) learning on edit-local
representation increments reduces hypothesis complexity.
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| HOMO (100-shot) |

HOMO (1000-shot) |

LUMO (100-shot) | LUMO (1000-shot)

Methods | MAE| MSE|, PCCt |MAE| MSE| PCCt |MAE|, MSE| PCCt |MAE, MSE| PCCt

GCN [Kipf and Welling, 2017] 0.5031 04298 -0.2760 | 0.4318 03393 03345 | 07651 0.8399 0.6577 | 0.6330 0.6617 0.7859
GraphSAGE [Hamilton ef al., 2017] | 0.5121 04523  -0.1318 | 04759 04077 -0.0035 | 0.7618 0.8946 0.6397 | 0.7134  0.7961  0.7322
GAT [Velickovi¢ et al., 2018] 0.5016 04290 -0.2948 | 0.7613 0.8418 0.1641 | 0.7682 0.8763 0.6408 | 0.7234 0.8132 0.7238
GIN [Xu et al., 2019] 04928 04190 -0.1601 | 03529 02176 0.6347 | 0.6768 0.7474  0.7225 | 0.6001 0.6568 0.8257
EMPP [An et al., 2025] 04058 02872  0.5820 | 02733 0.1244 08115 | 0.7328 0.7804 0.6983 | 0.2713 0.1223  0.8150
EMPP* [An et al., 2025] 07520 0.8391  0.0587 | 2.0454 46518 -02126 | 09696 14393 0.6016 | 1.0356 15991 0.6211
Moleculeformer [Qin ef al., 20251 | 0.3353  0.2165  0.6966 | 02710 0.1274  0.8068 | 0.8985 12785 04202 | 0.5642 0.5420 0.8192
GotenNet [Aykent and Xia, 20251 | 05565 0.6819  -0.0591 | 0.3743 02860 0.5950 | 0.8360 1.1393  0.5379 | 0.4194 02938 0.9067
SchNet +PCEvo | 03330 0.1853  0.7694 | 0.2057 0.0758 0.8954 | 0.5275 0.5253 0.8494 | 0.2269 0.0924 0.9712
(Schiitt et al.. 2018] Origin. | 04688 04917 03413 | 03617 02580 0.6336 | 0.6159 0.6006 0.8050 | 0.2944  0.1551 0.9514
& Improve. | 28.97% 62.30% 12541% | 43.13% 70.61% 4131% | 14.35% 12.54% 5.52% | 22.94% 40.45% 2.08%

DimeNet +PCEvo | 05502 0.4888 03362 | 03711 0.2373  0.6824 | 0.6955 0.8305 0.7117 | 0.5553 0.5210 0.8242
[Gasteiaor ot al. 2020]  Origin. | 0.6162 06871 ~ 0.1406 | 04392 03322 04835 | 0.7173 07877 0.6814 | 0.5642 05420 08192
steig - Improve. | 10.71% 28.86% 139.04% | 15.50% 28.55% 41.13% | 3.04% -543% 4.45% | 1.58% 3.88% 0.61%
Equiformer +PCEvo | 03971 03152 05319 | 02292 0.0963 0.8637 | 0.5463 05210 0.8055 | 0.2592 0.1292 0.9593
[Lizo and Smidt 2023]  Origin. | 05189 05251 0.0726 | 0.3098 01698 07366 | 0.8261  1.0350 0.5609 | /04264 02920  0.9057
g Improve. | 23.46% 39.98% 631.98% | 26.02% 43.29% 17.25% | 33.87% 49.66% 43.60% | 39.19% 55.72% 5.91%

ViSNet +PCEvo | 04570 04725 04609 | 0.2346 0.1001 0.8696 | 0.4073 0.2905 0.9035 | 0.2490 0.1178 0.9635

[Wang ef al. 2024b] Origin. | 0.5889  0.7685 -0.1158 | 03181 02159 0.7107 | 04852 0.3693 .0.8791 | 0.2585 0.1297  0.9603
» Improve. | 22.39% 38.52% 497.95% | 26.25% 53.62% 22.36% | 16.04% 21.33%. 278% | 3.70%  9.19%  0.32%

* denotes EMPP trained with an auxiliary objective that additionally predicts masked atomic coordinates.

Table 2: Overall experiments on QM9 dataset for HOMO and LUMO (units: eV) properties under few-shot settings. Origin denotes the

baseline backbone, and Improve.(%) indicates the performance gain.

Methods ESOL FreeSolv Lipophilicity — Avg.
GCN [Kipf and Welling, 2017] 1.431 2.870 0.712 1.671
GIN [Xu et al., 2019] 1.452 2.765 0.850 1.689
N-GRAM [Liu er al., 2019] 1.100 2.510 0.880 1.497
Hu et al. [Hu et al., 2020] 1.100 2.764 0.739 1.534
GROVER [Rong er al., 2020] 1.423 2.947 0.823 1.731
MoICLR [Wang et al., 2022] 1.113 2.301 0.789 1.401
Equiformer [Liao and Smidt, 2023]  1.037 2.672 0.989 1.566
SchNet [Schiitt et al., 2018] 0.912 2.255 0.923 1.363
DimeNet [Gasteiger er al., 2020] 1.135 2.589 1.043 1.589
ViSNet [Wang e al., 2024b] 1.049 3.158 0.944 1.717
PCEVO schnet (Ours) 1.060 1.958 0.762 1.260
PCEVO pimenet (Ours) 1.117 1.843 0.925 1.295
PCEVo0 vyjsnet (Ours) 0.969 2.539 0.798 1.436

Table 3: Overall experiments on MoleculeNet under standard data
splits. RMSE is reported for each task, and Avg. denotes the mean
RMSE over all three tasks.

| ESOL(1128) |
| R=0.1

FreeSolv (642)
R=0.2 R=0.8 \ R=0.1

| Lipophilicity (4200)
R=0.2 R=0.8‘R=0.1 R=0.2 R=0.8

Methods

1.112
1.112
-0.02

+PCEvo
Origin.
Improve.

1.484
1.098
-35.15

1.568 1.060
1.046 0.912
-49.94¢-16.21

3.490
3.972
12.15

2.383
4.042
41.06

1.958
2.255
13.18

0.854
1.067
19.96

0.762
0.923
17.45

SchNet

1.117
1:135
1.54

2.555
4.910
47.96

1.843
2.589
28.82

1.111
1.083

-2.54

+PCEvo
Origin.
Improve.

1.489
2.156
30.92

1.663
2.249
26.06

3.623
5.287
31.47

0.980
1.065
7.99

0.925
1.043
11.29

1.235
1.341
7.93

1.165
1.333
12.56

2.857
4.255
32.87

2.684
3.801
29.40

2.539
3.158
19.59

1.080
1.104
2.18

0.837
1.052
20.43

+PCEvo
Origin.
Improve.

0.969
1.049
7.70

0.798
0.944
15.51

ViSNet |DimeNet

Table 4: Overall experiments on MoleculeNet under different
train/test splits. RMSE is reported for each task, where R denotes
the training sample ratio.

3.1 Learning Formulation

Given a labeled dataset D = {(G,y;)}, and the induced
evolutionary dataset De,,,, Wwe compare static endpoint learn-

ing and path-consistent learning. Here R(-) denotes the em-
pirical risk (sample average of the loss) minimized during
training.

Static model. The static objective L. supervises abso-
lute property prediction on D. We denote by Hguyic the hy-
pothesis class of all static predictors realizable by the back-
bone when parameters vary:

N

Ruiel ) = 3 S ol G i), ©
i=1

Hstatic = {f@() ‘ e } (10)

Path-consistent learning. The consistency objective
Lcons enforces that the summed stepwise deltas along 7 =

(Ggo), cee G’gT)) match the endpoint difference (y; — ys).
With h; = fo (th)), the predicted total change is

T-1
AP(T) =" ¢y(hsr —ha). (1D

t=0

We denote by H.ons the hypothesis class of all delta predictors
realizable by the MLP head when its parameters vary:

ﬁcons(¢1{1) = ﬁ Z K(EP(T)a Yt — ys) ) (12)
evol p—

Heons = { p(-) [P € ¥ }. (13)

3.2 Generalization Bound

We adopt Rademacher complexity to compare the generaliza-
tion of static endpoint learning and edit-path learning.

Assumption 1 (Effective sample size under mixing). Ediz-
level samples induced by virtual paths form a weakly de-
pendent sequence. For instance, they satisfy (-mixing with
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> w>1 B(k) < oco. Then the edit-level learning admits an
effective sample size

NL

Neff >

Cmix = 14+2>_ B(k),  (14)

Coni
mix kZl

where L is the average path length.

Assumption 1 states that, although edit-level samples gen-
erated along paths are weakly dependent, their statistical ef-
fect can be captured by an effective sample size neg, so the
generalization bound applies by replacing n with neg.

Let R,,(H) denote the empirical Rademacher complexity.
By the standard Rademacher generalization theory [Yin et al.,
2019; Bartlett et al., 2005], the generalization gap scales as
O(R,,(H) + /log(1/8)/n) uniformly over f € H. Under
Assumption 1, edit-level learning obeys the same scaling with
n replaced by neg (up to constants absorbed into cpix)-

Theorem 1 (Edit decomposition yields a tighter generaliza-
tion bound). Assume ((-,-) is bounded in [0,1] and is 1-
Lipschitz in its first argument. Assume ||h|l2 < Byaic and
|AR|l2 < Begir. If hypotheses in Hyasic and Heons are L-
Lipschitz with respect to their inputs, then:

(i) Complexity scaling. The empirical Rademacher com-
plexity scales with the input radius and the sample size. In
particular,

LBs atic
RN (Hstaric) = O( WV ) , (15)
LBe i
Ry (Heons) = O (d) . (16)
f i
(ii) Generalization bounds. With probability at least 1 — 0,
~ log(2/6
Rsmtic S Rstatic + 29%N (Hstatic) + 3 %a (17)
~ log(2/6
Reons < Reoms + 208y (M) + 3|2 (1)
’ 2neﬁc

The two bounds share the same form, but differ in the ef-
fective sample size and the input radius. Edit-path learning
replaces (N, Bytic) With (7efr, Bedit)s where neg is induced
by path decomposition and Ah is edit-local. In typical set-
tings, a single edit produces a local perturbation in represen-
tation space, S0 Begit < Bguiic. Therefore, the edit-path bound
becomes tighter whenever

Bedit leatic
< St (19)
v/ Meff VN

In particular, the static generalization gap scales as

~ LB 1
Rstatic — Restatic = @) (\/stﬁallc + N) ; (20)

while edit-path learning follows the same scaling with
(N, Byaiic) replaced by (nefr, Begit). Finally, enforcing path
consistency further restricts the admissible solutions within
Heonss Which can only reduce the effective complexity and
tighten the above bound.

4 Experiments

Datasets. We conduct our evaluations on the QM9 dataset
[Ramakrishnan et al., 2014], focusing on the prediction of the
highest occupied molecular orbital (egomo) and lowest unoc-
cupied molecular orbital (eLymo). For physicochemical prop-
erty prediction, we further employ the ESOL, FreeSolv, and
Lipophilicity datasets from MoleculeNet [Wu et al., 2018].

Baselines. We evaluate PCEvo against a comprehensive
set of backbone methods, grouped into three categories:
2D GNNs/Transformer: GCN [Kipf and Welling, 20171,
GraphSAGE [Hamilton er al., 2017], GAT [Veli¢kovié¢ et
al., 2018], GIN [Xu et al., 2019], and Moleculeformer [Qin
et al., 2025]; 3D geometry-aware: SchNet [Schiitt et al.,
2018], DimeNet [Gasteiger et al., 2020], Equiformer [Liao
and Smidt, 2023], ViSNet [Wang ez.al., 2024b], and Goten-
Net [Aykent and Xia, 2025]; Pretraining: N-GRAM [Liu et
al., 2019], GROVER [Rong et al., 2020], MolCLR [Wang et
al., 2022], Hu et al. [Hu et al., 2020], and EMPP [An et al.,
2025].

Implementation Details.. We designed specific data split-
ting protocols to simulate varying degrees of data scarcity.
For the QM9 dataset, we constructed extremely few-shot
training/testing sets containing randomly sampled 100 and
1,000 molecules. For the smaller MoleculeNet datasets, we
simulated few-shot learning by using 10%, 20%, and 80% of
the total data for training; the 10% data were allocated for
testing. Performance was assessed using three standard re-
gression metrics: mean absolute error (MAE), mean squared
error (MSE), and the Pearson correlation coefficient (PCC).

4.1 Overall Experiments

To evaluate the effectiveness and scalability of PCEvo for
molecular representation, we conduct experiments on QM9
and MoleculeNet. Following our path construction proce-
dure, for each target molecule, we retrieve the top-N=5
structural neighbors and enumerate up to Pp,,=50 valid edit
paths for each molecular pair under topological dependency
constraints.

On QM9, we adopt two low-resource settings with N=100
and N=1000 labeled training samples (results in Table 2).
PCEvo yields consistent improvements across four 3D back-
bones (SchNet, DimeNet, Equiformer, and ViSNet), and the
correlation recovery is particularly pronounced in few-shot
settings (N=100): for eyomo, Equiformer improves PCC
from 0.07 to 0.53 (+0.46). Moreover, compared with recent
strong baselines such as EMPP, Moleculeformer, and Goten-
Net, PCEvo achieves better performance under the same few-
shot protocol. These results indicate that when the chemical
space is sparsely covered, PCEvo can effectively enhance the
generalization of backbone models.

On MoleculeNet, since the benchmarks are intrinsically
small-scale, we evaluate PCEvo under both the standard split
(80% training; Table 3) and explicit low-resource splits with
training ratios R € 0.1,0.2,0.8 (Table 4). The results show
that integrating PCEvo into SchNet, DimeNet, and ViSNet
leads to consistent gains across tasks and training ratios. The
improvement on FreeSolv is especially evident; for exam-
ple, with SchNet at R=0.2, RMSE decreases from 4.042 to
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Poax N Lens MAEl MSE| PCCt
5 1 v 0487 0430  0.145
5 1 X 0.672  0.881  -0.088
5 3 v 0385 0265  0.659
5 3 X 0518 0480  -0.108
5 5 v 0319 0179  0.761
5 5 X 0390 0273  0.639
1 1 v 0.687 0942  -0.085

%1 1 X 0469 0492  0.341
1 3 v 0.672  0.894  -0.088
1 3 X 0.677 0904  -0.086
1 5 v 0494 0443  0.127
1 5 X 0486 0428  0.153

Table 5: Ablation study. * denotes the vanilla SchNet results.

2.383. Meanwhile, under the standard split, PCEvo also out-
performs several widely used pretraining baselines: for in-
stance, PCEvo gchne; achieves an average RMSE of 1.260,
improving over MolCLR (1.401) by 0.141.

Overall, PCEvo exhibits stable and transferable improve-
ments across backbones and few-shot settings, and compares
favorably to a range of pretraining methods. These results
suggest that moving beyond static endpoint regression by
decomposing supervision into edit-wise steps and enforcing
path-consistency can yield more robust molecular representa-
tions in few-shot settings.

4.2 Ablation Study

To isolate the effect of the path-consistency constraint Leops;
we conduct a controlled ablation study. We use SchNet as the
backbone, train under the 100-shot, and evaluate on a held-
out validation set of 100 disjoint molecules, with egomo as the
target property. Across all runs, we keep the static endpoint
supervision Lgyyic enabled. Therefore, within each (N, Ppax)
configuration, the only difference is whether Lqy is enabled.

Main finding: L., is effective when multiple paths are
available. Table 5 shows that relative to the single path set-
ting (Pax = 1), multi-path training (Phax = 5) consistently
improves performance when the path-consistency constraint
Lcons is enabled. This trend holds across all neighbor budgets
N € 1,3,5, indicating that the benefit of L., is robust to
the choice of N. In contrast, simply increasing the number
of paths without Ly, does not lead to reliable gains and can
even degrade performance in few-shot settings.

On the role of naive duplication. In our training construc-
tion, endpoint molecules are reused across different molecu-
lar pairs and paths. Such reuse mainly increases the number
of training instances, but does not necessarily introduce addi-
tional chemical diversity at the endpoints; therefore, the ob-
served gains cannot be explained by sample count alone. Ta-
ble 5 provides a controlled comparison supporting this point:
once the path-consistency constraint is removed, increasing
the path budget (Ppax > 1) or the neighbor budget (N > 1)
no longer yields consistent improvements; instead, perfor-
mance becomes unstable under some configurations.

(a) e T e (b) \Z\)//\‘ 0.785
w 04 L 0.780
j A\, A
= / N /107750
003 i S S Q
% i N 0.770
]
= I i o 0.765
0.2{1 d TN
L **10.760
10 20
N

- MAE! -=-MSE! —-PCCT

Figure 4: Hyperparameter sensitivity analysis on QM9 with SchNet
under the 100-shot setting. (a) fixes N=10 and varies Pmax, (b)
fixes Pmnax=>50 and varies N.

4.3 Hyperparameter Sensitivity Analysis

To analyze the impact of the maximum number of virtual
paths P.x and the number of source neighbors N on PCEvo,
we conduct experiments on the QM9 dataset under the 100-
shot setting using SchNet as the backbone, with results shown
in Fig. 4. Regarding the number of virtual paths, we observe
that a single path (P4, = 1) yields negligible gains over
the baseline, indicating that simple augmentation is insuffi-
cient. Howevet, increasing P,,,, significantly boosts per-
formance by enforcing consistency across diverse topologi-
cal orderings. This confirms that path-consistent via virtual
evolutionary is central to the PCEvo’s success. Regarding
the context size IV, a clear trade-off exists between diversity
and relevance. Performance peaks at N = b; utilizing larger
neighborhoods (/V > 15) degrades accuracy, as distant neigh-
bors introduce chemically irrelevant scaffolds that generate
noisy and overly complex edit paths.

5 Conclusion

In this work, we propose PCEvo, a path-consistent molecu-
lar representation method that augments conventional static
regression supervision with a virtual evolutionary edit-path
consistency constraint. This design enables the model to learn
how local structural edits accumulate into global property
variations, thereby yielding more robust structure—property
mappings. Experiments on QM9 and MoleculeNet under
few-shot settings show that PCEvo consistently reduces error,
improves stability, and achieves SOTA performance against
strong baselines.
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