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Chemical kinetics determines molecular stability, reaction selectivity and the evolution of reacting
mixtures, but discovering the underlying reaction networks remains challenging. Here we introduce
ReactNexus, a generative framework for kinetic-guided network exploration starting solely from re-
actant graphs. Generative models propose transition states and predict the full reaction trajectories
connecting reactants and products, while calculations using a machine-learned interatomic poten-
tial verify connectivity and evaluate electronic barriers. On an in-distribution benchmark of 10,000
generated candidates, 80.8% connect to the input reactant after density functional theory (DFT) op-
timization and intrinsic reaction coordinate verification. The resulting networks uncover lower-barrier
cooperative pathways and competition between catalyst release and catalyst-bound branches. In the
examined carbocation cascades, coverage of known product precursors saturates after limited expan-
sion and distinct entries converge onto shared intermediates, indicating a compact accessible reaction
space. Network-derived candidate structures further assist mass-spectral interpretation of a complex
nucleophilic aromatic substitution reaction. Together, these results establish a generative approach
to reaction-network discovery and mechanistic analysis without predefined products or reaction tem-
plates.
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1 Introduction

Starting from a set of reactants, reaction-network prediction seeks to discover accessible products and
intermediates, identify the elementary pathways connecting them and characterize the barriers govern-
ing their competition.1–6 Such networks provide a mechanistic basis for assessing molecular stability,
understanding catalytic selectivity and interpreting experimental reaction outcomes.7–11 Their con-
struction requires discovering species and connections as exploration proceeds: each new intermediate
can become a starting point for further reactions.12,13 This task becomes increasingly demanding as
molecular size, conformational flexibility and the number of interacting components increase. More
reactive sites, component combinations and coupled bond rearrangements must be considered, while
an omitted pathway can alter the mechanistic picture and redirect subsequent network growth.14 The
challenge is therefore to discover relevant competing pathways and establish their connections and
barriers within a finite computational budget.

Existing approaches differ primarily in how they propose reactions. Template- and rule-based
generators, including Reaction Mechanism Generator (RMG), efficiently construct networks within en-
coded reaction families and can incorporate kinetic estimates, but the scope of exploration is limited
to those families.15–17 Reactive dynamics, including the ab initio nanoreactor, discovers unanticipated
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transformations without predefined products; enhanced sampling accelerates rare events, followed by
pathway refinement to locate transition states (TSs) and determine barriers. However, the computa-
tional cost of reactive trajectories and the difficulty of sampling competing pathways limit systematic
exploration as chemical complexity increases.6,18,19 Single-ended and stochastic potential energy surface
searches, such as artificial force induced reaction (AFIR) and stochastic surface walking (SSW), like-
wise discover reactions without specified products.4,20 Broad exploration nevertheless requires repeated
searches across alternative pathways and conformations,21–23 and may require user-defined restrictions
on reactive atoms or reaction coordinates to make larger systems tractable.4,24 Graph-based methods
such as ZStruct and Yet Another Reaction Program (YARP) instead enumerate candidate products
through generic bond edits, extending beyond established reaction templates.3,25,26 Their candidate
space nevertheless grows combinatorially with molecular size, permitted bond changes and combi-
nations of reacting components.12 Across these approaches, the challenge is to propose competing
pathways efficiently enough to sustain network growth in complex systems.

Machine learning offers a new perspective on reaction-network exploration through learned poten-
tials and generative models.2,27,28 Machine-learned interatomic potentials (MLIPs), increasingly trained
and applied to reactive systems,29–33 reduce the cost of energy and force evaluations for simulations
and pathway searches.34–38 In parallel, diffusion and flow-based models generate three-dimensional TS
geometries from molecular structures or reaction graphs.39–42 These models adopt a double-ended for-
mulation, requiring both reactants and products to be specified before TS generation. Their use in
network exploration therefore requires an upstream source of candidate reactions, such as graph-based
enumeration.41,43 Generating unknown reaction networks requires models that propose pathways from
reactants alone and identify new species that can undergo further reactions. Developing and evaluating
this capability requires reaction-path data spanning competing transformations and diverse chemical
environments. Widely used datasets such as Transition1x and RGD1 mainly cover small organic sys-
tems, leaving larger molecules and multicomponent environments less well represented.44,45 The high
cost of intrinsic reaction coordinate (IRC) calculations at the density functional theory (DFT) level
also limits systematic verification of reactant–TS–product assignments, leaving uncertainty that can
affect the reliability of models trained on these data for reaction-network exploration.44,45

Here we introduce ReactNexus, a framework for generating chemical reaction networks directly
from reactants, without predefined products, reaction templates or prior enumeration of candidate
reactions. Single-step benchmarks establish the basis for iterative, kinetic-guided exploration (Fig. 1).
In multicomponent and structurally complex systems, the generated pathways uncover lower-barrier
cooperative transformations and conformational alternatives (Fig. 2), while catalytic networks reveal
pathways to catalyst regeneration and competing routes to potential catalyst deactivation (Fig. 3).
Distinct carbocation entries converge onto shared intermediates, and coverage of known product pre-
cursors stabilizes after limited expansion. The pathways also revise stepwise mechanisms inferred from
classical rearrangement templates, supported independently by targeted DFT calculations (Fig. 4).
These computationally generated networks provide structural hypotheses that assist mass-spectral in-
terpretation of a complex nucleophilic aromatic substitution reaction (Fig. 5).

2 Results

2.1 Generative network construction and single-step validation

Method overview. ReactNexus grows a network by coupling pathway proposals to endpoint iden-
tification and energetic evaluation (Fig. 1a). From an input reactant set, Nexus-Sampler proposes
TS geometries without specifying products, and Nexus-Simulator predicts full trajectories from these
geometries, enabling endpoint comparison with the input reactants and identification of distinct prod-
ucts. Nexus-Verifier evaluates energetics and supports pathway refinement using Carina, a reactive
MLIP based on the Equiformer-V3 architecture46 and trained on over 100 million energy–force data
points from our reaction dataset (Fig. 1b).
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Simulated trajectories and Carina single-point energies support rapid network exploration without
TS optimization or IRC calculations. When further verification is required, Carina TS optimization is
performed, followed by Simulator prediction or IRC calculations on the Carina potential energy surface
and endpoint verification. To reduce the computational cost of these calculations, TS candidates are
first clustered by geometrical similarity, and up to k representatives per cluster are sent to Simulator,
where k is configurable. Simulated trajectories that do not recover the input reactants at either
endpoint, or show no net change in bond connectivity between the endpoints, are excluded from
further calculation. The remaining candidates are grouped by endpoint connectivity and mapped
bond changes. Within each group, Carina single-point energy (SPE)-based screening and farthest-point
sampling select low-energy, geometrically diverse representatives, allowing multiple TS arrangements
and pathways connecting the same reactants and products to be retained.

After each round of calculations, further network exploration requires selecting which accepted
product sets to expand. Selection uses a persistent global candidate pool and a kinetic-guided policy
adapted from previous work.12 Candidates are ranked using local electronic barriers along their best
available complete routes from the starting reactants, with the largest barrier contributing most. The
configurable branching factor n sets the number of highest-priority eligible candidates selected from
this pool per round. Their complete product sets, including co-products and spectators, become new
Sampler inputs. The global pool is updated and reranked only after calculations for all inputs selected
in the current round are complete. New routes can update priorities, while previously discovered
unexpanded candidates remain eligible. Screening, identity assignment and navigation are detailed in
Sections 4.4, 4.7 and 4.8.

Reaction dataset. To establish a reaction database with broad chemical coverage, we sampled
approximately half a million molecular seeds from PubChem47 with an emphasis on chemical diversity.
The seed set included both open-shell and closed-shell species, retaining neutral, cationic and anionic
charge states as recorded in PubChem. Candidate reactions were then generated through generic
bond edits. The core dataset spans 11 elements (H, B, C, N, O, F, Si, P, S, Cl and Br) and covers
reactions with up to 15 heavy atoms. Conformational sampling and GFN2-xTB pre-explorations
supplied candidate TSs for DFT refinement (Fig. 1b).

To increase the representation of bimolecular reactions, we incorporated 52,169 bimolecular reac-
tions from RGD145 and Reaction-QM.48 Water-catalysed reactions were added from previous studies
of hydrogen cyanide and glucose reaction networks.12,14 Additional 53,315 in-house calculations on
macrocycle decomposition, click chemistry and polymer-chain initiation extended the dataset to reac-
tion systems containing up to 25 heavy atoms. These supplemental reactions entered the DFT stage
directly: their existing TS geometries were reoptimized and subjected to IRC calculations at the same
level of theory. Together, these sources cover multicomponent reactions and configurations away from
equilibrium, providing reactant and product structures, optimized TSs, trajectories obtained from
IRC calculations, and energy (E), force (F) and Hessian (H) labels. In total, the database contains
1,113,366 reaction records and 130,325,537 configurations with energies; forces and Hessians are avail-
able for 124,296,911 and 4,972,426 configurations, respectively. These populations overlap and are
not additive. Enumeration is used to construct training examples offline; network generation at in-
ference does not require enumerated products. Database construction and training/evaluation overlap
are described in Section 4.1; composition and chemical-space analyses are provided in Supplementary
Section S1. We named the resulting database RD11E, reflecting its coverage of 11 elements.

Single-step generation and verification. Network growth first requires proposals that connect
the input reactants to new products. For the benchmark, 1,000 reactions were selected from the test
set such that their reactant molecules were distinct and absent from the training set. Using only the
corresponding reactant graphs, Sampler generated ten TS candidates per reactant, yielding 10,000
candidates in total. Of these candidates, 93.6% yield a valid first-order TS after DFT optimization at
the same level of theory used for database construction; IRC calculations recover the input reactant

3



a Generative network construction

Reactant input Nexus-Sampler Nexus-Simulator Nexus-Verifier Network growth

C#N.O.O

H
H

C

C

N

N

O

O

H

H

H

H

O

O

H

H

H

H

Noise TS samples

−1 −0.5 0 0.5 1

Reactant TS Product
201 frames

L1 L2 L3

Seed

Predicted connectivity

Expand with products

Seed L1 L2 L3 Stop

Optimized TS Initial TS

TSOPT

1.73

1.25 1.19

1.20

1.65
1.17 1.26

1.10

R

TS

PIRC

bReaction database construction

Molecular seeds Bond enumeration Reaction filtering Additional sources

+

11 elements

H B C N

O F Si P

S Cl Br
Size / charge

H C N

+

O
H H

H
C

N
H

O
H

b2f2

Candidate R–P pairs

Quantum Chemistry Calculations

GFN2-xTB · CPU

GSM Conformational Sampling

4M valid TS

Sample 1M

DFT(GPU4PYSCF)

R P

TS TSOPT

IRC

R TS P

Reaction records

R-P-TS pair

Reaction trajectory

E F HPer point

Structures · trajectories · labels

c Sampler validation

S
u

c
c
e

s
s
 r

a
te

 (
%

)

0

25

50

75

100
95.9

TSOPT

93.6

TS

90.9

IRC

80.8

R
match

77.8

P ≠ R
pass passvalid

d TS structural deviation
Mean Median P90

0

0.2

0.4

0.6

0.8

R
M

S
D

 (
Å

)

0.212
0.128

0.503

Heavy atoms

0.304
0.189

0.706

All atoms

1.0

e Simulator validation
Raw Screened

0

25

50

75

100

M
a

tc
h

 r
a

te
 (

%
) 83.6 86.0

Generated

80.1
90.9

Carina-
optimized

91.1 93.5

DFT-
optimized

f Reactive MLIP benchmarking
Carina Orb-OMol25 MACE-OMol25

0

50

100

S
u

c
c
e

s
s
 r

a
te

 (
%

) 99.5 99.4 99.3

GSM
pass

83.2 82.8 83.7

TS
valid

74.3
63.9 66.2

Intended

PubChem · ~0.5M

Crossing Path clash
Unreasonable reactions removed

RGD1 Literature Networks

Fig. 1 | Generative reaction-network construction and single-step validation. (a) Reactant graphs condition
Nexus-Sampler to generate candidate transition-state (TS) geometries; Nexus-Simulator predicts full reaction trajectories
and their endpoints from sampled TSs. Nexus-Verifier uses Carina, a reactive MLIP, for single-point energy (SPE)-based
screening, TS refinement and intrinsic reaction coordinate (IRC) calculations. The modules support different levels of
refinement, with accepted product sets serving as inputs for further generation. A 201-frame trajectory prediction and an
example path obtained from an IRC calculation are shown. Distances are in Å. (b) Database construction from molecular
seeds and generic bond edits via conformational sampling, GFN2-xTB pre-explorations and DFT refinement. Additional
reaction sources enter directly at DFT TS reoptimization and IRC calculations. Records retain structures and trajectories
together with energies (E), forces (F) and Hessians (H). (c) Outcomes of DFT TS optimization, frequency analysis and
IRC calculations for 10,000 Sampler-generated TS structures. R match denotes recovery of the input reactant; R ̸=
P denotes distinct endpoint connectivities. All percentages use the initial 10,000 TS structures. (d) Displacements
from generated TS structures to corresponding DFT-optimized geometries for 9,360 valid TSs; P90 denotes the 90th
percentile. (e) Agreement of both Simulator-predicted endpoints with the corresponding DFT IRC endpoints for a
common set of 8,622 TS structures, using Sampler-generated, Carina-optimized and DFT-optimized TS inputs. Raw
includes all 8,622 input structures; Screened retains those satisfying R match and R ̸= P based on Simulator predictions.
(f) GSM convergence, valid-TS formation and intended-reaction recovery using Carina, Orb-OMol25 and MACE-OMol25
for the same 1,000 reference reactions, with optimized reactant and product endpoints supplied.

for 80.8% and connect it to a distinct product for 77.8% of the initial candidates (Fig. 1c). These are
the valid-TS, input-reactant match and productive-connection rates, respectively. The latter directly
measures the fraction of proposals that provide a potential new network connection. For the 9,360 valid
TSs, median RMSDs between generated and corresponding DFT-optimized geometries are 0.128 Å for
heavy atoms and 0.189 Å for all atoms (Fig. 1d). Differences in task formulation and required inputs
limit direct comparison with related generative models; contextual comparisons with MolGEN, React-
OT and GoFlow41,42,49 are provided in Supplementary Section S5.4.

Of the 10,000 Sampler-generated TS candidates, 8,622 had completed DFT IRC calculations and
converged Carina optimizations. This common subset was used to compare Simulator predictions from
the Sampler-generated, Carina-optimized and DFT-optimized geometries. Raw agreement measures
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the fraction of predictions matching both endpoints obtained from DFT IRC calculations across all
8,622 candidates: 83.6%, 80.1% and 91.1%, respectively (Fig. 1e). During network growth, only TS
candidates whose simulated endpoints connect the input reactants to a distinct product are retained for
expansion. To reflect this selection in the benchmark, Screened agreement uses the number of retained
predictions in each scenario as its denominator, giving 86.0%, 90.9% and 93.5%, respectively. These
are conditional agreements within the selected connections. The lower Raw agreement for Carina-
optimized inputs is partly due to the inclusion of geometries that fail the strict Carina TS criterion
(7.06%). The comparison against DFT IRC endpoints also includes differences between the Carina
and DFT potential energy surfaces. Among 7,967 candidates with accepted IRC calculations on both
potentials, Simulator predictions match the corresponding Carina IRC endpoints in 90.7% of cases.
Population definitions and complete results are provided in Supplementary Section S5.

The same 1,000 reactions were used to benchmark reactive MLIPs following the procedure of
ReactBench.30 Reactant and product inputs were taken from geometries obtained by optimizing the
corresponding IRC endpoints. Carina recovers both specified endpoints by IRC for 74.3% of reference
reactions, compared with 63.9% for Orb-OMol25 and 66.2% for MACE-OMol25. Higher rates of GSM
convergence and valid-TS formation are also obtained with Carina (Fig. 1f).34,50

2.2 Reaction-network coverage and conformational refinement

The decomposition of γ-ketohydroperoxide (KHP) is an established benchmark for automated reaction
discovery, with characterized pathways against which to assess coverage of competing decomposition
channels and their mechanisms.3,26,49,51 ReactNexus generated a two-layer network by expanding the
five first-layer product nodes reached through the lowest-barrier pathways (branching factor n = 5;
Fig. 2a). The recovered chemistry includes the classical Korcek sequence through a five-membered
cyclic peroxide, dehydration and direct fragmentation. The relative kinetic ordering of the previously
reported channels agrees with earlier YARP-based network exploration, apart from enolization (purple
in Fig. 2a), which becomes more competitive through a hydroxyl-assisted intramolecular hydrogen-
transfer mechanism (Fig. 2b).26 Retaining the decomposition co-products also allows the generated
water and formic acid to participate in subsequent reactions involving proton transfer, revealing water-
and acid-catalysed pathways.52

These pathways illustrate how cooperative proton transfer can provide lower-barrier mechanisms
connecting the same reactants and products (Fig. 2c). For acetaldehyde enolization, formic acid uses
different oxygen atoms to donate and accept protons, coupling these transfers to C–O bond-order
reorganization before being regenerated. This b4f4 pathway has a Carina-computed electronic barrier
of 26.9 kcal/mol, compared with 45.9 kcal/mol for the b3f3 alternative, in which a single acid oxygen
performs both roles. Similarly, addition of formic acid to acetaldehyde proceeds through a b3f3 pathway
coupling proton transfer with C–O bond formation and bond-order reorganization, with a barrier of
16.4 kcal/mol, compared with 54.1 kcal/mol for the b2f2 bond-exchange pathway to the same product.
Each comparison uses the same optimized reactant reference. Such cooperative mechanisms involve
several coupled reactive coordinates and can fall outside restricted bond-edit enumeration or be difficult
to locate through single-ended searches. ReactNexus samples these cooperative mechanisms without
prescribing their bond-change patterns or proton-transfer sequences.

For larger, conformationally flexible molecules, each reaction step presents numerous competing
pathways and a vast TS conformational space that is difficult to sample comprehensively. This complex-
ity increases during multistep exploration, as each newly formed intermediate opens further competing
pathways and multiplies the number of possible reaction sequences. The unexpected Ireland–Claisen
(IC) rearrangement cascade observed during studies towards the synthesis of the natural product cur-
cusone C was mechanistically elucidated by Lee and colleagues using trial-and-error calculations and
AFIR searches.53 It subsequently served as a benchmark for automated TS searches and reaction con-
formational sampling, with reactant and product structures supplied for the individual steps.54,55 To
control the cost of exploring this larger system, one closed-shell input was selected for expansion per
round (n = 1), using the barrier-based score of its best complete route from the starting reactant.
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Fig. 2 | Mechanism discovery and conformational refinement in reaction-network exploration. (a) Two-
layer γ-ketohydroperoxide (KHP) network, expanding the five first-layer product nodes reached through the lowest-barrier
pathways (n = 5). Co-products remain available for subsequent reactions. (b) Representative TSs for self-assisted, formic-
acid-assisted and water-assisted proton transfer. Colours correspond to highlighted pathways in a; distances are in Å.
(c) Alternative pathways connecting the same reactants and products. Labels bnfn count broken and formed bond-order
units, including explicit hydrogen transfers. (d) Five-step Ireland–Claisen (IC) reference sequence and selected competing
connections. One closed-shell input is selected per global-pool expansion (n = 1); the eleventh expanded input, INT4,
supplies the connection to P. Dark solid and grey dashed profiles denote the reference sequence and competing reactions.
Platforms show TS and product reference energies relative to the initial R. (e) TS conformational coverage from Sampler
candidates and constrained sampling after Carina refinement (226 records in 66 geometrical groups). Tracks show source-
specific group minima and points individual records; triangles and stars mark initial reference and selected TSs. ∆E is
relative to the lowest TS retained for each reaction in the initial exploration. Central values give barrier reductions with
the corresponding reactant reference fixed. All energies are Carina-computed electronic energies in kcal/mol.

Selection draws from the entire persistent candidate pool, retaining competing branches for later ex-
ploration. After 11 rounds of expansion, including exploration of competing branches, the network
reaches the final product P (INT5) through the five-step sequence of Cope and Claisen/retro-Claisen
rearrangements and 1,5-silyl migrations (Fig. 2d). The competing pathway from INT2 couples O-to-O
silyl transfer with C–O cleavage to form a ketene-containing product (P3). From INT3, silyl transfer
coupled to intramolecular C–O bond formation yields a β-lactone (P4), providing an alternative to
the retro-Claisen rearrangement. A distinct ring closure from P3 forms the four-membered lactone P6,
while the P2 branch supplies a connection back to INT2. Competing chemistry therefore includes both
new skeletons and routes rejoining the reference sequence. The selected profiles compare reaction path-
ways using the selected reactant conformers as energy references; stereochemical differences between
successive calculations and the separately explored P6 diastereomer are distinguished in Section 4.8.
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For a given reaction connection, distinct TS conformations can yield different barrier estimates.
Two complementary approaches broadened the set of TS seeds beyond the original screened represen-
tatives. First, Sampler candidates previously screened out to reduce computational cost were recovered
for supplementary refinement. The full set of 540 candidates assigned to the five reference transfor-
mations was taken forward for Carina TS optimization and IRC calculations without reapplying the
original multistage screening. Second, constrained conformational sampling generated additional seeds
around an initially verified TS with the reactive core restrained.56,57 All restraints were released before
Carina TS refinement and subsequent IRC calculations (Fig. 2e). The two approaches populate both
shared and distinct geometrical groups. Three of the five lowest retained TSs were obtained from
constrained sampling, and two from additional refinement of Sampler candidates. With the reactant
reference held fixed for each step, these searches lower the Carina-computed electronic barriers by
0.09–1.53 kcal/mol relative to the lowest TSs retained for the corresponding reactions in the initial
exploration. Combining the two approaches reduces reliance on a single TS conformation when assign-
ing the barriers used for network exploration. Sampling settings, geometrical grouping and numerical
diagnostics are detailed in Supplementary Section S7.1. For comparison with earlier work, B3LYP-D3
single-point calculations with continuum n-hexane solvation were performed on the Carina-optimized
structures. The comparison and computational differences are provided in Supplementary Section S7.2.

2.3 From multicomponent reactants to catalyst regeneration

Multicomponent catalysis couples substrate activation and bond formation to product release and cata-
lyst regeneration. With several components present, the catalyst can interact with different substrates,
while newly formed intermediates and co-products open additional reaction pathways. Exploring the
resulting network requires identifying pathways to product formation and catalyst regeneration, to-
gether with competing reactions of the substrates and catalyst. Proline-mediated aldol addition and
phosphine-catalysed allenoate–acrylate coupling provide contrasting modes of substrate activation for
examining this challenge. Both networks were explored from two substrates and an organocatalyst
(Fig. 3).

The proline-mediated aldol network was seeded with acetone, benzaldehyde and proline (L0-1;
Fig. 3a). Exploration identified covalent adducts involving all three components [L1-2(S)], followed
by formation of an acetone-derived iminium and benzaldehyde hydrate (L2-3). Coupled proton and
hydroxyl-group transfer from benzaldehyde hydrate to the acetone–proline intermediate regenerates
benzaldehyde and yields the carbinolamine (L3-3). Subsequent dehydration forms the iminium inter-
mediate and releases water (L4-1), followed by proton transfer to form the enamine (L5-3). Benzalde-
hyde therefore participates in catalyst activation as well as serving as the subsequent C–C coupling
partner. Enamine C–C addition gives L6-2(S,E/Z) and L6-3(R,Z). Subsequent proton transfers and
hydration lead to carbinolamines L9-2(S/R), whose C–N cleavage releases the aldol products and regen-
erates proline [L8-2(S/R)]. The established catalytic sequence is thus recovered within the generated
network.58–60

Alongside these three-component activation pathways, the network also contains the conventional
acetone–proline carbinolamine-forming pathway to L3-3, with benzaldehyde remaining a spectator.
Its electronic TS height is 39.0 kcal/mol, compared with 22.7 kcal/mol for formation of L1-2(S) and
18.1 kcal/mol for a distinct three-component adduct, all relative to the same initial mixture of acetone,
benzaldehyde and proline. Sampling acetone, benzaldehyde and proline together therefore accesses
both two-component and three-component reactions, with pathway barriers guiding which products
are explored next.

A separate route couples the free enol of acetone with benzaldehyde, with free proline serving as a
proton shuttle (L7-1). During C–C addition, the carboxylic acid group of proline accepts a proton from
the enol and donates one to the aldehyde oxygen, yielding the aldol products and regenerating free
proline [L8-2(S/R)]. The network thus connects covalent enamine catalysis with an alternative mode
of C–C formation assisted by free proline.

Removing water from L5-3 gives the enamine–benzaldehyde reactant pair of the classical Houk
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dashed arrows indicate reactions with and without water, respectively. Arrow values are local Carina-computed electronic
barriers (kcal/mol), each relative to the corresponding optimized reactants. L labels denote exploration batch/rank; B,
supplementary intermediates; U, unexpanded products.
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model.59,60 An independent sampling test on this water-free system generated 10,000 TS proposals
and recovered all eight reference conformational families for R-proline, whereas seven were observed
for S-proline. The complete R-proline set is shown in Fig. 3c; corresponding whole-system mirror
pathways for the two catalyst enantiomers are energetically equivalent in an achiral environment.
DFT energies and thermal corrections were evaluated on the Carina-optimized geometries. The lowest
anti structures lie below the syn alternatives, consistent with the qualitative trend obtained from the
TSs manually constructed and optimized by Houk and co-workers.61 Recovery of these established
TS families provides a test of conformational sampling coverage beyond identification of the reaction
connection.

The phosphine-catalysed network was seeded with methyl allenoate, methyl acrylate and PMe3.
Phosphine addition followed by C–C bond formation opens several ring-forming pathways (Fig. 3b).
One dry branch closes a four-membered carbocycle and regenerates intact neutral PMe3 (U1; final-step
barrier 10.2 kcal/mol), demonstrating autonomous recovery of a catalyst-release pathway. A separate
branch reaches the five-membered cyclic phosphonium ylide L3-2, where proton transfer is required
before elimination to the classical [3+2] product.

Direct substrate [1,2]-hydrogen transfer from L3-2 has a barrier of 43.1 kcal/mol (Supplementary
Section S8.3). This differs from the 45.2 kcal/mol transfer from a phosphine methyl group, which gives
a different product (Fig. 3d). Earlier experimental and computational studies identified water-assisted
proton transfer in related phosphine-catalysed cycloadditions, motivating extension of the network
from this intermediate with one explicit water molecule.62,63 Water first protonates the ylide to form
B4 (11.0 kcal/mol); the resulting hydroxide then removes the adjacent substrate proton, forming B5
and regenerating water (6.5 kcal/mol). This sequence relocates the carbanion to the carbon adjacent to
the phosphonium-bearing carbon, providing the arrangement required for elimination. After removal
of the regenerated water, further calculations from B5 locate release of PMe3 and the five-membered
cyclopentene U4 (15.2 kcal/mol), below the lowest sampled competitor B9 (17.8 kcal/mol) relative to
the same optimized reactants. The expanded network therefore provides further computational support
for the proton-shuttle role of water identified in earlier mechanistic studies.63

Water-assisted regeneration also competes with reactions of the catalyst itself. From B4, P–O bond
formation between hydroxide and the phosphonium centre yields B6 with a barrier of 0.5 kcal/mol,
below the proton-transfer route to B5 (6.5 kcal/mol), and subsequent reactions lead to phosphine oxide
(Fig. 3b,d). Water therefore opens competing routes towards regeneration and phosphorus oxidation.
Other phosphine branches involve catalyst methyl groups or phosphorus-containing rings. Analogous
branching appears in the proline network: condensation intermediates undergo retro-aldol cleavage
or cyclize to oxazolidinones, while azomethine ylides undergo further C–C addition and cycloaddi-
tion (Fig. 3e). Together, these pathways reveal alternative fates of catalytic intermediates alongside
regeneration.

2.4 Distinct carbocation entries converge onto a shared rearrangement network

Carbocation rearrangements provide a setting to examine the extent of chemically relevant reaction
space. In other applications, HopCat illustrates the scale of formal rearrangement space, with reported
networks of 3,404 nodes for a taxanine rearrangement and 909,937 nodes for a mixed forward–retro
biosynthetic search.64 Here, linalyl and fenchol-derived cations provide contrasting acyclic and bridged
entries for assessing how much product-related chemistry can be recovered by kinetic-guided exploration
without enumerating every formally allowed branch.12,65

The two explorations converge onto shared cation skeletons (Fig. 4a). Cyclization and subsequent
rearrangements from linalyl cation reach α-terpinyl (L1-1/F2-1), 2-pinanyl (L2-2/F1-2) and fenchyl-
type (L3-2/F1-1) skeletons. Ring opening and skeletal migration from the fenchol-derived entries also
reach α-terpinyl and terpinen-4-yl (L2-1/F3-1) cations. HopCat quenching rules map these cations to
the experimental reference products (Fig. 4b), excluding oxidative p-cymene formation from the linalool
comparison. The displayed networks contain 153 and 72 nodes after grouping stereoisomers with the
same connectivity and recover precursors for 8/8 non-oxidative linalool and 10/12 fenchol reference
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products, respectively. This reference-product coverage is already reached within three expansion
rounds.

Beyond recovering product-related chemistry, kinetic-guided exploration can test whether interme-
diates inferred from rearrangement templates persist on the calculated potential-energy surface. For
fenchol, the nominal 2-fenchyl cation F0-1 relaxes to F1-1 in both Carina and DFT optimizations
(Fig. 4d). Sampler and Simulator were therefore used to generate alternative entry structures, and the
retained F1-1, F1-2 and F1-3 structures seeded separate network expansions (Fig. 4a). The HopCat-
assigned precursors of the two unreached fenchol reference products, δ-fenchene (13) and bornylene (17),
are likewise not retained as distinct nodes: C7+ and 2-bornyl+ relax to F3-3 and camphenyl cation
F2-3, respectively, in both methods. These relaxation outcomes do not exclude product formation
through deprotonation coupled to rearrangement. Such routes remain unresolved because quenching
is assigned by rules rather than calculated explicitly. A stepwise template sequence can also imply an
intermediate that is absent along an explicit reaction path. For L4-2 → L2-1, successive hydrogen shifts
form a continuous elementary reaction step containing a single TS (Fig. 4c). Along this path, the con-
nectivity associated with the HopCat-proposed intermediate appears only transiently, without forming
a separate intermediate minimum. The classification in Fig. 4e places these findings in the broader
context of HopCat rules. Most directed net changes match a single encoded rule or can be composed
from multiple rules. Low-barrier examples include net carbon and hydrogen migration in F1-1 → F3-3
(11.7 kcal/mol) and two carbon migrations in F1-2 → F2-3 (9.1 kcal/mol). Only six connections are
not composable under the tested rule set. Their barriers are comparatively high (24.2–51.9 kcal/mol),
and none lies on an identified reference-product route. This supports the breadth of the tested HopCat
rules along the identified product routes, while explicit pathways clarify the stability and connectivity
of the intervening species.

2.5 Candidate generation and pathway competition in a multisite reaction

Reaction networks can also aid the interpretation of experimental reaction mixtures by linking can-
didate species to their possible formation pathways.11,66 We examined whether a network generated
directly from reactants could help explain unresolved LC–MS signals and guide further experiments.
Initial LC–MS measurements of the reaction of 2,6-dichloro-4-methylnicotinonitrile (A) with hydrazine
(B) contained signals that could not be explained by the expected monosubstitution products alone,
including the M332 mass group (Fig. 5c). Assigning these signals is challenging because both reactants
offer multiple reactive sites: A contains two activated C–Cl bonds and a nitrile group, while either
nitrogen of hydrazine can participate in further reaction.

Starting from A and B, ReactNexus identifies C2 and C6 substitution to P2 and P6, respectively,
both in the M182 family, with Carina electronic barriers of 24.4 and 25.4 kcal/mol (Fig. 5a,b). Their
remaining C–Cl and N–H groups open two distinct types of continuation. Reaction with another
molecule of A gives the M332 diarylation candidates P332a–f , whereas reaction with additional B gives
the disubstituted candidate P178 from P6. The network thus connects the initial A + B reaction to
products derived from 2A + B and A + 2B. The displayed 1,2-N-diarylation routes to P332a–c lie below
the competing 1,1-N-diarylation routes to P332d–f . For P6 → P178, the local barrier is 25.4 kcal/mol; the
plotted TS level of 11.3 kcal/mol results from alignment to the displayed P6 level. These second-step
profiles use separate reactant references for the added A or B.

The network-derived candidates guided a re-examination of the LC–MS data, revealing an addi-
tional signal consistent with the M178 family. This finding prompted follow-up experiments at 100 ◦C
to examine continued substitution of a monosubstituted intermediate. M178 signals were very weak at
70 ◦C, weak after 1–2 h at 100 ◦C and strong after 4 h, whereas M332 signals were strong at 70 ◦C and
weaker at 100 ◦C (Fig. 5c). Thus, computational exploration identified candidate products, directed
the search for an additional experimental signal and motivated experiments at a higher temperature.
The measurements support access to the continued-substitution product family; individual regioisomers
and N-substitution patterns remain to be distinguished experimentally.

The network also connects substitution and nitrile addition to cyclization. Closure from P2 and
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Fig. 5 | Reaction pathways and experimental analysis of a multisite reaction. (a) Gas-phase Carina electronic-
energy profiles (kcal/mol) and candidate structures from 2,6-dichloro-4-methylnicotinonitrile (A) and hydrazine (B).
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routes through the nitrile-addition intermediate IZ , either directly or through IN , reach the charge-
separated cyclic candidate P±

cyc. These higher-energy alternatives broaden the mechanistic hypotheses
beyond successive substitution. The reported CuI-promoted formation of pyrazolo[3,4-b]pyridines from
2-chloro-3-cyanopyridine and hydrazines provides a precedent for examining catalytic conditions that
could favor this class of cyclization.67

The initial site preference is sensitive to the energy model and solvation. Although Carina slightly
favors C2 substitution, independent DFT single-point calculations with SMD(DMF) on Carina geome-
tries favor C6 substitution, with barriers of 14.25 and 12.93 kcal/mol for P2 and P6, respectively.

These results illustrate a practical role for generative reaction networks in experimental discovery.
Unexplained signals motivate exploration beyond the anticipated transformation, while the resulting
candidate structures and formation pathways provide hypotheses that can be examined by changing
reaction conditions. Here, the network connects additional mass groups to competing continuations
of the initial substitution, and temperature- and time-dependent measurements support access to one
of these product families. Network generation can therefore guide an iterative exchange between
experimental observation and mechanistic hypothesis testing.

3 Discussion

In this work, we establish a generative formulation of reaction-network exploration that constructs un-
known networks directly from reactants, without predefined products, reaction templates or enumerated
reaction candidates. Pathway generation and verification identify new species and their connections,
and kinetic-guided selection uses these discoveries to determine subsequent exploration. ReactNexus
thus builds networks through successive mechanistic predictions, including for multicomponent and
flexible systems whose relevant reactions are difficult to specify in advance.

Because newly formed species remain available for further reaction, network growth can reveal
co-product-assisted proton transfer alongside lower-barrier mechanisms involving cooperative bond
changes (Fig. 2). Applied to catalysis, this connects regeneration with competing reactions, comple-
mented by targeted exploration of water-mediated proton shuttles (Fig. 3). Explicit pathways addi-
tionally distinguish transient connectivity from stable intermediates within overlapping carbocation
networks that recover most reference-product precursors from a compact set of species (Fig. 4). These
mechanistic connections provide a basis for linking candidate product families to unexplained LC–MS
signals and designing experiments to test their formation (Fig. 5).

Translating these mechanistic hypotheses into quantitative predictions of experimental outcomes
requires a more complete treatment of energetics and reaction conditions. Carina currently lacks an
implicit-solvent treatment, and thermochemical accuracy has not been a primary focus. Reaction-path
training data across solvent environments and validated vibrational free-energy corrections are therefore
needed. MLIP Hessians provide approximate corrections, but low-frequency modes require particular
scrutiny, together with consistent treatment of conformational populations and concentrations.33,68

The range of reactions that can be explored reliably also depends on how electronic states and
stereochemistry are represented. Diradical pathways remain insufficiently sampled and validated, in-
cluding their competition with closed-shell ring formation. The reactant graphs used here do not
impose atom-chirality or alkene E/Z constraints, so both proline enantiomers are sampled even when
an enantiopure catalyst is intended. Explicit stereochemical conditioning and broader open-shell val-
idation are therefore needed. Extending the framework to transition metals will additionally require
training data spanning their coordination environments and electronic states. We anticipate that gen-
erative reaction-network exploration will open new opportunities for testing mechanistic hypotheses,
discovering reactions and guiding experimental design.
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4 Methods

ReactNexus couples reactant-conditioned TS generation, trajectory prediction and energetic verifica-
tion with kinetic-guided selection of subsequent inputs. The methods below define the training data,
model roles, scientific admission criteria and network-selection procedure. Full model specifications,
hyperparameters, algorithms, campaign settings and application-specific controls are collected in the
Supplementary Information.

4.1 Reaction database construction and evaluation overlap

Approximately half a million molecular seeds were sampled from PubChem with an emphasis on
chemical diversity.47 Selection retained neutral, cationic and anionic species, including open-shell and
closed-shell systems, rather than generating charge states by protonating or deprotonating each seed.
The core systems contained up to 15 heavy atoms drawn from H, B, C, N, O, F, Si, P, S, Cl and Br.
Candidate reactions were constructed offline by generic bond edits involving up to three broken and
three formed bonds, extending the b2f2 and b3f3 elementary reaction steps used in YARP.3,26 A tree-
based filter removed unphysical candidates.55 Multimolecular examples included pairs of reactants and
systems containing explicit catalysts or solvent molecules. Enumeration supplies training examples; it
is not required during reactant-only network generation.

Core candidates were characterized with the YARP-derived reaction characterization workflow. Re-
action conformational sampling, GFN2-xTB pre-exploration, growing-string calculations, TS optimiza-
tion and IRC calculations yielded approximately four million reactions with valid TSs.55,69 Growing-
string calculations used pyGSM in double-ended mode (DE-GSM),70,71 and TS optimization and IRC
calculations were performed with pysisyphus.72 Approximately one million were selected for gas-phase
DFT TS optimization and IRC calculations at the ωB97X-D4/def2-TZVPD level using GPU4PySCF
1.4.1.73–75 The functional/dispersion specification was wb97x-d4:wb97x-2008. Supplemental TSs en-
tered this DFT stage directly and were reoptimized at the same level.

Bimolecular reactions from RGD1 and Reaction-QM supplemented the core data, while previ-
ous studies of hydrogen cyanide and glucose supplied water-catalysed reactions.12,14,45,48 In-house
macrocycle-decomposition, click-chemistry and polymer-chain-initiation calculations extended the up-
per size limit to 25 heavy atoms. The database contains 1,113,366 reaction records and 130,325,537
configurations with energies; forces and Hessians are available for 124,296,911 and 4,972,426 con-
figurations, respectively. These populations overlap and are not additive. Before training, records
with anomalous endpoints, discontinuous energy profiles or severely distorted optimization geometries
were removed. Retained reactions require positive TS-to-endpoint energy differences no greater than
150 kcal/mol for both IRC endpoints and both optimized endpoints. The database totals and source
breakdown are reported separately from the cleaned training populations in Supplementary Section S1.

All three models use the same reaction-level training–test split, with validation data drawn from the
training partition. Evaluation independence additionally requires examining complete reactions and
reactant sets. Reaction-level overlap concerns the complete reactant–product connection, including
the reverse direction, rather than a shared TS conformer or reaction label alone. Reactant-set overlap
concerns the same complete molecular composition and state, including all co-products and specta-
tors, stoichiometry, charge and spin, irrespective of which outgoing reaction is considered. Reuse of an
individual molecule or fragment is recorded separately and does not establish either complete-reaction
or reactant-set overlap. Correspondence must respect mapped connectivity and electronic-state infor-
mation, with stereochemical equivalence stated separately.

For the single-step benchmark, 1,000 test reactions were selected with distinct reactant molecules
absent from training. Reactions from the KHP network, the IC rearrangement and the proline- and
PMe3-catalysed systems were not included in the training data.
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4.2 Sampler construction and training

Sampler generates all-atom TS geometries conditioned on the complete reactant graph, total charge
and spin multiplicity, without product information or a three-dimensional reactant geometry. The
graph can contain several disconnected molecular components. A harmonic prior places springs along
reactant bonds and keeps the components in a common spatial region.76,77 A flow-matching model
transforms independent prior samples into TS candidates, enabling different reaction channels and
conformations to be generated from the same input.78,79

The model uses the DiTMC transformer, with attention across atom pairs, including pairs from
different molecules.80 Training aligns the prior geometry to the reference TS, samples noise-smoothed
intermediate structures and learns to recover the target TS. Either endpoint graph can condition a
training TS, exposing both reaction directions. At inference, the learned flow is integrated from an
independent prior sample in 50 Euler steps. The full graph features, prior, learning objective and
integration scheme, together with training and sampling algorithms, are specified in Supplementary
Section S2. Independent prior draws supply sampling diversity; their frequencies are not interpreted
as reaction rates or product populations.

4.3 Simulator construction and inference

Simulator predicts a reaction trajectory from a supplied TS geometry, atomic elements, total charge
and spin multiplicity. Its Equiformer-V3 backbone predicts displacements from the TS as a function
of a normalized progress coordinate, reproducing the supplied structure at the central frame.46 This
coordinate describes progress along a path, not physical time. Training uses trajectories obtained from
DFT IRC calculations, resampled independently to 100 frames on each side of the central TS. The
positive branch is oriented towards the lower-energy endpoint during training to avoid inconsistent
directional labels.

The objective combines atomic-position and interatomic-distance errors; perturbed input TS ge-
ometries provide tolerance to unoptimized candidates. A dense prediction contains 201 frames, while
endpoint screening can evaluate only the TS and two terminal frames. All frames are predicted from
the same input without iterative force-based propagation. Generated, Carina-optimized and DFT-
optimized structures can therefore be used as inputs. Simulator supplies endpoint assignments and
initial geometries for subsequent checks; it does not predict energies. Its architecture, objective, train-
ing settings and endpoint-perception procedure are given in Supplementary Section S3.

4.4 Screening and representative selection

Rapid exploration combines Sampler, Simulator and Carina single-point energies without TS optimiza-
tion and IRC calculations. When further verification is required, selected TS structures are optimized
on the Carina potential, followed by Simulator prediction or IRC calculations and endpoint verifica-
tion. DFT checks are separate operations. To reduce the number of expensive refinements, generated
structures first undergo geometrical clustering and representative selection. Near-duplicate candidates
are excluded from further processing while their original geometries and selection records are preserved.
Up to k geometrically diverse representatives per cluster are sent to Simulator.

Simulated trajectories are retained when exactly one endpoint recovers the input adjacency and the
other has different connectivity. Trajectories describing only conformational change or returning to the
input connectivity at both ends are excluded, as are trajectories that recover neither input endpoint.
Retained candidates are grouped using mapped endpoint states and bond-change signatures. Different
mechanisms connecting the same reactants and products are not automatically merged. Within each
family, Carina single-point energy (SPE)-based screening and farthest-point sampling select low-energy,
geometrically diverse representatives, preserving multiple TS arrangements.

For example, in the phosphine-catalysed reaction network, initial complete-linkage clustering used
a 0.15 Å heavy-atom RMSD threshold and k = 3. The SPE window extended 50 kcal/mol above
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the lowest finite candidate SPE in the entire input batch; it was not a barrier relative to a reactant
minimum. Up to five representatives per pathway family were retained, seeded by the lowest-SPE
candidate. These operational values are campaign-specific. Refined connections are assigned from
their actual calculated endpoints, which can differ from the initial prediction. Supplementary Sec-
tion S6.1 specifies the selection sequence, distance definitions, settings and separately recorded rescue
calculations.

4.5 Carina and stationary-point verification

Carina is an Equiformer-V3 reactive MLIP with charge and multiplicity embeddings.46 It was trained
on cleaned configurations from reactions in the RD11E training partition using energy and force tar-
gets; Hessians were not used as training targets at this stage. Forces and Hessians are obtained by
differentiating its predicted energy. Elemental reference energies are added to the learned atomic-
energy target to recover total energies. Full architecture, training settings and evaluation populations
are provided in Supplementary Sections S4 and S5.

The recorded production protocol uses redundant internal coordinates and restricted-step image
rational-function optimization in pysisyphus, with native Gaussian gau convergence criteria, up to 50
steps and Hessian recalculation every five steps.72 Native convergence and the imaginary-frequency
criterion are assessed separately. Production records use a significant imaginary-frequency threshold
of −10 cm−1; the strict single-step benchmark uses exactly one imaginary frequency below −50 cm−1.
These populations are not interchangeable. Cycle-limited candidates continued under a provisional
policy retain their convergence status and are not relabelled converged TSs.

IRC calculations use the Carina potential in both directions, followed by the endpoint and common-
reactant operations recorded for each campaign. Raw terminal frames and optimized endpoints are
distinguished, and a terminal frame without a frequency calculation is not assumed to be a minimum. A
connectivity change during endpoint optimization is attributed to that relaxation. Numerical settings
and provisional handling are detailed in Supplementary Section S6.2; IC conformational supplementa-
tion is described in Supplementary Section S7.1.

4.6 Energy references and independent checks

Network barriers are local Carina-computed electronic-energy differences between a TS and the declared
optimized common-reactant reference for the same complete molecular composition. Values from in-
dependent inputs do not automatically share a global energy zero. For a nonstationary candidate, the
difference is a relative electronic height. Non-finite or negative heights are retained for diagnosis but
excluded from navigation scoring. Free-energy corrections are reported only where calculated, with
their Hessian source, temperature, standard state and solvent treatment specified.

The IC conformational comparison measures TS-energy changes relative to the initially retained
lowest-energy TS for each reaction, using the same reactant reference. Reactive-core-constrained sam-
pling follows CREST and the established model-reaction procedure; all restraints are released before
final refinement.56,57 Independent IC DFT single points use B3LYP-D3/6-311++G(2d,2p) with IEF-
PCM hexane on unchanged Carina geometries. They are energetic checks, not DFT-optimized TSs.
Similarly, fixed-geometry proline SMD(DMSO) single points and Hessian-based qRRHO corrections
provide approximate free energies rather than verified DFT stationary-point barriers.68

4.7 Mapped identity and stereochemistry

Endpoint admission compares adjacency matrices from stored geometries under the original atom
mapping, retaining every explicit hydrogen and fragment. Exactly one matching endpoint supplies
a productive connection; two matching endpoints or no matching endpoint do not. Bond-electron
matrices, formal charges, nonbonding electrons, isotopes and total charge/spin are recorded separately.
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Consolidating complete molecular states for navigation also checks their electronic state. Equivalent-
atom permutations require mapping witnesses; adjacency agreement alone does not establish Lewis-
state equivalence or a stationary minimum.

Sampling inputs do not impose stereochemical constraints. Stereocentres and alkene configurations
are analysed afterwards using stored three-dimensional coordinates and fixed mapped ligands, distin-
guishing local parity from CIP naming changes. Node consolidation never supplies an uncalculated
stereoisomerization step. Full identity and stereochemistry procedures are specified in Supplementary
Section S6.4.

4.8 Global kinetic-guided network growth

After each input calculation, eligible product sets enter a persistent global candidate pool. For a route
π from the root r to node v, finite non-negative local electronic heights are sorted in descending order,
b(1) ≥ b(2) ≥ · · · . The candidate priority is

S(v) = min
π∈PLmax (r,v)

|π|∑︂
i=1

10−(i−1)b(i)(π). (1)

The minimum is taken over admissible routes within the declared reaction-depth bound. Thus the
largest height dominates, with decreasing contributions from the remaining heights. This score guides
exploration rather than defining a rate constant or activation free energy. Newly discovered routes can
lower the priority score of an existing candidate.

The branching factor n specifies the number of unexpanded input groups selected from the entire
pool per batch: n = 5 for KHP, n = 1 for IC and n = 3 for the global-top-three catalytic explorations.
It is distinct from the per-cluster representative count k. Unselected candidates remain available. All
selected inputs must finish their scientific modules before their admitted outgoing edges are incor-
porated together and the pool is reranked. Failed modules do not count as completed expansions.
Compatible archived calculations can be reused only when their parent is causally selected, preventing
future edges from influencing earlier decisions.

Each input retains all co-products, spectators, charge/spin and atom mapping. Products from
unrelated input sets are not recombined. Explicit water controls, targeted follow-ups and refinements
are identified separately. IC combines causal replay with new calculations for competing reactant
sets; its five-step chemical path is distinguished from the eleven expanded inputs needed to recover its
terminal product. General selection rules are given in Supplementary Section S6.5; IC selection history
and catalytic stopping criteria are described in Supplementary Sections S7.3 and S8.4.

Data and code availability

Static images and interactive HTML views of every reaction network reported here are provided in the
Supplementary Information. The reaction database and the trained models will be released upon accep-
tance of the manuscript. ReactNexus will be available shortly for online use and network visualization
through the MIRA platform at https://mira.deepprinciple.com.
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