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Hierarchical incremental learning
deciphers molecular arrangements in
multi-component materials

Hanyin Zhang1,2, Nan Lin 3, Austin M. Evans4, Tonghui Wang 5,
Saied Md Pratik6, Jean-Luc Bredas 6 & Haoyuan Li 1,2

Identifying meaningful patterns of atomic and molecular arrangements from
molecular simulations is crucial for revealing microscopic mechanisms in
materials. Unraveling these patterns is challenging for the multi-component
systems frequently encountered in advanced materials, energy and environ-
mental applications. This limits the understanding of the microscopic
mechanisms that ultimately govern theperformanceof devices basedon these
systems. Here, we propose a hierarchical incremental learning research pro-
tocol named HiDiscover to systematically expedite the mechanistic explora-
tion in multi-component materials. As illustrations, we study Li-ion transport
and gas adsorption in nanoporous framework materials, as well as molecular
packing in organic active layers for photovoltaics. The HiDiscover protocol
enables the detailed differentiation and facile extraction of ionic and mole-
cular arrangements, and reveals quantitative microscopic features that are
difficult to discern through conventional molecular simulations, thereby
informing materials design. Our approach is seen to improve the reliability of
mechanistic descriptions for three different processes in three different clas-
ses of materials.

A key to developing novel active molecules, materials, or devices in
materials, energy, and environmental sciences is the comprehension
of the microscopic characteristics and temporal evolution of atomic
and molecular systems1–6. At this point in time, mechanistic insight
(whether focused on static or dynamic features) is largely derived from
molecular simulations7, which determine the evolution of atomic
coordinates that are denoted as trajectories. In their raw format, these
data do not directly inform any mechanistic process. Therefore, a
crucial task for the researcher is to identify meaningful atomic/
molecular arrangements, which are required to derive themicroscopic
mechanisms8–10. However, gaining a clear understanding of the fea-
tures of the often complex atomic/molecular arrangements within

multi-component systems remains difficult, which limits their impact
in terms of revealing the microscopic mechanisms11. This challenge is
becoming increasingly significant as the research interests increasingly
involve mixed organic/inorganic composites12–15 or interfaces16–19. The
study of these advanced materials is already complicated by slow
dynamics and/or complex factors that often hinder full characteriza-
tion via a single simulation. Consequently, mechanistic insights are
frequently inferred from data available to the researcher.

We take two-dimensional covalent organic frameworks (2D COFs)
as an example, which have been extensively studied in recent years as
solid-state electrolytes in metal batteries for increased safety and
lower operating temperatures20–25. Understanding the mechanisms
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underlying Li-ion transport in these frameworks is critical for their
design towards higher ionic conductiviti, yet our knowledge of the
microscopic processes involved remains incomplete24. The challenge
lies not only in the long timescales required to accurately capture the
ion motion in the pores of 2D COFs24, but also in the lack of tools
capable of extracting meaningful ionic arrangements from these
composite and disordered systems. Currently, the interpretation of
the molecular simulation data obtained on such systems heavily relies
on a manual examination of trajectories (often incomplete due to the
large number of frames that need to be analyzed) and reasoning based
on statistical indicators (such as the radial distribution functions) and
the researcher’s expertise26–28. However, this approach generally leads
to empirical mechanistic inferences instead of exhaustive and quanti-
tative characteristics. The heavy reliance on the researcher’s experi-
ence also introduces potential biases, which makes the resulting
interpretations susceptible to subjective information.

Methods have been relatively well established to identify atomic
arrangements in simple structures like crystals, with earlier
approaches exploiting structural descriptors like the common neigh-
bor analysis29, centrosymmetry parameter30, common neighbor
parameter31, and others32–34; these methods, however, often suffer
from reduced accuracy at large deviations from the perfect crystal
structures, making them inapplicable to the complex, multi-
component materials35,36. Recently developed machine-learning (ML)
approaches have shown improved accuracy and broader applications
to materials35,37,38 and have facilitated the descriptions of a few com-
plex systems, such as solid-liquid interfaces39 and amorphous atomic
solids40,41. A key in such approaches is a dataset of labeled atomic
structures built from a series of isolated reference molecular models
that represent different types of atomic arrangements; this dataset is
used to train the machine-learning model that then predicts the local
structure within a target system by similarity. However, due to the
inherent challenges in constructing datasets of isolated phases for
multi-component materials with diverse interfaces, developing a
machine-learning model capable of identifying atomic and molecular
arrangements in complex systems remains a difficult proposition38,39,42.
We note that, although machine-learning approaches have made sig-
nificant advances in recent years for analyzing molecular simulation
data, current methodologies remain inadequate for identifying
meaningful atomic/molecular arrangements in complex multi-
component materials43–45.

Herein, we propose an incremental learning46 approach to allow
the use of overlapping datasets in training machine-learning models
that identify atomic and molecular arrangements. This makes it fea-
sible to construct reference molecular models for general multi-
component materials. In practice, one can use a series of molecular
modelswith similarities to the target systemas a reference formachine
learning. Our results demonstrate the feasibility of constructing these
reference systems for diverse multi-component materials relevant to
energy and environmental research applications. The labels can be
appropriately defined and learned in an incremental manner by feed-
ing datasets sequentially. We further divide the problem into separate
tasks, each dealing with a portion of the whole system, facilitating
model training while providing flexibility for focusing on the parts of
interest. The predicted labels from different tasks are combined at a
later stage, forming a complete descriptor of microscopic atomic and
molecular arrangements. The final model has a hierarchical structure
with task incremental learning in the outer layer and class incremental
learning in the inner layer. As a result, this approach enables us to
identify relevant atomic andmolecular arrangements in general multi-
component materials, addressing a critical challenge that remains
intractable using previous methodologies.

In this framework, to systematically accelerate the mechanistic
studies of materials, we have developed a research protocol that we
named HiDiscover. This protocol allows the analysis of the machine-

learned labels of atomic/molecular arrangements directly from the
simulations, and reduces the reliance on a researcher’s experience in
addressing raw simulation data, often in a non-exhaustive way. To
illustrate the efficacy of the HiDiscover protocol, we examine three
distinct systems: (i) Li-ion transport in a 2D COF47, (ii) CO2 adsorption
in a metal-organic framework (MOF)48, and (iii) molecular packing in
the active layer of an organic solar cell49. Our approach brings forth
quantitative microscopic insights into these complex systems, which
cannot be obtained using conventional approaches. Thus, these
representative examples demonstrate the potential of HiDiscover in
acceleratingmechanistic studies in the realm ofmaterials, energy, and
environmental sciences.

Results
The incremental learning approach
To discuss the problem in a general framework, we use {xi∈Rd; i = 1, 2,
…, n} to denote the space within which our system exists. The dis-
tribution of atomic and molecular arrangements typically displays
prevailing patterns {yi; i = 1, 2, …, m}, which can be identified through
techniques such as clustering44,50. However, these results are often
difficult to comprehend at the human level, as we tend to describe
atomic/molecular arrangements more effectively at an abstract level.
For instance, wefind it easier to comprehend the contrast between the
arrangement of H2O molecules in liquid and solid states, rather than
memorizing the preferable degrees of orientation exhibited by H2O
molecules relative to one another.

With the description outlined above, we can categorize
atomic patterns with similar meanings (contexts) to facilitate
comprehension. Each context C is a subset of {yi}. For instance,
when investigating the molecular arrangements of H2O, we can
define a context set {Ci; i = 1,2,…,p} consisting of Cliquid and Csolid,
which encompass patterns in the liquid and solid phases,
respectively. These definitions align with the labels commonly
employed for classifying atomic arrangements11,35,39.

The main challenge when dealing with multi-component systems
is that their molecular models often include contexts that are difficult
to isolate, making the generation of datasets for individual labels
challenging. Acknowledging this issue, we introduce Ω to represent a
subset of Cf g. Then, it becomes feasible to constructmolecular models
that exhibit similarities to our target system, resulting in a series of
context collections denoted by {Ωi; i = 1, 2,…, q}. However, compared
to the previous machine-learning approaches that construct non-
overlapping datasets with known labels, Ωi and Ωj will likely overlap
and thus have unknown labels, as illustrated in Fig. 1a. As a result, these
datasets cannot be directly used to train a machine-learning model.
Here, wepropose to adopt an incremental learning46methodology and
feed thesedatasets sequentially into amodel that learns the features in
a step-wise manner. In this way, the resulting model discerns dissim-
ilarities between different Ω contexts. Specifically, this class-
incremental learning model identifies the excess context between
successive datasets, which can serve as our label; the initial label cor-
responds to the first dataset and subsequent labels represent the
excess contexts between successive datasets: {Ω1, Ω2-Ω1, Ω3-Ω2,…,
Ωq-Ωq-1} = {A1, A2, A3, …, Aq}. Such a machine-learning model can
effectively predict labels in the target system. A further discussion on
the relevance of the contexts can be found in Section 4.1. We note that
the order of Ω fed into the model is a factor in determining the labels
(see Sections “Molecular dynamics simulations” and “Model training”
for details). A more technical description of this approach is provided
in Section 1 of the Supplementary Information (SI).

A real-world problem often consists of multiple tasks (ζ), each
with its specific context set {A}, {B}, {C},…, which may involve different
data formats. For instance, consider a scenario where we want to
investigate themolecular arrangementswithin anH2Ophasewith itself
and when a chemical compound (impurity) is mixed, which requires
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two tasks to be performed. To address such complexity, it is beneficial
to incorporate a task-incremental learning model in the outer layer, as
illustrated in Fig. 1b. This results in a hierarchical incremental learning
framework that is suitable for extracting features of atomic and
molecular arrangements in multi-component molecular systems,
facilitating a more comprehensive and accurate analysis. To promote
its application as a supportive tool in the investigation of microscopic
mechanisms in materials, we have developed a research protocol
named HiDiscover (Fig. 1c). The detailed steps and comparison with
those in a conventional MD study are as follows:

• (i). Identify the material under study and determine the target
system for modeling, which is similar to what is done in conven-
tional MD studies. For example, here, we are interested in a meta-
stable H2O-impurity mixture at a given pressure.

• (ii). Acquire initial knowledge about the target system, which can
be obtained from literature, prior research experience, or pre-
liminary simulations. In a conventional MD study, the initial
knowledge is necessary for the construction of all pertinent
molecularmodels andwill inform the researcher of interest points
to observe and analyze from the simulation data. In the HiDis-
cover protocol, this knowledgewill also inform the design of tasks
and reference systems in the next step.

• (iii). Define tasks and design reference molecular models. This
step in the HiDiscover framework differs from conventional pro-
tocols. Tasks correspond to specific interest points to which the
researcherwouldpay attention during observation and analysis in

a conventional study, though often implicitly and without doc-
umentation (compromising study reproducibility). Here, we
explicitly define the tasks for training the machine-learning
model. In conventional MD studies, reference molecular systems
are also frequently involved, e.g., to use their results as a baseline
for comparison; yet, the information gained from this comparison
by humans areoften limited to intuitive observations andmaterial
properties (mobility, diffusivity, etc.) rather than detailed and
quantitative atomic/molecular arrangements. When applying the
HiDiscover protocol to multi-component materials, the reference
molecular models can take the components (such as phases and
interfaces) present in the target system while considering the
feasibility of model construction. In our example, we may have
one task focusing on H2O-H2O configurations and the other on
H2O-impurity configurations. To better extractmeaningful labels,
the referencemolecular models are suggested to have similarities
to the target systemwhile demonstratingdiversities to allow afine
differentiation of the microscopic configurations. This may
require good background knowledge of the studied material
and some trial-and-error design, similar to the process of adding
molecular systems for comparison in a conventionalMDwork.We
note that, when aHiDiscover protocol is being considered instead
of a conventionalMD study, a goodbackground knowledge of the
studied material (e.g., structural features of its components) is
already or will be obtained and a well-defined objective for the
researcher to elucidate specific material mechanisms has been or
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Fig. 1 | Illustration of the incremental approach. a Contexts and collection of
contexts (highlighted in circles). Context C represents atomic patterns with similar
meanings, and A1, A2,… denote its instances. Ω represents a subset of the context
set Cf g. b The hierarchical incremental learning framework, comprising multiple

tasks and each having a class-incremental architecture. x is a vector representing
atomic coordinates, and y denotes a feature. c HiDiscover research protocol for
simulating multi-component molecular systems, with detailed steps and compar-
ison with a conventional research protocol.

Article https://doi.org/10.1038/s41467-025-64372-4

Nature Communications |         (2025) 16:9324 3

www.nature.com/naturecommunications


will be established. As such, the ultimate design of the reference
systems is often feasible, as we demonstrate in several distinct
examples. Simpler molecular models that incorporate partial
components of the studied multi-component material are gen-
erally easier to construct than the target system when invoking
the HiDiscover protocol (see Section 6 and Table S4 in the SI for
further discussions). It is also suggested to incorporate the target
system in the reference molecular models to capture potentially
missed features. Here, wemay build ice, liquid water, and H2O gas
as the reference models in the first task, while having a series of
H2O phases with different impurity concentrations in the
second task.

• (iv). Construct the target and reference molecular models, as
done in a conventional MD study. Multiple random initial struc-
tures need to be considered for inhomogeneous systems.

• (v). Perform molecular simulations for the reference and target
molecular models, ideally with long production runs to achieve
sufficient coverage of the atomic/molecular arrangements. This
step and the considerations are the same as in a conventional
MD study.

• (vi). Generate datasets based on the simulation data from the
reference and target molecular models.

• (vii). Train each class-incremental model by sequentially feeding
its datasets. In this example, wewill train two sets ofmodels. In the
first task, wemay feed datasets of ice, liquid water, and H2O gas in
an incremental learning model. In the second task, we can feed
datasets of H2O with increasing or decreasing impurity concen-
trations in the other set of models. We note that the assumed
order of datasets may need to be tested for a fine differentiation
of the contexts (see Notes in Section “Molecular dynamics
simulations”). Based on the final order of the datasets, the labels
can be derived. Assuming the above-mentioned order of datasets,
the three labels in the first task are H2O-H2O configurations in ice,
additional H2O-H2O configurations in water, and additional
H2O-H2O configurations in H2O gas.

• (viii). Apply the trained model to the dataset derived from the
target system, resulting in a sequence of labels and detailed fea-
tures of atomic/molecular arrangements. In our example, we
apply the two final classificationmodels from the two tasks to the
dataset of the target system. We then obtain two sets of labels
corresponding to each H2O molecule in each frame of the simu-
lated trajectory. We can also combine labels from the two tasks to
form a complete descriptor of each H2O molecule for further
analysis.

• (ix). Analyze the characteristics of the machine-learned labels,
reducing the reliance on researchers directly observing raw
MD data.

Steps (vi)–(ix) are all different in the HiDiscover and conventional
MD study. We now describe the application of this protocol to three
distinct systems, illustrative of current, high-level research on multi-
component materials used in energy and environmental applications.

Li-ion transport in COF-PEO-3
We first use the HiDiscover protocol to investigate Li-ion transport in
COF-PEO-3, a representative 2D COF used as a solid-state electrolyte,
as shown in Fig. 247. This COF is based on the COF-42 structure with a
chemical grafting approach employed to incorporate poly(ethylene
oxide) (PEO) chains, which has been shown to enhance Li-ion
transport47,51,52. A critical step in understanding Li-ion transport in
COF-PEO-3 is to knowhow the cations interactwith the various species
and their configurations. However, the amorphous nature of the salt-
COF composite makes it challenging to identify the configurational
features. Here, the HiDiscover protocol enables us to learn the dis-
tinctive characteristics of Li+ arrangements when the cations interact

with COF-PEO-3 and the counter-ions ClO4
−. In the latter case, Li+

coordinateswith the oxygen atoms of the perchlorate. RegardingCOF-
PEO-3, it is intuitive to distinguish between ionic arrangements with
the main COF framework and with the PEO side chains. Previous work
has indicated that Li+ forms stronger interactions with the more elec-
tronegative atoms53,54, specifically: (i) the nitrogen atoms in the COF
linkers; (ii) the oxygen atoms at the COF-PEO connections; and (iii) the
oxygen atoms in the side chains (Fig. 2). Accordingly, we define four
tasks, corresponding to Li+-ClO4

− (ζA), Li
+-COF framework linkage (ζB),

Li+-COF side-chain connection (ζC), and Li+-PEO chain (ζD).
We then design the referencemolecularmodels for each task and

determine the contexts, aiming to ensure configurational diversity,
easy human comprehension, and the practical generation of datasets
through molecular simulations (see Fig. 2 and Section “Design of the
contexts for Li-ion transporting in COF-PEO-3” for details). The chosen
reference molecular models comprise crystalline LiClO4, amorphous
LiClO4, a LiClO4 cluster in vacuum, LiClO4 in COF-42 (which we recall
shares the same framework as COF-PEO-3 but lacks the side chains)
with varying concentrations, LiClO4 blended with PEO, and the target
system LiClO4 in COF-PEO-3. Table 1 summarizes the definitions of
tasks and contexts.We note that the target system is set as the last one
in the reference molecular models; thus, it is expected to capture the
features missed by the previous reference molecular models. Details
on the construction and simulation of these MD models, data pro-
cessing, and model training can be found in “Methods” and Sections
2–4 of the SI.

The observations derived from the exhaustive machine-learned
interpretations offer in-depth insights into the Li-ion configurations in
2D COFs, which would not be available via a conventional analysis of
the MD simulations. Specifically, we can now quantitatively describe
the ionic configurations in COF-PEO-3, expressed in terms of the labels
derived from the reference molecular models we have designed. We
first examine themain features of the Li+-ClO4

− configurations (task ζA)
in the COF-PEO-3 target system. Figure 3a shows the t-Distributed
Stochastic Neighbor Embedding (t-SNE) plot of all Li+-ClO4

− config-
urations and the ratios corresponding to different labels. As can be
seen, there is negligible (0.2%) crystalline packing (A1),while 1.4%of the
total Li+-ClO4

− configurations correspond to configurations in amor-
phous LiClO4, which display deformations from the crystal structure
(see A2.1 in Fig. 3a). The configurations similar to those at the LiClO4

cluster surfaces constitute 7%of the total Li+-ClO4
− configurations,with

oxygen atoms coordinating on one side of the Li-ion, i.e., highly
asymmetric ionic configurations (see A3.1 in Fig. 3a). Approximately
10%of the Li+-ClO4

− configurations inCOF-PEO-3 resemble those found
in mixtures of LiClO4 and PEO, typically with cations and anions
separated by large distances (see A4.1 in Fig. 3a). Furthermore, 39% of
the Li+-ClO4

− configurations in COF-PEO-3 mirror the patterns
observed when LiClO4 is introduced into COF-42, involving 2-3 anions
coordinated to the Li-ion (see A5.1–A5.3 in Fig. 3a). Finally, 42% of Li+-
ClO4

− configurations exhibit new features in context A6 (seeA6.1–A6.2 in
Fig. 3a); these configurations demonstrate closer ionic proximity
compared to A4 but weaker coordination than in A5, which suggests
that introducing the PEO side chains promotes ionic dissociation.

The configurations of Li+-framework linkages (task ζB) and Li+-
side-chain connections (task ζC) share similar trends. As Fig. 3b, c
shows, approximately 40% of Li ions are in proximity to the main COF
framework (B1.1, B1.2, B1.3, C1.1, and C1.2), interacting with 1–2 functional
groups, typically adopting an in-plane or between-plane configuration.
B2.1, B2.2, C2.1, and C2.2, which account for ~50% of the configurations,
feature a large separation from the main COF framework. The
remaining 10% of Li-ion arrangements in COF-PEO-3 demonstrate an
even larger separation from the main COF framework (B3.1, B3.2,
C3.1, C3.2).

Regarding theLi+-PEO configurations (task ζD), approximately 24%
of them in the target system correspond to context D1; it displays two
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patterns, as illustrated in Fig. 3d: D1.1, with two PEO chains tightly
locking the Li-ion; D1.2, where one chain displays reduced interactions.
The rest of the configurations (D2.1, D2.2, D2.3) exhibit larger Li+-PEO
distances, with the closest PEO chains either enveloping the Li-ion or
positioned adjacent to it. This underscores the restrictions imposed by
the COF framework on the PEO chains due to their covalent bonding,
leading to the formation of a loosely bound PEOmatrix for the Li ions
as compared to the tighter binding found in salt-containing PEO
electrolytes.

The combination of the contexts from the four tasks compre-
hensively depicts the microscopic states of the Li-ions. Overall, the
prevailing state observed is (A5,B1,C1,D2), representing ~21% of all Li-ion
arrangements (Fig. 4a); it corresponds to Li ions close to themain COF
framework and loosely bound to the PEO side chains. State
(A6,B1,C1,D2),which has slightlyweaker Li+-ClO4

− interactions, accounts

for roughly 12% of total arrangements. Three other states,
(A6,B2,C2,D1), (A5,B2,C2,D2), and (A6,B2,C2,D2), each encompassing
~8%–14% of the total arrangements, correspond to the ions away from
themain COF framework. Collectively, the five states we just discussed
comprise ~65% of all Li-ion arrangements in COF-PEO-3.

These complex features of the Li-ion configurations point to
transport mechanisms distinctive from those found in traditional
polymer electrolytes. By further analyzing the time sequence of the
machine-learned labels, we can get insight into the Li-ion dynamics.We
computed the in-state mean square displacement (MSD) of the Li ions
(Fig. 4b) and the transition times between various states (Fig. 4c). A
detailed analysis is provided in Section 5 of the SI. Overall, our analysis
based on themachine-learned labels indicates that the Li-ionmotion in
COF-PEO-3 at room temperature is impacted by short-range interac-
tions with the PEO side chains, affected indirectly by the 2D COF

y

y yy y

Fig. 2 | Illustrations of the reference and target molecular models, tasks, and
labels in the HiDiscover protocol for studying Li-ion transport in the covalent
organic framework COF-PEO-3 containing poly(ethylene oxide) (PEO) chains.
MD models 1–3 correspond to crystalline and amorphous LiClO4 phases and a
LiClO4 cluster, respectively. Molecular dynamics (MD) models 4–6 correspond to
LiClO4 blended inCOF-42with variousweight ratios. Structureswith smallerweight
ratios capture the arrangements close to the 2D COF framework, while those with

higher ratios explore the arrangements in the 2D COF pores. MDmodel 7 is LiClO4

blended in pure (PEO)3. MD model 8 is the target system. Circles in the chemical
structures highlight the regions in the 2D COFs and (PEO)3 that are expected to
interact strongly with Li+ (green, purple, blue, and brown circles correspond to
tasks ζA, ζB, ζC, and ζD, respectively). Further information is provided in Sections
2–3 of the SI. The bottompart of the figure illustrates the process ofmodel training
and applying the trained model in data analysis in the HiDiscover protocol.
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framework, and influenced by the Coulombic forces of the surround-
ing ions. This insight informs the future design of 2D COFs in terms of
the following three aspects: (1) side-chain and decoration-group
design to control the short-range motions of the Li-ions; (2) frame-
work structure engineering that balances enhancing thermal vibra-
tions that promote hopping among sites and anchoring functional
groups that restrict long-range ion migration; and (3) the choice of Li
salt (and other ionic groups) to adjust Coulombic interactions for
efficient ionic movement along the pores.

We note that the quantitative assessment of the Li-ion config-
urations and motions discussed above correspond to COF-PEO-3 with
1.38wt% Li+ (a value close to those used experimentally); the results
will change as a function of the Li+ ratio. Notably, a significant ratio of

ions is associated with contexts A4 and D1 at low Li-ion weight ratios
(reaching probabilities of ~80% and ~60% at 0.54wt%, respectively), as
shown in Fig. 4d; these correspond to Li-ions well blended in the PEO
matrix. We note that this quantitative insight has been overlooked in
previous simulations of Li-ion transport in COFs24. Our machine-
learning interpretations of the MD simulations point out that Li-ions
prefer to bind at first to the PEO side chains when adding the Li salt to
COF-PEO-3; adding more Li salt leads to additional Li-ions that loosely
bind to PEO chains with non-uniform ionic configurations, a process
that can even reduce the number of Li-ions uniformly blended and
tightly bound to PEO likely due to modifications to the PEO side-chain
configurations. Thus, these results underline that it would be worth
exploring experimentally the interactions of Li-ions with the various
components of 2D COFs as their concentration increases. Further-
more, increasing the Li-ion concentrations leads to a reduction of the
diffusivity, which indicates that there is a concentration with optimal
ionic conductivity (Fig. S124). Our work highlights that salt con-
centration is an intrinsic factor in Li-ion transport in 2D COFs, which
needs to be considered in materials design instead of tuned empiri-
cally as an extrinsic factor, as done so far. In particular, the optimiza-
tion of Li-ion transport at different salt concentrations should focus on
their corresponding Li-ion-COF interactions.

CO2 adsorption in MOF-5
Gas adsorption in metal-organic frameworks has been extensively
studied, as it is closely related to separation, catalysis, sensing, and
environmental applications48,55–58. While molecular simulations have
been useful in predicting diffusivities and adsorption capacities, the
microscopic configurational features obtained from these studies,
which are needed to fully unravel the adsorption and transport
mechanisms, remain limited55,59–64. Here, we demonstrate that using
the HiDiscover protocol allows us to reveal in detail and quantita-
tively the arrangement features of CO2 in the representative MOF-5.
Specifically, we focus on understanding the features related to CO2-
CO2 and CO2-MOF-5 configurations, which will provide insight into

a task ζA: Li+ -ClO4
- task ζB: Li+-framework linkage

task ζC: Li+-side-chain-connection task ζD: Li+-PEO chain

b

dc

C2.1C2.2

37%

52%

11%

B1
B2
B3

24%

76%

D1
D2

0.2%

7%
10%

42%

A1

A1
A2
A3
A4
A5
A6

Fig. 3 | Predicted labels for the Li-ion configurations in COF-PEO-3 in tasks ζA-ζD
(see Table 1). The left panels in a–d provide a t-SNE visualization of the ionic
configurations in tasks ζA-ζD; labels in each task are differentiated according to
color. The right panels in (a–d) show the ratios of different labels in each task and

representative arrangements of Li-ions with various species for different labels (XY)
and sub-labels (XY.Z). Pink, red, cyan, gray, and blue spheres represent Li, O, Cl, C,
and N, respectively. Visual illustrations of the distributions of Li-ions in tasks ζB and
ζC can be found in Fig. S112.

Table 1 | The definitions of tasks and contexts for studying
Li-ion transport in COF-PEO-3

Task Context/label Meaning

ζA A1 configurations in crystalline LiClO4

A2 new configurations in amorphous LiClO4

A3 new configurations on cluster surfaces

A4 new configurations when blended in PEO

A5 interfacial configurations in COF-42

A6 new interfacial configurations in COF-PEO-3

ζB B1 configurations near the COF framework

B2 configurations away from the COF framework

B3 new configurations in COF-PEO-3

ζC C1 configurations near the COF framework

C2 configurations away from the COF framework

C3 new configurations in COF-PEO-3

ζD D1 configurations when LiClO4 is blended in PEO

D2 new configurations in COF-PEO-3
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CO2 transport within the MOF. Such information is difficult to
visualize by the eye as the gas molecules form dynamic and transient
structures from which it is difficult to generate statistically mean-
ingful knowledge. Here, the first task (labeled ζE) captures the fea-
tures related to CO2-CO2 configurations (Fig. 5a), using the CO2 gas at
different pressures (1000-1 bar) as reference. The contexts E1–E4
correspond to CO2 packings with densities of ~1–0.003 g/cm3. They
act as density indicators and clearly depict the evolution of a denser
CO2 packing as the CO2 loading into MOF-5 increases (Fig. 5b). The
second task (labeled ζF) describes the CO2-MOF configurations: F1–F3
correspond to those that emerge at 0.5, 2, and 10 CO2 mmol/g
loadings, respectively.

F1 is found to cover most of the CO2-MOF configurations even at
much higher CO2 loadings. In other words, increasing the CO2 loading
does not lead to new CO2-MOF configurations. A more detailed ana-
lysis shows F1 has four features: F1.1 (in-pore corner configurations), F1.2

(off-corner configurations, forming pathways connecting adjacent
pores), F1.3 (in-pore and between-face-center pathways), and F1.4
(through-face-center pathways and enveloping F1.3), as illustrated in
Fig. 5c. We obtain that about half (~46–49%) of the CO2 molecules are
in off-corner configurations, suggesting that CO2 prefers to transport
around the metal oxide centers both in-pore and to adjacent pores.
This result aligns with the human observation that CO2 tends to
coordinate with the Zn4O6

+ cores64. Our further analysis reveals that
theoff-corner configurations can act as a bridge among theother three
configurations during CO2 transport (Fig. S125). As the CO2 loading
increases, the ratioofmolecules in off-corner configurations decreases
while that in through-face pathways increases, suggesting that more
CO2 is transported to adjacent pores through the pore center
(Fig. S126). As such, the HiDiscover protocol enables a detailed dif-
ferentiation of the molecular arrangements of CO2 in MOF-5, which
offers an insight not available from conventionalmolecular simulation

a

c

ionic fluctuations

hopping between PEO chains
vibrations with PEO chains

b

d

Fig. 4 | Analysis of Li-ion transport in the covalent organic framework COF-
PEO-3 based onmachine-learned labels. a Ratios of different microscopic states
(combinations of the contexts from all four tasks) among all states (showing as
percentages) of Li-ions in COF-PEO-3 at 1.38wt%. The total number of states
identified in the data is 63. b In-state mean square displacements (MSDs) of Li ions
per unit time. The gray bars display theMSD value for all three directions in space;
red and dark blue lines illustrate the values in the z and in-plane (x/y) directions,
respectively. c Transition times, i.e., number of transitions, (represented by the

color bar) between two states derived from the molecular dynamics (MD) simu-
lations (4 random initial configurations, each with 1-μs simulation time). The area
highlighted by circles denotes Li-ion motion that can be interpreted as vibrations
with PEO chains, hopping between PEO chains, and ionic fluctuations based on
their initial and final states. d Number of Li-ions belonging to different contexts at
different weight ratios of Li+ in COF-PEO-3; 0.54wt%, 1.00wt%, and 1.38wt% cor-
respond to a total of 120, 240, and 360 Li+ in the MDmodels. Refer to Fig. S123 for
further information.
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protocols and can inform the molecular design of MOFs for gas
adsorption, transport, and separation.

Molecular packing in the active layer of the PM6:Y6 organic
solar cell
Finally, we illustrate the use of the HiDiscover protocol to investigate
the molecular packing of Y6, a state-of-the-art non-fullerene small-
molecule acceptor that has been extensively utilized in binary or
ternary active layers in organic photovoltaics65. However, the micro-
scopic states of Y6during deviceoperation remain poorly understood,
complicated further by its complexmolecular structure thatmakes the
elucidation of the electron transport pathways challenging66,67. In the
active layers of the bulk heterojunction organic solar cells, which
correspond to blends of electron-donor and electron-acceptor com-
ponents, various domains with different Y6 ratios exist. Hole-electron
pairs are often generated at the donor-acceptor interfaces or in mixed
phases; these holes and electrons need to transport to their respective
collecting electrodes efficiently for the solar cell to achieve high

performance. Currently, the Y6 molecular configurations and the
electron-transportpathways they form indifferent regions of the solar-
cell active layers remain poorly understood. Here, we examine blends
of PM6 (a widely used donor polymer) with Y6 at varying donor-
acceptor ratios (Fig. 6a) to probe the electron transportpathways from
a donor-rich domain to a mixed domain and then to an acceptor
domain, corresponding to the direction of electron transport to the
electrode. We note that relying on a conventional molecular simula-
tion protocol is expected to miss the quantitative connections
between the various regions in the blend. Here, the HiDiscover pro-
tocol enables us to establish quantitatively these connections among
domains across space, which allows for a better characterization of the
electron-transport pathways over long distances and advances our
understanding of global morphological features in organic photo-
voltaic active layers. Our analysis focuses on the short-range Y6-Y6
contacts (task ζG), which is an indicator for the electron transport
pathways (as well as for potential charge generation within acceptor
domains)49.

a

task E:

task F:

CO2 MOF-5

b

F1.4F1.1 F1.3F1.2
c

CO2 loading

corner off-corner between-face-center through-face-center

Fig. 5 | Illustration of the application of the HiDiscover protocol to CO2

adsorption in MOF-5. a Molecular models of CO2 (10bar) and MOF-5, and illus-
trations of tasks ζE (CO2-CO2 configurations) and ζF (CO2-MOF configurations).
b Fractional ratios (represented by the color bar) of different contexts (among all
contexts) for 0.5, 2, 10, and 20mmol/g CO2 loading in MOF-5. Contexts E1-E4

correspond to CO2-CO2 packing with densities of 1.05, 0.23, 0.018, and
0.003g/cm3, respectively (we note that F2 and F3 have negligible contributions and
are not shown; see Fig. S127 for further information). c Illustrations of the spatial
distributions of sub-contexts F1.1, F1.2, F1.3, F1.4, representing coner, off-corner,
between-face-center, and through-face-center configurations, respectively.
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Notably, in both the mixed and acceptor domains, around 50%
of short-range Y6-Y6 contacts resemble those observed in the Y6
single crystals (Fig. 6b, c). At PM6:Y6 ratios from 4:1 to 1:2 (wt), the
portion of crystalline-like molecular contacts is even higher than in
the pure Y6 phase (Fig. 6c). Specifically, tail-to-tail (G1.1 and G1.2) and
tilted (G1.4) Y6-Y6 interactions account for approximately 50% of
these short-range contacts. Compared to the disordered Y6-Y6
configurations found only within the amorphous packing (G2, see
Fig. 6b), these crystalline-like configurations exhibit well-overlapped
π-conjugation areas, which can lead to efficient electron transport
pathways throughout the mixed and acceptor domains, thereby
contributing to the high performance of the Y6 acceptor. Interest-
ingly, the configuration with the highest overlap, G1.3, is less pre-
valent than G1.1, G1.2, and G1.4, particularly in donor-rich domains. This
points to opportunities for improving electron transport efficiencies
through further molecular engineering. These findings underscore
the value of probing the detailed microscopic features in complex
organic solar-cell active layers and pave the way for discovering
optimal molecular configurations in more complex ternary systems
in which an additional donor or acceptor component is present and
which lead to the highest reported power conversion efficiencies,
now over 20% for organic photovoltaics67,68.

Discussion
Machine learning approaches have considerably impacted materials
research in recent years. Notably, machine learning force fields have
been developed that allow for simulating larger systems with
accuracies approaching ab initio methods at reduced computational
cost69,70. These methods have greatly expandedmaterials energy and
environmental research, which often deals with complex systems
that call for the modeling of large systems. However, an equally
important task lies in apprehending the results from the modeling of
the complex systems. While ML-based approaches have been greatly
advanced to analyze molecular simulation data27,43,45,71–73, general
methods to identify meaningful atomic/molecular arrangements

within complex, multi-component materials frequently encountered
in energy and environmental research have not been explored. This
work establishes effective methodologies to identify meaningful
patterns of atomic and molecular arrangements in these advanced
materials, addressing a major challenge in their microscopic
mechanistic studies. Specifically, we have developed a research
protocol namedHiDiscover and enabled the systematic extraction of
microscopic configurational information in intricate molecular sys-
tems, which is crucial to mechanistic understandings of materials to
inform their design, but challenging to probe by conventional ana-
lysis. This approach is particularly suitable for investigating multi-
component systems with various interfaces frequently encountered
in advanced materials, energy and environmental applications, as we
demonstrated in the cases of Li-ion transport in a covalent organic
framework, gas adsorption in a metal-organic framework, and
molecular packing in organic photovoltaics.

In the context of Li-ion transport within 2D COFs, prior inves-
tigations have largely been empirical, constrained by a lack of
methods capable of probing detailed microscopic conformations.
This limitation has impeded progress in optimizing solid electro-
lytes. Our approach addresses this challenge, revealing detailed
features of Li-ion transport in COF-PEO-3. These offer insights cru-
cial for guiding the future design of 2D COFs aimed at enhancing
ionic conductivity. Regarding gas adsorption in MOFs, our innova-
tive approach facilitated the characterization of CO2 transport
pathways within MOF-5, which represent important features for
designing materials for molecular separation applications, yet
overlooked by previous simulations. Finally, using the HiDiscover
protocol, we have quantitatively characterized the molecular pack-
ing of the Y6 acceptor across various domains in organic solar cells,
which is a critical determinant of electron transport efficiency
across long distances but remains understudied due to its inherent
complexity. These findings highlight the potential of our method to
advance material research through the integration of machine
intelligence.

pure Y6PM6:Y6 = 1:2 (wt)PM6:Y6 = 1:1 (wt)PM6:Y6 = 4:1 (wt)a

acceptor phasedonor-rich phase
direction of electron collection

additional pathways in the amorphous phase (G2)

...

pathways in Y6 crystals (G1)

G1.1 G1.3 G1.4G1.2

PM6

Y6

b c

G1.5

PM6:Y6 = 2:1 (wt)

Fig. 6 | Illustration of the application of the HiDiscover protocol to study the
electron transport pathways in different regions of the PM6:Y6 bulk hetero-
junction. a Molecular models as a function of Y6 ratio (the Y6 side chains are not
shown, and the PM6 chains are displayed in gray). b Short-range Y6-Y6 contacts

identified in the crystalline region and the ones that appear in the
amorphous domains and are not present in the crystalline domains. c Ratios
of short-range Y6-Y6 contacts (among all contacts) in the PM6:Y6 blend, showing
as percentages.
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By applying the HiDiscover protocol, we can derive quantitative
microscopic features from exhaustive machine-learned interpreta-
tions in a standardized way. Compared to the conventional practice
that heavily relies on researchers directly analyzing original molecular
simulation data (often in a customized way influenced by the
researcher’s experience), the HiDiscover protocol also mitigates the
issue of incomplete observations made by individuals. Consequently,
it minimizes bias and enhances the reliability of the resulting
mechanisms.

We note that the HiDiscover protocol can be used with common
molecular simulation techniques,making it applicable to the study of a
wide range of materials and shifting computational materials research
from qualitative and isolated observations towards more quantitative
and comprehensive descriptions. At this stage, we anticipate no
impediments to the application of the HiDiscover protocol to other
complex, multi-component materials beyond those discussed here. In
combination with already well-established molecular simulation tools,
it can significantly contribute to advancing our understanding of
microscopic mechanisms in materials at the atomic and molecular
levels, thereby accelerating the design and optimization of advanced
materials.

As discussed above, the objective of HiDiscover is to identify
meaningful atomic and molecular arrangements within complex,
multi-component materials. To the best of our knowledge, no general
methodology, whether ML-based or otherwise, currently exists to
address this complexity. It is useful here to note some of the design
considerations as well as limitations of the HiDiscover protocol for its
application and future development:

(1) Since our focus is on identifying atomic and molecular
arrangements (static features), the temporal correlation in the MD
trajectory is not treated in the model training. Instead, the simulated
frames are treated as uncorrelated samplings of the systems around
their equilibrium states. The temporal correlation in the dataset is
generally weak and has very little impact on the results (see Section 4.4
in the SI). Although the temporal correlation in the data is not learned,
mechanisms pertaining to temporal evolution can still be inferred by
mapping predicted labels onto MD trajectories for analysis, as exem-
plified in our study on Li-ion transport.

(2) To most effectively use the HiDiscover protocol, a reasonable
prior knowledge of the studied material is required. It is worth stres-
sing that this prerequisite is not unique to HiDiscover but is implicitly
present in traditional mechanistic studies of materials through mole-
cular modeling as well, albeit often unacknowledged. Here, we
emphasize that insights gained from existing research, preliminary
simulations, and even human observations can facilitate the use of the
HiDiscover protocol as well. In practice, applying the HiDiscover pro-
tocol does not seem to substantially increase the effort required to
obtain prior knowledge, as demonstrated in three distinct examples.

(3) It is important to note that the HiDiscover protocol does not
automatically identify the required tasks and relies on user guidance
instead, similar to the interest points of a researcher in a conventional
MD study. In a conventionalMD study, the researchermay observe the
data and adjust the interest points as the study is performed. Similarly,
the tasks in a HiDiscover protocol may also be tuned if the researcher
gathers new information (e.g., from new research, preliminary obser-
vations, and analysis). We emphasize that explicitly defining the tasks
instead of implicitly using the interest points of the researchers is
expected to improve the reproducibility of material mechanistic stu-
dies. A fact in materials modeling is that, while the calculated prop-
erties (e.g., mobilities, diffusivities) are often reproducible across
different publications, the proposed mechanisms for the same mate-
rial are often highly researcher-dependent as researchers typically
focus on different aspects based on their experience (a fact that may
not be documented along with the discovered mechanisms). In a
HiDiscover protocol, the tasks are to be explicitly provided along with

the discovered mechanisms, thus promoting the reproducibility of
materials mechanistic studies.

(4) Reference molecular models are also frequently involved in
conventional molecular dynamics studies. In the HiDiscover protocol,
we take advantage of a set of reference systems for machine learning,
allowing us to derive quantitative features of the atomic andmolecular
arrangements. Given the diversity of multi-component materials in
energy and environmental research and the broad range of the
mechanisms of interest, the methods to design the reference models
are also expected to be versatile. For studies using molecular model-
ing, determining the reference systems is often obvious to the
researcher since the objective is well-defined and a good prior
understanding has been (or will be) obtained. Here, we have discussed
four different types of materials and carried out calculations for three
of them, demonstrating the feasibility of designing reference systems
in the context of mechanistic studies of specific materials. These
examples encompass solutions, porous composite materials, and
organic heterojunctions at varying concentrations and degrees of
mixing, which collectively serve as a reference for applying the
HiDiscover protocol to other types of multi-component materials. A
rule of thumb in the design of reference systems is to use simpler
molecular models comprised of partial components of the target
multi-componentmaterial, which are generally easier to construct and
share similarities to the studied material. To aid this process, we have
provided reference system suggestions for general multi-component
materials (see Section 6 and Table S4 in the SI).

(5) In the HiDiscover protocol, the reference systems do not
exclude the target system. For example, if our focus is on the impact of
concentration on the molecular arrangements, a series of target sys-
tems of varying concentrations would be built even in a conventional
MD study, which naturally becomes the complete reference systems in
the HiDiscover protocol (as in task ζF). In other cases, it is still sug-
gested to set the target system (or representative ones from the target
systems) in the reference systems to include all pertinent atomic/
molecular arrangements as done in this study, except when the
researcher is confident that all pertinent features in all the target sys-
tems have been included in the reference systems. An example would
be minor variations of the target systems (e.g., small concentration or
temperature changes), which are unlikely to introduce significant new
atomic/molecular arrangements and thus only a single representative
target system may be included in the reference systems.

(6) If we have included the target system in the reference systems
and only a small portion of predicted labels correspond to the other
referencemolecular systems, we will know that the selected reference
systems do not contain the majority of the atomic and molecular
arrangements present in the target multi-component material. This
result tells us how different the target system is from the remaining
reference systems, which in itself can also be useful information
depending on the researcher’s goal. In this case, all features of atomic
and molecular arrangements in the multi-component material are still
captured, although they cannot be linked to the other reference sys-
tems for easy human interpretation. Optimizing the list of reference
molecular models may be desirable for the researcher, similar to the
process of designing molecular models iteratively often done in a
conventional MD study.

(7) TheHiDiscover protocolmay introducenewmolecularmodels
when the target systems being studied do not cover all reference
systems. To sample sufficient atomic/molecular arrangements, parallel
MD simulations with different initial configurations are recommended
for the reference systems. Long MD simulations are also preferable.
These are expected to increase the computational cost compared to
only simulating the target systems in a conventional MD approach. In
this study, we have tried to run multiple long MD simulations for the
reference systems within our computational resources. Importantly,
dependingon the studiedproblem, using theHiDiscover protocol only

Article https://doi.org/10.1038/s41467-025-64372-4

Nature Communications |         (2025) 16:9324 10

www.nature.com/naturecommunications


leads to 0–150% increase in the computational time compared to
studying the same problems with conventional MD simulations (that
cannot yield the same quantitative insights as in the HiDiscover pro-
tocol). Detailed timing information can be found in Section 4 of the SI.
In general, the increased computational time when using the HiDis-
cover protocol compared to conventional MD study is related to the
cost associated with new molecular models. Very interestingly, we
have also performed tests on the dataset size for the reference systems
and found that using just the first 1% of the MD production runs can
also achieve robust results (see also Section 4 of the SI).

(8) To derive reliable material mechanisms, long MD simulations
are usually needed for the target systems, for reasons similar to that
discussed above. In this respect, using HiDiscover or a conventional
protocol is not different. As such, the researchers still need to pay
attention to the simulations on the target systems when using HiDis-
cover to investigate materials mechanisms.

Methods
Design of the contexts for Li-ion transporting in COF-PEO-3
Within the composite system of COF-PEO-3 electrolyte, multiple
phases coexist, leading to the formation of various interfaces. Our
previous investigation indicated that salt aggregates into clusters
within the 2D COF pores53. These clusters can be in contact with the
COF framework or isolated from other components. Building upon
this understanding, we differentiate in task ζA between Li+-ClO4

−

configurations found in crystalline LiClO4 (A1), amorphous LiClO4

(A2), at the surfaces of LiClO4 clusters (A3), those emerging when
LiClO4 is blended with (PEO)3 (A4), those near the COF framework
(A5), and the additional configurations arising in the target sys-
tem (A6).

As a prior study has suggested different ion transport pathways at
varying distances from the 2D COF framework47, we distinguish in
tasks ζB and ζC between ions near the 2D COF framework (B1 and C1),
thosewithin the pores (B2 andC2), andnewconfigurations emerging in
the target system (B3 and C3). Regarding task ζD, we differentiate
between the configurations of the Li+-PEO chain in bulk (PEO)3 (D1) and
the new ones emerging in COF-PEO-3 (D2), recognizing that the fra-
mework imposes restrictions on the PEO chains and potentially influ-
ences their arrangements around the Li-ion.

Molecular dynamics simulations
COF-PEO-3. We employed the all-atomoptimized potentials for liquid
simulations (OPLS-AA) force field74, which has been widely applied in
2D COF studies for its efficiency and accuracy75–79. MD model 1 corre-
sponds to an 8 × 6 × 5 supercell of LiClO4. MD model 2 contains 1000
LiClO4 molecules randomly placed in a box with an initial size of
4.5 × 4.5 × 4.5 nm. MD model 3 is a LiClO4 cluster, built from the final
molecular structure of MD model 2, with the new box size set to
9 × 9 × 9 nm.MDmodels 4–6 contain 60, 30, and 240LiClO4molecules
(corresponding to Li+ ratios of 0.46wt%, 0.24wt%, and 1.5 wt%,
respectively)mixed in 2 × 2 × 20 supercellsofCOF-42, respectively.MD
model 7 contains 60 LiClO4 and 480 (PEO)3 in a box with an initial size
of 6 × 6 × 6 nm. In MD model 8, 360 LiClO4 were initially randomly
blended in a 2 × 2 × 20 supercell of COF-PEO-3. The ratio of Li+ is
1.4 wt%, close to that used experimentally43. Four parallel structures
were constructed forMDmodels 2–8. Details can be found in Section 2
of the SI.

MOF-5. We turned to the Universal force field, which has been widely
employed in studying gas adsorption in MOFs59,60,80. In MD models
9–12, 1000 CO2 molecules were initially randomly placed in a box;
pressures of 1, 10, 100, and 1000barswere applied, respectively. InMD
models 13-16, 25, 99, 493, and 985 CO2 were initially randomly put in a
2 × 2 × 2 supercell of MOF-5; these correspond to concentrations of
0.5mmol/g, 2mmol/g, 10mmol/g, and 30mmol/g, respectively. Since

these systems are relatively wellmixed, we use a single initial structure
for each MD model. Details can be found in Section 2 of the SI.

PM6:Y6 heterojunction. We used the OPLS-AA force field, which has
been extensively considered for the description of organic solar-cell
active layers74,81,82. MD models of crystalline Y6, amorphous Y6, and
PM6:Y6with different weight ratios were constructed. InMDmodel 17,
a 2 × 1 × 2 supercell of Y6 was constructed based on its crystal
structure49. This model is used to learn the short-range contacts in Y6
crystals. In MD model 18, 100 Y6 molecules were initially randomly
placed in a box; this model represents the pure acceptor phase. InMD
models 19–22, 100 Y6 and 3, 6, 12, or 24 PM6 chains consisting of 20
repeat units were initially randomly placed in a box; these represent
regions going from an acceptor-rich domain to a donor-rich domain.
Sixteen parallel structures were constructed for each MD model
except for Model 17. Details can be found in Section 2 of the SI.

Simulation details. Unless otherwise mentioned, each MD model
underwent an initial energy minimization (steepest descend algo-
rithm), followed by equilibrium and production runs. The short-range
electrostatic and van derWaals cutoffs were set to 1.4 nm. The smooth
particle-mesh Ewald (PME) method was used for long-range electro-
static interactions83. A velocity rescaling scheme was considered for
thermostat84 and Berendsen, for barostat85. The time step was set to
1 fs. During the production run, structures were output every 10 ps. All
molecular dynamics simulations were performed using the GROMACS
package (version 2021.5)86.

Notes on the molecular models. To ensure the robustness of the
incremental learning model, it is necessary that the molecular
dynamics data used in the preceding training step encompass the
relevant ionic arrangements for the current class-incremental training.
For example, MD model 1 should generate a substantial amount of
ionic arrangements to include those belonging to context A1 as
observed in MD models 2, 3, 4, 7, and 8. This point should be given
special attention in the case of Li-ion transport in COF-PEO-3 that
exhibits inhomogeneous mixing. The dataset also needs to be suffi-
ciently large to capture all significant ionic arrangements relevant to its
context in the subsequent training as well. This can be achieved by
conductingmultiple longMD simulations onwell-equilibrated systems
with sufficient sampling. The sizes of the datasets range from ~105 to
107, as listed inTableS2. Tests on the size of the dataset canbe found in
Section 4 of the SI.

Notes on the relevance of the contexts. We acknowledge that the
depiction of microscopic mechanisms inherently involves a certain
degree of subjectivity. When analyzing the atomic/molecular
arrangements in molecular simulation trajectories, human interpreta-
tions heavily rely on intuition and experience. In previous machine
learning models designed to classify atomic arrangements, these
interpretations corresponded to the data labels, often categorized as
solids, solid-liquid interface, fcc-type crystal, etc. Within our incre-
mental learning approach, thedefined context set introduces language
elements through which machine-learned features are expressed.
Ideally, these defined contexts should align with human comprehen-
sion, making them easily understandable. In practical terms, the con-
text set can relate to the attributes of simpler molecular systems,
establishing connections to the complex problem at hand. This
approach provides a flexible method for introducing high-resolution
labels and allows for detailed differentiation of intricate components
and interfaces in the target system; this facilitates the extraction of
deep insights from the simulation data and a more comprehensive
description of the microscopic mechanisms. The primary limitation in
defining the contexts lies in the feasibility of constructing the neces-
sary dataset from molecular modeling.
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Data processing
COF-PEO-3. To process the raw data obtained from molecular
dynamics simulations, we extract the local environment of each Li+,
represented by the coordinates of selected groups of atoms sur-
rounding it. Considering that neighboring species often have identical
atoms (e.g., the four oxygen atoms in ClO4

−), as each coordinatingwith
the ionwould lead to similar configurations, wedefine equivalent atom
groups to encompass multiple atoms in a molecule. The closest of the
atoms to the ion is used to calculate the relative position of an
equivalent atom group. This also reduces the record length for easier
model training. Additionally, symmetry and sort operations were
performed. These relative positions are subsequently converted into a
Coulomb matrix format to generate the dataset. The dataset is then
divided into training, validation, and test sets at an 8:1:1 ratio. Further
information regarding the data processing procedure can be found in
Section 3 of the SI.

MOF-5 andPM6:Y6heterojunction. Thedata processingprocedure is
similar to that used for COF-PEO-3. For MOF-5, we focus on the con-
figurations among CO2 molecules and the arrangement of CO2 with
respect to themetal oxide core and phenyl ring linker. For PM6:Y6, we
focus on the short-range Y6-Y6 contacts. Detailed information can be
found in Section 3 of the SI.

Model training
COF-PEO-3.Wefirst train the class-incrementalmodelwithin the inner
layer of the hierarchical incremental learning framework. As shown in
Fig. 3a, we initially applied unsupervised learning on the training set
from MD model 1, employing k-means clustering, which offers a high
level of interpretability. This resulted in classification model 1 with
centroids corresponding to Li+-ClO4

− configurations found in LiClO4

crystals. Subsequently, the training set derived fromMDmodel 2 was
employed for class-incremental learning using a modified k-means
algorithm, leading to classification model 2. This particular model
possesses the capability to distinguish the context of Li+-ClO4

−

between crystalline and amorphous states. Then, four additional
iterations of class-incremental learning were sequentially performed,
using the training sets obtained from MD models 3, 7, 4, and 8. This
ultimately leads to classification model 6 for task ζA (xA→A×yA),
gaining the new ability to identify Li+-ClO4

− configurations on cluster
surfaces, within interfacial regions in the PEO-chain environment, or
next to the 2D COF framework, as well as those emerging in COF-
PEO-3.

For Li+-COF configurations, the datasets corresponding to MD
models 4, 5, and 8 are used. Unsupervised learning was employed to
generate classificationmodels 7 and 10using the training sets fromMD
model 4. Subsequently, the training sets obtained from MD models 5
and 8 were utilized for class-incremental learning, eventually leading
to classification models 9 and 12 for tasks ζB (xB→B×yB) and ζC
(xC→C×yC), respectively. Regarding Li+-PEO configurations (tasks ζD),
a similar process of incremental learning is conducted using datasets
derived from MD models 7 and 8. Consequently, classification model
14 is obtained (xD→D×yD), effectively characterizing the configura-
tions related to the Li+-PEO side-chain interactions in the target system.
Conducting sequential training of all the inner class-incremental
learning models corresponds to task-incremental learning in the
outer layer.

Details of the training processes and the determination of the k
values can be found in Section 4.1 of the SI. Accuracies of > 99% are
achieved in our incremental learning model.

MOF-5 and PM6:Y6 heterojunction. The model training procedure is
similar to that for COF-PEO-3. Accuracies of >99% are again achieved in
our incremental learning model. Details can be found in Sections 4.2
and 4.3 of the SI.

Notes on the sequence of datasets. The order of the contexts Ω fed
into the model is a factor in determining the labels. There are four
possible scenarios for two successive instances Ωi and Ωj: (i) When
there is no overlap in context between Ωi and Ωj, the situation corre-
sponds to the conventional case of acquiring labeled data. In this
instance, switching the order ofΩi andΩj will have no impact. (ii) IfΩi is
a subset ofΩj, the smaller subset should be considered first, otherwise
it will be represented by the larger dataset and thus will not contribute
to determining the labels in the target system. (iii)WhenΩi andΩj have
overlapping contexts but also contain parts exclusive to each other,
the overlapped context will be incorporated into the label associated
with the first dataset. (iv)Ωi andΩj may also have identical contexts, in
which case only one is needed. In general, it is desired to gradually
increase the complexity of the datasets. In practice, to determine
Ω and their order, researchers can relyon their background knowledge
of the complexity of the molecular systems and verify it during model
training. For instance, in case (ii), reversing the order would lead to
the second label having minimal data coverage, thereby providing
little assistance in distinguishing the atomic and molecular arrange-
ments; in case (iv), adding Ωi and Ωj together would lead to severely
reduced accuracy of the model. Detailed considerations for the
determination of the dataset order in the this work can be found in
Section 4 of the SI.

Analysis of MD data with machine-generated interpretations
By applying the trained model to the data obtained from an MD tra-
jectory of the target system, one can obtain a temporal sequence of
labels that depict the evolution of microscopic states. Specifically, for
COF-PEO-3, the final classificationmodel was employed on the dataset
derived from the MD simulations of COF-PEO-3 filled with LiClO4,
generating the labels for each Li+ with various components at different
frames. For MOF-5, the final classification model was employed on the
MD systems with different CO2 loadings. For the PM6:Y6 heterojunc-
tion, the final classification model was applied to the MD systems with
different PM6:Y6 ratios. We then perform analysis on these machine-
learned labels, reducing the reliance on directly analyzing the raw MD
data as done in a conventional study routine. In particular, we calcu-
lated the ratio of each label in the target system and their correlation
coefficient. In the time sequence analysis, to suppress the impact of
errors from the machine-learning model, we use a criterion of 3 or
more successive occurrences (corresponding to a 30-ps time window)
of the same (or different) states to determine the start (or end) of
a state.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Source data are provided with this paper. The complete datasets
generated in this study exceed 400 GB and are available from the
authors upon request, with responses generally provided within two
weeks. Uniformly sampled subsets of the datasets have been
deposited in the Zenodo database under accession code https://doi.
org/10.5281/zenodo.132928010 and in Figshare under accession
code https://doi.org/10.6084/m9.figshare.29995318. The initial and
final configurations of the molecular dynamics trajectories in this study
have been deposited in the Zenodo database under accession code
https://doi.org/10.5281/zenodo.16880925. Source data are provided
with this paper.

Code availability
The code formodel training is under Apache License (Version 2.0) and
is available on GitHub at https://github.com/ShuSmeMat/HiDiscover
or Zenodo at https://doi.org/10.5281/zenodo.1688223387.
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