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Abstract

Organic linker design for reticular materials requires balancing molecular diversity
with structural and chemical constraints. Here, we introduce LinkerGen, a com-
pact SMILES-based autoregressive model guided by chemical building unit (CBU)
types, numerical property targets, or text descriptions. We train and evaluate two
model sizes on approximately 22 million fragment-enumerated carboxylate linkers
spanning 2-linear, 2-bent, and 3-planar CBU types. Model size and sampling temper-
ature adjust the balance between validity and novelty, while conditioning increases
the yield of distinct, valid, novel candidates satisfying selected requests compared
with unconditioned generation followed by filtering. Text conditioning combines
molecular requirements in a single natural-language request, although its effective-
ness depends on training coverage and prompt formulation. A prospective appli-
cation connects literature-informed linker generation to metal-organic polyhedron
(MOP) assembly and calculated binding energies for 5-fluorouracil, illustrating how
chemical design hypotheses can be explored through computational screening. Link-
erGen provides a steerable source of candidate building units and a basis for adapta-
tion to other linker families and design objectives through suitable training data and
conditioning information.
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Highlights

* Generative model for reticular organic chemical building units (CBUs) widen
the chemical linker space available for the design of metal-organic polyhedra.

* Conditioning enriches generated populations in linkers with desired properties.

» Text conditioning allows complex chemical requirements to be effectively ex-
pressed in natural language.
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1 Introduction

Reticular chemistry offers a modular approach to constructing materials by connecting
chemical building units (CBUs) into defined architectures. [1] This approach has enabled
the development of metal-organic frameworks (MOFs), [2] covalent organic frameworks
(COFs), [3] and discrete metal-organic polyhedra (MOPs), [4] with applications in gas
capture and separation, catalysis, water harvesting, and drug delivery. [5-9] Their struc-
tural and chemical diversity offers opportunities to tailor materials to particular applica-
tions, but identifying suitable building units and their combinations remains a substan-
tial design challenge. [10] In metal-organic systems, inorganic nodes and organic linkers
jointly determine the assembled architecture and its properties. Inorganic components
contribute coordination geometry, connectivity, and chemical interaction sites, while or-
ganic linkers contribute the arrangement of binding groups, molecular dimensions, flexi-
bility, and functional groups. These contributions are interdependent: changing the metal
can alter adsorption within an otherwise retained framework family, [11] while modi-
fying the organic ligand can change cage geometry and nuclearity. [12] Within suitable
structural families, linker extension and functionalisation also allow pore dimensions and
chemical environments to be varied systematically. [13, 14] Generating linkers with spec-
ified structural and chemical characteristics therefore provides one means of exploring
material designs, alongside the selection of inorganic components and assembly architec-
tures.

Several computational approaches provide access to linker candidates. Libraries of exper-
imentally characterised building units supply established components that can be recom-
bined with selected nodes and topologies to construct hypothetical materials for screen-
ing. [15—18] Broader molecular databases extend this search to compounds not previously
used in reticular materials, selected according to their coordinating groups, connectivity,
and structural characteristics.[19] Fragment-based methods construct additional linkers
by recombining molecular units according to defined templates, using enumeration or
evolutionary optimisation to explore the resulting space. [20, 21] These approaches pro-
vide both candidate structures and chemically structured datasets, creating opportunities
to learn from available linker chemistry and direct further exploration towards particular
design requirements.

Generative machine learning (ML) provides a complementary means of exploring molec-
ular space. Molecular sequence models learn patterns in structures represented as SMILES [22]
or SELFIES [23] strings and sample additional molecules from the learned distribu-
tions. [24, 25] In drug discovery, fragment-linking methods such as DeLinker, [26] Syn-
taLinker, [27] 3DLinker, [28] and DiffLinker [29] generate connections between specified
substructures. These methods incorporate different forms of structural guidance, includ-
ing spatial arrangement in three-dimensional approaches, while Link-INVENT [30] uses
reinforcement learning to optimise specified objectives. Although reticular design im-
poses different requirements, related methods have been applied directly to this domain.
A pretrained DiffLinker model has been used to generate MOF linkers for subsequent as-
sembly and CO, adsorption screening. [31] More recently, Nexerra®! combined chemical
language modelling with seed-guided and scaffold-constrained MOF linker design and a
flow-based extension for property-directed generation. The workflow includes framework



assembly, with the scaffold-constrained approach leading to the experimental synthesis of
a new MOF. [32]

Conditioning guides molecular generation through molecular classes, numerical targets,
or textual descriptions of desired features. [33, 34] Descriptor-conditioned models en-
able steering towards requested property ranges, [34] while text—-molecule models such
as nachO [35] and ChemLLML [36] allow requirements to be expressed through language.
The effectiveness of this control depends on training coverage and how requirements are
represented: rare property combinations may be difficult to reproduce, and text-guided
generation may be sensitive to wording. [32, 37, 38] For linker design, this motivates
assessing both the ability to generate requested chemistry and the limits imposed by the
available training examples.

Here, we introduce LinkerGen, a SMILES-based autoregressive language model for gen-
erating organic CBUs under specified molecular requirements. We train and evaluate two
model sizes using approximately 22 million unique carboxylate linkers reconstructed from
the fragments and assembly templates of a previously reported library [20] (Supporting
Information, Section A.l), covering the 2-linear, 2-bent, and 3-planar CBU types. We
assess how model size and sampling temperature affect validity, uniqueness, and novelty,
defining novelty against the complete reference dataset. We then evaluate conditioning on
CBU type, numerical descriptors, and textual descriptions, comparing the yield of candi-
dates satisfying each request with that obtained from unconditioned generation followed
by identical filtering. We also examine requests with limited training support, sensitivity
to prompt formulation, and the incorporation of additional numerical descriptors.

To connect molecular generation with a reticular application, we use descriptions in-
formed by an LLM-assisted literature review to generate linkers for MOP hosts for 5-
fluorouracil. Generated candidates undergo molecular selection, three-dimensional con-
struction, cage assembly, and computational binding-energy screening. Comparisons with
generic text-guided generation and direct LLM generation allow us to examine how the
selected molecular requirements translate into host—guest performance after assembly.
LinkerGen source code is freely available on GitHub: github.com/pwvbutler/linkergen.

2 Methods

2.1 Training Data

The starting dataset was reconstructed from the molecular fragment collection and 12
CBU templates introduced in our previous work, spanning the 2-linear, 2-bent, and 3-
planar construction classes. [20, 21] The source fragments were originally extracted from
ChEMBL36 [39] using BRICS fragmentation. [40] Assembly was restricted to carboxy-
late binding groups and used a revised RDKit-based procedure connecting fragment at-
tachment sites through single bonds. [41] The assembled structures were validated us-
ing RDK:it, retaining only connected molecules with the required number of carboxylate
binding groups and no residual attachment markers or radical centres. Stereochemical an-
notations were removed, and canonical SMILES were deduplicated, yielding 22 074 197
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unique CBUs.

Molecules were assigned reproducibly to training, validation, and test partitions in ap-
proximately 90:5:5 proportions. These assignments were preserved during conditioned
training. Numerical annotations were calculated using RDKit, while separate text corpora
were constructed from annotated molecular subsets using description templates, property
dropout, and varied property ordering. Dataset construction and descriptor definitions
are detailed in Section A.l of the Supporting Information; text-corpus preparation is de-
scribed in Section A.6.

2.2 Model Architecture and Training

LinkerGen is an autoregressive transformer decoder operating on SMILES strings. [22,
42] Self-attention processes the growing molecular sequence, while optional cross-attention
incorporates conditioning information. CBU types and numerical properties are mapped
to conditioning vectors through a feed-forward network. Text descriptions are embedded
using the frozen nach(Q encoder [35] and projected into the decoder embedding space.
Cross-attention is bypassed during unconditioned generation.

Two model sizes were evaluated, with 279 865 and 1621 305 stored parameters in the
small and large unconditioned models, respectively, including inactive conditioning com-
ponents. Models were trained using AdamW [43] to minimise cross-entropy loss for
next-token prediction. Unconditioned training comprised ten epochs, with checkpoints
selected by minimum validation loss. These checkpoints initialised separate conditioned-
training runs: ten additional epochs for CBU-type and numerical conditioning, and ten or
twenty epochs for text conditioning, depending on the corpus. For the expanded-corpus
text models, checkpoints within 5% of the minimum validation loss were compared using
1000 generation attempts under the research prompt. Selecting the checkpoint produc-
ing the most distinct valid molecules gave epoch 15 for both model sizes. Architecture,
parameter counts for each conditioning mode, and training details are provided in Sec-
tion A.2 of the Supporting Information.

2.3 Linker Generation and Evaluation

Unless otherwise stated, each condition was evaluated at a temperature of 1 through ten
independent sampling runs of 10000 attempts using the same trained checkpoint. Gen-
eration proceeded from a start-of-sequence token until an end-of-sequence token or the
maximum length of 512 tokens was reached. Results are reported as means and standard
deviations across runs.

Molecules were considered valid if they could be parsed by RDKit, were closed shell,
contained at least two anionic carboxylate groups, and received a supported CBU-type
assignment using the procedure in Section A.1.3 of the Supporting Information. Valid
outputs were deduplicated within each run using canonical SMILES. Novel molecules
were distinct valid outputs absent from the complete reference dataset, including all three
partitions. Validity, uniqueness, and novelty were expressed as percentages of all genera-



tion attempts.

Conditioned generation was additionally evaluated against the requested properties or
structural features, using criteria and tolerances specified alongside each experiment. To
assess sampling efficiency, we compared the yield of distinct valid novel molecules satis-
fying each request with that obtained from unconditioned generation followed by identi-
cal filtering. Yields were expressed as percentages of all generation attempts, measuring
the number of qualifying candidates obtained from a fixed sampling budget. Synthetic-
accessibility proxy calculations and reference-dataset comparisons are described sepa-
rately in Section A.7 of the Supporting Information.

2.4 Prospective 5-Fluorouracil Application

An LLM-assisted literature review informed a research prompt for generating linkers for
tetrahedral MyLg MOP hosts for 5-fluorouracil. Both the small and large text-conditioned
models trained on the expanded corpus were run with this prompt. For comparison, the
small model was also run with the generic description “A 2-linear linker”. Each Link-
erGen condition used three independent runs of 5 000 generation attempts at 7 = 1, with
100 distinct accepted candidates selected per run. Research-prompt sets prioritised can-
didates satisfying all measurable requirements, followed by random selection from the
remaining accepted outputs; generic sets were selected randomly from accepted 2-linear
outputs. As an additional comparison, GPT-5.6-Sol and GPT-6-Astra were each given
the literature-review report and asked directly to propose 100 carboxylate linkers for the
same host—guest application. Selection preceded energy calculations, and failed candi-
dates were not replaced. The review, generation prompts, and selection procedures are
provided in Sections A.8.1 and A.8.2 of the Supporting Information.

A previously reported MOP assembly workflow combined six organic linkers with four
[Zr;0(OH);(CsHs)3] metal CBUs to construct each cage. [44, 45] Calculations used
mace-matpes-r2scan-0 with D3(BJ) dispersion using r2SCAN parameters. [46—48]
Four chloride counterions neutralised each cage; solvent was not included. Following
separate host and guest relaxation, up to 720 guest placements were screened per cage
and up to three distinct low-energy poses were relaxed.

Binding energies were calculated for the lowest-energy accepted complex relative to the
relaxed empty host, including counterions, and free guest. The host reference used the
lower accepted energy obtained from initial host relaxation or further relaxation of a host
extracted from a relaxed complex. Comparisons included only candidates satisfying the
structural and guest-location criteria. Calculation settings, acceptance criteria, and statis-
tical procedures are detailed in Sections A.8.3 and A.8.2 of the Supporting Information.



3 Results

3.1 Unconditioned Generation

We first evaluated unconditioned generation to establish how model size and sampling
temperature affect the production of valid and novel CBUs. Both models were trained on
the same training partition and evaluated through ten independent sampling runs of 10 000
attempts per setting. Table | reports validity, uniqueness, and novelty as percentages of all
generation attempts; unique and novel yields count distinct valid molecules, with novelty
assessed against the complete reference dataset.

At T = 1.0, validity reached 95.58% for the small model and 99.68% for the large model,
whereas distinct valid novel yields were 28.31% and 1.03%, respectively. Uniqueness
closely followed validity, indicating that repeated molecules within individual runs were
uncommon. The large model therefore generated valid CBUs more consistently, while the
small model produced substantially more molecules absent from the enumerated reference
collection.

Increasing the sampling temperature raised novel yield at the expense of validity. Between
T =0.8 and T = 1.5, novel yield increased from 18.76% to 41.37% for the small model
and from 0.31% to 6.72% for the large model. Over the same interval, validity decreased
from 98.64% to 73.52% and from 99.95% to 93.81%, respectively. Figure 1 illustrates
this balance for the small model and distinguishes novelty relative to the training partition
from novelty relative to the complete dataset. The latter excludes recovery of validation
and test molecules and therefore measures expansion beyond the enumerated collection.
The trade-off between validity and novel yield for both models is shown in the Supporting
Information (Figure A.3).

At T = 1.0, novel molecules broadly retained the synthetic-accessibility and complexity
profiles of the complete reference dataset, as assessed using SA score, [49] RAscore, [50]
SCScore, [51] and SYBA [52] (Supporting Information, Section A.7 and Figure A.7).
These similarities concern the proxy distributions and do not establish synthetic feasibil-
ity.

We used T = 1.0 for subsequent conditioning experiments because both models retained
high validity, while the small model also produced a substantial yield of novel candidates.

3.2 Conditioning on Linker Type

CBU-type conditioning allows generation to target a construction class required by a se-
lected assembly model. This is particularly relevant for the present dataset, in which 2-
bent and 2-linear CBUs account for 63.75% and 36.19% of molecules, respectively, while
only 0.054% are 3-planar. The complete dataset contains 11 850 3-planar molecules, of
which 10 630 belong to the training partition.

Atepoch 10 and 7' = 1.0, both models followed requests for the common classes with high
accuracy (Figure 2). Among valid outputs, 99.54% and 99.49% matched the requested 2-
linear and 2-bent types for the small model, compared with 99.94% and 99.82% for the



Table 1: Unconditioned generation at sampling temperature T. Values are percentages
of all attempts, reported as mean * standard deviation across ten runs of 10 000
attempts. Unique and novel yields count distinct valid molecules; novelty is

assessed against the complete reference dataset.

Model T Valid (%)  Unique (%) Novel (%)
Small 0.8 98.64+0.14 98.60+0.14 18.76+0.73
1.0 95584+0.16 95.56+0.17 28.314+0.59
1.5 73.52+0.37 73.514+0.36 41.37+0.70
Large 0.8 99.95+£0.02 99.894+0.02 0.3140.05
1.0 99.68+0.05 99.65+0.05 1.0340.10
1.5 93.81+0.29 93.724+0.29 6.72+0.27
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Figure 1: Unconditioned generation. (a) Small-model validity, uniqueness, and nov-
elty relative to the training partition and complete reference dataset. Bars
show mean percentages of all attempts; error bars indicate standard devia-
tions across ten runs of 10000 attempts per temperature. (b,c) Example novel
2-linear and 2-bent CBUs, respectively.

large model. The rare 3-planar class was more challenging: matching accuracy among
valid outputs was 80.61% for the small model and 98.14% for the large model, while
validity was 62.39% and 95.95%, respectively.

The distinction between accuracy and candidate yield was especially important for the 3-



planar request. Per 10 000 attempts, the small model generated an average of 4 317 distinct
valid molecules of the requested type, including 2 292 absent from the complete reference
dataset. The large model generated approximately 6 355 distinct valid matches, but only
715 were novel. Thus, the large model followed the requested class more reliably and
produced more distinct matches, whereas the small model produced more novel matches.

CBU-type conditioning therefore provided access to the rare construction class despite its
low representation in training.
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Figure 2: CBU-type conditioning for the small (top, a—d) and large (bottom, e—h) models.
Panels show the reference dataset composition (a, e) and valid-output compo-
sitions for requests specifying 2-linear (b, f), 2-bent (c, g), and 3-planar (d,
h) CBUs. Generated percentages are means across ten independent runs of
10000 attempts at T = 1; error bars indicate standard deviations. Numbers
label the corresponding percentages.

3.3 Conditioning on Linker Properties

We next examined whether generation could satisfy jointly specified structural and com-
positional requirements. Both models were conditioned on CBU type, binding-site graph
distance, and the heteroatom fraction of the molecular core, excluding the carboxylate
binding groups. All evaluated requests specified 2-linear CBUs. We tested binding-site
distances of 5, 9, and 13 bonds at a fixed heteroatom fraction of 0.25, and heteroatom
fractions of 0.25, 0.50, and 0.75 at a fixed distance of 13 bonds. A generated molecule
was counted as a match if it was valid, belonged to the requested CBU type, had the exact
requested binding-site distance, and had a heteroatom fraction within £0.05 of the target.
Matching rates were calculated over all generation attempts, counting each occurrence of
a matching molecule.
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Both models shifted the generated distributions towards the requested values (Figure 3).
All requests jointly specified CBU type, binding-site distance, and heteroatom fraction;
the figure displays the two numerical-property distributions separately, whereas the match-
ing rates below require each molecule to satisfy all three criteria simultaneously. Distance
13 accounts for 98.50% of 2-linear molecules in the training partition. For a request spec-
ifying this distance and a heteroatom fraction of 0.25, 96.35% of attempts satisfied all
criteria for the small model, compared with 99.43% for the large model. Keeping the re-
quested heteroatom fraction at 0.25 but reducing the distance to 9 or 5 bonds lowered these
rates to 42.23% and 13.91% for the small model and 74.82% and 37.57% for the large
model, respectively. These shorter-distance combinations have substantially less training
support, with only 1214 and 840 training molecules satisfying the respective joint criteria.

At distance 13, both models responded to heteroatom-fraction targets of 0.25 and 0.50,
but neither reliably reached 0.75. For the latter request, joint-matching rates were only
0.112% and 0.016% of attempts for the small and large models, respectively. No 2-linear
training molecules simultaneously satisfy distance 13 and a heteroatom fraction within
£0.05 of 0.75. The poor performance therefore coincided with an unrepresented combi-
nation of requested properties.

The yield of distinct valid novel molecules satisfying all requested criteria also varied
substantially between targets. For the small model, it reached 38.88% for distance 13
and heteroatom fraction 0.50, and 9.96% and 5.05% for distances 9 and 5 at heteroatom
fraction 0.25. The extreme heteroatom-fraction request yielded only 0.079%, equivalent
to approximately eight novel matching molecules per 10 000 attempts (Supporting Infor-
mation, Table A.9).

Conditioning was also successfully extended to core molecular weight and cLogP (Sup-
porting Information, Figure A.4 and Table A.9).

3.4 Text Description Conditioning

Text conditioning allows molecular requirements to be supplied through a single descrip-
tion. We evaluated models trained separately on an initial corpus of 60000 molecule—
description pairs and an expanded corpus with greater coverage. Descriptions were as-
sembled from CBU types, molecular properties, elements, and functional groups.

The initial small model showed strong control over fluorination. Changing the prompt
from “A 2-linear linker” to “A 2-linear linker with fluoride functional groups” increased
the proportion of fluorine-containing molecules among valid 2-linear outputs from 15.12%
to 98.88%. Across ten sampling runs of 10000 attempts, validity also increased, from
85.59% to 95.18%. Enrichment occurred across several fluorinated motifs (Figure 4),
showing that a simple textual request could substantially alter the generated chemistry.

More demanding requests revealed weaker control over property combinations and sensi-
tivity to wording (Supporting Information, Section A.6). A description requesting strong
binding of 5-fluorouracil predominantly promoted fluorinated structures. This response
was consistent with an association between the wording and fluorinated molecular fea-
tures, but did not establish control over host—guest binding.

11
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Figure 3: Numerical conditioning for the small (top, a—b) and large (bottom, c—d) mod-
els. All requests jointly specify 2-linear CBU type, binding-site distance, and
heteroatom fraction; panels show the resulting numerical-property distribu-
tions separately, including outputs that do not satisfy the complete request.
Panels (a, c) vary the requested distance (5, 9, or 13 bonds) at a heteroatom
fraction of 0.25; panels (b, d) vary the requested heteroatom fraction (0.25,
0.50, or 0.75) at a distance of 13 bonds. Grey distributions show uncondi-
tioned generation. Each distribution is independently scaled to a maximum of
one; overlapping distance stems are offset for visibility.

The expanded corpus contained approximately 1.21 million molecule—description pairs
and increased coverage of five-bond and urea-containing 2-linear linkers. For both model
sizes, epoch 15 was selected using validation loss and the number of distinct valid molecules
generated under the research prompt introduced in Section 2.4. Checkpoint selection is
detailed in the Supporting Information (Section A.2 and Table A.4). With these models,
an explicit request for five bonds between binding sites was satisfied by 71.19% of valid
2-linear outputs for the small model and 97.66% for the large model.

Combining requirements remained sensitive to prompt formulation. For the research
prompt, 35.11% and 21.31% of valid 2-linear outputs from the small and large models

12
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Figure 4: Fluorinated-motif enrichment for the small model under generic and
fluorination-specific prompts. Bars show mean motif counts in the first 1 000
attempts of each of ten independent runs; error bars indicate standard devi-
ations. Molecules may contain multiple motif occurrences and contribute to
several categories.

satisfied both the five-bond distance and urea requirements. These percentages assess
those two features rather than compliance with the complete description. A reformula-
tion that changed the wording and order of the requirements reduced these proportions
to 5.04% and 7.54%, respectively. Other variants also changed or omitted requirements,
so the comparisons assess sensitivity to prompt formulation rather than word order alone
(Supporting Information, Section A.6 and Figure A.5).

3.5 Conditioning Efficiency

To compare the practical benefit of the conditioning interfaces, we measured the yield
of distinct valid novel molecules satisfying each request, expressed as a percentage of
all generation attempts. Each qualifying molecule was counted once per run; invalid
outputs, additional occurrences, molecules present in the complete reference dataset, and
outputs failing the request did not contribute. We compared conditioned generation with
unconditioned generation followed by identical request filters, using the small model at
T = 1.0 and epoch-10 conditioned checkpoints.

The benefit varied substantially with the requested population (Figure 5). For CBU-type

13



conditioning, novel matching yield increased from 0.021% to 22.92% for 3-planar CBUs,
corresponding to approximately two versus 2292 candidates per 10000 attempts. Im-
provements were smaller for the common classes: yields increased from 8.19% to 14.70%
for 2-linear and from 20.09% to 24.17% for 2-bent CBUs. Numerical conditioning like-
wise increased access to rarely sampled combinations. For example, the distance-13 and
heteroatom-fraction-0.50 request yielded 38.88% novel matches, compared with 0.091%
after unconditioned generation and filtering.

Text conditioning with the initial-corpus model increased novel matching yield from
8.19% to 41.29% for the generic 2-linear request. Requests for amine-containing and
fluorine-containing 2-linear linkers increased the corresponding yields from 2.13% to
23.13% and from 1.45% to 26.22%, respectively. These represent approximately 5.0-,
10.9-, and 18.1-fold improvements over the corresponding unconditioned controls.

Across the evaluated requests, conditioning increased the yield of distinct valid novel
candidates satisfying the specified requirements. This comparison measures efficiency
per generation attempt; it does not account for training or computational cost.

3.6 Prospective Application to MOP Hosts for S-Fluorouracil

We examined whether literature-informed text conditioning could guide the generation of
linkers for MyLL¢ MOP hosts for 5-fluorouracil. The research prompt requested a 2-linear
linker with five bonds between binding sites, high polarity, medium functionalisation, a
very low fraction of sp® carbons, and urea groups. We compared the small and large
text-conditioned models receiving this prompt with the small model receiving the generic
description “A 2-linear linker”. Additional comparisons used linkers proposed directly
by GPT-5.6-Sol and GPT-6-Astra, each given the literature-review report (Supporting In-
formation, Section A.8.1).

The three sampling runs for each LinkerGen condition supplied 900 selected candidates
in total, while the two ChatGPT models supplied 100 candidates each. Each research-
prompt run yielded at most two distinct accepted molecules satisfying all measurable
requirements among 5000 generation attempts. Nevertheless, among successfully as-
sembled cages, the requested five-bond distance occurred in 93-97% of the small-model
research sets and 82-85% of the large-model research sets, compared with 4—10% of the
generic sets. The research prompt therefore strongly enriched short linkers despite limited
fulfilment of the complete description (Supporting Information, Section A.8.2).

Assembly produced 822 cages from the LinkerGen candidates. After applying the com-
mon evaluation criteria, 626 were retained: 229 from generic generation, 221 from the
small research-conditioned model, and 176 from the large research-conditioned model.
These correspond to 76.3%, 73.7%, and 58.7% of the 300 selected candidates per con-
dition, respectively. The non-LinkerGen GPT-5.6-Sol and GPT-6-Astra sets yielded 72
and 65 retained cages. Binding-energy comparisons refer to these retained populations;
acceptance criteria and per-run outcomes are provided in the Supporting Information (Sec-
tion A.8.3 and Table A.11).

Across the three runs, mean calculated binding energies ranged from —1.081 to —1.071 eV
for generic generation, from —0.965 to —0.938 eV for the small research-conditioned
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Figure 5: Distinct valid novel matching yields for conditioned generation (filled markers)
and unconditioned generation followed by identical filtering (open markers).
Values are percentages of all attempts for the small model at T =1 (epoch 10).
Zero yields are placed at 0.001% on the logarithmic axis solely for display.

model, and from —1.090 to —1.057 eV for the large research-conditioned model. The
generic and large-model means remained close, while the small research-conditioned
model gave less favourable means in every run. The corresponding means for the single
GPT-5.6-Sol and GPT-6-Astra sets were —1.032 and —0.921 eV. Figure 6 compares the
pooled binding-energy distributions; per-run means and confidence intervals are reported
in the Supporting Information (Table A.11).

Despite its less favourable mean, the small research-conditioned model supplied the can-
didate with the lowest calculated binding energy, —2.139 eV, compared with minima of
—2.095 and —1.993 eV for generic generation and the large research-conditioned model,
respectively. This candidate had the requested five-bond distance but contained no urea
group and had low core polarity under the conditioning definitions. Its optimised host—
guest structure showed several short, directional N-H- - - O contacts between linker groups
and the carbonyl oxygens of 5-fluorouracil (Figure 7).
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Figure 6: Calculated 5-fluorouracil binding energies for accepted MOP hosts. Link-
erGen distributions pool three sampling runs per condition; each ChatGPT
distribution represents one set. Dots show individual evaluations, boxes the
interquartile ranges, horizontal lines the medians, and diamonds the means.
Counts, means, and minima are annotated.

4 Discussion

LinkerGen makes selected regions of linker chemistry more accessible for computational
screening. Even a large molecular collection may contain relatively few candidates sat-
isfying a particular design request, making unrestricted generation followed by filtering
inefficient. The enrichment observed for rare CBU types and selected property combina-
tions shows how conditioning can direct sampling towards relevant candidates, including
molecules absent from the reference collection. Enumeration and generation thus serve
complementary roles: enumeration supplies a chemically structured foundation, while the
trained model allows that chemistry to be explored under changing requirements. Within
the tested settings, the small model’s greater novel yield also shows that increasing model
size does not necessarily improve the supply of new candidates.

Text conditioning offers an accessible way to express these requirements, but its use-
fulness depends on the connection between the language of a request and the chemistry
represented in training. A description that appears reasonable to a chemist may com-
bine features that rarely occur together in the available examples. The expanded corpus
supported generation of short and urea-containing linkers, while the prompt comparisons
showed that combining such requirements remained sensitive to their expression. Prepar-
ing molecular annotations and checking the generated structures are therefore part of us-
ing the interface effectively. Text provides a convenient means of communicating a design
hypothesis; its fulfilment still has to be established from the outputs.
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Figure 7: Optimised M,L¢ host containing 5-fluorouracil for the lowest-energy candidate
identified (Eping = —2.139 eV), generated by the small research-conditioned
model. Guest carbon atoms are orange, zirconium atoms cyan, and chloride
counterions green.

The 5-fluorouracil application extends this distinction from molecular compliance to per-
formance after assembly. LinkerGen supplied candidates with calculated binding ener-
gies competitive with those obtained from direct ChatGPT generation within the shared
screening protocol. The small research-conditioned model produced the candidate with
the lowest calculated energy despite having the least favourable mean among the Linker-
Gen conditions. Population averages and individual candidates therefore answer differ-
ent screening questions: the former describe the typical accepted output, while the latter
identify structures worth examining more closely. The lowest-energy candidate lacked the
requested urea group, and its optimised structure instead showed short, directional con-
tacts between other linker groups and the guest (Supporting Information, Section A.8.6).
This provides a concrete example of a promising arrangement outside the complete set of
features envisaged in the request.

Literature-informed conditioning can guide exploration, but it also favours some possi-
bilities at the expense of others. Here, the research prompt strongly enriched short link-
ers, whereas generic generation explored a broader range of lengths and achieved mean
binding energies similar to those of the large research-conditioned model. The selected
requirements therefore directed the generated chemistry without providing a consistent
advantage in the chosen performance measure. Few candidates satisfied the complete
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description, however, so this comparison cannot separate the suitability of the chemical
hypothesis from the model’s ability to realise it. Broader exploration remains valuable
alongside targeted generation because it can reveal favourable candidates outside the pro-
posed requirements. These comparisons concern selected populations and accepted cal-
culations, rather than a general ranking of generators; differences in workflow completion
also matter when assessing how many candidates yield usable screening results.

The application also highlights that conditioning acts on individual linkers, whereas bind-
ing depends on the assembled host. Inorganic nodes contribute both the coordination
geometry that organises the linkers and a chemical environment of their own, including
metal centres and associated ligands. Together with the linkers and counterions, these
components determine which interaction sites are accessible to the guest. All hosts in
the present comparison shared the same node, allowing linker variation to be examined
within one assembly family while leaving the contribution of node design unexplored.
Considering alternative nodes alongside organic linkers could therefore reveal favourable
combinations beyond those accessible through linker modification alone.

LinkerGen provides a component of such a design process, with its present capabilities es-
tablished within a defined carboxylate-linker domain. Extension to other binding groups
and linker families will require suitable training data and criteria for evaluating the re-
sulting chemistry. Feedback from assembly and property calculations [44, 53] could
inform subsequent requests or support optimisation through reinforcement learning.[24]
This would allow downstream evaluation to improve both the candidates being generated
and the chemical assumptions used to guide their generation.

5 Conclusions

In this work, we introduced LinkerGen, a compact SMILES-based autoregressive model
for generating organic building units guided by CBU type, numerical properties, or text
descriptions. Trained on approximately 22 million carboxylate linkers, LinkerGen gener-
ated molecules beyond the complete reference collection and increased the yield of dis-
tinct valid novel candidates meeting selected requirements compared with unconditioned
generation followed by filtering. Model size and sampling temperature offered control
over the balance between validity and novelty, while training coverage and prompt for-
mulation influenced how reliably requests were fulfilled.

The prospective S-fluorouracil application connected text-guided generation to MOP as-
sembly and computational binding-energy screening. It illustrated the value of com-
bining literature-informed guidance with broader exploration, allowing chemical design
hypotheses to be tested while retaining access to candidates outside their assumptions.
LinkerGen therefore provides a practical means of translating chemical design ideas into
candidate structures whose suitability can be assessed in the assembled material.
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A Appendix

A.1 Dataset Construction and Characterisation
A.1.1 Starting Dataset

The starting dataset was reconstructed from the molecular fragments and 12 CBU tem-
plates introduced in our previous work.[20, 21] The source fragments were originally
extracted from ChEMBL36 [39] using BRICS fragmentation. [40] Fragment preparation
converted attachment markers to dummy atoms and applied the replacements and exclu-
sions recorded in the accompanying fragment-selection rules.

Assembly was restricted to carboxylate binding groups and used a revised RDKit-based
graph procedure. [41] Attachment markers were removed and their neighbouring atoms
connected by single bonds, followed by molecular sanitisation. Products were checked for
connectivity, the expected number of binding groups, and the absence of residual attach-
ment markers. Stereochemical annotations were removed, and canonical SMILES were
deduplicated across all templates. Independent validation confirmed that the resulting
molecules were closed shell.

The final collection contained 22 074 197 unique molecules: 22062347 with two car-
boxylate groups and 11 850 with three. Reference CBU labels retained the construction
classes associated with the source collection, with the cyclic-core and acyclic-core 2-bent
subclasses combined into a single 2-bent class. Fragment preparation, assembly rules,
validation scripts, and dataset checksums are included in the accompanying data and code
described in Section A.9.

A.1.2 Dataset Splits

Canonical SMILES were assigned deterministically to training, validation, and test par-
titions using a SHA-256 hash with a fixed salt, a constant string combined with each
SMILES before hashing. The resulting values were used to allocate molecules in approx-
imately 90:5:5 proportions. Assignment therefore depends on molecular identity rather
than file order.

The resulting partitions contained no shared canonical SMILES and were preserved dur-
ing conditioned training, including text-corpus preparation. Table A.l reports their com-
position.

Table A.1: Molecule counts by reference CBU type and dataset partition.

Partition 2-linear 2-bent 3-planar Total
Training 7189937 12665738 10630 19866305
Validation 399793 704121 610 1104524
Test 399626 703132 610 1103368

Complete 7989356 14072991 11850 22074197
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A.1.3 CBU-Type Assignment

Generated molecules were assigned CBU types using a fragment-based classification pro-
cedure. Anionic carboxylate groups were replaced by dummy atoms. Eligible single, non-
ring bonds along shortest paths from the first binding-site dummy atom to the others were
cut to identify constituent fragments. Eligible bonds had at least one ring-atom endpoint
and did not involve hydrogen or dummy atoms.

Molecules containing a fragment with more than three attachment sites were rejected.
A maximum of three attachment sites gave a 3-planar assignment, without an indepen-
dent planarity test. Otherwise, attachment-vector angles were calculated from ETKDGv3
fragment conformers generated using a fixed random seed. [54, 55] Dummy atoms were
temporarily replaced by isotopically labelled hydrogens during embedding. Mean pair-
wise angles above 160° identified linear fragments, while angles between 90° and 130°
identified bent fragments. A recognised bent fragment took precedence over a linear frag-
ment; molecules without a supported assignment were rejected.

These operational labels describe the construction classes used in evaluation. They do not
independently establish the geometry or assembly compatibility of the complete linker.

A.1.4 Molecular Descriptors

For descriptor calculation, carboxylate or carboxylic-acid groups matching C (=0) [0—, OH]
were replaced by dummy attachment atoms, and the resulting core was sanitised. Binding-
site graph distance was the mean shortest-path distance over all pairs of attachment atoms.
For molecules with two binding sites, this is a single distance measured in bonds and is
equivalent to the distance between the corresponding carboxylate carbon atoms in the
original graph.

Heteroatom fraction was the proportion of non-hydrogen core atoms that are not carbon,
excluding dummy attachment atoms. Additional core descriptors were calculated using
RDKit: molecular weight, cLogP, topological polar surface area (TPSA), sp® carbon frac-
tion, rotatable-bond count, and ring count. Dummy attachment atoms were retained in
these calculations. The sp? fraction denotes the proportion of core carbon atoms assigned
sp? hybridisation.

For functional-group detection, a separate copy of the core was prepared with the dummy
attachment atoms replaced by hydrogens. Functional groups were identified using the
archived SMARTS definitions. Functionalisation denotes the number of detected functional-
group labels, rather than the total number of individual group occurrences. Their use in
text descriptions and the associated property categories are described in Section A.6.

A.1.5 Property Coverage

Table A.2 reports the training support for the numerical requests examined in the main
text. Among 2-linear training molecules, 7081 817 (98.50%) have a binding-site distance
of 13 bonds. The tested five- and nine-bond combinations are much less represented,
and no training molecules satisfy the distance-13, heteroatom-fraction-0.75 request within
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either reported tolerance. The main generation comparisons use an absolute heteroatom-
fraction tolerance of £0.05; the narrower +0.025 interval provides additional context.

Table A.2: Training support among 2-linear CBUs. Distance matching is exact; joint
counts also require heteroatom fraction (HF) within the indicated tolerance.

Distance HF Distance Joint Joint
(bonds) target only (£0.025 HF) (+£0.05 HF)
5 025 2390 403 840
9 0.25 3571 593 1214
13 025 7081817 1405269 2765581
13 050 7081817 13538 32422
13 0.75 7081817 0 0

A.2 Model Architecture and Training
A.2.1 Representation and Architecture

LinkerGen is an autoregressive transformer decoder that combines causal self-attention
over the growing SMILES sequence with optional cross-attention to conditioning inputs
(Figure A.1). [42] The vocabulary contains 57 tokens representing molecular symbols and
special tokens for sequence boundaries, padding, and unknown inputs. The maximum
sequence length is 512 tokens.

For CBU-type conditioning, the requested class is encoded as a one-hot vector represent-
ing 2-linear, 2-bent, or 3-planar. Numerical conditioning adds binding-site distance and
core heteroatom fraction. Numerical inputs are standardised using training-set means and
standard deviations, with the same transformation applied during validation, testing, and
generation. A small feed-forward network maps these inputs to eight conditioning vectors
accessed through cross-attention.

Text descriptions are embedded using the pretrained nachO encoder, which produces 768-
dimensional representations. [35] A trainable projection maps these representations into
the decoder embedding space. The nach(O encoder remains frozen during training. Cross-
attention is bypassed when generation is unconditioned.

The small and large configurations are summarised in Table A.3. Stored unconditioned-
model parameter counts include inactive conditioning components; text-conditioned counts
exclude the frozen nachO encoder.

The CBU-type conditioned models contain 279 545 and 1620665 parameters for the
small and large configurations, respectively. The corresponding numerical-property mod-
els contain 279 673 and 1620921 parameters. These differences reflect the conditioning
networks used for each input type.
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Figure A.1: LinkerGen architecture. Each decoder block combines causal self-attention,
optional cross-attention, and a feed-forward network. Conditioning uses ei-
ther CBU-type and numerical inputs or text descriptions embedded by the
frozen nachQO encoder. Cross-attention is bypassed during unconditioned
generation.

Table A.3: Model configurations. d: embedding dimension; dg: feed-forward dimension;
Noase: Stored unconditioned parameters; Ny trainable text-conditioned pa-

rameters.
Model d dy Heads Layers Npase Niext
Small 64 256 4 4 279 865 327993
Large 128 512 8 6 1621305 1717561

A.2.2 Training Procedure

Models were trained to minimise cross-entropy loss for next-token prediction, excluding
padding tokens. Optimisation used AdamW [43] with a learning rate of 1073, §; = 0.9,
B, = 0.95, weight decay of 0.01, and gradient clipping at 1.0. Training used a fixed
random seed and mixed precision, with bfloat16 computations and float32 model weights
and optimiser states. Validation loss was averaged over predicted tokens.

Both unconditioned models were trained for ten epochs, using batch sizes of 1 024 for the
small model and 512 for the large model. Dropout rates were 0.05 for the embeddings and
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0.1 within the decoder layers. The checkpoint with the lowest validation loss was selected,
giving epoch 10 for the small model and epoch 9 for the large model (Figure A.2).
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Figure A.2: Training and validation losses for the small (left) and large (right) uncondi-
tioned models.

The selected checkpoints initialised separate conditioned-training runs. For CBU-type
and numerical conditioning, the conditioning networks, cross-attention layers, and as-
sociated layer normalisations were newly initialised. Both models were trained for ten
additional epochs without class reweighting or oversampling. The epoch-10 checkpoints
were used for evaluation.

Text-conditioned models also started from the selected unconditioned checkpoints, using
a newly initialised text projection and the frozen nachQ encoder. Training on the initial
description corpus used ten epochs and a batch size of 32; training on the expanded corpus
used twenty epochs and a batch size of 64. These were separate training runs, rather
than successive stages of one text-training procedure. Corpus construction is described in
Section A.6.

A.2.3 Expanded-Corpus Checkpoint Selection

For the expanded-corpus text models, checkpoint selection considered both validation loss
and the yield of distinct valid molecules. At each epoch, 1000 generation attempts were
made at 7 = 1 using the research prompt reported in Section A.8.1 and a fixed sampling
seed.

Among checkpoints with validation loss no more than 5% above the minimum, the check-
point producing the most distinct valid molecules was selected. This criterion selected
epoch 15 for both model sizes (Table A.4). Selection did not use binding energies or
complete request compliance. The selected checkpoints were used for the final prompt-
formulation experiments and the prospective MOP application.
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Table A.4: Selected expanded-corpus text checkpoints. Generation counts refer to 1 000
attempts under the research prompt at T = 1.

Validation  Valid  Distinct valid

Model Epoch loss outputs molecules
Small 15 0.0973 628 360
Large 15 0.0690 667 131

A.3 Training and Generation Times

A.3.1 Hardware and Training Times

Training and generation used an NVIDIA GeForce RTX 5080 GPU with PyTorch 2.13.0
and CUDA 13.0. Training used bfloat16 mixed precision; generation and molecular eval-
uation used Python 3.12.3 and RDKit 2026.03.4.

Approximate training times are reported in Table A.5. Each conditioned model was ini-
tialised separately from the corresponding unconditioned checkpoint, so these durations
represent additional training time. Text-training times include encoding descriptions with
the frozen nachO encoder.

Table A.5: Approximate training times on an NVIDIA GeForce RTX 5080. Conditioned-
training times exclude prior unconditioned training.

Training configuration Epochs Batch size Time (h)

Unconditioned, small 10 1024 1.5
Unconditioned, large 10 512 3.9¢
CBU type, small 10 1024 2.0
CBU type, large 10 512 5.2
Numerical, small 10 1024 2.0
Numerical, large 10 512 5.2
Initial text, small 10 32 0.2
Initial text, large 10 32 0.2
Expanded text, small 20 64 5.1
Expanded text, large 20 64 5.8

“Estimated duration.

A.3.2 Generation and Assessment Times

Unconditioned generation was timed using a sampling batch size of 64. Timings include
SMILES generation, transfer to the CPU, and molecular assessment: RDKit parsing,
canonicalisation, CBU-type assignment, and synthetic-accessibility (SA) scoring. Model
loading and novelty assessment against the reference dataset are excluded.
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Generating and assessing 10 000 attempts took approximately 82—87 seconds for the small
model and 94-102 seconds for the large model (Table A.6). These measurements describe
the combined generation and assessment workflow; conditioned-generation timings were
not included in this comparison.

Table A.6: Unconditioned generation and assessment times for 10 000 attempts, reported
as mean * standard deviation across ten runs. Throughput is calculated from
the mean elapsed time.

Model T Time (s) Attempts s~

Small 0.8 82.3+8.5 121.5
1.0 87.3+43 114.6
1.5 855£134 117.0
Large 0.8 101.7£3.0 98.3
1.0 999+18 100.1
1.5 93.7£7.1 106.7

A.4 Unconditioned Generation and Novelty

Table A.7 extends the main-text results by including greedy generation (7" = 0) and nov-
elty relative to the training partition. At 7 = 0, each model repeatedly generated a single
valid molecule present in the training partition, giving a distinct valid yield of 0.01% and
zero novelty.

Novelty relative to the training partition includes molecules present in the validation and
test partitions. Novelty against the complete reference dataset excludes these molecules
and therefore measures generation beyond the enumerated collection.

Increasing sampling temperature raised distinct valid novel yield at the expense of valid-
ity. Across the tested non-zero temperatures, the small model generated more molecules
absent from the complete reference dataset, whereas the large model retained higher va-
lidity (Figure A.3).
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Table A.7: Unconditioned generation across ten runs of 10000 attempts: mean + stan-
dard deviation. All values are percentages of attempts. Unique and novel
vields count distinct valid molecules within each run; novelty uses the indi-
cated reference set.

Novel Novel
Model T Valid Unique (training) (complete)
Small 0.0 100.00£0.00 0.01+£0.00 0.00£0.00 0.00+0.00
0.8 98.64+0.14 98.60£0.14 26.694+0.69 18.76+£0.73
1.0 9558+£0.16 95.56+0.17 35.04+0.59 28.31£0.59
1.5 73.52+0.37 73.51£036 44.65+0.72 41.37+0.70
Large 0.0 100.00+£0.00 0.01£0.00 0.00£0.00 0.00+0.00
0.8 9995+£0.02 99.89+0.02 10.22+0.25 0.31£0.05
1.0 99.68£0.05 99.65+0.05 10.92+0.30 1.03+£0.10
1.5 9381+£0.29 93.72+£0.29 15424+0.33 6.72+£0.27

a All settings b Large-model detail
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Figure A.3: Validity—novelty trade-off across sampling temperatures for both models. Va-

lidity and distinct valid novel yield are percentages of all attempts, with nov-

elty assessed against the complete reference dataset.

A.5 Conditioned Generation
A.5.1 Numerical-Property Conditioning

Table A.8 reports generation conditioned on CBU type, binding-site graph distance, and
core heteroatom fraction (HF). All requests specified 2-linear CBUs. A matching output
was a valid molecule of the requested type with the exact requested distance and HF within
£0.05 of the target. Matching rates count every occurrence of a matching molecule,
whereas unique yields count distinct valid molecules within each run. Both are expressed
as percentages of all generation attempts.
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Table A.8: Numerical conditioning at epoch 10 and T = 1: mean =+ standard deviation
across ten runs of 10000 attempts. All values are percentages of attempts;

Jjoint matching includes repeated outputs.

Distance Joint
Model (bonds) HF Valid Unique matching
Small 5 025 4589+0.56 30.09+£0.31 13.914+0.41
9 025 80.03+£0.44 4548+£0.27 42.23+0.61
13 025 97.24+£0.14 96.89+0.13 96.35+0.18
13 050 91.45+£0.23 81.124+0.36 85.07+0.30
13 0.75 4837+£055 17.524+0.20 0.11£0.03
Large 5 025 56.44+035 2693£0.15 37.57+0.44
9 025 92334035 31.36+£0.27 74.824+0.38
13 025 99.61£0.09 97.334+0.16 99.43+0.12
13 050 99.13+£0.08 55.47+0.33 96.64+0.16
13 075 75.19£038 4.934+0.23 0.02+0.02

A.5.2 Additional Property Targets

The numerical conditioning inputs were extended to include core molecular weight (MW)
and cLogP, and the small model was trained for ten conditioned epochs. All evaluated
requests specified 2-linear CBUs, a binding-site distance of 13 bonds, and HF of 0.25.
MW targets were varied at a fixed cLogP of 4.411, and cLogP targets at a fixed MW
of 467.216 Da (Figure A.4). The two series therefore share the central request of MW
467.216 Da and cLogP 4.411.

Each condition was evaluated through three sampling runs of 10000 attempts at 7 = 1.
Matching required the requested type and exact distance, with tolerances of £0.05 for HF,
+25 Da for MW, and +0.5 for cLogP.

A.5.3 Conditioning versus Filtering

Table A.9 compares the yield of distinct valid novel molecules satisfying each request
with that obtained from unconditioned generation followed by identical filtering. All
comparisons use the small model at 7 = 1 and epoch-10 conditioned checkpoints. Text-
conditioned results use the initial description corpus.

Molecules were deduplicated within each run, and novelty was assessed against the com-
plete reference dataset. Yields are percentages of all generation attempts. For the MW/cLogP
requests, all fixed requirements and tolerances specified above were applied jointly. Their
shared central request is reported once.
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Figure A.4: Core MW and cLogP conditioning for the small model at epoch 10 and T =

1. MW targets were 387.432, 467.216, and 593.592 Da; cLogP targets were
1.719, 4.411, and 6.072. Results pool three runs of 10000 attempts per
condition.

Table A.9: Distinct valid novel matching yields (% of attempts), reported as mean +

standard deviation. Each run contains 10000 attempts. The final column
gives the number of conditioned runs; all unconditioned controls use ten runs.
Zero denotes no observed qualifying molecules.

Unconditioned  (Conditioned

Request Conditioned + filtering runs
2-bent 24.166+0.749 20.093 +0.381 10
2-linear 14.696+0.399  8.194+0.354 10
3-planar 22.923+0.272  0.021+£0.017 10
2-linear, d = 5, HF = 0.25 5.053£+0.207  0.000+£0.000 10
2-linear, d =9, HF = 0.25 9.963+0.196  0.004 +£0.005 10
2-linear, d = 13, HF =0.25 20.8104+0.334  3.291+0.239 10
2-linear,d = 13, HF =0.50 38.876+0.418  0.091+0.036 10
2-linear,d =13, HF=0.75 0.079+0.019  0.000+0.000 10
MW = 387.432 Da 20.967+0.424  0.057+0.026 3
MW =467.216 Da,

cLogP =4.411 19.880+£0.328  0.217+£0.037 3
MW = 593.592 Da 15.963+0.038 0.029+0.014 3
cLogP =1.719 16.470+£0.403 0.111+£0.036 3
cLogP =6.072 19.390+0.170  0.062+0.026 3
Text: 2-linear 41.291+£0.562  8.194+0.354 10
Text: 2-linear + amine 23.125+0.464  2.1254+0.127 10
Text: 2-linear + fluorine 26.222 +0.299 1.451+0.096 10
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A.6 Text Conditioning and Robustness
A.6.1 Training Descriptions

Descriptions combined CBU type, core molecular properties, elements, and functional
groups. Properties were expressed numerically or through qualitative categories rang-
ing from very low to very high. Polarity refers to core topological polar surface area
(TPSA), flexibility to the rotatable-bond count, and lipophilicity to cL.ogP. Functional
groups were identified using SMARTS patterns; functionalisation denotes the number of
detected functional-group labels rather than the number of individual group occurrences.

The functional-group and text-conditioning-versus-filtering experiments used models trained
on an initial corpus of 60 000 molecule—description pairs. The final prompt-formulation
and application experiments used an expanded corpus containing 1209 591 training pairs
from 581051 distinct molecules, with 1703 validation and 1701 test pairs. Molecular
training, validation, and test partitions remained separate, including when several descrip-
tions were generated for the same molecule.

The expanded corpus contained 100 000 training pairs from each of the 12 construction
templates, supplemented with five-bond and urea-containing 2-linear linkers. Molecules
from smaller template populations were reused with varied descriptions. Only three
molecules in the complete reference dataset jointly satisfied the 2-linear, five-bond, and
urea criteria; these were included without repetition. Thus, improved coverage of the
individual features did not provide extensive training support for their combination.

Expanded-corpus descriptions used four sentence templates, with varied property selec-
tion, numerical or categorical expression, and ordering. Qualitative categories were de-
fined using the 20th, 40th, 60th, and 80th percentiles of the training candidate pool (Ta-
ble A.10). These are dataset-specific categories rather than universal chemical thresholds.
Description templates and the corpus-specific annotation settings are included with the
accompanying data.

Table A.10: Category boundaries for expanded-corpus descriptions. The four bound-
aries separate very low, low, medium, high, and very high values; values
equal to a boundary enter the higher category.

Descriptor by by bs by
Binding-site distance (bonds) 11 12 13 13
Heteroatom fraction 0.1515 0.2069  0.2581  0.3200
cLogP 1.357 2.771 4.030 5.595
TPSA (A?) 38.38 65.34 91.50 124.38
sp> carbon fraction 0.0800 0.1500 0.2273  0.3333
Ring count 3 4 4 5
Rotatable-bond count 3 4 6 8
Molecular weight (Da) 368.385 406.0496 445.059 560.025
Functional-group label count 3 3 4 5

Repeated boundaries arise from discrete descriptor values and leave some categories
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empty. For example, low flexibility corresponds to three rotatable bonds, whereas medium
polarity corresponds to 65.34 A? < TPSA < 91.50 A2.

A.6.2 Sensitivity to Wording

The initial models were tested with four requests: 2-linear type, a five-bond distance
combined with heteroatom fraction 0.25, 3-planar type combined with low molecular
weight and high lipophilicity, and fluorinated 2-linear linkers. Each request was expressed
in five styles: training-style, paraphrased, technical, terse, and reordered. At epoch 10,
each formulation was evaluated through three runs of 10000 attempts at 7 = 1. Type and
fluorination requests were followed more consistently than requests combining several
properties.

Separate diagnostic tests used one run of 1000 attempts per prompt and model at epoch
10. For the request “Generate a carboxylate CBU that is not 2-linear.”, 97.78% and
97.95% of valid outputs remained 2-linear for the small and large models, respectively.
This test showed that the negative instruction was not reliably followed.

The final expanded-corpus models were evaluated at epoch 15 using ten runs of 10000
attempts per prompt at 7 = 1 (Figure A.5). The research prompt is reproduced in Sec-
tion A.8.1. Its reordered reformulation was:

“With inward-facing urea groups, very low sp3 fraction, medium functionali-
sation, and high polarity, generate a 2-linear linker with 5 bonds between its
binding sites.”

Among valid 2-linear outputs, the proportion satisfying both the five-bond distance and
urea requirements fell from 35.11% to 5.04% for the small model and from 21.31% to
7.54% for the large model under this reformulation. This comparison changes both clause
order and wording, so it does not isolate an effect of order alone. Other reformulations
also omitted or softened requirements and therefore assess sensitivity to the formulation
of the request.

Matching percentages here count repeated outputs and use valid 2-linear molecules as
the denominator. They assess only distance and urea presence; full application-request
compliance is evaluated separately in Section A.8.2. Exact prompts and results for all
formulations are included with the accompanying data.
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Figure A.5: Sensitivity of the expanded-corpus models to research-prompt reformulations
at epoch 15. Joint matching denotes a five-bond distance and urea group
among valid 2-linear outputs. Each prompt uses ten runs of 10 000 attempts
atT = 1.

A.7 Synthetic Accessibility Proxies

Four proxies were used to assess generated candidates. SA score combines fragment con-
tributions and molecular complexity, while SCScore estimates synthetic complexity from
reaction data; lower values are favourable. [49, 51] RAscore predicts the likelihood of
a retrosynthetic planner finding a route, while SYBA evaluates fragment-based synthetic
accessibility; higher values are favourable. [50, 52]

Scores were calculated for distinct valid molecules absent from the complete reference
dataset, pooled and deduplicated across ten sampling runs per model and temperature.
SA scores used the generated carboxylate structures; RAscore, SCScore, and SYBA used
structures processed with RDKit’s Uncharger. These scores were applied after generation
and did not determine validity or novelty.

Figure A.6 summarises the scores across sampling temperatures. For the small model,
increasing temperature slightly raised median SA scores, whereas median RAscore and
SYBA increased and median SCScore decreased. The proxies therefore did not indicate
a uniform change in predicted accessibility. SYBA medians remained negative for all
settings.

All 22074 197 molecules in the complete reference dataset were scored using the same
molecular preparation and scoring procedures, without subsampling. Figure A.7 com-
pares this baseline with distinct valid novel molecules generated at T = 1: 28297 for
the small model and 1029 for the large model. Each molecule contributed once to its
respective population, irrespective of its generation frequency.

The generated populations broadly followed the reference distributions across all four
proxies, with modest shifts towards higher SA scores and lower RAscores. SCScore
shifted slightly towards higher values for the small model and lower values for the large
model, while the SYBA distributions closely overlapped the reference distribution. Gen-
eration beyond the reference collection therefore largely preserved these proxy profiles,
although the scores do not establish feasible synthesis routes.
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A.8 Prospective S-Fluorouracil Application
A.8.1 Literature Context and Generation Prompts

An LLM-assisted literature review informed LinkerGen conditioning and direct genera-
tion with GPT-5.6-Sol and GPT-6-Astra. It supplied a chemical design hypothesis; neither
LinkerGen nor its text encoder was trained to predict host—guest binding energies. The
complete review and generation requests are included with the accompanying data.

Both LinkerGen models received:

A 2-linear linker with 5 bonds between binding sites, high polarity, medium
functionalisation, and very low sp® carbon fraction, incorporating inward-
facing urea functional groups.

The small-model generic control received “A 2-linear linker”.

The direct ChatGPT request asked for 100 SMILES strings for 2-linear carboxylate linkers
expected to favour non-reactive binding of 5-fluorouracil in an MyL¢ tetrahedral cage.
It included reference cavity volumes of 477.216, 1188.62, and 2172.616 A3 and inner-
sphere diameters of 9.657, 12.475, and 14.417 A for unfunctionalised linkers containing
one, two, and three benzene rings, respectively. The corresponding binding-site distances
were 5, 9, and 13 bonds. The supplied guest van der Waals volume was 98.52 A3, Thus,
both generation approaches used the same literature context, but their requests were not
identical.

A.8.2 Candidate Selection and Workflow Outcomes

The small generic, small research-conditioned, and large research-conditioned models
each supplied three independent runs of 5000 generation attempts at 7 = 1, using the
expanded-corpus epoch-15 checkpoints. Each run supplied 100 selected candidates, giv-
ing 900 LinkerGen candidate occurrences. Each ChatGPT model supplied one set of 100
candidates.

Structures were converted to carboxylates and deduplicated within each pool after remov-
ing explicit hydrogens and stereochemical annotations. Accepted molecules were closed
shell, contained exactly two carboxylate sites, had net charge —2, received a supported
CBU-type assignment, and contained no anionic pyrazolate motif. Research-prompt sets
included all candidates meeting the operational compliance criteria, followed by fixed-
seed random selection from the remaining accepted molecules. Generic sets were selected
randomly from accepted 2-linear molecules. Selection preceded energy calculations, and
failed candidates were not replaced. Occurrences in different sampling runs were retained
separately.

Operational compliance required a 2-linear type, a binding-site distance rounding to five
bonds, a urea motif, core TPSA satisfying 91.5 < TPSA < 124.38 Az’ medium func-
tionalisation, and an sp® carbon fraction below 0.08. Functional-group orientation after
assembly was not assessed. Each model supplied one, zero, and two compliant candidates
in runs 1, 2, and 3, respectively.

34



Assembly produced 822 LinkerGen cages, of which 687 passed the computational work-
flow checks. Subsequent linker-integrity and small-ring filters excluded 22 and 39 evalua-
tions, respectively, leaving 626. The ChatGPT sets yielded 72 and 65 retained evaluations
(Table A.11).

Binding-energy means and 95% confidence intervals were calculated for retained evalu-
ations only. Intervals use 10000 bootstrap resamples within each set and the 2.5th and
97.5th percentiles of the resampled means. They describe within-set variation, excluding
uncertainty from the energy model and conformational search. Pooled LinkerGen results
retain occurrences across runs and therefore do not represent globally unique candidate
sets.

Table A.11: Application outcomes. Each row starts from 100 selected candidates. The
d =5 column counts five-bond linkers among assembled cages. Energies
and bootstrap intervals use retained evaluations.

Mean Eping 95% CI1
Condition Run  Assembled d =5 Retained eV) eV)
Small generic 1 100 4 78 —1.081 [-1.139,—1.022]
Small generic 2 97 10 73 —1.075 [-1.134,—1.017]
Small generic 3 98 6 78 —1.071 [-1.135,—1.013]
Small conditioned 1 96 91 73 —0.938 [—0.996,—0.882]
Small conditioned 2 95 88 75 —0.938 [—1.002,—0.879]
Small conditioned 3 96 93 73 —0.965 [—1.025,—0.909]
Large conditioned 1 82 69 58 —1.057 [—1.134,—0.982]
Large conditioned 2 30 66 58 —1.063 [—1.143,—0.988]
Large conditioned 3 78 66 60 —1.090 [-1.160,—1.021]
GPT-5.6-Sol Single 82 — 72 —1.032 [-1.099,—0.963]
GPT-6-Astra Single 88 — 65 —0.921 [-0.988,—0.857]

A.8.3 Assembly and Host-Guest Calculations

A previously reported assembly workflow constructed tetrahedral cages from six organic
linkers and four [Zr;O(OH);(CsHs);] metal CBUs, using assembly-model and metal-
CBU data from The World Avatar. [44, 45] Linker conformers were generated using
ETKDGv3 and optimised with MMFF94s, or UFF when MMFF parameters were un-
available. [54, 55] Embedding used random-coordinate retries when necessary. Binding-
group coplanarisation was attempted before alignment with the prescribed cage geometry
and overlap checks. Failed assemblies were retried with alternative conformers, up to ten
times.

Calculations used mace-matpes—r2scan-0 with D3(BJ) dispersion using r2SCAN pa-
rameters, float64 arithmetic, and no solvent. [46—48] Four chloride counterions neu-
tralised each cage. Each chloride was initially placed outside a Zr; node towards its
bridging hydroxyl groups, with a mean CI-. - - O distance of 3.1 A. Optimisation used ASE
PreconLBFGS with an exponential preconditioner (A = 3), Armijo line search, a force
threshold of 0.01 eV /0%*1, and a maximum of 5000 steps, with FIRE as a fallback after
optimiser exceptions. [56, 57]

The counterion-containing host and free guest were first relaxed separately. Guest place-
ment sampled the cage centre, four node-directed sites, four window-directed sites, and
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six linker-directed sites. Off-centre sites lay halfway along the available cavity radius.
Sampling 48 super-Fibonacci orientations per site gave up to 720 placements per cage.
Placements with intermolecular contacts below 1.8 A were discarded. Up to three lowest-
energy placements separated by at least 1.0 A guest-coordinate RMSD were then relaxed.

Accepted complexes had to converge, preserve the checked internal host and guest con-
nectivity, and place the guest centre of mass inside the tetrahedron defined by the four
node centroids. Each chloride had to remain within 6.0 A of a node. Cyclopentadienyl
slippage was excluded using a maximum associated Zr—C distance of 3.15 A. Other in-
ternal bonds were checked using 1.15 times the sum of covalent radii. These checks did
not constitute an exhaustive search for new host—guest bonds. Empty-host references also
had to converge and pass the host-integrity and counterion checks.

To improve the empty-host reference, hosts were extracted from relaxed complexes meet-
ing the host-integrity and counterion criteria. The extracted host with the lowest single-
point energy was relaxed without the guest. Its energy replaced the initial empty-host
reference if lower and if the required integrity and convergence checks were satisfied.
This reference could originate from a different pose from the accepted complex used for
binding.

Binding energies were calculated as
Eyina = Ejy — Ejy — E¢, (A.1)

where Ej,; is the lowest-energy accepted complex, E5' is the selected empty-host en-
ergy including counterions, and EY. is the relaxed free-guest energy. These are gas-phase
screening energies rather than solution binding free energies.

The final comparison additionally required each linker’s heavy-atom skeleton to match
its input structure, allowing proton transfer and tautomeric changes. Linkers containing
three- or four-membered rings involving N or O were excluded by an explicit selection
rule.

A.8.4 Cage Windows and Final Guest Location

Geometry analyses used the 822 assembled LinkerGen cages, including cases excluded
from the final binding-energy comparison. The four Zr; node centroids defined a tetra-
hedron whose faces supplied the window planes. Window dimensions were measured on
the relaxed empty-host reference geometries.

For a point q in a window plane, the available radius was

riree(q) = min ([lq —xi[| = r/™Y) | (A2)

where x; and Y%V denote host-atom positions and assigned van der Waals radii. All host
atoms, including hydrogens and counterions, contributed. A face grid with nominal spac-
ing 0.25 A was followed by local refinement in the face plane. The reported diameter was
twice the largest available radius found, and each cage was represented by its largest win-
dow. These are static clearance estimates, not passage barriers. The radius assignments
and search settings are included with the accompanying analysis.
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Guest location was assessed on each relaxed complex. A pose was classified as inside
only if its guest centre of mass lay strictly inside all four node-centroid face planes. The
outside fraction uses all relaxed poses, including those failing other acceptance criteria.

There were 2416 relaxed poses across 806 cages; 16 cages supplied no relaxed pose. Of
these poses, 220 failed the location criterion. Window dimensions and outside fractions
differed with linker distance (Table A.12; Figure A.8). The Spearman correlation between
largest-window diameter and per-cage outside fraction was 0.50 across the 806 cages with
relaxed poses. These descriptive associations do not measure guest-escape probabilities
or retention kinetics.

Table A.12: Window dimensions and guest location for assembled LinkerGen cages.
Window diameters are medians [first quartile, third quartile]. Counts in-
clude all relaxed poses.

Largest window

Distance .
(bonds) Cages (A) Poses Outside Outside (%)
5 493 5.34[4.97,5.69] 1470 8 0.54
9 106 7.02[5.91, 7.67] 315 103 32.70
13 195 8.19 [6.86, 8.69] 550 92 16.73
Other 28 6.90[5.78, 8.46] 81 17 20.99
(a) Empty-host windows (b) Final guest location
— 40
10.0 4 32.70%

103/315

30 A

7.5 1

.

2.5 1

16.73%
92/550

20 A

Largest window (A)
Poses outside boundary (%)

0.54%
8/1,470

5 9 13 5 9 13
(n = 493) (n'=106) (n=195) Binding-site distance (bonds)
Binding-site distance (bonds)

Figure A.8: Linker distance, cage windows, and guest location. (a) Largest-window di-
ameters, boxes show interquartile ranges, lines medians, and whiskers ex-
tend to 1.5 interquartile ranges. (b) Fractions and counts of relaxed poses
outside the cavity boundary. The 28 cages with other distances are omitted.
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A.8.5 Host Reorganisation and Reference Energies

This analysis used the 626 retained LinkerGen evaluations. Host coordinates from each
lowest-energy accepted complex were compared with the corresponding empty-host ref-
erence after rigid least-squares alignment without reflection. Atom correspondence was
preserved without symmetry remapping. Host RMSDs included all heavy atoms and
counterions; Zr-only RMSDs used a separate alignment of the 12 Zr atoms.

The generic population had the largest median host RMSD, followed by the large and
small conditioned populations (Table A.13). This ordering held in all three runs. Group-
ing instead by five-, nine-, and thirteen-bond distances gave median host RMSDs of 0.129,
0.184, and 0.323 A, respectively. These compare optimised geometries rather than ther-
mal flexibility, and the distance groups also differ in chemistry.

Empty-host reference lowering was defined as
AEy = Ef™ —ER' > 0. (A.3)

For a fixed complex and free-guest energy, adopting the lower reference makes the binding
energy less negative by AEy. This prevents additional empty-host stabilisation discovered
through complex optimisation from being attributed to guest binding.

Reference lowering exceeded 0.1 eV in 24.0% of generic, 14.5% of small conditioned,
and 17.6% of large conditioned evaluations (Figure A.9). The largest correction, 3.104 eV,
occurred for a five-bond linker from the large conditioned model. All reported binding
energies include these corrections; the selected references are not guaranteed global min-
ima.

Table A.13: Host reorganisation and reference lowering across retained LinkerGen eval-
uations. RMSDs are medians; energy changes include evaluations with zero

correction.
Host I}MSD Zr RMSD AEg > 0.1eV Mean AEy Max. AEg
Population n (A) (A) Count (%) V) V)
Small generic 229 0.263 0.090 55 (24.0) 0.093 1.152
Small conditioned 221 0.129 0.046 32 (14.5) 0.051 1.287
Large conditioned 176 0.165 0.050 31(17.6) 0.080 3.104
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Figure A.9: Host reorganisation and reference lowering: (a) host heavy-atom RMSD,
(b) separately aligned Zr-only RMSD, and (c) AEy. Boxes show interquartile
ranges, lines medians, and whiskers extend to 1.5 interquartile ranges. Panel
(c) is linear below 0.01 eV and logarithmic above; the dashed line marks
0.1eV.

A.8.6 Lowest-Energy LinkerGen Candidate

The lowest calculated binding energy was —2.139 eV for small_research_r02_041,
from the small conditioned model’s second run. The linker had five bonds between bind-
ing sites, no urea motif, core TPSA of 58.04 A2, and an sp® carbon fraction of zero:

O=C ([0-])clc (NO)cc(C(=0) [0-]1)c2ncnccl2

It therefore did not fulfil the complete research request.

Intermolecular N/O-H- - - N/O contacts were identified using donor—H distances of at most
1.20 A, H---acceptor distances of at most 2.50 A, and donor—H- - - acceptor angles of at
least 140°. Six contacts met these criteria: five host N-H contacts to the guest’s carbonyl
oxygens and one guest N—H contact to a host oxygen (Table A.14). All participating host
atoms belonged to organic linkers. The initial placement label node_3 does not identify
the final interaction environment.

At the complex geometry, the interaction energy was —2.903 eV. Host and guest defor-
mation energies were +0.454 and +0.309 eV, respectively, where

En=Ej; —ER° —ES°, (A4)
Epna = Eii+ (Eff° —Ej') + (E§° — EQ) - (A.5)

Here, EHC and EHC are single-point energies at the complex geometry. These deformation
terms differ from the empty-host reference lowering, which was 0.011 eV for this candi-
date. The contact analysis describes the optimised structure without assigning energies to
individual contacts.
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Table A.14: Intermolecular contacts in the lowest-energy LinkerGen complex. D and A
denote donor and acceptor atoms. Indices are one-based atom positions in

the supplied XYZ file; host atoms are 1-302 and guest atoms 303-314.

Donor-H Acceptor Donor in H---A(A) D-~-A(/°X) Angle (°)

N6-H19 0303 Host 1.85 2.80 152.8
N29-H42 0303 Host 1.76 2.76 162.8
N52-H65 0310 Host 1.77 2.78 164.3
N75-H88 0303 Host 1.80 277 156.2
N9&-H111 0310 Host 1.90 2.85 154.4
N305-H312 076 Guest 1.76 277 164.3

A.9 Data and Code Availability

Dataset preparation scripts, model checkpoints, generated molecules, analysis code, nu-
merical results, and application structures are available in the LinkerGen results archive
on Zenodo at doi:10.5281/zenodo.23669416. Software versions and model identifiers are
documented with the corresponding workflows.
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