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NMR spectroscopy with language transformers

R. Andreev*

Abstract

NMR spectroscopy has extensive applications in (bio-)chemistry for characterizing
molecular structures. We fine-tune the DistilGPT2 language transformer model to infer
molecular structure from textual annotations of multimodal NMR spectra on the ~795k
synthetic dataset by Alberts et al. [1]. The model is supervised on a multi-task objec-
tive that includes a vector embedding and functional group counts via auxiliary heads,
as well as the next-token distribution w.r.t. all sMILEs that serialize the target molecule.
Inference with beam search shows ~80% top—10 accuracy on ~80% of the test set, which
deteriorates with molecule size. To improve interpretability, we train data-informed con-
fidence estimators with ~90% accuracy of whether a match is in the top—10. Selective
heteromodal input fine-tuning suggests that the HSQC modality contributes more to the
average accuracy than BC-NMR, despite being faster to acquire experimentally.

Abbreviations. KL: Kullback—Leibler (KL divergence is the mean extra surprise of a misspecified distribution);
NMR: nuclear magnetic resonance (an analytical chemistry technique to probe molecules at atomic resolution);
HSQC: heteronuclear single quantum coherence/correlation (a type of NMR sensing hydrogen—carbon bonds);
SMILES: simplified molecular input line entry system (a non-unique atom-wise textual serialization of a molecule);

GRIMACE: graph representation integrating multiple alternate chemical equivalents (a word-graph of SMILES)

1 Introduction

NMR spectroscopy is used in (bio-)chemistry for characterizing molecular structures from
the magnetic properties of atomic nuclei such as 'H (hydrogen) and C (carbon-13), e. g., of
synthetic starting materials, intermediates and products [2, §1.3]. This remains a laborious
task for human experts, and it is therefore of substantial interest to automate it, especially in
a self-driving lab. We address this problem using language transformers. More specifically,
we fine-tune the autoregressive decoder-only language transformer DistilGPT?2 to complete
textual annotations of multimodal NMR spectra with the serialization of the molecule. Fol-
lowing the preliminaries of §1, we detail our approach in §2, present the results in §3, and
conclude in §4. Most figures and tables are delegated to the backmatter.
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1.1 Nuclear magnetic resonance spectroscopy

NMR spectroscopy relies on the non-zero quantum spin of nuclei such as 'H and "*C. When
placed in a strong magnetic field, their magnetic moment causes the nucleus to precess at the
Larmor frequency proportional to the strength of the static magnetic field and the nucleus-
specific magnetogyric ratio [2, §2.1]. Modern high-resolution NMR spectrometers operate
with magnetic fields up to and sometimes above 23.5T, corresponding to proton resonant
frequencies of 1000MHz [2, p. 13], but routinely at half of that.

From a range of NMR techniques [2, Table 1.2], we focus here on the basic 1-d techniques
of '"H-NMR and 13C—NMR, as well as their 2-d correlation variant HSQC. In addition, we
will assume that the chemical sum formula of the unknown molecule is known, for example,
from a mass spectrometry experiment and other priors.

NMR occurs when a nucleus changes its spin state by absorbing supplied radiofrequency
electromagnetic pulses. The perturbed spin system is allowed to relax towards the thermal
equilibrium on the timescale of seconds, inducing a weak oscillating voltage in a receiver coil,
known as free induction decay [2, §2.1-2.5]. This time-dependent signal is then Fourier—
transformed into the frequency-domain spectrum, typically shown in parts per million (ppm)
as deviation from a reference frequency (e.g., of tetramethylsilane) normalized by the same
or by the operating frequency [2, §3.2.2, §3.3.2]. The spectral peaks provide key features:

* chemical shift — the position of a signal, which reflects the unique chemical environ-
ment of the nucleus;

* scalar J-coupling — fine splitting patterns of peaks, encoding connectivity between
nearby nuclei, typically over two or three bonds for 'H (but not for "*C at low natural
abundance);

* integral — proportional to the number of equivalent nuclei contributing to each peak,
and lesser factors (applies mostly to 'H-NMR).

This largely describes the 1-d NMR techniques. By contrast, HSQC correlates connected pro-
tons and carbons via one-bond scalar couplings that show up as crosspeaks in a 2-d chemical
shift map [2, §7.3.1]. See §2.1 for further details.

Computing the spectrum from the molecule is termed the forward problem. Conversely,
inferring the molecule from the free induction decay, the spectrum, or the annotations is the
inverse problem, wherein each step could be considered an inverse problem in its own right.

Throughout, we assume a pure analyte in solvent, possibly with a reference compound.

1.2 Related machine-learning literature

We briefly review some of the machine learning literature pertinent to this work, with focus
on exploiting alternate serializations of molecules and molecular structure inference with
NMR spectroscopy. For an introduction to the sMILEs serialization see §2.2. Recent reviews
on inverse and forward NMR are: [3,4,5,6,7,8,9, 10, 11].



Vector representation. Almost any deep learning model operating on molecules could be
repurposed for vector representation like smiles2vec [12] or mol2vec [13]. Ahmad et al. [14]
pre-trained a ROBERTa [15] model from scratch, either with masked language modeling or
multitask regression on 200 molecular descriptors on 77M unique canonical sSMILES curated
from PubChem [16]. They fine-tuned each on MoleculeNet [17], showing that scaling pre-
training with multitask regression improves downstream performance. We use this model
for molecular vector representation as one of our prediction targets because of its relatively
large training set and availability on Hugging Face, see §2.3.

Alternate serializations. The fact that serialization of a molecule is non-unique has been
widely exploited for dataset augmentation. Bjerrum [18] improved molecular property pre-
diction by augmenting the training set ~130x using alternate smiLes. Bjerrum and Sattarov
[19] trained LSTM—RNNSs “heteroencoders’ that translate one sMILES to another, observing
enhanced chemical relevance of the latent representation in biological activity and physico-
chemical benchmarks but lower molecular fidelity than canonical sMILEs autoencoders. Sim-
ilarly, Winter et al. [20] proposed a model that maps a sMmILES to the canonical one, and at-
tached a head to the latent vector for simultaneous molecular property prediction. Zhang et
al. [21] exploited large-scale availability of smiLEs and 20x enumeration for self-supervised
BERT [22] pretraining, then fine-tuned the outputs of task-specific padding tokens on clas-
sification and regression tasks (similarly to [14]). Skinnider [23] argued that generation and
a posteriori filtering of invalid smiLEs reduces structural bias and improves generalization,
compared to constraining model output to valid smiLEs only. Arids-Pous et al. [24] found
that an alternate sMILEs per molecule per epoch substantially enhances generalization and
output diversity of RNNs trained to generate molecules, especially on small datasets. Alper-
stein et al. [25] built a fixed-length hierarchy of autoregressive Gaussian distributions as the
molecular representation from N = 5 alternate sMiLEs that decodes via an LSTM “almost
bijectively” to a different set of N sMILEs, achieving state-of-the-art results in molecular
property prediction and optimization.

NMR inverse problem. Huang et al. [26] trained a model on ~100k noised simulated spec-
tra (#non-H < 9) to predict 957 substructures from 'H spectra, 13C shifts and molecular for-
mula, generating candidates bond-wise via beam search guided by substructure mismatch
with ~90% top—10 accuracy on experimental spectra (#non-H < 10). Hu et al. [27] trained
an encoder—decoder transformer to assemble a SMILEs from a fingerprint of the 957 substruc-
tures (top—15 accuracy of ~93%), and combined it into a model that reads 'H and *C NMR
spectra simulated with MestReNova (#non-H < 19; top-15 accuracy of ~70%).

Jonas [28] trained a GNN [29] that takes an incomplete molecular structure with a known
molecular formula, Be shifts/splits (“splitting reflects adjacent hydrogens™ [28, §1.1]), and
assigns probabilities to each new possible bond. Bonds are added until valences are met,
choosing among candidates from multiple runs with the closest predicted spectrum. The
network is trained to imitate an “oracle” that enumerates all bonds that can be added to
a partial structure, which is similar to our next-token distribution supervision (§2.7). The
training set of ~820k molecules was selected from PubChem [16] for max. 64 atoms, #C/O/N
< 32, rings only of 5-8 atoms, and no radicals, and the spectra are simulated with a GNN



forward model [30]. Top-5 inference accuracy of ~60% was reported [28, Table 1].

Yang et al. [31] combined a contrastive learning model aligning latents from a SMILES en-
coder and a ">C-NMR encoder with candidate sMILEs generation and library amplification,
so that a new spectrum is matched to a candidate from the library.

Sridharan et al. [32] employed policy-guided Monte Carlo tree search [33] on molecular
structures that adds bonds (subject to valency/ring constraints), given the molecular formula
and *C-NMR spectrum. Trained on 2134 molecules (#C/O/N/F < 9; no radicals/charge)
from nmrshiftdb2 [34], and employing a pretrained forward model [30] and substructure
match for reinforcement learning, the model achieves top—5 accuracy of ~86% [32, Fig. 6a].

Yao et al. [35] trained a transformer through a curriculum of tasks, including forward and
inverse *C-NMR to sMILES prediction, progressing from 360M molecules from ZINC [36],
to 45M from PubChem [16] simulated with “Gaussian”, to experimental spectra “consistent
with [31]” (appears to include nmrshiftdb2 [34], NAPROC-13 [37], and 370k spectra col-
lected from literature). Top—10 accuracy of ~72% was reported [35, Table 1] on inference
from '*C-NMR and molecular formula.

Alberts et al. [38] trained an encoder—decoder transformer to translate 'H- and “C-NMR
spectra (H/F-decoupled) with molecular formula to smiLEs. Molecules were sampled from
precursors and products of ~1M reactions from “Pistachio” [39] (6 < #non-H < 35; only
H/C/N/O/S/P/halogens; no charge/isotopes), and spectra were simulated and annotated with
MestReNova (cf. Table 1). Presumably, ~1 M molecules had both types of spectra [38, §4.1].
The model achieved a top—10 accuracy of ~85% [38, Table 1], comparable to our “F/Q/C/H
— sMiILES” model (see §3.1). Alberts et al. [1] mined USPTO reactions from Lowe [40] and
simulated the spectra for ~795k molecules, see §2.1. Their “vanilla encoder—decoder trans-
former” achieved top-10 accuracy of ~90% on sMmiLEs recovery from 'H- and "*C-NMR
spectra with molecular formula [1, §4.1]. Alberts et al. [41] refined that approach by train-
ing on selectively heteromodal data (i.e., unpaired or partially missing spectral modalities),
fine-tuning on infrared spectra from the NIST EPA gas-phase library [42], e spectra from
nmrshiftdb2 [34] and the small educational dataset by Van Bramer and Bastin [43], with a
top—3 accuracy of ~98% on hold-out subsets of this educational dataset.

Priessner et al. [44] trained a transformer to read various spectra (lH, 13C, HSQC, infrared,
etc.) and generate sMILEs, with an additional adaptive dataset expansion strategy (improve-
ment cycle), wherein molecules near a given novel set are sampled with a mol2mol model
(cf. [45]), their spectra are simulated, and the transformer is fine-tuned on these new samples
in order to bridge the distribution shift.

Yang et al. [46] pre-trained a diffusion molecular autoencoder and aligned the latents with
those of an NMR spectrum encoder via contrastive learning. On molecules from the dataset
by Alberts et al. [1] with #non-H < 25, they reported top—10 inference accuracy of ~75%
from 'H- and *C-NMR spectra with molecular formula (see [46, Table 1] for qualifiers).



2 Design principles

In this section we describe how spectra and molecules are encoded, and the training setup.
The multimodal NMR data are drawn from a synthetic dataset and compacted into tokenized
text (§2.1). Molecules are represented as vector embeddings, as functional group counts,
and as a graph over alternate sMILEs serializations (§2.2, §2.3, §2.7). The dataset is split
by clustering molecular embeddings to reduce leakage (§2.4). These targets are learned
jointly by a transformer derived from pre-trained DistilGPT2 (§2.5). Tokenization builds on
GPT-2 and includes task-specific trigger tokens (§2.6). Losses include adaptively whitened
log-likelihoods (for embeddings and group counts), and KL divergence for next-token distri-
butions over alternate sMmILEs; these are combined into a single multi-task objective (§2.8).

2.1 NMR data generation and representation

High-quality digital experimental NMR spectroscopy data, especially multimodal, are not
currently available at scale. We use the synthetic dataset published by Alberts et al. [1]
which contains spectra for ~795k molecules sourced from the “Chemical reactions from
US patents” dataset by Lowe [40] and simulated in MestReNova. Of the ~1.6M unique
molecules in [40], the dataset [1] includes only molecules with 5-35 non-hydrogens and
common organic elements (H/C/N/O/S/P/B/Si/halogens), and for which all spectroscopic
simulations (IR, NMR, MS) succeeded [1, §3]. The spectra have a resolution represented as
vectors of size 10000 for both '"H-NMR and '*C-NMR (IH—decoupled), and a 5122 matrix
for HSQC. In addition, the dataset includes annotations by MestReNova in a JSON format
with peak range, peak type, centroid ppm and integrations (for 1H—NMR), centroid ppm and
intensity (for '3C—NMR), ppm coordinates and intensities (for HSQC); see Table 1 (p. 7).
Mestrelab does not publish details on the NMR simulation methodology [47] but it is a
mixture of algorithms, including machine learning [7, §3]. Thus, the peak annotation is
itself approximate, as it does not tap into the details of the simulation, but the same is true
for experimental data.

Throughout, we use this peak annotation as the de facto NMR data, which we present to the
language model as plain text in a compact format. An example is shown in Table 1. This
representation appears somewhat cryptic because we need to balance readability vs fitting
the samples into context length of 1024 tokens (cf. §2.5). While Alberts et al. [38, 41]
split the text using a regex into short blocks such as J, 2H, dt, 2.19, etc., that become the
vocabulary/tokens for the model, we use the tokenizer on the raw text (see §2.6). This has
the advantage of high flexibility, for example, the language model can be fine-tuned on novel
input, but the tokenization is far from parsimonious for the task, given that most tokens never
appear in the NMR data.

We discuss the dataset in terms of functional groups in Fig. 5 (p. 23) and Fig. 6 (p. 24).


https://github.com/numpde/nmr-msc/blob/e8a79c3c9e0455fa5e46775cba1a9932f1d5cc46/code/work/20250412-gpt2smiles/gpt2smiles/dataset/data_loader_smiles.py#L183

2.2 Molecular structure representation

Since our goal is to infer the identity of a molecule, it is natural to describe it as a graph of
atoms/nodes and bonds/edges with attributes (rather than as a 3d cloud, say). This abstraction
still needs to be instantiated, however. Here we can distinguish between representations that
are in a sense permutation-invariant and those that necessitate a serialization order. In the
first category we have the representation as a set of nodes and the adjacency matrix, but since
the connectivity is not known in advance, many models fall back to generating or refining
parts of the graph iteratively, see [48] for a review and [25, §4.7.2] for a related discussion.
In the second category, we have, most notably, sMiLEs [49, 50] and sELFIES [51].

The Simplified Molecular Input Line Entry System (sMILEs) is a textual molecular represen-
tation using atomic symbols, connectivity rules, and stereochemical descriptors, for example
ethanol as cCO and aspirin as CC (=0) OclccccclC (=0) 0, wherein

* atoms are denoted by chemical symbols, with hydrogen inferred by valencys;

* double c=C and triple C#C bonds are explicit, while single bonds are normally implicit,
and aromatic bonds are represented by lowercase atomic symbols (‘“unkekulized”);

* parentheses define side chains;

* numbering can be used for ring closures (e.g., benzene, clcccccl);

e @ and @@ denote chiral centers, and slashes \ / cis-trans isomerism;

 formal charges are indicated with square brackets, e.g., [NH4+] or [O-].

Importantly, the sMILEs representation of any molecule is in general not unique, as it can
be serialized starting from any atom, with branches traversed in any order. Thus, all SMILES
strings form equivalence classes, with each class corresponding to a unique molecule. We
explore and exploit this fact in §2.7. The canonical sMmiLEs is the unique representative of
the given molecule that is reproducible within a given toolkit. We use RDKit’s unkekulized
canonicalization without explicit hydrogens, where needed (cf. [52]).

Self-referencing Embedded Strings (SELFIES) uses bracketed tokens whose grammar enforces
valence and bonding rules. Unlike sMILEs, any sequence of grammatically valid SELFIES
tokens decodes to a molecule. We chose not to use SELFIES because invalid sMILEs provide
a measure of prediction uncertainty. A similar case for sMiLEs is made by Skinnider [23].

2.3 Molecular vector representation — ‘“‘chembedding”

Ahmad et al. [14] trained a RoBERTa (cf. [15]) on 77M canonicalized PubChem sMILES to
regress 200 molecular descriptors. We attached average—pooling of the last hidden states to
define the “chembedding” as a 384-d vector representation of the molecule. Of the several
similar models available on HuggingFace, we found ChemBERTa-77M-MTR had the best
separation between embeddings of the non-canonical smiLEs of the same molecule versus
embeddings of smiLEs of different molecules, see Fig. 1. This is the model we refer to
throughout as the “chembedding”.


https://huggingface.co/DeepChem/ChemBERTa-77M-MTR
https://github.com/numpde/nmr-msc/tree/6df1d842f5de40fee1923ba64e8e5b3f139bf4c6/code/work/20250418-chemmap/misc/e_contrastive

Example molecule sMILES:
CCOC (=0)C (Cclccc (OC)c(CBr)cl)oCc(Cc)yc g ()

Annotated NMR data (excerpt, rounded):

{

"category": "ddt", { "13C_centroid": 56.18,
"centroid": 6.992, "delta (ppm)": 130.27 "13C_max": 56.91,
"delta": 6.993, , "13C_min": 55.45,
"j_values": "0.88_2.02_8.79_", "integral": 0.00096, "1H_centroid": 3.813,
"nH": 1, "intensity": 0.0512, "1H_max": 3.866,
"rangeMax": 7.021, "width (ppm)": 0.0119 "1H min": 3.759,
"rangeMin": 6.965 }, "nH": 3.0

H b

Compacted NMR text data (excerpt):

F|Cl16H23Bro4
Q]6.0:1.11-1.25@23]3.0:3.76-3.87@56.2(3.0:1.01-1.12@14.2(---]1.0:3.03-3.14@37.6
C|3.1@17213.1@157|5.4@13013.2@130(3.1@129(5.3@128|5.3Q112|--19.7@14.2
H[1:7.09-7.13:dp:0.86,1.8]1:6.96-7.02:ddt:0.88,2,8.8[-13:1.04-1.09:t:6.4

Table 1: Example of annotated 'H-NMR, "*C-NMR and HSQC peaks for the molecule (1)
in the multimodal NMR dataset by Alberts et al. [1], and the compacted text representation as
presented to the language model, containing information such as intensity/integration, location
or range in ppm units, multiplet type, and J-coupling values.

Same molecule Same molecule
Different molecules Different molecules
ChemBERTa-77M-MTR ChemBERTa-77M-MLM
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Cosine distance Cosine distance

Figure 1: The cosine distance (1 — cos £) between the “chembeddings” of two random same-
molecule sMILEs or the sMILES of two different molecules. The “chembedding” is the average of
the last hidden states of a ChemBERTa-2 model [14] from HuggingFace, cf. §2.3, specifically,
(<) DeepChem/ChemBERTa-77M-MTR and (—) ...-MLM. Computed from 10000 pairs
selected at random from the top 1M PubChem molecules.


https://numpde.github.io/kemukle/show.html?smiles=CCOC%28%3DO%29C%28Cc1ccc%28OC%29c%28CBr%29c1%29OC%28C%29C
https://github.com/numpde/nmr-msc/blob/153b4978b1a46fc5c99d73a162d57c59b68d200e/code/data/2024-Alberts/07_hsqc/a_peek/CCOC(=O)C(Cc1ccc(OC)c(CBr)c1)OC(C)C.txt
https://github.com/numpde/nmr-msc/blob/0d1279391bb3b3611ed6bddae6af680618dbcd39/code/work/20250412-gpt2smiles/gpt2smiles/playground/012_show_nmr_text_data/CCOC(=O)C(Cc1ccc(OC)c(CBr)c1)OC(C)C.txt
https://huggingface.co/DeepChem/models

2.4 PubChem and dataset “cheese’ split

Recall that the multimodal NMR dataset by Alberts et al. [1] is based on the “Chemical re-
actions from US patents” by Lowe [40]. We found that the bipartite patent—-molecule graph
is both highly connected and imbalanced, so that a random training/validation/test split or a
patent—aware split would risk information leakage. To mitigate this, we partition the chemi-
cal space into clusters, reserving the outer shell of each cluster for validation and test.

To define this “chemical space”, we obtained ~120M molecules with names and synonyms
from PubChem [16]. We sorted by the number of synonyms and took the “top—1M” subset.
We applied the “chembedding” to this subset and clustered the vectors into 1024 clusters
with k—means by cosine—distance. We then sorted the NMR dataset into these clusters. The
outer 10% of each cluster (“halo”), as well as the same number of molecules from the inner
90% of each cluster (“endo”), are randomly assigned to validation or test set. The remaining
80% of the molecules are used for training. We call this methodology the 80/10/10 “cheese”
split (clustered halo-/endo- ensemble of sample embeddings).

2.5 Main model architecture

The GPT-2 family of decoder-only transformer models [53] was trained on 40GB of Reddit-
curated WebText in an autoregressive, self-supervised manner. At the time, it achieved
competitive zero-shot performance (i.e., without task-specific fine-tuning) in standard bench-
marks, as well as on translation, summarization, question answering, and commonsense rea-
soning.

DistilGPT?2 is a 6-layer, 82M° knowledge-distilled student (cf. [54]) of the smallest 12-layer,
124M° GPT-2 model with the same 768-d hidden size, 12 attention heads, embedding—
output weight tying [55], and 1024 tokens context length.

Our main model is DistilGPT2 with auxiliary heads attached to the last hidden state (like the
head for token logits):

* a 768 — 384 affine map for the “chembedding”, and (2.1)
* a 768 — 289 affine map followed by a softplus for the functional-group counts. (2.2)

See Table 5 (p. 22) for further specifics. The auxiliary heads are supervised only after the
task-specific “trigger token”, as described below. The output of (2.2) is interpreted as loglp
counts, as discussed in §2.8.

2.6 Tokenizer

We use the tokenizer that the pre-trained DistilGPT2 model was trained with and therefore
depends on. The tokenizer was originally constructed for the GPT-2 series [53] by splitting
the training corpus with a fixed regex, converting each chunk to UTF-8 bytes, and then
greedily applying a byte-level BPE merge [56, 57], by fusing the most-frequent adjacent
pairs 50000 times: starting from the 256 base bytes, plus the “end-of-text” token, this results
in the deterministic vocabulary of 50257 tokens. For further nuances see Karpathy [58].


https://github.com/numpde/nmr-msc/blob/d43959006d07399e6a89310fc56adc3b29f69b1e/code/work/20250418-chemmap/embed_and_cluster.py
https://github.com/numpde/nmr-msc/blob/f5d3080473a0218f9aa7eb3a894d37ff0e775397/code/data/2024-Alberts/08_chembed_smiles/e_split.py
https://github.com/numpde/nmr-msc/blob/6b59042db5b904368fff0d6cfeec71fefc26b216/code/work/20250412-gpt2smiles/gpt2smiles/model/model.py
https://github.com/numpde/nmr-msc/blob/5445f157b166f293811a007b807c824e77022a99/code/work/20250412-gpt2smiles/gpt2smiles/model/aux_heads.py
https://github.com/numpde/nmr-msc/blob/b2f2387ba58e4d6c5451ee24a8f21617d85fe09d/code/work/20250412-gpt2smiles/gpt2smiles/model/tokenizer.py

We resize the tokenizer and model token embedding to include new special tokens:

= trigger token for the “chembedding” estimation task, (3.1
o = trigger token for the functional group enumeration task, (3.2)
= placeholder where an auxiliary head is supervised, (3.3)
= = trigger token for the SMILEs generation task, (3.4)
1 = supervised end-of-sequence token, (3.9)
[ = non-supervised padding tokens in a batch. (3.6)

One might object that this tokenizer is not chemically informed, e.g., it does not distinguish
between “Cn representing carbon bound to aromatic nitrogen and cn for Copernicium” [59],
and the majority of tokens have no chemical meaning and could be retrained to code for func-
tional groups or numbers instead (cf. [60]). What is more, both token sequences [46, 4093 ]

and [4503, 34] decode to the SMILES string OCC, but only the first one would be produced
by the tokenizer and appear in the training data. Occasionally, the model learns SMILES
continuations that are technically correct but that would be labelled/supervised as incorrect
in training and token-based evaluation (such as the KL loss). We believe language models
should have no trouble learning to disambiguate these cases and that fine-tuning large lan-
guage models with their native tokenizer on smiLEs data is worth exploring. Meanwhile,
designing a “chemical” tokenizer is an active area of research [61, 62, 63, 64, 65, 66].

2.7 Next-token supervision with GRIMACE

Consider aspirin with the sSMILES
CC (=0)OclcccecclC(=0)0 [(£. 4)

In total, it has 304 distinct unkekulized sMiLEs variants, which can be collated in a directed
acyclic word graph, where prefixes and suffixes are shared, i.e., a graph representation in-
tegrating multiple alternate chemical equivalents (GRIMACE), see Fig. 2. Note carefully that
the sMmILEs strings are tokenized first. For example, there are two variants

cl (ccceeclOC (=0)C)C (0)=0 and cl (ccceeclOC (C)=0)C (0)=0 5)

that differ the serialization of the acetyl group “~COCH,” but share prefix and suffix. For a
given molecule, the compact graph representation as in Fig. 2 (p. 11) is precisely the mini-
mization of the deterministic finite automaton whose state is any prefix and transitions are the
tokens on the way to a correct serialization. Algorithms for minimizing finite state automata
are reviewed by Watson [67], and online algorithms are available that modify the graph as
new words are added [68]. We construct the GRIMACE in two steps in linear time. First, each
observed tokenized variant is streamed into a growing prefix tree, re-using existing edges or
creating new ones while accumulating per-edge visit counts. Then, a bottom-up “Merkle”
pass assigns each node a 64-bit digest h(v) := hash(tok(v), {h(c) : cis child of v}), such
that isomorphic suffixes share the same digest, and nodes with the same digest are merged
into a single GRIMACE node with sum-aggregated edge counts.


https://github.com/numpde/nmr-msc/blob/b2f2387ba58e4d6c5451ee24a8f21617d85fe09d/code/work/20250412-gpt2smiles/gpt2smiles/model/tokenizer.py#L20
https://numpde.github.io/kemukle/show.html?smiles=CC%28%3DO%29Oc1ccccc1C%28%3DO%29O
https://en.wikipedia.org/wiki/Acetyl_group
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Since we avoid any pre-processing such as regex-based splitting of smiLEs character strings,
the set of tokenized sMILEs does not contain rare variants that would also decode to the same
molecule, cf. the remark on occ in §2.6.

To construct the GRIMACE for a given molecule in practice, we sample random SMILES variants
using RDKit with the stopping criteria:

* at least 16 samples,

e at most 10000 samples,

¢ at most 200 consecutive iterations without new variants,
» at most 50% of the estimated total IV of distinct variants.

Let U,, count distinct variants observed after n draws. We estimate the total NV from

E[U,] = >, P[variant i observed within n draws] = N (1 — (1 — "), (6)
assuming that all variants are equally likely, plugging in the observed number for the expec-
tation, and solving for N iteratively using Newton-Raphson. At 50% of the estimated total,
progress begins to slow down significantly (and we have n ~ N).

The GRIMACE is constructed from all the observed variants. The edges are first labeled with
the number of observed variants that pass through them, later normalized to percentages for
each source node (or prefix). For example, after the common prefix in (5), the GRIMACE in
Fig. 2 records 107 and 113 outgoing samples. Thus, supervising the model on one of the
variants from (5), the next-token distribution after the common prefix would be

P(= | prefix) := 157 ~ 48.6% and P(c |prefix) := 333 ~ 51.4%, (7)
with all other tokens considered incorrect or off-support continuations. Our model will as-
sign some probability to these off-support tokens, which we call the off-support error.

For practical reasons, for each molecule in our datasets, we sample five trajectories through
its GRIMACE, recording the next-token distributions after each prefix, save them to a file and
discard the rest of the tree for the sake of memory efficiency. At training time, one of those
saved trajectories is selected at random at each training epoch.

In summary, we supervise the multi-task model using teacher forcing on targets (with task-
specific trigger tokens from (3)) like this,

X T X T XA A A A A AA A AAAAAAAAA AA
Ol |2 c 1l (|cciec|c|lloC (/=/0|)|/C)|Cc|(|lo)=0|1 ®)
oC C C =
c
C

where “x” indicates no supervision, “]” supervision of the respective auxiliary head, “a”
KL supervision on the possible alternative tokens (cf. highlight in Fig. 2), “/” the usual
cross-entropy loss, and the losses are computed and combined as described in §2.8.


https://github.com/numpde/nmr-msc/blob/9add5815cc3bf0a0dde76de64e57f2541e93be4c/code/work/20250412-gpt2smiles/gpt2smiles/dataset/generate_data_altsmiles.py#L37
https://github.com/numpde/nmr-msc/blob/ac42001d0dc180fa48ecfdaf4dbcf342f9918841/code/work/20250412-gpt2smiles/gpt2smiles/helpers/trie.py#L112
https://github.com/numpde/nmr-msc/blob/a5f7534ecebad0a86625b0abe45b3d4c6f19b4c4/code/work/20250412-gpt2smiles/gpt2smiles/playground/008_smiles_estimates/CC(=O)OC1=CC=CC=C1C(=O)O.png
https://github.com/numpde/nmr-msc/blob/9add5815cc3bf0a0dde76de64e57f2541e93be4c/code/work/20250412-gpt2smiles/gpt2smiles/dataset/generate_data_altsmiles.py#L47
https://github.com/numpde/nmr-msc/blob/6a4425fa9df7f2b6fa0fbd7712503c9a1d1bf40c/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/ptl.py#L100
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\» Figure 2: The “graph representation integrating multiple alternate chemi-
cal equivalents” (GRIMACE) consisting of all 304 tokenized serializations of
o aspirin (4) with one highlighted path for reference (cf. (8)). The numbers
/. onthe edges count the number of observed variants of the sampled total that
pass through them (oversampled to make sure all variants are captured).
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2.8 Adaptive whitening, losses, and the multi-task objective

The metrics on the auxiliary head outputs (2.1)/(2.2) require consideration. The structure of
the learned “chembedding” space is unclear, so that a Mahalanobis metric seems appropriate.
For the functional group counts, there are some correlations and very different prevalences.
We propose to address both using adaptive whitening with trainable metrics (inspired by
Cipolla et al. [69]), as follows. Let T" be a real n X n matrix with det7" > 0. Then

pale | T) i= (2m)/2(det T) exp(— 3| Tel3), e c R, ©)
defines a multivariate Gaussian distribution on R™ with the negative log-likelihood
—logpy(e | T) = 3||Te|3 — logdet T + % log 2. (10)
Similarly, let S be a real m x m matrix with det S > 0. Then
pi(f]S) == 27" (detS) exp(—|5f];), feR™, (11)
defines a Laplace-like distribution on R, motivated by its negative log-likelihood
—logp,(f|S) =S|, —logdet S + mlog2. (12)

We use the dimension—normalized negative log-likelihood as the loss:

o %(10) with n = 384 for the “chembedding” head, and (13.1)
¢ L(12) with m = 289 for the “log(1 + functional group count)” head. (13.2)

The transformations 7" and S are both trainable, and the — log det term prevents collapse.
T defines a Mahalanobis-style metric that attempts to minimize the variance of the error.
S defines a metric less sensitive to outliers and promotes sparsity of the error, so we expect
the model to capture a) certain functional groups over others, b) correlations, and c) relative
abundances, some of which we confirmed in small-scale synthetic experiments. Since train-
ing runs in reduced precision, we parametrize 7" and S as a matrix-exponential (for det > 0)
of a component-wise tanh (for boundedness) of an unconstrained trainable square matrix.

Next-token distribution supervision on the GRIMACE (see §2.7) is achieved using the KL loss
at each supervised position, averaged over the positions. In some cases, we multiply the
position loss by a weight that increases geometrically with the position index, starting from
the first one, in order to improve the prediction accuracy on longer SMILES.

The end-of-sequence token marks the end of the smiLEs and is supervised with the usual
cross-entropy loss (which equals the KL loss with a one-token reference distribution).

Unfortunately, both expressions (10) and (12) can become negative, which makes combining
multiple losses nontrivial and reduces interpretability. We chose to combine the tasks/losses
in the spirit of Cipolla et al. [69] into the main multi-task training objective

minimize Y- (0,5 softplus(lossg) + logogg ) , (14)

task

with a trainable o, for each of the four tasks, wherein “softplus” ensures non-negativity.


https://github.com/numpde/nmr-msc/blob/78ffa76f947c5f5ba2b8e3c5e01bae8ca10991af/code/work/20250412-gpt2smiles/gpt2smiles/helpers/whitened_nll.py
https://github.com/numpde/nmr-msc/blob/41aacf397de7adacfc7f1382d7d5e0371f9236f8/code/work/20250412-gpt2smiles/gpt2smiles/playground/007_whitening_figures
https://github.com/numpde/nmr-msc/blob/fef2b7dd7da6773f48c1bed1e79ef39b8a042f46/code/work/20250412-gpt2smiles/gpt2smiles/helpers/logit_supervision.py
https://github.com/numpde/nmr-msc/blob/6a4425fa9df7f2b6fa0fbd7712503c9a1d1bf40c/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/ptl.py#L100
https://github.com/numpde/nmr-msc/blob/997c60b095ba8e71a0c0c8cbc8b67df3fa161f15/code/work/20250412-gpt2smiles/gpt2smiles/helpers/kendall.py#L48

3 Training and results

In this section we discuss briefly the most pertinent baseline models and lead-up results
of this work (§3.1). We proceed to define the training curriculum for our main multi-task
transformer model, and evaluate its performance on the “chembedding” and functional group
enumeration tasks, as well as on top—n structure beam-search inference accuracy, stratified
by sMmiLEs length and stereo-awareness (§3.2). We then introduce calibrated meta-classifiers
for top—10 confidence estimation (§3.3), and quantify the relative informativeness of NMR
modalities via input ablation and fine-tuning (§3.4).

To specify the active multi-modal combination we use here the abbreviations F = chemical
sum formula, Q = HSQC, C = "*C-NMR, and H = '"H-NMR.

3.1 Baseline models and lead-up results

Besides introducing the multimodal spectroscopic dataset we use in this work, Alberts et al.
[1] reported, among others, top—10 accuracy of ~90% on F/C/H — smiLgs prediction (sur-
passing [38]), by means of an encoder—decoder transformer model [1, §A.6.3]. We trained
the same model using their protocol, obtaining, for example, top—10 accuracy of ~81% on
F/H — sMmiLEs, whereas they reported ~84% in [1, Table 3]. We obtained similar accuracy by
training a) on sMiLEs with explicit hydrogens, and b) on smiLEs with both explicit hydrogens
and stripped stereochemistry. For code, results and model checkpoints see ref. [70].

Next, we trained the DistilGPT2 decoder-only language model from its pre-trained state on
F/Q/C/H — sMmiLEs with the usual CausalLM cross-entropy token supervision loss, obtaining
top—10 accuracy of ~86% on the multimodal spectroscopic dataset with a random 80/10/10
split after pre-filtering by correct sum formula and ignoring stereochemistry.

For a proof-of-concept of our main model, we then trained DistilGPT2 from its pre-trained
state on
SMILES — O 2 GRIMACE 1 (15)

with the multi-task objective (14) on the top-1M PubChem swmiLEs of character length at
most 70 with the 80/10/10 “cheese” split (cf. §2.4) for training and evaluation. Evaluating
the model in 20-beam search mode, we obtained top—10 accuracy of ~93% on the full test set
(where ~2% of smiLEs are over 100 characters long) and top—10 accuracy of ~97 % on sMILES
up to 70 characters long. While this does not prove that the model is able to internalize the
molecular structure (because it can “cheat” by looking at the given input SMILEs), we observe
convergence on all four tasks, in particular, the KL loss dips below 10% within ~30 training
epochs and continues to decrease slowly after that.

In order to better understand the multimodal spectroscopy data we trained a GNN — C/H
model that passes a molecule through a GNN and returns an estimate of BC-NMR and
'H-NMR spectra with an important simplification: each C/H atom is represented by exactly
one peak in its modality (but identical peaks are integrated). This is not the case for anno-
tated spectra, where one might misinterpret noise as peaks or miss smaller/overlapping/broad


https://github.com/numpde/nmr-to-structure-lite
https://huggingface.co/docs/transformers/en/tasks/language_modeling
https://github.com/numpde/nmr-msc/blob/3896cbc0e10de38039a32a717e17a43a72caf540/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles/c_2_topn/c_1_translate/lambda/full/20250415-034345_distilgpt2/checkpoints/epoch=04-val_loss=0.0770.ckpt/predictions_dataset=data-naive-split_split=test_n=00999.json.gz/prediction_score_hist_n=10.png
https://github.com/numpde/nmr-msc/blob/c61f83f54f7417c2a3c2815cdea272ee514101c0/code/work/20250412-gpt2smiles/gpt2smiles/training/smiles_to_chemberta/runs/lambda/full/20250601-1926_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/f27a8920b7587936e02456480221dcd3e1ba131e/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/smiles_to_chemberta/e_correctness_2/lambda__full__20250601-1926_GPT2MultiHeadModel__checkpoints__last.ckpt/source=data-pubchem-smiles/top_1M_from_980K_canon_smiles.tsv.gz__split=test__at_most=10000__downsize_to=10000__do_chemberta=True__do_func_grps=True/subsample=full/all/is_exact__by__ref_char_len.png
https://github.com/numpde/nmr-msc/tree/5150689b1c6ba8ec1fbe9a9bc86d9cc62677891e/code/work/20250410-nmr_predictor
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peaks, and effects like conformer exchange and quadrupolar coupling complicate peak read-
out [71, §8.5.11F.], [2, §2.5f.]. Notably, we saw large ppm shift mismatches for hydrogens
attached to oxygens, possibly due to “labile” proton exchange or hydrogen bonding within
the molecule or with the simulated solvent (deuterated chloroform [1, §3.1]), cf. also [71,
§6.4.3] and [2, §2.6.1.5]. In addition, our GNN looks four neighbors deep, capturing only
local effects. Thus, this “quasi-NMR” model is inaccurate — but consistently so. We synthe-
sized a quasi-NMR dataset from the top—1 M PubChem smiLEs with the intention to pre-train
the main F/Q/C/H — GriMACE model on it. This inference model learned faster on this quasi-
NMR data than on the main NMR dataset, indicating that additional and more realistic NMR
effects are rather confusing than helpful in structure inference. However, the resulting pre-
trained model performed poorly on the main NMR dataset and additional training progressed
slowly in the KL loss, so we leave this line of research to future work.

3.2 NMR annotation to multitask estimation and learning equivalent
SMILES sequences

We trained our main multi-modal multi-task molecular structure inference model on the
synthetic multimodal spectroscopic dataset “cheese” split (cf. §2.4) with the objective (14),

Complete F/Q/C/H NMR annotation — : O |2 GRIMACE 1 (16)

through a curriculum of increasing character length of the canonical reference sMILEs:

#1: 30 epochs on |smiLEs| < 30 from the pre-trained DistilGPT2 state, (17.1)
#2: 35 epochs on |sMmiLEs| < 35, (17.2)
#3: 40 epochs on |sMmiLes| < 40, (17.3)
#4: 45 epochs on |sMiLEs| < 45, (17.4)
#5: 50 epochs on |sMiLEs| < 50, (17.5)
#6: 55 epochs on |sMmiLEs| < 55, (17.6)
#7: 55 epochs on |smiLEs| < 55 with KL geometric weight ¢, = 5%. 17.7)

We used the AdamW optimizer (fused [72]) with a learning rate Ir = 3 x 107% or Ir =
5x 1074, (B;,85) = (0.9,0.95), e = 1078, and weigth decay of 1072 [73, 74].

Training and validation losses of all runs are documented in Fig. 7 (p. 25). Since the losses
based on the log-likelihoods (10)/(12) become negative, we offset them by the 0.001 quantile
in the plots for visibility. During run (17.6), the KL loss plateaus at ~14%. In run (17.7), we
measure and show the geometrically weighted KL loss of ~30% but the off-support error on
the training set drops about 8% — 6% thanks to the geometric weight (not shown).

In Fig. 8 (p. 27) we compare the “chembedding” predicted by the model after the correspond-
ing trigger token to that of the canonical sMiLEs of the target molecule in various norms. As
expected, they tend to be closer when there is a top—10 match. In most cases, the predicted
“chembedding” is still closer to the target than to most randomly selected molecules.

We observe analogous results for the vector of functional group counts, as shown in Fig. 9.


https://github.com/numpde/nmr-msc/tree/f260de00dcf9d1ac2b3ea118ec261acc4c6e1acf/code/work/20250410-nmr_predictor/evaluation/runs/lambda/full/2025-04-11_20-03-12_MultiAtomTypeNMRModel_v3/checkpoints/latest_00017/smiles
https://github.com/numpde/nmr-msc/blob/5150689b1c6ba8ec1fbe9a9bc86d9cc62677891e/code/work/20250410-nmr_predictor/misc/a_make_dataset_for_gpt2smiles.py
https://github.com/numpde/nmr-msc/blob/fb2f14d4af2d53fac2e56214987599cdc2766520/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/d_tensorboard/nmr_to_smiles_v2__20250612
https://github.com/numpde/nmr-msc/blob/5046c2da32e0d6d59eafcc79bca0c38d93ada122/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/runs/lambda/full_alberts_30/20250618-1159_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/b24eefa7f4208cfcf099f2298783b52610dc5d0f/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/runs/lambda/full_alberts_35/20250618-1441_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/b32ba578d1f70055d18fccb503cbcd07308f2f47/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/runs/lambda/full_alberts_40/20250618-2032_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/19aac068edd6ad586e04b68eb627f1955bba4c18/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/runs/lambda/full_alberts_45/20250619-0303_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/639e9ab33b1c841e10fe6edd6a846dc77c3b9ca1/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/runs/lambda/full_alberts_50/20250619-1224_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/2dff7fc06eac6fc1eeb266449fb9a832bcd6d1c6/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/runs/lambda/full_alberts_55/20250620-0111_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/2203a8dd9905a1a0a501a8595bcdb7a634fa0eae/code/work/20250412-gpt2smiles/gpt2smiles/training/nmr_to_smiles_v2/runs/lambda/full_alberts_55_klcomp/20250621-0617_GPT2MultiHeadModel/main.py.log
https://github.com/numpde/nmr-msc/blob/fb2f14d4af2d53fac2e56214987599cdc2766520/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/d_tensorboard/nmr_to_smiles_v2__20250620
https://github.com/numpde/nmr-msc/tree/e73c22d2f7af174e32d986b0126ce26e57a1b8c0/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/e_correctness_4_cb_fg
https://github.com/numpde/nmr-msc/tree/e73c22d2f7af174e32d986b0126ce26e57a1b8c0/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/e_correctness_4_cb_fg
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We analyze the functional group contributions to the loss and the adaptive metric .S from (12)
in Fig. 10 (p. 29). Some of the difficult-to-predict functional groups are: chiral center, trans
double bond, halogen acetal-like, secondary/tertiary alcohol, secondary/tertiary amide, and
bridged rings. Of note, we have two equivalent descriptions for a chiral center, and the
application of the trained S almost eliminates one of them (i.e., sparsifies the error).

We ran predictions in 20-beam search mode on ~10k random test samples. We evaluated the
top—10 on increasing subsets defined by the maximum reference smiLEs character length,
which is an important covariate of accuracy. We measured the top—n accuracy either as
an exact structure match (Fig. 3a) or as a stereo-isomer match, i.e., stripping stereochem-
istry annotation (Fig. 3b). Selected datapoints are collected in Table 3, where we show the
significant improvement during the last training run with the KL geometric weight.

3.3 Data-informed confidence estimators

Initially, we only have the top—n accuracy as a measure of confidence about the set of can-
didates by the inference model from §3.2 for a given sample. To refine this confidence, we
trained two separate binary meta-classifiers as data-informed confidence estimators on the
top—10 beam search candidates, one to predict whether there is an exact match, and one for
a stereo-isomeric match. As the input features we took (cf. Fig. 11b, p. 30)

* score: the log-probability of the candidate according to the model,

e is_valid: whether the candidate is a valid sMILEs,

» freq: the absolute frequency of the candidate molecule among the top—10,

* is_majority: whether the candidate molecule is the majority in the top-10,
¢ is_sum_ok: whether the sum formula of the candidate is correct,

e char_len: the character length of the candidate sMILEs,

e nmr_data_char_len: the character length of the NMR input data.

Each of the ten candidates from beam search contributes one feature vector, with missing
values imputed as zero. We apply a sample-aware 80/20 train/test split. Within the training
set we precompute a 5-fold grouped cross-validation split for calibration purposes. The base
meta-classifier is a RandomForestClassifier from scikit-learn [75] with 300 estima-
tors, maximum depth 12, minimum 5 samples per leaf, balanced class weights, full paral-
lelism, and a fixed seed. We wrap this in a CalibratedClassifierCV with isotonic
regression and fit using the precomputed group folds.

‘We max-pool the meta-classifier’s predictions from candidate to sample level, thus defining
the confidence score of a top—10 match. We set § = 1 if score > threshold, and § = 0 else,
sweep the threshold, and compute precision, recall, and negative predictive value. These are
shown in Fig. 4a for the exact match and in Fig. 4b for the stereo-isomer match. Selected
datapoints are collected in Table 4 for the checkpoints (17.6) — (17.7). Of particular inter-
est is the intersection of precision and negative predictive value, where we can define the
accuracy of the meta-classifier as 85% for the exact match and as 90% for the stereo-isomer
match, i.e., the meta-classifier is correct with this probability.


https://en.wikipedia.org/wiki/Chirality_(chemistry)#Stereogenic_centers
https://en.wikipedia.org/wiki/Cis%E2%80%93trans_isomerism
https://en.wikipedia.org/wiki/Cis%E2%80%93trans_isomerism
https://en.wikipedia.org/wiki/Acetal
https://en.wikipedia.org/wiki/Alcohol_(chemistry)#Systematic_names
https://en.wikipedia.org/wiki/Amide
https://en.wikipedia.org/wiki/Bicyclic_molecule
https://github.com/numpde/nmr-msc/tree/e73c22d2f7af174e32d986b0126ce26e57a1b8c0/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/e_correctness_5_fg_matrix
https://github.com/numpde/nmr-msc/blob/e73c22d2f7af174e32d986b0126ce26e57a1b8c0/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/e_correctness.py
https://github.com/numpde/nmr-msc/blob/eb90d801ee3d76c244a5cca74caddbcda58ebdd8/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/e_correctness_2.py
https://github.com/numpde/nmr-msc/tree/c04a7822059d7d9160c90d398e6f736eef0faee8/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/e_correctness_2
https://github.com/numpde/nmr-msc/blob/eb90d801ee3d76c244a5cca74caddbcda58ebdd8/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles_v2/e_correctness_3_confi.py
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Figure 3: Top—n inference accuracy at checkpoint (17.7). Evaluated on increasing subsets of
the test set parameterized by the max. character length of the canonical sMILEs, see §3.2.

SMILES match Subset Top-1 Top-10
Fxact x%ofdata  60% — 66% T73% — 79%
Fig. 3a [smiLes| < 55  51% — 60% 68% — 76%

All 46% — 54%  62% — 0%

Stereo-isomer % %ofdata  656% — 72% 77% — 82%

Fig. 3b [smiLes| <55 57% — 67% 73% — 81%
All 52% — 62% 67% — 76%

Table 3: Selected datapoints from Fig. 3, showing the improvement with the KL geometric
weight between checkpoints (17.6) — (17.7). The “x % of data” is the subset of shorter SMILES
where we have = % accuracy on x % of data.
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Figure 4: Precision, recall and negative predictive value parameterized by threshold, but
shown as functions of the number of positive predictions for the meta-classifier from §3.3.

SMILES match Threshold NPV Precision
Exact NPV = accuracy | 63% — 72% 92% — 87%
Fig. 4a NPV = precision 85% — 85%

Stereo-isomer | NPV =accuracy | 67% — 77% 94% — 91%
Fig. 4b NPV = precision 89% — 90%

Table 4: Selected datapoints from Fig. 4, showing the change with the KL geometric weight
between checkpoints (17.6) — (17.7).



3.4 Selective heteromodal input fine-tuning

It is of interest to estimate the relative contributions of the NMR modalities to the overall
inference accuracy because HSQC is much quicker to obtain than BC-NMR [2, §1.3]. To
that end, we put the model at checkpoint (17.7) through selective heteromodal input fine-
tuning on the NMR subset previously used for validation, wherein the HSQC and BC-NMR
modalities were omitted (frozen per sample), each with probability % Thus, we had samples
with either F/H, F/Q/H, F/C/H, or F/Q/C/H modalities in roughly equal measure. We fine-
tuned for 20 epochs on ~70k such samples with |smiLes| < 55 and KL geometric weight
qx1. = 1%, observing signs of overfitting on the test set in the weighted KL loss. Evaluating
this model on the test set showed a drop of ~10% top—10 accuracy on complete-modality
samples, for example, 81% \, 71% on |smiLEs| < 55 for stereo-isomer matches (cf. Table 3).
Interestingly, the same top—10 accuracy was better on F/Q/H (~62%) than on F/C/H (~59%),
which suggests that the model paid more attention to HSQC than C_NMR and/or found it
more informative (in line with [44, §R&D)).

4 Discussion and outlook

We have developed a multi-task language transformer model based on DistilGPT2 that reads
compact textual annotations of multimodal spectroscopic data and simultaneously predicts
a chemical vector embedding, the functional group counts, and the molecular structure. Our
main contribution is the representation of the molecule as a graph of all equivalent serializa-
tions (GRIMACE). In each pass over the training data, the model is trained on one particular
serialization with teacher forcing, but is supervised on the next-token distribution of all pos-
sible continuations towards the same molecule.

A notable caveat in our results is that the size of the complete GRIMACE grows rapidly with
the size of the molecule, and our approach to approximate it in reasonable time, described
in §2.7, becomes inadequate. This may be the reason behind the accuracy breakdown we
observed on molecules with sMiLEs beyond ~55 characters, see Fig. 3. It would be desirable
to have a fast method to determine the next-token distribution given a smILEs prefix.

One indication that training on GRIMACE allows the model to internalize the chemical struc-
ture, rather than syntax or dataset-specific chunks of SMILEs, is the diversity of the predicted
sMmiLEs. Indeed, in ~38% of test samples, our model at checkpoint (17.7) produces the cor-
rect structure in all of the top—10 beam-search predictions. By contrast, this number is less
than 1% for the F/Q/C/H — smiLEs model trained only on (mostly) canonical SMILES (see
§3.1), even though it has higher top—10 accuracy. Our data-informed confidence estimator
ingests this information via the majority-vote feature (§3.3). It would be interesting to un-
derstand how the model prioritizes a particular serialization as a function of the NMR input,
for example, whether easier functional groups appear earlier.

We believe that, in order to be useful and drive decisions in the lab, reliable uncertainty
quantification for model predictions is crucial. Supervision and inference with GRIMACE
provides the space to express uncertainty via prediction diversity.
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https://github.com/numpde/nmr-msc/blob/1a6b57c95bc7625a308b5a57c1c9671e239d37f8/code/work/20250412-gpt2smiles/gpt2smiles/evaluation/nmr_to_smiles/c_2_topn/c_1_translate/lambda/full/20250415-034345_distilgpt2/checkpoints/epoch=04-val_loss=0.0770.ckpt/predictions_dataset=data-naive-split_split=test_n=09998.json.gz/match_histogram_top_10.png
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Additional figures and tables

# model_name = 'GPT2MultiHeadModel'
# model.num_parameters () = 82682607
# architecture:

GPT2MultiHeadModel (

(transformer) : GPT2Model (
(wte) : Embedding (50272, 768)
(wpe) : Embedding (1024, 768)
(drop) : Dropout (p=0.1, inplace=False)
(h) : ModuleList (
(0-5): 6 x GPT2Block(
(In_1): LayerNorm((768,), eps=1le-05, elementwise_affine=True)
(attn) : GPT2Attention(
(c_attn): ConvlD(nf=2304, nx=768)
(c_proj): ConvlD (nf=768, nx=768)
(attn_dropout) : Dropout (p=0.1, inplace=False)
(resid_dropout): Dropout (p=0.1, inplace=False)
)
(In_2): LayerNorm((768,), eps=1le-05, elementwise_affine=True)
(mlp) : GPT2MLP (
(c_fc): ConvlD(nf=3072, nx=768)
(c_proj): ConvlD(nf=768, nx=3072)
(act) : NewGELUActivation ()
(dropout) : Dropout (p=0.1, inplace=False)

)
)
(In_f): LayerNorm((768,), eps=1le-05, elementwise_affine=True)
)
(Im_head) : Linear (in_features=768, out_features=50272, bias=False)
(aux_heads) : ModuleDict (
(chemberta-v2): Sequential (
(0) : Linear (in_features=768, out_features=384, bias=True)
)
(func_group) : Sequential (
(0) : Linear (in_features=768, out_features=289, bias=True)
(1) : Softplus (beta=1.0, threshold=20.0)
)
(tox21): Sequential (
(0) : Linear (in_features=768, out_features=12, bias=True)
(1) : Sigmoid()
)
(validity) : Sequential(
(0) : Linear (in_features=768, out_features=1, bias=True)
(1) : Sigmoid()
)
)
(aux_loss_fns) : ModuleDict (
(chemberta-v2): WhitenedNLL (n=384, mode='gauss', reduction='mean'

(func_group) : WhitenedNLL (n=289, mode='laplace', reduction='mean'
(tox21): _FuncLoss ()
(validity): _FuncLoss ()

Table 5: Architecture of the main molecular structure inference model based on the Distil-
GPT2 decoder-only transformer with auxiliary heads and losses for multi-task learning. The
number of trainable parameters is ~83M with wte/1m_head weight tying (~121M without).
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(b) The PubChem database [16], subsampled randomly to ~800k.

Figure 5: Functional group prevalence in two datasets. The histograms show the number of
molecules containing a given functional group (the colors alternate with count). The inset
shows the per-molecule distribution of the topmost functional groups (by total count). Func-
tional group definitions were extracted as SMARTS patterns from the Open Babel [76] code-
base and identified with RDKit [77]. We added Chiral_center_ChatGPT, which is
equivalent to Chiral_center_specified.
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Figure 6: We wondered whether the multimodal spectroscopic dataset by Alberts et al. [1]
is chemically “representative”. To that end, we trained a sparse ElasticNet logistic regression
classifier on the functional groups of a molecule to predict whether it was sampled from the mul-
timodal spectroscopic dataset (A-like) or the PubChem database (B-like), cf. Fig. 5a/5b. The
features, i.e., the functional group counts across the two datasets, were scaled to unit variance.
The ROC-AUC of the model is ~75% (the likelihood that a random B-like molecule is deemed
more B-like than a random A-like molecule). The log-odds coefficients 3; are represented in
the above figure as bars, and only the top functional groups by | ﬁj\ are shown out of 281 non-
zero coeflicients. The circle area indicates the permutation importance of the functional group,
i.e., the drop in the ROC—-AUC when this functional group is randomly permuted, where the
largest circle corresponds to ~2%. The topmost functional group, “uretan”, a.k.a. carbamate,
is found in protecting groups used during synthesis (as well as in polyurethanes and drugs/pes-
ticides). This makes sense, as the molecules in multimodal spectroscopic dataset were sourced

from the USPTO reaction dataset by Lowe [40].
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Figure 7: Training losses for the training runs (17.1)—(17.7) as defined in §2.8.
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Figure 7: Training losses (cont’d) for the training runs (17.1)—(17.7) as defined in §2.8.
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Figure 8: The distance between the “chembedding” predicted by the model at checkpoint
(17.7) and the “chembedding” of the canonical reference smILEs, stratified by whether there is
a top—10 exact structure match. As control, the distances between all the reference sMmiLEs are
also shown. Left vs right: measured in dimension-normalized L,-norm ﬁ | - [l vs measured
using cosine distance (1 — cos £). Top vs bottom: the trainable metric-matrix from (10) is
applied first vs omitted. The p-value shown is computed using the Cramér—von Mises test

between the emperical data of “match” and “no match”.
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Figure 9: Similarly to Fig. 8, we evaluate functional group counts predicted by the model at
checkpoint (17.7), measured in dimension-normalized L,-norm | - | ;. Top vs bottom: the
trainable metric-matrix from (12) is applied vs omitted. Left vs right: with log(1+-) vs without.
Computation of the p-value as in Fig. 8. The “comb” appears in (d) because of discrete values
of the untransformed counts.
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Figure 10: Errors per functional group g, evaluated on a random 9k subset of the test set,
cf. §3.2. Set f,, := log(1 + count) of g in sample i, and f;, for its predicted value (model

checkpoint (17.7)). The area is proportional to 3. | >, Sy, (fir, — Fin)|, i.e., the contribution

of the component g in the S-weighted loss. The color (blue — red) represents Zl [fig — figls
i.e., the contribution of g to the vanilla L, -error. Let ¢, be the column of g in the data covariance
matrix C. Let s, be a column of the product matrix SC. The y—coordinate of g is - s, |,
which estimates the contribution of g to the loss. The z—coordinate is X||s ||, /¢,,. which
indicates how much g is discounted by the metric (lower means “squashed”).
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(a) Whether the candidate is an exact structural match (top); or a stereo-isomer (bottom).
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(b) Input features to the meta-classifier as described in §3.3.
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(d) Centroid and shell number of the reference molecule in the “cheese” dataset split of §2.4.

Figure 11: Features of the top—10 beam-search candidates (J) of 200 random samples (+)
from the test set (cf. §2.4) by the model checkpoint (17.7). Sorted by character length of the
reference sMiLEs. Red: high value; blue: low value; white: not a valid sMILEs.
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