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Physics of NMR



In essence, NMR is a “bag of atoms".
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® The spin of a 3-spin particle (*H, **C) is a normed vector ¢ € C2.
Its observables are combinations of [ and the Pauli matrices

(01 (0 —i (1 0
9= \1 0 %= \i o 9= o -1
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e The operator I. = Lo has eigenvalues +1 and eigenvectors
z 2Y z 2

qup - <(1)> and 77Z}down = (?) :
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® The spin of a 3-spin particle (*H, **C) is a normed vector ¢ € C?
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® The Hamiltonian of a 3-spin s in a z-magnetic field By is
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The spin of a 4-spin particle (*H, 3C) is a normed vector ) € C?
The operator I, = %az has eigenvalues i% and eigenvectors up/down

The Hamiltonian of a 3-spin s in a 2-magnetic field By is
H= hwl, +

Wlth Lal’mor fl’equency / \

—Yisotope B, (1 —shielding) + 2= ZS/ T, X (ﬂ:%)s/

w =

In NMR, we measure w, and infer/interpret shielding and J-coupling
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The spin of a 1-spin particle (*H, 3C) is a normed vector ¢ € C?

The operator I, = %az has eigenvalues :l:% and eigenvectors up/down

The Hamiltonian of a 3-spin s in a 2-magnetic field By is H~ hwl,

In NMR, we measure w, and infer/interpret shielding and J-coupling —

Intensity (normalized)
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DCI3 (A & al
&B)

Alberts et al., 2024
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The spin of a 4-spin particle (*H, 3C) is a normed vector ) € C?
The operator I, = %az has eigenvalues :l:% and eigenvectors up/down
The Hamiltonian of a 3-spin s in a 2-magnetic field By is H~ hwl,
In NMR, we measure w, and infer/interpret shielding and J-coupling

Schrodinger eqn. 0,9 = —%FI@/} gives the spin evolution operator

l .
~ €+ 5wt 0
Et = 0 eféiwt

assuming H= hwl, (notably, ignoring relaxation)
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A radiofrequency pulse knocks those spins onto the z-axis

YU — PP where P = exp(—igo,)
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Schrodinger eqn. 0,9 = —%I-Alw gives the spin evolution operator Et
At thermal equilibrium, Eo causes a small excess of up spins "P

A radiofrequency pulse knocks those spins onto the z-axis

Ignoring the relaxation, the spin state is ¢ (t) = Etﬁw“p

The macroscopic xy-magnetization M = o, + 10, of s is observed as
m(t) = () Mp(t) = (°) 1 (PTEf ME, P)ytp = et
Package the superposition of all spins in the free induction decay

Fourier-transform, then shift and scale w.r.t. a reference compound
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In essence, NMR is a “bag of atoms".
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'H-NMR spectrum of acetylsalicylic acid (aspirin)

|[acetylsalicylic-acid
CC(=0)OclccccclC(=0)0

<—

Intensity (normalized)

CDCI3 (A & al)
CDCI3 (vB & B)

T
Alberts et al., 2024
Van Bramer and Bastin, 2023

shielding = location of the peak
J-coupling & shape of the peak

ppm
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'H-NMR spectrum of acetylsalicylic acid (aspirin)

T
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13C-NMR spectrum of acetylsalicylic acid (aspirin)

Intensity (normalized)
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13C-NMR spectrum of acetylsalicylic acid (aspirin)
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Annotations by MestReNova (via [1]):

'H peaks: 13C peaks: HSQC peaks:

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

Repackage as NMR text data for language transformers:

F|C16H23Br04
Q16.0:1.11-1.25023]3.0:3.76-3.87056.2|3.0:1.01-1.12014.2]---]1.0:3.03-3.14@37.6
C13.10172|3.1@157]5.4@130(3.20130/3.10129]5.30128|5.30112]---|9.7014.2
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

— we use this as the de facto NMR spectrum
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Problem statement:
F + Q + C + H— MOLECULE
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Strychnine

® Strychnine is chiral, with fused rings and quite rigid
¢ Hong et al., “Biosynthesis of strychnine”, Nature (2022) [2]
® Let's see the 'H-NMR spectrum, both and simulated...

Many thanks to S. Papalo and M.-O. Ebert of !
MestReNova v15.1.0-38027 with NMRPredict v1.11

OpenMM8.4.0 + ORCA6.1.0 / GNN predictor
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® Strychnine in chloroform-d, computed with OpenMM
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https://doi.org/10.1038/s41586-022-04950-4

® Strychnine in chloroform-d, computed with OpenMM
® Hong et al., “Biosynthesis of strychnine”, Nature (2022) [2]:

Strychnine is a natural product that, through isolation, structural eluci-
dation and synthetic efforts, shaped the field of organic chemistry.

Currently, strychnine is used as a pesticide to control rodents because of
its potent neurotoxicity.

The polycyclic architecture of strychnine has inspired chemists [..].

Here we report the biosynthetic pathway of strychnine, along with the
related molecules brucine and diaboline.
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Strychnine

® Strychnine in chloroform-d, computed with OpenMM
® Hong et al., “Biosynthesis of strychnine”, Nature (2022) [2]
® Let's see the 'H-NMR spectrum, both and simulated...

Many thanks to S. Papalo and M.-O. Ebert of !
MestReNova v15.1.0-38027 with NMRPredict v1.11

OpenMM8.4.0 + ORCAG6.1.0 / GNN predictor
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'H-NMR spectrum of strychnine
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'H-NMR spectrum of strychnine
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'H-NMR spectrum of strychnine
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'H-NMR spectrum of strychnine

Intensity (normalized)
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'H-NMR spectrum of strychnine

Intensity (normalized)
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'H-NMR spectrum of strychnine

Intensity (normalized)
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'H-NMR spectrum of strychnine

Intensity (normalized)

clecc2¢(c1)[CRI34CCIN@@IS[C@HIZCIC@@HIBIC@@H]7[C@@HIAN2C(=0)C[C@@H]70CC=C6C5
1T |

|

0.1x ¢oncentration (2)

ol | |

F3697.21.fid ]

290 285

Sulvent DC13

298.701 K
2025-08-28 13:33
500.033 MHz
8012 82 Hz
I ;... ||.|I u|hW|Mu.hh
10 9 8 7 6

11/51



'H-NMR spectrum of strychnine

Intensity (normalized)
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'H-NMR spectrum of strychnine

Intensity (normalized)
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'H-NMR spectrum of strychnine

Intensity (normalized)
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'H-NMR spectrum of strychnine
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'H-NMR spectrum of strychnine

Intensity (normalized)
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'H-NMR spectrum of strychnine
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'H-NMR spectrum of strychnine
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'H-NMR spectrum of strychnine

H:46y 45

HAQK&'Q_!@:[:l CAbs idﬁ{'m;}g Wﬁ - e 25
0 So-carl, Yo\
: “H:87 \.15€ é*\

140;1

M. s
H:g‘_f)mr'“‘\d 5'94%{6 R 26

|

:H40 017 k27

11/51



%= ppm explorer on
the “multimodal spectroscopic dataset”
by Alberts et al., 2024 [1]
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https://numpde.github.io/kemukle/ppm2pic/

Dataset & model by Alberts et al.



® No large-scale open high-quality experimental dataset
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https://doi.org/10.26434/chemrxiv-2023-8wxcz
https://doi.org/10.26434/chemrxiv-2025-q80r9

® No large-scale open high-quality experimental dataset
e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]

[1I] M Alberts et al. “Unraveling molecular structure: A multimodal
spectroscopic dataset for chemistry”. NeurlPS 2024 Datasets and
Benchmarks Track. 2024

[3] D Lowe. Chemical reactions from US patents (1976-Sep2016). figshare,
2017

using MestReNova, similarly to

[6] F Hu et al. “Accurate and efficient structure elucidation from routine
one-dimensional NMR spectra using multitask machine learning”. ACS
Central Science 10.11 (2024), pp. 2162-2170

Is it “representative”?
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® No large-scale open high-quality experimental dataset
e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]

[1I] M Alberts et al. “Unraveling molecular structure: A multimodal
spectroscopic dataset for chemistry”. NeurlPS 2024 Datasets and
Benchmarks Track. 2024

[3] D Lowe. Chemical reactions from US patents (1976-Sep2016). figshare,

2017

Alberts et al. <-- Log-odds co

efficient (B) ~> PubChem

Rotatable_bond
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Guanidine
Amide
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Primary_carbon
Secondary_aliph_amine
Tertiary_carbon
Kation
Tertiary_amide
Charged
°

o
Anion
Amine
Primary_aliph_amine

Urethan
Carboxylic_ester

°
°
°
Azide
Trifluoromethy!
°
°
°
Sulfonic_ester
Arylchloride

-0.2 -0.1 0.0 0.1 02

Molecule provenance,
Alberts et al. [1] vs PubChem [7]

is detected by logistic regression based on
functional groups with AUC-ROC ~75%

Circle area = permutation importance < 2%
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https://doi.org/10.26434/chemrxiv-2025-q80r9

® No large-scale open high-quality experimental dataset
e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]

[1I] M Alberts et al. “Unraveling molecular structure: A multimodal
spectroscopic dataset for chemistry”. NeurlPS 2024 Datasets and
Benchmarks Track. 2024

[3] D Lowe. Chemical reactions from US patents (1976-Sep2016). figshare,
2017

This is the dataset we use.
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https://doi.org/10.26434/chemrxiv-2023-8wxcz
https://doi.org/10.26434/chemrxiv-2025-q80r9

® No large-scale open high-quality experimental dataset
e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]

[1I] M Alberts et al. “Unraveling molecular structure: A multimodal
spectroscopic dataset for chemistry”. NeurlPS 2024 Datasets and
Benchmarks Track. 2024

[3] D Lowe. Chemical reactions from US patents (1976-Sep2016). figshare,
2017

e Alberts et al. [4, 5] trained transformers on simulated spectra

[4] M Alberts et al. “Learning the language of NMR: Structure elucidation
from NMR spectra using transformer models”. ChemRxiv (2023)

[5] M Alberts et al. “Automated structure elucidation at human-level accuracy
via a multimodal multitask language model”. ChemRxiv (2025)
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e Alberts et al. [4] trained a ~30M° transformer to read a string like

C9HS8O0 4 1HNMR | 7.97 7.90 dd 1H J 1.60 8.10 | 7.64
7.55m 1H | 7.26 7.18 m 2H | 2.26 2.22 s 3H
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e Alberts et al. [4] trained a ~30M° transformer to read a string like

C9HS8O0 4 1HNMR | 7.97 7.90 dd 1H J 1.60 8.10 | 7.64
7.55m 1H | 7.26 7.18 m 2H | 2.26 2.22 s 3H

® _and infer the molecule as a canonical SMILES like
CC(=0)0cilccccciC(=0)0

This is similar to, e.g., Hu et al. [6]
But different from, e.g., Xiong et al. [8]
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e Alberts et al. [4] trained a ~30M° transformer to read a string like

C9HS8O0 4 1HNMR | 7.97 7.90 dd 1H J 1.60 8.10 | 7.64
7.55m 1H | 7.26 7.18 m 2H | 2.26 2.22 s 3H

® _and infer the molecule as a canonical SMILES like
CC(=0)0cilccccciC(=0)0

® A SMILES is a (non-unique) serialization of the molecular graph

clcecc(C(=0)0)c(c1)0C(C)=0
CC(=0)0c1c(cceccl)C(D)=0 o) O
CC(=0)0c1c(C(0)=0)ccccl /)Q‘\o
clcc(C(=0)0)c(0C(=0)C)ccl 5
HO

The hydrogens H are implied by chemical valency!
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Alberts et al. [4] trained a ~30M° transformer to read a string like

C 9 HS8O0 4 1HNMR | 7.97 7.90 dd 1H J 1.60 8.10 | 7.64
7.55m 1H | 7.26 7.18 m 2H | 2.26 2.22 s 3H
..and infer the molecule as a canonical SMILES like

CC(=0)0clccccciC(=0)0

A SMILES is a (non-unique) serialization of the molecular graph
At inference: beam search heuristic to generate the most likely SMILES
..called

® candidates
® hypotheses
® predictions
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~76% top—10 on F + H — SMILES
~85% top-10 on F + C + H — SMILES

15/51



Alberts et al. [4] trained a ~30M° transformer to read a string like
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They reported accuracy of

~76% top—10 on F + H — SMILES
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Similarly:
e We trained a ~83M° autoregressive transformer DistilGPT2
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Similarly:
e We trained a ~83M° autoregressive transformer DistilGPT2
® _to predict the canonical SMILES with accuracy
~84% top-10 on F + Q + C + H — SMILES
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Similarly:
e We trained a ~83M° autoregressive transformer DistilGPT2
® _to predict the canonical SMILES with accuracy
~84% top-10 on F + Q + C + H — SMILES

Let's have a look at the structure of the predictions:

® Prediction confidence (log-likelihood of the sequence)

® Accuracy depending on SMILES length

Diversity of predicted SMILES that serialize the correct structure
Confidence mid-sMILES during inference

Saliency maps: “attention” to SMILES syntax vs. molecular structure

[ ]
[}
[ ]
® Dataset bias: in-patent SMILES similarity
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Prediction confidence (log-likelihood of the sequence)

correct at n=10
correct at n=9
correct at n=8
correct at n=7
correct at n=6
correct at n=>5
correct at n=4
correct at n=3
correct at n=2
correct at n=1

wrong at n=10
wrong at n=9
wrong at n=8
wrong at n=7
wrong at n=6
wrong at n=5
wrong at n=4
wrong at n=3
wrong at n=2
wrong at n=1

use_chiral: False
prefilter_by_sum_formula: False
host: lambda

preset: full

dt_model: 20250415-034345 d|st||gpt2
ckpt epoch=04-val_loss=0.0770:ck

-0.5 -0.4 -0.3 -0.2 -0.1 0.0
Prediction score (log-likelihood according to the model)

The model is more confident on correct predictions
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Accuracy depending on SMILES length

Top-10 match
1004 @ match
® nomatch
804 .
=T oS
- N
c \
= ]
=) /
E’ 60 1 /
-
i i
=
Y 40 A
use_chiral: False
prefilter_by_sum_
host: lambda
preset: full
20 1 dt_model: 2025041
ckpt: epoch=ﬁ-\l§ o
file: predictions_dataset=data-naive-split_split=test n=09998.json.gz
#samples: 9998
top-10 accuracy: 84.36%
0 T T T T T T
0 200 400 600 800 1000 1200

Input text / NMR specification length

SMILES without a top—10 match are on average ~10 characters longer
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Diversity of correctly predicted SMILES

44%

The model is unable to serialize molecules in alternate ways

use_chiral: False

prefilter_by_sum_formula: False

host: lambda

preset: full

dt_model: 20250415-034345_distilgpt2

ckpt: epoch=04-val_loss=0.0770.ckpt

file: predictions_dataset=data-naive-split_split=test_n=09998.json.gz
#samples: 9998

top-10 accuracy: 84.36%

5.1%

25%  1.4% 0.66% 0.43% 0.26% 0.31%
T T T T T T

2 3 4 5 6 7 8 9 10
Number of correct predictions per sample
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Diversity of correctly predicted SMILES

3.5% 3.7% 3.5% 3.6% 3.7%

2.5%

0 1 2 3 4 5 6 7
#is_exact per sample

upcoming model...

3.2%

3.9%

8

9

4.4%

38%

10
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Confidence mid-SMILES during inference

Top token predictions

3
®
o

3
N
o

g
?
&

3
°
&

3
b
&

=
4
&

g
®
<

The model is confidently wrong — not a good prior for search

100%

75%

50%

25%

0%
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Confidence mid-SMILES during inference

100%

80%

60%

40%

Top token predictions

20%

0%

upcoming model...
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Saliency: SMILES syntax vs. molecular structure

F 613ﬂ15N0=

Q 3.0:2.37—2.ﬁﬁ15.2 | 3.0:3.64-3.75@52.8 | 1.0:7.34-7.45@

| 1.0:7.09-7.2@130 | 1.0:1.56-1.67@17.1 | 1.0:6.84-6.95@116 | 1.0:1.32-1.43@17.1
- —— e e e e

€ 4.5€175 | 4.5€158 | 4.5€157 | 7.7@131 | 4.5€129 | 7.7€126 | 4.5@121 | 7.7@116 | 14€52.8 | 4.5@29.9 | 22€16.6 | 14@15.1
M- e — e

H 1:8.22-8.24:s | 1:7.38-7.41:d:2.1 | 1:7.12-7.17:dd:2.2,9.2 | 1:6.87-6.92:d:9.1 | 3:3.68-3.71:s | 3:2.42-2.45:5 | 2:1.59-1.65:m | 2:1.34-1.4:

.38-

ﬁ COC(=0)C1(c2cch!cI)

! _

The model may be focused on syntax rather than molecular structure
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Saliency: SMILES syntax vs. molecular structure

Fl CIH15N04

O|§.G:E.37»2.49@15.%|i.0:3.64-3.§§52. 11.0:7.34-7.45 |1.0:7.09-7.2@130|1.0:1.56-1.67@

[1.6:1.32-1.43@17.1
o |

i 4.5@175|4.5@158|4.5@ﬁ i.7@131|4.5@129|7.7@126|4.5@121|7.7@116|14@52.8 4.5@29.9 16.6(14@15.1
[ea— " -

H|1:8.22-8.24:5(1:7.38-7.41:d:2.1]1:7.12-7.17:dd:2.2,9.2|1:6.87-6.92:d:9.1|3:3.68-3.71:5(|3:2.42-2.45:5(|2:1.59-1.65:m|2:1.34-1.4:m
T P A R 21008 578 2R3 P83 Tger B2 ! \

Cﬁ(ﬂ)ll(ckcclolcl(
.

upcoming model...
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In-patent SMILES similarity
e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]

[1] M Alberts et al. “Unraveling molecular structure: A multimodal
spectroscopic dataset for chemistry”. NeurlPS 2024 Datasets and
Benchmarks Track. 2024

[3] D Lowe. Chemical reactions from US patents (1976-Sep2016). figshare,
2017
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https://doi.org/10.6084/m9.figshare.5104873.v1
https://patentimages.storage.googleapis.com/2b/c3/e2/7d26d7a94e6ddf/US3956269.pdf

In-patent SMILES similarity
e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]

for example:
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https://patentimages.storage.googleapis.com/2b/c3/e2/7d26d7a94e6ddf/US3956269.pdf

In-patent SMILES similarity

e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]
e US3956269 from 1976 has 26 compounds (~80% quantile), including

® Cclccc(0C(=0)CCCC(=0)00C(=0)CCCC(=0)0c2ccc(C)cc2)ccl
® Cclccc(0C(=0)CCCC(=0)00C(C)(C)C)ccl

® Cclccc(0C(=0)CCC(=0)00C(=0)CCC(=0)0c2ccc(C)cc2)ccl

® Cclccc(DC(=0)CCC(=0)00C(C)(C)C)ccl
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https://patentimages.storage.googleapis.com/2b/c3/e2/7d26d7a94e6ddf/US3956269.pdf

In-patent SMILES similarity

e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]
e US3956269 from 1976 has 26 compounds (~80% quantile), including

® Ccilccc(0C(=0)CCcC(=0)00C(=0)CcccC(=0)0c2ccc(C)cc2)ccl
® Cclccc(OC(=0)CCCC(=0)00C(-=--- -~ Cove)orrees (C)--C)ccil
® Cclccc(0C(=0)-CCC(=0)00C(=0) -CCC(=0)0c2ccc(C)cc2)ccl
® Cclccc(0C(=0)-CcCC(=0)00C(-=----- Cove)orrees (C)--C)ccil

22/51


https://patentimages.storage.googleapis.com/2b/c3/e2/7d26d7a94e6ddf/US3956269.pdf

In-patent SMILES similarity

e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]
e US3956269 from 1976 has 26 compounds (~80% quantile), including
® Cclccc(0C(=0)CCCC(=0)00C(=0)CCCC(=0)0c2ccc(C)cc2)ccl

® Cclccc(0C(=0)CCCC(=0)00C(++++-- CRIID I (C)--Cccl
® Cclccc(0C(=0)-CCC(=0)00C(=0)-CcCC(=0)0c2ccc(C)cc2)ccl
® Cclccc(0C(=0)-CCC(=0)00C( -+ - SR I (C)--C)ccl

® The dataset is difficult to disentangle into a train/validation/test split,
because of similarity within and overlap between patents

® They didn't, as far as we can tell
® We embedded SMILES and used k-means to split (— appendix)
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https://patentimages.storage.googleapis.com/2b/c3/e2/7d26d7a94e6ddf/US3956269.pdf

In-patent SMILES similarity

e Alberts et al. [1] simulated spectra for ~795k molecules from USPTO [3]
e US3956269 from 1976 has 26 compounds (~80% quantile), including
Cclccc(0C(=0)CCCC(=0)00C(=0)CCCC(=0)0c2ccc(C)cc2)ccl
Cclccc(OC(=0)CCCC(=0)00C (- -+ - -+ Cove)rrerns (C)--C)ccil
Cclccc(0C(=0) -CCC(=0)00C(=0) -CCC(=0)0c2ccc(C)cc2)ccl
Cclccc(0C(=0) -ccc(=0)00C(- - - -+ Cove)rreens (C)--C)ccil

® The dataset is difficult to disentangle into a train/validation/test split,

because of similarity within and overlap between patents

® |n particular:

® short SMILES are intrinsically easier to infer, while
® long SMILES are made easier by in-patent association

A\ The ~85% top—10 accuracy is very scenario-specific
/A The model learns chunks of SMILES — not molecular structure
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Graph representation integrating multiple alternate chemical equivalents
GRIMACE



clccc(C(=0)0)c(c1)0C(C)=0
CC(=0)0c1c(cccc1l)C(0)=0
CC(=0)0c1c(C(0)=0) ccecl {

clcc(C(=0)0)c(0C(=0)C)ccl )\o

o
how many in total?
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clccc(C(=0)0)c(c1)0C(C)=0
CC(=0)0c1c(cccc1l)C(0)=0
CC(=0)0c1c(C(0)=0) ccecl {

clcc(C(=0)0)c(0C(=0)C)ccl )\o

HO
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clccc(C(=0)0)c(c1)0C(C)=0
CC(=0)0c1c(cccc1l)C(0)=0
CC(=0)0c1c(C(0)=0) ccecl {

clcc(C(=0)0)c(0C(=0)C)ccl )\o

o
304 distinct serializations

“restricted” by rdkit to sensible variants
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® It makes sense to train
random serialization — molecular properties

as data augmentation and regularization [9]
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® |t makes sense to train
random serialization — molecular properties
® Does it make sense to train
NMR data — random serialization

where the serialization changes from epoch to epoch?
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® |t makes sense to train
random serialization — molecular properties
® Does it make sense to train
NMR data — random serialization — 7

e Consider two serializations, shown to the model at random:

cl(cccccl10C(=0)C)C(0)=0 and c1(cccccl0C(C)=0)C(0)=0

c(/ C\C\ ﬁ
e @
‘c
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It makes sense to train
random serialization — molecular properties
Does it make sense to train
NMR data — random serialization — 7

Consider two serializations, shown to the model at random:

cl(cccccl10C(=0)C)C(0)=0 and c1(ccccclOC(C)=0)C(0)=0

The model will eventually learn the next-token probabilities
P(= | prefix) ~50% and P(C | prefix) ~ 50%

but:
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It makes sense to train
random serialization — molecular properties
Does it make sense to train
NMR data — random serialization — 7

Consider two serializations, shown to the model at random:
c1(ccccecl10C(=0)C)C(0)=0 and c1(cccccl10C(C)=0)C(0)=0
The model will eventually learn the next-token probabilities
P(= | prefix) ~50% and P(C | prefix) ~50%

This training signal is weak, inconsistent and incomplete:

® pulls one token at a time,
® we can't cycle through many variants.
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It makes sense to train
random serialization — molecular properties
Does it make sense to train
NMR data — random serialization — 7

Consider two serializations, shown to the model at random:
c1(ccccecl10C(=0)C)C(0)=0 and c1(cccccl10C(C)=0)C(0)=0
The model will eventually learn the next-token probabilities
P(= | prefix) ~50% and P(C | prefix) ~50%
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Key idea: Let's supervise on the next-token distribution directly
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Next-token supervision with GRIMACE

e Key idea: Let's supervise on the next-token distribution directly
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e Key idea: Let's supervise on the next-token distribution directly
® Sample serializations of the same molecule and tokenize them
cCC(=0)0c1lc (CCC0D=0)ccccl1

26 /51



Next-token supervision with GRIMACE

e Key idea: Let's supervise on the next-token distribution directly
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CC(/=0)0c1lc (ccecl ) C COHN)=0
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Next-token supervision with GRIMACE

e Key idea: Let's supervise on the next-token distribution directly

® Sample serializations of the same molecule and tokenize them
CC(=0)0c1lc (C (0)D=0)cccct1
CC(=0)0c1lc (cceccl ) Cc (COD=0
c'1 (ccccc 10C(=0)C)H)cCc (C0)=0
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Next-token supervision with GRIMACE

e Key idea: Let's supervise on the next-token distribution directly
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Next-token supervision with GRIMACE

e Key idea: Let's supervise on the next-token distribution directly

® Sample serializations of the same molecule and tokenize them

CC(=0)0c1l1lc (C (C0)=
CC ( 0) 0c1lc (ccecci1l))
c 1 (ccccc 10C(C=0)CcC)
c1 (ccccc 10C(CCH)=0)C

e _until a stopping criterion is met (— appendix)

0
C
C
(

) cccc 1
(0)=0
(0)=0
0)=0
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Construct the word tree (merge common prefixes and suffixes)
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Next-token supervision with GRIMACE

Key idea: Let's supervise on the next-token distribution directly

Sample serializations of the same molecule and tokenize them

CC(=0)0c1l1lc (C (C0)=
CC ( 0) 0c1lc (ccecci1l))
c 1 (ccccc 10C(C=0)CcC)
c1 (ccccc 10C(CCH)=0)C

..until a stopping criterion is met (— appendix)

Construct the word tree (merge common prefixes and suffixes)

Count samples passing each out-edge and normalize to probabilities

0
C
C
(
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(0)=0
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Next-token supervision with GRIMACE

Key idea: Let's supervise on the next-token distribution directly

Sample serializations of the same molecule and tokenize them

CC(=0)0c1l1lc (C (C0)=
CC ( 0) 0c1lc (ccecci1l))
— c|1  (cclccic 10C ( 0)[C)
c1 (ccccc 10C(CCH)=0)C

..until a stopping criterion is met (— appendix)

Construct the word tree (merge common prefixes and suffixes)
Count samples passing each out-edge and normalize to probabilities

To train, pick one path per epoch, supervise on those probabilities

0
C
C
(

) cccc 1
(0)=0
(0)=0
0)=0
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GRIMACE

of aspirin

P( = | prefix) = 137 ~ 48.6%

2 P(C | prefix) = 323 ~ 51.4%

%



We supervise the output with “teacher forcing” on sequences like

A A A A A A A A AAX

A AAAAAAA
cl1| (lcclccc1/0C (=0)CHlCc (0=
0cC C C =
C
C
where
supervision:

A — KL divergence
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We supervise the output with “teacher forcing” on sequences like

where

A A A A A AA A AA
c'l1 ( ccccci1ioC (

ocC
c
C

AAAAAA
0)C)cC(

C C

supervision:
A — KL divergence

v/ — cross-entropy

A
0

A AV

)=

on
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We supervise the output with “teacher forcing” on sequences like

x AA A A A AA AAAAAAAADA
c 1 (ccleccc10C(C=0)cC)C(
0C C C
C
C
where
trigger tokens: supervision:

— vector embedding [10]

A — KL divergence

v/ — cross-entropy

X

— none

A
0

A AV

)=

on
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We supervise the output with “teacher forcing” on sequences like

x T AA A A A AA AAAAAAAADA
D | c 1 (ccleccc10C(C=0)cC)C(
0C C C
C
C
where
trigger tokens: supervision:

— vector embedding [10]

— not-a-token

A — KL divergence
v/ — cross-entropy
X —none

T — auxiliary head

A
0
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We supervise the output with “teacher forcing” on sequences like

XTX A A A A A A A A A A A AAAANAL
o c/1 (Cleclccc1 0OC (=/0)C|) C (
0C C C
c
C
where

trigger tokens:
— vector embedding [10]

o — functional group counts

— not-a-token

supervision:
A — KL divergence
v/ — cross-entropy
X —none

T — auxiliary head

A
0

28/51



We supervise the output with “teacher forcing” on sequences like

X T X 7T A A A A AAA AAAAAAAAA

Ol c/l (ccccct0C (=0)cC)c
0C C C
C
C
where
trigger tokens: supervision:

— vector embedding [10]

o — functional group counts

— not-a-token

A — KL divergence
v/ — cross-entropy
X —none

T — auxiliary head

A
0

28/51



We supervise the output with “teacher forcing” on sequences like

xTxTXAAAAAAA A AAAAAAAA

oli 2 c 1| ( ccicc c 1 0C (

ocC
c
C

where

trigger tokens:
— vector embedding [10]
o — functional group counts
2 — GRIMACE

— not-a-token

0)Cl)C(
C C

supervision:
A — KL divergence
v/ — cross-entropy
X —none

T — auxiliary head

A
0
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We supervise the output with “teacher forcing” on sequences like

x T x T x A A AAAAAAA
il 0 2c1 (cclccc10C(C=0)C)CcC(
0C C C
C
C
where
trigger tokens: supervision:

— vector embedding [10]
o — functional group counts
2 — GRIMACE

— not-a-token

A — KL divergence x(1+ ¢)"

v/ — cross-entropy
X —none

T — auxiliary head

A
0

m
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Inference with a trained model (aspirin)
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Inference with a trained model (aspirin)
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Training & results



We trained

® the ~83M° DistilGPT2 decoder-only transformer
L4 on the A|bertS et aI [1] dataset — up to ~560k training samples
® on an NVIDIA GHZOO — ARM64 + H100: 96 GB VRAM, 64 vCPUs, 432 GiB RAM
® to infer

F+Q+C+H— : o 2 GRIMACE I
[

through a curriculum of increasing SMILES length:

1. 30 epochs on |SMILES| < 30 from the pre-trained state

35 epochs on |[SMILES| < 35

40 epochs on |[SMILES| < 40

45 epochs on |SMILES| < 45

50 epochs on |SMILES| < 50

55 epochs on [SMILES| < 55

55 epochs on |SMILES| < 55 with KL geometric weight 5%

No ok W
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KL loss during training

Next-token distribution KL loss

10! 4

100 4

10—1 -

train/step
=== _train/epoch

val/step
=== val/epoch

998_GPT2MultiHeadMadel

50618t2032-GPT2MultiHeadModel

35/20250618:1441_GPT2MultiHeadModel
50618:1

45/20250619+0303_GPT2MultiHeadModel

5—ktcomp/20250621-0617_GPT2MuttiHeadModet

Stberts 55/20250620+0111_GPT2MultiHeadModel

B atberts 50/20250619:1224_GPT2MultiHeadModel

lambda/full_alberts_30/20250618:1159 GPT2MultiHeadModel

£

$0 $8 $15 —$22 $30 $38 445 £52 $60 $68 $75 $82 $90 $98

Oh 5h 10h 15h 20h 25h 30h 35h 40h 45h 50h 55h 60h 65h
Net training wall time and cost (at 1.5 $/h)

runs 1 to 6 (no KL weight) and 7 (with KL weight)
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Off-support loss during training (last two runs: effect of KL weight)

train/step
=== _train/epoch
| :‘-. val/step
i “‘ 0 U“i’ i T === val/epoch

10714

lambda/full_alberts_55/20250620-0111 GPT2MultiHeadModel

Probability mass outside of KL support

Nambda/full_alberts_55_klcomp/20250621-063

R
o

$8 $15 $30 $38 $45

5h 10h 15h 20h 25h 30h
Net training wall time and cost (at 1.5 $/h)

#
N

10—2 i

o
>
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Accuracy on the test set (exact match)

Correct predictions (accuracy)

100%

80% A

70% A

60%

50% 1

40% A

30%

il --- Percentage of the dataset (9896 samples)

20

30 40 50 60 70
Max. character length of the canonical SMILES
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Accuracy on the test set (stereo-isomer match — ignoring stereochemistry)

100%1 e
90%
a2 80% -
o =
© e 2%
5 70% :
© ) Top-10 % b 67%
o — Top-9 e i
2 60% 7 — Top-8 i
GEJ —— Top-7 ,’/
5 o0, ] —— Top-6 s
o 50% Top-5 //
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40% 1 Top-3 al :
Top-2 Pl H
30% Top-1 // -—- Percentage of the dataset (9896 samples)
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Max. character length of the canonical SMILES
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Example: the top—10 predictions for a test sample

aclean aaclezn e X cl#celececcl) cicin1ie

cleceeclC#Celn: 1 cacieen X X clecleccl)CHCe
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Diversity of predictions

16%

0

use_chiral: False
prefilter_by_sum_formula: False
host: lambda

preset: full

The ¥ + Q + C + H — SMILES model was ;%"

998.json.gz

unable to serialize molecules in alternate wayspies: ooos

44%

1

top-10 acturacy: 84.36%

18%

12%
B 22% 14% 0.66% 0.43% 0.26% 0.31%
T T T T T T

2 3 4 5 6 7 8 9 10
Number of correct predictions per sample
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Diversity of predictions

F+ Q-+ C -+ H— ... GRIMACE ...

38%

3.5% 3.7%

25% 3.5% 3.6%

3.7%

3.2% 3.9% 4.4%

0 1 2 3 4 5 6 7 8 9
#is_exact per sample

10

In 38% of test samples, all 10 predictions are exact
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Diversity of predictions

F+ Q-+ C -+ H— ... GRIMACE ...

46%

2.8% 3.1% 21% 2.8% 2.8% 3.3% 3.1% 45% 4.8%

0 1 2 3 4 5 6 7 8 9 10
#is_isomer per sample

Stereo-isomer = equal connectivity (modulo 3d flags)

38/51



Diversity of predictions

0

F+ Q-+ C -+ H— ... GRIMACE ...

62%

4.9%

2.8% 2.4% 1.8% 2.3% 21% 2.3% 2.9% 3.9%

1 2 3 4 5 6 7 8 9 10
#is_sum_ok per sample

How often is the chemical sum formula correct?
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Diversity of predictions

90%

F+ Q-+ C -+ H— ... GRIMACE ...

0.66% 0.33% 0.4% 0.24% 0.54% 0.75% 0.88% 1.4% 2.2% 3%
T T T T T T T T

0 1 2 3 4 5 6 7 8 9 10
#is_valid per sample

How often is the generated SMILES valid?
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“Flag plot” of 10 hypotheses x 200 test samples

low high

LB e L ]
0 =<is sumok=1
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-0.32 = score < -0.13
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129 = nmr_data_char len = 919
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Data-informed confidence estimator

100%
90% A
80% Top-10 accuracy, Ply = 1) = 77% 2 '.-".' A
1= 1 1" T T T T T T ks b e "‘7' -
70% ] /
e J’
8 A
¥ 60% 1 L
.
’/
o/ "
20% ol Precision, P(y = 1|9 = 1)
" ~
20% 1 /_,' ----- Recall, P(y = 1J y=1)
. - ~=- NPV,P(y=0]y=0)
30% 4 ,,a—‘;"—/ Threshold for “y = 1"
0% 20% 40% 60% 80% 100%
Positive predictions on 1980 samples, P(§ = 1)
Meta-classifier for y = “Is there a top—10 stereo-isomer match?” has P(y = y) ~ 90%
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— for context —
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Evaluation on SpectraBase — simulated w/ Mnova; as in Hu et al., 2024 [6]

100%

= Top-10
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90% —— Top-8
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40% - K
’ H
30% / —-—- Percentage of the dataset (1001 samples)
] 7 :
20 30 40 50 60 70

Max.

character length of the canonical SMILES

1Stanford / NYU
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Evaluation on SpectraBase — simulated w/ Mnova; as in Hu et al., 2024 [6]

70

100% ———
//”
90% 1 /
/
,I
/ H
2 80% %f . s
o N—— .
5 | w.——| From [6, p. 2966]: The highest
S T0% &
o [top-15] accuracy of 69.6%
T 60% / is obtained when using both
£ 1 1 13
S 50%1 L the "H and *°C NMR spectra
/ with a pretrained transformer
40% 1 ,/ N J
’ H
30% 4 l,' -—-- Percentage of t.he dataset (1001 samples)
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Max. character length of the canonical SMILES

1Stanford / NYU
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Table 3 from Alberts et al., 2024 [1]?

Top-1, % Top-5, % Top-10, %
IR 9.97+0.46 21.23+0.33 24.01+0.42
MS/MS (CFM-ID, neg)  20.98 +0.23 39.32+0.19 44.93 4+ 0.29
MS/MS (CFM-ID, pos)  23.53 +0.21 42.59+0.14 47.53+0.31
MS/MS (SCARF, pos) 1.92+0.11 5.26+0.37 6.81+0.48
MS/MS (ICEBERG, pos) 15.52 +2.10 31.46 4+ 3.28 36.22 + 3.45
13C 51.95+0.29 70.01+0.21 74.124+0.30
1H 64.99+0.31 81.94+0.31 84.07+0.32
IH 4 13C 73.38 £0.08 87.9440.14 89.98 +0.16

2IBM / UZH / EPFL / NCCR
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From Figure 2/4 / Table 2 of “ChefNMR" by Xiong et al., 2025 [8]*

(a) NMR-ConvFormer

\/ Layer Norm & Linear )
T

Multihead Attention Pooling 1
Wﬁﬁ IR

‘ 4 X Transformer Encoder Block

\! I T I I I I T I
Position & Type Encoding

(b) ChefNMR Diffusion Transformer

Predicted Coordinates X,

t
L Adaptive LN & Linear
I
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=
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["conv Tokenlzer ) LConv Tokenlzer )
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H NMR Spectrum 13C NMR Spectrum

Noise Level o
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N X DiT Block e
[ Scale
[ _Iﬁ N
NMR Embed| | Multi-head
Self-Attention
[ mee )
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3Princeton
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From Figure 2/4 / Table 2 of “ChefNMR" by Xiong et al., 2025 [8]3

Dataset Model Top-1 Top-10
Acc 1 Sim 1 Acc 1 Sim 1
SpectraBase Hu et al. 45.24% 0.686 67.38% 0.847

NMR-DiGress 43.56% 0.625 68.39% 0.817
CHEFNMR-S 69.15% 0.807 85.30% 0.922
CHEFNMR-L  72.04% 0.833 88.20% 0.940
USPTO Hu et al. 38.02% 0.674 61.76% 0.845
Alberts et al.*  73.38% N/A  89.98% N/A
NMR-DiGress 22.51% 0.504 48.87% 0.761
CHEFNMR-S 81.16% 0.902 92.90% 0.973
CHEFNMR-L  81.57% 0.912 93.01% 0.973
SpectraNP Hu et al. 19.26% 0.585 39.87% 0.774
NMR-DiGress  2.12% 0.260 9.17%  0.485
CHEFNMR-S  40.37% 0.583 64.37% 0.834
CHEFNMR-L  40.15% 0.631 65.74% 0.860

3Princeton
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From Figure 2/4 / Table 2 of “ChefNMR" by Xiong et al., 2025 [8]*

SpecTeach NMRShiftDB2

W

8 8

Accuracy %
3

Similarity
s o o
> &

1 2 3 a 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
# Predictions # Predictions

—e— Huetal —=— Alberts et al.* —+— NMR-DiGress ~#— ChefNMR-S (Ours) —4— ChefNMR-L (Ours)

Figure 4: Zero-shot performance on experimental NMR spectra, shown as the mean + standard
deviation over three independent sampling runs. Models are trained on USPTO. Evaluation is on 'H
and '3C spectra for SpecTeach, and on 3C spectra for NMRShiftDB2.*: reported results.

3Princeton
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The “oracle” of Jonas, 2019 [11]*

[11] E Jonas. “Deep imitation learning for molecular inverse problems”.
Advances in Neural Information Processing Systems. Vol. 32. 2019

Assumes the molecular formula is known

Trains a neural net to complete a partial molecular graph

The teacher/oracle presents all valid typed one-bond completions

..and the net is trained against this multi-hot target

Candidate molecules are ranked by a forward NMR predictor
~56% top-1 accuracy on experimental 13C-NMR (NMRShiftDB)

4U Chicago
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https://proceedings.neurips.cc/paper/2019/hash/b0bef4c9a6e50d43880191492d4fc827-Abstract.html

Graph neural net encoder — latent — GRIMACE decoder [wip]

A simple graph “convolutional” neural net is a “bag of atoms” like NMR:

* Given atom features h(%), for each layer £ =1, ..., L:
1) = Dropout o SiILU o MLP” (hﬁf” +y th”)

u—v

® Sum-pool by = h'E) and transform further into latent 2 € R2%6

® NMR twist: sum-pool only H and C atoms

The molecule is reconstructed from the latent z with a custom Llama-like
17M° language transformer trained with GRIMACE supervision on the ~795k
molecules from Alberts et al. [1].
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Graph neural net encoder — latent — GRIMACE decoder [wip]

Correct predictions (accuracy)
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Graph neural net encoder — latent — GRIMACE decoder [wip]

Correct predictions (accuracy)
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Recap & outlook



Graph representation integrating multiple alternate chemical equivalents
is a novel® way of teaching chemical structures to language transformers

It allows the model to express uncertainty
The multimodal NMR annotation — GRIMACE multi-task transformer

achieves ~80% top—10 accuracy on ~80% of the synthetic dataset
(and we can tell with ~90% confidence)
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Outlook

Spectroscopy:
® A data-driven model of variability in experimental NMR spectra
® Cycle-consistent search with “NMR — GRIMACE" as a prior

GRIMACE:
® A spectrum-aware auto-encoder for molecules

® An efficient way to compute the reference GRIMACE
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https://en.wiktionary.org/wiki/proompt
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Appendix



The multi-task objective
minimize Y (032 softplus(loss,,q,) + log o7,

with trainable o, consists of the task-specific losses:
e for the “chembedding” head

e - L(3|Te|3 —logdetT + Zlog2m), n =384,
e for the “log(1 + functional group count)"” head
£ L(|Sf], —logdet S+ mlog2), m =289,

e average KL loss for the GRIMACE,
® cross-entropy loss for the end-of-sequence token,

where T" and S are trainable matrices.
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“chembedding” head loss

[0 Match (6313)
% No match (2686)
[ Control

T TP

0.000 0.025 0.050 0.075 0.100 0.125 0.150
L2 distance with the trained metric

%HT |5-norm, stratified by whether there is a top-10 match
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Functional group count loss

[ Match (6313)
20 No match (2686)
0 Control

!!

p = 4e-0

0.000 0.005 0.010 0.015 0.020 0.025
L. of log(1 + -) distance with the trained metric

L|IS - |;-norm, stratified by whether there is a top-10 match
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Selective heteromodal input fine-tuning — SHIFT
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Selective heteromodal input fine-tuning — SHIFT

100%

90%

80%

70%

60%

Isomeric predictions

50%

40%

30% Top-1 §ea --- Percentage of the dataset (2514 samples)

20 30 40 50 60 70
Max. character length of the canonical SMILES

After fine-tuning on the validation set with HSQC / C-NMR dropout
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Selective heteromodal input fine-tuning — SHIFT

100%

90% -

80%

70%

60% -
— Top-7 '""""'"""""""""’7‘7‘""55% """""""""" ———

50% 7

Isomeric predictions

—— Top-4 e <— 44%
40% 1 Top-3 - :

30% ~

20 30 40 50 60 70
Max. character length of the canonical SMILES

Top-1 4 --- Percentage of the dataset (2462 samples)

After fine-tuning, evaluated on F + Q + & + H test set

55/51



Selective heteromodal input fine-tuning — SHIFT
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Selective heteromodal input fine-tuning — SHIFT

100%

90%
4 80% 1
e X
S
% 70% _’\\\R
] —— Top-10
a — Top-9
2 60% 7] —— Top-8
g — Top-7
S 50%4  op6
- —— Top-5

—— Top-4
40% 7 Top-3 e H
Top-2 31% 36% e VR A
30% 4 Top-1 ———————-—,-,-»f ------------------ --- Percentage of the dataset (2468 samples) 5
20 30 40 50 60 70

Max. character length of the canonical SMILES

After fine-tuning, evaluated on F + @ + & -+ H test set

55/51



Clustered halo-/endo- ensemble of sample embeddings — CHEESE
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® Embed samples in euclidean space [10]
‘ ® Cluster with k-means
® Take the outer 10% of each cluster
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o® 8% oo ®
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Embed samples in euclidean space [10]
Cluster with k-means

Take the outer 10% of each cluster
These become validation /test samples
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% °

Embed samples in euclidean space [10]
Cluster with k-means

Take the outer 10% of each cluster
These become validation /test samples

..plus the same number from the inner
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SRR I

Embed samples in euclidean space [10]

Cluster with k-means

Take the outer 10% of each cluster
These become validation /test samples
..plus the same number from the inner

The remaining samples are for training
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Collecting random serializations
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