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Filter GeMS-A GeMS-B GeMS-C

Total num. spectra 711,449,200 711,449,200 711,449,200
Est. instr. accuracy > 1e-4/1e-3/1e-3 128,986,494 618,134,504 618,134,504
Negative polarity 105,515,251 550,518,161 550,518,161
Unk. charge/Unk. charge/- 80,127,413 198,921,862 550,518,161
Charge > 1 73,734,411 170,443,646 522,039,945
Precursor m/z > 1000/1500/1500 73,517,815 169,869,998 520,791,059
MS level > 2/2/10 73,478,267 169,357,985 520,791,059
Max m/z > 1000/1500/1500 73,444,038 166,526,375 459,817,491
Estimated as profile spectrum 72,579,055 165,334,485 455,106,642
Num. of intense (> 10%) peaks < 3 59,123,728 128,761,221 353,491,125
Intensity amplitude < 20/20/18 43,137,912 101,062,679 202,409,915
Num. of spectra after filtering < 3 43,137,657 101,062,396 202,409,083

Table S1 Summary of the GeMS data-quality filtering pipeline. Each value
represents the number of spectra remaining after applying a specific filter (row) to a
particular GeMS subset (column). Slashes (i.e., “/”) in the filters separate different settings
for the GeMS-A, GeMS-B, and GeMS-C subsets, ordered according to the column order.
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MS2 data Data type

M/z values float64
Intensities float32
MS level int8
RT float32
Charge int8
Polarity int8
Precursor m/z float32
Window lbound float32
Window ubound float32
CID energy float32
Spectrum type int8
Ion injection time float32
Definition string utf-8 str
Precursor id int32

Metadata Data type

File name utf-8 str
Instrument name utf-8 str
MS level order utf-8 str
|X1| int64
|X2| int64
Median(A) float64

Precursor data Data type

M/z values float64
Intensities float32
RT float32
Ion injection time float32
Id int32

Table S2 Specification of the GeMS .hdf5 data format. “MS2 data” and
“Precursor data” are .hdf5 groups whereas “Metadata” entities are .hdf5 attributes. All
tensors are one-dimensional of the length equal to the number of collected spectra. The
only exception is “M/z values” and “Intensities” which are two-dimensional arrays of the
number of spectra by the number of peaks shape. We retain 128 highest peaks and pad the
array with zeros. |X1|, |X2|, and Median(A) correspond to the intermediate values and the
output of the algorithm estimating the absolute accuracy of a mass spectrometry
instrument (Algorithm 1 in Online Methods). “Window lbound” and “Window ubound”
correspond to the lower and upper bounds of the MS1 isolation window. “Definition string”
is a spectrum metadata summary string available in the data from Thermo instrument.
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Hyperparameter Values

Learning rate 5 · 10−5, 9 · 10−5,1 · 10−4, 2 · 10−4, 3 · 10−4

Number of warmup steps [1] 0, 5000, 20000
Batch size 1024, 2048, 4096
Number of transformer layers l 1, 5, 7, 11
Number of attention heads 4, 8, 12, 16
Transformer hidden dimensionality d 512, 768, 1024
Fourier features dimensionality dm 24, 512, 980
Peak dimensionality dp 24, 512, 980
FFNF depth 2, 4, 5
FFNF hidden dimensionality 256, 512
FFNP depth 1, 2, 3
Attention mechanism dot-product, additive [2], Graphormer
Dropout 0.0, 0.1, 0.5
Weight decay 0.0, 1 · 10−5

Fraction of masked peaks 0.1, 0.2, 0.3, 0.4, 0.5
Mask sampling strategy uniform (intensity > 10%), intensity proportional
Deterministic mask sampling True, False
Retention order loss weight 0.0, 0.2, 0.5
Focal loss γ 0, 0.5, 2, 5
Dataset GeMS-A10, GeMS-A1000, GeMS-A, GeMS-B
Training float precision 32 bits, 64 bits

Table S3 Explored pre-training hyperparameters. The optimal values, used for the
extraction of embeddings, zero-shot predictions, and further fine-tuning, are highlighted in
bold.
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Spectral similarity

Hyperparameter Values

Learning rate 3 · 10−6,5 · 10−6, 1 · 10−5

Batch size 32, 64

Head type Linear

Triplet margin ∆ 0.05, 0.1, 0.2, 0.5

Molecular fingerprint prediction

Hyperparameter Values

Learning rate 2 · 10−5, 3 · 10−5,4 · 10−5

Batch size 16, 32, 64

Head type Linear, DeepSets

Molecular property prediction

Hyperparameter Values

Learning rate 3 · 10−4,3 · 10−5

Batch size 128, 512

Head type Linear

Fluorine detection

Hyperparameter Values

Learning rate 3 · 10−5,5 · 10−5

Batch size 64, 128

Head type Linear

Focal loss α 0.5, 0.6, 0.8

Focal loss γ 0.5, 1, 2

Table S4 Explored fine-tuning hyperparameters. The optimal values, used for test
predictions, are highlighted in bold.
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