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S1 Additional Methodological
Details and Experimental
Results

This supplementary material extends the supple-
mentary information accompanying our WACV
2026 conference paper [8] and retains most of
its methodological descriptions and benchmark
results. The description of Channel Representa-
tion Learning, previously presented in the con-
ference paper, is included here for completeness,
whereas the section on Alternative Correlation-
Based Representations is new to the journal
extension.

We first describe the GCx GC-ToF-MS instru-
mentation, the compound peak detectors intro-
duced in [3], and the canonical-frame reg-
istration procedure. We then provide details

on learning the channel representation, includ-
ing the alternative triangular kernel formula-
tion, and describe the architecture of our cus-
tom CNN. Further sections present comprehen-
sive results for the baseline method developed
by analytical chemists [1], deterministic descrip-
tors, the comparison between the two mass
spectrometers, regularization and data augmen-
tation, and the complete evaluation of the CNN
embedding encoders. Finally, we investigate sev-
eral alternative correlation-based representations,
including temporal and m/z Gram matrices, spa-
tial correlation tensors, and learned projections
for raw-pixel aggregation.

S1.1 Sensor Instrumentation

Analyses were conducted on an Agilent 7890B
gas chromatograph (Agilent, Santa Clara, CA,
USA) coupled to time-of-flight mass spec-
trometers Pegasus® 4D-C and Pegasus® BT-
4D (LECO Corp., St. Joseph, MI, USA).
Automated sample introduction was performed
with a MultiPurpose Sampler MPS Robotic (Ger-
stel, Miilheim, Germany). Raw data were exported
from the ChromaTOF® software (versions
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4.72.0.0, 5.51.06.0, and 5.55.41_BT; LECO Corp.,
St. Joseph, MI, USA).

The GCxGC-ToF-MS configuration followed
a previously reported layout [6] employing
a reverse column arrangement: a medium-polar
primary column Rtx-200MS (Restek, Bellefonte,
PA, USA, 30 m x 0.25 mm x 0.25 pm)
and a non-polar secondary column TG-5HT
(Thermo Fisher Scientific, Waltham, MA, USA,
1 m x 025 mm x 0.25 pm). Of the total
secondary-column length, 10 cm were located
in the modulator, 69 cm in the secondary oven,
and 21 cm in the GC-MS transfer line. A 2
m pre-column of the same stationary phase
as the primary column was installed. When using
the Pegasus BT-4D detector, the secondary col-
umn totaled 1.1 m to accommodate 31 cm within
the GC-MS transfer line.

Prior to injection, samples were homogenized
by shaking for 10 min followed by 10 min
in an ultrasonic bath. Injections of 1 uL. were made
with a 1 pL air plug in the syringe, at 280°C
in splitless mode (2 min splitless time). Carrier
gas was operated at a constant-flow rate of 1.5
mL/min. The oven program was: 40°C (2 min),
ramp at 5°C/min to 320°C (10 min), for a total
runtime of 68 min (4080 s). The secondary oven
was maintained at +5°C relative to the pri-
mary oven and the modulator at +20°C relative
to the primary. Cryogenic modulation of the sec-
ondary column used dried air at -80°C. The run
comprised three modulation segments: 500-1704
s (period 6 s; hot pulse 1.8 s; cold pulse 1.2 s),
1704-2592 s (period 8 s; hot 2.4 s; cold 1.6 s),
and 2592-4080 s (period 10 s; hot 3.3 s; cold 1.7 s).

The transfer line was held at 280°C and the ion
source at 250°C. Electron ionization (EI) at 70 eV
was used. Total ion current (TIC) data were col-
lected over m/z 29-800 at 200 spectra s~!.
The acquisition delay was 500 s, and the detec-
tor voltage was set 200 V above the tuned value
to enhance sensitivity.

S1.2 Compound Peak Detectors

We locate the characteristic peak of each com-
pound using an annotated 4D-C dataset of 40 indi-
viduals (504 total samples) from [3, 5]. Although
we train our compound-peak detectors on a small
annotated set, we subsequently rectify the entire
Human Scent Dataset (Sec. 4 of the main paper)

using these learned detectors, eliminating the need
for extensive annotation by chemical experts.
To align the spectral resolutions, we quan-
tized the high-spectral-resolution measurements
to match the dimensions of the low-spectral-
resolution data. We then stored the detected peak
positions and applied the registration procedure
to each channel representation using these stored
positions.

S1.2.1 Chemical Compounds Being
Detected

In the registration step, we followed [3]
exactly. We used the set of 22 chemical com-
pounds from the paper and also experimented
with the addition of two more compounds, Hepta-
cosane and Nonacosane. See the list of compounds
in Table S1. Note that a standardized mass spec-
trum of all listed compounds is available in public
databases.

Compound

Tetradecane, 1-chloro-
2,5-pyrrolidinedione, 3-decyl-
2,5-pyrrolidinedione, 3-dodecyl-
2,5-pyrrolidinedione, 3-tetradecyl-
2,5-pyrrolidinedione, 3-hexadecyl-
Squalene

Cholesterol

Cholesta-3,5-dien-7-one
Cholest-4-en-3-one

10  Cholesta-4,6-dien-3-one

11  Hexadecanoic acid, dodecyl ester

12 9-Hexadecenoic acid, tetradecyl ester
13  Hexadecanoic acid, tetradecyl ester
14  9-Hexadecenoic acid, hexadecyl ester
15  Hexadecanoic acid, hexadecyl ester
16  9-Hexadecenoic acid, octadecyl ester
17  Hexadecanoic acid, octadecyl ester
18  1-Dodecanol

19  Dodecane, 1-chloro-

20 Dodecanamide, N-allyl-

21  Fumaric acid, 2-dimethylaminoethyl heptyl ester
22 Cholesta-3,5-diene (isomer 2)

© 00O Utk WN - B+

23  Heptacosane
24 Nonacosane

Table S1 List of compounds used for registration in our
experiments, following [3]. The first 22 compounds
correspond to the set actually used for registration in [3].
Heptacosane and Nonacosane were only mentioned in the
original paper but not used there; in our experiments, we
evaluated both the 22-compound and 24-compound
variants. Reproduced from the conference version (8]



S1.2.2 Bounding Box Constraint

Many compounds share similar mass spectra
(Fig. 1 of the main paper), so positional cues
are crucial as discussed in [3]. We restrict
the search for compound ¢ to a bounding box
around its average position u.:

BBox(t,,w,h) = {u eN: ’HLC — u1| <73,

|ﬂ27c —U2| < %}
(S1)
where Q = {1,...,H} x {1,...,W} is the pixel
grid, and w, h are the bounding-box dimensions.

S1.2.3 Weighted Cosine Peak Detector

Cosine similarity alone can yield spurious
matches. To reduce those, we apply a spatial
penalty that was presented in [3]:

A Ceos(Ue,Se)
ucCOS cH e — arg max

[cos(?c, Su)
ueBBox(u.)

—p(ﬁc,u)].
where
p(ue, u) = ([ur,ec—ui| + 6[u2,c— Uz\)4-

The exponent (-)* strongly penalizes large devi-
ations, and the factor of 6 accounts for typi-
cally wider shifts along the first chromatographic
dimension. This detector thus prefers spectra near
1, that match 5.

Cosine similarity measures the angular align-
ment between two spectra, making the approach
invariant to absolute intensity scaling.

S1.2.4 Fully Convolutional Network
(FCN) Peak Detector

A fully convolutional network (FCN) that
was shown in [3] predicts class likelihood at each
pixel. Let . be the set of pixels classified
by the FCN as belonging to compound ¢. We com-
bine the FCN prediction with cosine similarity:
ﬁECN(u’S)j"S = arg max (FCN(u, s)

ue,

+ cos(3,, su)>.

In both detectors, the final peak location
is the pixel u that maximizes the respective score.

S1.3 Canonical Frame Registration

As noted in [3], “variations in instrument condi-
tions (e.g., temperature changes, aging, injection
timing) shift compound retention times and lead
to misalignment of GCxGC-ToF-MS measure-
ments.” Canonical-frame registration was there-
fore considered a key step in their process-
ing pipeline. We reimplemented the procedure
introduced in [3] and conducted experiments
with and without registration to assess its impact
in our setting.

Let R™f = {c1, ca,...} denote the set of refer-
ence compounds. For each ¢ € R™, let u, € R?
be the reference location and s™f the correspond-
ing mass spectrum.

In each human scent sample
(GCxGC-ToF-MS measurement) S, we first
detect the occurrences (see Sec. S1.2 for detectors
description) of a fixed set of reference compounds
(see Sec. S1.2.1 for the list). This set corresponds
to the compounds that were reported as consis-
tent across samples in [3]. For each compound

¢ € R we obtain its detected position ués) € R?
and corresponding mass spectrum sg‘s).
Let
urcf _ {uc | ce Rrof}
denote the reference locations. Given the detected
positions

U = {ug‘s) | c € R™},

we construct a Delaunay triangulation of U(S).
Each resulting triangle is then mapped to the tri-
angle formed by the corresponding points in
U™, For each triangle in the Delaunay triangu-
lation, we compute a local affine mapping that
transforms the detected vertices ug),ug),ug)
of sample S to the corresponding reference ver-
tices u,, u.,,Uc,. A point u'®) in the measured
sample is first expressed in barycentric coordinates

(A1, A2, A3) with respect to (uﬁf),ug), ugf)),

u® = Alug‘f) + ,\ng? + A3u§f>,
A1+ A2+ A3 =1,
Ai > 0.



The canonical position u is then obtained by map-
ping the same barycentric coordinates to the ref-
erence triangle,

u = AU + AU, + Agu,.

Finally, the entire human scent sample is inter-
polated on the transformed mesh using piecewise
linear interpolation, yielding the canonical frame
representation.

This process allows comparison of scent sam-
ples taken under different conditions as was intro-
duced in [3].

S1.4 Channel Representation
Learning

To obtain a compact channel representation
of the high-resolution mass spectra, we learn
the parameters of the kernel bank by reconstruct-
ing the original spectral intensities. The following
describes the reconstruction model and the corre-
sponding training objective.

Model.
N(u)

For a pixel u with spectrum {(mn u, Inu)}neq s
we approximate intensities with kernel basis &
and Ck,u

C
I =Y Crouk(mnu; k). (S2)
k=1

Objective.

Parameters {ay, 0 }$_, are learned by minimizing
the weighted MSE over training pixels €2:

N(u)
1 - 2
E=Y 3 —(hw—1ua)’  (S3)
ue) n=1 nu
We use either uniform wyq = 1

or inverse-intensity

Wpu = max(IQ/100, In’u), Io = max I 4.

ue, n
(54)

After training, {ay,0;} are frozen and reused
for all pixels.

S1.5 Triangular Kernel Function
For Channel Representation

In addition to the Gaussian kernel function intro-
duced in Sec. 3.2 of the main paper, we experi-
mented with triangular kernel

o |mn - Mk’| ,0)

KA (mn; B wk) = max(l
Wi

)

a piecewise linear function whose half-width
wy > 0is learned. In this case, the kernel centers
W are set using the same heuristic as in Sec. 3.2
of the main paper.

We apply a 10-fold cross-validation
on the dataset of 2528 samples by 497 x 2000
retention times by “number of spectral sam-
ples”. For the Triangular kernel, we again
minimize the weighted reconstruction error FE
(S3) using stochastic gradient descent and com-
pare two weight schemes: uniform weighting
and inversed-intensity weighting (S3).

c=3 Cc=5 c =10 C =20

6.3-1078 1.4-1077 4.5-1077 3.9.10°8
51-107¢ 1.7-107% 5.1-10=7 8.0-10°7
2.7-107% 1.7-107% 25-107° 2.1-10"°
AT 15-100% 15-100% 1.6-107* 1.0-10°6

PaQ|=
c=ale

Table S2 Mean squared reconstruction error

of channel representation with C kernels over 10-fold
cross-validation of Human Scent Dataset (Sec. 4

of the main paper) with two kernel types x (Gaussian
kernel G and Triangular kernel A) and two weight
types (uniform U and inversed intensity I). Reporting
only p. Reproduced from the conference version [8]

The results are presented in Tab. S2.
The reconstruction error of triangular kernels
is &~ two orders of magnitude higher than
the error of Gaussian kernels. We attribute this
to the higher expressiveness and smoother approx-
imation capability of the Gaussian kernel. There-
fore, all results in the main paper are reported
using Gaussian kernels.

S1.6 Architecture of Custom CNN

As a custom-designed feature extractor, we intro-
duce a compact convolutional network, to realize
the embedding function f. The model comprises
three modules: (i) a convolutional backbone, (ii)



Threshold T¢eat

Metric not set Tfeat = 0.1 Tfeay = 0.5
o FEuclidean 62.1+6.5 49.6+3.3 49.24+2.6
3 Pearson 57.7+£74 56.2+6.7 55.2+4.2
Spearman 79.3+£6.2 56.1+52 548429
o r~ Euclidean 13.7+93 574+20 3.7+1.6
@ B Pearson  10.8+£9.7 98449 6.6+2.1
& » Spearman 42.0+£12.6 58435 14+20

Table S3 Cross-validation Area Under ROC Curve
and TPRQ5%FPR of baseline method developed by
analytical chemists [1] on 4D-C dataset [3] Reproduced
from the conference version [§]

a down-sampling stack, and (iii) a residual MLP
head.

Backbone consists of three stages, each fea-
turing: (i) a 2D Convolution block with a kernel
2 x 8, stride (1,2), and padding (0, 1), (ii) a Resid-
ual 2D Convolution Block that enhances feature
propagation, and (iii) dropout layers with proba-
bilities scaled by the dropout strength (i.e., 0.1,
0.2 and 0.3).

Down-sampling Module applies four sequential
2D Convolution block layers using a 5 x 5 kernel,
stride 2, and padding 1, each followed by dropout
at 0.3x dropout strength to progressively reduce
spatial dimensions.

Residual MLP Head maps the high-
dimensional feature vector, the flattened
down-sampled features, to the desired space rep-
resentation, with an additional dropout of 0.5x
dropout strength to mitigate overfitting.

(Residual) 2D Convolution Block sequentially
applies a 2D convolution, 2D batch normalization,
a ReLLU activation, and dropout. In its residual
variant, the block adds the input element-wise
to its output. When the input and output chan-
nel dimensions differ, a depth-wise 2D convolution
is optionally applied to the input to ensure proper
dimensionality alignment.

S1.7 Evaluation of Baseline Method
Developed by Analytical
Chemists

The full results of the experiment from Sec. 3.3.1
of the main paper are presented in Table S3.

S1.8 Evaluation of Deterministic
Descriptors

In this section, we evaluate three determinis-
tic feature descriptors, LBP, HOG, and SIFT,
and systematically analyze how their hyperpa-
rameter configurations influence verification per-
formance. Detailed results are reported in Table
S4.
For LBP, we vary the neighbourhood radius,
r € {1,2,3}, and examine both the basic (default)
and uniform mapping schemes. The resulting fea-
ture embedding vector is a normalized histogram
over the LBP codes.
¢ Basic / default mapping. The full P-bit
code obtained by thresholding the P neigh-
bours against the centre pixel is retained
unchanged, producing a histogram with 2°
bins [4]. This variant preserves maximum
detail but yields a high-dimensional, poten-
tially sparse representation.
® Uniform mapping. Codes that contain
more than two circular bit transitions 0 <>
1 are merged into a single “miscella-
neous” class, whereas the 58 uniform pat-
terns (for P=8) remain distinct. The result-
ing 59-bin histogram reduces dimension-
ality by a factor of approximately seven
and is empirically more robust to noise
and small rotations.
For HOG, the feature embedding is a flat-
tened vector formed by concatenating contrast-
normalized histograms of gradient orientations
computed across the image. We systematically
vary three hyperparameters:
e Cell size. Each cell is a square patch of either
8 x 8 or 16 x 16 pixels in the input image.
® Number of orientation bins. The his-
togram can contain 6, 9, or 12 equally spaced
bins.
® Block geometry c. For contrast normali-
sation, neighbouring cells are grouped into
rectangular blocks of either 2x 2 or 3 x 3 cells.
For SIFT, we vary four key hyperparameters
while maintaining the default number of lay-
ers per octave (3). The final feature vector
is constructed by computing the mean of all
local 128-dimensional SIFT descriptors, resulting
in a fixed-length global representation. Specifi-
cally, we explore the following hyperparameters:



Ccos (ﬁm gc)

FON(u, 5)os

parameters no registration R(22)

R(24)

R(22)

R(24)

01 62 63 64 AUC TPRQ@5% AUC TPRQ@5%

AUC

TPRQ@5%

AUC TPR@5%

AUC

TPRQ@5%

8x8 3x3
8x8 2x2
16x16 3x3

6 72.44+7.3 39.6£8.1
6
6
8x8 9 3x3
6
9
9

73.0£6.6 39.1£7.8
71.0£8.1 40.5+8.4
72.2+£7.9 39.4£8.0
71.4+£7.6 39.1£78
729+£7.1 385+7.5
71.2+£8.5 40.1£8.3
72.6+£7.4 38.0£7.5
72.0£8.2 39.1£7.9
71.8+£7.8 388£7.7
71.3+£8.6 39.9+8.3
71.8+£8.0 38.6£7.7

74.3+£7.2
73.4+6.5
74.2+7.8
73.9£7.9
73.5+7.5
73.3+7.1
73.9+8.2
73.1+£7.4
73.8+8.1
73.5+7.8
73.8£8.3
73.5+£7.9

39.1£7.8
38.9+7.6
39.8+8.1
38.8+8.0
39.1£78
38.2+7.5
39.5+8.1
37.7x7.7
38.6 8.0
389+£7.9
39.3+8.0
389+£7.9

16x16 2x2

Q 8x8 2x2
T 16x16 3x3
8x8 2x2
8x8 3x3
16x16 9 2x2
16x16 3x3
16x16 2x2

74.4+7.3
73.51+6.6
74.3+7.9
74.0+£7.9
73.6+£7.5
73.3+£7.2
74.0+8.3
73.2+7.5
73.9+8.2
73.5+7.9
73.9+8.4
73.5+8.0

39.3+£7.7
38.9+7.7
39.9+8.2
39.3+8.1
39.2+£78
385+7.8
39.6 £8.2
38.1£7.8
39.0+£8.2
39.1£8.0
39.5+£8.2
39.1£8.0

75.8+4.333.0£7.2
75.3+£3.6 31.9+£6.8
75.2+4.533.0£7.1
76.0+£4.933.4+£7.2
75.3+4.332.0£6.8
75.7+4.0 32.2+£6.8
75.2+4.933.1£7.0
75.7+4.3 32.5+£6.8
76.0£5.133.8+£7.3
75.6+4.532.0£6.8
75.2+5.133.5+£7.1
75.6£4.732.5+£7.0

76.6 4.5
76.2+£3.7
75.8 £4.8
76.7£5.0
76.2+4.5
76.5+4.2
75.8+£5.2
76.6 4.5
76.7+£5.3
76.4+4.8
75.8£5.3
76.4+4.9

33.1£7.1
31.8£7.1
32.8+7.1
33.5£7.1
31.7+£6.8
32.2+6.9
33.2+£7.2
32.7£6.8
33.8+£7.1
32.1+£6.7
33.5+£7.1
32.3+£6.7

78.1+£3.2 15.8+2.2
u 76.9+£2.9 17.6+£2.3
u 70.0£3.3 19.8£2.2
u 67.8+£3.4 20.1£2.9
d 71.2+4.9 16.4£3.1
d 67.6+£2.8 13.2+1.4

77.1+£2.8
75.7£3.1
72.8+3.4
70.9+2.9
70.0+5.1
65.6 £2.9

15.84+2.2
18.9+3.2
20.8+3.1
20.9+3.0
16.8 3.2
123+1.1

LBP

77.1+£2.8
75.7+£3.2
72.9+3.4
71.0+3.0
70.0+5.1
65.7£2.9

15.5+2.1
19.0£3.3
20.7+£3.2
21.1+£3.1
16.7+3.2
1244+1.0

75.6+£3.016.2+£2.0
76.8+£4.022.4+4.3
73.1+£5.0 22.2+£3.7
71.3+£5.221.3+£3.6
64.3£4.015.9£2.0
61.3+£3.311.6+1.2

75.9£3.0
78.1+£4.3
73.7£5.5
71.1+5.8
64.3£3.8
61.4+3.4

16.0+2.4
22.9+4.9
21.9+4.1
20.9+£3.9
159+1.9
109+1.6

1.6 64.1+£4.6 15.3£3.6
1.6 64.1+£4.6 15.3+3.6
1.261.2+5.6 14.7£3.9
1.261.2+5.6 14.7£3.9
1.6 53.2+£5.8 12.3+£3.8
1.6 53.2+£5.8 12.3£3.8
1.660.1£7.3 17.2£5.3
1.660.1£7.3 17.1£5.3
1.263.7£7.2 17.9£5.2
1.263.8+£7.1 17.8+£5.2
1.266.6+£6.0 18.6+5.3
1.266.6+£6.0 18.5+5.3
1.255.0+£5.8 13.2+3.4
1.255.0+£5.8 13.2+3.4
1.6 56.7+£8.1 17.1£5.5
1.6 56.7+£8.1 17.1£5.5

63.8+£4.1
63.8+4.1
61.1£5.0
61.1£5.0
59.2+£5.3
59.2+£5.3
59.1£7.3
59.2+£7.3
60.1£7.3
60.7£7.2
58.7£7.0
58.7£7.0
57.4+£5.5
57.4+£5.5
56.1£7.3
56.1£7.3

15.5+4.0
15.54+4.0
14.94+4.2
14.94+4.2
14.44+3.2
14.4+3.2
16.8+5.5
16.6 5.3
16.8 +4.8
16.8 £4.7
16.8+5.2
16.8+5.1
13.6+3.6
13.6+3.6
16.7+5.2
16.7+5.2

0.01
0 0.01
0.01
0 0.01
0.04
0 0.04
0 0.01
0.01

63.4£3.9
63.4£3.9
60.8£5.1
60.8£5.1
59.1£5.2
59.1£5.2
589+7.4
59.0£7.4
60.1£7.3
60.6 £7.2
58.5+£6.9
58.51+6.9
57.2+£5.7
57.2+£5.7
56.0£7.4
56.0£7.4

15.1+3.8
15.1+3.8
14.6 £4.0
14.6+4.0
14.5+3.3
14.5+3.3
16.8+5.2
16.6 £5.1
16.7+4.8
16.7+4.7
16.3+£5.1
16.3+5.0
13.4+£34
13.4+3.4
16.5+5.1
16.5+5.1

59.0+£6.7 13.4+£4.0
59.0+6.7 13.4+£4.0
56.7+£6.6 12.3+4.1
56.7+6.6 12.3+4.1
56.1+£7.513.9+£4.2
56.1+£7.513.9+4.2
58.8+7.0 15.5+4.6
59.2+7.0 15.5+4.6
61.4+£6.715.4+4.1
62.7+£6.7 16.5+4.9
58.4+7.215.1+£4.8
58.5+7.215.0£4.7
54.6£7.212.5£3.7
54.6+7.212.5+£3.7
55.6+7.315.4+4.8
55.6+7.315.4+4.8

58.2+6.4
58.2+6.4
56.6 +6.2
56.6 +6.2
55.5+7.1
55.5+7.1
59.4+6.9
60.1£6.9
62.1£6.4
63.8+6.5
58.5+7.2
58.8+7.2
54.4+6.8
54.4+6.8
56.1+7.4
56.1+7.4

13.1+4.0
13.14+4.0
12.5+3.8
12.5+3.8
13.3+4.1
13.3+4.1
15.6+4.7
16.1+£5.0
15.8+3.8
17.44+4.9
15.5+4.8
16.0+5.0
12.6+4.1
12.6+4.1
16.2+5.5
16.2+5.5

% 85.8+£5.139.0+11.8 88.0+3.148.3+9.2 88.0£3.6 50.5+10.587.9+3.549.1+8.9

87.4£2.9

50.2+9.1

Table S4 Validation AUC and TPRQ5%FPR for non-registered and registered data and LBP, HOG, and SIFT
descriptors, and our custom CNN using single-channel data and 10-fold cross-validation. Results are reported as mean +
standard deviation across folds. Best AUC in bold, best TPR@5%FPR in italic bold. Parameters: LBP: 6, = radius, 2 =
method (u = uniform, d = default); HOG: 6; = pixels per cell, 82 = number of orientation bins, 83 = cells per block;
SIFT: 61 = number of features, 62 = contrast threshold, 63 = edge threshold, 84 = sigma. Reproduced from the

conference version [8]

e Number of features n € {0, 1000}. This
parameter specifies the maximum number
of keypoints retained after detection; n=0
disables the cap, whereas n=1000 limits
the descriptor set to the 1000 strongest
responses.

e Contrast threshold f € {0.001, 0.04}.
Filters out weak features in semi-uniform
regions.

¢ Edge threshold e € {10, 20}. Filters out
edge-like features.

S1.9 Comparison of High-
and Low-resolution Mass
Spectrometers

evaluate

our custom

CNN

We separately
on the high- and low-resolution subsets of HSD
(Sec. 4 of the main paper). For each detec-
tor, identity- and gender-aware folds are used,
containing only samples from that detector.
The cohorts are not identity-paired (only 3 identi-
ties overlap). High-resolution results are reported
as u + o over 10 folds; low-resolution rows report
A = liow — Phigh (with o omitted). See Table S5.



Ccos (ﬁc,gc)

FCN(u, 8)dos

no registration R(22)

R(24) R(22) R(24)

k w C AUROC TPR  AUROC

TPR AUROC TPR AUROC TPR AUROC TPR

High-resolution time-of-flight mass spectrometer Pegasus@® BT 4D

custom CNN G I 3 89.2+£3.6 57.24+8.0 90.8+£3.4 57.1£9.6 91.0£2.8 58.7+£8.4 80.6+5.1 37.849.4 80.94+5.3 35.849.0
custom CNN G I 5 88.5+£3.5 54.6+6.3 86.6+4.3 51.9£6.3 87.4+£4.1 52.0+6.8 77.7+4.3 34.1+7.7 78.3+£4.7 33.3+10.1
custom CNN G I 10 89.3£3.9 54.9+9.0 89.4%+2.2 55.4+6.2 89.6£3.1 55.945.8 79.0+4.3 35.4£14.0 80.5+5.0 37.6+10.4
custom CNN G I 20 92.31+2.7 65.4+8.3 91.7+2.6 62.7£8.5 92.1£2.4 62.14+7.6 84.94+5.0 44.3£11.4 83.1+£4.9 41.84+11.2
custom CNN A I 3 90.4+2.5 56.8+10.5 89.0+3.3 53.54+11.6 89.0£3.1 53.7+£8.6 82.2+4.4 38.6+10.9 82.14+4.4 37.848.8
custom CNN A I 5 90.0£4.6 61.0£12.3 90.4+3.0 58.8£8.5 89.6+£3.4 57.9£10.5 82.1+4.2 40.3£5.0 82.5+4.5 40.1+5.8
custom CNN A T 10 92.3+2.8 62.5+£11.4 89.7+4.6 59.6+£8.9 89.9£4.8 58.8410.2 83.3+4.6 43.3+£8.6 83.0£4.9 40.2+10.8
custom CNN A T 20 91.0£2.6 59.9+6.5 91.3+2.4 58.2+6.5 91.24+2.6 59.848.4 81.9+4.1 38.6+9.7 81.6+4.5 37.44+9.6
custom CNN — — 1 90.8+£3.7 59.6£8.3 91.2+2.7 59.6£8.5 91.2£2.9 59.7+£7.3 82.7+4.8 39.64+9.3 82.845.2 40.94+7.9

Low-resolution time-of-flight mass spectrometer Pegasus®) 4D-C

(A = piow — fhigh; o omitted)

custom CNN G I 3 -10.9 -22.4 -12.4 -22.9
custom CNN G I 5 -10.5 -21.6 -9.9 -19.7
custom CNN G I 10 -104 -17.7 -10.9 -19.6
custom CNN G T 20 -12.5 -27.8 -12.2 -26.0
custom CNN A I 3 -29.0 -35.1 -27.4 -35.0
custom CNN A T 5 -15.3 -30.8 -17.4 -29.8
custom CNN A [ 10 -14.7 -28.3 -13.3 -27.9
custom CNN A T 20 -12.7 -24.8 -12.0 -22.1
custom CNN — — 1 -11.9 -22.7 -12.7 -23.4

-11.5 -22.9 -4.8 -7.4 -3.8 -4.7
-10.9 -19.8 -3.9 -5.6 -4.4 -4.0
-11.4 -20.8 -1.8 -1.9 -2.9 -4.4
-11.1 -24.1 -6.9 -10.9 -4.7 -7.9
-27.0 -36.2 -20.7 -23.2 -21.2 -21.6
-16.5 -28.9 -10.6 -14.2 -10.9 -12.3
-12.5 -25.8 -9.5 -14.7 -8.0 -11.5
-12.1 -23.3 -5.4 -6.7 -3.4 -4.4
-12.6 -22.3 -6.1 -5.7 -5.6 -6.9

Table S5 Comparison of high- and low-resolution mass spectrometry detectors. AUROC and TPRQ5%FPR results are
reported for five spatial-alignment strategies applied to the channel representation (Sec. 3.2 of the main paper) of 2D Gas
Chromatography Mass Spectrometry measurements from Human Scent Dataset (Sec. 4 of the main paper). For the
high-resolution detector, results are reported as u & o across 10 folds; low-resolution rows report A = pjow — fhigh
(negative values in red; o omitted). TPR denotes TPR@Q5%FPR. Identity verification is performed using a
custom-designed Convolutional Neural Network (CNN). Registration uses the weighted-cosine ccos(Ue, Sc) and fully
convolutional FCN(u, s)d5s compound peak detectors introduced in [3], using 22 and 24 detected compounds. Gaussian kg
and triangular kA channel-representation kernels are used with inverse-intensity I weighting, with C' € {3, 5, 10,20}
channels. In addition, C' =1 denotes the single-channel representation obtained by summing intensities across all m/z

values. Reproduced from the conference version [8]

Discussion.

On Pegasus® BT 4D (high-res), the best
configuration achieves 92.3+2.7 AUROC
and 65.4+8.3 TPR5%FPR with G,I,C=20;
A, I,C=10 is comparable (92.3+2.8/62.5+11.4).
Increasing C helps up to 10 — 20; a single
summed channel (C=1) 1is already strong
(91.2 + 2.9/59.7 £+ 7.3), so multi-channel yields
modest gains. Registration via R(Z? or R(ZY
does not improve over no registration (differences
within o), and the FCN-cosine variant is con-
sistently lower (= 8 —10 AUROC and ~ 20—24
TPR points behind across C). Relative to these
high-res means, Pegasus®) 4D-C (low-res) shows
uniformly negative deltas; for G, I, C=20 the drop
is —12.5 AUROC / —27.8 TPR, with the largest
declines at small C' and A kernels (e.g., C=3:
—29.0/ — 35.1).

Overall, high-resolution appears more suit-
able for custom CNN; however, because cohorts

are not matched, a within-subject paired acquisi-
tion (matched-pairs) study — measuring the same
identities on both instruments under identical
protocol and timing — is required to attribute
differences to detector resolution rather than
cohort/batch effects.

Detector Total Number of samples per identity

resolution num. n min max avg median
low 1341 116 1 76 11.6 10
high 1187 139 2 34 8.5 9

Table S6 Statistics of detector-specific subsets of
Human Scent Dataset. Pegasus@®) 4D-C is the
low-resolution detector; Pegasus@ BT 4D is the
high-resolution detector. Columns: dataset name,
number of samples, number of identities n, and
per-identity counts (min, max, mean, median).
Reproduced from the conference version [8]



S1.10 Regularization and Data
Augmentation

To improve generalization under limited data,
we regularized the custom CNN with dropout.
In the Backbone, dropout (0.05) was applied
in the second and third stages. In the Down-
sampling Module, dropout rates of 0.1 and 0.15
were used in the early and late convolutional
blocks, respectively (see Sec. S1.6).

We applied random  Gaussian noise
to the input data during training across all mod-
els for identity verification. The noise was added
independently to each sample by scaling normally
distributed random values with the correspond-
ing percentage of intensities. Exactly, for each
encoded measurement C, we generated noise
e ~ N(0,1) of the same shape and scaled it
element-wise as € - (74 - C) where 7, controls
the relative noise level. In all our experiments, we
used vy = 0.1.

We employed channel-wise brightness augmen-
tation during training. For each encoded mea-
surement C, the brightness in every channel k
was randomly scaled by a factor upp ~ U(1 —
Vb, L +75) where 73, controls the maximum relative
change. In all our experiments, we fixed v, = 0.1.

We further applied channel-wise contrast aug-
mentation during training. For each encoded mea-
surement C, the mean intensity of each channel
C), was first computed as Cj, = ﬁ > uea Crus
where Q denotes the set of all pixels in mea-
surement C. The contrast in channel k was then
randomly scaled by a factor pe. ~ U(1—~e, 14+7¢)
and applied as C;c,u = (Cku — Ck)pte + Ck where
v. controls the strength. In all our experiments
Y. = 0.1.

S1.11 Complete Results of CNIN
Embedding Encoders

In this section, complete results of experiments
with CNN embedding encoders are presented
in Table S7.

S1.12 Alternative Correlation-Based
Representations

In this section, we investigate whether iden-
tity information can be captured from relations
between spectral responses rather than from their
absolute intensities.

All correlation-based representations are com-
puted from log(1+x)-transformed intensities using
Pearson correlation, implemented as the dot prod-
uct of mean-centred, ¢s-normalized profiles; con-
stant or empty profiles yield zero correlations,
while the diagonal of the spatial m/z representa-
tion stores normalized total m/z abundance.

“CNN”, “ResNet”, and “Small CNN” denote
custom convolutional encoders of different capac-
ities. CNN wuses three to five Conv—BN-ReLU
stages, with residual blocks where applicable, fol-
lowed by concatenated global mean and maximum
pooling. ResNet uses four residual stages. Small
CNN uses a 1 x 1 input projection to 16 chan-
nels, followed by three stride-2, 3 x 3 convolutional
blocks with 32, 64, and 64 channels. All encoders
produce a 256-dimensional embedding and are
randomly initialized and trained from scratch.

All encoders are trained using cosine-softmax
identity classification with scale 24 and label
smoothing 0.1, and verification uses cosine sim-
ilarity between normalized embeddings; all pro-
jections are fitted separately within each outer-
training fold, excluding outer-test identities and,
for identity-aware projections, inner-validation
identities.

S1.12.1 Gram-Based Representations

We first represent each measurement by a corre-
lation Gram matrix and use the resulting matrix
as input to a CNN classifier. We consider two com-
plementary constructions that capture relations
along either the temporal or the m/z dimension.

In the Temporal Gram representation, the raw
binned mass spectra are grouped into P predefined
temporal blocks; we use P = 256 in all experi-
ments. The spectra within each block are aggre-
gated into a single m/z spectrum, and pairwise
correlations are computed between all block spec-
tra. This yields a P x P matrix whose entry
(i,7) measures the similarity between the spectral
compositions of temporal blocks i and j.

Conversely, the m/z Gram representation cap-
tures relations between individual m/z bins. Each
of the 1174 bins is represented by its intensity pro-
file across the measurement, and pairwise correla-
tions between these profiles produce a 1174 x 1174
matrix. We consider profiles constructed either
from the 256 block-averaged spectra or directly
from all available spectra.



Ccos(ﬁc,gc) FCN(U, S)éz)s
no registration R(22) R(24) R(22) R(24)
k w C AUROC TPR AUROC TPR AUROC TPR AUROC TPR AUROC TPR

custom CNN G U 3 88.3£3.8 52.4£9.3 87.244.2 47.14+8.0 87.31+3.5 48.6£7.1 84.6+4.5 42.946.8 83.4£4.5 40.5£7.8
custom CNN G U 5 89.0£2.6 50.4£8.7 88.0£3.5 50.7£7.9 87.243.2 50.2+6.7 85.8+3.4 46.54+5.5 84.4£3.7 41.1+£6.2
custom CNN G U 10 88.7£3.9 53.7£9.7 86.2+4.2 46.0+10.0 85.844.2 43.6+£9.2 82.24+5.2 38.24+8.6 83.2+£5.1 39.24£8.5
custom CNN G U 20 89.0£3.7 53.1£7.1 87.543.9 49.0£6.6 87.943.0 50.3+£6.6 84.943.9 43.61+5.6 84.2+4.8 43.4+£7.1
GoogLeNet G U 3 87.1£3.2 43.946.9 86.5+4.0 44.4+7.7 86.64+3.7 43.8+£7.7 84.1+4.4 34.948.6 84.8+4.3 35.6+£9.4
Inception-v3 G U 3 86.0£3.5 40.2£5.6 85.5%3.3 39.245.0 85.543.5 40.2+5.1 83.5+3.9 32.846.8 84.0£4.0 34.3£9.1
ResNet-101 G U 3 85.5£3.2 39.1£8.2 85.4%3.3 37.0+4.6 85.54+3.5 37.5+£6.4 84.3+4.0 33.1+6.6 84.7£4.4 33.5+£8.7
ResNet-18 G U 3 87.4+£3.2 43.3£6.5 86.6+3.1 40.6+5.9 86.943.0 41.1+£5.9 84.7+4.0 33.6+7.3 85.2+4.1 33.5+£7.7

3

3

VGG16 GU 75.0£7.6 46.6+12.2 78.3+9.8 41.949.4 78.449.9 42.248.9 73.847.4 27.6£11.2 73.84+7.7 26.6%8.2
custom CNN G 1 84.247.8 44.6£13.7 88.2+2.9 50.8+5.1 86.7+3.9 46.8+8.0 84.0+4.5 40.5+£5.6 83.845.1 40.0£7.8
custom CNN G 5 89.5+£3.4 53.3£8.3 88.3%£3.4 51.3£6.5 88.4%3.4 50.7+6.7 85.6+4.4 43.5+7.5 85.4£3.8 43.9+6.2
custom CNN G I 10 83.6£5.2 38.94+12.2 87.0+4.1 43.24+8.4 84.545.2 41.6£8.7 83.0+4.7 36.849.8 83.3£4.9 39.5+£8.3
custom CNN G I 20 84.7£4.1 48.1£3.4 87.1£2.9 49.54+5.8 86.14+4.7 48.1+£5.5 88.5+1.1 53.64+2.3 87.0£4.1 46.2+1.7
GoogLeNet G 87.94+3.5 46.8+7.7 86.8+3.9 44.3+8.4 86.7£3.4 44.7+7.5 85.0+£3.8 35.2+8.9 84.9+4.1 36.1+10.3
Inception-v3 G 85.44+3.5 43.0+9.0 84.3+3.6 39.8+5.6 84.5+3.7 40.6+6.2 82.6+£3.9 32.4+9.1 82.84+3.7 33.6+10.8
ResNet-101 G 86.31+4.1 41.5+£11.4 86.0+4.2 38.5£8.7 86.5+4.1 40.6+7.7 84.5+£4.7 35.3£8.7 84.9+4.4 35.249.1
ResNet-18 G 87.5+3.9 44.9+8.8 87.3+3.5 42.9+5.2 86.9+3.2 41.94£5.9 85.2+3.8 36.1+£7.1 85.5+4.3 36.2%8.2
VGG16 G 1I 76.5+£7.3 47.3+£12.9 79.54+9.6 42.9+10.4 79.849.4 42.2+9.4 74.6+7.2 26.24+8.3 74.5+6.9 26.6+6.6
custom CNN A U 3 55.4+4.9 3.44+4.2 55.6+5.3 3.3£4.2 55.7+4.5 3.843.6 55.54£5.0 3.3+3.5 55.6+4.8 3.54+3.9
custom CNN A U 5 55.54+4.6 3.4+4.3 55.6+5.5 3.54£4.3 55.44+4.7 3.44+3.8 54.94+4.4 3.64+3.7 55.0+3.8 3.31+3.8
custom CNN A U 10 55.4+4.7 3.7£4.1 55.3+4.9 3.6+£4.2 54.844.3 3.24+3.9 55.44+4.2 3.94+4.5 55.7+5.1 3.243.7
custom CNN A U 20 55.8+5.7 3.6+4.5 55.1+4.2 3.7£3.8 55.7+5.1 3.844.7 54.84+4.0 3.4+4.2 55.0+4.2 3.443.8
GoogLeNet A U 3 53.0£3.0 1.2£1.7 52.9+2.7 1.24£1.4 53.24+3.3 1.7£2.0 52.9£3.0 1.3+1.6 53.0+3.1 1.3+1.6
Inception-v3 A U 3 56.0£5.4 3.4+4.2 55.9+5.3 3.3£4.2 56.0+5.1 3.6+£3.8 55.6+£5.0 3.24+3.6 55.9+5.3 3.44+4.0
ResNet-101 A U 3 52.8+£2.5 1.2£1.7 52.6+2.3 1.2£1.4 52.64+2.5 1.7£2.0 52.4£2.1 1.3+1.6 56.1£11.1 5.0£11.5

3

3

3

NN NN N NN

W wWwwwww

ResNet-18 AU 3 51.9£1.9 0.7£0.8 51.9+1.8 0.8+£0.9 52.1+2.4 1.24+1.8 51.9£1.9 0.94+0.9 52.1+2.4 0.9+1.2
VGG16 AU 3 524423 1.3+1.7 52.54£2.3 1.24+1.4 52.6£2.9 1.9+1.9 52.44+2.4 1.5+1.5 52.7£2.8 1.4+£1.5
custom CNN A T 83.14+8.4 42.9+13.7 81.0+5.1 35.2+6.8 80.4+4.7 36.2+5.0 78.7+£5.9 31.8+6.6 77.846.1 29.8+7.6
custom CNN A I 5 82.3£7.0 43.5+5.1 85.54+4.1 43.5+7.4 85.443.6 43.9£6.8 80.6+£5.7 34.6+£9.2 77.846.3 27.6+£9.7
custom CNN A ] 10 87.1£1.3 51.3+4.8 86.8+3.7 52.44+5.9 86.31+3.9 50.0+6.8 82.7+£4.9 42.24£84 81.44+5.0 37.0£9.6
custom CNN A I 20 82.3+5.2 37.4£10.5 81.5+3.1 51.3+4.2 87.31+2.5 48.1+5.1 88.1£1.1 51.2£3.5 86.4+2.4 49.1+£3.7
GoogLeNet A I 3 84.0+£3.3 36.4+8.0 84.1+3.8 32.24+6.1 83.943.6 31.5+6.0 82.0£3.2 25.3£7.1 81.7+3.1 23.3£5.3
Inception-v3 A I 3 83.4+3.4 35.7+£8.4 82.54+3.8 28.7£10.3 83.0+3.5 28.4+8.5 79.6+£3.6 24.1£9.1 79.7+3.3 22.7£8.6
ResNet-101 A I 3 86.0+£3.4 40.4+9.7 83.6+2.9 32.54+4.8 83.543.3 32.6+6.0 81.7£1.8 27.2+4.1 81.4+1.9 27.7+4.1
ResNet-18 A I 3 83.5+4.1 33.3+£9.8 83.0+4.3 26.24+9.4 83.04+3.9 26.4+9.5 80.6+£3.9 21.4£7.6 81.0+3.9 21.2£7.9
VGG16 AT 3 77.0£4.6 40.5£6.6 77.4+£3.4 38.1+£5.9 77.4+3.4 38.0£6.0 71.7£2.7 25.1+3.4 70.8+£2.8 25.243.6

Table S7 All cross-validation AUROC and TPR@Q5%FPR results for five spatial-alignment strategies on the channel
representation (Sec. 3.2 of the main paper) of 2D Gas Chromatography Mass Spectrometry measurements on Human
Scent Dataset (Sec. 4 of the main paper). Results are reported as p + o across 10 folds. TPR denotes TPRQ5%FPR.
Identity verification is performed with: (i) a custom-designed Convolutional Neural Network (CNN), and (ii) five
pretrained neural-network backbones: ResNet-18 [2], ResNet-101 [2], VGG-16 [7], Inception-v3 [9], and GoogLeNet [9],
each with an appended and trained projection layer. Registration is performed with the weighted-cosine ccos(Ue,Sc) and
fully convolutional FCN(u,s)&%s compound peak detectors introduced in [3], using 22 and 24 detected compounds.
Gaussian kg and triangular kA channel-representation kernels are evaluated with uniform U and inverse-intensity I
weighting, with C € {3,5, 10,20} channels. Reproduced from the conference version [8]

All variants are evaluated on the full Human The Gram-based representations retain sub-

Scent Dataset using the same 10-fold identity-
disjoint cross-validation protocol as the main
method. For the Temporal Gram representa-
tion, we evaluate both our lightweight CNN
and a ResNet backbone, while the higher-
dimensional m/z Gram matrices are evaluated
using ResNet.

stantial identity information (Tab. S8) but con-
sistently underperform compared to the proposed
representations, suggesting that absolute spec-
tral responses contain complementary discrimina-
tive information that is lost when measurements
are reduced to pairwise correlations.



S1.12.2 Spatial Correlation
Representations

We next investigate correlation-based representa-
tions that explicitly preserve the two-dimensional
chromatographic layout. The motivation is to test
whether identity information is encoded not only
in the spectra themselves, but also in how spectral
responses are related across the chromatographic
plane. To reduce the computational cost, we first
apply spatial binning by aggregating neighboring
raw pixels into 10 x 10 blocks. We consider two
complementary constructions.

The first representation is a t1-column corre-
lation tensor. After spatial binning, each binned
pixel is represented by its aggregated m/z spec-
trum. For each pair of binned #; columns, we
compute Pearson correlations between every pair
of their to-position spectra, producing a full to X to
correlation matrix. Stacking these matrices over
all ¢1-column pairs yields the final tensor.

As a complementary variant, we construct
a spatial m/z correlation representation. Here,
each m/z channel is treated as a two-dimensional
intensity map over the chromatographic plane.
These maps are vectorized over spatial positions,
and pairwise correlations are computed between
all m/z channels. The resulting representation
captures which mass channels exhibit similar spa-
tial distributions, thereby testing whether iden-
tity information is reflected in their spatial co-
occurrence patterns rather than in their absolute
intensities.

Both variants are evaluated on the full Human
Scent Dataset using the same 10-fold identity-
disjoint cross-validation protocol as the main
method. The ¢;-column correlation representation
retains a substantial amount of identity informa-
tion, whereas correlations between spatial m/z
distributions are considerably less discriminative
(Tab. S8).

S1.12.3 Learned projection
for raw-pixel aggregation

We hypothesized that spatial averaging used
in previous representation might be losing some
information. Instead of replacing each raw block
by a uniform average, we learned separable row
and column projections inside each block. There-
fore, simple averaging is just a degenerated case
of this method.

10

Representation Backbone AUROC TPR@5%
Gram-based

Temporal Gram CNN 84.6 +4.2 36.5+10.0
Temporal Gram ResNet 85.9+4.7 404498
m/z Gram (blocks) ResNet 84.6 +6.4 38.9+15.3
m/z Gram (all) ResNet 80.5£6.0 294+83
Spatial correlations

t1 correlation CNN 87.3+3.7 43.0+11.1
Spatial m/z correlation CNN 80.2+4.1 25.6£6.5
Learned projection

Global CNN 85.3+4.6 32.8+8.3
Global Small CNN 82.84+7.8 324+7.3
Block-specific CNN 83.3+6.4 344+£79
Block-specific Small CNN 86.5+3.3 33.7+6.8

Table S8 Performance of alternative correlation-based
representations on the full Human Scent Dataset. Results

are mean =+ standard deviation over 10 identity-disjoint folds.

All values are in percent

We first trained the projection using an
unsupervised objective based on maximizing the
entropy of the resulting representation:

Lo = — 3 logdet (cw(Z) + t<CK<Z>>I>

+ A [Dxkw(allur) + Dk (b||luc)] -

Here, K is the dimensionality of the projected
representation, a and b are the normalized row-
and column-projection weights, and ur and uc
are the corresponding uniform distributions.

We computed covariance either across blocks
within a measurement or across measurements
at the same position. Neither produced a stable
non-trivial solution: weak regularization selected
a single sub-pixel, whereas strong regularization
approached uniform averaging.

We therefore also tested an identity-aware
projection trained to increase between-identity
variability while reducing within-identity vari-
ability. The learned weights were then frozen
and used to construct the same ti-correlation
representation. We evaluated both a global sep-
arable projection shared across all spatial blocks
and block-specific row and column projections.
Although the weights did not collapse, verifica-
tion performance remained below that of the main
multi-view representation (Tab. S8).
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