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Abstract

Confounding factors in olfactory aroma data, such as high humidity levels, substantially affect sensor
outputs, masking subtle volatile organic compound (VOC) patterns and hindering generalizable
machine learning models. Traditional representation learning methods often require large datasets
to mitigate confounder-induced variance, a resource unavailable in specialized sensor applications
with limited data. This study presents Confounder-Invariant Representation Learning (CIRL), a
method designed to mitigate confounding influences in data-scarce settings by leveraging explicit
confounder information, such as relative humidity. CIRL enhances learned representations by reducing
confounder effects, improving data purity and model robustness. Applied to three breath aroma
datasets—acetone, ketosis, and peppermint-oil breath, all affected by high humidity—CIRL was
integrated with standard autoencoder models. Evaluated within the same framework, CIRL improved
generalization performance by 10-15% in classification accuracy across all three datasets. These results
demonstrate CIRL’s potential to advance reliable artificial olfaction for applications like breath-based
diagnostics in challenging real-world conditions.

Keywords: aroma sensors; aroma data; confounder invariant learning; representation learning; scarce
data; relative humidity; deep learning; autoencoders; generalizability

1. Introduction

Digital Olfaction systems are critical for applications such as environmental monitoring, food
quality assessment, and medical diagnostics [1,2]. Typically, Digital Olfaction systems consist of a
sophisticated chemical sensor array (aroma chip) which generates a digital fingerprint for any given
aroma and machine learning models that are trained to interpret it. Much of the aromatic compounds
are made of a mixture of volatile organic compounds (VOCs) and they occur in trace concentrations in
real world applications. A major challenge in digitizing aroma is the impact of confounding factors,
such as ambient temperature, relative humidity (for e.g.~30,000-50,000 ppm in breath aroma), and sen-
sor drift, which substantially affect sensor outputs and obscure the volatile organic compound (VOC)
fingerprints [3,4]. These aroma fingerprint distortions complicate the development of generalizable
machine learning models, particularly in data-scarce settings where collecting large aroma datasets is
costly or impractical [5]. Traditional representation learning methods, such as variational autoencoders
[6,7] and domain adversarial networks [8], aim to uncover latent factors or achieve domain invariance
but often fail to isolate specific confounding factors like humidity, which subtly alter sensor responses
across measurements [4]. This limitation reduces model performance and interpretability in digital
olfaction applications, where distinguishing task-relevant VOC signals from environmental noise
is essential. To address these challenges, this study proposes Confounder-Invariant Representation
Learning (CIRL), a novel disentangled autoencoder architecture designed for chemical sensor array
data. CIRL leverages adversarial learning to separate task-relevant VOC features (e.g.,concentration)
from known confounders, such as humidity, in supervised or semi-supervised settings. By producing
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robust latent representations, CIRL reduces reliance on large datasets, enabling effective training with
limited data. The approach was evaluated on three breath aroma related datasets generated —acetone,
ketosis, and peppermint-oil breath—where high breath humidity poses a significant challenge to
biomarker VOC detection. This framework enhances the reliability of digital olfaction systems for
applications like breath-based diagnostics, where precise VOC analysis is critical [2,9]. By explicitly
addressing confounding factors, CIRL offers a flexible solution for diverse chemical sensing modalities,
paving the way for more accurate and generalizable artificial olfaction in real-world conditions.

2. Related Work

Hamaguchi et al. [10] propose a disentangled representation learning framework using a similarity
loss based on a modified-L2 metric. However, this approach inadequately enforces semantic disen-
tanglement, as noted by Locatello et al. [11], which highlights the limitations of pairwise constraints
without inductive biases. Furthermore, their reliance on Gaussian priors fails to capture complex
latent distributions, a limitation addressed by Rezende and Mohamed [12] through the introduction of
more expressive priors. Our approach resolves these issues by integrating adversarial objectives and
disentangled latent spaces, as supported by Ganin et al. [8], ensuring robust separation of task-relevant
features and confounders.

Sanchez et al. [13] propose a mutual information-based disentanglement method for paired
images, but their reliance on mutual information maximization alone, as in Deep InfoMax’ by Hjelm
et al. [14], struggles to disentangle confounders that non-linearly interact with task-relevant features.
Additionally, their two-stage training process risks residual confounding in shared representations,
an issue addressed by the joint optimization approach in f-VAE [15]. Unlike Sanchez et al., our CIRL
method simultaneously optimizes reconstruction, task-specific, and adversarial objectives, achieving
robust disentanglement across diverse modalities, including sensor data where confounders like
humidity are significant, as demonstrated in Ganin et al. [8].

Denton and Birodkar [16] proposed DRNET, which disentangles video frames into time-invariant
content and time-varying pose using adversarial training. However, its reliance on adversarial
losses exclusively for pose features fails to address entanglement caused by confounders affecting
both content and pose, as noted by Villegas et al. [17] and Mathieu et al. [18]. In contrast, CIRL
explicitly models and mitigates confounders through structured disentanglement and adversarial
debiasing, building on frameworks like Park et al. [19] and Ganin et al. [8], enabling robust task-relevant
representations under environmental noise.

The Vector-Decomposed Disentanglement (VDD) method proposed by Wu et al. [20] uses orthog-
onality constraints to separate domain-invariant (DIR) and domain-specific (DSR) representations,
but orthogonality alone, as highlighted by Locatello et al. [11], is insufficient for disentanglement in
non-linear feature spaces and can retain confounder artifacts. Additionally, the absence of adversarial
mechanisms, emphasized in Do and Tran [21], limits its ability to suppress confounder-specific infor-
mation effectively. In contrast, our CIRL framework integrates adversarial debiasing and disentangled
autoencoders, aligning with approaches like Ganin and Lempitsky [22] and Peng et al. [23], to achieve
robust disentanglement and superior domain invariance.

Cheng et al. [24] propose the Disentangled Feature Representation (DFR) framework to decouple
class-specific features from excursive variations, achieving strong results on image-based few-shot
tasks. However, DFR assumes that class-irrelevant features can be entirely captured by the variation
branch, which fails in scenarios where measurable confounders (e.g., humidity in sensor data) are
tightly entangled with task-relevant features, as noted by Zhang et al. [25] and Ganin et al. [8]. In
contrast, our Confounder-Invariant Representation Learning (CIRL) explicitly integrates adversarial
learning to disentangle and neutralize confounder effects, ensuring robust and generalizable rep-
resentations, particularly in scarce data regimes. Cheng et al. [24]'s DFR decouples class-specific
features, but assumes separable variations, failing with entangled confounders like humidity. CIRL’s
adversarial learning, inspired by [25], neutralizes such effects. Additionally, Invariant Risk Minimiza-
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tion (IRM) [26] and Domain Separation Networks [27] focus on domain shifts, while Variational Fair
Autoencoder [28] addresses fairness, but none target supervised confounder disentanglement in scarce
data as CIRL does.

3. Theoretical Foundation

Digital Olfaction systems must operate with scarce aroma data under the influence of confounding
factors like humidity, developing a robust representation learning framework requires a solid theo-
retical foundation. The Confounder-Invariant Representation Learning (CIRL) framework addresses
this by learning latent representations that disentangle task-relevant chemical features from environ-
mental noise. This section unfolds the theoretical narrative of CIRL, starting with the core challenge
of confounder separation, building through formal definitions and conditions, and culminating in
guarantees of identifiability and generalization tailored to small-scale sensor applications.

Consider a aroma dataset where X € & represents time-series inputs (e.g., impedance responses
from an aroma chip), y € Y denotes task labels (e.g., VOC concentrations), and C € C captures con-
founders (e.g., relative humidity). The joint distribution D = p(X,y, C) often entangles these elements,
obscuring the relevant signal from the VOC mixture . Our goal is to learn a latent representation
Z = (Ztasks Zeonfounder ), Where zyq € Reusk jsolates task-relevant features and Zonfounder € RYconfounder
captures confounder effects, enabling robust predictions even with limited data.

To formalize this separation, we first need to define the information-theoretic tools that underpin
CIRL. Mutual information quantifies the shared information between variables, while conditional
mutual information accounts for dependencies given additional context—both are crucial for disentan-
gling confounders:

Definition 1 (Mutual Information). The mutual information 1(A; B) between two random variables A and B
measures the reduction in uncertainty about A given knowledge of B, defined as:

p(A,B) }
p(A)p(B)]’

or equivalently, I(A; B) = H(A) — H(A|B), where H(-) is the entropy and H(-|-) is the conditional entropy.

I(A, B) = ]EP(A,B) |:10g

Definition 2 (Conditional Mutual Information). The conditional mutual information I1(A; B|C) measures
the remaining mutual information between A and B given C, defined as:

. B p(A,B|C)
1(A;BIC) = Epanc) 198 2 ra1c) (Bl |

or I(A;B|C) = H(A|C) — H(A|B, C), reflecting the dependence between A and B conditioned on C.

With these tools, we can now define what it means for a representation to be disentangled and
identifiable in the context of CIRL:

Definition 3 (Disentangled Representation). A representation z = (2, Zconfounder) is disentangled with
respect to the task and confounders if (I) zyq is sufficient for predicting y, i.e., I(zysk;y) = 1(X;y), where
I(+; ) denotes mutual information. (II) zyag is invariant to C, i.e., I(Zysk; C) = 0. (I1I) Zeonfounder captures the
information in C, i.e., I(Zeonfounders C) = 1(X; C).

Definition 4 (Identifiable Representation). A disentangled representation z = (Zyysk, Zconfounder) is identifi-
able if, given the data distribution D, there exists a unique pair of mappings fone : X — Rtask x R%eonfounder gy
Faec : Rtsk x R eonfounder . 3¢ ( up to permutation and scaling) that satisfy the disentanglement conditions.

To achieve this disentanglement and identifiability, certain conditions must hold. We build on
prior work [29] and adapt it to aroma data scenarios.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Assumption 1 (Conditional Independence). The task labels y and confounders C are conditionally indepen-
dent given the input X, i.e., p(y, C|X) = p(y|X)p(C|X).

Assumption 2 (Sufficient Encoder). The encoder fe. is sufficiently expressive to capture the information in
X, ie., I(fenc(X); X) = I(X; X) [30].

With these assumptions, we can prove that CIRL learns an identifiable representation:

Theorem 1 (Identifiability of CIRL Representations). Under above Assumptions ( Conditional Independence
and Sufficient Encoder), and assuming the confounder predictor h : Riusk — C is trained to optimality, the
CIRL model learns an identifiable representation z = (24, zconfounder) such that: (I) zy,g is invariant to C,
ie., I(zysk; C) = 0. (I1) zyagk is sufficient for y, ie., I(zisi;y) = 1(X;y). (1D Zeonfounder captures C, ie.,
I(Zconfounder; C) = I(X;C).

Proof. The confounder loss

Econfounder = IE(X,C) ~D [gconfounder (C/ h (Ztask) )]

is minimized adversarially by maximizing the error of /. At optimality, i cannot predict C from z,g,
implying I(zisx; C) = 0. This follows from the data processing inequality [31], if /1(z,¢) contains no
information about C, then z,4 is independent of C.

The task loss Liask = E(x )~ [ltask (¥, ¢(Ztask ) )] ensures that zi, retains information about y. By
Assumption 2, the encoder captures all relevant information in X. Since Ly, optimizes c to predict y,
and y is conditionally independent of C (Assumption 1), we have I(zig; y) > I(X;y). The equality
holds when z,¢ is a minimal sufficient statistic for y [30].

The reconstruction loss Lree = Exp[lrec(X, faec(Ztasks Zeonfounder))] ensures that zi,q and
Zeonfounder jOINtly encode all information in X. Since zi,qi is invariant to C, the remaining information
about C must be encoded in zconfounder- Thus, I(Zeonfounders C) = I(X; C) [29].

Identifiability follows from the uniqueness of the decomposition under the conditional indepen-
dence assumption, as shown in [29]. The encoder and decoder are unique up to permutation and
scaling, as the loss functions enforce distinct roles for zi,q and zZconfounder- O

CIRL achieves this separation through a carefully designed optimization process. The total loss
combines multiple objectives:

‘Ctotal = Arecﬁrec + Ataskﬁtask - Aconfounderﬁconfounderr

where the negative L onfounder €nforces adversarial invariance, minimizing I(zgx; C). This ensures
Zask focuses on task-relevant features, while Zonfounder @bsorbs confounder effects, aligning with the
identifiability proof.

This optimization can be understood through an information-theoretic lens, balancing retention
and invariance:

Lemma 1 (Information Trade-Off). The CIRL loss:

Liotal = ArecLrec + Mtask Ltask — )‘confounder’cconfounder

implicitly optimizes the objectives, (I) Maximizing I(Zssk, Zeonfounder; X) 0ia Lrec. (I1) Maximizing 1(zys; )
via Lygsk. (1) Minimizing 1(zye; C) via Leopfounder-

Proof. The reconstruction loss £ec minimizes the divergence between X and X = fqec (Ztasks Zeonfounder)-
For Gaussian noise models, this corresponds to maximizing I(Zask, Zconfounder; X) [6,31]. The task loss
Lyask optimizes the classifier ¢, which maximizes the mutual information I(z,g; i) by ensuring z,y is
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predictive of y [32]. The adversarial confounder 1oss L onfounder Minimizes I(z,gx; C) by training h to
fail at predicting C, as shown in the proof of Theorem 1 [8]. O

This aligns CIRL with the Information Bottleneck principle [32], where z,5 serves as a com-
pressed, confounder-free representation. Finally, we assess CIRL’s generalization to new aroma data,
deriving a bound on task error:

Theorem 2 (Generalization Bound). Let H,g be the hypothesis class of the task classifier ¢ : Rt — ),
and let Dy, = {(Xj,yi, Ci) }_ be a training set of size n. Under Assumptions 1 and 2, the expected task error

E(X,y)ND [gtask (]// C(Ztask) )] is bounded as:

n

A VC(Hask) logn + log(1/6
]E[etask] S £task + @) (\/ ( ta5k> & g( )),

with probability at least 1 — 0, where L5k is the empirical task loss, and VC(Hasr) is the VC-dimension of
Htusk~

Proof. Since z,gy is invariant to C (Theorem 1), the task classifier ¢ operates on a confounder-free
representation. The expected task error depends only on the complexity of H,qx and the sample size 7.
Applying standard VC-dimension bounds [33,34], the generalization gap is:

A VC(Htask) logn +log(1/9
]E[Etask] - Etask S O(\/ ( t k) ;g/l g( ))

The conditional independence of y and C given X (Assumption 1) ensures that confounder variations
do not inflate the generalization error, completing the proof. [

This bound confirms that CIRL's invariance to confounders reduces the risk of overfitting to
spurious correlations, enhancing robustness across diverse conditions.

4. Methodology

The Confounder-Invariant Representation Learning (CIRL) framework is designed to address
the critical challenge of disentangling task-relevant features from confounding factors in scarce aroma
data, such as those collected by aroma chip under varying humidity conditions. This section details
the methodology, beginning with the architectural design tailored for sensor inputs, followed by
the optimization objectives that enforce invariance, and concluding with practical implementation
considerations and tuning strategies. Our approach builds on established autoencoder and adversarial
learning principles, adapting them to the specific needs of olfactory sensing with limited data.

4.1. Model Architecture

The CIRL model is a disentangled autoencoder that learns two distinct latent representations from
input aroma data X € X, where X represents the domain of time-series or tabular sensor responses
(e.g., 32-channel impedance data from the Noze Aroma Chip). The architecture is structured to separate
task-relevant features (e.g., VOC identities) from confounders (e.g., humidity), ensuring robustness in
data-scarce regimes.

The encoder, fenc : X — Rtask x Réoniounder, maps the input data into two latent spaces:
(Ztasks Zeonfounder) = fenc(X), where di,qx and deonfounder denote the dimensions of the task-relevant
and confounding latent spaces, respectively. The architecture of fenc adapts based on the data type, for
aroma data the temporal convolutional layers or recurrent models encode sequential information.

The decoder, fge. : Rtask x Réconfounder — X, reconstructs the input data: X = fdec(Ztasks Zeonfounder )
with a reconstruction loss Lyec ensuring X ~ X. The decoder typically mirrors the encoder’s structure
to ensure symmetry in feature representation.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The confounder predictor / : R%ask — C enforces invariance by predicting confounding attributes:

C = h(zgsk), where C denotes the confounding factors such as environmental variables or demographic
attributes. Similarly, the task-specific classifier c : Rtask — predicts task labels: § = ¢(zta5k ), Where
Yy represents task-specific outcomes.
Confounder Precictor by il

/
| ¢ ‘ Input Data

L ] ¢
| .

| - 3 Encoder
v - Conv1d, Dense, and
y

Confounder
Prediction N

Leonfounder

Regularization.

Ltask

Latent Space

v

5 \ Classifier
"\ - Fully Connected
Inputs, X . . Network

Zconfounder

- Encoder (fenc) Decoder(f gec) .
3 b Prediction
M Y Y el o o s L L L L LD D DY

(a) CIRL (b) Baseline Model

Reconstructed,

Figure 1. (a) Overview of the proposed disentangled autoencoder (CIRL) architecture. The input data X is passed
through the encoder fenc, which generates two disentangled latent representations: zy,gx and zZconfounder- These
representations are used by the decoder fge. for reconstruction, on the other had z,g used by the task classifier
and confounder predictor for their respective outputs. The overall training is governed by the loss functions Lrec,
Liask, and Leonfounder, combined into Lyt,1.(b) The architecture of the baseline model we used to compare with,
which contains same encoder and classifier as CIRL.

4.2. Loss Functions

The CIRL framework optimizes three interdependent loss functions to enforce disentanglement
and task performance. These losses—Reconstruction Loss Lyec, Task Loss Li,q, and Confounder Loss
L confounder—Create a balanced optimization landscape, akin to a minimax game in adversarial training.
This interdependence ensures that the model learns representations that are both informative for the
task and invariant to confounders, while maintaining fidelity to the input data:

Reconstruction Loss (Lrec): Ensures that the decoder fg,. accurately reconstructs the input data
from the latent representations:

Lrec = IEXND [Erec(Xr X)]

where /. is a loss function appropriate to the data type, e.g., Mean Squared Error (MSE) for aroma
data.
Task Loss (Lisk): Ensures that zi,q retains the features relevant to the primary task:

Liask = IE(X,y)wD [étask(y/ 9)]

e.g. {iask can be binary cross-entropy for classification.
Confounder Loss (Lconfounder): Ensures that zi,g is invariant to the confounding attributes:

L confounder = E(X,C)~D [gconfounder (C, C)] ’

e.g. using MSE for continuous confounders like humidity.
The Total Loss (Liota1) combines these components with hyperparameters Arec, Agask, and

)‘confounder:

‘Ctotal = )\recﬁrec + Ataskﬁtask - Aconfounder‘cconfounder

The negative sign on L onfounder introduces an adversarial dynamic, while the confounder predictor
h minimizes L.onfounder t0 accurately predict C from zi,q, the encoder maximizes it to make zg,g

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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invariant. This opposes the cooperative minimization of Lrec and Ly,g creating an equilibrium-like
balance during training. From an information perspective (aligned with the Information Bottleneck
principle), the losses optimize a trade-off: Lrec and Liysx maximizes mutual information to retain data
fidelity and relevance respectively. On the other hand, L onfounder Minimizes mutual information for
invariance.

4.3. Hyperparameter Tuning

The hyperparameters Arec, Atask, and Aconfounder gOovern the balance between reconstruction
fidelity, task performance, and confounder invariance in the CIRL framework, critical for robust digital
olfaction applications under confounding factors like humidity. Tuning these parameters requires
careful consideration of their impact on e-nose datasets where high humidity obscures subtle VOC
signals.

®  The parameter A emphasizes reconstruction fidelity, where a higher weight (e.g., 1.0-2.0)
ensures accurate reconstruction of sensor signals. However overemphasis risks retaining humidity
information in z,q, reducing humidity-invariance representation.

e  The parameter Ayg controls the importance of learning task-relevant attributes, and hence
underweighting it can lead to poor task performance.

e The parameter Aconfounder €NCOurages learning humidity-invariant attributes alongside retaining
task-relevant information, however, setting it to an excessive weight (e.g. > 0.5) may disrupt
task-relevant attribute encoding.

A hyperparameter search method (e.g. Grid Search, Bayesian Hyperparameter Optimization)

is employed to explore the hyperparameter space using an exhaustive search. Dynamic adjustment
VL] -

N . . . . H.v‘ctofalH ’ l. <

{rec, task, confounder}.. Validation-based thresholding ensures that validation metrics determine

leverages loss gradients to guide hyperparameter updates, expressed as A;(t) =

acceptable ranges for reconstruction fidelity, task performance, and invariance.

4.4. Implementation Considerations

The CIRL architecture is modular, adapting to aroma data types (e.g., time-series) with config-
urable encoder-decoder pairs. Training stability is ensured with gradient clipping (threshold 1.0)
to prevent exploding gradients during adversarial steps. Evaluation metrics include reconstruction
accuracy (e.g. root mean squared error, RMSE) and task performance (e.g. F1-score), computed on
validation splits.

Algorithm 1 Training Procedure for CIRL

Input: Data X, confounders C, labels y, initial Arec, Atask, and Aconfounder

Initialize fenc, fgec, It and ¢ with random weights

Initialize an optimization method with a suitable learning rate for fenc and fgec
Initialize a different optimization method with an appropriate learning rate for c and h
for each epoch do

(Aztaskr Zconfounder) — fenc (X>

}A{ < fdec (Ztask/ Zconfounder)

C <« h(ztask>/ ¥+ C(Ztask) .
Compute Ly as a chosen distance metric between X and X
Compute Li,qx as a selected error measure between y and §
Compute L onfounder as @ chosen error measure between C and ¢
Liotal < ArecLrec + Mask Ltask — AconfounderLeonfounder

Update fenc, fdec, € to minimize Ly, with their optimization method

Update / to maximize L onfounder With its optimization method and gradient reversal

Optionally adjust A; using A;(t) = %

end for

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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5. Sensors, Devices and Datasets

The methods presented in this paper are specifically designed to learn confounding invariant
representation of data collected for a digital olfaction technology developed at Noze Inc. Noze’s aroma
chip has affinity towards water and hence the humidity variations in the introduced aroma sample
is a confounding factor for interpreting the aroma. First, the aroma chip was used to build digital
nose device prototypes in several form factors which were used to capture (breath) aroma datasets
in environments where the induced confounders’ specific variance, particularly humidity, interferes
with learning generalizable task-specific patterns over the data. In this section, we introduce the
aroma chip, the digital nose prototype devices and the aroma sampling process we used for the data
collection. Subsequently we describe an overview of the specific aroma datasets that were used for the
machine learning experiments. In the next section, we demonstrate the utility of CIRL in mitigating
the generalizability challenges induced by the humidity confounder.

5.1. Aroma Sensor and Digital Nose Prototypes

The Noze aroma chip forms the foundation of the Noze digital olfaction platform. To facilitate
the aroma sampling process for a given aroma sensing application, tailor made digital nose prototype
devices were developed for (i) capturing the target aroma sample and (ii) introducing the aroma
sample to the aroma chip’s headspace. For most applications, the aroma sampling process is an
episodic process with 3 phases - phase 1 is introducing the ambient environment onto the aroma chip’s
headspace which serves as the baseline. Phase 2 is replacing the baseline sample in the headspace with
the aroma sample and during Phase 3 the ambient baseline is once again introduced to replace the
aroma sample. During these 3 phases, the changes in aroma composition are recorded as changes in
impedance characteristics across the 32 sensing elements.

5.1.1. The Noze Aroma Chip

The aroma chip consists of (i) 32 thin film sensing elements, , (ii) reference and ambient sensors,
and (iii) a data acquisition mechanism to enable a measurement circuit to read the data.. Each thin
film is a unique nanocomposite material designed and characterized for affinity in room temperature
towards a certain group of VOCs. Exposure of the thin film array to VOC molecules changes their
impedances that are measured digitally. The readout circuit measures the impedance changes at a
sampling rate of 1Hz. The engineered semi-selective sensing elements in the thin film array, captures
the aroma information via temporal dynamics over the 32 dimensional time-series. For the ambient
sensing, we used an off-the-shelf sensor (BME688).

8x4 sensing elements

data bus

. % X X N WY
SO OO

e 0.0 00000

ambient and
reference sensors

Figure 2. Noze’s proprietary sensor, featuring an array of 32 sensing elements configured as thin films.
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Noze’s digital nose prototype shown below in Figure 3 has three key elements. (1) The aroma
chip, (2) the chip enclosure that serves as a headspace and (3) a pump that performs active sampling of
the aroma.. The pump pulls the aroma sample into the headspace and lets the sample percolate for the
aroma chip to react and generate the fingerprint.

Aroma sensing
headspace
piezoelectric
pump

> aroma sample out

. Noze aroma sensor chip
aroma sample in

Figure 3. Noze digital nose prototype is designed to control the flow dynamics of the aroma sample over the
aroma sensor chip.

5.1.2. A Vial Based Aroma Sampler

Another device configuration that we developed leverages the digital nose prototype for digitizing
the aroma samples prepared in 20mL glass vials. The setup as shown in Figure 4 consists of a digital
nose unit on top, pulling the aroma sample from the vial through a 5mm PTFE tube as the sampler’s
head. Once the aroma samples are prepared in the vials, the sampler’s head goes inside the vial
headspace to sample the aroma. The sampling protocol consists of (i) baseline phase: 30 seconds of
sampling air from the ambient as a reference gas, then (ii) aroma introduction phase: 30 seconds of
sampling the vial’s headspace, followed by (iii) recovery phase: 50 seconds of sampling air from the
ambient again.

Aroma sensor unit

sampler's head

Aroma sample
vial

Aroma sample
platform

&

Figure 4. A vial-based aroma sampler system in which the aroma sensor unit pulls the aroma from an aroma vial
sample.

5.1.3. The DiagNoze™ Breathalyzer Device

The DiagNoze™ Breathalyzer device integrates the digital nose unit in a breath sampling module
to detect VOCs in exhaled breath. Participants exhale into a detachable, single patient use mouthpiece
fitted with a microbial filter, humidity filter, and backflow prevention valve for safety. The breath
sampling module has a capnography valve which allows only the alveolar portion—enriched with
metabolic VOCs—into an internal buffer chamber which is then directed to the digital nose unit for
digitization into an aroma fingerprint.
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o Noze breathalyzer

Breath sample buffer

Noze aroma sensor chip BFU

e

-
Noze breathalyzer J

mouthpiece

Figure 5. DiagNoze™ breathalyzer device with the detachable mouthpiece.

5.2. Aroma Digitization Protocols

The aroma digitization protocol includes three steps, for (i) establishing an ambient aroma
reference, (ii) the absorption phase, (iii) the desorption phase

¢  Baseline Phase: Prior to introducing the aroma sample to the sensor, the sensor measures the
ambient environment using filtered air to establish a stable reference.

¢ Aroma Sampling Phase: Aroma sample gets introduced and adsorbed onto the sensing elements.

*  Recovery Phase: The aroma molecules desorb from the sensing elements and revert to the baseline
state.

The responses of the sensing elements of the aroma chip during each phase is reflective of the
sensing elements characteristic and their interaction with the molecular composition they are exposed
to.

5.3. Aroma Datasets

To assess the model’s efficacy in real-world scenarios, we assembled three aroma datasets from
the aforementioned device prototypes. A prevalent challenge across these datasets is humidity’s
confounding effect, as the aroma sensor is sensitive to humidity. Human exhaled breath harbors
high humidity levels (~30,000-50,000 ppm), creating a dominant background signal that obscures
trace VOC fingerprints and hinders robust model development for mapping sensor outputs to target
compounds.

5.3.1. Acetone Aroma Dataset

This dataset includes 385 digitized aroma samples of acetone at varying concentrations, collected
via the Vial Aroma Device. Acetone’s elevated vapor pressure relative to water facilitates rapid
volatilization into the humidity-saturated vial headspace. Sensors respond to both acetone and
humidity, allowing evaluation of methods for acetone quantification amid confounding water signals.
The samples are distributed across six distinct concentration levels—0 uL, 5 uL, 10 uL, 20 uL, 50 pL,
and 100 pL of acetone dissolved in 10 mL of water—with approximately 65 samples per level.

5.3.2. Ketosis Breath Aroma Dataset

Comprising 168 digitized breath samples from an individual across four ketogenic diet cycles
[35], this dataset categorizes breath ketone levels as low (<10 ppm; 112 samples) or high (>20
ppm; 56 samples). In high-ketosis states, breath ketones (20-70 ppm) are dwarfed by water vapor.
Distinguishing subtle signal differences amid high background humidity poses a machine learning
challenge, exacerbated by dataset imbalance and size.

5.3.3. Peppermint-Oil Breath Aroma Dataset

This dataset encompasses 361 breath samples from 19 participants: 191 pre-ingestion and 170
post-ingestion of a peppermint oil capsule. Post-ingestion, VOCs such as menthone and menthol
are exhaled at 10-200 ppb. Detecting these traces is impeded by humidity responses, with dataset
variability and size further complicating generalizable model development [36].
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Table 1. Summary of Aroma Datasets Used in the Study.
Dataset Total Classes/Concentrations ~ Key Challenge Source
Samples Device
Acetone Aroma 385 6 levels (0-100 L Hum1d1t¥ confounding Vial-based
acetone) acetone signals
aroma
sampler
) Subtle ketone signals vs.
Ketosis Breath Aroma 168 L(?w-ketone (112); high humidity; DiagNoze™
High-ketone (56) .
imbalance Breathalyzer
. . . . Trace VOC detection
PeppermintOilBreath 5, Predngestion (1 i iy, DiagNoze™
& variability Breathalyzer

6. Experimental Evaluation

Building on the sensors, devices, and datasets described in the previous section, we conducted
targeted experiments to quantify CIRL's effectiveness in disentangling confounders from task-relevant
features. Each experiment compares a baseline model—lacking explicit disentanglement mecha-
nisms—against CIRL, which employs structured latent spaces for VOCs and humidity. We simulated
realistic confounding scenarios to highlight CIRL’s improvements in reconstruction fidelity, confounder
mitigation, and classification accuracy. Training utilized Adam optimization across all models, with
hyperparameters tuned for fairness. Performance metrics, including mean squared error (MSE) for
reconstruction and binary cross-entropy for classification, were evaluated on held-out test sets to
ensure generalizability.

6.1. Acetone Aroma Experiment

This experiment assesses disentanglement in controlled acetone concentration classification amid
humidity confounding.The baseline model unifies the encoder and latent space for classification,
compressing inputs into a single latent vector fed to a classifier with fully connected and Conv1D
layers, batch normalization, and LeakyReLU activation. It minimizes categorical cross-entropy loss
without adversarial or reconstruction components (learning rate: 3 x 10~4, decay: 0.95 every 500 steps).
Lacking confounder mitigation, it serves as a reference for entanglement effects.

In contrast, CIRL employs a disentangled autoencoder separating VOC and humidity latent spaces.
These spaces support (1) input reconstruction, (2) humidity prediction, and (3) VOC-based classification.
The training objective combines weighted reconstruction, classification, and adversarial confounder
losses, with feature variances informing reconstruction weights and ensuring VOC representations
remain independent of humidity. By enforcing humidity independence in VOC representations, CIRL
enhances robustness over the baseline.

6.2. Ketosis Breath Aroma Experiment

Focusing on binary classification of ketone levels in breath samples, this experiment addresses
subtle signal detection against high humidity backgrounds. The baseline is a CNN with stacked
Conv1D layers, batch normalization, ReLU activation, and pooling, compressing features into a latent
vector for classification via binary cross-entropy loss. Without disentangling humidity, it risks feature
entanglement. CIRL introduces distinct latent spaces: VOC for classification-relevant features and
humidity for confounders. A decoder reconstructs inputs from both, a humidity predictor estimates
confounders, and a label predictor classifies via VOC space. Training minimizes reconstruction loss
(MSE), classification loss (binary cross-entropy), and adversarial loss for invariance, using Adam
optimization. This decoupling yields superior robustness.

6.3. Peppermint-Oil Breath Aroma Experiment

This binary classification task evaluates trace VOC detection pre- and post-peppermint ingestion,
complicated by humidity and inter-participant variability. The baseline uses stacked Conv1D layers

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.0988.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 September 2025 doi:10.20944/preprints202509.0988.v1

12 of 15

with batch normalization, ReLU, and pooling for feature extraction into a single latent space, per-
forming classification via binary cross-entropy loss. Confounders remain entangled without isolation
mechanisms.

CIRL structures latent spaces for VOC (task-relevant) and humidity (confounding), with a decoder
for reconstruction, a humidity predictor, and a VOC-based classifier. Multi-objective training minimizes
reconstruction, classification, and adversarial losses (learning rate: 1 x 10~%, Adam optimizer). Explicit
disentanglement improves prediction robustness compared to the baseline.

6.4. Results and Observation

Our proposed method consistently and significantly outperformed the baseline models across
all binary classification tasks. As presented in Tables 2 and 3, a clear and compelling improvement
in Fl-score is evident for every class. The proposed method demonstrated improvements across all
metrics, indicating its ability to effectively disentangle task-relevant features from confounding noise.
The improved F1-scores for all classes confirm that the overall accuracy of our proposed method is
superior to that of the baseline.

Table 2. This table compares the class-specific F1-scores of the baseline model and CIRL on the acetone aroma
dataset across blind test splits. CIRL achieves an average 15% improvement in F1 scores. Notably, its ability to
distinguish water aroma samples from those with low acetone content improves by 24% in class F1-score. Each
class corresponds to the injected acetone volume in 10mL of water during aroma digitization.

acetone volume baseline F1-score CIRL F1-score

0 uL 0.62 0.86
5 uL 0.55 0.67
10 uL 0.47 0.63
20 uL 0.68 0.73
50 yL 0.64 0.80
100 pL 0.58 0.82

Table 3. The table compares the baseline model with the CIRL model on the employed breath aroma datasets. For
both peppermint-oil breath and ketosis breath datasets, the baseline model struggles to achieve an above-chance F1
score for detecting condition-specific VOCs in alveolar breath. In contrast, CIRL excels in identifying trace VOCs
within the complex background of human breath. This advancement paves the way for developing generalizable
semantic representations of trace breath VOCs, resilient to known confounding factors.

breath aroma classes baseline vs CIRL F1-score
pre peppermint-oil intake 0.51vs 0.74
post peppermint-oil intake 0.38 vs 0.74
low ketosis 0.78 vs 0.93
high ketosis 0.42 vs 0.88

Overall, CIRL demonstrates superior generalization capabilities, with improvements observed
across all challenging datasets. We observed gains for traditionally difficult classes within the Acetone
Aroma Dataset, such as C2 and C3, as well as better performance on the Ketosis Breath Dataset and
Peppermint-Oil Breath Dataset, all of which underscore its exceptional handling of complex tasks and
confounding variables.

7. Conclusions

This work introduces a disentangled autoencoder framework that effectively bridges the gap
between invariant and disentangled representation learning. Our approach achieves a crucial goal
for artificial olfaction: the separation of task-relevant chemical features from confounding factors.
Through evaluations on both synthetic and real-world aroma datasets, particularly those influenced
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by environmental distortions like humidity variations, our proposed architecture demonstrates better
performance in generalization, reconstruction fidelity, and task accuracy when compared to standard
baseline approaches. The framework yields consistent improvements in both binary and multiclass
classification accuracy, along with substantial gains in F1-scores across diverse aroma sensing tasks.
Importantly, it exhibits remarkable resilience to prevalent confounders in digital olfaction applica-
tions, such as sensor noise, domain shifts, and critical environmental factors like relative humidity.
By explicitly modelling these confounding factors and enforcing task-specific invariance through
adversarial learning, our model produces interpretable latent representations of chemical signals.
This structured disentanglement not only ensures better task performance but also minimizes the
influence of spurious correlations introduced by environmental variables. Furthermore, the versatility
of our framework is notable. It readily supports the integration of regressors for predicting continuous
task-specific outcomes, such as chemical concentrations, alongside or instead of classifiers. This dual
capability allows the model to address a broad spectrum of prediction tasks within the same adaptable
architecture. The design of this disentangled autoencoder seamlessly integrates with various aroma
data modalities, including time-series responses from sensor arrays, making it a powerful tool for
real-world digital olfaction applications where confounding influences are prevalent and reliable anal-
ysis is paramount. Overall, this work significantly advances the state-of-the-art in feature-invariant
representation learning for artificial olfaction. It provides a robust, interpretable, and highly adaptable
framework with the strong potential to enhance the reliability and scalability of digital olfaction sys-
tems across diverse industrial, environmental, and biomedical domains. Future research will explore
further extensions of this framework, including dynamic loss scaling for enhanced training stability;,
adaptive disentanglement strategies for novel confounder detection, and its deployment in real-time
digital olfaction applications within highly challenging and dynamic environments.

8. Future Works

Future research in disentangled representation learning should focus on improving loss balancing,
adaptive latent spaces, and broader applicability. A key direction is dynamically adjusting recon-
struction, task, and invariance losses during training, ensuring optimal trade-offs. Meta-learning or
reinforcement-based optimization could fine-tune loss weights in real time, enhancing stability and
performance. Additionally, dynamically scaling latent space dimensionality based on data complexity
and confounding strength could improve model flexibility. Neural architecture search or information-
theoretic constraints could help optimize representation capacity while maintaining interpretability.
Expanding the framework to handle both classification and regression tasks simultaneously would
increase its versatility across domains like healthcare, finance, and autonomous systems. Establishing
standardized bench-marks using a semi-supervised approach with real-world confounded datasets
and robust disentanglement metrics would facilitate fair comparisons and enhance reproducibility.
By addressing these challenges, CIRL can evolve into a powerful tool for mitigating confounding
influences, improving generalization, and advancing deep learning models in diverse applications.
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