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CONTEXT 

This document presents the core thesis 
underpinning a programme that is currently in 
development at ARIA. We share an early 
formulation and invite you to provide feedback 
to help us refine our thinking.  
 
This is not a funding opportunity, but in most 
cases will lead to one – sign up here to learn 
about any funding opportunities derived or 
adapted from this programme formulation. 

An ARIA programme seeks to unlock a 
scientific or technical capability that  
 

+​ changes the perception of what’s 
possible or valuable 

+​ has the potential to catalyse massive 
social and economic returns 

+​ is unlikely to be achieved without 
ARIA’s intervention. 

 
 

 
PROGRAMME THESIS, SIMPLY STATED 

An overview of the programme thesis, accessible & simply stated  

Artificial intelligence (AI) models can describe a photograph, compose a symphony and 
predict the structure of proteins but still cannot smell whether the milk in your fridge has 
gone off. Olfaction is entirely missing from these models, even though volatile chemicals in 
the air carry information about disease, food safety, contamination, ecology, and more. 
Biological systems have been decoding these signals through olfaction for a billion years. 

Our programme goal is a general-purpose olfactory perception system, matching or 
exceeding the sensitivity of biological systems on defined challenge tasks. Imagine a phone 
that smells a disease flare days before symptoms appear in the millions of patients 
struggling with chronic conditions [1,2], or prevents the $1 trillion in annual food loss 
caused by spoilage [3]. If the chemical world becomes computationally legible, the impact 
will be transformative.  

https://paperpile.com/c/HxHtIw/7kDrL+ntjbJ
https://paperpile.com/c/HxHtIw/mHpLe


The recipe for AI's success has been the same across fields: standardised sensors, large 
open datasets, and learned representations. Human consumption of photos and music 
drove standardised sensors that led to unified datasets and applications. We don’t have this 
driving force for olfaction. Powerful sensing options exist, from analytical lab equipment to 
deployable gas sensor arrays, but the field is fragmented, and without shared infrastructure 
these efforts produce point solutions rather than general capability [4–7]. We propose a 
unified approach: build a high-resolution cross-domain dataset, learn the discriminative 
features of olfactory space from it, and use those features to build a general-purpose sensor. 
Recent work suggests the discriminative signal can be learnt directly from data [8,9]. 

This programme will fund both the missing data infrastructure and the teams who will use it 
to deliver early breakthroughs. We will build a standardised hardware platform and a 
cross-domain dataset spanning health, food, and the environment. Alongside these efforts, 
we will fund teams learning the language of scent through new representation models, and 
teams translating those representations into cutting-edge, deployable sensing capability. 

This programme thesis is derived from the ARIA opportunity space: Extending Our Perception 
 
PROGRAMME THESIS, EXPLAINED 

A detailed description of the programme thesis, presented for constructive feedback 
 
Volatile chemical signals carry information relevant to some of the most pressing challenges 
across health, food, and the environment. This programme aims to give computers a sense 
of smell and advance machine olfactory perception towards the maturity of computer vision, 
so that olfaction becomes a general-purpose sensing capability that can be integrated into 
multimodal models. Achieving a general-purpose olfactory perception system requires 
standardised sensing capability that can be integrated into applications, alongside datasets 
that enable new algorithmic capabilities for representation learning.  
 
In biology, olfaction is a powerful sense. A dog takes in roughly 1.25 Kb of olfactory data 
per sniff, almost two orders of magnitude less than its vision system [10]. However, it is 
olfaction, rather than vision, that is the dominant sense used by dogs to outperform humans 
in tasks such as diagnosing cancer, detecting allergens, finding mould in buildings, 
identifying explosives, and locating survivors through meters of rubble [11–13].  
 
Our North Star is for olfactory perception to become a ubiquitous capability that reaches 
the maturity of computer vision, such that it can be readily deployed in frontier AI models, 
robotics, and industrial applications.  
 
Imagine a general-purpose sensing system, as ubiquitous as the camera and integrated into 
our devices. Pressing challenges from pre-symptom disease flare detection to over 1 billion 
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tonnes of yearly food waste demand digital solutions that are able to access the world of 
volatile chemicals. If we can learn the most significant features of olfactory space this 
becomes possible. 
 
In support of ubiquitous digital olfaction, the goal of the programme, over 3-5 years, will 
be to build a general-purpose artificial olfactory perception system. The system should be 
able to address at least 3 applications with a common hardware platform using the learned 
representations of olfactory space. Candidate applications could include longitudinal health 
signals, food spoilage, and food safety.  
 
We define an olfactory perception system as a hardware platform, algorithmic 
component, and dataset contribution to produce representations of olfactory space from 
acquired signals. 
 
The goal of the programme will be metricised based on the following sub-goals 
 

Box 1  
Programme Goal:  
To build a general-purpose artificial olfactory perception system, with​
1. Cross-domain generality: One system that can achieve generality across at least 3 
distinct Volatile Organic Compounds (VOC) application domains without application 
specific hardware by leveraging learned representations. 
2. Biological parity: The system matches the sensitivity of the current best benchmark 
with rapid adaptability (i.e. fast to train) to new target domains. This benchmark could be 
derived from other systems such as a biological or analytical benchmark (e.g. trained 
canines or analytical chemistry equipment) 
3. Publicly accessible resources: The hardware, datasets, and AI models are publicly 
accessible and demonstrated to be usable by several independent research groups.  
 
Moving towards the North Star 
Long term, the capability to deploy miniaturised solutions outside of the lab is vital. 
We believe the current priority is capturing high-resolution data and the solutions should 
not initially be constrained by miniaturisation or cost-reduction. By achieving the 
programme sub-goals, market forces will drive lower-cost, miniaturised deployments after 
programme completion. Nonetheless, we are open to funding projects to explore 
capabilities that open the pathway towards widespread deployability. 

 
 



Why it’s worth shooting for 
General-Purpose Olfactory System 
The value of a general-purpose olfactory system spans beyond the specific applications we 
demonstrate within the programme. A general olfactory ‘sense’ would enable novel 
challenges to be addressed much more rapidly and allow integration of olfaction into 
multimodal systems alongside other modalities. 
 
This programme is designed to demonstrate the feasibility of transferring olfactory 
representation knowledge between domains by selecting three applications. The three 
application domains are selected to test whether learned representations transfer between 
them. If they do, the same sensor platform can address new applications without being 
redesigned. To demonstrate the underlying value of the technology as a platform, we review 
the value of some applications. 
 
Human health 
Over 4000 Volatile Organic Compounds (VOCs) have been mapped [14] in human breath, 
sebum, and other bodily fluids. Olfactory perception offers an opportunity for non-invasive 
longitudinal monitoring of metabolomic signatures. Diagnosis via olfactory sensing has 
deep roots in clinical medicine. Physicians from Hippocrates onwards used scent as a 
diagnostic tool [15], and paramedics are still trained to recognise the fruity breath of 
diabetic ketoacidosis [16]. Despite centuries of clinical observation and decades of research 
into electronic noses, no clinically validated computational tool for diagnosis via olfactory 
sensing exists at the point of care [5,17]. However, there is substantial evidence that disease 
alters the chemical profile of breath, skin, and bodily fluids in ways that are detectable by 
biological systems [11,12,16]. Trained dogs can identify multiple cancer types with sensitivity 
exceeding 90% in some controlled studies [11,12], and have demonstrated the ability to 
detect infectious diseases including COVID-19 with comparable accuracy [13]. The 
examples are not limited to dogs' perception. Joy Milne, who has hereditary hyperosmia, 
noticed a change in her husband's scent years before his Parkinson's diagnosis. The finding 
was validated through mass spectrometry of sebum biomarkers that now underpins an 
experimental skin swab test with 95% accuracy [18,19].  
 
VOCs produced by changes in cellular metabolism, inflammation, and oxidative stress have 
been identified as potential biomarkers across a wide range of conditions, including lung, 
breast, prostate, colorectal, ovarian, and bladder cancers, Parkinson's disease, diabetes, 
asthma, Chronic Obstructive Pulmonary Disease (COPD), tuberculosis, malaria, C. difficile 
infection, chronic kidney disease, liver cirrhosis, cystic fibrosis, inflammatory bowel disease, 
and pre-eclampsia [1,2,4,20–22].  
 
We expect the outcomes of this programme to advance the following application areas 
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●​ Human health signals: analysing volatile biomarkers over extended periods to 
forecast future clinical events and track disease progression. Additionally, we will 
focus on estimating critical blood-based health indicators using minimally invasive 
methods, reducing the reliance on traditional venous needle draws. We have picked 
these two applications as we have noted promise in longitudinal studies [1,2,21] 
where cross-sectional studies have struggled and because blood biomarker 
prediction holds advantages over disease prediction, which is more subject to 
diagnostic label noise. 

●​ Indoor environmental monitoring for human health and the exposome. We spend the 
majority of our time inside and our health is largely affected by the quality of indoor 
air (mold, pests, endocrine disruptors, carcinogens, and pathogens). Mapping 
VOCs in indoor environments could unlock significant public health benefits for the 
prevention of disease.  

 
Beyond health 
Beyond health applications, there is an opportunity to collect large datasets in adjacent 
domains much more rapidly. Many of the signals in these domains are likely to connect to 
microbiome or microbial VOC analysis, which strengthens the case for cross-domain 
transfer. VOCs play an important role across the breadth of our food production and 
provisioning ecosystem. The ability to better monitor agricultural assets from livestock to 
crops, all of which are living systems with distinct VOC profiles, offers economic and social 
benefits. Olfactory sensing also offers value for detecting trace allergens, and predicting, 
preventing food spoilage, and detecting food safety risks such as Salmonella, which 
produces hydrogen sulfide and certain aldehydes. 
 
Food spoilage, caused by moulds, yeast, and bacteria, is an enormous problem, ⅕ of the 
world's food is wasted and ⅓ of people are lacking food, in addition food waste has an 
economic impact of $1T a year in waste and contributes to up to 10% of global greenhouse 
gas emissions [3]. Of the 1.05 billion tonnes of food wasted annually, 60% is discarded by 
consumers at home. The remaining 40% is lost further up the supply chain, where real-time 
detection could help supermarkets and distributors prioritise perishable stock before it 
spoils. Detection at each level could replace blunt processes like expiry dates set months in 
advance with real-time information, whether that means extending the shelf-life of safe stock 
or deciding which pallet to distribute first.  
 
The applications of a general purpose olfactory system span beyond what will be tested in 
the programme. The goal is to test specific high value applications and to demonstrate an 
ability to learn a representation that spans between those applications. If successful, the 
programme would catalyse applications that are not in scope initially through the learned 
representation and general-purpose hardware. Those follow-on applications might include 
ecological systems for which the importance of olfaction has long been recognised by 

https://paperpile.com/c/HxHtIw/7kDrL+ntjbJ+FRj07
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natural historians and scientists [23,24]. The potential applications span beyond biological 
applications. In industrial settings, olfactory perception could detect the off-gassing of a 
machine as an early warning signal to predict machine failure prior to a fault within a critical 
manufacturing process or to predict reduction in quality of a manufacturing process without 
having to send a sample to an analytical chemistry lab, which is time consuming. We have 
selected biologically adjacent applications where volatile signatures are likely to share 
common origins, particularly where microbial metabolic processes are a primary source of 
VOCs [25]. 
 
Why it’s differentiated  
This section sets out why the capability has not been built out. Why now explains what has 
changed scientifically to make it tractable. 
 
There was a burst of investment and activity in digital olfaction hardware following the 
creation of the first "e-nose" in the 1980s [26], but the landscape remains deeply fractured 
and underfunded relative to other sensory modalities.  
 
Major initiatives, such as the DARPA Real Nose programme in the early 2000s [27], drove 
early innovation but were ultimately hindered by overpromising and underdelivering, 
particularly about generalisation and in-the-wild usage. As a result, subsequent efforts have 
focused on point solutions due to a lingering negative view. More recently, targeted pushes 
from the NSF [28] and NIH [7] have funded specific health and air quality monitoring 
applications. 
 
The commercial landscape for volatile chemical sensing remains fragmented and has not 
progressed towards general-purpose olfactory perception. Each sensor technology has 
different sensitivity, selectivity, and drift characteristics, so every new application requires its 
own hardware-algorithm pairing. Data collected on one platform cannot be compared with 
data from another. This incompatibility persists even with analytical lab equipment, due to a 
lack of calibration [4]. Companies use sensor arrays for food quality and livestock 
monitoring [6] , or analytical chemistry platforms for breath diagnostics, each optimised for 
a specific application. The market rewards solving one problem well, with no commercial 
incentive to build shared infrastructure that would benefit the whole field. 
 
We are not the first to identify the need for data to drive representation learning: the NSF 
Convergence Accelerator Workshop concluded that the field needs large standardised 
datasets, open benchmarks, and shared hardware platforms [29]. A recent review of breath 
VOC biomarker development found no biomarkers had reached clinical validation, primarily 
due to fragmented protocols and irreproducible data across studies [4]. However, no 
programme has acted on this diagnosis at scale. 
 

https://paperpile.com/c/HxHtIw/8GvCQ+VlKDg
https://paperpile.com/c/HxHtIw/HgWg7
https://paperpile.com/c/HxHtIw/ESbFw
https://paperpile.com/c/HxHtIw/MSwPB
https://paperpile.com/c/HxHtIw/VEpaT
https://paperpile.com/c/HxHtIw/DslrC
https://paperpile.com/c/HxHtIw/uQoER
https://paperpile.com/c/HxHtIw/KVjiz
https://paperpile.com/c/HxHtIw/88mi7
https://paperpile.com/c/HxHtIw/uQoER


Some existing olfactory data resources do already exist. These datasets will inspire and have 
utility within the programme, however no large scale open dataset of VOCs paired with 
application-relevant labels that cuts across disciplines exists. The existing datasets fall into 
three categories. 

●​ Molecular databases such as mVOC [30], HMDB [31] and FooDB [32] aggregate 
compound identities and species associations from published literature, but provide 
neither standardised raw signals nor application relevant outcome labels. 

●​ In-the-wild datasets such as SMELLNET [33] and New York Smells [34] pair sensor 
readings with object or scene derived labels from images for specific categories. 

●​ Biomarker studies are typically small and fragmented and difficult to collate [4]. 
Commercial breath analysis services demonstrate that standardised VOC analysis is 
technically feasible [35].  

 
A notable representation-learning effort, the DREAM Olfaction Prediction Challenge [36] 
targeted a different goal, predicting how molecules smell to humans. They proposed the 
models could be used to create new fragrances and better understand human olfactory 
percepts. In this programme, we seek to create digital olfaction where the learnt percepts 
are targeted towards a set of functional applications rather than mimicking human 
perception. This valuable initiative helps to demonstrate the potential to learn a perceptual 
map of the underlying data. 
 
We propose a programme that builds the world’s first cross-domain VOC dataset using 
standardised hardware capable of capturing rich signals including a range of sensors and 
lab grade analytical chemistry equipment, e.g. Gas Chromatography-Mass Spectrometry 
(GC-MS). The dataset will be used to discover transferable representations of olfactory 
space, discover reproducible signals from that data and use those representations to specify 
and demonstrate deployable general-purpose sensing capabilities. The value of running 
these technical areas in parallel is that the learned representations can inform what data to 
collect next, while hardware teams can test whether their sensors resolve the chemical 
dimensions that the representations identify as discriminative. The programme requires each 
element to co-evolve the system. The target will initially span biologically-aligned 
applications including health, food, and environmental applications, to test the transferability 
of learned olfactory representations on adjacent challenges and to inform deployable sensor 
platform design. 
 
Why now 
We believe this thesis is tractable now due to a confluence of recent advances: 

1.​ There is new strong evidence of low-dimensional structure in VOC space  
In 2020, it was shown that 21 physicochemical features (measurable molecular 
properties) could be used to learn olfactory metamers (a scent mixture with no 
shared molecules that smell identical) [8]. In 2023, the Principal Odour Map 
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demonstrated that a GNN embedding of molecular structure generalises across 
multiple human olfactory perception tasks [37], and the Principal Odour Map was 
extended in 2025 to include mixtures [38]. While the precise dimensionality remains 
debated [39], these advances reinforce the biological existence proof of 
low-dimensional sensory space: even a fruit fly with just ~50 classes of receptors can 
achieve robust, complex odour discrimination [40]. 

2.​ Cross-domain transfer has a mechanistic basis.  
The space of biologically relevant VOC is large but is often a result of metabolism, 
microbiome activity, and the host response [41]; each of these processes generate 
volatiles through pathways that are increasingly well characterised. Metabolome 
databases like mVOC [30], HMDB [31], and FooDB [32], combined with 
constraint-based methods such as flux balance [42] can serve as priors that narrow 
the search space by predicting which VOCs are likely to be present in a given 
context. By transferring this mechanistic knowledge into our models, we can expect 
to reduce the dimensionality.  

3.​ Recent advances in AI tools could enable us to bridge the gap between 
analytical chemistry and machine olfaction 
In 2024, an end-to-end deep learning approach using raw mass spectrometry data 
achieved up to 0.99 AUC for disease classification without requiring compound 
identification or traditional biomarker discovery [9]. Transfer learning across 
instruments and tasks has also been demonstrated [43]. In 2025, Mommers et al. 
demonstrated molecular structures could be predicted from low resolution GC-MS 
spectra, which could link GC-MS data to low-dimensional embedding approaches in 
point 1 [44]. 

4.​ Representations learned on standardised high-resolution data will be of value 
as deployable sensors mature  
Miniaturised GC-MS solutions are predicted to be mass market by 2035 [45], 
increasing the value of signal discovery, transfer learning [43] and representation 
learning on comparable hardware. New sensing alternatives are emerging such as 
high-dimensional arrays [46], high chemical specificity [35,47] and online learning 
sensors [48].  

 
What we expect to fund 
We are looking to unlock the “RGB camera + ImageNet” equivalent for digital olfaction. We 
use the analogy to ImageNet cautiously, as olfaction will not reduce to a small set of primary 
dimensions the way colour does. The analogy relies on the breakthroughs needed: a 
standardised capture + shared data + open benchmarks to create a flywheel that accelerates 
progress by orders of magnitude. 
 
We intend to fund three across three technical areas 

Technical Area 1: Open Olfactory Resources (OOR) 
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Technical Area 2: Discovering Olfactory Representations  
Technical Area 3: Novel Olfactory Sensing Capability 

We will review each of these in turn.  
 

 
 
Our technical areas (TAs) will be run in a phased fashion such that TA 2.1 and TA 2.2 start a 
fixed period after TA 1 to best utilise the insights from dataset and hardware construction, 
with a final challenge requiring deep collaboration from teams in TA2. 
 
Technical Area 1 : Open Olfactory Resources (OOR) 
Goal: to build an open, calibrated hardware platform and paired datasets that digital 
olfaction lacks. TA1 will draw on the last 40 years of olfactory sensor hardware research, as 
a first step towards general-purpose olfaction.  
 
We will measure value of the dataset based on its ability to tackle unanswered questions that 
have been previously raised by the community, including 

●​ The success of high value signal discovery [30]. 
●​ The value the dataset brings to sensor design. 
●​ The success of transfer learning between instruments and application datasets. 
●​ The intrinsic dimensionality of olfactory space, which remains an unanswered 

scientific question and is debated to range from 6 to 400 [39]. 
As well as operational metrics to track early signals of success for community engagement, 
dataset quality, utility, and scale.  
 
We expect this activity will be undertaken by an organisation who will work with creator 
teams to create the shared resource and solve associated technical challenges. We intend to 
fund the collection of a shared resource; 

●​ Open Source Data: datasets that concentrate on samples of targeted challenge 
areas of health, food, and the environment to support building olfactory perception 
and olfactory signal discovery for competitions and challenges aligned with the 
programme. We envision datasets will be curated in the lab as well as datasets in the 
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wild; we also see value in using citizen science approaches to collect larger datasets 
[34]. 

●​ Accessible Hardware : hardware that can be adopted by researchers alongside 
associated standards to continue to build on the open source data resource 
established in the programme. 

●​ Shared Models : modelling initiatives that are built on datasets to create synthetic 
data, learn intermediate representations or pull together 3rd party datasets. 

●​ Standards and Benchmarks: a set of standards and benchmarks that support future 
contributions to the dataset. 

●​ Sample banking or Biobanking: where reasonable, systematic collection and 
cataloguing of physical reference samples such as breath, skin volatiles, food 
headspace, environmental air paired with rich metadata, so that calibration transfer 
and model pre-training can be grounded in shared materials. This has the potential 
to enable the dataset to evolve beyond current hardware capabilities. 

 
Market forces alone will not produce this resource, and none currently exist. We will 
intentionally ensure this resource is accessible beyond the programme and has the 
governance to set the standard for further data collection in the field. 
 
We are interested in convening this effort, drawing upon expertise from analytical chemistry, 
olfactory sensing experts, dataset curators, metrologists, sensor manufacturers, and system 
integration experts. 
 
We believe the dataset needs to be high-resolution, replicable between labs and 
appropriate for machine learning and representation learning. We believe it is important to 
record substantial metadata and consider how to maximise the data captured. The size of 
the needed dataset is dependent on the dimensionality of olfactory space, with a likely 
upper bound of approximately one million but with potential representations significantly 
smaller [49]. 
 
We expect the samples selected for inclusion in the dataset to be diverse enough to 
demonstrate and catalyse a general purpose olfactory perception system.  Rather than being 
prescriptive regarding domain selection from the start of the programme, we propose a 
rubik to select the appropriate areas of focus. 

●​ Data volume. Favour domains where collecting a substantial volume of data is 
feasible.  

●​ Biochemical adjacency. Favour domains with shared metabolic or biochemical 
pathways, where transferable representations are more plausible.  

https://paperpile.com/c/HxHtIw/2nmWU
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●​ Societal or Commercial Impact. Weight domains by their potential impact: a 
significant societal or unmet need, a commercial opportunity, or outsized benefit to 
the UK economy.  

●​ Label quality and controllability. Training depends on labels whose ground truth 
represents the sample property. For some sample types labels can be tightly 
controlled. 

●​ Speed to access samples. Highly regulated domains are often high-value but slow 
to collect in, so a general-purpose portfolio needs balance. Ethics are never traded 
off for speed.  

●​ Trajectory data. Include some domains where you can track the same sample or 
subject over time, not just single snapshots. For some challenges the change in 
volatiles might be more informative than the absolute measurements and be of high 
value to map metabolic pathways. 

●​ Event rate or label prevalence. We prioritise event rate over cohort size. In health, 
predicting early onset of an uncommon disease needs a large cohort to capture a 
few events; frequent flares of a chronic condition (such as IBD) yield signals from 
every patient. 

 
The outcome we are targeting will be the first open, cross-domain dataset of standardised 
volatile chemical signals paired with application-relevant labels, at a scale sufficient for 
general-purpose representation learning.  
 
We believe a community is needed to build a dataset to the scale and utility necessary, as 
such consideration should be given regarding how this work is replicated by other labs, this 
includes accessible hardware, standards and more. 
 
The resulting datasets will form the backbone of our research efforts to which other 
technologies will contribute or benefit from its existence. 
 
Technical Area 2.1: Discovering Olfactory Representations  
Goal: To discover transferable, low-dimensional representations of volatile chemical space 
that can be learned from high-resolution data, across connected applications. To achieve our 
goal, there are important lessons from neural representations in sensory neuroscience, 
metabolic modeling, flux balance analysis, cross-modal learning, and AI-driven scientific 
discovery.  
 
Our basis for confidence is built on recent technical advances and the body of work 
detailing how biological systems construct flexible low-dimensional representations 
[50–52]. The Principal Odour Map demonstrates that a graph neural network trained on 
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odour descriptors produced an intermediate representation that predicted human 
perception of similarity between odours [37]. The Principal Odour Map was trained on 
single molecules rather than mixtures, but provided early demonstration that a 
low-dimensional representation was feasible; this work has recently been extended to 
mixtures of odours [38]. Moreover, the field has been debating the intrinsic dimensionality 
of this space, with estimates as low as 6, and prohibitively large estimates having been 
discredited [39]. We note that traditional biomarker discovery has proven fragile with only 
42.7% of reported lung cancer breath biomarkers appearing in more than two publications 
[4], while end-to-end learning on raw analytical data has outperformed known markers 
panels [9]. 
 
We will fund teams across academia and industry who are pushing the frontier of how to 
encode, represent, and learn from the high-dimensional space that is olfaction, building on 
past work. We are interested in the potential to also incorporate prior knowledge using 
advancing modelling techniques such as those provided by the Virtual Metabolic Human 
model [42] and databases like mVOC [30], HMDB [31], FooDB [32], which could predict 
the VOCs or metabolites likely to be present, further reducing the effective dimensionality of 
the space. 
 
We expect that teams will work closely with both TA 1 and TA 2.2. We will measure progress 
through challenges designed to test cross-domain transfer, intrinsic dimensionality, value of 
metabolic priors, robustness to confounders, interpretability of learned space and relevance 
to deployable hardware in TA 2.2. We strongly encourage outputs from creators in this 
workstream to be publicly accessible. 
 
Technical Area 2.2: Novel Olfactory Sensing Capability 
Goal: To demonstrate deployable sensing capability can capture the discriminative chemical 
dimensions identified by TA 2.1, such that novel solutions can progress to a general-purpose 
platform of sensors that can address new applications with minimal changes to the core 
sensor hardware, e.g. via software updates to increase perceptual capabilities. 
 
We anticipate funding teams with deep expertise in deployable sensing technologies. These 
teams will work closely with TAs 1 and 2.1 to translate learned representations to drive 
hardware progress via informative samples, requirements, and testing whether the sensors 
can resolve the chemical dimensions that carry discriminative information across target 
domains. We will work with TA 2.2 teams through a series of workshops and draw on past 
community efforts [29] to define benchmarks testing whether candidate sensors can capture 
discriminative dimensions from learned representations and generalise across at least two 
target applications through different models rather than hardware specific modification. 
 
We believe that high-dimensional sensing capabilities hold the greatest potential for  
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general-purpose olfaction. Existing colourimetric sensor arrays have demonstrated that 
increasing chemical diversity of transduction mechanisms yields an order-of-magnitude 
increase in independent response dimensions from 2-3 in traditional metal-oxide arrays to 
over 18 [46], and micro-gas chromatography offers a proven path to miniaturised analytical 
separation. We will also consider novel approaches that may include, but are not limited to 
the following possibilities: 

-​ biohybrid and synthetic biological receptors 
-​ metal-organic frameworks (MOFs) 
-​ 2D MXenes and heterostructures 
-​ micro-gas chromatography (µGC) on a chip 
-​ neuromorphic olfactory hardware 

We note the strong progress in the field to rapidly design or programme many of these 
materials so that they are selective to specific targets, which is likely to be important 
alongside TA2.1. 
 
We welcome proposals with complementary technologies including but not limited to 
integration of olfaction into multi-modal systems; AI-driven drift compensation and sensor 
material design; and advanced graph neural networks for mixture decoding. 
​
As shown in the table below, we recognise the importance of improving sensor drift, 
sensitivity, and selectivity in digital olfaction devices and will favour solutions which are 
likely to overcome those hurdles in proposals. 
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Current Capabilities of Digital Olfaction Sensors (adapted from [26]) 

 CP  MOX QCM Nano IMS Optical  GC Sensor GC-MS  

Sensitivity  Low Average High Average High Average Average High 

Selectivity Low Average Average Low Low Good Good High 

Portability Good Good Good Good Good Average Average Poor 

Cost Low Low Low Low Medium High Medium High 

Trained 
personnel 

No No No No No Yes Yes Yes 

Throughput High High High High Medium Medium Medium Low 

Speed Real-Time Real-Time Real-Time Real-Time Real-Time
/Offline 

Real-time/ 
Offline 

Offline Offline 

Chemical 
insight 

No No No No Yes Yes Yes Yes 

Sensor drift Yes Yes Yes Yes Minor Minor Minor Minor 

 
Table 1: Technologies include Conducting Polymers (CP), Metal-Oxide (MOS), Quartz 
Crystal Microbalances (QCM), Nanotube based sensors (Nano), Ion Mobility Spectrometers 
(IMS), Optical based sensors (Optical), Gas Chromatography-Sensor (GC-Sensor), Gas 
Chromatography-Mass Spectrometry (GC-MS). Cells coloured in green perform well, orange 
has acceptable performance, red performs poorly. 
 
We will organise teams around a number of benchmarking milestones and online sync-ups 
to allow for the exchange of ideas, techniques, and approaches. Teams will be assessed on 
a number of metrics, central of which will be the ability to demonstrate transfer learning 
from the dataset produced in TA1; using existing olfactory encodings to better detect new 
ones. 
 
Measuring Progress: Competitions 
Alongside the TAs, we will create a series of competitions to assess the performance of the 
creator teams and to engage with the community beyond the scope of the core programme. 
 
Competitions will be designed with input from the creator teams, to push the boundaries of 
what is possible with an ambitious benchmark to beat. We will fund an independent team to 

https://paperpile.com/c/HxHtIw/ESbFw


design competitions, set benchmarks and assess progress against the programme metrics. 
We anticipate running these challenges throughout the programme to assess progress and 
leverage the data collection TA. 
 
We also see the competition as an opportunity to engage the wider community with a 
potential citizen science activity that could enable significantly more in the wild data being 
acquired which could build on early initiatives like SMELLNET [33] and NY Smells [34], and 
has been discussed in a recent NSF workshop [29].  
 
Technical Area 3: Fast Adaptation Challenge 
 
The programme will conclude with a final competition or challenge that assesses the general 
purpose olfactory perception system, based on its ability to solve a new task with limited 
data. The teams will be benchmarked against a biological reference and tested for both fast 
adaptability and performance. We refer to this as a fast adaptation challenge. 
 
We expect the teams in this challenge to be formed from those in TA 2.1 and TA 2.2. We 
expect upon the launch of TA2, some of those teams would have already been 
cross-disciplinary teams working across TA 2.1 and TA 2.2. Those that combine at TA3 would 
have had strong expertise in sensors or machine learning but not both. 
 
What we are not looking to fund? 
Our goal of funding a general purpose olfactory perception system, means we will not fund 
teams focussed on single-application point solutions.  We are looking for teams aligned with 
the vision of the programme. 
 
We are not looking to fund novel sensor groups who believe they can design a universal 
gas sensor without cross-disciplinary collaboration to leverage datasets, AI tools or 
modelling.  There is a chance that general purpose digital olfaction could be achieved 
through optimally designed sensors without these data resources, but this is not our bet.   
 
We are not looking to fund neuroscientific work focusing solely on biological olfaction. 
Additionally, we are not able to fund neurophysiological work to uncover sensor design 
principles from biological olfaction systems. While this work is very informative to our 
programme design and goals, it does not fit with the funding remit of the programme’s 
funding workstreams. 
 
Research focussed on olfactory navigation, mobile sensing platforms, or other robotic 
directions are out of scope of this program. While we believe that embodiment is likely a 
key future step in digital olfaction, there are fundamental sensing problems that need to be 
addressed first.  
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We anticipate that a future ARIA programme could address this related challenge of 
building novel general purpose hardware from a sensor-centric perspective for adjacent 
climate and environmental monitoring applications.  We would consider opening our 
challenges to these groups to test the counterfactual position to our thesis. 
 
How will we measure success 
TA1 the OOR: We will measure signals of success of the OOR by the following metrics 

●​ Data volume: The programme targets 1 million samples (one physical specimen 
measured by n instruments at a specific time), benchmarked against vision's ILSVRC 
dataset (~1.2M images). Excessive time-series acquisition, if not coherent with the 
data strategy, will be disincentivised.  

We recognise this is exceptionally ambitious, and weight it alongside  
●​ Data quality: Data must be high quality, reproducible, and richly annotated with 

metadata, enabling multiple labs across locations to contribute to a shared resource.  
●​ Data diversity: Spanning a broad range of domains, assessed qualitatively against a 

provided rubric, to support generalisation rather than narrow excellence.  
●​ Signal utility: The OOR's ultimate value lies in whether useful structure can be 

learned from it to characterise olfactory space and transfer across tasks. Early proxies 
will be measured ahead of TA2 validation. In the long term, metrics will be tied to 
TA2. 

 
TA2 Benchmarks: Progress will be driven by benchmarks modelled on established AI 
benchmarks from vision and NLP, including VTAB (how well a learned representation 
transfers to diverse tasks from limited data), FLORES-200 (test low-resource transfer) and 
GLUE (aggregates multi-task performance into a single score).  These are useful analogues 
because they test transfer, low-resource generalisation, and multi-task performance, which 
are the same properties a general-purpose olfactory system must demonstrate. We intend to 
promote the benchmarks beyond the programme at conferences, to increase adoption of 
olfactory datasets. 

TA3 Final Fast-Adaptation Challenge: Teams will design sensor platforms that adapt to 
previously unseen tasks from little data, benchmarked against a biological standard such as 
a trained dog. Across three unseen tasks, solutions will be scored on task performance 
(sensitivity and specificity) and data efficiency (samples required), with a minimum 
performance threshold.  

What we are still trying to figure out: 
We invite feedback and specifically would like to hear input on the following: 

●​ Do you have strong thoughts/views about how the dataset in TA1 should look? 
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●​ If you are currently designing hardware, how long would you need to have a working 
prototype? 

●​ Our selected candidate applications are longitudinal health signals, food spoilage, 
and food safety. We have developed a rubric to aid us in selecting domains. We are 
looking to speak to domain experts that could help us scope the translation features 
and challenges of different choices.  

●​ We are seeking input on specific competitions and dataset collection targets. These 
decisions will be made on ease to collect data at scale, value of application and 
potential from cross-domain transfer.  

●​ We will work with partners for data collection and data storage beyond the lifetime of 
the programme. We are starting discussions now for datasets that contain both 
human-health and non-human health data. 

●​ Views about relevant standards for open source, publicly accessible, etc for 
hardware, datasets, and models from the community. 

●​ How do we manage the open platform such that we achieve maximum gains for the 
field, whilst providing creators with an opportunity to secure valuable IP? We 
recognise that enabling IP creation is important to create a sustained economic 
incentive. 

Please respond with your answers via this link. 
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PROGRAMME THESIS, REACTION DIAGRAM SUMMARY 

We can metaphorically think of an ARIA programme as a chemical reaction. We present a 
simple reaction diagram to summarise the key elements of the imagined programme. 

 

Hypersensory Intelligence : Olfactory Perception 
 
① Analytical chemistry, deployable olfactory sensing solutions, AI for material sensors design, 
representation learning, multimodal systems, dataset engineering and curation, metrology, systems 
integration, domain expertise eg. clinical sciences. 
 
② three workstreams; 1) Open Data, Accessible Hardware and Standards to create the world's largest 
olfactory dataset; 2) State-of-the-art olfactory sensing capability 3) representation learning to guide bets 
towards general-purpose hardware and software design.  All co-ordinated by a series of programme 
challenges 
 
③ Market forces overvalue single point solutions and one-off data collection efforts. A unifying force is 
needed to organise and standardise digital olfaction. 
 
④ General-purpose olfactory perception capabilities where discovery is enabled by open hardware and 
software standards alongside a comprehensive dataset all driving commercial solutions. 
 



⑤ Olfactory perception would be a critical part of every sensing package across health, agriculture, 
environmental sciences, and security. 

 
ENGAGE 

Our next step is to launch a funding opportunity derived or adapted from this programme 
formulation. Click here to register your interest, or to provide feedback that can help improve 
this programme thesis.  
 

APPENDIX 

Related databases 
Currently, the data landscape is defined by fragmented repositories: the Cancer 
Odor Database (COD) for volatile metabolites [20], OlfactionBase [53], HMDB [31], 
FOODB [32], mVOC [30], and AI-driven mapping platforms like Atomevo-odor [54]. 
While these resources demonstrate a demand for structured olfactory data, they 
remain isolated point-solutions. In the age of large, data-driven solutions, we believe 
now is the time to unify these efforts.  
 
There are also large olfactory perception datasets that have been collected in the 
wild [33,34].  
 
Introduction to Olfactory Sensing Capability  
There are two classes of hardware capabilities to sense volatile chemical signals, 
those that use lab equipment and those that can be deployed in the field. 
 
In the analytical laboratory, techniques such as GC-MS (Gas Chromatograph Mass 
Spec), PTR-MS, and SIFT-MS provide detailed chemical profiles, but data acquisition 
is slow, expensive, and requires highly trained operators. Calibration and 
reproducibility between instruments remain significant challenges [55], and some 
volatile compounds readily perceptible to biology are still difficult to capture and 
quantify analytically.  
 
Solutions that can be deployed outside of the lab that are designed to mimic 
biological olfaction often use arrays of gas sensors. These sensors have historically 
struggled with sensor drift, cross-sensitivity, and a lack of standardised data 
collection protocols [22,55]. Consequently, while we have witnessed the emergence 
of specific point solutions (from breath alcohol testing to Helicobacter pylori 
detection), we remain far from a general-purpose computational tool for chemical 
sensing that can match biology.  
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The lack of standardised and available hardware has led to a market where there are 
20 companies that produce 200 machines per year [56]. There are a small number 
commercially available solutions [57] but the majority of hardware products provide 
point solutions which are tailored to specific algorithmic applications but no 
incentives exist for broad purpose olfactory perception to be realised. A 
general-purpose platform of standardised sensing capability for olfactory perception, 
stands to open up new applications which cannot be supported by current market 
dynamics. 
 
Perception vs Discovery of Olfactory Signals 
We recognise two ways to address olfactory signals; 

1)​ Olfactory signal discovery: central discovery effort to identify signals that are 
significant underlying markers and require specific targeted sensing. Previous 
efforts have struggled with fragmented studies and poor underlying data 
quality [4,14]. We expect these applications to benefit from centralised signal 
discovery on standardised high quality lab equipment, which can be 
informed by contribution in Technical Area 2 such as modelling efforts. 

2)​ Olfactory perception: identifying an intermediate low-dimensional 
representation or odour map that has been started by neuroscientists and with 
contributions such as the Principal Odour Map (POM) [37]. There is debate 
amongst the community about what the true underlying dimensionality is of 
this space . 

This way of dividing the problem mimics biology where pheromone sensing targets 
specific molecules for a fast response to stimulus versus general olfactory perception 
which has a more complex neurological structure leveraging the olfactory bulb. 
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