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Abstract. Images tell us what a scene looks like, but rarely what it
would feel like to be there. While recent datasets pair visual scenes
with electronic-nose measurements, aligning smell signals with images
remains challenging because many olfactory cues arise from contextual
environmental factors that are not directly visible in pixels. We intro-
duce SCENT, a multimodal framework that uses language guidance as
a semantic bridge between vision and olfaction. Our approach leverages
Vision-Language Models (VLMSs) to generate scene descriptors captur-
ing objects, environmental context, and plausible ambient smell cues
suggested by the visual scene. These descriptors provide semantic guid-
ance for learning olfactory representations. We train a smell encoder
that maps electronic-nose signals into a shared embedding space aligned
with both visual and textual representations, and introduce a language-
guided latent decomposition that separates object-specific odors from
contextual environmental contributions. Experiments on the New York
Smells dataset demonstrate that SCENT significantly improves cross-
modal retrieval compared to vision-only baselines, achieving state-of-the-
art performance on smell-to-image and smell-to-text retrieval tasks. In
addition, our framework produces interpretable olfactory representations
that enable the disentanglement of complex smell mixtures. Our results
reveal the importance of contextual semantic information for grounding
olfactory perception in multimodal learning and pave the way for future
research in this area.
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1 Introduction

“A picture is worth a thousand words” (att. Frederick R. Barnard)
... but it rarely tells us what it feels like to be there..

In real environments, perception extends beyond vision. A photograph of a
busy street may evoke the smell of vehicle exhaust; a metro entrance may imply
the metallic scent of ventilation air. Although such environmental cues are rarely
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Fig.1: Not everything we can smell is visible. Given only View 1 (in-sample)
during training, the true olfactory context may lie outside the field of view, in View 2
(out-of-sample). A VLM can bridge this gap by inferring plausible smells from semantic
context alone. We use these language-derived signals as supervision to learn richer smell
representations that go beyond what is directly seen.
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visible directly, humans routinely infer them from visual context. Despite years
of progress in computer vision, Al systems today primarily capture what a scene
looks like, while remaining largely unaware of what it might feel like to be there.

Recent advances in Vision-Language Models (VLMs) suggest that this long-
standing idea may finally be realized: modern systems can generate rich descrip-
tions of visual scenes , answer questions about images , and
reason about complex environments through language . Their extensive
world knowledge opens the possibility of inferring what exists in a scene, beyond
what is visible.

Among sensory modalities, olfaction is particularly important. Smell conveys
rich semantic information that is difficult to infer from other modalities [211[52],
including food quality and safety , environmental conditions and airborne
hazards, such as pollution @ and toxic substances , as well as social cues
related to health and emotional state .

Advances in electronic noses (e-noses) [61] enable the capture of high dimen-
sional sensor measurements that characterize the chemical composition
of air. Mapping these raw signals to semantic representations is, however, fun-
damentally difficult. First, the image paired with each recording captures only a
partial view of the scene: smells diffuse freely and may originate from sources en-
tirely outside the camera’s field of view, so visual supervision alone cannot fully
account for what was measured (Figure . Second, a smell recording reflects a
mixture of contributions from multiple odor sources in the scene, making it hard
to disentangle individual semantic factors.

VLMs trained on large-scale data develop world knowledge that extends well
beyond visual appearence, learning to reason about physical, acoustic, and se-
mantic properties of scenes [26//58,/67]. This extends to olfaction, as Large Lan-
guage Models (LLM) can classify odors, predict smell descriptors, and identify
sources from natural language descriptions, demonstrating that smell associa-
tions are encoded through semantic context . Inherited from LLMs, modern
VLMs also hold natural knowledge priors which are useful for our problem:
given a scene image, a VLM can generate plausible olfactory descriptions that
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go beyond what the camera captures, directly compensating for the partial ob-
servability of visual supervision.

Building on this insight, we propose SCENT: Semantic Context-aware e-
Nose Transformer, a framework that integrates e-nose measurements with visual
and linguistic representations. Our approach first uses a VLM to generate struc-
tured textual descriptors of a scene, capturing objects, environmental context,
and plausible ambient smell cues. These descriptions serve as a semantic bridge
between vision and smell: they encode what a scene implies about its olfactory
environment, extending supervision beyond what the camera alone can observe.
The descriptors are encoded and used as semantic anchors for representation
learning. We train a smell encoder that maps e-nose signals into a shared em-
bedding space aligned with both visual and textual representations, enabling
multimodal representation of olfactory environments.

To further structure the learned representation, we introduce a latent de-
composition that separates object-specific odor signals from contextual envi-
ronmental contributions. This decomposition is guided by the text descriptions
produced by the VLM and encourages the model to disentangle the components
of complex olfactory mixtures.

We evaluate our approach on the New York Smells (NYS) dataset [44] and
demonstrate that integrating language guidance significantly improves multi-
modal alignment compared to vision-only baselines. Our method achieves state-
of-the-art performance on cross-modal retrieval tasks, including smell-to-image
and smell-to-text retrieval, while also producing more interpretable olfactory
representations. In summary, our contributions are:

— We introduce the idea of using language guidance as a semantic bridge
between visual scenes and olfactory signals, enabling the interpretation of
smell measurements through contextual world knowledge.

— We present SCENT, a multimodal framework for learning olfactory
representations that aligns e-nose, visual, and textual embeddings.

— We propose a language-guided decomposition of olfactory representa-
tions that separates object-related odors from environmental contributions.

2 Related Work

Cross-modal and multimodal supervision. Using one modality to supervise an-
other has a long history, spanning early self-supervised approaches [11] and
deep multimodal models [41], to more recent methods that exploit naturally
co-occurring sensor data for audio-visual [2,43] and visual-tactile [13}/66, /68|
learning. Models such as CLIP [45] and ALIGN |27] learn joint image-text rep-
resentations, while CLAP |16] extends this paradigm to audio and text. Similar
approaches have since been applied to video—text [37] and point cloud-text [70|
representation learning. Works such as CLIP4VLA [48]|, VALOR |[35], VAST |g],
mPLUG-2 63|, UMT |36], InternVideo2 [59|, and ConFu [31] align three modal-
ities at once. For higher order settings, existing methods often designate one
modality as an anchor and align the remaining modalities through pairwise
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contrastive objectives. For example, ImageBind [23]| uses images as the cen-
tral bridge, and LanguageBind [73| uses text. OneLLM |[25] aligns all modal-
ities to a frozen language model, and UniAlign [72] encodes modalities in a
unified mixture-of-experts architecture. More recently, alternative formulations
have been explored, including geometric approaches such as GRAM [10] and
TRIANGLE [9], and information-theoretic objectives such as Symile [50] and
CoMM |[15].

Language as a semantic bridge across modalities Machine generated language
provides a scalable alternative to manual annotation, enabling semantic super-
vision of modalities that are otherwise expensive to label. Early neural image
captioning |56] established that vision and language can be jointly modelled to
produce descriptive text from visual inputs. Later work leverages this ability
as a supervisory signal across diverse modalities. ULIP-2 [64] generates holistic
language descriptions from rendered views of 3D shapes, enabling scalable tri-
modal pre-training over point clouds, images, and text without any human anno-
tation. LAVILA |71] similarly uses LLMs as narrators to densely annotate video,
yielding supervision for contrastive video—text learning. Moving beyond vision,
WineSensed/FEAST [4] demonstrates that text and images can be aligned to
human sensory perception of taste, establishing that sensory modalities can be
grounded in shared multimodal representations. Building on these precedents,
we use VLM-generated descriptors to inject world knowledge and contextual
cues into olfactory representation learning.

Machine olfaction and olfactory representations. Machine olfaction has histori-
cally focused on constrained settings using specialized or laboratory-grade sens-
ing [12}/19140%147,[55|60], enabling applications such as scent design [49], dis-
ease detection [20,22], and security [54]. At the molecular level, prior work
has used psychophysical data and graph-based models to predict perceptual
attributes [14}28] and to define a principal odor map (POM) [32], while mix-
ture and similarity studies remain limited [46,[51]. Recent findings from neuro-
science emphasize the importance of studying olfaction under natural concen-
tration ranges [57]. Concurrently, recent work examines how well large language
models can reason about smell [3§].

Moving beyond lab-based limitations, the New York Smells (NYS) dataset
[44] is a large-scale multimodal benchmark designed for "in-the-wild" smell per-
ception. It comprises 7,000 image-olfactory pairs, collected across diverse urban
environments ranging from indoor libraries to outdoor parks. NYS frames olfac-
tory learning as direct cross-modal alignment between visual imagery and e-nose
signals. Our approach differs from NYS by using language as a semantic bridge
to inject prior world knowledge into smell representation learning, capturing ol-
factory cues that visual appearence alone cannot express. To our knowledge, no
existing work combines olfactory sensor signals with vision and text together.
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Fig. 2: Textual scene descriptors via VLM inference. Given an image, a pre-
trained VLM generates object, contextual, and inferred smell descriptors, which serve
as language guidance for olfactory representation learning.
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3 Method

We introduce SCENT: Semantic Context-aware e-Nose Transformer, a frame-
work for learning olfactory representations from e-nose measurements, guided
by vision and language. Our key insight is that an olfactory signal X € RE*7T (a
C-channel e-nose recording over T time steps) reflects odor contributions from
the entire scene, yet paired visual observations capture only a subset of these
factors (Figure . In other words, smell information is only partially observ-
able from visual input. To bridge this gap, we leverage the strong world priors
of Vision-Language Models (VLMs) , which can infer plausible olfactory
cues from visual context.

SCENT therefore combines three stages: (1) VLM-based semantic scene aug-
mentation (Figure Section; (2) multimodal olfactory representation learn-
ing (Figure[3|(a), Section[3.2)); and (3) latent smell disentanglement that separates
object and contextual odor components (Figure [3|(b), Section [3.3).

3.1 VLM-based Semantic Scene Augmentation

The NYS dataset provides images I and corresponding smell measurements X.
To expose the environmental factors that shape olfactory perception, we query a
pretrained VLM through a structured prompt, eliciting its prior world knowledge
at three semantic levels. Given an image I, the VLM produces a set of language
descriptors:

1 K
T(I) = {tobjatctx’tgnzenv s 7t£m2,11} ’

where t,p; denotes a textual description of the primary object in the scene, t¢x
describes the surrounding environmental context, and {tg;l)eu}kK:l are textual
descriptors referring to plausible ambient smell cues suggested by the scene con-
text. These descriptors provide semantic cues that may relate to the measured
olfactory signal but are not directly encoded in the image alone. As shown in
Figure [2| we explore several prompting schemes and adopt the rightmost one,
which explicitly encourages the VLM to infer potential olfactory elements.
These descriptors are combined and prompted into a textual description and
encoded using the frozen CLIP text encoder: zT = fr(prompt(7T)) € R312.
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Fig. 3: Overall framework for multimodal olfactory representation learning
and disentanglement. (a) Smell Representation Learning: We train a Smell Encoder
to align smell fingerprints with CLIP visual (27) and textual (27) embeddings. The
dual projection heads yield z7 and z3. (b) Latent Smell Disentanglement: Leveraging
the pretrained encoder, we disentangle the smell representation into object (szj) and
context (zftx) components. These components are aligned with their respective linguis-
tic descriptors via Lob; and Leix.

The resulting representation 27 serves as language supervision in the multimodal

alignment stage (Section [3.3)), helping compensate for information missing from
visual observations.

3.2 Learning Multi-modal Olfactory Representations

With visual observations I and augmented smell descriptors T'(I) available, we
learn an olfactory representation aligned with both visual and textual modalities.

Olfactory Encoder. The smell signal X is processed using a Transformer-based
encoder fg that models temporal dependencies across sensor measurements,
yielding 2% = fg(X). This embedding captures the global structure of the olfac-
tory signal. To enable alignment with visual and textual modalities, we apply
two modality-specific projection heads:

2 =¢1(2%) e R, 20 = ¢r(2°) e R,

which map the olfactory representation toward the visual and textual embedding
spaces, respectively (Figure .

Visual and Textual Encoders. We obtain visual embeddings z! using CLIP’s [45
image encoder, and textual embeddings z” using CLIP’s text encoder, as de-
scribed in Section Bl We have:

= f1(I) € R%2 2T = fr (prompt(tobj,tctx,tirlgeu, . ,t(K) )) € R512.

smell

While the text encoder remains frozen to preserve semantic structure, the
image encoder is fine-tuned to adapt its features towards olfactory-relevant cues.
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Multimodal Alignment. We train the smell encoder by aligning the projected
smell representations with their corresponding visual and textual embeddings
using symmetric InfoNCE losses [42}/45|. Let sim(-,-) denote cosine similarity.
For a batch of N samples we compute

L= Ly (10 Zexp(sim<z?iwzf>/7> oy CDl(E /) >

ToON N . N -
2N j=1 exp(sim(z7;, 2)/7) > j— exp(sim(z] ;. 2]) /7)

=1
where 7 is a learnable temperature parameter. Lgp is computed analogously
using (z%, 2T). The overall representation learning objective is

Liotal = A\1sLrs + AstLsT . (1)

This stage produces an olfactory embedding that is jointly structured by the
smell measurements, the visual scene, and the augmented language descriptors
generated by the VLM.

3.3 Latent Smell Disentanglement

The representation 2z learned in the previous stage captures the overall olfac-
tory signal present in the measurement. However, smell recordings often contain
a mixture of sources, including odors emitted from the target object as well as
background environmental factors. To disentangle these contributions, we intro-
duce a latent decomposition of the olfactory representation into object-specific
and background-related components. This step is illustrated in Figure 30

Latent Decomposition. Our goal is to decompose the learned embedding into
two components:

s s s s
Zobj = ¢0bj (ZT) and thx = ¢Ctx(ZT) B
where 25 . and 235, exclusively represent object-related odor factors and the
obj ctx

remaining contextual environmental contributions, respectively.

Semantic Alignment. The decomposition is enabled by the practical composi-
tionality of language descriptors, i.e. we have separate text encodings for an
‘object’ and the ‘context’ of the scene it is located in. During training, each
decoded smell component is aligned with its corresponding textual descriptor
obtained in Section to provide explicit supervision: the object component

zosbi is aligned with the object descriptor t,y;, while the contextual component

S is aligned with the context descriptor tciy.

ctx
Denoting z(ij and zX, the corresponding CLIP text embeddings. We en-
force this decomposition through contrastive losses. Let sim(:,-) denote cosine

similarity. For a batch of N samples, we compute:

zZ,
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N .
1 Z log eXP(Slm(szj,i» Z(Z;)jz)/T)

‘Cobj = — = ~ '
N i=1 Zj:l eXp(s1rn(z§bj,i7 ZZ;)J_J)/T)
N ) s ’
1 exp(sim(z3,, ;, 25 )/T)
LCtﬂ = 7N Z log ctx,i) “ctx,t

N . :
i=1 Zj:l exp(&m(zfm,i, Zcthg)/T)

Reconstruction Constraint. To ensure that the decomposition preserves the in-
formation contained in the original smell signal without representation collapse,
we also implement a reconstruction objective. A decoder d(-) predicts the smell
signal from the concatenated latents:

[:rec = HX_d([ZS ZS ])"2

obj» “ctx

The disentanglement stage is therefore a weighted combination of these losses:

Lais = Eobj + Letx + ArecLrec - (2>

Aree 18 @ weighting factor for the reconstruction loss, which acts as a regularizer to
prevent embedding collapse. This decomposition encourages SCENT to separate
object-specific odor signals from contextual environmental contributions while
remaining consistent with the underlying sensor measurements.

4 Experiments

4.1 Implementation details and experiment settings

Dataset. We evaluate SCENT on the New York Smells (NYS) dataset [44],
the largest multimodal benchmark for in-the-wild olfactory perception. NYS
contains 7,000 paired image-smell samples across 3,500 distinct object categories.
We use 5,996 training and 936 validation samples; all baselines and ablations
share this split.

Implementation Details. Each olfactory sample comprises a 32-channel resis-
tance signal from an e-nose array, consisting of a baseline recording (B € R*T)
of ambient air and a sample recording (S € R“*7T) taken near the object, where
C = 32 is the number of sensor channels and T denotes the temporal dimen-
sion (typically 14 timesteps). Following [44], we use a unified olfactory input X
formed by the temporal concatenation of the two signals: X = [B;S] € RE*2T,
Our olfactory encoder fg is a Transformer with 6 layers and 8 attention heads.
The input signal X is projected to a 448 dimensional embedding and augmented
with sinusoidal positional encodings, the resulting olfactory representation z° is
then mapped to the 512-dimensional CLIP visual and textual spaces using two
MLP projection heads. For semantic augmentation, we use Qwen3VL-30B [65]
to generate descriptors {tobj, tetx; tsmen }- We employ CLIP ViT-B/16 [45] as our
image-language encoder backbone. During training, the text encoder remains
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frozen, while the vision encoder is trainable, unless stated otherwise in specific
ablation studies. Additional architectural and training details are provided in
the supplementary material.

FEvaluation Metrics and Retrieval Tasks. We evaluate SCENT across two pri-
mary categories, single-modality and joint-modality retrieval, to assess the align-
ment of olfactory features with individual and combined semantic spaces. We
report standard retrieval metrics: Recall@k (%) (RQk for k € {1,5,10,20}).
Single-modality Retrieval (S2I, S2T): These tasks evaluate the model’s
ability to align olfactory signals with a single target modality. In Smell-to-Image
(S21) and Smell-to-Text (S2T), a query smell signal is used to rank and retrieve
candidates from a set of images or textual descriptors, respectively, based on
cross-modal similarity.

Joint-modality Retrieval (S2IT): This task evaluates the model’s perfor-
mance in a fully multimodal setting. The query is a singular olfactory signal,
and the search database consists of (Image, Text) pairs. For each candidate pair
in the gallery, the model must compute a joint similarity score that accounts for
both the visual and textual components. We compute this score via latent-level
fusion of the dual olfactory projections; full details and a comparison with an
alternative fusion strategy are provided in the supplementary material.

Baselines. As the current state-of-the-art on the NYS dataset [44] is a vision-
only model, it serves as our primary comparison for the S2I task. However, since
this baseline lacks a native textual projection, it cannot be directly applied to
tasks involving language. Moreover, the original work does not provide publicly
available code or pretrained weights, requiring us to reproduce the model based
on the descriptions in the paper. To establish a rigorous baseline for text-based
tasks, we reproduce the NYS model and implement NYS (adapted) for multi-
modal retrieval tasks, which utilizes a two-stage “Image Bridge” (IB) protocol:

— S2T Retrieval: The model first retrieves the top-1 most visually similar
image to the query smell using its olfactory-visual head. This “bridge” image
is then encoded via a frozen CLIP ViT-B/16 [45] model and used to rank
textual candidates in the CLIP latent space.

— Joint Retrieval (S2IT): For S2IT, a composite score is formed by sum-
ming the smell-image similarity (from the NYS model) with the pre-existing
image-text alignment score (from CLIP) for each candidate pair.

4.2 The Necessity of Language Guidance

We first motivate SCENT by evaluating the impact of different supervision lev-
els while keeping visual and textual backbones frozen (Table . Aligning smell
solely with images (S2I) achieves a baseline R@5 of 12.1. When aligning strictly
with text (S2T), we observe that performance is highly dependent on the seman-
tic granularity of the descriptors. Using only isolated object labels (O) results
in poor alignment (8.8 R@5), as these labels fail to capture the environmental
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Table 1: Impact of semantics on olfactory alignment. We evaluate the retrieval
performance of our olfactory encoder when aligned with frozen CLIP visual and textual
spaces. Results indicate that simple object labels (O) provide insufficient supervision,
whereas incorporating context (Ctx), and inferred ambient smells (I) yields the better
cross-modal alignment across both single and joint retrieval tasks. Best results in bold.

Align. Strategy Textual Info Smell Retrieval
O Ctx S R@5 R@10 R@20
Image (S2I) 12.1 18.3 29.2
Text (S2T) v 8.8 (-3.3) 14.4 (3.9 24.9 (-a.3)
v v 10.8 (1.3 18.3 (0.0 28.1 -1.1)
v v vV 12.4 (10.3) 19.2 (10.9) 29.0 (-0.2)
Image & Text (S2IT) v v 14.3 (2.2 22.5 (14.2) 35.1 (5.9

factors present in the sensor data. However, as we incrementally add contextual
descriptors (Ctx) and VLM-inferred ambient smells (S), performance improves
significantly, eventually surpassing the image-only baseline. The most robust rep-
resentations are formed through the joint Image&Text strategy. By aligning
the smell encoder with both modalities simultaneously using our semantic-rich
template (O+ Ctx+S), we achieve 14.3 R@5. This confirms that language guid-
ance offers a critical semantic bridge that visual features alone cannot provide.

4.3 Comparison to State-of-the-Art

In Table [2] we compare SCENT against the state-of-the-art NYS benchmark.

S2I Retrieval. We observe that language guidance improves performance even
on purely visual tasks. In the S2I setting, SCENT outperforms the reproduced
NYS baseline (R@5 from 20.0 to 22.1) even only with object labels O. This
confirms that the semantic structure of language helps the olfactory encoder
extract more discriminative features than vision alone. As contextual (Ctx) and
inferred smell (S) descriptors are added, S2I performance peaks at 23.0 R@5,
indicating that a more complete semantic description of the scene complements
the visual signal and improves the olfactory representation.

S2T and S2IT Retrieval. On tasks involving language, the advantage of our pro-
posed architecture is even more apparent. The NYS (adapted) baseline strug-
gles with the semantic gap, as its “Image Bridge” is limited by what is explic-
itly visible. In contrast, SCENT leverages its native textual projection head to
achieve 11.9 R@5 on S2T retrieval, a 47% relative improvement over the best
adapted baseline. Furthermore, our joint-modality retrieval (S2IT) results show
that SCENT effectively fuses visual and textual cues, outperforming the baseline
by over 7% in R@5.
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Fig. 4: Mean cosine similarity between the ground-truth and top-k retrieved items, in
frozen CLIP image space (orange) and learned olfactory space (teal), for k € {1,5,50}.
Solid lines: SCENT; dashed: NYS.

Visual vs. Olfactory Discriminativity. Figure [] plots the mean cosine similar-
ity between the ground-truth item and the top-k retrieved items, measured in
frozen CLIP image space (orange) and in the learned olfactory space (teal), for
k € {1,5,50}. Image features are weakly discriminative: scores remain nearly
flat across retrieval ranks, failing to separate good retrievals (R@1) from bad
ones (R@50). In contrast, olfactory features drop sharply with retrieval rank;
SCENT’s smell curve (solid) decays faster than NYS’s (dashed), confirming both
that smell is the necessary modality for this task and that SCENT learns a more
discriminative representation. Notably, NYS achieves similar S2T visual similar-
ity to SCENT yet 32% lower R@5, showing that visual proximity does not imply
correct olfactory match.

Qualitative Analysis. We visualize the S2IT retrieval performance in Figure [
Each row corresponds to one example and the columns illustrate the top-5 im-
ages from the retrieved (Image,Text) pairs. Despite the inherent difficulty of
the olfactory-to-visual mapping, SCENT consistently ranks the correct seman-
tic category within the top-5 results. Notably, the model handles fine-grained
differences (e.g., distinguishing between different types of foliage or tree barks)
and identifies objects regardless of their visual state, such as the peeled banana
or the sliced pizza, by leveraging the underlying olfactory cue.

4.4 Ablation Studies

Impact of Semantic Granularity. We first evaluate how the complexity of the
textual descriptors impacts olfactory alignment. As shown in Table[2] we observe
a consistent performance gain across all tasks as the supervision transitions from
simple object labels (O) to scene-aware descriptions that include environmental
context (Ctx) and inferred ambient smells (S). In the S2I task, expanding the
semantic scope beyond basic labels improves R@Q5 from 22.1 to 23.0, suggest-
ing that language context complements the missing information from the visual
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Fig. 5: Qualitative results for S2IT retrieval. For a given olfactory query, we
show the ground-truth image in the column and the top-5 images from the
retrieved (Image, Text) pairs. The retrieval is highlighted. SCENT demon-
strates robust cross-modal alignment across diverse categories, successfully retrieving
the correct match even when the visual appearance varies significantly from the query
(e.g., the pizza box in Rank 1 vs. the open pizza in query).

modality during olfactory representation training. This trend is even more evi-
dent in language-centric tasks: for S2T, moving from O to the full O 4+ Ctx+ S
template yields an improvement from 8.0 to 11.9 R@5. Notably, the inclusion of
VLM-inferred smells provides the best performance, validating our hypothesis
that while visual features may miss the olfactory essence of a scene, high-level
language inferring can recover these unobservable cues to better align the olfac-
tory latent space.

Image Bridge Ablation. To isolate the benefit of our three-stream architecture
from the VLM-generated language guidance, we apply the Image Bridge protocol
to SCENT: we disable the ST head and route S2T /S2IT retrieval via the IS head
and a frozen CLIP proxy, mirroring the NYS' (adapted) baseline (Table. S2T
and S2IT degrade, confirming that the gains stem from the three-stream design
and not solely from VLM-enriched training data. Notably, SCENT with IB still
outperforms NYS' (adapted) with IB, showing that co-training with the ST loss
also improves the IS head.

VLM Sensitivity Analysis We evaluate how the choice of Vision-Language Model
affects retrieval performance, keeping all other components of SCENT fixed. Re-
sults are shown in Table[5} Performance scales with VLM reasoning quality rather
than parameter count alone: Qwen3-VL-30B outperforms the larger Qwen2.5-
VL-72B across all tasks, consistent with the multi-hop reasoning required to
infer plausible olfactory cues from visual context. Smaller models (Qwen3-VL-
8B, Gemma 4 E4B) produce weaker annotations, yielding lower retrieval per-
formance, particularly on language-centric tasks (S2T). These results confirm
that annotation richness, and therefore downstream alignment quality, is driven
primarily by the model’s reasoning capability rather than its scale alone.
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Table 2: State-of-the-art comparison on the NYS dataset. We compare SCENT
against the vision-only NYS baseline |[44] across single-modality (S2I, S2T) and joint-
modality (S2IT) tasks. To enable a comparison on language-based tasks, we implement
NYS (adapted) using an "Image Bridge" protocol. Our method consistently outper-
forms the adapted baseline, demonstrating that native three-stream alignment with
inferred semantic cues captures nuanced olfactory information that is unobservable
through visual features alone.

Textual Info S21 S2T S2IT
Method

O Ctx S R@l1 R@5 R@10 R@20 R@1 R@5 RQ@10 R@20 RQ1 R@5 R@10 R@20
NYS* 44 — 165 29.6 431 — —
NYst 54 20.0 299 420 — —

— 1.7 6.2 104 144 39 156 258 39.1
v — 25 87 127 183 3.9 159 252 387
— 26 81 129 192 49 185 275 40.7

NYS' (adapted)

5.6 221 327 424 16 80 138 21.5 59 220 324 426
v 59 21.8 324 452 28 107 173 28.1 6.1 21.3 325 45.7
v v v 6.0 23.0 335 436 3.3 11.9 19.8 29.2 6.8 23.3 32.7 425

ANENIENENEN
\
\

Ours

* Results reported in the original NYS paper [44].
T Results reproduced.

4.5 Annotation quality.

To verify that VLM-generated descriptors infer real olfactory context rather
than plausible hallucinations, we use a second VLM, the “judge”. We provide a
held-out second view of the same scene EL and the judge scores each annotation
on two criteria: plausibility (is the annotation contextually reasonable given
both views?), reaching 98.6%; and View-2 confirmation (does the annotation
specifically predict content hidden in View 1 but visible in View 27), reaching
32.2%. This confirms that our descriptors capture real concealed scene content
rather than generic guesses, as illustrated in Figure [f]

4.6 Latent Smell Disentanglement

We evaluate the ability of SCENT to decompose a complex olfactory signal into
its constituent parts: the target object and the environmental context.

FEvaluation Protocol: Recombination Retrieval. To evaluate whether the latent
decomposition ¢op; and ¢« effectively isolates object-specific and environmental
olfactory components, we propose a zero-shot recombination retrieval task.
We identify (Object, Context) pairs in the validation set that never appear

! The NYS dataset provides two different camera views per recording, captured si-
multaneously from different angles of the same scene (Figure . View 2 is never
used during the annotation process or in training. It is withheld exclusively for this
validation experiment.
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Table 3: Image Bridge (IB) ablation.
Replacing SCENT’s native ST head with
an Image Bridge proxy confirms that per-
formance gains stem from the three-stream
architecture.

Table 4: Recombination retrieval.
Decoded Synthesis (ours) outper-
forms Raw Recombination on zero-
shot (Object, Context) pairings unseen
during training.

S2T S2IT

Method 1B Query Type R@1 R@5 R@10 R@20
R@5 R@20 R@5 R@20
Raw
NYS' (adapted) v 8.1 19.2 185 40.7  Recombination °>° °>9 78 9.8
SCENT v/ 91 188 214 438 Decoded

2.0 9.8 11.8 13.7

SCENT (ours) X 11.9 29.223.3 42.5  Synthesis (ours)

Table 5: VLM sensitivity analysis. All variants are SCENT trained with O+ Ctx+
S descriptors; only the VLM used for annotation differs. MMLU score is reported as a
proxy for general reasoning capability.

VLM MMLU S2I S2T S2IT
R@5 R@20 R@5 R@20 R@5 R@20
Gemma 4 E4B [24] 69.4 196 433 7.7 19.8 202 444
Qwen2.5-VL-72B |3 71.2 200 421 81 205 19.7 419
Qwen3-VL-8B |65] 71.6 191 399 6.5 220 20.3 40.0
Qwen3-VL-30B [65] (ours) 77.8 23.0 43.6 11.9 29.2 23.3 42.5

together in the training data, although the individual objects and contexts are
present separately across different training samples.

For each such pair, we construct a synthetic query by pairing an object factor
Zf)qu from one training sample (e.g., “coffee”) with a context factor z3,, from
a distinct training sample with the target background (e.g., “outdoor park”).
We then utilize the decoder g(-) to synthesize a novel smell fingerprint X =
g([szj; 25.]). The task is to retrieve the ground-truth validation samples where

this specific combination occurred.

We compare our Decoded Synthesis against a Raw Recombination base-
line, which creates a query by manually concatenating the raw sensor baseline
(B) and sample (S) signals from two different training exemplars. This protocol
tests the model’s ability to perform compositional generalization.

Quantitative Analysis. As shown in Table ] we evaluate the retrieval perfor-
mance of these synthetic queries within our latent space, by passing the query
smell fingerprint X through our smell encoder. Our Decoded Synthesis outper-
forms the Raw Recombination baseline. While the raw baseline plateaus at 9.8
R@20, our synthesized fingerprints achieve 13.7 R@Q20.
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VLM Caption:
colorful plastic block

“What do we see?”
£ > wooden desk

“What can we plausibly smell *  faint paper dust

air condition [

Zero-shot 2nd-view overlap check:
Recalled 32.2%

VLM Caption: colorful plastic block

. -
“What do we see? S wooden dos

stack of papers

air condition unit

Setup of the E-Ni and Image
(from NYS [0zguroglu’ 2025]) Second View
(taken by RealSense; NOT included in the training)

Fig. 6: Held-out view validation setup. A VLM infers plausible smells from View 1;
a second VLM judge uses a held-out View 2 to verify the inferences, distinguishing
grounded predictions from hallucinations.

5 Limitations and Conclusion

Despite the performance gains of SCENT, several challenges remain. The reliance
on e-nose sensors introduces inherent stochasticity, as these hardware devices are
prone to temporal drift and cross-sensitivity to environmental factors such as
humidity and temperature. Furthermore, while the NYS dataset is a significant
milestone, a substantial gap remains between olfactory benchmarks and the web-
scale datasets used to train vision-language backbones.

In this paper, we addressed the fundamental challenge of aligning high-
dimensional electronic-nose signals with visual data, recognizing that images
often fail to capture the pervasive environmental context of olfaction. We in-
troduced SCENT, a multimodal framework that employs language guidance
as a semantic bridge, leveraging the extensive world knowledge embedded in
VLMs to infer plausible ambient olfactory cues. Through a language-guided la-
tent decomposition, our model effectively disentangles object-specific odors from
broader environmental factors. Extensive experiments on the New York Smells
(NYS) dataset demonstrate that this semantic grounding enhances cross-modal
retrieval performance across both single and joint modality tasks. Moroever, our
language-guidance mechanism achieves decompositionality of olfactory informa-
tion, facilitating generalization to out-of-distribution (OOD) samples.
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