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Abstract. Scene datasets often exhibit substantial intra-class variabil-
ity, where images belonging to the same semantic category contain mul-
tiple latent scene configurations characterised by different object compo-
sitions, spatial layouts, and functional contexts. This variability degrades
the underlying semantic structure and increases representation ambigu-
ity. This work introduces a two-stage scene structuring framework com-
posed of Semantic View Induction (SVI) and SceneStruct. SVI discovers
latent semantic views directly from image representations without prede-
fined subclasses or manual annotations. SceneStruct then assigns images
to the induced views using open-set object evidence while explicitly pre-
serving ambiguous samples. Experimental evaluation on Hotel-ID and
SUN397 demonstrates that the proposed framework induces three and
two semantic views, respectively, while confidently structuring 94.08%
and 99.38% of samples, leaving 5.92% and 0.61% as ambiguous. On
Hotel-ID, restructuring increases retrieval PQ1 from 38.60% to 48.28%
and mAP@5 from 49.80% to 57.17%, while classification accuracy in-
creases from 36.56% to 40.96%. On SUN397, classification accuracy in-
creases from 63.41% to 69.74%. These results show that semantic view
induction can uncover latent scene structure while preserving uncertain
samples and is associated with improved downstream performance.

Keywords: Scene Understanding, Data-Centric Learning, Open-Vocabulary
Object Detection, Semantic Induction

1 Introduction

Large-scale scene datasets are the foundation for many computer vision appli-
cations, including image retrieval, scene recognition, place recognition, robotic
navigation, and visual reasoning [23, 3]. One application is multimedia geoloca-
tion for human trafficking investigations, where visual evidence is examined to
derive location information [6]. Despite their widespread use, scene categories
often exhibit substantial intra-class variability arising from differences in object
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composition, spatial arrangement, viewpoint, illumination, and functional con-
text [20]. Images assigned to the same category label may therefore correspond
to multiple distinct semantic configurations despite sharing a common scene
identity.

Conventional visual learning pipelines typically optimise representations us-
ing the existing category labels. A coarse category label does not describe the
internal configurations of a scene. A model trained on such labels must there-
fore accommodate variation that is not explicitly represented within the dataset
organisation.

Approaches to improving feature discrimination include changes to model
architecture, metric learning objectives, and supervision strategies [18,8,21].
These approaches focus on the representation or learning objective, while visually
distinct scene configurations can remain grouped under the same category during
training.

This work investigates a dataset-level approach to representing recurring con-
figurations within existing scene categories. The objective is to discover candi-
date semantic views and use object evidence to organise images around these
views, with an explicit option for leaving uncertain assignments unresolved.

To this end, this work introduces Semantic View Induction (SVI), a frame-
work that discovers views by clustering image representations within existing
scene categories. Each induced view is intended to represent a recurring scene
configuration. Building upon these views, SceneStruct uses open-set object ev-
idence to assign images to views and retains uncertain samples in a separate
ambiguity set. The resulting organisation preserves the original category labels
for downstream learning and makes the induced views and assignment decisions
available for inspection.

The evaluation examines both dataset properties and downstream task per-
formance. Coverage and detection confidence describe the assignments and their
object evidence, while intra-class variability and inter-view similarity describe
the geometry of the CLIP representation space used for view induction. These
geometric measurements do not independently establish semantic correctness.

Under the reported downstream model and optimisation settings, the Struc-
tured condition achieves higher retrieval and classification scores than the Orig-
inal condition. The ambiguity comparison also shows higher classification ac-
curacy for Structured than for Forced Assignment on both datasets. However,
the conditions differ in ambiguity filtering and the resulting training and valida-
tion populations. The separate contributions of semantic assignment and sample
selection therefore remain unresolved.

The main contributions of this work are summarised as follows:

— Semantic View Induction (SVI), a framework for discovering candidate se-
mantic views within existing scene categories without predefined subclasses
or additional per-image view annotations.

— SceneStruct, an object-guided assignment framework that organises images
according to SVI-induced views and retains uncertain assignments in an ex-
plicit ambiguity set.
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— A set of descriptive dataset metrics for quantifying view coverage, object de-
tection confidence, within-view dispersion, and inter-view similarity.

— An evaluation on Hotel-ID and SUN397 reporting changes in CLIP represen-
tation geometry and higher downstream scores under the reported protocol.

2 Related Work

2.1 Scene Understanding and Visual Representation

Scene understanding plays a central role in computer vision applications such
as image retrieval, scene recognition, place recognition, and visual reasoning.
Large-scale datasets including SUN397 [23], Hotels-50K [20], Hotel-ID [19], and
Google Landmarks [22] have supported the development and evaluation of visual
representations across scene recognition, hotel recognition, and instance-level
recognition and retrieval.

Scene categories may nevertheless exhibit substantial intra-class variability
arising from differences in viewpoint, object composition, illumination, and func-
tional context. Such variability has been considered in fine-grained visual recog-
nition [4] and remains relevant to scene and place recognition, where images
associated with the same identity or location can exhibit substantial visual dif-
ferences [17]. This motivates representations and dataset organisations that can
account for internal variation within coarse semantic categories.

2.2 Representation Learning under High Intra-Class Variability

Metric learning provides one direction for handling variability within visual rep-
resentations. Triplet-based learning [18], angular-margin objectives such as Arc-
Face [8], and proxy-based methods such as ProxyNCA++ [21] learn embedding
spaces that encourage samples with related identities or classes to form more
discriminative representations.

For indoor geolocation, Bamigbade et al. [5] combined dominant colours and
colour histograms with learned image embeddings, evaluating the fused represen-
tations through classification and metric learning. This approach adds explicit
colour information to the learned representation.

Other approaches exploit local or structural visual information. RoomNet
models room layout for indoor scene understanding [12], while LocalViT inves-
tigates the role of locality within vision transformer representations [14]. These
approaches modify the representation, architecture, or learning objective while
operating on an existing dataset organisation. This work considers a complemen-
tary data-centric direction by identifying latent semantic configurations within
coarse scene categories and explicitly representing them as semantic views before
downstream learning.



4 O. Bamigbade et al.

2.3 Object-Centric Scene Understanding and Open-Vocabulary
Detection

Object-level information provides an interpretable source of evidence for scene
understanding. Object ensembles have been explored for hotel recognition [7],
while object and convolutional feature representations have also been used to
improve indoor scene recognition [10]. These studies demonstrate the value of
local and object-related information when global scene appearance alone may
be insufficient.

Aftab et al. [1] used detected electrical sockets and their predicted types to
constrain candidate countries for indoor images. Their method uses a predefined
set of socket types to derive geographical constraints from object evidence.

Recent vision-language methods extend object-level reasoning beyond fixed
detection vocabularies. GLIP [13], Grounding DINO [15], OWL-VIiT [16], and
ViLD [9] enable language-conditioned or open-vocabulary object detection. These
methods are primarily designed for detection, grounding, and open-vocabulary
recognition. In this work, open-vocabulary detection serves a different purpose:
object evidence is used to associate images with latent semantic views discovered
through representation-space analysis.

2.4 Dataset Organisation and Semantic Structuring

The organisation of visual collections has been considered in retrieval, indexing,
and localisation. NetVLAD learns global image representations for place recog-
nition [3], while data-centric approaches have been explored for image scene
localisation [2]. Scene-graph representations provide another form of explicit
structure by supporting image retrieval through learned similarities between
scene graphs [24]. Earlier work has also investigated subdividing landmark im-
age classes according to spatio-temporal and visual characteristics for large-scale
indexing [11].

These approaches demonstrate different ways of exploiting structure within
visual collections. The present work instead focuses on discovering latent se-
mantic structure within existing scene categories. SVI induces semantic views
without predefined subclasses, while SceneStruct uses object-level evidence to
organise images according to the induced views and explicitly preserves ambigu-
ous samples. This provides a data-centric mechanism for representing semantic
variability within coarse scene categories.

3 Method

3.1 Problem Formulation

Let D = (x4, 97)?;1 denote a scene dataset, where x; is an image and y; is a coarse
scene label. Conventional scene datasets assume that all images sharing the same
label belong to a single semantic category. In practice, however, many scene cat-
egories contain multiple latent semantic configurations arising from differences
in object composition, spatial layout, viewpoint, and functional context.
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Fig. 1. Overview of the proposed two-stage dataset structuring pipeline. Center: High-
level pipeline transforming a scene dataset into a structured representation via SVI
followed by SceneStruct. Top: Internal components of SVI for unsupervised semantic
view discovery, naming, and prototype selection. Bottom: Internal decision process of
SceneStruct.

This work models such variability through a set of latent semantic views

V:’ULUQ,-.-,'UK, (1)

where each view represents a recurring semantic configuration within a scene
category. In addition, some images may not exhibit sufficient evidence to sup-
port a reliable assignment to any dominant semantic view. These samples are
represented through an ambiguity set

ACAX. (2)

The objective is therefore to recover a mapping

g: X > VU{A}, (3)

where images are assigned either to a semantic view or to an explicit ambi-
guity state A.

To achieve this objective, this work introduces a two-stage framework con-
sisting of SVI and SceneStruct. SVI discovers latent semantic views directly
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Algorithm 1: SVI + SceneStruct

Input: Scene dataset D = {mi}f-v:l, image encoder f(-), open-set object
detector

Output: Structured dataset S

Stage 1: Semantic View Induction (SVI)

Extract image embeddings: e; = f(x;).

Cluster embeddings to obtain candidate views.

Retain clusters satisfying support threshold 7 as semantic views V.

Assign remaining samples to ambiguity set A.

Compute view centroids p,, and semantic descriptors tm-

Stage 2: SceneStruct
Construct view-specific object descriptors ¢(v) for v € V.
foreach image z; € D do
Extract object detections O(x;).
foreach view v € V do
| Compute compatibility score s(v|z;).
end
V" ¢ arg maxycy s(v|x;)
if s(v*|z;) — s(v’|z;) > 6 then
| Assign z; to v*
end
else
| Assign z; to A
end

end
Construct structured dataset S from view assignments.
return S

from image representations, while SceneStruct leverages object-level evidence
to organise images according to the discovered semantic structure. An overview
of the proposed framework is illustrated in Figure 1, and the overall two-stage
restructuring pipeline is summarised in Algorithm 1.

3.2 Semantic View Induction

The objective of SVI is to discover recurring semantic configurations within a
scene category directly from image representations. Given an image x;, a pre-
trained vision-language model is used to obtain a semantic embedding

€; = f(xz)a (4)

where e; € R? denotes the embedding associated with image z;. All embed-
dings are {5 normalised prior to view discovery.

Semantic views are identified through density-based clustering within the
embedding space. Let

C={ci,co,...,cm} (5)



Semantic View Induction 7

denote the set of discovered clusters. Clusters satisfying a minimum support
criterion are retained as semantic views,

V={cm €C:len|>71}, (6)

where 7 is the minimum cluster size threshold.

Not all images participate in stable semantic structures. Scene datasets fre-
quently contain mixed-content samples, transitional configurations, and atypical
viewpoints that exhibit weak affinity to any dominant semantic view. To account
for this phenomenon, SVI introduces an explicit ambiguity set

A={x; € X :2; ¢ v,VveV}. (7

Unlike conventional clustering approaches that enforce a complete partition
of the dataset, the ambiguity set preserves uncertain samples and prevents struc-
turally inconsistent assignments.

For each retained semantic view v,,, a centroid representation is computed
as

o, = ﬁ Z €;. (8)

€;€EVm

To facilitate interpretation, each semantic view is assigned a semantic de-
scriptor from a predefined vocabulary of scene concepts. The descriptor associ-
ated with view v, is obtained through nearest-neighbour matching in the shared
embedding space:
fin = argmasgcos(ji. ;). (9)

where T denotes the descriptor vocabulary and cos(-,-) represents cosine
similarity.

The output of SVI therefore consists of a set of semantic views V, an ambi-
guity set A, and a semantic descriptor associated with each induced view. These
components provide the semantic structure used by SceneStruct for object-
guided dataset organisation.

3.3 SceneStruct

While SVI discovers latent semantic views, it does not directly reorganise the
dataset. SceneStruct operationalises the induced semantic structure through
an object-guided assignment process that associates images with semantically
coherent views while preserving ambiguity.

Each image «x is processed using an open-set object detector to obtain a set
of detected objects and associated confidence scores:

O(x) = {(0,¢;)}iLs, (10)
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where o, denotes the detected object label and ¢; € [0, 1] denotes the corre-
sponding confidence score.

For each semantic view v € V, a view-specific object descriptor is constructed
from objects that occur consistently among images belonging to that view:

o(v) ={o1,09,...,01}. (11)

These descriptors provide an interpretable semantic representation of the
dominant object composition associated with each induced view.

The detected object set is filtered using the confidence criterion described in
Section 4, with low-confidence object evidence removed prior to compatibility
scoring.

Given an image x, a compatibility score is computed between the detected
object evidence and each semantic view:

sley=" Y wlog)e; - L(oj € $(v)), (12)

(05,¢5)€0(=)

where I(-) denotes the indicator function and w(o;) denotes a predefined
object-specific importance weight used to control the contribution of object o;
to the compatibility score. Distinctive objects such as beds and toilets receive
higher weights (1.3), while less discriminative objects such as chairs (0.2) and
tables (0.3) receive lower weights. Objects without an explicitly specified weight
are assigned a default weight of 0.5.

The image is assigned to the view with the highest compatibility score.

v* = arg max s(v|x), 13
gma s(vl2) (13)

provided sufficient evidence exists to distinguish the selected view from com-
peting alternatives. Let v’ denote the second-highest scoring view. Assignment
is accepted only when

s(v*|z) — s(v'|x) > 6, (14)

where J is a confidence margin controlling assignment reliability.
Images that fail to satisfy the margin criterion are assigned to the ambiguity
set rather than being forcibly incorporated into a semantic view:

xe A if s(*z)—s@'|z) <4 (15)

This ambiguity-aware assignment strategy prevents semantically inconsistent
samples from degrading view coherence and preserves uncertainty as an explicit
component of the dataset structure.

The output of SceneStruct is a structured dataset representation consisting
of semantically coherent views and an associated ambiguity subset. Unlike con-
ventional dataset organisation approaches based solely on global visual similarity,
SceneStruct combines latent semantic structure with object-level evidence to
produce interpretable and ambiguity-aware scene organisation.
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3.4 Dataset Structuring Quality Metrics

To evaluate the quality of the induced semantic structure independently of any
downstream task, four dataset-centric metrics are introduced. These metrics
quantify view coverage, object evidence reliability, within-view compactness, and
separation between induced semantic views.

View Coverage Accuracy (VCA). VCA measures the proportion of im-
ages confidently assigned to one of the induced semantic views:

total

VCA = (N‘Wd> x 100%, (16)

where N¢overed denotes the number of images assigned to any semantic view
and Niota denotes the total number of images.

Detection Reliability (DR). DR measures the reliability of object ev-
idence used during object-guided assignment. For a semantic view v, DR is
computed as

Nﬂ

1 1 &
Ro= 5 2 | g 20 ) (a7)
= \ M

where N, is the number of images assigned to view v, M; is the number
of detected objects in image %, and c;; denotes the confidence score of the j-th
detected object.

Intra-Class Variability (ICV). ICV measures the compactness of image
representations within each semantic view. Lower ICV indicates that images
assigned to the same view are more tightly concentrated around their corre-
sponding view centroid. For a view v containing n, images, the view centroid is
defined as

—%iﬂm. (18)

The ICV of view v is then computed as

ICV (v Zw@ — ol (19)

The dataset-level ICV is obtained by averaging ICV(v) across all induced
semantic views.

Inter-View Similarity (IVS). IVS measures representational overlap be-
tween different semantic views. For the original dataset, the original scene cate-
gories are treated as coarse views for comparison. Following restructuring, images
assigned to the same induced semantic view are pooled across the dataset to form
a view-level representation. For two distinct views v and v’, the cosine similarity
between their centroids is defined as
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Moy = o
IVS(v,0') = Fo He 20
@) = ] (20)

The average IVS across all pairs of views is computed as

K K
2
Avg. IVS = ———— IVS(v,v'), 21
R 2 2, V) .

where K denotes the number of views under the corresponding dataset or-
ganisation.

Higher VCA and DR indicate improved coverage and more reliable object
evidence, while lower ICV and Avg. IVS indicate improved compactness and
reduced overlap between induced semantic views.

ICV and IVS are computed in the same CLIP representation space used for
semantic view induction. They are therefore interpreted as descriptive measures
of the representational geometry produced by restructuring rather than as inde-
pendent evidence of semantic validity. Semantic coherence is instead considered
jointly through object-level evidence, qualitative analysis, and downstream task
performance.

4 Experimental Setup

4.1 Datasets

The proposed framework is evaluated on Hotel-ID [19] and SUN397 [23]. These
datasets were selected because they exhibit substantial intra-class variability
arising from differences in viewpoint, object composition, scene layout, and func-
tional context.

Hotel-ID is a large-scale hotel recognition dataset containing images collected
from diverse hotel environments. Images belonging to the same hotel frequently
correspond to distinct semantic configurations such as bedrooms, bathrooms,
corridors, and lobbies. SUN397 provides a complementary evaluation setting
consisting of diverse indoor and outdoor scene categories and is used to assess
the generality of the proposed framework beyond hotel-centric environments.

No additional annotations, manually defined subclasses, object labels, or se-
mantic view labels are introduced during semantic view induction or scene struc-
turing.

4.2 Implementation Details

Image embeddings are extracted using a pretrained CLIP ViT-B/16 model and
projected into a shared semantic embedding space. All embeddings are £5 nor-
malised prior to semantic view induction.

Semantic views are discovered independently within each scene category us-
ing HDBSCAN with minimum cluster size 7 = 10. The semantic descriptor
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vocabulary 7 comprises predefined functional scene phrases tailored to each
evaluation domain, including sleeping, bathroom, corridor, living, workspace,
classroom, library, and restaurant concepts. The object vocabulary used by
SceneStruct is constructed from the object prompts associated with the se-
mantic views generated by SVI. These prompts are combined to form the open-
vocabulary detection queries used for object-guided assignment.

Clusters satisfying the support criterion are retained as semantic views and
assigned semantic descriptors from the predefined vocabulary of scene concepts
in the shared CLIP embedding space, while remaining samples are assigned to
the ambiguity set.

Open-set object evidence is extracted using the Grounding DINO-Tiny model,
with box and text confidence thresholds of 0.35 and 0.25, respectively. The eight
highest-scoring detections are retained per image. Detections occupying less than
2% of the image area are excluded before compatibility scoring. For each semantic
view, a view-specific object descriptor is constructed from the five highest-ranked
object concepts associated with the corresponding cluster.

Downstream retrieval experiments use a frozen CLIP ViT-B/16 backbone,
followed by a trainable projection MLP and ¢2 normalisation to obtain the re-
trieval representation. The model architecture, optimisation procedure, learning
schedule, and identity supervision remain consistent across experimental condi-
tions.

For Hotel-ID retrieval, one image per eligible hotel identity is selected from
the original held-out test set to form the query population. These queries re-
main unchanged across experimental conditions and are excluded from training
and semantic restructuring. The eligible images outside the held-out query pop-
ulation form the retrieval gallery, against which the queries are evaluated. The
training populations reflect the corresponding dataset organisation.

Classification experiments use a frozen CLIP ViT-B/16 backbone followed by
a trainable classification MLP and linear classification head. The original class
labels remain the prediction targets, and the induced semantic views are not
introduced as additional class labels. Across the experimental conditions, the
downstream model configuration and optimisation settings are held fixed, while
the training and validation populations may differ according to the dataset or-
ganisation. The experimental intervention therefore consists of semantic organ-
isation and ambiguity-based sample selection at the dataset level rather than
changes to the downstream model. Figure 2 summarises the experimental con-
ditions and common downstream processing pipeline.

The implementation configuration used for SVI and SceneStruct is sum-
marised in Table 1.

4.3 Evaluation Protocol

Evaluation is conducted from both a dataset-centric and task-centric perspec-
tive. For task-centric evaluation, the original dataset is initially partitioned into
training, validation, and test sets. The test set is retained unchanged across
all experimental conditions. For the Original condition, the initial training and
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Table 1. Implementation configuration used for SVI and SceneStruct.

Component Configuration

Image encoder CLIP ViT-B/16
Clustering HDBSCAN

Minimum cluster size (1) 10

Object detector Grounding DINO-Tiny

Box confidence threshold 0.35
Text confidence threshold 0.25
Top-K detections per image 8
Objects per view descriptor 5
Assignment margin (4) 0.15

validation partitions are used without semantic restructuring. For the remain-
ing conditions, the initial training and validation partitions are combined before
applying SVI and SceneStruct. The resulting datasets are subsequently parti-
tioned into training and validation sets for downstream learning.

Three experimental conditions are considered. The Original condition pre-
serves the existing dataset organisation. The Forced Assignment condition ap-
plies semantic structuring but assigns every sample to its highest-scoring se-
mantic view without applying the ambiguity margin. The Structured condition
retains confident semantic-view assignments while preserving uncertain samples
in the ambiguity set. Ambiguous samples are excluded before constructing the
downstream training and validation partitions. All conditions use the same down-
stream architecture and are evaluated on the original held-out test set, as illus-
trated in Figure 2.

For dataset-centric evaluation, restructuring quality is assessed using four
metrics: View Coverage Accuracy (VCA), Detection Reliability (DR), Intra-
Class Variability (ICV), and Inter-View Similarity (IVS). VCA measures the
proportion of images assigned to stable semantic views, DR evaluates the con-
sistency of object evidence, ICV measures within-view compactness, and IVS
quantifies separation between induced semantic views.

For task-centric evaluation, the resulting structured datasets are assessed on
retrieval and classification tasks. Retrieval performance is measured using Pre-
cision@1 (P@1) and mean Average Precision at rank 5 (mAP@5). Classification
performance is evaluated using top-1 accuracy. In all experiments, the down-
stream model and optimisation settings are held fixed to evaluate the dataset-
level intervention.

5 Results

5.1 Dataset Structuring Evaluation

The primary objective of the proposed framework is to uncover latent semantic
structure within scene datasets and reorganise images into semantically coherent
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Fig. 2. Experimental conditions and downstream processing pipeline. Original, Forced
Assignment, and Structured populations are evaluated using the same classification
and retrieval architectures.

views. Evaluation, therefore, begins by analysing the structural properties of the
resulting datasets before considering downstream task performance.

Table 2 summarises the dataset structuring characteristics obtained after
applying SVI and SceneStruct. The table reports the number of retained se-
mantic views, view coverage, assignment reliability, ambiguity statistics, and the
resulting changes in dataset geometry.

For Hotel-ID, SVI discovers an average of three semantic views per category
while assigning 94.08% of images to stable views. The resulting dataset exhibits
substantially lower intra-class variability and reduced inter-view similarity com-
pared with the original organisation.

For SUN397, SVI discovers an average of two semantic views per category
and achieves 99.38% coverage. Despite the greater semantic diversity of the
dataset, restructuring continues to improve separation between semantic views
while maintaining high assignment reliability.

Compared with the original dataset organisation, restructuring reduces ICV
from 0.0730 to 0.0390 and Avg. IVS from 0.9409 to 0.8779 on Hotel-ID. Similar
behaviour is observed on SUN397, where Avg. IVS decreases from 0.9344 to
0.9195 following semantic view induction and object-guided restructuring.
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Table 2. Dataset structuring evaluation. K denotes the number of retained semantic
views per category (macro-averaged for SUN397). VCA measures view coverage, DR
measures object evidence reliability, and Unassigned denotes the fraction of images
assigned to the ambiguity set. Lower ICV and Avg. IVS indicate improved compactness
and separation between semantic views.

Dataset Representation Views (K) VCA (%) Avg. DR Unassigned (%) ICV | Avg. IVS |

Original Dataset - - - - 0.0730  0.9409
Structured Dataset 3 94.08 0.4229 5.92 0.0390 0.8779

Hotel-1D

SUN397 Original Dataset - - _ _ 0.0460  0.9344
Structured Dataset 2 99.38 0.4935 0.61 0.0454 0.9195

Table 3. Downstream task evaluation. Retrieval experiments are conducted on Hotel-
ID using the same model architecture and optimisation settings across experimental
conditions. Classification experiments use a frozen CLIP ViT-B/16 backbone. Improve-
ments are obtained without modifying model architectures, loss functions, optimisation
procedures, or supervision strategies.

Task Dataset Original Structured Improvement
Retrieval (P@1) Hotel-ID 38.60 48.28 +9.68
Retrieval (mAP@5) Hotel-ID 49.80 57.17 +7.37
Classification Accuracy Hotel-ID 36.56 40.96 +4.40
Classification Accuracy SUN397 63.41 69.74 +6.33

Across both datasets, the proposed framework produces a more compact
and separated organisation in the CLIP representation space, as reflected by the
reductions in ICV and Avg. IVS. Since these metrics are measured in the same
representation space used for semantic view induction, they characterise the
geometry produced by restructuring rather than providing independent evidence
of semantic validity. Their interpretation is therefore considered alongside the
object-level evidence, qualitative analysis, and downstream evaluation reported
in the following sections.

5.2 Downstream Task Evaluation

The central hypothesis of this work is that improved dataset organisation can im-
prove downstream visual learning. To evaluate this hypothesis, the restructured
datasets are assessed on both retrieval and classification tasks under matched
downstream model and optimisation settings.

Table 3 summarises the downstream evaluation results. Across all tasks and
datasets, models trained on the restructured datasets consistently outperform
those trained on the original dataset organisation.

For retrieval, restructuring improves Precision@1 from 38.60% to 48.28% and
increases mAP@5 from 49.80% to 57.17%. These gains are consistent with the
improved dataset organisation produced by SVI and SceneStruct.
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Table 4. Effect of ambiguity modelling on classification performance. The Forced As-
signment condition assigns all samples to their highest-scoring semantic views without
applying the ambiguity margin.

Dataset Structured Forced Assignment

Hotel-ID  40.96 38.22
SUN397  69.74 66.51

A similar trend is observed for classification. On Hotel-ID, accuracy improves
from 36.56% to 40.96%, while SUN397 achieves an increase from 63.41% to
69.74%. The consistency of these improvements across both fine-grained hotel
recognition and general scene recognition suggests that the benefits of semantic
view induction extend beyond a single application domain.

Importantly, all experiments use identical model architectures, training sched-
ules, and optimisation procedures, while the training populations reflect the cor-
responding dataset organisation. Under matched downstream model and optimi-
sation settings and a common held-out test set, the observed gains are associated
with the dataset-level intervention introduced by SVI and SceneStruct, which
comprises semantic organisation and ambiguity-based sample selection.

Taken together, these results indicate that dataset geometry constitutes an
important factor in visual learning. The proposed framework demonstrates that
meaningful performance improvements can be obtained through semantic dataset
restructuring, providing a complementary direction to conventional approaches
that focus primarily on model design and optimisation.

5.3 Ambiguity Ablation

A central component of the proposed framework is the explicit modelling of am-
biguity through the ambiguity set introduced during semantic view induction
and preserved during object-guided restructuring. To evaluate the contribution
of this mechanism, the Forced Assignment condition removes the ambiguity op-
tion and assigns all samples to their highest-scoring semantic views, regardless
of the assignment margin.

As reported in Table 4, the Structured condition achieves classification ac-
curacies of 40.96% on Hotel-ID and 69.74% on SUN397, exceeding Forced As-
signment by 2.74 and 3.23 percentage points, respectively. Both conditions use
the same held-out test set, but differ in ambiguity filtering and the resulting
training and validation populations. The comparison therefore does not isolate
the contribution of semantic assignment from sample selection.

5.4 Qualitative Analysis

Figure 3 presents selected images assigned to the induced views and to the ambi-
guity set. The assigned examples show recurring visual and object-level patterns
despite changes in appearance and viewpoint. The object detections provide a
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Fig. 3. Selected examples of assignments to two induced views (View 1 and View 2)
and to the ambiguity set (Ambiguous). Detected objects are shown where available.

means of inspecting the evidence available to SceneStruct when associating
images with the views discovered by SVI.

The ambiguity row illustrates images for which the pipeline did not produce
an accepted view assignment. Such outcomes can arise from limited detection
evidence or competing object matches. The ambiguity designation records un-
certainty under the configured assignment rule and does not imply that a human
observer would find the scene semantically ambiguous.

These examples illustrate the resulting groupings and assignment decisions,
but do not independently establish semantic correctness or explain the observed
downstream gains. As discussed in Section 5.3, the performance comparison
involves differences in sample selection and the resulting training and validation
populations, leaving the individual contributions of semantic assignment and
sample selection unresolved.

6 Discussion

Across Hotel-ID and SUN397, the structured datasets have lower ICV and Avg.
IVS than the original organisation in the CLIP representation space. These mea-
surements describe reduced within-view dispersion and lower similarity between
view centroids. Since the same representation space is used to induce the views,
these changes do not independently establish their semantic correctness.

The Structured condition also achieves higher retrieval and classification
scores than the Original condition under the reported downstream model and op-
timisation settings. These gains are associated with a dataset-level intervention
that combines semantic organisation with ambiguity-based sample selection.

As reported in Section 5.3, the Structured condition achieves higher classifi-
cation accuracy than Forced Assignment on both datasets. Both conditions use
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the same held-out test set, but differ in ambiguity filtering and the resulting
training and validation populations. The comparison therefore leaves the indi-
vidual contributions of semantic assignment and sample selection unresolved.

The proposed approach also has several limitations. SVI depends on the qual-
ity of the pretrained representation space and predefined semantic vocabulary,
while SceneStruct relies on the reliability of open-vocabulary object detections
and the available object concepts. Consequently, visually similar scene config-
urations, incomplete object evidence, or insufficient vocabulary coverage may
produce uncertain assignments, particularly for categories with weakly distin-
guishable semantic structure.

The two-stage restructuring process also introduces additional preprocessing
overhead due to representation extraction, semantic view induction, and open-
vocabulary object detection. This cost is incurred during dataset restructuring
rather than downstream model inference.

The induced views also represent a dataset-dependent organisation rather
than a fixed semantic taxonomy, and their number and interpretation may vary
across datasets. These limitations motivate future investigation of alternative
representation spaces, adaptive view discovery, and broader evaluation across
scene domains.

7 Conclusion

This work introduced Semantic View Induction (SVI), an unsupervised frame-
work for discovering latent semantic views within scene datasets, and SceneStruct,
an object-guided scene structuring framework that organises images according
to the discovered semantic structure while explicitly preserving ambiguity.

The framework operates at the dataset level without modifying downstream
learning architectures. On Hotel-ID and SUN397, the structured datasets exhibit
lower within-view dispersion and inter-view similarity in the CLIP representation
space used for view induction. These geometric changes do not independently
establish semantic correctness.

Under the reported evaluation protocol, the Structured condition achieves
higher downstream scores than the Original condition and higher classification
accuracy than Forced Assignment on both datasets. These findings support fur-
ther investigation of semantic organisation and ambiguity-based sample selection
as a combined dataset-level intervention. Their individual contributions remain
unresolved because the conditions differ in sample selection and the resulting
training and validation populations.

Future work will investigate hierarchical semantic view induction, adaptive
ambiguity modelling, and the application of semantic dataset structuring to
larger-scale vision and multimodal datasets.
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