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1 Problem 2 Semantic Clustering

Recognize fine-grained scenes in cross-domain settings furniture store coffee shop Exploit semantic structure in fine-grained

| Fine-grained scenes share common objects scenes

| Varying spatial configurations of objects (cluttered scenes) ¢ Semantic scene descriptor
o/ Especially true in cross-domain settings *  Project scene images to semantic space
of object occurrences

| Convert object occurrences in scenes to
scene probabilities
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Example: Store scenes

o Semantic Clustering
¢/ Cluster semantic descriptors
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3 Conditional Scene Probabilities

A\ Likelihood of picture in children room
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Probability of children room given
that we detect a picture

scene
Training images of a scene classes classes
scene class Detect objects in images >
(e.g., children room) (e.g., picture) OOM of picture children bedroom hospital
room room
o/ Represent a scene image as conditional scene probabilities given detected objects: /' Model across a range of confidence levels
— (@) ! | Flexible objects arrangements in scenes across domains
clo;) = — g clo;, 0 = . A

pleloi) = p(cloi, Si) « High-level quantization

o/ Imparts invariance on representation
o/ Filter objects by discriminative power: */  Generalizes better than lower-level features

9g(0) = ICI p(y 1(r)|0 8) — p(y X(r+ 1)|0;8) « No spatial encoding of objects

occurrence

Experimental Evaluation

Datasets Dataset Bias Discovered Clusters
Web datasets Phone dataset
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18 fine-grained store scenes Training/Test  SUN SnapStore ...  SnapStore cluster 1 8

« Training: web & testing: real stores L BUSEE
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A dslie] Lo )T Web 62.7 71.9 60.9 58.2
ookstore Domestic appliance
MIT Scene 67 Places 64.2 59.2 67.6* 53.8
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! 67 indoor S?enes . Average classification accuracy (%)
o/ Coarse-grained & same domain

* Same-dataset recognition accuracy (ground truth)

coffee sho

SnapStore, SUN & Places «/ performance drop > 12% when testing on phone images
/9 store scene classes . SUN and Places have very similar distributions - not
o/ Cross-dataset performance suitable for domain generalization (only ~3% drop) ; -
clothlng store sports store restaurant
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