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The Goal Similarity Search

e Transfer the Bag-of-Words concept from image retrieval We use the motif dictionary, as well as the defined spatial

to data visualization techniques. positions of each motif to compute a similarity score between
e Decompose scatter plot views into regions of interest. queries and target scatter plots. The overall similarity score
e Introduce a novel scatter plot search approach based on s iteratively computed as a sum over the distances between
a dictionary of frequent local scatter plot patterns [1]. each motif of the query (possibly several) and the matching

motifs in the target. There are different cases:

Query Editor 1:1: A query motif occurs only once and matches ™

to exactly one target motif. o B
e The query editor can be used to edit a query scatter plot 1:N: A query motif occurs only once and matches \ o .
as the basis of the search. to a set of target motifs. P
e Users can select motifs from the dictionary as building N:M: A query motif occurs several times and is /zﬁ
elements of the query. matched to a single or set of target motifs. I
e Selected motifs can be freely positioned within the editor The similarity between a pair of motifs is > ‘/48/
to formulate the final query scatter plot. computed based on the spatial distance between f o
the motifs, optionally also considering the feature- | &%

,,.n-'“"‘“"'* based distance between the motif instances.

e Related Work
—

e [ocal pattern analysis [1].

e Quality metrics for scatter plot visualizations [2,3].
Motif Dictionary e Sketch-based search techniques [4,5].

Based on [1], we build the dictionary by Future Work
1. Segmenting local scatter plot patterns.
2. Visual feature extraction of local patterns. e Sorting of dictionary glyph representation.
3. Clustering the set of scatter plot segments. e Rescaling of query motifs.
e Comparison of different similarity functions
* The Dictionary consists of clusters of similar scatter plot (e.g., image features).
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