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Contributions
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Satisfaction = Accuracy + X,

where

X < { Diversity, Novelty, Serendipity, ... }

Topic Diversification




Topic Diversification

* ldea
- Maximize overall recommendation list utility

» Represent all major topics of the user's interest
* Proportional weighting and representation

— Similarity metric c,(b,b) for products b,,b, required

* Implementation
- Applicable as « Add-On » for recommenders

 Post-processing of recommendation lists
« Original recommendation list (size YxN) as input
- Diversified list (size N) as output

- Very suitable for cross-domain recommending

Solving the Overfitting Issue

Topic Diversification
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Algorithm Outline

- Requirements

- Input list has more than top-N products (YxN)
+ Experimental analysis with 5 x N item slots
* «Hidden» products not shown to the user Top N

- Similarity metric ¢, B <5 — [0, 1]
+ Similarity of product sets

« For our experiments: .

- Taxonomy-driven metric [ Ziegler et al., 2004 ] .

- Dissimilarity measure ¢ " :5x5 — [0, 1]
+ Similarity opposed to diversity
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Algorithm Outline (l11)
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Experiment Setup
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Hypothesis: Diversity increases user satisfaction

Off-Line Analysis
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On-Line Survey Study
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On-Line Analysis
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On-Line Analysis (Il)
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Overall List Value
» User-based CF

— No significance for inc. DF

— DF's effect is negligible

« ltem-based CF
— Peak at DF < [0.3, 0.4]
— DF > 0.5 appears too much
Result

TDiv may increase satisfaction

Conclusion and Outlook

 Off-line versus on-line analysis

- Off-line accuracy deteriorates for increasing DF
- «Realy» satisfaction with lists behaves differently

» User-based CF largely insensitive to increasing DF
* Item-based CF substantially benefits for DF < [0.3, 0.4]

Satisfaction is more than pure accuracy (empirically shown)

» Future directions

- Apply Topic Diversification to other domains
- Sequential consumption scenario (Launch, Internet Radio ...)
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