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A RecSys paper outline
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What are the d

Some things just work differently

Data splitting
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Algorithm optimization

Parameter values

Evaluation

Relevance/ranking

.

Software architecture

etc
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Different design choices!!



Evaluate evaluation

Comparison of frameworks
Comparison of implementation
Comparison of results
Objective benchmarking



Algorithmic Implementation

Framework |Class Similarity
Item-based
LensKit ItemltemScorer CosineVectorSimilarity, PearsonCorrelation
Mahout GenericltemBasedRecommender UncenteredCosineSimilarity, PearsonCorrelationSimilarity
MyMedialite |ltemKNN Cosine, Pearson
User-based Parameters
CosineVectorSimilarity, SimpleNeighborhoodFinder,
LensKit UserUserltem5Scorer PearsonCorrelation =~ NeighborhoodSize =~~~
UncenteredCosineSimilarity, MNearestNUserNeighborhood,
Mahout GenericUserBasedRecommender PearsonCorrelationSimilarity neighborhoodsize =~
MyMedialite |UserKNN Cosine, Pearson neighborhoodsize
Matrix Factorization
LensKit FunkSVDltemScorer IterationsCountStoppingCondition, factors, iterations
Mahout sVDRecommender == FunksVDFactorizer, factors, iterations
MyMedialite |SVDPlusPlus factors, iterations




There’s more than
algorithms though

There's the data, evaluation, and more

Data splits
80-20 Cross-validation
Random Cross-validation
User-based cross validation
Per-user splits
Per-item splits
Etc.

Evaluation

*  Metrics

*+ Relevance
* Strategies
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Real world examples
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Dataset

Training /
Test

Evaluation

Algorithm
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Evaluation

Results
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Internal Evaluation

Dataset Algorithm

Results




IB Cosine

IB Cosine

IB Pearson

IB Pearson

SVD50

SVD50

UB Cosine

UB Cosine

UB Pearson

UB Pearson

Internal Evaluation Results
lgorithm | Framework | AMSE

Mahout
Lenskit
Mahout
Lenskit
Mahout
Lenskit
Mahout
Lenskit
Mahout

Lenskit

0,00041478
0,94219205
0,00516923
0,92454613
0,10542725
0,94346409
0,16929545
0,94841356
0,16929545

0,94841356
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IB Cosine
IB Cosine
IB Pearson
IB Pearson
SVD5S0
SVDS0

UB Cosine
UB Cosine

Lenskit
MyMedialite
Lenskit
MyMedialite
Lenskit
MyMedialite
Lenskit
MyMedialite

1,01350921
0,92476162
1,05018614
0,92933246
1,01209290
0,93074012
1,02545490
0,93419026






Reproducible evaluation -
Benchmarking

Control all parts of the process

- Data Splitting strategy

- Recommendation (black box)

- Candidate items generation (what

items to test) Select strategy

« By time

« Cross validation
+ Random

- Evaluation

Ratio

http://rival.recommenders.net

Recommend

Candidate
items

Select framework Define strategy

* Apache Mahout
+  MyMedialite

Select algorithm
*  Tune settings

Recommend

What is the
ground truth
What users to
evaluate
What items to
evaluate

Select error
metrics
« RMSE, MAE

Select ranking

metrics

« nDCG,
Precision/Recall
. MAP
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Controlled Evaluation

Dataset Algorithm

Training /

Test » Evaluation

Results




Lenskit vs. Mahout vs. MyMedialite

Movielens 100k (additional datasets in the paper)

AN OBJECTIVE BENCHMARK
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The Frameworks The Candidate Items Split Point Split Strategy

AM: Apache Mahout RPN: Relevant + N [Koren, KDD 2008] gl: Global cv: 5-fold cross-validation

LK: Lenskit Tl: Trainltems pu: Per-user rt: 80-20 random ratio

MML: MyMedialite UT: UserTest
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User Coverage
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Catalog Coverage
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