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* Traditional ensembling methods: bagging, boosting, stacking, etc Attribute-based Classification
. .  Dataset: Animals and Attributes, 85 attributes, 50 classes
Popular ways to merge multiple models . 5 attribute-based classifiers
- Arithmetic averaging — rewards more confident models _ _ _ ,
. .  Compared arithmetic/geometric means p(C|,ua,,g) — K,ua,,g and Unbalanced Wasserstein Barycenter
- Geometric averaging — rewards consensus across models « Similarity matrix K € 50X 80
* What is missing? Accuracy  resnetl8 alone  resnet34 alone  Arithmetic  Geometric ~ W. Barycenter
- Ability to ensemble by incorporating side information of class relationships Validation 0.7771 0.8280 0.8129 0.8123 0.8803
- Example: word prediction Test 0.7714 0.8171 0.8071 0.8060 0.8680
- Pi model’s confidence on predicting word (represented as word embedding ;)
_ Z | L . . Multi-label Prediction
- P = Pi0z,; - distribution over word embeddings/labels 7 .
p * Dataset: MSCOCO, 80 categories
- C; ;- dissimilarity between word 7 and word 8.clz.;155|.f|ers _ 0% 80 .
e Similarity matrix KX € R based on GloVe/Word2Vec distances, word co-occurrences
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- Final ensemble can be strong even if models are confident on different (but semantically similar) words ¥ & & F 9 ¥y ¥ ¥ ¥ ¥ §‘0 §‘0 .§% S & Qq@
- Arithmetic/geometric mean cannot exploit this since they treat words as independent & & & & S R N A S N N N c§’° Q
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mAP  59.8 595 60.1 61.8 620 614 61.6 583 523 496 64.1 633 581 645 639 65.1
 Wasserstein Barycenter | C o
- Enables merging multiple probability distributions given a cost matrix C’i,j between elements ¢ and mage Laptioning
- Balances model confidence and class semantic similarity * Dataset: MSCOCO
* 5image captioners
T - 10096 x 10096 -
e Similarity matrix K € R based on GloVe distances and word synonyms graph
= = y Rank | W. Barycenter Arithmetic Geometric Model 1 Model 2 Model 3 Model 4
‘ 1| - 0 car 03.73 | car 45.11 | car 41.94 | car 61.37 | car 62.25 | car 33.25 | car 46.88
1 van 03.50 | fashion 04.37 | truck 02.23 | cars 02.79 | cars 03.16 | fashion 18.15 | truck 07.74
A ——& b 2 truck 03.49 | truck 02.92 | black 01.67 | parking  02.62 | white 02.22 | black 03.08 | bus 04.78
Y Ly 3 vehicle  03.46 | buildin  02.10 | train 01.51 | vehicle  01.93 | black 01.95 | truck 02.29 | vehicle 03.46
I A + wagon 03.32 | bus 02.00 | fashion 01.49 | model 01.75 | train 01.68 | red 01.88 | red 02.20
: JJ e 5 automob  03.32 | black 01.79 | bus 01.30 | train 01.26 | passeng 01.33 | photo 01.57 | van 01.93
g ™ 6 coach 02.99 | train 01.73 | vehicle 01.14 | truck 01.22 | model 01.24 | parking 01.52 | fashion 01.74
. . . . RNE ~——g _—— 7 auto 02.98 parl'dng 01.55 | photo 01.01 | buildin 01.17 | photo 01.21 city 01.41 passeng 01.56
* Given ™M models, each defined by a prediction vector ¢ € , £=1,...,m =5 o | sdm 0271 | 41| nd 0Ll v 004 | md OIS | budin 0074 | back 0129
. Goal Fi wion 1 € RM - 1| wheels 0270 | fed 0126 | buldin 0088 | swv 0069 | vehicle 0078 | bus 0071 | syl 0068
oal: Find a consensus DFEdICtIOn ,U - e e 12 | buggy 0270 | van 01.18 | cars 00.81 | automob 00.67 | van 00.75 | style  00.69 | model  00.59
%/‘i’-‘u 13 motor 02.39 | white 01.04 | passeng 00.71 | parked 00.57 | buildin  00.71 | time 00.67 | fire 00.57
m A 14 jeep 02.31 | passeng 00.92 | white 00.67 | picture 00.55 | bus 00.70 | old 00.58 | white 00.52
. . _ . _ m by Best Caption Choice Mean Opinion Scores
* Arithmetic mean [i, = g Aepe ;  Geometric mean ji, = IT;2 (") o \ \ » » »
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 Wasserstein barycenter for model ensembling l b , = 2.8
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Inputs: ¢, Cy (|source| x |target|), A¢, s Inputs: ¢, Cy (source| x |target|), Ae, A, p ;il é b
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