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Problem setting Behavior of an ensemble of local models Heterogeneous model reuse method
e Problem: Multiparty multiclass classification e The intuitive ensemble of local models is to use max-model é‘gol‘“hmlHMR An itelrative dmethoc;l .excha:/lgs:/l CT
. : . . : i input: examples and maximizes -
e Example: Flu detection predictor: Given a set O.f multi .CIaSS .predlct.ors & {bl’ ’ f"""‘f‘ies 1::]21*'}1“*E”"eaclhownsal':"fcfﬂ_dmise; S ?\I;da margin on “unobserved” merged
h,}, the max-model predictor 4 is defined as: gt model . Example communication budget X g1on dataset.
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Global problem: to detect all 4 flu types in the US . . . - pach party broaceasts fls Jocat model (o others  _ argmash.(e.y). where g ¢ 3. ®)
. . R e However, max-model predictor may fail even if each local s while T — N do : ;
But, the types of flu diverse geographically, the distribution model is perfect (see Claim 1 in our paper for the formal 4 Sample a party i according to |i|/ S0, [Sif. (7 y7) =argmaxhy(z,y), wherey’ € V;\{y}:
of patients records collected by a hospital in California is statement). ’ ngg %;fazgzlr;g;eliit;&néﬂgilﬁ (iﬁf%ifg B ek MPMC-margin
different from Florida. Good local models are built: . . . records the party ¢ ™, ¢~ and maximum incorrect class
e [ntuition: another local model which is unaware of the true y~ as in (8).
- class may mislead the final prediction 7: i pr(z,y) < O then d out le if non-positi
— m Local model in California detects {1,2,3} types ) 8: Party i sends (z,y,y~ ) toi" and i . >end out one example I hon-positive
e 9: Party it calibrates h;+ with (z,y,y™).
o % 10: Party i~ calibrates h;— with (z,y,y™). update local models
[[E]] Local model in Florida detects {3,4} types Max-model predictor i; iﬂiy;+_and_i‘;r?fﬁcast their updated model.
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The patients’ records are confidential. Can we smartly reuse i ay T 4. enddl private local data will be protected. Less than
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the local models to learn the global problem, instead of true label: 2 wrong predicted label: 4 16: end witl 1% of global data are shared in experiments. |

building a model on merged local datasets?

Contribution Experiments
Our proposal Q: How to measure the global behavior of multiple models? e Toy example on LR/SVM/GBDT .--,.w.i#
A: Multiparty multiclass margin. (MPMC-margin) e Heterogeneous learning models ‘tﬁmﬁ%
1 2 3 1?/)4 ?«f e * LR:green, yellow (a) Fi i' data  (b) Iter 0: 37.90%  (c) Iter 1: 71.60%
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Multiple models trained One model works well Q: How to optimize the global behavior? : GBDT?rrsjge:]czg(e):aige
separately with different on the full label space A: The HMR method, which maximizes MPMC-margin. e Exchanged 20 examples
subsets of the label space by modifying local models, Nearl foct perf
without merging local datasets. ¢ €arly perrect perrormance

(d) Iter 5: 85.10% (e) Iter 10: 95.60% (f) Iter 20: 99.30%

e Notations

Parties each with local datasets but different label spaces: M PMC-margin
Si = (Xi,Ys) ={(v,y) €eX x Y} € S

e Benchmarking on fashion-MNIST on various data partitions
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Local predictor trained by local algorithm on local dataset: Is defined as: IIII ! I = — 2pae s
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pr (r,y) = max h;(x,y) — maxh;(z,y").
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wherey € Y.y € V. . B F O 8 N F 7B
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