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Supervised Domain Adaptation
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Supervised Domain Adaptation
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Ridge Regression

X : d-dimensional covariate Y : univariate response N : number of samples

(T4, 15) =1



Ridge Regression
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Ridge Regression - Scarce data

X : d-dimensional covariate Y : univariate response N : number of samples
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Supervised Domain Adaptation
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Supervised Domain Adaptation
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Supervised Domain Adaptation
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Exploit Source Data

1) Convex Combination Strategy (Baseline)

Source
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Exploit Source Data

1) Convex Combination Strategy (Baseline)

Source Target
. By = ABs + (1 — A)Br
. ~
S oy
@ ® ?‘ Gv. 6 ~ / BS 5T
o % _ 7
0% e%e® B,
e O, ‘. j O
® 09 @
.. @‘. o ¢ ’ ® o
00e ® O
e '. .‘ /Zl":} 4
o0 /-4



Exploit Source Data

1) Convex Combination Strategy (Baseline)

Source Target



Exploit Source Data

1) Convex Combination Strategy (Baseline)
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Exploit Source Data

2) Reweighting Strategy (RWS)1)

1) Garcke & Vanck, ECML PKDD, 2014



Exploit Source Data

2) Reweighting Strategy (RWS)1)
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1) Garcke & Vanck, ECML PKDD, 2014



Exploit Source Data

2) Reweighting Strategy (RWS)1)
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Exploit Source Data

2) Reweighting Strategy (RWS)1)
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Tune Hyperparameters - Synethesizing Experts

Expert - 1: {C‘?’D
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Bernstein Online Aggregation (BOA)")
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Tune Hyperparameters - Synethesizing Experts

Bernstein Online Aggregation (BOA)")

Expert - 1: {C‘?’D

Expert - 2: 55 {@{5 unseen target data
(@5, 95)
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E T, B T
k=1

Aggregated Prediction

Expert - [€]: Bg {C*’(“D

1) Wintenberger, Machine Learning, 2017



Synethesizing Experts

Expert - 1: {C‘?’D

Expert - 2: 53, {@(9

Expert - [€]: Bg {C*’(“D

Bernstein Online Aggregation (BOA)
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Synethesizing Experts

Bernstein Online Aggregation (BOA)
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G@ weight ef expert-k
Expert - 2: 5, { : unseen target data attime j

_ /

Aggregated Prediction

Expert - [€]: Bg {C*’(g

update 7 ; based on
prediction loss of (x1, y1)
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Synethesizing Experts

Bernstein Online Aggregation (BOA)

Expert - 1: {C‘?’D

G@ weight ef expert-k
Expert - 2: 5, { : unseen target data attime j
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Aggregated Prediction

Expert - [€]: Bg {C*’(g

update 7 ; based on
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Synethesizing Experts

Bernstein Online Aggregation (BOA)

Expert - 1: {C‘?’D

G@ weight ef expert-k
Expert - 2: 5, { : unseen target data attime j

_ /

Aggregated Prediction

Expert - [€]: Bg {C*’(g

update 7, ; based on
prediction loss of (x2, y2)

(xlayl) ($2,yz) ($3,y3) time



Distributionally Robust Expert Generation
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Distributionally Robust Expert Generation
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Distributionally Robust Expert Generation
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Distributionally Robust Expert Generation

moment
information set

1) Distributional probing
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Distributionally Robust Expert Generation
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Summary of Framework
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1) “Interpolate, then Robustify” (IR) Strategy

Source Target

(T3, Yi) ;= (5, ?Jj)j:l



1) “Interpolate, then Robustify” (IR) Strategy

Source



1) “Interpolate, then Robustify” (IR) Strategy

Source Target
------------------------------- .
x ............. (ﬁ)\’ik) ............ »
(s, 5s) (fir, Xr)

y-barycenter

(fir, £x) = argmin AY((1, )||(Fs, Es)) + (1 — N ((, 2)|| (i, Er))
peERP eSSt




1) “Interpolate, then Robustify” (IR) Strategy

Source U Target
N
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1) “Interpolate, then Robustify” (IR) Strategy

(hs, Xs) (4T, 27)
N ——
y-barycenter 0 1
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U)\ap — {(:uv Z) € R x S]j— : ¢((Ma E)H(ﬁ>\7 i\b\)) < IO}



1) “Interpolate, then Robustify” (IR) Strategy

Source Target
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1) “Interpolate, then Robustify” (IR) Strategy

Source Target
NI
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N [[—————— 1
y-barycenter 0 1
(fir, £x) = argmin AY((1, )||(Fs, Es)) + (1 — N ((, 2)|| (i, Er))
peERP eSSt
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1) “Interpolate, then Robustify” (IR) Strategy

(us, Xs) (1T, X7)
N ———
y-barycenter 0 1
(fir, £x) = argmin AY((1, )||(Fs, Es)) + (1 — N ((, 2)|| (i, Er))
peERP eSSt

Moment information set

U)\ap — {(:uv Z) € R x S]j— : ¢((Ma E)H(ﬁ>\7 i\b\)) < IO}



1) “Interpolate, then Robustify” (IR) Strategy

i) Kullback-Leibler (KL)-type Divergence

AN

D((p, D) (7, 2)) = (7 — ) "E7HE — p) + Te[EE 7Y — log det(ZZ 1) — p

KL barycenter:

P

Yyh=(AS3l+ (1 - Nz iy = Sa(AS3 s + (1 — NS5 )
Moment information set:

U, = {(1, %) € R? x 8% : D((, )| (7r. £3)) < p}
Distribution set:
B, ={Q € M[R”): Q~ (1, %), (11, ) € Uy}
Robust Estimation:

min ¢ sup Eg[(B'X —Y)?] !Global optimality via
d . .
PERT | QeBx,, adaptive gradient

descent algorithm
convex, continuously differentiable, and

locally smooth



1) “Interpolate, then Robustify” (IR) Strategy

i) Wasserstein-type Divergence
W((p D)@ E)) = [l = All3 + T[S + S - 2(22582)3]

Wasserstein interpolation:

//IA = )\//JS =+ (1 — )\)I/L\T i)\ = ()\Ip + (1 — )\)L)is()\]p i (1 _ )\)L)
AR 5105: 5585 S DoF
Moment information set: TAST ST T

Us, = {(1, ) € R? x S : W((p, D)[|(Bn, ) < p)
Distribution set:

By, ={Qc M(RP):Q~ (i, %), (u,3) € Uy}
Robust Estimation:

min sup [E "X —Y)2] = min
S ol(8 )7l =




2) “Surround, then Intersect” (Sl) Strategy

Source Target
[ o
(ﬂs, is) (:aTv i\]T)

Moment information set:

Uper 2 {(1.5) € R? x % such that: (1, 2)|(As. Ss)) < ps. (. ) (e, £1)) < pr. S+ " = eI, )



2) “Surround, then Intersect” (Sl) Strategy

Source Target
e .
(ﬂs, i\JS) (:aTv i\]T)

Moment information set:

(1, ) (s, Ss)) < ps



2) “Surround, then Intersect” (Sl) Strategy

Source Target
A -
(ﬁ87 i\JS) (ﬁTa iT)

Moment information set:

(1 )| (fir, 1) < pr



2) “Surround, then Intersect” (Sl) Strategy

Source Target
A -
(ﬁ87 i\JS) (ﬁTa iT)

Moment information set:

(1 )| (fir, 1) < pr



2) “Surround, then Intersect” (Sl) Strategy

Source Target
e % i
(is, Ss) (fit, Sr)

Moment information set:

Uper 2 {(1.5) € R? x % such that: (1, 2)|(As. Ss)) < ps. (. ) (e, £1)) < pr. S+ " = eI, )

Distribution set:

IB%PS,PT — {Q S M(Rp) : Q ™~ (,LL, 2)7 (:uv Z) = UPS,PT}



2) “Surround, then Intersect” (Sl) Strategy

Source Target
PS\. ¢ T
(ﬁ87 i\JS) (//IT7 iT)

Moment information set:

Uper 2 {(1.5) € R? x % such that: (1, 2)|(As. Ss)) < ps. (. ) (e, £1)) < pr. S+ " = eI, )

Distribution set:

IB%PS,PT — {Q S M(Rp) : Q ™~ (,LL, 2)7 (:uv Z) = UPS,PT}



2) “Surround, then Intersect” (Sl) Strategy

Source Target
/k. o /T
(ﬁ87 i\JS) (//IT7 i\:T)

Moment information set:

Uper 2 {(1.5) € R? x % such that: (1, 2)|(As. Ss)) < ps. (. ) (e, £1)) < pr. S+ " = eI, )

Distribution set:

IB%PS,PT — {Q S M(Rp) : Q ™~ (,LL, 2)7 (:uv Z) = UPS,PT}



2) “Surround, then Intersect” (Sl) Strategy

Source Target
e oo
(ﬂs, i\:S) (ﬁTa iT)

Moment information set:

Uper 2 {(1.5) € R? x % such that: (1, 2)|(As. Ss)) < ps. (. ) (e, £1)) < pr. S+ " = eI, )

Distribution set:

IB%PS,PT — {Q S M(Rp) : Q ™~ (,LL, 2)7 (:uv Z) = UPS,PT}



2) “Surround, then Intersect” (Sl) Strategy

2 :

(ﬁSa i\:S) (ﬁTa i\:T)

Moment information set:

Upg,pr = {(u, %) € R x S such that: v ((u, 3)||(fis, Es)) < ps, (1, 2)[|(fir, E1)) < pr, B+ ppn | = dp}

Distribution set:

IB%PS,,OT — {@ < M(RP) : @ ~ (M? 2)7 (:ua Z) S UPSM’T}



2) “Surround, then Intersect” (Sl) Strategy

2 . ZIE : 6.

(fs, Xs) (A, 21)  (As, 2s) (i, Sr) (A, £s) (fip, S) (hs, Bs) (i, )

Moment information set:

Upg,pr = {(u, %) € R x S such that: v ((u, 3)||(fis, Es)) < ps, (1, 2)[|(fir, E1)) < pr, B+ ppn | = dp}

Distribution set:

IB%PS,,OT — {@ < M(Rp) : @ ~ (M? 2)7 (,LL, Z) S UPSM’T}



2) “Surround, then Intersect” (Sl) Strategy

2 . ZIE : 6.

(fs, Xs) (A, 21)  (As, 2s) (fir, S) (A, £s) (fip, S) (hs, Bs) (i, )

i) Kullback-Leibler (KL)-type Divergence

Moment information set:

Ups,or = {(u, %) € R x §% such that: D((u, £)||(7is, Zs)) < ps, D((1, B)|| (ir, B1)) < pr, S+ pp | = é‘fp}

Distribution set:

IB%PS,,OT — {@ < M(RP) : @ ~ (M? 2)7 (,LL, Z) S UPSM’T}

Robust Estimation: 5 = (M%) "M%, solves Biéléd(@ Sup Eo[(B'X —Y)?,
Ehpg,pp

where (M% ., M%) is a solution of a convex semidefinite program.



2) “Surround, then Intersect” (Sl) Strategy

2 . ZIE : 6.

(fs, Xs) (A, 21)  (As, 2s) (fir, S) (A, £s) (fip, S) (hs, Bs) (i, )

i) Wasserstein-type Divergence

Moment information set:

Ups,or = {(u, %) € R? x S such that: W((u, £)||(7fis, Ss)) < ps, W((, )| (fir, E1)) < pr, B+ pps” = dp}

Distribution set:

IB%PS,,OT — {@ < M(RP) : @ ~ (M? 2)7 (,LL, Z) S UPSM’T}

Robust Estimation: 5 = (M%) "M%, solves Biéléd(@ Sup Eo[(B'X —Y)?,
Ehpg,pp

where (M% y, M%) is a solution of a linear semidefinite program.



Numerical Experiments

Data Set Time | IR-KL | IR-WASS SI-KL | SI-WASS | CC-L | CC-TL | CC-SL | CC-TE | CC-SE | RWS | LSE-T | LSE-T&S
5 17.65 1.00 199.28 1.01 34.04 98.43 12.03 155.71 1.74 1.45 119.65 11.08
Uber&Ivit 10 13.67 1.00 111.52 1.01 30.85 99.22 11.40 161.72 1.58 1.34 137.15 6.32
y 50 13.39 1.00 60.29 1.01 25.87 85.06 9.72 147.45 1.42 1.16 57.85 2.12
100 15.24 1.00 59.06 1.01 26.01 85.77 9.91 148.49 141 1.12 31.25 1.57
5 79.83 1.02 44.71 1.00 64.99 | 257.60 25.13 432.09 2.07 4.50 727.88 39.17
Us 10 115.47 1.02 39.35 1.00 45.59 195.14 18.33 339.11 1.60 3.29 524.39 19.28
Births (2018) 50 107.40 1.01 40.04 1.00 42.74 192.46 13.12 361.51 1.31 2.00 191.27 5.20
100 117.03 1.01 53.13 1.00 45.35 | 208.65 12.94 397.33 1.22 1.75 104.75 3.19
5 33.18 1.00 6.24 1.03 17.24 77.06 7.38 125.71 1.46 1.15 255.08 20.72
Life 10 25.59 1.00 5.45 1.02 12.49 60.19 5.50 104.00 1.40 1.15 167.15 10.73
Expectancy 50 19.81 1.00 8.70 1.01 1.57 44.00 3.10 84.98 1.38 1.10 39.83 3.15
100 19.02 1.00 8.25 1.005 6.82 41.40 2.68 83.60 1.38 1.08 20.42 2.10
5 1.58 1.00 1.21 1.01 3.98 8.87 2.12 13.31 1.29 1.23 11.75 3.70
House 10 1.52 1.00 1.20 1.01 3.58 7.77 2.02 11.70 1.27 1.23 6.93 2.25
Prices in KC 50 1.34 1.00 1.31 1.01 2.79 6.52 1.86 10.37 1.27 1.20 3.91 1.30
100 1.34 1.00 1.30 1.01 2.65 6.54 1.91 10.74 1.27 1.18 2.72 1.12
5 63.33 1.05 3.31 1.00 27.63 102.82 9.60 181.52 1.35 1.17 96.43 54.34
California 10 68.08 1.04 242 1.00 20.57 91.86 6.23 169.87 1.19 1.17 45.64 24.76
Housing 50 70.08 1.01 1.97 1.00 11.79 81.72 2.49 170.18 1.05 1.13 10.17 5.63
100 72.80 1.003 1.90 1.00 9.71 79.19 1.83 173.96 1.04 1.14 5.81 3.39
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Numerical Experiments - Uber&Lyft
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Concluding Remarks

« KL-type divergence based methods are less numerically stable
« Asymmetry of the KL-type divergence

« Extrapolating schemes

* Favourable properties of different divergences

* Theoretical guarantees for the out-of-sample performance
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