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We can train an Al model on the training data and directly apply it to the test data!

Al Model

Al Model

Elephan+ Dog | Guitar Horse | Person

Performs Well!
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We can train an Al model on the training data and directly apply it to the test data!

So, is Al solved?

What Al model
S Al Model l
is trained on . — . ]
Elephan+ Dog | Guitar Horse | Person
Distribution
Gap

“What you saw is not what you get!”[1]

Al Model ..-.l.

Elephan+ Dog | Guitar Horse | Person

What Al model
is asked to label

.{.. gi:;]” th;l i/r\w;::ﬁy fies [1] B. Kulis, K Saenko and T. Darrell, "What you saw is not what you get Domain adaptation using asymmetric kemel transforms," CVPR 2011, Colorado Springs, CO, USA, 2011, pp. 1785-1792, doi: 10.1109/CVPR2011.5995702.
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We can train an Al model on the training data and directly apply it to the test data!

So, is Al solved?

Violate i.i.d assumption, i.e,
Training and Testing data are NOT
identically and independently distributed.

What Al model
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Domain shift!
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Background on Domain Adaptation

We can train an Al model on the training data and directly apply it to the test data!

So, is Al solved?

Violate i.i.d assumption, i.e,
Training and Testing data are NOT

) meain | identically and independently distributed.

A dataset D consisting of input data x and output label y, 7to

drawn from a specific joint probability distribution P(x, y). *\E

Source Domain Ds = {X;,¥s} = {(x, y£)}os, ~Ps(x, y), DO m a I n S h Ift!

Target Domain Dy = (X, Y} = {(«}, y%)}jy:TfPT(x, ),
where Ns and N; are the number of source and target samples, respectively.

Z2HRH #4 IE {|0[&

HT

Train Test

2)
Covariate Shift, where Ps(y|x) = P;(y|x) for all x, but Ps(x) # Pr(x); + Lr\
D2 x —y 2 S stEshed|, o] EAIZH EHQlat SRSHA| HEK| 95,: — .
> x2| BX X0 s ZSIH sourceZ RHES SHEAFAE targetti M B SE 7Hs Source Domain Target Domain
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Finetuning a pretrained source model for the target domain!

Source Domain {(xs, YOS,

~Ps(x,y)

Target Domain {(x/, 7))}

~Pr(x,y),
i [@Q;*—w
e —
L1 ¢l

Al Model

Al Model
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Guitar

Horse | Person
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Finetuning a pretrained source model for the target domain!
- Requiring Large-scale labeled data for every new target domain
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A @10 . - . al
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Key Idea

Background on Domain Adaptation

TargetOf| Label HE7} @12 [ Domain Xt0| 2t%}
Unsupervised Domain Adaptation!

Limitation Domain Shift =X|S o2& $Io M Labeled Target Domain0] 28! (H|& t)
Unlabeled Target DomainTt2. 2 Domain Shift 28| sjZE &= A2
Research =T -
Question = Labeled Source Domain0f|A| k5ot Classifiergs &%7t CH2
Unlabeled Target Domain®l|M = & S5 UHE = ASTR

Task-Discriminative and Domain-Invariant Feature Representation= O| &5} XH
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Cross-domain Generalization

X Source Domain0i|A &t&8t Classifier h: Z — Y7} Target Domain0| A = & SZ5HA| THEX}
HitH Task-Discriminative and Domain-Invariant Feature Representation= 0| 85}XH

Feature Representation
Labeled Source Domain {X;, Y5} 7 Task Error |

4t _ D H|
La % 1] RX->Z Classifier % 'l ' y Discrjminatiye for the
h = main learning task
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Cross-domain Generalization

=X |  Source DomainOj|A e}t Classifier h:Z — Y7} Target Domain0f| M = Z SZE51A| THEX}
i Task-Discriminative and Domain-Invariant Feature Representation= 0| &SIXH

Feature Representation

Labeled Source Domain {X;, Y5} 7 Task Error |
RX-Z Classifier L~ Hw i<criminative for th
vy ﬁ y D|scr.|m|nat|\./e or the
h = | main learning task
o= |
Feature h:Z >Y
Extractor ,
R Divergence
Zp = {3, Between Two Distributions Divergence 1
Indiscriminate to
Unlabeled Target Domain {X; } ” the change of domains
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Cross-domain Generalization

=ES Source DomainIA] &&$t Classifier h: Z — Y7t Target DomaindA = & SZHs}A| BHEX}
e

Task-Discriminative and Domain-Invariant Feature Representation® O|-&5}XH

Task-Discriminative & Domain-Invariant
Feature Representation Z

Target Error |
m/ Feature ). . .
! G Extractor eo— > Classifier o—1u Y 4m) y Cassifier h can work yvlell
= R h o= gy O" the target domain!
1 = =

Unlabeled Target Domain {X; } h:Z->Y

R:X->7Z
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Cross-domain Generalization

A 4

Cross-domain Generalization J

Target Domain Error < Source Domain Error + Divergence(Source, Target)

Labeled Source Domain {Xj, Y5}

: - H| .
Uz S Classifier b @ Minimize
h 1 ’ Source Domain Error
o= AH|
Feature h:Z -Y
Extractor i
Divergence

R Zp = {2}, Between Two Distributions Divergence ]

Minimize
*—> Divergence (S, T)
Unlabeled Target Domain {X; }
ol-*o-" *7'- 0|.9. Feature Space
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Cross-domain Generalization

A 4

Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(P;, Pr)

P and P, denotes the induced source and target distribution

. over the feature space, respectively
Labeled Source Domain {X;, Y5}

. PN H|L o a8
RX—-Z CIaSSlfler y | y Minimize
h ’ Source Domain Error
o= x|
Feature h:Z-Y
Extractor :
R Divergence

Zy = {Z)T Between Two Distributions Divergence ]

Minimize
: - - Divergence (S, T)
Unlabeled Target Domain {X; } PS PT
ol-*o-" *7'- 0|.9. Feature Space
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Cross-domain Generalization

A 4

Cross-domain Generalization |

Target Domain Error < Source Domain Error + Divergence(P;, Pr)

O{™H Divergence X|EE AIE5IH E27P
- Lead to different methods

Divergence
Between Two Distributions Divergence |

Minimize

> *—> - - Divergence (S, T)
P _amaPt AN

Feature Space
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- Preliminary

UEXt
HFEH ‘

HHH Task-Discriminative and Domain-Invariant Feature RepresentationS 0| 8 5}XH

Cross-domain Generalization

A 4

Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(P;, Pr)
Moment Matching; Maximum Mean Discrepancy[2]
Moment Matching
arE szto= Learn domain-invariant feature representations by
L p— Mapping explicitly matching a moment-based distribution discrepan
Source  Feature T | plicitly 9 pancy
Feature ™ ‘:
....... _ Divergence

' .. Between Two Distributions

Divergence |

: c Minimize
eature Space Reproducing Kernel Hilbert Space Divergence S, T
g’ Pr

MMD (Zs, Z7) = ||IEz~pS[Z] — Ez~15T[Z]||}[ Feature Space

Total Loss = Source Error + AMMD
Data Mining

.{.. Quality Analytics [2] Eric Tzeng, Judy Hoffman, Ning Zhang, Kate Saenko, and Trevor Darrell. Deep domain confusion: Maximizing for domain invariance. arXiv:1412.3474, 2014.
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Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(P;, Pr)

Moment Matching; Maximum Mean Discrepancy[?] :.T'.'fﬂa.*&

ing

XA 37z
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a . ° ° °
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O T Introduction to unsupervised domain ad.
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............. @ . o
.......... '1 Maximum Mean | sz [ oz
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Cross-domain Generalization J

Target Domain Error < Source Domain Error + Divergence(P;, Pr)

Labeled Source Domain {X;, Y5}

- H| -
Classifier % y Minimize
h |\ G = Source Domain Error
= Al
o= A
Feature
Extractor .
Divergence
R Between Two Distributions Divergence !
/ Minimize
: - ~ Divergence (S, T)
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Analysis of Representations for Domain Adaptation, NIPS, 2006

% Analysis of Representations for Domain Adaptation (Ben-David et al, 2006)[3]
«  Domain Adaptation2 2|$} Generalization BoundZE O|2X O Z HA|3}

- Roteh OOl EETIC 2 & A4 7HS T Divergence X|E | @t (H-Divergence, d4-Distance)

NIPS, 243 38 7|&F 24193 21&

Analysis of Representations for Domain Adaptation SEBE ALY CETE T ZIE

Target Domain Error < Source Domain Error + Divergence(Ps, P;)
Shai Ben-David John Blitzer, Koby Crammer, and Fernando Pereira I
School of Computer Science Department of Computer and Information Science
University of Waterloo University of Pennsylvania
shai(@cs.uwaterloo.ca {blitzer, crammer, pereira }(@cis.upenn.edu o0 o
Empirical #£-Divergence|3]
Abstract

dye(Zs Zr) = 2(1 = min B, p [ (2) = 1] + B, p, [l (2) = 0] )

Discriminative learning methods for classification perform well when training and
test data are drawn from the same distribution. In many situations, though, we
have labeled training data for a source domain, and we wish to learn a classifier

which performs well on a farget domain with a different distribution. Under what Dive rgence
conditions can we adapt a classifier trained on the source domain for use in the Between Two Distributions .
target domain? Intuitively, a good feature representation is a crucial factor in the Dlvergence l

success of domain adaptation. We formalize this intuition theoretically with a
generalization bound for domain adaption. Our theory illustrates the tradeoffs in-
herent in designing a representation for domain adaptation and gives a new justifi-

cation for a recently proposed model. It also points toward a promising new model [ ——
for domain adaptation: one which explicitly minimizes the difference between the = =
source and target domains, while at the same time maximizing the margin of the PS PT

training set.
Feature Space

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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Analysis of Representations for Domain Adaptation, NIPS, 2006

Ps Pr
| B o —_—
D
stV % 5,9 p, 2
At 7t 25 E SHE Prpg[B] == Prp [B] [|— A} Boil EH° -7'.:’—.t 2t& X|o|E — O] Xfo|2| %|CH 20| L,-Divergence!
BE 7ksSt A0 CHoH Z=AL
Definition of L;-Divergence[3] ]
@ L,-Divergence
The absolute difference between
two probability distributions P and Pr.
Given two domain distributions P and Py over X,
and let B be the set of measurable subsets under P; and P, | _
the L,-divergence between Ps and Py is Divergence
.. Between Two Distributions Divergence ]
d,(Ps, Pr) = 2 Sup|PrP5 [B] — PI'PT [B] | Minimize
Feature Space
yi

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(Source, Target)

e RX-1Z R(x) =z L,-Divergence[3]

. f X - {0,]} True labeling function
d,(Ps, Pr) = 2sup|Prp |B| — Prp..|B]|.
A} 1(Ps, Pr) Bepl P5[ ] PT[ ]l

e f:Z - {0,1} Induced image of f under R
« hZ-1{01} Hypothesis
* e(hf)=E,p]|h(@ — F@)|] = e(W)

Theorem 1. (Ben-David et al., 2010) | For a hypothesis h,

<
er(h) < €s(h) + dy (Ps, Pr) = 2.20|l4 Labeling function®] 0|

+min{Expg[|fs(6) = fr GOl Exp, [Ifs(x) = fr (oI}
}

This dissimilarity will need to be small for adaptation to be possible!

... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
.% Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(Source, Target)

Limitations / L,-Divergence|[3]

1) golel X2 R H ==& fet /e HE=EE= Heet 78 =71

|

d,(Ps,Py) =2 ;gh)rps [B] — Pryp_[B]].

- DAS 2|t Representation 2712 A6 | 2[e K| H2 M| M2
2) LT st X|H0|7|0f MH| minimum risk 2CF 2 ZHE A2 HIA| Sxpotp 7t IHSS R

At BOf| Ciet 2= 25 Xto|<9f

-1 =

Theorem 1. (Ben-David et al., 2010) | For a hypothesis h,

er(h) < es(h) + dy(Ps, Pr)

+min{]Ex~PS[|fS(x) - fT(x)l]; IEx~PT[|fS(x) o fT(x)l]}

... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
.‘ Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Recap : L;-Divergence

dy(Ps, Pr) =2 ;gglprps [B] — Prp,[B]].

Definition of H-Divergence|3]

@ #{-Divergence

Definition 1, Ben-David et al,, 2006, 2010; Kifer et al. 2004 Can account for the hypothesis set;
: Can be approximated empirically given samples!

Let R be a fixed representation function from X to Z and |
H < {h"Z - {0,1}} be a hypothesis class, Divergence
given two domain distributions Ps and Pr over X, . Between Two Distributions Divergence |
the H-divergence between P; and Py is defined as

Minimize

o—> .
ds¢(Ps, Pr) = 2 :gg[ |Prps [W'(R(x)) = 1] = Prp_ [ (R(x)) = 1]|. ' Divergence (S, T)

Feature Space

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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22|o| AtA B7} OFH!
Recap : L;-Divergence /

= 22 P2t p, 2t
(B, Pr) = 2 uplPry [B] = Prp, [B1] ProdB] — Pon (6] | A B S B 8 Aol
A lch

Definition of H-Divergence|3]

@ #{-Divergence

Definition 1, Ben-David et al,, 2006, 2010; Kifer et al. 2004 Can account for the hypothesis set;
: Can be approximated empirically given samples!

Let R be a fixed representation function from X to Z and |
H < {h"Z - {0,1}} be a hypothesis class, Divergence
given two domain distributions Ps and Pr over X, . Between Two Distributions Divergence |
the H-divergence between P; and Py is defined as
Minimize

: . - — i
dyc(Ps, Pr) = 2 sup |Prpg ['(R(x)) = 1] — Prp [h'(R(x)) = 1]|. ' D> 1)

- S 28 pof| ook A Feature Space
. KO o8l 27t 1B BRE Ao E EX

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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: Prs [h'(z) = 1] — Prp [A'(2) = 1]
Recap : L;-Divergence

dy(Ps, Pr) =2 ;gglprps [B] — Prp,[B]].

Definition of H-Divergence|3]

@ #{-Divergence

Definition 1, Ben-David et al,, 2006, 2010; Kifer et al. 2004 Can account for the hypothesis set;
: Can be approximated empirically given samples!

Let R be a fixed representation function from X to Z and |
H < {h"Z - {0,1}} be a hypothesis class, Divergence
given two domain distributions Ps and Pr over X, . Between Two Distributions Divergence |
the H-divergence between P; and Py is defined as
Minimize

: . - — i
dyc(Ps, Pr) = 2 sup |Prpg ['(R(x)) = 1] — Prp [h'(R(x)) = 1]|. ' D> 1)

- S 28 pof| ook A Feature Space
. KO o8l 27t 1B BRE Ao E EX

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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Recap : L;-Divergence

dy(Ps, Pr) =2 ;gglprps [B] — Prp,[B]].

sup |Prps [A'(z) = 1] — Prp_[h'(2) = 1]|
hieH
o| Zto| go|a}zi?

& 0] O] Hypothesis setOl| CHSH A= domain®f|
&2 810] h7} & EESICH= o|0)1 (RE|2] 55)

Definition of H-Divergence|3] ]
@ H-Divergence

Definition 1, Ben-David et al,, 2006, 2010; Kifer et al. 2004 Can account for the hypothesis set;
: Can be approximated empirically given samples!

Let R be a fixed representation function from X to Z and
H < {h":Z - {0,1}} be a hypothesis class, Divergence
given two domain distributions Ps and Pr over X, . Between Two Distributions Divergence |
the H-divergence between P; and Py is defined as
Minimize

: . - — i
dyc(Ps, Pr) = 2 sup |Prpg ['(R(x)) = 1] — Prp [h'(R(x)) = 1]|. ' D> 1)

- S 28 pof| ook A Feature Space
. KO o8l 27t 1B BRE Ao E EX

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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O{tH Hypothesis Set?

Recap : L;-Divergence

dy(Ps, Pr) =2 ;gglprps [B] — Prp,[B]].

sup |Prps [A'(z) = 1] — Prp_[h'(2) = 1]|
hieH
0| Zto| 00|2}uH?
- H0{ & 0| Hypothesis set0ll L5 A= domainOi|
A

AbTE 0| 7t & SASICH= o|O|! (o 2|o| 5 EI—I

Definition of H-Divergence|3] ]
@ H-Divergence

Definition 1, Ben-David et al,, 2006, 2010; Kifer et al. 2004 Can account for the hypothesis set;
: Can be approximated empirically given samples!

Let R be a fixed representation function from X to Z and |
H < {h"Z - {0,1}} be a hypothesis class, Divergence
given two domain distributions Ps and Pr over X, . Between Two Distributions Divergence |
the H-divergence between P; and Py is defined as
Minimize

: . - — i
dyc(Ps, Pr) = 2 sup |Prpg ['(R(x)) = 1] — Prp [h'(R(x)) = 1]|. ' D> 1)

- S 28 pof| ook A Feature Space
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.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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O{tH Hypothesis Set?
Recap : L;-Divergence

sup |Prp~s[h’(z) =1] — Prp_ [R'(2) = 1]|
dy(Ps, Pr) =2 ;gglprps [B] — Prp,[B]].

hreH
0| Z¥o| oo|2}H?
X 0] 0] Hypothesis set%f| CHoHAM = domainOi|

9
o2 810 7t & SEICh= 20| (2l 55)

Definition of H-Divergence|3]

@ #{-Divergence
Definition 1, Ben-David et al., 2006, 2010; Kifer et al. 2004 Can account for the hypothesis set

| Can be approximated empirically given samples!
Let R be a fixed representation function from X to Z and

H < {h':Z - {0,1}} be a hypothesis class,

_ Ly PE e Divergence
given two domain distributions P anql Pr over X, . Between Two Distributions Divergence |
the H-divergence between P; and Py is defined as
Minimize
SN ] SN *—> Di e S,
d;(Ps, Pr) = 2 sup |Prp (R (R(x)) = 1] — Prp [H(R(x)) = 1] ' lvergence (5, T)
« SIS o 0| gt AL Feature Space
. WOl oSl 27H12 BRE MR EY  PA

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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{Zs}~P S {ZT}~P T

Recap : #H-Divergence @ @

dye(Ps, Pr) = 2 :,leljl?flprf’s[h’(ﬂ(x)) =1] - PrPT[h’(R(x)) = 1]|

m7i 2] samples
AHX O Z 3r-divergence EIE TSk}

dAf]‘[ (ZS' ZT)

Empirically Estimated #{-Divergence[4]

3 Empirical #-Divergence
Lemma 1, Ben-David et al., 2010 Can account for the hypothe_ﬂs set
: Can be approximated empirically given samples!
Let H be a hypothesis class of VC dimension d. ‘=.‘
Suppose we have two samples Zg and Z,

each of size m iid from Ps and Py, respectively, and __ Divergence
dyr(Zs, Z7) is the empirical #-divergence between samples,  BeEEn WS Dislaviens
then for any 6 € (0,1), with probability at least 1 — 6,

Minimize
A d log(2m)+log> ' > Divergence (S, T)
ds (Ps, Pp) < dyr(Zs, 77) +4\/ — =

Feature Space

Divergence |

... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
.‘ Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175
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Prs [h'(z) = 1] — Prp [h'(2) = 1]

Recap : H-Divergence . ,
= Prp [h'(z) = 1] + Prp, [h'(2) = 0] — 1

ds(Ps, Pr) = 2 sup |Prp [H'(R(x)) = 1] — Prp, [A'(R(x)) = 1]|
hex - ([[Epsl[h'(z) = 1] + Ep I[R'(2) = 0]])

Empirically Estimated #{-Divergence[4]

3 Empirical #-Divergence

Compute empirical H-Divergence by finding a classifier
Lemma 2, Ben-David et al., 2010 | which attempts to separate one domain from the other!
For a symmetric hypothesis set H (one where for -
I . : W . | ivergence
every h' € I, thg inverse hypqthgss 1-h s also in H) W ctveen Too Distrbations Divergence |
and I[+] is the binary indicator function,
Minimize
dor(Zs, 70) = 2 (1 — min [IEZNﬁSI[h’(Z) = 1]+ E,5 I[N (2) = 0]] . 'H Divergence (S, T)
z€Z B Z€Z T Feature Space
... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
.‘ Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175. 33
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pS Z € ZS
A ~ Hlm
Recap : H-Divergence Rep:::::tat - Clasls:,ifier y' “ '
! / R =
dy (P, Pr) = 2 :lelgl?flprps [ (Rx)) =1] — Prp,. [A'(R(x)) = 1]| GIS 25l

Empirically Estimated J{-Divergence[4]

Domain Label 1

3 Empirical #-Divergence

Compute empirical H-Divergence by finding a classifier
Lemma 2, Ben-David et al., 2010 . which attempts to separate one domain from the other!
For a symmetric hypothesis set H (one where for

every h' € H, the inverse hypothesis 1 — h' is also in H)
and

_ Divergence
: ; — = .. Between Two Distributions
I[-] is the binary indicator funct|on|

Divergence |

dyg (Zs, Zr) = 2 (1 — min [E, s 1[0 (2) = 1]

Minimize
_ITh () = — i
min +E, 5 I[h(z) = 0] ) ' Divergence (S, T)
Domain Label 0

Domain Label 1
> Hh(z) =10|Hemor - h'(2) = 00|™ error /

Feature Space

Data Mining

... [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
ob Quallity Analytics

[4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Domain Label 0
pS Z € ZS
. . Fixed .
Recap : #{-Divergence Réesentator Clas,f,'ﬁer
! / R
dy (P, Pr) = z,flelgl?[lprps[h (R(x)) =1] — PrPT[h (R(x)) = 1]|

e . . Domain Label 1
Empirically Estimated 7 -Divergence[4]

Lemma 2, Ben-David et al., 2010

SEOH| LEXL

25IXH

A

H|

3’“3’

o=

AII-"

3 Empirical #-Divergence
Compute empirical H-Divergence by finding a classifier
which attempts to separate one domain from the other!

For a symmetric hypothesis set H (one where for

eS| LR SCHH?
every h' € H, the inverse hypothesis 1 — h' is also in H) &%(CZES 7 =201 _}0) _
and I[-] is the binary indicator functionl
! ! A 0
dyg (Zs, Zr) = 2 (1 - min |E,5 I[N (2) = 1] + E,_5, I[N (2) = 0] ). 3 N Clssier (
Domain Label 0 Domain Label 1
- h'(z) = 10|™H emror - K/ (z) = 00|™H error Vi

55—;42 =
dy(Zo,Z7) = 2(1
Cla55|ﬁer

\
i

'c'>.'_|-|:|-l=l=|7
-2) =

E,-p [N (2) = 1] + E,_5 I[K(2) = 0] = 0

... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
.‘ Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175
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pS YAS ZS
A ~ Hlm
Recap : H-Divergence ReprI;I:ee:tat - Clas’s:,ifier y' “ '
! / R =
dy (P, Pr) = 2 }fleljl?[lprps[h (R(x)) =1] — PrPT[h (R(x)) = 1]| GIS 25l

d_;-Distance[3]

Domain Label 1

® d_4-Distance
Running a learning algorithm on the problem of
discriminating between source and target examples

Proxy A-distance (PAD)

Define the error of a classifier ' on the task of discriminating
between points sampled from different distributions as
! 1 7
e(h) = -3 h(z) — [z € Zq]],
where I[z; € Z;] is the indicator function, then:

Hets| LEBHCIH?
dy(Zs,Zr) =2(1—0) =2

d,(Zg,2) =2 (1 — ZprEigr}e(h’)).

Eopl[W(2) = 1] + E,op I[W(2) =01 =0 E,pl[N(2) = 1] + E,-p,I[W(2) = 0] = 2

Data Mining

... [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
ob Quallity Analytics

[4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(Fs, Pr)

. ;{: ))(( - {ZO N . . Empirical #-Divergence|3]
. : - k

True labeling function
dor(Zs, 77) = 2 (1 — min [IEZNpSI[h’(Z) = 1]+ E,5 [N (2) = O]])

e f:Z - {0,1} Induced image of f under R
« hZ-{01} Hypothesis

o e(hf)= B[ |h@) — F@)|] = )
Theorem 2. (Ben-David et al., 2006)

A}

Let 7 is a hypothesis class of VC dimension d. With probability at least 1 — 6,

for every h € H:
R A d log(2m)+logi
er(h) < é(h) + Jd logzeTm + log% +dy(Zs, Z7) + 4\/ - 2+ A
- : x x F 2R0M B5F H SEI5h= 04X 2l dassifi
with A = infyrege[es(h?) + er(h)]— S5 o Eng . o 2asio

... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
.‘ Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(Fs, Pr)

. ;{: ))(( - {ZO N . . Empirical #-Divergence|3]
. : - k

True labeling function
dor(Zs, 77) = 2 (1 — min [IEZNpSI[h’(Z) = 1]+ E,5 [N (2) = O]])

. f :Z — {0,1} Induced image of f under R

 hZ-{01} Hypothesis 24
+ e(hf)=E,5[|h(2) — F@)|] = e(h)
. Let 7 VVC dimension d. With probability at least 1 — 6,
Theorem 2. (Ben-David et al., 2006) /'es(h) < &(h) + \]dlog - +10g; for every h € (- P ty

R P d log(2m)+logx
er(h) < és(h) + Jd logzeTm + log% +dsy(Zs, Z1) + 4\/ —~ 2+ A
. . * * T 2EOM 25 & SESH= O|&A QI dassifi
with A = infyeg[es(R°) + €7 (R7)]. — hi’:;rlj-[101|—n— e ngh $||¢§+ e

... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
.% Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(P;, Pr)

Empirical #-Divergence[3]

dy(Zs, Zr) = 2(1 = min |E,-p I [1'(2) = 1] + E,.p, I[W(2) = 0] )

Analysis of Representations for Domain Adaptation

Shai Ben-David John Blitzer, Koby Crammer, and Fernando Pereira Diverg ence
School of Computer Science Department of Computer and Information Science . .
University of Waterloo University of Pennsylvania Between Two Distributions Dlvergence l
shai(@cs.uwaterloo.ca {blitzer, crammer, pereira }(@cis.upenn.edu
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Abstract ﬁs ﬁT

Feature Space
Discriminative learning methods for classification perform well when training and
test data are drawn from the same distribution. In many situations, though, we
have labeled training data for a source domain, and we wish to learn a classifier

which performs well on a farget domain with a different distribution. Under what . I|._
conditions can we adapt a classifier trained on the source domain for use in the :}[ = Dlvergenceyl- H
target domain? Intuitively, a good feature representation is a crucial factor in the — H k=1 H ) =HSE A O-l (=)
success of domain adaptation. We formalize this intuition theoretically with a - Representatlon = CIaSSIﬁer h 7I- ?-_'_ = T HA [[H
generalization bound for domain adaption. Our theory illustrates the tradeoffs in- —_ H 'O = Nn-
herent in designing a representation for domain adaptation and gives a new justifi- - CIaSSIﬁer h —I erroryl- = Domaln Invarlant Representatlono"*-l'
cation for a recently proposed model. It also points toward a promising new model l
for domain adaptation: one which explicitly minimizes the difference between the _ g =
f;lll;fz ga:;lt.targct domains, while at the same time maximizing the margin of the Lo'l-oh o E Domaln Adaptatlon ool'l 7|-3
... Data Mining [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19. 39
.‘ Quallity Analytics 4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Domain-Adversarial Training of Neural Networks

Abstract

We introduee a new representation learning approach for domain adaptation, in which
data at training and test time come from similar but different distributions. Our approach
& directly inspired by the theory on domain adaptation suggesting that, for effective do-
main transfer to be achieved, predictions must be made based on features that cannot
discriminate between the training (source) and test (target) domains,

The approach implements this idea in the context of neural network architectures that
are trained on labeled data from the source domain and unlabeled data from the target do-
main (oo labeled target-domain data s necessary). As the training progresses, the approach
promotes the emergence of features that are (1) discriminative for the main learning task
on the source domain and (i) indiseriminate with respect to the shift between the domains.
We show that this adaptation behaviour can be achieved in almost any feed-forward model
by augmenting it with few standard layers and a new gradient reversal laver. The resulting
augmented architecture can be trained using standard backpropagation and stochastic gra-
dient descent, and can thus be implemented with little effort using any of the deep learning
packages,

We demonstrate the suecess of our approach for two distinet classification problems
(document sentiment analysis and bmage classification), where state-of-the-art domain
adaptation performance on standard benchmarks is achieved. We also validate the ap-
proach for deseriptor learning task in the context of person re-identification application.
Keywords: domain adaptation, nearal network, representation learning, deep learning,
synthetic data, image classification, sentiment analyzis, person re-identification

[3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
[5] Ganin, Y, Ustinova, E, Ajakan, H, Germain, P, Larochelle, H, Laviolette, F, .. & Lempitsky; V. (2016). Domain-adversarial training of neural networks. The joumnal of machine leaming research, 17(1), 2096-2030.
[6] Goodfellow, |, Pouget-Abadie J, Mirza, M, Xu, B, Warde-Farley, D, Ozair, S, .. & Bengio, Y. (2014). Generative adversarial nets. Advances in neural information processing systems, 27.
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Domain-Adversarial Training of Neural Networks

Abstract

We introduee a new representation learning approach for domain adaptation, in which
data at training and test time come from similar but different distributions. Our approach
& directly inspired by the theory on domain adaptation suggesting that, for effective do-
main transfer to be achieved, predictions must be made based on features that cannot
discriminate between the training (source) and test (target) domains,

The approach implements this idea in the context of neural network architectures that
are trained on labeled data from the source domain and unlabeled data from the target do-
main (oo labeled target-domain data s necessary). As the training progresses, the approach
promotes the emergence of features that are (1) discriminative for the main learning task
on the source domain and (i) indiseriminate with respect to the shift between the domains.
We show that this adaptation behaviour can be achieved in almost any feed-forward model
by augmenting it with few standard layers and a new gradient reversal laver. The resulting
augmented architecture can be trained using standard backpropagation and stochastic gra-
dient descent, and can thus be implemented with little effort using any of the deep learning
packages,

We demonstrate the suecess of our approach for two distinet classification problems
(document sentiment analysis and bmage classification), where state-of-the-art domain
adaptation performance on standard benchmarks is achieved. We also validate the ap-
proach for deseriptor learning task in the context of person re-identification application.
Keywords: domain adaptation, nearal network, representation learning, deep learning,
synthetic data, image classification, sentiment analyzis, person re-identification
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Recap: Cross-domain Generalization

v

Target Domain Error < Source Domain Error + Divergence(P;, Pr)

Labeled Source Domain {Xj, Y5}

va % Label H| @ .

%4 o\ O Minimize

o | Classifier o > 7 =) 4 Source Domain Error
: ﬁl h e AR

- Feature

» Extractor Representatign i
&\ m_, Divergence
R Between Two Distributions Divergence ]
- \L‘
NEN | ‘ Minimize
*—> Divergence (S, T)
Unlabeled Target Domain {X; } - -

Fs— Pr

Feature Space
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ob Quallity Analytics




5% |  Source DomainOflA] St&8t Classifier h: Z — Y7} Target Domain®| M = & S%131H| S}
Bl Vethods —

Learn a Task-Discriminative and Domain-Invariant Feature Representation!
DANN, JMLR, 2016

v

Recap: Cross-domain Generalization

Target Domain Error < Source Domain Error + #¢-Divergence(Ps, Pr)
Labeled Source Domain {Xj, Y5}
- Domain Label 0
Label H| @ .
G Minimize
A % y
>  Classifier o g =) Source Domain Error
h o= A
Feature
Extractor Representati
R
Domain Measure
Classifier &—— y ﬁ : -
Unlabeled Target Domain {X; } ' VS AH| J{-Divergence (Fs, Pr)
Domain Label 1 Somain
Label 0 B‘ gosml:r Q1= 0] CHet
Domain | V 0 EI}" I -E—%’é"%g’ [[H
Label 1

.{.. (%CLJJE?H%; ;r\w;}r;sﬁyﬂ — [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19
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Recap: Cross-domain Generalization

Target Domain Error < Source Domain Error + #-Divergence(Ps, Pr)

Feature
Extractor
R

Measure
F{-Divergence (P, Pr)
™=l (Fixed) Representator'

Ben- DaV|d et al[3]= 0'|’°| Feature Space A0l A
F-DivergenceE H'dt= 0 SH2 =

.{.. (%?JE}IH%; l/@}?;ﬁyﬂ — [3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
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% Domain Adversarial Training of Neural Networks (Ganin et al, 2016)[5]

Motivation : To embed domain adaptation into the process of representation learning

v
- H-DivergenceE Z| & 2tS5H0 Task-Discriminative SHH A= Domain-invariant2t Representation Learning <=24[5]

Feature
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+» Domain Adversarial Training of Neural Networks (Ganin et al, 2016)[5]

« Feature Extractor 25 : (1) Source Domain Error | (2) H- Divergence |

- Class LabelO| = Source Domaing 7|82 2, Task-Discriminative Feature =5 2|5l Prediction (Source) Loss Z| A3}

Labeled Source Domain {Xg, Y5} Being optimized

to minimize
Label . H
> Classifier o—> y “ y Prediction Loss
h oll% A L¢
Feature
Extractor Typical Supervised Learning (=Source Only)

Task-Discriminative

Prediction Loss

Representation
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» Feature Extractor S5 : (1) Source Domain Error | (2) #£-Divergence |
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< Domain Adversarial Training of Neural Networks (Ganin et al, 2016)[5]
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< Domain Adversarial Training of Neural Networks (Ganin et al, 2016)[5]

Domain Classifier &5 : 7-Divergence 1

12 20| LSt Domain & 52 23} (=Domain Loss £| 43}

- Feature Extractor2| Feature RepresentationO| &3] Domain-Invariant S{{ & [§7HX| | =84 X| S
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< Domain Adversarial Training of Neural Networks (Ganin et al, 2016)[5]
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Abstract

We introduee a new representation learning approach for domain adaptation, in which
data at training and test time come from similar but different distributions. Our approach

main transfer to be achieved, predictions must be made based on features that cannot mln

diseriminate between the training (source) and test (target) domains, Featu re h’
The approach implements this idea in the context of neural network architectures that

are trained on labeled data from the source domain and unlabeled data from the target do- Extractor

main (oo labeled target-domain data s necessary). As the training progresses, the approach

promotes the emergence of features that are (1) discriminative for the main learning task R

on the source domain and (i) indiseriminate with respect to the shift between the domains.

& directly inspired by the theory on domain adaptation suggesting that, for effective do- g L

We show that this adaptation behaviour can be achieved in almost any feed-forward model

by augmenting it with few standard layers and a new gradient reversal laver. The resulting o
augmented architecture can be trained using standard backpropagation and stochastic gra- Domaln
dient descent, and can thus be implemented with little effort using any of the deep learning o o
packages. CIa SSIerr

We demonstrate the suecess of our approach for two distinet classification problems h,

(document sentiment analysis and bmage classification), where state-of-the-art domain L

adaptation performance on standard benchmarks is achieved. We also validate the ap- maX D

proach for deseriptor learning task in the context of person re-identification application. R o « o
Keywords: domain adaptation, nearal network, representation learning, deep learning, Dlscrlmlnate

synthetic data, image classification, sentiment analyzis, person re-identification
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Abstract Discriminative learning methods for classification perform well when training
and test data are drawn from the same distribution. Often, however, we have plentiful labeled
training data from a source domain but wish to learn a classifier which performs well on
a target domain with a different distribution and little or no labeled training data. In this
work we investigate two questions. First, under what conditions can a classifier trained from
source data be expected to perform well on target data? Second, given a small amount of
labeled target data, how should we combine it during training with the large amount of
labeled source data to achieve the lowest target error at test time?

[3] Ben-David, S, Blitzer, J, Crammer, K, & Pereira, F. (2006). Analysis of representations for domain adaptation. Advances in neural information processing systems, 19.
[4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.

Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(Ps, P;)

HAH-Divergence[4]

d}m}[(p s, P T) =2 hiuep}[lprbﬁs [h1(2) # hy(2)] — Pr, 5. [h1(2) # hy(2)]

Divergence

Between Two Distributions Divergence l

Feature Space




Symmetric Difference of set A and B
Methods AAB = (A—B) U (B — A)

ugta e

A Theory of Learning From Different Domains, ML, 2010

Recap : #H-Divergence

dy(Ps, Pr) = 2 sup |Prpg[R' (R(x)) = 1] — Prp [R'(R(x)) = 1]|

Recap : Empirical H-Divergence|3]

doc(Zs,27) = 2 (1~ min [E,-p,I[1(2) = 1] + E,p,111(2) = 0]])

Symmetric Difference Hypothesis Space H A 4]

@ HAH-Divergence

Definition 3, Ben-David et al., 2010

For a hypothesis space #, the symmetric difference

hypothesis space HAH is the set of hypotheses

Divergence
gEHAH < g(z2) = hi(z) @ hy(z) for some hy, h, € H, . Between Two Distributions Divergence |
where @ is the XOR function. In words, every hypothesis Minimize
g € HAH is the set of disagreements between ' *-— Divergence (S, T)
two hypotheses h; and h, in .
Feature Space

Z

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Symmetric Difference Hypothesis Space H A 4]

@ HAH-Divergence

Definition 3, Ben-David et al., 2010

For a hypothesis space #, the symmetric difference

hypothesis space HAH is the set of hypotheses

Divergence
gEHAH < g(z2) = hi(z) @ hy(z) for some hy, h, € H, . Between Two Distributions Divergence |
where @ is the XOR function. In words, every hypothesis Minimize
g € HAH is the set of disagreements between ' *-— Divergence (S, T)
two hypotheses h; and h, in .
Feature Space

Z

.{.. (%CLJJE?H%; ;r\w;]rgsﬁyﬂ - [4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.




Symmetric Difference of set A and B
AAB = (A—B)U (B — A)

Methods A={dh(@) =1 B={dhy() =1)
A Theory of Learning From Different Domains, ML, 2010 \Ij__P |:+//
B A s B

Recap : #-Divergence h:Z — {0,1}
ANB ={zh(2) = hy(2) = 1}

dy(Ps, Pr) = 2 sup |Prpg[R' (R(x)) = 1] — Prp [R'(R(x)) = 1]|

H

hy A=B = {z]h,(2) = land hy(z) = 0}
Recap : Empirical H-Divergence|3] h, A=1 ANE = B—A={zh(2) =0andh,(z) = 1}
dy(Zs,Zr) = 2(1 = min |E,p [[K(2) = 1] + E,p,I[K(2) = 0]) (AUB)Y°= {zlhy(2) = hy(2) = 0}

Symmetric Difference Hypothesis Space H A 4]

@ HAH-Divergence

Definition 3, Ben-David et al., 2010

For a hypothesis space #, the symmetric difference
hypothesis space HAH is the set of hypotheses

(2) = 0, h(2)=hy(z) z€EAAB‘=(ANB)UAUB)
gEHAH < g(2) =hi(2) ® hy(z) for some hy, h, € H, 90 = ) i) EeAABL (4-B) UGB -
where @ is the XOR function. In words, every hypothesis l 22 2 20 Tioll 7HES(hy, hy) Ol SOt ELEA SHSH=7F
g € HAH |is the set of disagreements between 30l 3+ £ 744 .ot

two hypotheses hy and h, in H. g EHAH| g= %%‘Il(dlsagreements)e TAISLE JHA go| FlBt

=
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Recap : #H-Divergence

dy(Ps, Pr) = 2 sup |Prpg[R' (R(x)) = 1] — Prp [R'(R(x)) = 1]|

Recap : Empirical H-Divergence|3]

do(Z5,27) = 2 (1~ min B, p,I1K(2) = 1] + E,5, 111 (2) = 0]])

Definition of H A -Distance[4]
@ HAH-Divergence

Lemma 3, Ben-David et al., 2010

Very useful in reasoning about error!

For any hypotheses hy, h, € H, ~. (When we give a bound on the target error)
ds a3 (Ps, Pr)
=2 sup |Prps[h1(z) # hy(2)] — Pr_[hy(2) # h, (z)]| Divergence
hi,h€H . Between Two Distributions Divergence !
=2 sup |es(hy, hy) —er(hy, hy)|  e(hyhy)= B, plli(2) = hy(2)]] B
hy,hy €M Minimize
*—> Divergence (S,
> 2|es(hy, hy) — er(hy, ho)| ” = 51
1 o~ Feature Space
Edﬂ-[Aﬂ-[(PS' PT) > |es(hy, hy) — e7(hy, hy)| y.
.{.. gig]mh;i/r\w;::ﬁyﬂ - [4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Recap : #H-Divergence

dy(Ps, Pr) = 2 sup |Prpg[R' (R(x)) = 1] — Prp [R'(R(x)) = 1]|

Recap : Empirical H-Divergence|3]

doc(Zs,27) = 2 (1~ min [E,-p,I[1(2) = 1] + E,p,111(2) = 0]])

Definition of HAH -Distance[4]
Lemma 3, Ben-David et al., 2010

For any hypotheses h;, h, € H,

ds a3 (Ps, Pr)
=2 sup |Prp.[hy(2) # hy(2)] — Prp [hy(2) # hy(2)]|

Ry hy€H

=2 sup |es(hy, hy) —er(hy, hy)|
hy hy €H

€(hy, hy)= IEZ~15[|h1(z) — hy(2)|]
> 2|es(hy, hy) — er(hy, hy)|

1 - -
Ed%A%(Ps' PT) > |es(hy, hy) — e7(hy, hy)|

d}[A}[(ﬁs; ﬁT) =2 sup |es(hy, hy) — €r(hy, hy)|

hy hp€H
Source®t Target 7101 748 W=0| SO} FASHA S&ENt?
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@ HAH-Divergence
Very useful in reasoning about error!
(When we give a bound on the target error)

\ Between Two Distributions

Divergence
Divergence |

Minimize
"—’ Divergence (S, T)

Feature Space
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Cross-domain Generalization

Target Domain Error < Source Domain Error + Divergence(Fs, Pr)

e R:X-Z
« f:X-{01} True labeling function
« fiZ- {0,1} Induced image of f under R

HAH-Distance[4]

d}m}[(ﬁsf ﬁT) = Zh Sup}[|€s(h1; h;) — er(hy, hy)|

. DA} 1h2€
« hZ-{01} Hypothesis -
. E(h’f): [Ez~ﬁ[|h(z) — f(z)” = e(h) Ed}[A}[(PSrIST) 2 |es(hy, hy) — €r(hy, hy)l
Theorem 2. (Ben-David et al, 2010) Let 7 is a hypothesis class of \]{C dimension d.. With probability at least 1 — 6,
) or every h € H:
R 2 4 1 - .~ 2d 10g(2m)+logZ
er(h) < é(h) + Jd 1og% +log + > dsensc (Zs, Zr) + 4\/ ———2 % ],
‘ Note: ‘
with A = infyec[es(h) + ep(h7)]. i 1 ErrBretcidl, 00 mostticethe VC dmension f 7.

dlog(2m) + log%

d.']'f(PSJPT) < aﬂ(ZSiZT) =+ 4\/ m

.{.. (%?JE}IH%; l/@}?;ﬁyﬂ - [4] Ben-David, S, Blitzer, J, Crammer, K, Kulesza, A, Pereira, F, & Vaughan, J. W. (2010). A theory of leaming from different domains. Machine leaming, 79, 151-175.
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Abstract Discriminative learning methods for classification perform well when training
and test data are drawn from the same distribution. Often, however, we have plentiful labeled

training data from a source domain but wish to learn a classifier which performs well on
a target domain with a different distribution and little or no labeled training data. In this
work we investigate two questions. First, under what conditions can a classifier trained from

source data be expected to perform well on target data? Second, given a small amount of
labeled target data, how should we combine it during training with the large amount of

labeled source data to achieve the lowest target error at test time?
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Feature Space
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}
‘43X O 2 Domain Adaptation
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Maximum Classifier Discrepancy for Unsupervised Domain Adaptation
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Abstract

In this work, we present a method for unsupervised do-
main adaptation. Many adversarial learning methods frain
domain classifier networks to distinguish the features as ei-
ther a source or target and train a feature generator net-
work to mimic the discriminator. Two problems exist with
these methods. First, the domain classifier only tries to dis-
tinguish the features as a source or target and thus does not
consider task-specific decision boundaries berween classes.
Therefore, a trained generator can generate ambiguous fea-
tures near class boundaries. Second, these methods aim to
completely match the feature distributions between different
domains, which is difficult because of each domain’s char-
acteristics.

Proposed Method
Before Adaptation Adapted

_A :' |:(> ))
&\ e X

=+ Source-r Targst

- Domain Glassifier — Task-specific Classifier

Figure 1. (Best viewed in color.) Comparison of previous and the
proposed distribution matching methods.. Left: Previous meth-
ods try to match different distributions by mimicing the domain
classifier. They do not consider the decision boundary. Right:
Our proposed method attempts to detect target samples outside the
support of the source distribution using task-specific classifiers.
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Recap : HAH-Divergence[4]

Target Domain Error < Source Domain Error + dwns(Ps.Pr) = 2 sup_les(he,hz) = en(u, o)l
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% Maximum Classifier Discrepancy for Unsupervised Domain Adaptation (Saito et al, 2018)[7]
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Eg. (1), Saito et al., 2018

The absolute values of the difference between
the two classifiers’ probabilistic outputs:
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Recap : HAH-Divergence[4]

—|~ ~ Eq. (1), Saito et al., 2018
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% Maximum Classifier Discrepancy for Unsupervised Domain Adaptation (Saito et al, 2018)[7]
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Discrepancy Loss[7]

Recap : HAH-Divergence[4]
— Eg. (1), Saito et al., 2018
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ha 2 €1 The absolute values of the difference between
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Abstract

Discriminative learning methods for classification perform well when training and
test data are drawn from the same distribution. In many situations, though, we
have labeled training data for a source domain, and we wish to lear a classifier
which performs well on a farget domain with a different distribution. Under what
conditions can we adapt a classifier trained on the source domain for use in the
target domain? Intuitively, a good feature representation is a crucial factor in the
success of domain adapfation. We formalize this intuition theoretically with a
generalization bound for domain adaption. Our theory illustrates the tradeoffs in-
herent in designing a representation for domain adaptation and gives a new justifi-
cation for a recently proposed model. It also points toward a promising new model
for domain adaptation: one which explicitly minimizes the difference between the
source and target domains, while at the same time maximizing the margin of the
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Abstract Discriminative learning methods for classification perform well when training
and test data are drawn from the same distribution. Often, however, we have plentiful labeled
training data from a source domain but wish to learn a classifier which performs well on
a target domain with a different distribution and little or no labeled training data. In this
work we investigate two questions. First, under what conditions can a classifier trained from
source data be expected 1o perform well on target data? Second, given a small amount of
labeled target data, how should we combine it during training with the large amount of
labeled source data to achieve the lowest target error at test time?

Data Mining
Quallity Analytics

Vs

< Source Domain Error

Domain-Adversarial Training of Neural Networks

Abstract
We introduce a new representation learning approach for domain adaptation, in which
data at training and test time come from similar but different distributions. Our approach
is directly inspired by the theory on domain adaptation suggesting that, for effective do-
main transfer to be achieved, predictions must be made based on features that cannot
discriminate between the training (source) and test (target) domains.
The approach implements this idea in the context of neural network architectures that
are trained on labeled data from the souree domain and unlabeled data from the tar

t do-

main (no labeled target-domain data is necessary). As the training progresses, the approach
promotes the emergence of features that are (i) diseriminative for the main learning task
on the souree domain and (ii) indiseriminate with respeet to the shift between the domains

We show that this adaptation behaviour ean be achieved in almost any feed-forward model
by augmenting it with few standard layers and a new gradient reversal layer. The resulting
augmented architecture can be trained using standard backpropagation and stochastic g
dient descent, and can thus be implemented with little effort using any of the deep learning
packages

We demonstrate the success of our approach for two distinet elassification problems
(document sentiment analysis and image classification), where state-of-the-art domain
adaptation performance on standard benehmarks is achieved. We also validate the ap-
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Abstract

In this work, we present a method for unsupervised do-
main adaptation. Many adversarial learning methods train
domain classifier networks to distinguish the features as ei-
ther a source or target and train a feature generator net-
work to mimic the discriminator. Two problems exist with

these methods. First, the domain classifier only tries to dis- ++ Source+ Toret — Domain Cssifor — Tesk-spaci Cleifer

tinguish the features as a source or target and thus does not

+ Divergence(?;, P;)

Empirical #£-Divergence|3]

Ay (Zs, Zr) = 2(1 = min B, p [ (2) = 1] + E,p, I} (2) = 0]

DANN 1lin max Lp[5

Ex~pgllog ' (R(x))] + Ex-p,[log(1 — &' (R(x)))]

HAFH-Divergence[4]

dyrnsc(Ps,Pr) =2 sup |es(hy, hy) — er(hy, b))l

1)h2 €

consider task-specific decision boundaries between classes.
Therefore, a trained generator can generate ambiguous fea-
tures near class boundaries. Second, these methods aim 10
completely match the feature distributions between different
domains, which s difficult because of each domain’s char-
acteristics.

Figure 1. (Best viewed in color.) Comparison of previous and the
proposed distribution matching methods.. Left: Previous meth-
ods try to match different distributions by mimicing the domain
classifier. They do not consider the decision boundary. Right:
Our proposed method attempts 1o detect target samples outside the
support of the source distribution using task-specific classifiers.

Discrepancy Loss|[/]
d(up2) = || (] 27) — (]2,
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Learn a Task-Discriminative and Domain-Invariant Feature Representation!

- Method

Analysis of Representations for Domain Adaptation (2006)

Recap : H-Divergence

dsc(Ps, Pr) = 2 sup |Prp [W'(2) = 1] — Prp [R'(2) = 1]|

HypothesisZt symmetricSIC}?
.. i . = hypothesis class # LH2| 2= hypothesis hOi| CH3}0,
Empirically Estimated J{-Divergence[4] T inverse hypothesis 1-h FESH 2001 ZSHEICH= o|0],

e.g., Binary classification problem

Lemma 2, Een_—Davigll etal, 2010 - Hypothesis h = input 22 0 E= 25 St
(Cf. AZ0= typoZt UELICH . DOfoF ofrH hypothe5|s h7|' EX |nput =} E 12 —E—%_CEI'E"E
, , inverse hypothesis 1- h= €2 input zE 022 27 A
For a symmetric hypothesis set H (one where for
every h' € H, the inverse hypothesis 1 — k' is also in H) O|X & Hypothesis class H7F symmetricStChe A2, h7b #0l| &
and I[-] is the binary indicator function, 2|0 UCHH 1-pE HFEA| 00| ZEHE|0f ULt X

5 ora AN N e linear classifier®| ALXE 2o E™, 0{™ linear classifier
dyc(Ps, Pr) =2 (1 min [IEPSI[h (2) = 1] + Ep I[N'(2) = O]D. h(z) = sinw z)7} hypothesis class 70l ZEHz|0 QUCHH,

71 inverse classifier®! 1 — h(z) = sin(—wT z) SA| H 0| ZHE[O]
A= WM, O] HE symmetricSICF L e = US.
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