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Supervised Learning

 Machine learning systems often assume training and
test set have the same distribution .




Domain Adaptation (DA)

X — feature (covariate)
Y — label (target)
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DA: Covariate Shift

Pxy =PxPyix P #P% Pyix =Py

JM/0IDA Instance reweighting
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* Implicit assumption: The support of IPT(:(;) contained in that
of P°(z).

+ Why P} # PY Py VX = IP)Y|X

* Whatif Py # Py ?

e Density ratio estimation

[Shimodaira 2000][Sugiyama 2008][Huang 2007]



DA: Invariant Components (IC)

Relaxed covariate shift ng # IPT IP) Y| X # IP)Y|X

r_ PS(X") ~PT(X
3X7 = h(X) = IPS((Y|))(’) ~ PT(F(Y)\X’)

* Invariant components (feature adaptation) [pan 2011 ][Si 2010]
ming, Div(P? (h(X)), PT (h(X)))
* Div: MMD, adversarial, optimal transport... [Courty 2017]
* h:linear projection, MLP, CNNs, ... [Long2015][Ganin2015]

« Can we always find P?(X') ~ PT(X’)?

* No guarantee of P°(Y|X') ~ PT(Y|X’), semi-supervised
constraints that relate P* (X') and P* (Y|X")
» Self/Co/Tri-training [Kumar 2018][Saito 2017][Xie 2018][Zhang 2019]
* Virtual adversarial training [Shu 2018]



DA: Domain Mapping

Relaxed covariate shift ng # PZ); IPDk}g/p( 7é IP)£|X

/ P (X)) ~ PT(X
1X" = h(X) = pS((Y\))(’) ~ IP’;<Y)\X>

 Domain mapping (pixel adaptation)
miny, Div(P° (h(X)),PT (X))

 Can we always find P7(X’) =~ PT(X)?

* No guarantee of P°(Y|X') ~ PT(Y|X)
* Cycle-consistency [Huffman 2018]
* Geometry consistency [Fu 2018][zhao 2019]
* Content distortion [Bousmalis 2017]
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Modularity

Intervention /Alfat cook‘ed\
Flame Meat on
Gas Level Igniter
Gas connected Gas knob
FIGURE 3
Invariance:

P(Gas Level|Gas Connected, Gas knob) is invariant
P(Meat cooked |Flame, Meat on) is invariant

11
J. Pearl. Causality. Cambridge University Press, 2000.



Modularity

Meat cooked
N TN
Flame Meat on
Gas Level Igniter
/ \
Gas connected Gas knob
FIGURE 3

Independent mechanism changes:
P(Flame|Gas Level, Igniter) changes

P(Gas Level | Gas Connected, Gas knob) is
P(Meat cooked|Flame, Meat on) is invariant

12
J. Pearl. Causality. Cambridge University Press, 2000.



Causal Model for DA

* Bridge between probability distributions

Pyy Py Piy... P

XY
* Independent causal mechanism
C — Cause @_@
E —FEffect
IP)C PE|C (causal mechanism)

Without confounder, Pc and IPg ¢ do not contain
information about each other.

Scholkopf, Bernhard, et al. "On causal and anticausal learning." arXiv preprint arXiv:1206.6471 (2012).
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X — Y

Pxy =Px ]PY|X D — Domain Index

Covariate Shift @—»@ Q

£ PL Pyx =Py

Classifier Shift 5 G w
PS =P% Py x # 1%

No clue as to

find Py xwith
Covariate + @Q E/onesource
domain

Classifier Shift
PX 7 P IP)Y\X Y\X

14



Y — X

Y is usually the cause of X (especially for classification)

¢, - BNBROEERER
- » ANEERNEAEEER
Pxy =PxpyPy

Target Shift

IPX £ P
vix # Pyix

Gong, Zhang, et al. Domain adaptation with conditional transferable components. ICML16
Zhang, Kun, et al. Domain adaptation under target and conditional shift. ICML13



Y — X

Y is usually the cause of X (especially for classification)

“ - BNBEREOGERER
v pNEEREE@DEC

Pxy =Px)yPy
Conditional 6 (Y) ?@ ]P>§( £ PY
. T
Shift ]P)Y — P P XY + IP) |X # IP)Y|X
not hold !!!

Gong, Zhang, et al. Domain adaptation with conditional transferable components. ICML16
Zhang, Kun, et al. Domain adaptation under target and conditional shift. ICML13 16



Y — X

Y is usually the cause of X (especially for classification)

« - DOIPEROGEERER

= «+ ODNEENEHNEAER
Pxy =Px)yPy
Generalized
Target Shift

P;i -+ PL
vix # Pyix

Covariate shift does
not hold !

Zhang, Kun, et al. Domain adaptation under target and conditional shift. ICML13
Gong, Zhang, et al. Domain adaptation with conditional transferable components. ICML16 17
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Scenarios of Target Shift Problem

Discrete label cases (classification tasks):

* Flu prediction: Given symptoms as X, and predict if one patient have flu.
e The rate of flu v varies with time (e.g. Flu season)
* But the manifestations of the disease Pxjy might not change.

Continuous label cases (regression tasks):
* Location prediction: Given images as X, and predict the location of some objects.

* Direction prediction: Given images as X, and predict the direction of some
objects.

High dimensional label cases:
e 3D human pose estimation: Given 2D pose as X, and estimate the 3D pose of
humans.

e 2D location prediction: Given images as X, and predict the 2D direction of some
objects.

19



Existing Methods

KMM (Zhang 2013.):

1. Quantify the label distribution Py at the Test set.
It rewrites the test data distribution P¥ as follows:

PL(x) = / P7 (aly) PT (y)dy = / PS(aly) P (y)dy = / PS(W;EZ/; 4

~~
new
Px

Zhang etc. “Domain adaptation under target and conditional shift” , ICML, 2013. 20



Existing Methods

KMM (Zhang 2013.):

1. Quantify the label distribution Py at the Test set.
It rewrites the test data distribution Px as follows:
PG = [ PP s = [ Pl P = [ P o

and then use functions() to estimate label Weights%‘;;j , and build a
new data distribution 7 = [ Pesw

dy

Zhang etc. “Domain adaptation under target and conditional shift” , ICML, 2013. 21



Existing Methods

KMM (Zhang 2013.):

1. Quantify the label distribution Py at the Test set.
It rewrites the test data distribution P¥ as follows:

PL(x) :/yPT(x|y)PT(y)dy :/yPS(:L"|y)PT(y)dy= /yPS(x,y) isgzgdy

new
Px

and then use functions() to estimate label Weights% , and build a
new data distribution 7 = [ Pesw

Lastly, 8(v) 1s estimated by reducing the MMD distance between
Test data distribution P§ and Pg*”.
13wt - -3 sl

As such, the estimated test label distribution is PT = B(y) = P

Zhang etc. “Domain adaptation under target and conditional shift” , ICML, 2013. 22



Existing Methods

KMM (Zhang 2013.):
2. Adapt the trained model F to the Test set according to the

quantified label dRfribution  using reweight methods.
Retrain a new function pweidhted with weighted dataset:

Pyt = P5(2,4)B(y)

Zhang etc. “Domain adaptation under target and conditional shift” , ICML, 2013. 23



Existing Methods

KMM (Zhang 2013.):
2. Adapt the trained model F to the Test set according to the

quantified label dRfribution  using reweight methods.
Retrain a new function pweidhted with weighted dataset:

PRyt = P3(x,y)B(y)
Disadvantage:
Not compatible with large-scale data because its computational cost

is quadratic in the sample size.

Zhang etc. “Domain adaptation under target and conditional shift” , ICML, 2013. 2



Existing Methods

BBSE (Lipton 2018):

It focus on the classification tasks, and estimatéy)  by:
8=C"q
whe€t  is the confusion matrix of the mapping function F: X — Y

on the training set, ard s the predicted labels ofF : X — Y  onthe
test set.

Disadvantage:

It only works for discrete target shift scenarios.

Lipton etc. “Detecting and Correcting for Label Shift with Black Box Predictors” , ICML, 2018. 25



Our Methods

Motivation;

Existing methods are
computationally infeasible for large-scale data
restricted to shift correction for discrete labels
neglect the invariant conditional distribution Pg,y = P%y



Our Methods

Motivation;

Existing methods are
computationally infeasible for large-scale data
restricted to shift correction for discrete labels
neglect the invariant conditional distribution Pg,y = P%y

Label Transformation Framework (LTF) based on neural networks.
Utilize the invariant conditional distribution
can handle continuous, discrete, and even multi-dimensional labels
in a unified way
Is scalable to large data



Overview
-l -
Label P}@

Transformation T

4.77 01
Label Influence Distribution pT
Recovery G Py Matching X Y
—» Forward Process
< XEREW I"#S$%&'()

Pxy

P leyS
The 1llustration of framework. The conditional distribution Px|y is a constant function



Overview

s

Label Label Influence Distribution PT pT
Transformation T Recovery G X Matching X Y
PyR|ys Px Y —» Forward Process

<-- Backpropagation

Py = / Pyryys(y"ly®) Pg (y°)dy®
yS



Overview

Label Influence
Recovery G

Pxy

Transformation T

PleYs
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Distribution T T
Matching Px P

— Forward Process
<-- Backpropagation

PE — / Pyyys (4 ly*) PE(y*)dy*
yS

Linear

Non-Linear



Overview

04 04
03 o
02 02
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_>
pS Label Label Influence Distribution pT pT
Y Transformation Recovery G Matching X Y
PyR|ys P XY —% Forward Process

<-- Backpropagation

P)?Z/wa(l"\?f)f’}@(yr)dyr
Yy

_ / Py iy (ly") / Pyryys (" ly*) PE(y*)dy* dy”
yr y*

Then the pre-trained Label Influence Recovery Model G generates the new sample
distribution P& according to the transformed label distribution P{¥ .



Overview

S Label
Py Transformation T~ 1%
PyR | Y S

with Py .

By matching the target domain PY with generated P£ , our method implicitly matches

‘V_ 0.1 o 01 01
Distribution
Matching
—» Forward Process

Label Influence
Recovery G
Pxy
<-- Backpropagation

Py



Details: Label Transformation

. > —> . “« - <« -
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Label Influence PR Distribution pT pT
Transformation T Recovery G X Matching X Y

PyR|ys P XY —% Forward Process
<-- Backpropagation

Instead of estimating the density ratio 4(y) , our framework uses Label
Transformation Model T to model the target label distribution implicitly.

YE=T(Y?®, 2)



Details: Label Transformation
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Label Influence PR Distribution pT pT
Transformation T Recovery G X Matching X Y
PyR|ys P XY —% Forward Process

<-- Backpropagation

Because P# captures the influence of Pi¥ | we can possibly estimate PF (or T) by
matching P¥ and Py, .

So we need to transform P to a distribution P¥¥ using our label influence recovery
module G.



Details: Label Influence Recovery

pS Label Label Influence Distribution pT pT
Y Transformation Recovery G Matching X Y

PyR|ys P XY —% Forward Process
<-- Backpropagation

The label influence recovery module G models the invariant conditional distribution Pxy

Obviously, it can be learned by a conditional GAN. Here we use BigGAN][3] or TAC-
GAN[4] to learn G using the training set.

Xt =GIY" E)



Details: Distribution Matching

1\ 03 03

| —p —>N. .

! <-- <« =
Distribution

Label PR Label Influence
Y Transformation T Y Recovery G X Matching
PyR|ys P XY —% Forward Process
<-- Backpropagation

To make 1t compatible with large-scale data, we introduce a discriminator D7 and do

adversarial training with T.

. B S
minmax B LD+ B (£ Dr(GI(YS,2), )



Details: Feature Matching

I \ 03
| —p —>N.
! <-- <«

Label PR Label Influence Distribution
Transformation T Y Recovery G X Matching

PyR|ys P XY —% Forward Process
< xEEW !"#$%&'()

X (such as image) contains many redundant features Xz , causing unnecessary
estimation errors of Py-.

So we propose a Proposition shows that the pre-trained feature extractor h in classifier
or regressor can approximately satisfy Y L X |h(X) . As such, we can match data on
the feature space of h(x).



Shift Correction

After matching the PZ and P{ , the Label Transformation Module T implicitly
models theAreal target label distlii’gghtion , and the transforme@'Tabel from T
obeys the Bgtimated



Shift Correction

After matching the PZ and P{ , the Label Transformation Module T implicitly
models theAreal target label distﬂi’é’htion , and the transforme@lTabel from T
obeys the Bgtimated

Instead of retraining a new classifier or regressor, the output layer of pre-trained
classifier or regressor at the training set is the only module need to be adjusted given
feature extractor h.



Shift Correction

After matching the PZ and P{ , the Label Transformation Module T implicitly
models theAreal target label distlii’gghtion , and the transforme@'Tabel from T
obeys the Bgtimated

Instead of retraining a new classifier or regressor, the output layer of pre-trained
classifier or regressor at the training set is the only module need to be adjusted given
feature extractor h.

As such, we directly fine-tune the output layer using samples X generated from T and
G. The classifier or regressor can be quickly adapted to the Test set.

XE=QT(Y?>, 2),F)



Experiments

Discrete Target Shift
Datasets: MNIST, FASHION-MNIST and CIFAR10 datasets.
Baselines: BBSE and RLLS
Shift settings:
Tweak-One Shift (Large label detection)
The ratio of one class 1s set to [0.5, 0.6, 0.7, 0.8, 0.9]., while ratios of
other classes are uniform.
Minority-Class Shift
The ratio of [20%, 30%, 40%,50%] classes is set to 0.001, while the class
priors of other classes are uniform.
Random Label Shift
Generating a label distribution by Dirichlet distribution with different
values of the concentration parameterc [10, 1, 0.1, 0.01]. Note that a
bigger & corresponding to a smoother label distribution.



Results on Cifarl0

Random Target Shift

Mean Square ERROR of Label Weight
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Mean Square ERROR of Label Weight

Results on Cifarl0

Tweak-One Shift

(a) CIFAR10 TWEMK ONE SHIFT (c)
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Results on Cifarl0

Minority-Class Shift
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Experiments

Continuous Target Shift

Datasets: We modify the popular MOON dataset! and generates two square
circles with radius R (10).

Baselines: KMM

Shift settings:
Shift A

The target label distribution is set to a Gaussian distribution with the mean ? «r and
variance 1.

Shift B

The target label distribution is set to a Gaussian distribution with the mean -*2.» and
variance 1.

Shift C

A mixture Gaussian distribution with Shift A and Shift B.
Shift D

The target label distribution is a random label distribution generated by a random
parameterized neural network.



[1lustration
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Results of Continuous label experiments

SHIFT A | SHIFT B | SHIFT C | SHIFT D
Baseline 0.0061 0.0059 0.0055 0.034

+ 0.0012 | £0.0008 | £ 0.0009 | +0.0114
KMM 0.0048 0.0044 0.0044 0.0275

+ 0.0011 | £0.0005 | £ 0.0004 | £+ 0.0096
KMM 0.0045 0.0039 0.0043 0.0276
(feature) | = 0.0007 | £ 0.0006 | £ 0.0004 | £+ 0.0097
Ours 0.0036 0.0024 0.0036 0.0251

+ 0.0002 | £ 9e-5 + 0.0004 | £ 0.0121

Table 1. The results of Continuous Label Shift Synthetic Data Ex-
periments. The value is the mean square error of prediction value
and groun truth. The baseline is the original regressor trained on
the standard training set, and the KMM is (Zhang et al., 2013)
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Conditional Invariant Components

¥

/\( * Conditional invariant components (CIC)

ct . S T
@ * CIC can be found by a linear transformation

@ X =WTX, s.t. WIW =1

- AHEASEAEENEN 1141

Gong, Zhang, et al. Domain adaptation with conditional transferable components. ICML16
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Conditional Invariant Components (CIC)

Source [ IPDXY —PX|YPY J Target [ [P)§ J

v v

New ]P)iciy — P2 Ci|YIP>§}6w Projected IP)T y
Source X = WTX, s.t. WIW =1 Target

v v

New (" Pnew _ ™

Source » [MatchJ

Marginal /IPX iy (T 7|y ) P (y)dy

J

Optimize: W, Py~ 50



[dentifiability

If }i"f IP)XCZ , under what conditions can we have
new __ ml

ﬂk

Non-trivial Low dimensional change



Relation to IC
) _ PS(X') ~ PL (X’
X = hX) = ]P’S((Y\))(’) ~ IPT(F(Y)\X’)
¢ |C methods fail to find CIC if P°(v) = PT (y).
PS(X) = [ PS(X' )P (y)dndy
PT(X) = [ BT(X )P (y)ddy

* |C methods can possibly find CIC if P°(y) # P (y).

* Finding CIC needs additional constraints.



Simulation

Binary classification training and test data from a 10-dimensional

mixture of Gaussians:
2

X~ 2 7; N (05, 2;), 0;;~U(—0.25,0.25), £;~0.01 * W(2 * I, 7)
=1

We compare the methods’ sensitiveness to changes in P(Y) and the

number of conditional invariant components.
40 x w w

W
&)

w
o

- DN DN
o O O

classification error %

-
o

(&)

0 0.5 1 1.5 2
PT(Y=1)/P S(Y=1)



Visual Recognition

Caltech-256 Amazon

123 04900)

g%

Webcam
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SVM GFK TCA LM GeTarS DIP DIP-CC ;CTC CTC-TIR
A—C 417 422 350 455 449 474 472 1486 488 |
A—D 414 427 363 470 459 503 490 529 522 1
A—W 342 407 278 461 397 475 478 1498 491 |
C—A 518 445 414 567 569 557 587 581 579 1
C—D 541 433 452 573 490 605 612 1592 585 !
CW 468 447 325 495 464 583 580 1586 578 !
WA 3101 318 242 402 384 426 409 432 431 |
W—C 315 308 225 354 343 342 372 1383 388 |
W—D 707 756 802 752 860 885 917 1943 936 ,

Accuracy

beta=P T(Y=1)/P S(Y=1)

Robust to changes in Py

55



WIFi Localization

. (@ .
(@ o o o R . . . .
sarky il dl  WIFi localization: localize mobile
devices from the WiFi signals.
where?
. e G P
1 Two transfer tasks:
* Transfer between different time
periods
G p X 99 '
PR Trar?sfer between different
devices

r—-———-=-=-=-=-=== |

KRR TCA SuK| DIP DIP-CC GeTarS | CTC CTC-TIP |

t1—-t2 80844+1.14 8683+1.1 0036 £1.22 87984233 91.30+324 86.76+1.91 : 80.36 +1.78 80.22 4 1.66:
t1—=t3 76444266 8048+2.73 9497+1.29 84204429 84.324457 90.62+2.25 I 04.80 4+ 0.87 02.60 4+ 4.50|
t2 —-t3 67124128 72024132 8583+1.31 80.58+2.10 81.2244.31 82.684+3.71 . 87924+ 1.87 8952+ 1.14
hallwayl 60.02+2.60 65.93+086 76.36+244 77.484+2.68 76.24+5.14 84.38+1.98 I 86.98 +2.02 86.78 +2.31l
hallway2 49.38+230 6244+125 64.694+0.77 78.5441.66 T7.8+2.70 773842001 87.744+189 87.94+2.0%
hallway3 48424132 59.18+0.56 65.73+1.57 7510+£3.39 73.40+4.06 80.64+1.76 18202+234 81.72+2.95




Conditional Invariance from a Learned
Causal Model

.:ii"'
3 /
o
x P
\ o
o)
X

1 3

(b) No distribution shift for {X:}: (c) Strong distribution shift for {X3}:
(a) Causal graph P(Y |X:,C1=0)=P(Y | X1,C1=1) PY|X3Ci=0)#P(Y|X3,Ci=1)

Magliacane, Sara, et al. "Domain adaptation by using causal inference to predict invariant conditional

distributions." Advances in Neural Information Processing Systems. 2018. 57
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Problems of Existing Methods

* The causal graph and the invariance/changing causal
modules are assumed to be known

* The algorithms do not make full use of the causal
generative process

* Learning causal graphs from observational data is a
hard.

59



Inference on Graphical Models

6, by 6; 0, O

* Automated way to model change and invariance
properties in the joint distribution

* Factorize the joint distribution according to an augmented
directed acyclic graph (DAG)

* Formulate domain adaptation as a Bayesian inference
problem on the augmented DAG

Zhang, K*., Gong, M.*, et al. (2020). Domain Adaptation As a Problem of Inference on Graphical Models. NeurlPS 2020.
60



Augmented DAG

by 65 0

* DAG encodes conditional independence relations

* Encode distribution change by augmenting DAG with 0
* 0; are independent — independent change
* 6 follows a prior distribution P(8)

* Data generating process
* Generate 8 from P(0)
* Given H(i), sample data from the distribution in the i-th domain:

P(X,Y0%) = P(X1|0{”)P(Y|X1,60)) P(Xs|Y)P(X2|Y, X1, 057 ) P(X5|Y, X2, 057) x
P(X4)P(Xs|X4,05)P(X7|X3).

vl



Relation to Causal Graphs

ns

(a) The underlying data generating process
of Example 1. Y generates (causes) X, and
S denotes the selection variable (a data point
is included if and only if S = 1).

nx

oGS

(c) The generating process of Example 2. L is
a confounder; the mechanism of X changes
across domains, as indicated by 7x.

Ox

o

T

(b) The augmented DAG representation for
Example 1 to explain how the data distribu-
tion changes across domains.

O—),

T

(d) The augmented DAG representation for
Example 2 to explain how the data distribu-
tion changes across domains.
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Bayesian Inference

I o T M [5: Ty, ey Gt Ty oy POv,)
P(yk |x ) B /P(yklx’uef Hk [Zyk HV eV J’v] HV eV (OV )d9v a0
Classifier ~  ererreessssssssssssssse s P (9|XT)

Cjk = P(’U;k |]PA(UJT'1C)»9%)
V =CH(Y)U{Y}
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Benefits of Bayesian Treatment

Shape of posterior of # 1 given Var(X)

0.5

' ' ' . ' ' 8 :
b p(6,)] . ——pl#y | Var(X) = 0.8) R
. : \ . p(ex) 7H - - plé, | Var(X) = 2) |
o4f ~ R | DO p(6, | Var(X) = 3) |
\
0asf | &1 p(8y | Var(X) = 4) :
I
\ - = p{f, | Var(X)=5
0.3 1 \ b 5H p( Y | ( ) ) '\ 7
I ...p(0Y|Var(X)=6) \
025§ \ ) > 4H p{gY | Var(X) = 7) ]
\ - T : I
02y \ 3 ! [
\ [ [ I
015y \ 1 ! : I
\ 2t b-o I
0.1} N - ) F ‘
\ /7 5 I
005 N : 1t 7 :
S o / I :
0 : ' == - — o 0 [ 1 i | i i
0 2 4 6 8 10 12 14 0 1 2 3 4 5 6 7 8
Var(X) = 0, + 9,
(a) Prior distributions of @ (b) Posterior of 8y given Var(X)

Y ~ N(0, 8y) X=Y+E

E ~ N(0,0y) X ~ N(0,05 + 6y)
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Graph Learning: Skeleton learning
and changing module detection

* Using Domain Index C as a surrogate variable and apply
Constraint-based search on C and the observed features
and labels.

* Detecting Changing Causal Modules
* Obtain the Skeleton of the graph

~ ~
IC\

D@

Huang, B., Zhang, K., Zhang, J., Ramsey, J., Sanchez-Romero, R., Glymour, C., & Scholkopf, B.
(2020). Causal discovery from heterogeneous/nonstationary data. Journal of Machine Learning 65
Research, 21(89), 1-53.



Graph Learning: Determine edge
direction

* Independent changes in P(cause) and P(effect|cause)
01(C)  62(C)

Special cases: if C — Vi, — V;, since C — Vj, we known
e
e C = Vi, « V,if C L V; given a variable set excluding AN

e C = Vi = V,, if C 1L V; given a variable set including V
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Approximate Inference

Latent variable conditional GAN

- ~
s »
/% 93 (rtp- ~
' ‘\'2 P I‘CSCII[Cd _»’ “,\3 |
/ by neural —/
“3 lfct\\-'ork')
R
05 K o

Approximate inference

log p(D) > — Y KL(q(8|D")|p(8)) + E,e/p:)

=1

Ty

y ‘. €
E logp_,,(_xi," \*
k=1

|

}\0)]

- KL(‘I(Gl’DT )p(0)) + EqoDm) [Z log Py (xzw)] '

k=1

q(0|D*) = N(0|u", '), q(0|D7) = N (8|, 07)
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Digits Adaptation

Table 3: Accuracy on the digits data. T: MNIST; M: MNIST-M; S: SVHN; D: SynthDigits.

weigh poolNN poolDANN Hard-Max Soft-Max poolNN_QOurs Infer

S+M+D/T 755 93.8 92.5 97.6 97.9 94.9 96.64
T+S+D/M 56.3 56.1 65.1 66.3 68.7 59.6 89.89
M+T+DJ/S 604 77.1 77.6 80.2 81.6 67.8 89.34

LR (0 jo! | A
ARURAT!I]! | ’._LI‘
2tF‘HH’2'2}] 2K
'BF BEEBEI3 3 33 % 3313,
Fl & EIEYID«ElEs4

_—

SEEEGE §5 S 515 535 5.855
H 8! Builome: 36 16 6N 6
i m ' R 773 7 rde . T
18 [ Fos0s 8 F98 188 18/L:]
FRoEl7ESED LIER9 |
SVHN SynthDigits MNIST-M

~J ’T\U-C(}JN\QX
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Gong, M., Xu, Y., Li, C., Zhang, K., & Batmanghelich, K. (2019). Twin auxilary classifiers GAN. In Advances in neural
information processing systems (pp. 1330-1339). 68



WIFi Localization

where

e Localize mobile devices from
the WiFi signals.

 Transfer between different
time periods
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WIFi Localization

DICA weigh LMP poolSVM Soft-Max ;;oolNN Infer

t2,t3 — t1 29.32(2.5) 43.71(3.02) 46.80(1.4) 40.25(1.6) 44.86(5.1) 42.88(1.6) 70.8(2.7)
t1,t3 > t2  24.5(3.6)  38.19(1.9) 39.11(2.1) 48.70(1.8) 44.95(4.4) 47.41(2.1) 84.5(2.9)
t1.t2 > t3  21.7(3.9)  36.03(1.85) 39.28(2.05) 40.46(1.4) 43.63(4.1) 41.00(1.8) 83.0(7.3)
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Outline

* Background

* Causal Understanding of DA

* Target Shift correction

* Conditional Invariant Components

* Domain Adaptation as Inference on Graphical
Models

e Causal Discovery from Multiple Domains

* Conclusions
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Background

* How do we represent causal relations?
» Acyclicity assumption @—»@—»@—»@

» Noises are mutually independent

> i.i.d. samples
Graphical Causal Models (GCM)

e Causal module
> Each causal module P(V; |[PAY)
> Joint distribution P(V) =[], P(V; |PAY) i =E
V, = (V1) + E;
Vs =f3(V2) + E5
Vo = fa(V3) + E4
Structure Equation Models (SEM)



Background

Distribution shifts
» Change of causal strength
» Change of causal functions
» Change of noise variance

Domain 2:
X, =E
X2 = 14‘*X1 +E2

Domain 1:
X, =E
XZ = 0.8*X1 +E2

Causal module P(X;|X;) changes
remains the same

Pi(X1, Y1) # P,(X3,Y2)

\ 4

Samples are not i.i.d.



Background

e Distribution shifts

» Change of causal strength @ @

» Change of causal functions

» Change of noise variance @» @_.

* Representation of distribution shifts
>V, = f; (PA",g"(0),0:(C),€)
» 0(C) are the effective parameters in V;’s causal module that are mutually
independent for all variables
» g(C) can be regarded as confounders



Causal Discovery for Single-domain Data

* Assumptions: samples come from the same domain (i.i.d.)
» Constraint-based algorithms: PC
» Score-based algorithms: GES
» Structure equation models: LINGAM

* Drawbacks

» Equivalence class (i.e. a set of causal graphs containing the same
conditional independence relations)

(=)

Ground truth

(W)

Estimation 1

They belong to the same equivalence class!

OR0020

Estimation 2




Causal Discovery for Single-domain Data

* Assumptions: samples come from the same domain (i.i.d.)
» Constraint-based algorithms: PC
» Score-based algorithms: GES
» Structure equation models: LINGAM

* Drawbacks

» Cannot be used for multiple-domain data

(=)

Ground truth

CEPENC
OaO2020

They may produce erroneous edges!

V; Vo j V3 }—= V; )

Estimation



Causal Directions Identification by Distribution Shifts

* Augmented graphs
» 0(C) and g(C) are not available. C is available as domain index.
» Use C as a “surrogate” variable!
» Samples from P(V) are not i.i.d., but samples from P(V, C) are i.i.d.

— o

* Equivalence class
» The directions of some edges still '4@\
cannot be identified! P




Causal Directions Identification by Distribution Shifts

 When can we identify more directions?

» Case 1: prior knowledge C — V; ° e @

Case 1 Case 2 Case 3

()—(®) (=)

They contain different conditional independence relations!



Causal Directions Identification by Distribution Shifts

 When can we identify more directions?
» Case 2: dependence between 6(C)

O

e
1

G‘?@
-
E-®

S

Choose the direction with smaller
dependence between 6, (C) and 6,(C)!

(?0@
®

Ground truth Estimation 1

O

YO,

Esti

mation 2



Causal Directions Identification by Distribution Shifts

Further identify
causal directions in
case 1 and case2

Add domain index to Pool data from all - Estimate augmented

data in each domain domains graph




Conclusion

e (Causal Generative Process (CGP) provides a compact
description of distribution change properties.

* When Y->X, DA can be performed with single source
domain even when P(Y|X) changes.

DA can be casted as a Bayesian inference problem on
graphical models, which can be automatically learned
from data.
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