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Causality vs. Correlation

ACTIVITY:

QUESTIONS:

EXAMPLES:
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(3. COUNTERFACTUALS

Imagoiye, Retrospecton, Conderstaodiog

What 8 T had dewe ... 2 TFhy?
{Was ir W thar cansed Y7 Whar if X had not
occurredr What if T had acted differentlyt)

Was it the aspmin that stopped my headacher
Would Kennedy be alve 1f Oswald had nor
killed him? What if T had nat smoked for the
lasr 2 vearsy
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ACTIVITY:
QUESTIONS:

EXAMPLES:

2. INTERVENTION

Danng, Intervening

et &f 1 o ... ¢ Heow?
(What would ¥ be il Tdo X?
Hewe can | make Y happen?)

If 1 take aspinn, will my headache be curedr
What if we han cigarettes?

ACTIVITY:
QUESTIONS:

EXAMPLES:

(1. ASSOCIATION

Seeing, Observing

What g 1 see o ?
{How are the varqbles related?
How would seemg X change my belief in ¥7?)

W hat doe
NWhar does ;

a symprom rell me abonr a disease?
urvey rell us abonr the
clecton results?
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Mediation Effect

« How to remove Placebo Effect

Placebo

Medicine Cure
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Mediation Effect

« How to remove Placebo Effect?

« Challenge: Med = 1 and Placebo = 1 always co-occur; or,
llegal to realize the following graph

Placebo=0
Medicine=1 Cure
|deal case
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Mediation Effect: TDE (the minus trick)

 How to remove Placebo Effect?
 Solution: counterfactual->cheating—>Med = 0 but Placebo =1

Placebo=1 Placebo=1

./’\' e .\'
= @

Medicine Cure Medicine=0 Cure
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Do and CF in debiasing methods

« Assumption: train # test (OOD)
 Do: CSS, CVL, Re-weighting/Re-sample
 CF: RUBI, CF-VQA, LMH

CSS: Chen et al. Counterfactual Samples Synthesizing for Robust Visual Question
Answering. CVPR’20

CVL: Abbasnejad et al. Counterfactual Vision and Language Learning. CVPR’20

RUBI: Cadene et al. RUBI: Reducing Unimodal Biases in Visual Question Answering.
NeurlPS’19

LMH: Clark et al. Don’t Take the Easy Way Out: Ensemble based Methods for Avoiding

Known Dataset Biases. EMNLP’19 BT NANYANG
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VQA OOD
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Long-tail OOD
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Number of predictions

- Balanced (TDE) ——— FCF-ERM (ours)
= Imbalanced (XE) - GT

200 400 600 800
Class index (head to tail)

(a) Balanced Test
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Number of predictions

80
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——— Balanced (TDE) ——— FCF-ERM (ours)
= Imbalanced (XE) -== GT

200 400 600 800 1000
Class index (head to tail)

(b) Imbalanced Test
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What’s new?

* A best of two worlds VQA model
* A best of two worlds long-tailed model
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Introspective Distillation for VQA: Key Idea
* |ID-Teacher: Good @ Train = Test, Bad @ Train != Test

OOD-Teacher: Good @ Train != Test, Bad @ Train = Test

A Student learns the best of the two teachers

By ONLY given the train, how does the student know to whom
she should listen (oracle)?
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Introspective Distillation for VQA: Key Idea
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Introspection: Case 1

e If ID-blas > OOD-bias, then ID-teacher < OOD-teacher

Question type Answer Distribution For each s amp|e
Is .. 7 ?5? If ID-Teacher is too good to be true

OOD-Teacher not so good,
W(OOD) o« XE(OOD)/XE(ID)

Training sample Introspection
| ID

| ooD
Ratio

Q: Is that an electric oven? (GT: Yes.)
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Introspection: Case 2

e If ID-blas < OOD-bias, then ID-teacher > OOD-teacher

Question type Answer Distribution
“What color is the ... ?” Em For each Sample’
If ID-Teacher is not so good,
Training sample Introspection OOD-Teacher is too good to be true,

ID

NN =0 W(D) o XE(ID)/XE(OOD)
|

s 00D blue

P L Ratio

Q: What color is the older man's shirt? (GT: Blue.)
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Introspection: Case 3

e If ID-blas = OOD-hias, then ID-teacher = OOD-teacher

Question type Answer Distribution
For each sample,

If ID/OOD-teachers are similar,
W(ID) = W(OOD) as
XE(ID) = XE(OQOD)

4

“How many ... ?’

Training sample

Ratio

LTS

Q: How many skiers? (GT: 3.)
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The Introspective Pipeline

Causal
Teacher

ID-Prediction

a Ty

OOD-Prediction

J

Factual & Counterfactual

Reasoning

ID-Knowledge

Introspection
Student
Model

OO0D-Knowledge
\. y, \. y,
Knowledge Knowledge
Blending Distillation
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How does Introspection look like?
[\

H“
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Figure 4: The distribution of w'® on the VQA-
CP v2 and VQA v2 training sets.
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How does Introspection look like? Both are mostly

Case 3
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Figure 4: The distribution of w'® on the VQA-
CP v2 and VQA v2 training sets.

LTS

ID-teacher = OOD-teacher

Question type Answer Distribution

“How many ... ?” u”fi’- |

Training sample Introspection

ID 42
aii:
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Q: How many skiers? (GT: 3.)
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How does Introspection look like? VQA-CP has

more Case 1 than VQA
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Figure 4: The distribution of w'® on the VQA-

CP v2 and VQA v2 training sets.
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ID-teacher < OOD-teacher
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How does Introspection look like? VQA has more
Case 2 than VQA-CP

percentage (%)
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Figure 4: The distribution of w'® on the VQA-
CP v2 and VQA v2 training sets.

ID-teacher > OOD-teacher

Question type Answer Distribution
“What color is the ... ?” Em
Training sample Introspection

< = 00D

blue

Q: What color is the older man's shirt? (GT: Blue.)
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How does Introspection look like? Both ID-Teachers
are weaker (more biased than OOD-Teachers)
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Figure 4: The distribution of w'® on the VQA-
CP v2 and VQA v2 training sets.

Homework
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The best of the two worlds

VQA-CP v2 test (OOD) VQA v2 val (ID)

Methods All Y/N Num. Other All Y/N Num. Other HM

UpDn [4] 39.79 4323 1228 4554 | 63.42 81.19 4243 5547 | 48.90
"LMH[10] | 52.01 = 72.58 31.12 4697 | 5635  65.06 37.63 54.69 | 54.09
+ IntroD 513197 71.39 27.13 4741 | 62.05*7° 77.65 4025 5597 | 56.17 "
“CSS (71 | 58.95 8437 49.42 4821 | 5698 6590 38.19 55.18 | 5795
+ IntroD 60.17 22 8917 4691 48.62 | 62.57°°° 78.57 4142 56.00 | 61.35*>%

S-MRL [6] 37.09 4139 1246 41.60 | 63.12 81.83 45.95 53.43 | 46.72
"RUBi[6] | 4760  70.48 2033 43.09 | 61.16 8197 4486 49.65 | 53.53
+ IntroD 48.54"°° 7394 19.43 43.21 | 61.86"7" 8240 45.40 50.58 | 54.40 %
"RUBI-CF[23] | 5490 9026 3433 4201 | 60.53  81.39 4287 4934 | 5758
+ IntroD 54.92°992 90,84 2517 4426 | 63.15>%2 8244 4512 5325 | 58.75+17
"CF-VQA[23] | 5505  90.61 2150 4561 | 6094  81.13 4386 50.11 | 57.85
+ IntroD 55.17%'2 90.79 1792 46.73 | 63.40 > 8248 46.60 54.05 | 58.99 4




Current LT is just a “bias flip” game

——— Balanced (TDE) ——— FCF-ERM (ours)
= Imbalanced (XE) -== GT

- Balanced (TDE) ——— FCF-ERM (ours) 0 -
= Imbalanced (XE) - GT
w 120 w
c =
.g .g 60 -
2 2
B E
a. a
5 5 40
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5 Z
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Class index (head to tail)
(a) Balanced Test
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Class index (head to tail)

(b) Imbalanced Test
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So, it does not truly improve the feature

. )
® bicycle

e mountain

o maple
tree

o pickup
truck

e plate

e road

® felevision

drob
¢ wardrobe

(c) t-SNE of balanced model (TDE)
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Factual and Counterfactual ERMs Blend: 3 Steps

Step 1
« Learn a conventional classifier on the imbalanced training
data as the factual model

 Learn a balanced classifier as the counterfactual model

P NANYANG
TECHNOLOGICAL
UNIVERSITY




Factual and Counterfactual ERMs Blend: 3 Steps

Step 2: ER Weights

- f_ (XE")
(Factual ER weight) w' = (XE) 1 (XBS)
cf\~y
(Counterfactual ER weight) wf=1—w = (XE<)

(XET)" + (XET)"
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Factual and Counterfactual ERMs Blend: 3 Steps

Step 3: Blended ERM

(Factual ER) RI(f) = —w' Z y; log fi(x),

where y; and f; are the ground-truth and the predicted label for ¢-th class, respectively.

(Counterfactual ER) RE(f wt Z y;log fi(x

where 9j; = p“(y;|z) denotes the balanced prediction for i-th class.
The overall empirical risk minimization:

R(f) =R'(f) + R(f).

gzl NANYANG
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Why? Selection Bias Removal

X Y

X
N Tt T
@ mp (b

Reichenbach Principle [raikin-ba:K] Do-operator

«

P NANYANG
TECHNOLOGICAL
UNIVERSITY




ERM on the Do-modified graph

\\\ ‘ //
R(f) = Exp(x) ,y~P(Y|do(x =) LY, f(z Zzﬁ (y, f(z

Jung et al. Learning Causal Effects via Weighted Empirical Risk Minimization. NeurlPS20
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Backdoor Adjustment: from “interventional”
distribution to “observational” distribution

X Y
\\ S,””I
@ /,’

P(z,y,S=1) P(z,y,5=0)
P(z|S=1) P(z|S=0)

P(yldo(z)) = > P(ylz,S=s)P(S=5)=
S=s€{0,1}
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More math

R(f) :Eme(X) y~P(Y |do(X= m))ﬁ y, f(z ZZE (v, f(z))\P(y|do(z))P(x)
Pldoe) = Y. Pl S =9)P(s =s) = TS0 o Dot S =
S=s€{0,1}
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Overall ERM

(X, 'y, 1) means factual sample,
drawn from training data

R(f) =Y

P(z)

(X, y, 0) means cf sample, drawn from

balanced model

(z,y) s€{0,1

Z%Z

(z,Y) . =~

L(ys: f(2)) 5

(z|S = s)

P(zx)

‘C’(ys:l: f(.CC))

P(z|S=1)

-

-+ E'(ys:(]: f(.CC))

P(z,y,S=s

P(x)

N ad ~

P(z|S = 0)

¥

factual ER

XE loss

counterfactual ER

]
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Overall ERM: it explains all

-y ¥ ﬁ(ys,ﬂm))P(jéi SP@yS =9

(m y) s€{0,1}

1 P(z) P(z)
(;) yS—lz (CClS _ 1) +£’(y5=03 f(m))P($|S _ 0)]
factual E counterfac R
G__P@ _(XEY Pa) (XE)
P($|S = 1) (XECf)’Y’ P($|S = O) (XEf)’Y '
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The best of the two worlds: balanced test

Methods Acc Recall Precision F1

Many Med Few | Many Med Few | Many Med Few
XE 490 | 68.6 429 150 | 469 59.1 60.7 | 557 49.7 24.1
7-Norm [17] 496 | 61.8 462 274 | 522 485 437 | 56.6 473 33.7
LWS [17] 499 | 60.2 472 303 | 530 49.1 413 | 564 48.1 35.0
LADE [13] 517 | 626 490 304 | 553 505 412 | 587 49.7 349
DiVE [11] 531 | 641 504 315 - - - - - -
DisAlign [40] | 534 | 613 522 314 - - - - - -
PC [13] 489 | 604 46.7 238 | 563 49.7 32.0 | 583 482 273
TDE [16] 518 | 627 490 314 | 5§73 523 395 | 599 50.6 350
FCF-ERMp- | 532 | 676 498 240 | 53.1 550 524 | 593 519 330
FCF-ERMypr | 541 | 68.6 500 275 | 535 573 520 | 60.1 534 36.0

_ _ __  _ANG
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The best of the two worlds: imbalanced test

Imbalanced ratio | 50 25 10 5

7-Norm [17] 506 582 56.2 546
LWS [17] 60.6 592 570 550
PC [13] 582 56.8 545 5277
LADE [13] 61.8 60.6 58.6 56.8
TDE [16] 63.0 616 595 576
XE 67.7 652 614 58.0
FCF-ERMp 66.8 653 62.5 60.1
FCF-ERMpg 67.7 66.0 63.5 60.9
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The best of two worlds: improved feature (LT data trained
backbone. Normal classification on balanced data

Backbone Ace Recall Precision F1
Many Med Few | Many Med Few | Many Med Few
CIFAR100
XE (PC [13]) 526 | 603 519 444 |59.6 511 444|600 515 444
TDE [16] 526 | 604 517 444|595 51.0 445 | 600 514 445
LADE [13] 539 | 587 538 478 |60.2 545 47.1 594 541 474

FCF-ERMrpg | 55.1 | 62.8 545 46.77 | 61.7 539 48.1 | 623 542 474
FCF-ERMp> | 553 | 609 560 48.0 | 63.7 543 483|623 551 48.1

Places365
XE (PC [13)) 438 | 43.8 440 435|399 435 493 | 4177 4377 462
TDE [16] 438 | 43.8 439 436 | 39.7 43.6 487 | 416 43.8 46.0
LADE [13] 443 | 42.9 459 431 | 434 45.1 45.7 | 43.1 45.5 444

FCF-ERMypr | 446 | 441 453 440 | 404 449 495|421 451 466
FCF-ERMp- | 46.6 | 45.1 482 46.0 | 442 49.0 533 | 446 486 494

ImageNet
XE (PC [13]) 56.5 | 64.5 538 432 | 598 551 50.6 | 62.1 544 46.6
TDE [16] 565 | 644 538 437 | 60.2 552 498 | 622 545 46.6
LADE [13] 579 | 62.6 557 522|624 565 529 | 625 56.1 525
FCF-ERMpg | 589 | 66.5 564 46.2 | 62.1 578 63.2 | 642 571 494
FCF-ERMpc | 60.2 | 648 582 538 | 649 583 539|648 582 538 NANYANG
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