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Counterfactual Explanations
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Counterfactual Latent Uncertainty Explanation (CLUE)

What is the smallest on-manifold change that
can be done to an input so that our model
becomes more certain

High Uncertainty Incorrect prediction More counterfactuals

Uncertainty explanations are a precedent for model explanation



CLUE Generation with Auxiliary Deep Generative Model with VAE

\

H Latent
Encoder Space
He (le) o 7

/

L(z) =H (y|po(x|2)) + d(pe(x|2), %0)

yields

XcLUE = Me(X|zcLug)
where

zZopug = argming £(z)

/

Decoder y
pe(x|z)

\

d(x,%0) = Apde(X,%X0) +
Aydy (F(x). f(x0)), where f(x)

7H = Uncertainty estimate of a prediction y

=Y



Why this paper?

Limitations of
CLUE
V-CLUE (DIVerse CLUE)
O

Computationa
. GLAM-CLUE
Inefficienc



o-CLUE vs CLUE

o-CLUE CLUE also does this, but:
Multiplicity is achieved by searching * Finds minima in a limited region
randomly in different areas of latent space of space
« Sampling around an input in latent * Might strays far away from
space Counterfactuals

 Gradient descent

X§5 CLUE = Mo (X|Z5_CLUE) where Zs_cpLug = argmin,, p(2,20) <6 L(z)

Zo = fip(2[%0)
p(z,20) = ||z —2Zol|2



Algorithm 3: §-CLUE
Inputs: 4§, &k S, r, xo, d, p. H, pe, pe

1 Initialise & of CLUEs: Xcpur = {};
2 Set d-ball centre of zy = p14(2[x0);
3forl <i<kdo HighL(z)
4 Set initial value of z; = S(zg, 1,1, k);
5  while loss £ has not converged do

6 Decode: x = pg(x|2;);

7 Use predictor to obtain H(y|x);

8

9

0

1

ORIGINAL CLUE

L =H(y|x) + d(x,xo);
Update z; with V.C;

1 if p(z;,20) > & then
1 Project z; onto the surface of the §-ball as z; =
Z;—Z .
O X a0y
12 end if

13 end while
14 Decode explanation: Xs_crLur = po(X|2:);
15 i H(Y[Xscrom) < Hehreshold then

16 Xewve + Xeornve UXsoyes
17  endif
18 end for

Outputs: Xcpug, asetof n < k CLUEs

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates.” Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 36. No. 7. 2022.



Different trials on 6-CLUE Algorithm
S1: RADIALLY UNIFORM

B i 2

Range of 6 values from 0.5t0 3.5

Two latent space loss functions:
* Uncertainty: Ly =H
« Distance: Ly.g = H+d

Two initialisation schemes like:
« Radially Uniform
* Nearest Neighbour

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates." Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 36. No. 7. 2022.



INPUT X

7

INPUT Xj 0-CLUES

7 7 7722

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "{\delta}-CLUE: Diverse Sets of Explanations for Uncertainty Estimates." arXiv preprint arXiv:2104.06323 (2021).



Uncertainty vs Distance Trade-off

4 [NCREASING UNCERTAINTY

SATA
PR
T8

INCREASING DISTANCE ——>

The hyperparameters (Az, )\1}) controls this trade-off

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates." Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 36. No. 7. 2022.



Diversity Metrics (D)

Determinantal Point Process Average Pairwise Distance Coverage
1 1 k-1 k L
det(K) where K; ; = T+ dxx,) @ 7;;1 j:¥+1 d(xi.x;) E'; (max;(x; — %o)i + max;(xo — X;)i)

Distinct Labels/ Entropy of

Prediction Coverage Labels

1 e’ o

— > max;[(y; )] - > pj(k)logp;(k)
¢ i log ¢/ /=1




Coverage as a Metric

Input xg

Positive Coverage

98.19

g

Counter-
factuals
+35,09 +27.4 +31.5 +25.71 +67.2
Features = - E p 'a
Added - : &« f {
':_.-' o o . -
o '=-| '.
-16.16 -27.79 -29.64 -15.54 36.84
R -
Features | = - il 4 [
Removed | = = e - - ."f

Lo =7

Negative Coverage
55.09

s,

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates." Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 36. No. 7. 2022.



Determinantal Point Processes
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Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates.” Proceedings of the AAAI

Conference on Artificial Intelligence. VVol. 36. No. 7. 2022.
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Diversity Optimization : V-CLUE

Select the Optimize k
Diversity Metric —— counterfactuals
} B

Simultaneous Diversity Optimization Sequential Diversity Optimization

L(Z1,...2k) =—ApD(z1,....,2;) + £+, L(z)
L(z;) =H(y|po(x|z:)) + d(ps(x|z:),x0) d (pg(x|z), %0)
Xcrve = pe (X[ZcLug)

ZeLug = argmin, .. zﬁ(ZL----,-Zk)

E(Z) = /\DD(ZCLL'E,U Z) + H (y\,ug(x\z)) +

13



Algorithm 1: V-CLUE (simultaneous)
Inputs: 4, k, &, r.xg., d, p, H. o, s, D, Ap
1 Initialise & of CLUEs: XoLug = {};
2 Set d-ball centre of 25 = ps(%xo0):
Jforl <1< kdo

4 Setinitial value of z; = S{zq, 7. i, k);

5 end for

6 while ioss £ has not converged do

7 forl<i<kdo

8 Decode: x; = palx|z: )

9 Use predictor to obtain H{y|x;):

10 L(z:) = Hylx:) + d(xi, Xo):

11 end for .

12 ..C-(Z].I ijl = —.;\_DD{ZL. ...,Zk} + % Z E(Zf];
i=1

13 Update 2y, ...,z with Vg, g L(Z1. ... g )t

14 forl<i<kdo

15 Constrain %; to 4 ball using p(%;, %g);

16 end for

17 end while

18 for 1 < i< kdo
19 Decode explanation: X; = pa(x|2%;);
20 IIH(}’ J!.t} < Hihreshola then

21 XEJLL'E +— Xewve UXs
g enfi]}grlf Sequential V-CLUE Optimization

Outputs: Xopyg. asetof n < & diverse CLUEs

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates." Proceedings of the AAAI
Conference on Artificial Intelligence. VVol. 36. No. 7. 2022.
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GLobal AMortised CLUE (GLAM-CLUE)

N Inference Step
Finite set of :
Counterfactuals . o Apply this mapper to test
Training Step data to see the effect on
A mapper which learn global uncertain data
properties of uncertainty in
latent space
Zcertain — G(Zuncertain) Output data

L(0| Zuncertain, Xcertain) =

- o 2- ‘}
> min fue(z+8) — x| (2)

Ezuncertajn 15

1

|Zunoenajn| z

Agll@]1 +



Algorithm 2: GLAM-CLUE (Training Step)
Inputs: Inputs Xynceriain, Xcertains ErOUPS Yincertain, ¥ certain, DGM en-
coder p4, loss L, trainable parameters

1 for all groups (i — ) in (Yuncertain, Yeertain) d0

2 Select X; from Xoscertn, Yancertm: UNCERTAIN GROUPS A B - X *
3 Select X; from Xcerain, Yeertaind l L l \// \\4
4 Encode: Z; = py(Z|X5);
5  while loss £ has not converged do CERTAIN GROUPS A B X A B X N
6 Update 8,-_;,- with Va‘;_’jﬁ(ﬂi_&j |Z¢,Xj);
7 end while
8 end for . — . . . — . . .
Outputs: A collection of mapping parameters 8;_. ; for given map- ZJ - Gg_h? (Z?J ) = Z + 93_{'}
pers G_; that take uncertain inputs from group i and produce
nearby certain outputs in group j

GLAM-CLUE

>

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates.” Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 36. No. 7. 2022.



Performance Test

Latent DBM Mapping
On Unseen Test Data

Difference Between o
=P : \ AR
Means (DBM) RS &

. . 2 i Y e ..f 1
Uncertain data to certain ¥ )\
data in input or latent W 33 REG:
space

certain _uncertain latent DBM
test data ° test data * mapping

Latent NN Mapping
On Unseen Test Data

" .

Nearest Neighbours (NN) T
Used in high certainty Vg 0 3 3
training data in input or o
latent space o A
certain uncertain latent NN
test data ° test data * mapping

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates.” Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 36. No. 7. 2022.



Performance Comparison

1l J
.
rZ 2
W
Input DBM | Latent DBM | Input NN
0.0306 0.0262 0.0236 GLAM-CLUE outperforms these
Latent NN | GLAM-CLUE | CLUE baselines
0.0245 0.0238 4.68 .
...... almost 200 times faster
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150 ° 3 g ° >

48

m
@
o
m o
[=1-]
(9¥]

8

Uncertainty, H
o =
¥, (=]
H —=oce
—{ =
HI —
(eowa oo
HIT oo
Distance
] Ln
w o
e
—{—*
—{T
I —m o
;1?3 H e co
»—D—| oo o
Cost, H + A,.d
- )
——{ ——omeo

0.0
= SN Ny M oSN Yy = Sy Ny ~ oy i AT e P "
SESSTLLSY S STLTSCs $EESTLLG
SELLFFFIY S ELLFFITY SELLIIFIT
g 25 5 L LE 5 L eE 5
L5 ~ L 7 ~f S o ~
S

Source: Ley, Dan, Umang Bhatt, and Adrian Weller. "Diverse, Global and Amortised Counterfactual Explanations for Uncertainty Estimates." Proceedings of the AAAI 18
Conference on Atrtificial Intelligence. Vol. 36. No. 7. 2022.



Future Work

Data set dimensions
Using higher dimensional data set

Introduce different metric
Use FID scores to replace simple distance metric in evaluation and optimisation

Use different DGMs
Use DGM alternative like GANs instead of VAEs

19
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Conclusion

Making CLUE more useful in practice
Proposed 6-CLUE and V-CLUE to tackle the multiplicity and diversity issues

Introduced GLAM-CLUE which tackles the computational inefficiency caused on

large data sets with 6-CLUE and V-CLUE

20
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