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Supplementary Information A Derivation of
the ELBO Loss
for VAE

Poa (X | 2oy 2t,2yf, 2y, ) and pg, (22, %, Zyf, 2y, 5 | X) are the true likelihood
and true posterior respectively. The posterior is hard to evaluate, so we have
to approximate the true posterior to the product of the factorized known

distributions qg, (22 | X), q4,(2¢ | X), ¢4, (Zys | X) and qg,., (Zyey | X) by
minimising the KL divergence as follows,

KL (4o, (22 | X)a0, (2t | X)06,; (Zys | X)00,c; (Zyes | X) || Doy (Zar 20, 2y s, Zyer | X))
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Aoy s (Zyes | X) logpe, (X | 2z, 2e, Zy g, zny)]dedztdnydZny + log pg, (x)
= KL(q9, (2 | ) || poy(22))) + KL(ag, (2 | ) || o, ()

+ KL (g, (2ys | %) || ou(2ys)) + KL (G, (Zycr | %) | Pos(Zycr)))
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+ log pg, (x)

where, the distributions g, (2.|7), ¢4, (2¢|%), ¢, ,(2y7]2), @6,., (Zyes|r) and
Doy (%|Za, Zt, 2y f, Zycf) are parameterized by the parameters ¢, ¢, oy f, dycs, Ga-
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The KL divergence of two distributions is always greater than or equal to zero.

So,

KL(a, (22 | 2)ag, (2t | ©)a0,,(2ys | X)46,.; (Zyes | @) || Do (22, 22, 2y5, Zyer | 7)) 2 0,
logpy,(z) > LELpo where,
LELBO(Ous Oty byfs Oyess X, B, Bt By, Zycf)
B IEqd’w’qm’%yf’qd’ycf [Ing(x ‘ Zx; ztvzyfvzycf)]
— KL(g6, (20 | %) || Pou(22))) = KL(a5, (20 | X) || o, (22)))
= K L5, (201 | %) 1| Pos(207)) = KL, (Zyes | %) 1| Poa(2yer)))

Supplementary Information B Derivation of
the ELBO Loss
for VAE

In DR-VIDAL we aimed to maximize the mutual information of the latent
factors z. and the output of the generator G(z¢, z.) as follows:

1(z.; G(zg,2z.)) = H(z.) — H(z. | G(zg,2.))

// (Z. = 2. X = G(z¢, 7))

logp(Z. =z, | X = G(zg,z.)) dz.dx
= H(Zc) + ]Ex~G'(zg,zC)Ezf:~p(zu|x) IOg( (Z/ | X))

p(z. |x)
=H c Exw z Ez’m z x1
(zc) + Ex~G(ac,20) Ezpmp(ac| Og{ (ZC‘X)Q(C\X)
— H(2.) + Exi(a 1) ot (e ) 108 plz. | x)
x 2G,Z z!.~p(ze|x QZ/C‘X)

(
+ Ewa(z,c)Ez’cwp(zc\x) lOg |: z, | X):|
= H(z.) + EXNg(LC)/ (z. | x)log

/

C/
+ Ewa(z,C)Ec’Np(zc\x) IOg |: Z. | X :|
= H(ZC) + EXNG(Z,C) [KL(p(Zc | X || Q(Zc | X)))]

+ EXNG(Z,C)EZLNP(ZC‘X) IOg |:Q(Z/c | X):|

> H(Zc) + Eme(z,c)EZ'CN;D(Zc‘x) 10g |:Q(ZIC | X):|
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> H(zc) + Bgpnp(z) ExnG(z.0) Bap mp(zclx) 108 [Q(ZIC | x)]

> H(Zc> + IEzcwp(zc)Exw(}'(z,c) log |:Q<ZC | X):|
(by Lemma 5.1 of [1])
- LI(G7 Q)
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Fig. C1 Performance comparison of doubly robust vs. non-doubly robust version of DR-
VIDAL. Panels, from left to right, show results on IHDP, Jobs and Twins datasets (100, 10,
100 iterations), respectively.

Table C1 Performance of the all the different DR-VIDAL configurations on the IHDP,
Jobs and Twins datasets (1000, 10, and 100 realizations, respectively). Results show the
out-of-sample (mean =+ st.dev) error (PEHE) and policy risk (Rpor).

IHDP Jobs Twins
Veriad = | Rumor | e
DR-VIDAL 0.62 + 0.06 0.102 + 0.01 | 0.318 + 0.008
DR-VIDAL (w/o DR loss) 0.85 £ 0.06 0.110 + 0.01 0.324 + 0.007
DR-VIDAL (w/o Info loss) 0.67 £+ 0.04 0.109 + 0.01 0.318 + 0.012
DR-VIDAL (w/o DR + Info loss) | 0.81 £ 0.05 0.113 + 0.01 0.326 + 0.008
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Fig. C2 Visualization of the latent representation learned by the VAE module of DR-
VIDAL for the Twins and Jobs dataset using t-SNE. The 15t and 2™¢ panels show the t-SNE
before and after training the network for Twins dataset. The 37¢ and 4" panels show the
same for Jobs dataset. From left to right, the plots show the t-SNE of treatment, factual and
counterfactual outcomes.
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