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Motivation

Implicit Generative Models (IGM), e.g., GAN [1] and CycleGAN [2], boil down to an
m-~domain joint distribution matching (JDM):
p(x1, - @m) = p({x) tjepmie il p(x:)
= po({®; } je[mjejilTi)p(x:)
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However, if m > 2,

Solution 1: CycleGAN, JointGAN|[3] Solution 2: StarGAN [4] and its variants
They suffer combinatorial explosion in The domain-shared model lacks
their parameters theoretical support, fragile in model
collapse
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Solution 3: ALI Ensemble

min max EALI( i Py wi) =

0:,¢;, wi
( | \ (z|z;) Ewwp(wz-),ﬁqum (Z|x:) [log Joi (@i, 2)}
Pe,;(Ti|z qop \Z | .
+ B, mpo, (8:12).2~a(2) 108 (1 = fu, (£, 2))]
Lemma 1 ((Dumoulin et al., 2016)). The optimal genera-
tion, inference and critic nets w.r.t.,{07, ¢;,w!} (Vi € [m])
Adversarially Learned Inference (ALI) refer to a saddle point in Eq.2 <= pe+(x;|z)q(z) =

[5] Dumoulin, V., Belghazi, I., Poole, B., Mastropietro, O., Lamb, A., Arjovsky, M., and Courville, A. Adversarially learned inference. arXiv preprint arXiv:1606.00704, 2016.



Solution 3: ALI Ensemble

ALl ensemble
across m domains

pe, (i|2) 4, (z|x;) |:>
()

Advantages: (1). Linear-parameter scalability as m increases.

(2). Generative model capability: Proposition 1. Given a pair of domains Vi,j € [m], 1 #
4, their well-trained ALIs (in Lemma.l) construct a cross-
domain transfer process pg o (&;|x;) that satisfies

pa+e (T;) = /Pqﬂ,@*(-@jﬂ"v:)i’?-s(-’ﬂi)dfﬁfi = pj(&;)
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JDM Criteria

In supervised learning, data are drawn from p(x1,--- ,x,,), each of them presenting as m-tuple.
So the criterion can be written as

ming@ — Ep [logpq:,(a ({337,}:11)]

In unsupervised learning, no access is provided to draw m-tuple from p(@1, -+ , ).
Extending the observation from [6], the criterion is to minimize the conditional entropy

ming e H(%H@ }je[m]&j#i)

= —Epy 0108 P20 (@il{Z)}jepmiejzi)]

[6] Li, C., Liu, H., Chen, C., Pu, Y., Chen, L., Henao, R., and Carin, L. Alice: Towards understanding adversarial learning for joint distribution matching. In Advances in Neural
Information Processing Systems, pp. 5501-5509, 2017.



Multivariate Mutual Information

Mutual Information:  I(x;y) = I(y;x) := H(y) — H(y|x)

Multivariate Mutual I(yl; s ;yn)

Information: =1y sy, ) — Iy iy, 1ly.,)

Our method aims to Z Is o(xi;x;;2)
achieve: i,jE[m],ij



Multivariate Mutual Information Leads To JDM

Observation 1. Given empirical draws from p; (Vi € [m]),
in supervised learning,

—Ipe(xizi;2) < Hp o(xi|lx;)

< B (108 [po,(@il2)as, (2le))d2] & £5% (@i )

L, Tj~Pi, G

(10)
where p; j = p(xi, x;).
" Ao, 2\ Po;
' Tl J
Tj
Loss: —
Input: con
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Dataflow: —=

(a).Observation.1

Observation 2. Given empirical draws from p; (Vi € [m]),
in unsupervised learning,

—lse(Ti;2j;2) < Hp o(T:i| )

< LB = [log [po(@il)as, (2le))dz] 2 L38 (@:.2))

S & ~pe, o,
(1)

where pa, 4, = p(@:) [, po, (@;12)do, (2la:)dz.

Egcc_l;(mi, & ;) is constructed as illustrated in Fig.2.b.
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(b).Observation.2
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Observation 3. Given empirical draws from q(z),
—Ip o(Zi;2;;2) < Hp o(2|2:) + Ha o(&;|2;) (12)
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Multivariate Mutual Information Leads To JDM

Rsn(©,@) = Y LF6(xix)) + Ly (2,2:)

i,je[m],’b?fj
+ Ecycle( wi, 533)
RUL(Ga ‘I)) _ Z Ecycle( ’L)j:j) Ecycle( a:z)

i,j€[m],i#j
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Theorem 1. Suppose that true and parameterized domain
marginal distributions maintain a high likelihood to domain
variables, Rsr, — 0 leads to the optima in mine @ — E,[logpe e ({x:}i")]

Rur, — 0leads to the optima in mine e H(x;|{&;}jcimie zi)



Adversarial Ensemble Learning

lg)ll‘li;l maX Z EALI +’Y Z £DMAE +B RSL/RUL

st L3ap(®,0.2) =Ey, g, (0.2) [ 108 fu, (21, 2)]

T Z T (Eiimpei(@ﬂz)azwqcpj log (1 — foi (&4, z))])
=1

where Rgr, /Rur are switched by supervised/unsupervised
learning and 3 > 0 denotes the loss-balance factor.

Proposition 2. The optimum of the generation, inference and critic networks in

£ Y
%11(2 m&x Z ALI T7 Z MALI

refer to their saddle points in Lemma.l if and only if Vi € [m], there exist pe(x|2)q(z)

qp; (2|2 )p(2).



Experiments
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Figure 4. Transfer evaluations with 2~6 synthetic domains: (a).

Geometric Score (GS, lower is better); (b). Mean Square Error
(MSE, lower is better); (¢). Parameter Scale (lower is better).
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Experiments

Star-
GAN

Cycle-
GAN

Supervised Learning

Unsupervised Learning
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— T 50 ™~ 50 0—-= —'“—}“ — T 50 “—>—E
StarGAN 1.00420.00  1.004£0.00 1.004£0.00 1.004£0.00 1.00£0.00 1.0040.00
CycleGAN 83440.12 6.134037 2.2540.02 2384006 1.7140.03 1.0440.01
MMI-ALI (wo MMI)  7.4840.05 6.06+0.10 3.1940.04 2904005 2.73+0.09 2.47+0.12
MMI-ALI ¢y = 0) 8344020 82740.10 3.26£0.06 3.06+£0.10 3.15+0.11 2.92-40.12
MMI-ALI 8.9940.06 9.01+£0.00 2.95+0.08 3.8620.12 3.31+0.12 3.08+0.05




Experiments

Groundtruth Output Groundtruth ~ Input Groundtruth
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Output Groundtruth

J@H #Mml

Supervised Learning Unsupervised Learning

R—Seg Seg—R R—Ske Ske—R Seg—Ske Ske—Seg

g ST 405.16 37259  385.08 38897 357.19  417.39
Z CG 22404 21343 164.65  222.24 60.20 144.07
= Ours 20293 25441 15098 246.04 101.30 192.13
» ST 38290  440.53  419.11  383.72  400.70  299.82
C:E:' CG 217.28 26041  171.04  223.43 65.18 228.61

Ours 25048 246.01 196.06 22945 55.76 143.20
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