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7* is known to satisfy the following Bellman optimality equation,

Q(s¢, a3 ") = 17(5¢,a8) + VEp(s,11]50,a0) [%ﬁf@(st#ly agy1; ")) (1

where Q7 (51, a;) = Ex[S2o, A" ~tr(si,ar)] is the Q function of a policy 7. Q-learning tech-
niques (Watkins & Dayan, 1992; Sutton et al., 1999) learn this optimal Q function by iteratively
minimizing the Bellman residual. The optimal policy is given by 7*(als) = argmax, Q(s, a).
Deep Q-learning(Mnih et al., 2013) uses a neural network called the deep Q-network (DQN) to ap-
proximate the ) function Q(s, a; 8). The network parameters € are learned by applying stochastic
gradient descent (SGD) updates with respect to the following loss function,

L(9) = Eg[(r(s,a) + ymaxQ(s',a';07) — Q(s,a;6))?] @
where 3 is the exploration policy, and 0~ is the parameters of the Targer Q-nerwork (Mnih et al.,
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r(s,a) =logp(als) + ryr(a,s)/c
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L(0) = Ep[(log p(als) + rur(a, s)/c +ymax Q(s',a';07) — Q(s, a; 0))%
mo(als) = d(a = arg max Q(s,a;0)).
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logp(7|b=1) = log / p(7)p(b|7)dr

> Eq(r)log p(T)p(b|T) — log q(7)]
= By [r(r) /e — KL[g(r)|[p(7)]] = Lu(q)

where ¢(7) is the variational distribution. Rewriting the variational objective L, (¢) in Eq. 6 in terms
of policy 7y, we get the following RL objective with KL-regularization,

Ly(0) = Ex[Y_ r(se,a0)/c — K L[zo(-|s0)llp(-]50)]]- ©)

In contrast, the objective in Section 3 is,

Ly(0) = B[y 7(s0 ar)/c + log plarst)]- (10)
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L(0) = Eg[(logp(als) + rur(s,a)/c+ ylog Zeq'(sr’af;g_} — U(s,a;0))?]
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W_learning (Peters et al., 2010) and G-learning (Fox et al.) /5K 1. EAKA]LLE & X

Metric Note RNN | Q W G
Notes excessively repeated 63.3% 0.0% 0.02% 0.03%
Mean autocorrelation - lag 1 -.16 -11 -10 55
Mean autocorrelation - lag 2 .14 .03 -.01 31
Mean autocorrelation - lag 3 -.13 .03 01 17
Notes not in key 0.1% 1.00% 0.60% 28.7%
Compositions starting with tonic 0.9% 28.8% 28.7% 0.0%
Leaps resolved 77.2% 91.1% 90.0% 52.2%
Compositions with unique max note | 64.7% 564% 594%  37.1%
Compositions with unique min note | 49.4% 51.9% 583% 56.5%
Notes in motif 5.9% 757% 73.8% 69.3%
Notes in repeated motif 0.007% 011% 0.09% 0.01%

Table 1: Statistics of music theory rule adherence based on 100,000 randomly initialized composi-
tions generated by each model. The top half of the table contains metrics that should be near zero,
while the bottom half contains metrics that should increase. Bolded entries represent significant
improvements over the Note RNN baseline.
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