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Abstract

Despite the empirical success of meta reinforcement learning (meta-RL), there
are still a number poorly-understood discrepancies between theory and practice.
Critically, biased gradient estimates are almost always implemented in practice,
whereas prior theory on meta-RL only establishes convergence under unbiased
gradient estimates. In this work, (1) We show that unbiased gradient estimates have
variance O(IN') which linearly depends on the sample size N of the inner loop
updates; (2) We propose linearized score function (LSF) gradient estimates, which
have bias O(1/+/N) and variance O(1/N); (3) We show that most empirical prior
work in fact implements variants of the LSF estimates; (4) We establish convergence
guarantees for the LSF estimates in meta-RL, showing better dependency on N
than prior work. Due to time constraints, the proof and appendix are not yet
complete. They will be complete for camera-ready.

1 Introduction

By design, many reinforcement learning (RL) algorithms learn from scratch. This entails RL to
achieve high profile success in a number of important and challenging applications [|—3]. However,
at the same time, RL is highly inefficient compared to how humans learn, usually consuming orders
of magnitude more samples to acquire skills at the same level as humans. One potential source of
such inefficiencies is that unlike humans, RL algorithms do not exploit prior knowledge on the tasks
at hand.

To resolve such an issue, meta-reinforcement learning (meta-RL) formalizes the learning and transfer
of prior knowledge in RL [4]. On a high level, an agent interacts with a distribution of tasks at meta-
training time. The objective is that after meta-training, the agent can learn significantly faster when
faced with unseen tasks at meta-testing time. If an agent achieves good performance at meta-testing
time, it embodies the ability to transfer knowledge from prior experiences during meta-training.
There are many concrete formulations of meta-RL (see, e.g. [5—13]), Our focus is meta-RL through
gradient-based adaptations [4], where the agent carries out policy gradient (PG) inner loop updates
[14] at both meta-training and meta-testing time.

Motivation. Our work is motivated by a number of important discrepancies between meta-RL
theory and practice. Recently, there is a growing interest in establishing performance guarantees for
meta-RL algorithms with unbiased gradient estimates [ |5]. However, since the inception of the field,
meta-RL practitioners have almost always implemented biased gradient estimates [4, 16—19]. It is
natural to ask: why are unbiased gradient estimates potentially undesirable in practice, and what do
we gain by introducing bias into gradient estimates?

Our focus. We focus on the N-sample meta-RL objective where the inner loop updates are N-
sample PG estimates. In prior work, this was called the E-MAML objective [16, 17, 15], as opposed
to the MAML objective [4] where the inner loop update is exact PG. This objective is of practical
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interest, because at meta-testing time, inner loop updates can only be implemented with N-sample
PG estimates. See Sec 2 for details.

Contributions. We make a few contributions that bridge meta-RL theory and practice.

* High variance of unbiased estimates. By formulating the meta-RL objective as a generic
N-sample additive Monte-Carlo objective, we show that the unbiased gradient estimates
have variance on the order of O(NV), rendering the estimates useless when N is large (see
Sec 3).

* Novel derivation of biased estimates. We propose the linearized score function (LSF)
gradient estimate for the /N-sample additive Monte-Carlo objective, which has variance
O(1/N) and bias O(1/+/N). Its application to meta-RL enjoys better properties at large N
(see Sec 4).

* Prior work implements biased estimates. We observe that despite their claims of unbi-
asedness, most prior work in fact implements variants of LSF estimates. This implies they
are both biased w.r.t. the MAML and the N-sample meta-RL objective (see Sec 5).

* Performance guarantee with better dependency at large N. We provide performance
guarantee of meta-RL algorithms with biased gradient estimates. Such guarantee contrasts
with results of unbiased estimates, where the guarantee degrades significantly at large N
due to high variance [15] (see Sec 6).

2 Background

2.1 Task-based reinforcement learning

Consider a Markov decision process (MDP) with state space S and action space A. At time ¢ > 0,
the agent takes action a; € A in state s; € S, receives a reward r; and transitions to a next state
Zi41 ~ p(¢|st, ar). Without loss of generality, we assume that the at ¢ = 0 the agent starts at the
same state. We assume the reward v, = r(s¢, as, g) to be a deterministic function of state-action pair
(st, at) and the task variable g € G. The task variable g ~ pg is sampled for every episode. A policy
m: S — P(A) specifies a distribution over actions at each state. We further assume that the MDP
terminates within a finite horizon of H almost surely under all policies.

Parameterized policy. In general, the policy is parameterized 7y with parameter § € RP,

Value function. Let 7 := (sy, ay, rt)f:?)l be a trajectory. The policy 7y induces a distribution over

trajectories pg (1) = I p(wiy1|5t, a)ma(as|se, g) . We define R(7,g) = Zf:?)l vtry as the
cumulative return along trajectory 7 under task g. We also define the value function as the expected
returns over trajectories Vg (mp) == E,,, [R(T, g)]. We also overload the notations V() := V().

Note that unlike other work in RL, we define the value function as expected cumulative returns
starting from the initial state. This definition will greatly simplify notations in later sections.

Policy gradient and stochastic estimates. Policy gradient (PG) [14] is the gradient of the value
function with respect to policy parameter VoV () = E,p, [R(7, g) Vg log pg,¢(7)]. In practice, it
is not feasible to compute PG exactly and it is of interest to construct stochastic PG estimates given

sampled trajectories. Indeed, VoV, (0) = R(7,g)Vglogpy 4(7) with 7 ~ pg is an unbiased PG
estimate in that E[VV,(8)] = V4V, (6).

2.2 Meta reinforcement learning

Meta-RL aims to maximize the average value function evaluated at the updated policy parameter
Oy =0+n+ Zi\;l R(7i,9)Vglogpg 4(7;) obtained by ascent with N-sample PG estimates. Here,
(1), ~ py i.i.d. and 7 is a fixed stepsize. Formally, consider the following optimization problem,

max Ey [Ln(8,9)],Ln(0,9) = Eryy |

1 N
Vy (9 tiy > R(i,9)Vs logpe,g(ﬁ)ﬂ , (D

i=1

The expectations are over the goal distribution g ~ pg and random trajectories (7;)~_; ~ pp. The
N-sample PG estimate update from 6 to ) is called the inner loop update. We call Ly the N-
sample meta-RL objective due to its critical dependency on V. Since the task distribution pg does not
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depend on 6, we mostly focus on discussing of properties of Ly as a function of 6 in later sections.
The N-sample meta-RL objective was initially proposed in [ 16, 17] under the name E-MAML and
analyzed in [15] in more theoretical contexts.

The limit case N — oco. Under mild conditions, the limit exists when N — oo and Eqn 1
converges to the following problem

mGaX EQ [Loo(evg)] 7L00(evg) = Vg (9 + 77V0Vg(9)) . (2)

In other words, the inner loop update becomes exact PG ascent. This objective was proposed in the
initial MAML framework [4].

Short notes on prior work. Though prior literature mainly focuses on deriving gradient estimates
to the MAML objective, we show that there is a fundamental challenge in obtaining unbiased
estimates (see Sec 5). Instead, we start the discussion in Sec 3 on the N-sample meta-RL objective.

2.3 Estimating stochastic gradient of Monte-Carlo objectives

To facilitate discussions in later sections, we provide a brief background on optimizing general
Monte-Carlo objectives. Monte-Carlo (MC) objectives are common in RL, generative modeling and
various probability inference problems (see, e.g., [20, 21] for related reviews). In its general form,
MC objectives are defined as L(#) := Ex~,, [f(X)] where random variables X are drawn from
a distribution py that depends on learnable parameter §. For simplicity, we first consider when f
depends explicitly on X only, though it can also depend on 6. To optimize L(#), it is of direct interest
to construct unbiased estimates to Vo L(6).

Score function gradient estimate. The score function (SF) gradient estimate is well defined under
the general assumption that f is bounded.

VEFL(0) == f(X)Vglogpe(X), X ~ pe.

By construction, The estimate is unbiased. However, due to the gradient of score function
Vo log pg(X), the estimate often has high variance in practice.

Path-wise gradient estimate. If there exists an elementary distribution ¢ ~ p¢ (e.g. normal
distribution A'(0, 1)) and parameter-dependent transformation function 7y such that 75(¢) is equal
in distribution to X ~ py, we call X reparameterizable. When X is reparameterizable and f is
differentiable, the path-wise (PW) gradient estimate exists and is unbiased

VEVL(8) = [Vx F(X)]x—7,(¢) VoTo(€): ¢ ~ pc.

Intuitively, PW gradient estimate makes use of the gradient Vx f(X) and enjoys lower variance
compared to the SF gradient estimate in many applications [22]. However, the PW gradient estimate
is less generally applicable due to assumptions on X and f. For example, those assumptions are not
satisfied for important applications such as RL and meta-RL.

3 Meta-RL as N-sample additive Monte-Carlo objective

We start our discussion by extending the MC objective to [N-sample additive MC objective. This
general framework encompasses meta-RL as a special case and entails the natural derivative of a new
estimate in Sec 4.

3.1 N-sample additive Monte-Carlo objective

Let (X;), ~ pg be i.i.d. samples from a parameterized distribution py on domain X'. Define
¢ : X — R" as feature mapping function and let f : R" — R be a scalar function. We define the
N-sample additive MC objective as follows,

N .
L() = Ex,x [f (Z—lN(b(X)ﬂ . 3)

The N-sample additive MC objective can be recovered as a special case of the MC objective by
defining X := (X;)Y,. However, we will find it very useful to make clear the dependency on N
samples when studying the property of L(6). In addition, the objective defines interactions between
¢(X;) in an additive manner, which seems quite restrictive. We will see later that this restrictive
definition generalizes the meta-RL objective Ly (6, g) as a special case.

We ground the discussion with a toy example.
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Toy N-sample additive MC objective. Consider when py is a parameterized Gaussian distribution
N (11, 02) where o > 0 is fixed. The feature mapping ¢ and objective f are both identity functions.

3.2 Gradient estimates for /V-sample additive MC objective
The SF gradient estimate to the N-sample additive MC objective is

N _ N
ViTL(©) =/ (W) > Vologps(Xi), (X)X, ~ po. “
i=1

Since the SF estimate changes distributions over [V variables at the same time, Zfil Vo logpe(X;)
sums over N terms. This implies high variance, which we calculate exactly for the toy example.

Lemma 3.1. In the toy MC objective example, V [@(Sf:L(H)] = O(N).

The variance depends linearly on N! This makes the estimate very hard to use in applications with

large N. Compared to the SF estimate, when the PW estimate @SWL(G) is available, it has much
lower variance. In the toy example, it is indeed the case since X = o - ¢ + p, ¢ ~ N (0, 1),

Lemma 3.2. In the toy MC objective example, V [@SWL(G)} =0.

The zero variance is specialized to the toy example. Since PW gradient estimates are not applicable
in RL and meta-RL, we will not discuss them further. Nevertheless, they serve as an golden standard
for low-variance unbiased gradient estimates.

3.3 Gradient estimates when f, ¢ depends on 6

Next, we the discussion to the case where f, ¢ depends on parameter §. Define the generalized
N-sample additive MC objective as follows

N .
G(O) =Ex,x [f (W@)] . 5)

We start by deriving exact gradient to the objective

Lemma 3.3. Let ¢y == + Zfil ¢(X;,0). The generalized N-sample additive MC objective has
gradient VG (6) as follows where (X;)Y; ~ pgi.i.d.,

Ecxoy, |f(on,0 Zve log po(X;) + Vo f (6, 0n) + ( ZV9¢ (6 X)) VianF(0,0n)

term (i) term (ii)

Generalized SF gradient estimate. With access to samples (X;);=1 ~ pg, we define the general-
ized SF gradient estimate V3 G(6) as follows

f(on,0 Zvelogpe )+ Vof (0,0n) + ( ZV9¢X“9)>V¢Nf(¢N,9)- (6)

term (i) term (ii)

The two terms in the estimate echo the two terms in the exact gradient in Lemma 3.3. Term (i)
corresponds to the SF estimate in Eqn 4. Term (ii) is a direct result of how f, ¢ depends on 6. We
provide a full derivation in Appendix A. Examining term (i) and term (ii), we argue that the variance
of the overall estimate mainly comes from term (i). This is because term (ii) averages over N terms
(e.g., with ¢ ) whereas term (i) sums over N score function gradients Vg log pg(X;).
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3.4 Meta-RL as generalized /N-sample additive MC objective
With the conversion: X; = 7, (X;,0) == R(7;,9)Velogpe 4(7i) and f(dn,0) = Vy(0 + non),
we can cast meta-RL as a special instance of the generalized /NV-sample additive MC objective.

We start by computing gradient of the N-sample objective Jx (6, g) := Vo Ly (8, g) as a direct result
of Lemma 3.3.

Lemma 34. Let 7, ~ pg iid., VVy(6y) denotes [VQVQ(Q)]GZ% and 0y = 6 +
)

N Zfil R(7i,9)Vglogpg 4(7;) is the (random) updated parameter. Then the gradient Jx (6, g
VoLn(0,9) is

N N
1
Eqon | Ve(On) Z Vo logpo,g(7i) | + E(ryn | (I +iy Z R(ri,9)V2 logpg‘,g(n)> VVy(Oy)
i=1 i=1
=7 (0,9) =J5"(0.9)

(7

We reiterate intuitions about the two gradient terms in the context of meta-RL. The parameter 6
influences the objective Ly (6, g) in two different ways. The first term arises from the fact that the N
random trajectories are sampled from pg, which depends on . The second term is a result of how 6
impacts Ly (0, g) explicitly through the inner loop N-sample PG estimate.

Unbiased meta-RL gradient estimate. In the following, we specify an algorithmic procedure to
construct unbiased estimates to Jy (6, g). This is a direct instantiation of the generalized SF gradient
estimate in Eqn 6 in the context of meta-RL.

Corollary 3.5. First, sample (7;)~_; ~ pg and computed the updated parameter ¢y Then, construct
unbiased estimates to VV,(6) and V,(0y), e.g. with trajectories sampled under 7y . Let these

estimates be V'V, (¢y) and V,,(6/y,) respectively'. The final estimate is

N N

~ 1 ~

V,(0y) ; Vo logpg 4(7i) + (I +% ; R(7i,9)VZlog p97g(7'i)> VV,(0y). (8)
=J{s(0.9) =J % (0.9)

Both terms are unbiased E[j](\;?SF(H, 9)] = J](\;) 0,9), ]E[jj(\ﬁlgF(H, 9)] = J](\?i) (9, g) with respect to the
two terms in Eqn 7. This implies that the overall estimate is also unbiased.

Variance of the unbiased gradient estimate. As direct implications of the properties of SF gra-
dient estimate and generalized SF gradient estimate, .Jy has very high variance. In fact, building
on the N-sample additive MC objective toy example, we can construct meta-RL examples where

V[j ()] = O(N). See Appendix A for more details. Our objective now is to develop new estimates
which bypass the high variance of the unbiased estimate.

4 Linearized score function gradient estimate

We now introduce a major development in this paper: a new gradient estimate for the N-sample
additive MC objective. This estimate is in general biased but has significantly lower variance
(O(1/N)) compared to the SF estimate (O(N)) when N is large, making it attractive in practice.

4.1 Linearized SF gradient estimate for N-sample additive MC objective.

When the PW gradient estimate is applicable, it often has lower variance than the SF gradient estimate.
Previously, we argue that this is because PW leverages gradient information in the objective f while
SF does not. Building on this intuition, we propose a new gradient estimate called linearized score
function (LSF) gradient estimate as follows,

N
VEFL(9) = [Vf (dn)]" % > #(Xi)Vologpo(Xs). )

"For now, we just require the estimates to be unbiased. In Section 6, we make these estimates concrete for
refined convergence analysis.

)



188 Recall that ¢ = M and V f(¢n) denotes [V, f (2)];—g,- The LSF gradient estimate
189 makes use of the gradient of f yet does not require reparameterization of the random variables X . In
190  this sense, it is more general than the PW gradient estimate, yet leverages more information than the
191 SF estimate. Indeed, LSF achieves significant variance reduction than SF.

192 Lemma 4.1. In the toy MC objective example, V [@ESFL(O)} = O(1/N).

193 In the toy example, the PW gradient estimate is the gold standard unbiased estimate with zero
194 variance. Yet, as discussed before, it is not generally applicable. The LSF gradient estimate has
195 variance O(1/N), which decays as N increases. This makes LSF applicable in large N regimes.
196 However, unlike the SF estimate which is by design unbiased, the LSF estimate is in general biased.

197 Lemma 4.2. In general, when f is twice continuously differentiable and HVi f(z) H2 < Cforall x
198 in domains of f with a constant C.. Then Bias[V5FL(8)] = O(1/V/N).

199 Derivation of the estimate. The naming /inearized implies how the estimate was derived in the
200 first place, which we show in Appendix A. In a nutshell, LSF is derived using a local linearization
201 of f(¢n) used in the SF estimate, based on Taylor expansion. This allows LSF to utilize gradient
202 information V f(¢ ) to reduce variance, yet still remain generally applicable.

203 4.2 Gradient estimate for Generalized /V-sample additive MC objective

204 We extend the LSF gradient estimate to the generalized N-sample additive MC objective in Eqn 5. We
205 do so by replacing the term (i) SF estimate by LSF estimate in Eqn 6. This produces the generalized

206 LSF gradient estimate V55T G/(6) as follows,

N N
[Vauf (on, 9)]T % ; ¢(X;,0)Vologpe(X;,0)+Vof (0,0n) + (; Z Vod(Xi, 9)) Vanf(on.0).

i=1

term (i) term (ii)

(10)

207 Due to the bias in the LSF gradient estimate, the generalized LSF estimate is also biased. However,
208 the key trade-off is that the new term (i) in Eqn 10 averages over N samples and achieves significantly
209 smaller variance than the generalized SF estimate.

210 4.3 Biased gradient estimate to the meta-RL objective.

211 We next apply the generalized LSF gradient estimate to the /NV-sample meta-RL objective.

212 Corollary 4.3. Let u; = Vg log py 4(7;). Define VV,, V, in the same way as in Lemma 3.5. Then
213 the LSF gradient estimate Jy 1sp(0, g) to L (6, g) is expressed as follows,

N N
1 - 1 .
(N ZR(Tz‘,g)UiuiT> VVy(Oy) + <I+ N > R(i,9)V; 10gp9,g(7'z')> VVy(0y), (1)
=1

i=1

= I e (0.9) = TN s (0,9)

214  While the unbiased SF estimate j](\;lé)F has high variance when N is large, the LSF estimate J ](\?LSF
215 achieves a good trade-off between bias and variance. We will show how such trade-off impacts the
216 convergence analysis in Section 6.

217 Connections to exact gradient for meta-RL objective L, (6, g). Itis now worthwhile to contrast
218 the generalized LSF estimate to the gradient of J (6, g) == VgL (0, 9).
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Corollary 4.4. Let u; = Vglogpg 4(7;) and 6" = 6 + ., [R(7,9)Velogpe 4(T)] be the
updated parameter with exact PG ascent. In the following, let (7;)¥.; ~ py , i.i.d., then Joo (6, g) is

N
1
Eay, |5 2o B g)uinl VVy(0) | + B¢y,

i=1

=1

N
1 /
(11332 R ) st w0501

=J3(6,9) =78 (0,9)
(12)

Here, since 6’ is the updated parameter resulting from exact PG ascent, it is not easy to construct
unbiased estimate to J (6, g). This is because even if we can compute ), as N-sample unbiased
estimate to #’, in general we still have VV,(0') # E[VV,(0})]. However, note that there are

similarities between the parametric forms of J 1 s¢(6, g) and Joo (8, g). We can interpret J 1 sr (6, )
as also a biased estimate to J Lsp(f, ), obtained by replacing 6" with 6.

S Discussion on prior work

N-sample meta-RL objective. As noted earlier, the N-sample meta-RL objective was considered
in both empirical [16, 17] and theoretical contexts [15]. This objective is of practical interest because
of budget on inner loop samples. The limit case N = oo was considered in the original MAML
formulation of meta-RL [4].

Unbiased gradient to the limit case J.. (6, g). In the author’s original implementation of the

MAML gradient estimate with auto-differentiation libraries [4], a term equivalent to Jéé) (0, g) was
unintentionally dropped, resulting in a biased estimate. This fuels the motivation for a number of
follow-up work to derive unbiased gradients [23, 18]. However, they are biased in general. This is
mainly because practical algorithms can only estimate V,V, (6, ) instead of V4V, (6’), as required
by Joo (6, g) in Eqn 12. This observation was also hinted at recently in [19].

Prior work in fact constructs the LSF gradient estimate. Since most prior work derive meta-RL
gradient estimates based on J. (6, g) [23, 17-19], and due to the accidental replacement of 6’ by
'y, we conclude that they in fact construct variants of the LSF gradient estimate (see comments

following Corollary 4.4). In particular they construct .J such that E[J] = E[Jx 1sr(6, g)] but with
potentially lower variance. All of them focus on reducing variance of estimating the multiplier matrix
to V'V, (0 ). Variance reduction methods include control variates [18], as well as introducing further
bias to the LSF gradient estimate [17, 19].

Unbiased gradient estimate to /V-sample meta-RL objective. The exact gradient and unbiased
gradient estimate to N-sample meta-RL objective was derived in [16, 17, 15]. A comprehensive
derivation was carried out in [17], where they contrasted J (6, g) with Jy (6, g). However, they

erroneously claimed that Jéé”(@, g) = J](\;i) (0, g) and only differs in g 0,9) # JI(\;)(Q, g). This

is not true. Our derivation shows that J&) 0,9) # Jl(éi)(ﬂ, g) in general because E[VV, (6})] #
VV,(0).

Convergence analysis of gradient-based meta-learning and meta-RL. Recently, [24] estab-
lished generic convergence guarantees for gradient-based meta-learning algorithms for supervised
learning with one inner loop update. Recently, [25] extended the analysis to multi-step inner loop
updates.

For meta-RL, [15] established convergence for the NV-sample meta-RL objective. They motivated the
objective in a similar manner as [16, 1 7] and constructed unbiased estimates exactly as the generalized
SF estimate .J ~,sr(6, g). However, since the estimate has variance linear in IV, the final guarantee
becomes less applicable in practice. Contrast to this work, we show how the biased generalized LSF
estimate achieves performance guarantee with more desirable dependency on N.

6 Full Algorithm and Convergence theory with biased gradient estimate

We start by presenting the meta-RL full algorithm with generalized LSF estimate. This algorithm
closely resembles how practical algorithms are implemented. The same algorithm with generalized
SF estimate was analyzed in [15].

Y
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6.1 Full algorithm and key assumptions

The full meta-RL algorithm is in Algorithm 1. Two important notes: (1) We instantiate the unbiased
gradient estimate V'V (¢;) by M-sample PG estimates with trajectories collected under the updated
parameter 6’ (2) So far we have focused on presenting gradient estimate for a single task g. In

practice, we sample a batch of B tasks (¢;)2 ; and compute gradient estimate for each J NLsE(0, gi)-
The overall gradient Jy 1sF is an average across tasks, which is used for the final update at each
iteration 0 < 6 + «J with learning rate « > 0.

Algorithm 1 N-sample meta-RL algorithm with linearized SF gradient estimate

Require: Inputs: Hyper-parameters: batch sizes (B, N, M). Step size 7. Initial parameter 6.
forite =1,2... do
Inner loop sampling. Sample B task variables g; and N trajectories under (7; ;)_; ~ pa g,

Inner update. Compute inner loop update 0] = 0+ 14 Z;vzl R(7i,5,9:)Velogpg g, (Ti ;).
Outer sampling at adapted parameters. Collect M trajectories (7/ , )L, ~ Py g for the
outer loop PG estimate Vngi (QQ,N) = ﬁ Zi\/le R(T{7k, 9:)Volog pg g, (T{k)

Gradient estimate and update. Compute J ~N.Lsr(0, g;) based on Eqn 11. Then compute

J N,LSF = % Eil J ~.LsF(0, g;) as the average estimate. Update outer loop 6 < 6 + ald N,LSF-
end for
Output trained meta-RL policy my.

We also need a few common assumptions [ | 5] for theoretical analysis.

Assumption 6.1. (Smooth parameterization assumptions) For all s € S,a € A,g € G,
IVologmg(als,g)|l, < G1 and valogm(a\s,g)u2 < Gs. In addition, for all 8;,0, € RP,

| V5 log mg, (als, g) — Vi logm, (als, g)||, < p |61 — b2]l,.

6.2 Main result

The meta-RL objectives takes an average over the parameter-independent distribution g ~ pg and
hence its overall gradients are Jx (6) = E4[Jn (6, g)] and for the limit case Jo () = Eq[J (8, g)]-
As previously discussed, the generalized LSF estimate is biased in general. We start by characterizing
its bias against Jy (#). We have the following.

Proposition 6.2. For all § ¢ RP, HE{jN,LSF(a)}—JOO(a)HQ < O(1/¥N) and
1700 (8) = In(0) ]l < O(1/VN).

The above also implies a bound on the bias HIE {jN’LSF(H)} - JN(H)H2 = O(1/V/N). This is

consistent with the result in Sec 4. We next characterize the variance of the generalized LSF estimate.

Proposition 6.3. For all § ¢ R”, V [jN,LSF(a)} < O(1/M) + O(1/N) + O(1/B).

The three terms on the upper bound above indicate these three sources of randomness that contribute

the variance of the generalized LSF estimate Jy 1,5 r(0): the batch of B tasks, the batch of N inner
loop trajectories 7;; per task and the batch of M trajectories 7/, for estimating outer loop PG. By
letting B — 0o, M — oo, we see that the variance is of order O(1/N). This is consistent with the
variance of the LSF estimate for the N-sample additive MC objective in Sec 4.

The above implies convergence guarantees for the biased gradients, we will complete the result in
camera-ready. We will also make explicit comparison to [15] and show that our guarantees have more
superior dependency on V.
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A Derivation of the Linearized Score Function Estimate

Since Xs are i.i.d., we expect the average & Ziv 10X
Consider the Taylor expansion of f(¢) with - Zz 1 O(X
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Rearranging terms, we get
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Now consider each term above. The constant term f(¢) is independent of # and produces zero
gradient. If we drop the residual term, we are left with the central term .

Note that the central term contains ¢, which we do not have access to. If we multiply the above terms

with ). Vlog p(X.

the expected gradient does not change), we arrive at the LSF estimate
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;), and by dropping terms with expectation zero as well as ¢ (when dropping ¢
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