
A. DICE derivations
In (Foerster et al., 2018), the surrogate function is given by:
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Once again we take the derivative in order to obtain the
Hessian of JDICE:
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B. LVC derivations
LVC (Rothfuss et al., 2019) is a method that trade-off bias
for lower variance estimation of gradient.
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It is can be prove that Eτ∼PT (τ |θ)
[
JLVC

]
is a biased ap-

proximation of the ∇2
θJinner(θ) but with lower variance, see

(Rothfuss et al., 2019) for more details.
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C. Proof of Theorem 1.
Firstly, we derive first order gradient of surrogate objective
function.
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Once again we take the derivative of Equation (33) in order
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D. Proof of Theorem 2.
Here we show how JTMAML

i can introduce control variate
into the Hessian estimation. The intuition is getting a sum of
reward in the Hessian formula instead of the sum of gradient
which is impossible to introduce control variates. In order
to do this, we first decompose the expectation of JDICE
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the desired form.
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Figure 1. Meta-RL environments based on Mujoco (Todorov et al., 2012) and OpenAI Gym (Brockman et al., 2016): (a) Ant chasing
random goal location, the tasks are generated by sampling the target positions from the uniform distribution on [−3, 3]2.; (b) An example
of Ant chasing goal task, where green ball denotes a goal, the goal is randomly sampled at the beginning of each episode; (c) Humanoid;
(d) HalfCheetah; (e) Walker; (f) Swimmer; We build different tasks including random velocity, random direction, and random goal location
on each environment, see experiments in main paper for more details. In order to get high reward in these environments, agents must be
able to do learning to learning or meta-learning from past experience.

Hyperparameters
Policy Hidden Layer Sizes 642 (Humanoid: 1282)
Num Adapt Steps 1 (Ant, rand goal: 2)
Inner Step Size α 0.01
Outer LR β 0.001
Meta CV Inner Step Size α′ 0.01
Meta CV Outer LR β′ 0.01
Meta-Tasks Per Iteration 40
Num Traj Per Meta-Task 20
Grad Steps Per Iteration 5
Outer Clip Ratio ε 0.3
KL Penalty Coefficient η 0.0005
Traj Length 100

Table 1. Hyperparameter settings used in each algorithm

E. Hyperparameters and Environments Setup
In every experiment, each algorithm is tested with 5 random
seeds. An example of tested environment is shown in Fig-
ure 1. Table 1 contains the hyperparameter settings used for
the different algorithms.
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