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f-Policy Gradients: A General Framework for Goal Conditioned RL using f-Divergences
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f-Policy Gradients: A General Framework for Goal Conditioned RL using f-Divergences
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f-Policy Gradients: A General Framework for Goal Conditioned RL using f-Divergences

* Loss:  J(0) = Dg(pe(s)|lpe(s))
¢ gradient:
0 (0) = Erope(r)

¢ proximal policy optimization:
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Algorithm 1 f-PG

Let, 7g be the policy, (& be the set of goals,
B be a buffer
for z = | to num_iter do
B+ ||
for j = 1 to num_traj_per_iter do
Sample g, set p,(s)
Collect goal conditioned trajectories,
T:g
Fit pg(s) using KDE on 7
Store f’(""( )) foreach sin 7

B+ B+ {r:g}
end for
for j = 1 to num_policy_updates do
0 < 0 — aVg.J(0) (Equation|6)
end for
end for




What makes Pre-trained Visual Representations Successful for Robust Manipulation
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What makes Pre-trained Visual Representations Successful for Robust Manipulation

e Environment:
¢ FrankaKitchen
e Meta-World

Training Distribution

* Distribution Shift
e Light
* Textural
¢ Object

* Policy Train

* Imitate Learning



What makes Pre-trained Visual Representations Successful for Robust Manipulation
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