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What Matters in a Reinforcement Learning Task? Learning Task-Relevant Representations with Separated Models Experiments
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Figure 1. A robotic manipulation task explanation for task-relevant parts in the environment. ; ‘e e Q-value Consistency Loss '
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In contrast, humans can accurately figure out what matters visually when transferring to a new e e s S — . =
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Figure 3. Architecture of SMG. One-way arrows represent different types of data flows with the same input. Two-way -

left, only the arm’s orientation and the target position should be focused on this task. We aim arrows represent different types of loss |
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Figure 2. A robotic manipulation task explanation for task-relevant parts in the environment. Laction = I(az, ZHl‘Zt ) < Ep(&tyzﬁrl,zf)[log q(at‘ZHl’ “t ) (3)
- SMG demonstrates superior stability in robotic manipulation tasks.
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Can we apply the way humans handle generalization problems to RL agents? Since the agent still lacks the ability to generalize effectively and may struggle to extract meaningful (peg-in-box) loverlay) lours)
W MG (S tod Models for G at | N that aims t " features from scenarios with transformed styles, we treat the task-relevant representation under train f%s i’»’ﬁ i?%% :2t13% 331? 131% Zi%g —21—(74
< presen ( cparated MIodels Tor Lenerdiizd on)., d NOVEL approath that aims o enhance raw observations as the ground truth and train SMG on more diversely augmented samples: )
the zero-shot generalization ability of RL agents. SMG is designed as a plug-and-play method testl —33 63 34 ~18 55  —67 237 +174
that seamlessly integrates with existing standard off-policy RL algorithms. - Foreground consistency loss. £25 99 EU3 50 208 28 IS 270K
test2 —42 —40 76 85 11 194 219 +2(75
| o o o I = TF | Attrib _ so( Attrib 4 +31 4+77  +119 468 454 51 £37  13%
= SMG emphagzes the significance of taslg—relevar?t featqres m‘wsual—based RL generalization and fore_consist = Bopl| ALtrib(7(or)) — sg(Attribloy))] () est3 s 15 6 67 147 198 237 139
successfully incorporates a reconstruction loss into this setting. 146 £107 £147 +73 114 £34 +15 20%
* Q-value consistency loss. testd —42 72 80 109 112 —51 237 4125
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