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Figure A.1: Normalized Performance improvement (in %) over online DQN (Nature), per game, of (a) offline Ensemble-DQN and (b)
offline REM trained using the DQN replay dataset for same number of gradient steps as online DQN. The normalized online score for
each game is 0.0 and 1.0 for the worse and better performing agent among fully trained online DQN and random agents respectively.
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Figure A.2: Normalized Performance improvement (in %) over online DQN (Nature), per game, of (a) offline QR-DQN (5X) (b) offline
REM (5X) trained using the DQN replay dataset for five times as many gradient steps as online DQN. The normalized online score for
each game is 0.0 and 1.0 for the worse and better performing agent among fully trained online DQN and random agents respectively.
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Online REM vs. baselines. Scores for online agents trained for 200 million ALE frames. Scores are averaged over 3 runs (shown as
traces) and smoothed over a sliding window of 5 iterations and error bands show standard deviation.
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(a) REM with 4 Q-value estimates (K = 4)
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(b) REM with 16 Q-value estimates (K = 16)

Figure A.3: REM with Separate Q-networks. Average online scores of offline REM variants with different architectures and QR-DQN
trained on stochastic version of 6 Atari 2600 games for 500 iterations using the DQN replay dataset. The scores are averaged over 5 runs
(shown as traces) and smoothed over a sliding window of 5 iterations and error bands show standard deviation. The multi-network REM
and the multi-head REM employ K Q-value estimates computed using separate Q-networks and Q-heads of a multi-head Q-network
respectively and are optimized with identical hyperparameters. Multi-network REM improves upon the multi-head REM indicating that
the more diverse Q-estimates provided by the separate Q-networks improve performance of REM over Q-estimates provided by the
multi-head Q-network with shared features.
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Figure A.4: Average evaluation scores across stochastic version of 60 Atari 2600 games for online DQN, offline DQN and offline QR-DQN
trained for 200 iterations. The offline agents are trained using the DQN replay dataset. The scores are averaged over 5 runs (shown
as traces) and smoothed over a sliding window of 5 iterations and error bands show standard deviation. The horizontal line shows the
performance of the best policy (averaged over 5 runs) found during training of online DQN.
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Figure A.5: Average evaluation scores across stochastic version of 60 Atari 2600 games of DQN (Adam), Ensemble-DQN, QR-DQN and
REM agents trained offline using the DQN replay dataset. The horizontal line for online DQN show the best evaluation performance it
obtains during training. All the offline agents except DQN use the same multi-head architecture with K = 200 heads. The scores are
averaged over 5 runs (shown as traces) and smoothed over a sliding window of 5 iterations and error bands show standard deviation.


