in Humanoid Walk and Finger Turn Harde environments. As Equation (3) shows the performance
degradation for n5 methods are due to accumulated noise when collecting the discounted sum of
returns. This accumulated noise will induce a much larger approximation variance and result in
degraded performance.

Q5 LNSS is effective in environments with sparse rewards. For setting up sparse rewards in
Cheetah environments, refer to appendix B. As Cheetah Sparse and Cartpole Sparse result in Figure
3. One can observe that LNSS enables all DRL algorithms successfully learn all three sparse reward
tasks with converged episode rewards greater than 800. However, due to the limited feedback from
sparse rewards, all base methods struggle to learn and even fail to learn (e.g, Cheetah Run). Moreover,
it is important to point out that LNSS helps improve the learning speed over the base methods. This is
expected as a long future reward trajectory of N-step is able to provide continuous reward feedback
to the agent by assigning credits progressively backward from the time of achieving the desired states.
In contrast, a single-step method does not provide any guidance or feedback to the learning agent
until reaching the goal.

Q6 LNSS helps reduce the variance of () value estimation. For this evaluation, we let coefficient
of variation of ) value (in percentage) as cv(Q) = StdQ&%. In Figure 4, we show cv(Q) every

2e5 steps where as an example, we show TD3-LNSS outperforms TD3-Base and TD3-n5 under 1%
noise in rewards. Similar results are obtained for DDPG and D4PG classes of algorithms and shown
in appendix E.4. Also shown in the same Appendix are respective results at different noise levels.
Results (Figure 12 to Figure 20 in appendix E.4) also show that for each LNSS augmented DRL
algorithms, it has resulted in improved performance in cv(Q) to near the best performance among
all DRL algorithms. Figure 4 provides an empirical validation for our theoretical result on bounds
of variances of the () value, namely, with large LNSS parameter IV or at the late stage of learning,
@ value variances become smaller as the upper bound of () value variance decreases significantly
according to Equation (14) in Theorem 1.

Figure 4: The cv(Q) (coefficient of variaiton of ) value, the lower the better) of TD3 in DMC with
1% noise. Results are averaged over 10 seeds. The x-axis is the number of steps. Additional and
respective results for DDPG and D4PG can be found in appendix E.4

Q7. Effects of different length /V in LNSS. In Figure 5, we show the effect of different choices of
N (N = 5,10, 20,50, 100) in our proposed LNSS on top of TD3. (Similar results hold for D4PG
and DDPG which can be found in appendix E.7.) Comparisons are performed using the same set
of hyperparameters except a varying N. Figure 5 depicts performance curves for DMC tasks. The
LNSS with N = 50 and N = 100 outperform LNSS with N = 5, 10 in terms of final reward and
learning speed. The results corroborate what we expect from our theoretical analysis (please refer to
Figure 1 in the paper). We can see a clear benefit of using large N (N = 50, and 100 ) over small(/N=
5, and 10).

Additionally, in Figure 6, we show how cv(Q) (coefficient of variation of ()) varies with different N.
Among the three N values, N = 100 outperforms others. Also, we observe that, in more complex
environment, a longer N is favorable. Notice that, for cartpole sparse environment, there is little
difference among different N values. However, in Finger TurnHard and Humanoid Walk, the cv(Q)
values of Base cases and N = 5 cases increase dramatically. However, the cv(Q) values for N = 50
and NV = 100 change only slightly. Figure 6 provides an empirical validation for our theoretical
analysis on variance discount factor v in Figure 1 that the longer the /N, the more reduction in
variance of () value estimation.
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Figure 5: Episode rewards for the 3 tasks in DMC by TD3-LNSS with different N (N =
5,10, 20,50, 100) in Equation (6). The results are averaged from 10 seeds. The x-axis is the
number of steps. Respective results for DDPG and D4PG are provided in appendix [E.7]
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Figure 6: cv(Q) (coefficient of variaiton of ) value, the lower the better) for the 3 tasks in DMC by
LNSS with different NV (N = 5, 50, 100) in Equation @

6.3 Limitation of This Study.

Here we introduce a new multi-step method, the LNSS, to effectively utilize longer reward trajectories
of future steps than those used in existing methods to estimate the () value with an aim of reducing
variances in learning. By piggybacking LNSS on top of TD3, DDPG, and D4PG, we demonstrate
improved performance in terms of final reward, learning speed, and variance reduction in @) value.
However, there exist two limitations. 1) The LNSS requires positive semi-definite reward values in
a long trajectory. Large negative reward may wash out the significance of good positive rewards.
However, this limitation can be easily fixed by elevated reward stored in the temporary buffer D’
by a positive constant, and lower bounded it by 0. 2) Early termination is another limitation during
implementation, which mostly affects LNSS in GYM environments (Hopper, Humanoid, Walker2d).
Different from DMC tasks, GYM allows an environment to terminate before reaching the maximum
time steps. As such, in early training stage, only 10 or 20 steps may be used to compute LNSS which
diminishes the power of large IV (such as 50 or 100). To resolve this limitation, re-programming task
settings in the original GYM environments is required.

7 Discussion and Conclusion

1) In this work, we introduce a novel "N-step" method, the LNSS which utilize longer reward
trajectories of future steps than those used in existing methods to estimate the () value with an aim
of reducing variances in learning. It is easy to implement, as shown in the paper, and it can be
easily piggybacked on policy gradient DRL algorithms. It has been shown consistently outperform
respective Base and short n-step algorithms in solving benchmark tasks in terms of performance score,
learning success rate, and convergence speed. 2) We provide a theoretical analysis to show that LNSS
reduces the upper bound of variance in @) value exponentially from respective single step methods.
3) We empirically demonstrate the performance of LNSS piggybacked on TD3, DDPG, and D4PG
in a variety of benchmark environments that have been challenging for existing methods to obtain
good results. 4) We show LNSS can provide consistent performance improvement under various
reward noise settings, and for sparse rewards. Our results suggest that LNSS is a promising tool
for improving learning speed, learning performance score, and reducing learning variance. Further
investigation on how to maximize the benefit of selecting an optimal reward length N, and how to
take advantage of a different n in () value update are exciting questions to be addressed in future
work.
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