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ABSTRACT

Reinforcement learning (RL) experiments have notoriously high variance, and mi-
nor details can have disproportionately large effects on measured outcomes. This
is problematic for creating reproducible research and also serves as an obstacle
when applying RL to sensitive real-world applications. In this paper, we inves-
tigate causes for this perceived instability. To allow for an in-depth analysis, we
focus on a specifically popular setup with high variance — continuous control from
pixels with an actor-critic agent. In this setting, we demonstrate that poor outlier
runs which completely fail to learn are an important source of variance, but that
weight initialization and initial exploration are not at fault. We show that one
cause for these outliers is unstable network parametrization which leads to satu-
rating nonlinearities. We investigate several fixes to this issue and find that simply
normalizing penultimate features is surprisingly effective. For sparse tasks, we
also find that partially disabling clipped double Q-learning decreases variance. By
combining fixes we significantly decrease variances, lowering the average stan-
dard deviation across 21 tasks by a factor > 3 for a state-of-the-art agent. This
demonstrates that the perceived variance is not necessarily inherent to RL. In-
stead, it may be addressed via simple modifications and we argue that developing
low-variance agents is an important goal for the RL. community.

1 INTRODUCTION

With the advent of deep learning, reinforcement learning (RL) with function approximators has be-
come a promising strategy for learning complex behavior (Silver et al., 2017; [Mnih et al.| [2015).
While RL can work remarkably well, deep RL experiments have been observed to exhibit high vari-
ance (Chan et al.| [2020; [Clary et al., 2018}, [Lynnerup et al., 2020). Specifically, the rewards obtained
by RL agents commonly vary significantly depending on the random seeds used for training, even if
no other modifications are made. Furthermore, implementation level details (Engstrom et al., [2019)
and even hardware scheduling (Henderson et al.| 2018)) often have an outsized effect on performance.

High variance is problematic for creating reproducible RL research, and achieving statistically sig-
nificant results over large RL benchmarks is often prohibitively time-consuming (Colas et al., 2018;
Agarwal et all [2021). Furthermore, high variance provides an obstacle for real-world applica-
tions of RL, where safety and predictability can be critical (Garcia & Fernandez, 2015; [Srinivasan
et al., 2020). Especially relevant RL applications include medical testing (Bastani et al., |2021)),
autonomous vehicles (Bellemare et al., [2020) and communications infrastructure (Liu et al., [2020]).

In this paper, we investigate causes for high variance in RL. To limit the paper’s scope and compu-
tational footprint we focus on continuous control from pixels with a state-of-the-art (SOTA) actor-
critic algorithm (Lillicrap et al.l 2021} |Yarats et al., 2021b). This is a popular setup that exhibits
high variance, and where actor-critic algorithms often achieve SOTA results (Laskin et al.l |2020bjaj
Kostrikov et al., 2020). In this setting, we first show that an important cause of variance is outlier
runs that fail early and never recover. It is natural to hypothesize that the typical sources of ran-
domness, network initialization, and initial exploration, are to blame. However, we demonstrate that
these do in fact have little impact on the final performance. We similarly provide experiments that
suggest that neither poor feature representations nor excessive sensitivity of the environment is at
fault. We instead demonstrate that unstable network parametrization can drive the variance and lead
to excessively large activations that saturate action distributions. We propose several methods to
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avoid such issues and nd that they decrease variance. The most effective method is simply setting
penultimate features to unit norm — a strategy we patiultimate normalizatior which avoids
exploding activations by design. We also nd that partially disabling double clipped Q-learning
(Fujimoto et al.| 20188), a strategy we callymmetrically double clipped Q-learningduces vari-

ance for many sparse tasks. By combining multiple approaches we increase average rewards while
decreasing variance as measured of 21 tasks. The average standard deviation decreases by a factor
> 3and for some tasks by more than an order of magnitude. Our experiments suggest that high vari-
ance is not necessarily inherent to RL. Instead, one can directly optimize for lower variance without
hurting the average reward. We argue that developing such low-variance agents is an important goal
for the RL community — both for the sake of reproducible research and real-world deployment.

2 BACKGROUND

We consider continuous control modeled as a Markov decision process (MDP) with a continuous
action spaceA and state spacB. In practice, the action spack is often bounded to account

for physical limitations, e.g., how much force robotic joints can exert. A popular choice is simply
A = [ 1;1]%m(A)_ within this setting, Deep Deterministic Policy Gradients (DDPG) (Lillicrap

et all,[2021) is a performant algorithm that forms the backbone of many state-of-the-art agents
(Laskin et al.| 2020b;a; Kostrikov et dl., 2020; Yarats et al., 2021b). DDPG uses a neural network
(thecritic) to predict the Q-valu® (a:; st) for each state-action pair. The parametedd the critic

are trained by minimizing the soft Bellman residual:

E Q (ar;st) re+ E[Q(aﬁl 1St )] 1)

Here,r, is the reward an&[Q(at+1 ; St+1 )] is the Q-value estimated by thergetcritic — a network

whose weights can e.g. be the exponentially averaged weights of the critic. One can use multi-step
returns for the critic targel (Sutton, 1988). Another common trick is double clipped g-learning, i.e.
using two Q-network®)1; Q, and takingQ = min( Q1; Q) to decrease Q-value overestimation
(Fujimoto et al.; 2018). The policy is obtained viaaetor-network with parameters, which maps

each state; to a distribution (s;) over actions. The action is obtained by calcula@fg (s), the

vector output of the actor network. Thereaftdanh non-linearity is applied elementwise to ensure

a2 [ 1;1]" forn = dim(A). The policy is then obtained as:

a (s) = tanh( a”® (s)) + 2

is some additive noise which encourages exploration, e.g. a Gaussian variable with time-dependent
variance 2. Various noise types have been employed (Achiam, 2018; Lillicrap et al., 2021; Yarats
et al., 2021b). Since the Q-values correspond to the expected discounted rewards, theaactions
should maximizeQ (a ;s). Thus, to obtain a gradient update for the actor one uses the gradient
r Q (a;s), effectively calculating gradienthroughthe critic network. In control from pixels,
the states is typically an image (possibly data augmented) processed by a convolutional network.

2

3 BENCHMARKING VARIANCE

Experimental Setup. To limit the paper's scope and computational footprint, we focus on contin-
uous control from pixels with an actor-critic algorithm. This setup is relatively close to real-world
robotics, where reliable performance is important. We consider the standard continuous control
benchmark deepmind control (dm-control) (Tassa et al., 2020). Within dm-control, a long line of
state-of-the-art models relies on the actor-critic setup (Laskin et al., 2020b;a; Kostrikov et al., 2020).
We consider the recent data-augmentation based DDPG-type agent DRQv2 (Yarats et al., 2021b)
which provides state-of-the-art performance and runs fast. We use the default hyperparameters that
Yarats et al. (2021b) uses on theediumbenchmark (listed in Appendix A) throughout the paper.

We will refer to this agent as tHeselineagent. We are interested in using a large number of random
seeds to obtain accurate statistics and thus need to limit the number of environments we consider.
To select environments we simply rank the dm-control tasks based upon their relative variance as
measured by Yarats et al. (2021b). We select the ve tasks with the highest relative variance — nger
turn hard, walker walk, hopper hop, acrobot swingup, and reacher hard (see Table 4 in Appendix A
for details). In Section 4.2 we consider a larger set of tasks. We will refer to theseieenmentsr
tasksinterchangeably. For each run, we train the agent for one million frames, or equivalently 1,000
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episodes, and evaluate over ten episodes. We use 10 or 40 seeds for each method we consider, these
are not shared between experiments, but we reuse the runs for the baseline agent across gures.

3.1 VERIFYING VARIANCE

We rst aim to verify that the environments indeed exhibit high variance. To this end, we run the
baseline agent with 40 random seeds on each task. Figure 1 shows the result of this experiment for
three tasks, see Appendix A for the two other tasks. We show both individual runs as well as mean
and standard deviations. For some tasks, the variance is dominatedliey runsthat fail to learn

early in the training and never recover. E.g. for the walker task, we see several runs which have
not improved during the rst 500 episodes, and most of these do not improve in the following 500
episodes either. Except for these outliers, the variance of the walker task is relatively small. We also
note that these outliers separate themselves relatively early on, suggesting that there are some issues
in early training that cause variance. If it was possible to eliminate poor outlier runs, we would
expect the variance to go down. Motivated by these observations, and the walker task in particular,
we will investigate various potential causes of outlier runs and high variance.

3.2 DOES INITIALIZATION MATTER ?

There are multiple sources of randomness speci ¢ to the early training iterations. The agent net-
works are randomly initialized and the agent is given some initial experience, collected by random
actions, to start training on. Could these two initial factors be the cause of the high variance? To
study this hypothesis we measure the correlation between two runs that share the same network
initialization and initial experience, but otherwise have independent randomness (from e.g. the en-
vironment, action sampling, and mini-batch sampling). Across all tasks, we repeat this process for
ten combinations of initializations and initial experience, from each such combination we start two
runsA; B which do not share other sources of randomness. For each time-step we measure the Pear-
son correlation betweestore(A) andscore(B). This correlation, averaged across all timesteps, is
shown in Figure 2 (left). We see that the correlation is very small, suggesting that the initialization
and initial experience does not have a large effect on the outcome. Speci cally, the hypothesis that
there are good and bad initializations that leads to good or bad performance is inconsistent with the
results of Figure 2 (left). Correlation across time is noisy but centers around zero, see Appendix A.

Figure 1: Learning curves over 40 seeds for the baseline agent. The upper row shows the mean
reward, with one standard deviation indicated by shading. The bottom row shows individual runs.
For some tasks, the variance is dominated by a few outlier runs that completely fail to learn. This is
especially clear in the walker task. Removing such outlier runs would decrease the variance.
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Figure 2: Left) Correlation between runs that share network initialization and starting experience,
but otherwise have independent other sources of randomness (e.g. from mini-batch sampling).
Across all tasks, the correlation is small. This suggests that initialization and starting experience
have limited effect on the outcome®i@ht) The average reward for the walker task when interpo-
lating between a learned policy (random action probability = 0) and random policy (random action
probability = 1). The rewards obtained decrease gracefully as we adopt a more random policy. This
suggests that the environment is relatively forgiving with respect to actions.

3.3 ARE THEENVIRONMENTS TOO SENSITIVE?

Another cause of variance is the environments. Perhaps the environments require very specic
policies to yield rewards, and unless the agent stumbles upon a good policy early on, learning fails.
To study the sensitivity of the environments we consider gradually exchanging a good learned policy
with a random policy. Speci cally, at every timestepwith probabilityp, we exchange the policy's
action with a random action. We use the nal policy of a performant run with the baseline agent
as the learned policy. The effect of this, for ten nal policies learned for the walker environment,
is shown in Figure 2 (right). Performance degrades gracefully as we gradually move to a random
policy. This suggests that the environment is relatively stable with regard to actions. Results for other
environments are similar and are shown in Appendix A. Furthermore, in Appendix E we verify that
the variance arising from evaluating the agent on a nite number of episodes is small compared to
the inter-run variance. Thus, environment sensitivity and evaluation methodology do not appear to
explain the excessive variance.

3.4 IS FEATURE LEARNING TO BLAME?

In the early stages of training, the image encoder will extract poor features. Without good represen-
tations, it is hard to learn a good policy, and without a policy generating interesting behavior it is
hard to learn good representations. If such a vicious cycle was causing runs to fail, jump-starting
the encoder to extract good features should help to decrease the variance. To test this hypothesis,
we consider initializing the weights of the convolutional encoder to some good pretrained values
before training as normal. For each task, we pick a run with above-average nal performance and
use its convolutional weights at episode 500. We refer to this strategy as pretrain. We also consider
the same strategy but decrease the learning rate of the pre-trained weights by a factor of 10x. We
refer to this strategy as pretrain + small Ir. In addition to this X, we also consider improving the
features with self-supervised learning during early training (Jing & Tian, 2020). We use the loss
function proposed in Grill et al. (2020) which is useful for smaller batch sizes (we use 256) and
has already successfully been applied in RL (Schwarzer et al., 2021). We use standard methods in
self-supervised learning: a target network with exponentially moving weights aeddnetwork.

See Appendix A for details. We consider adding the self-supervised loss to the rst 10,000 and
20,000 steps and refer to these modi cations as self-supervised 10k and self-supervised 20k. The
results for this experiment are shown in Table 1. For these xes, the large variance persists even
though the performance improves marginally with self-supervised learning. We thus hypothesize
that representation learning is not the main bottleneck. Indeed, experiments in later sections of the
paper show that one can signi cantly decrease variance without improving representation learning.
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Table 1: Performance when using self-supervised learning or pretrained weights for the concolu-
tional encoder. Improvements are small and variance remain high. This suggests that poor features
might not cause the high variance. Indeed, Table 2 shows that performance can be improved signif-
icantly without better representation learning. Metrics are calculated over 10 seeds.

metric method acrobot ngerturn hopperhop reacher walker avg.

baseline 122.0 278.6 176.2 678.0 769.1 404.8
self-supervised 10k 141.4 456.2 176.5 671.6 677.1 4246
self-supervised 20k  159.4 325.3 209.5 659.6 773.825.5
pretrain 160.0 303.7 153.3 620.8 581.4  363.8
pretrain + small Ir ~ 157.3 358.8 124.8 679.0 674.2 398.8
baseline 76.0 221.2 90.3 167.3 350.1 181.0
self-supervised 10k  68.4 276.1 104.6 222.4 4259 2195
self-supervised 20k  67.7 191.9 71.6 164.8 374.474.1
pretrain 39.8 146.7 86.8 168.7 429.1 174.2
pretrain + small Ir ~ 71.8 204.6 102.7 165.4 3935 187.6

3.5 SrABILITY OF NETWORK PARAMETRIZATION

We have considered the effects of initialization, feature learning, and environment sensitivity and
found that none of these factors satisfactorily explain the observed variance. Another factor to
consider is the stability of the network parametrization. Unstable parametrization could make the
learning process chaotic and thus cause high variance. To study this hypothesis we investigate the
failure modes of individual runs. In Figure 3 we consider some runs that fail as well as some
successful runs for the walker task. Plots for all runs are available in Appendix A. We plot three
guantities during training: rewards, actor gradient n&rmk, and average absolute value of actions

jaj. All agents initially have poor rewards, but once the rewards start to improve, they improve
steadily. During this initial period of no or little learning, the gradients of the actor-network (row
two in Figure 3) are small. Recall that the actor is optimized via gradiant®Q (s;a (s)) =

Figure 3: Each row shows a different quantity during training for the baseline agent. Row 1 shows
rewards, row 2 shows actor gradient nokm "k, and row 3 shows average absolute acfian

Each column corresponds to an independent run of the walker task: run 1 is successful, runs 2
and 3 eventually learn, while run 4 fails to learn. Before learning starts, all runs suffer from small
gradients. During this period, the average absolute value of actions is close to 1. This causes small
gradients since the gradienttainh(x) is small wherj tanh(x)j 1.
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P
i @—Q_%. If this gradient is close to zero, we might suspect t%t 0. This could easily

happe'n if thetanh non-linearity in equation 2 is saturated. In row three of Figure 3 we show the
average absolute value of the actions, which are all bound to lje In1]. We indeed see that

for the runs that fail the average absolute action stays around 1 throughout training, which implies
that the gradients for the actor are small sipnh(x)j 1 implies %tanh(x) 0. The cause

of saturating tanh must be excessively large activations,a . (s) in equation 2 becoming too

large, which saturates the tanh non-linearity. In fact, all runs seem to initially suffer from saturating
tanh, but most runs escape from this poor policy. Somewhat similarly, Wang et al. (2020) has
observed that saturating nonlinearities can impede exploration when removing the entropy bonus
from SAC agents. However, for the DDPG agent saturation does not harm exploration since the
exploration noise is added outside the non-linearity as per eq. (2). Instead, the issue here appears
to be vanishing gradients which impedes learning. The Q-values could of course also suffer from
exploding activations, but since there are no saturating nonlinearities for the Q-values, such issues
are harder to pinpoint. These experiments suggest that avoiding excessively large activations could
reduce the number of poor outlier runs, and thus decrease variance.

4 IMPROVING STABILITY

Motivated by our qualitative observations we now consider a few ideas for improving the stability
of learning, hoping that these will decrease the variance. We consider several methods:

Normalizing activations. As per eq. (2), the actor selects actions usifi§ (s), wherea®® (s) is a

deep neural network. Figure 3 shows that learning can fail due to excessively large activations. To
avoid this we propose to parametra®® (s) as a linear function of features with a xed magnitude.
Specically, let (s) be the penultimate features of the actor-network. We propose to simply nor-
malize "(s)= (s)=k (s)k and letaP® be a linear function of ", i.e.a”®(s) = L "(s) for

a linear functionL. Note that no mean subtraction is performed. We refer to this straightforward
modi cation aspenultimate normalizatioor pnormfor short. When applied to the actor, we simply

call the strategyactor pnorm Our motivation has been to stabilize the actor output, but the critic
network could also bene t from the stability offered by normalizing penultimate features. We refer
to the strategy of normalizing both the actor and the critibath pnorm We also considelayer

norm (Ba et al., 2016) applied similarly to both the actor and critic. We also consider the normal-
ization scheme of Wang et al. (2020), which directly constrains the output of the actor. We refer to
this method asutput norm At last, following Gogianu et al. (2021), we consider addapgctral
normalization (Miyato et al., 2018) to the penultimate layer.

Penalizing saturating actions.Another strategy for avoiding actions with
large magnitude is to add a term to the loss function which directly penal-
izes large actions. One can imagine many such loss functions, we here con-
sider the simple and natural choice of squared 1¢sss) = ka"® (s)k2.

We can simply add the square loss times some hyperparametethe

loss function. By tuning , one should be able to remove the saturating
actions illustrated in Figure 3. We heuristically nd that= 0:000001
works well in practice (see Appendix A) and use this value. We refer to
this modi cation aspenalty Since the Adam optimizer is invariant under
re-scaling the loss, the speci ¢ value ofhas a small effect as long as

r Q (s;a (s)) 0, which happen as per Figure 3.

Learning rate warmup. One common strategy to improve stability is
to start the learning rate at zero and increase it linearly to its top value
during early training (Goyal et al., 2017). This can improve numerical
stability (Ma & Yarats, 2021). We consider using this strategy and linearly
increasing the learning rate from zero over the rst 10,000 steps. We refer
to this strategy ak warmup.

Small weights nal layer. Following Andrychowicz et al. (2020), we con-
sider using smaller weights for the nal layers of the actor and the critic.
Speci cally, we downscale these weights by a factor of 100 at initializati

Blgure 4: A
time. We refer to this strategy asale down igure 4: Average Q-

value during training.
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Table 2: Performance for various stability improvements. These methods often decrease variance,
especially for the walker task where variance decreases by orders of magnitude. Larger stability
often leads to higher reward, likely as poor outlier runs are eliminated. Normalizing features gives
consistent improvements. Metrics are calculated over 10 seeds.

metric method acrobot ngerturn hopperhop reacher walker avg.
baseline 122.0 278.6 176.2 678.0 769.1 404.8
penalty 128.0 431.6 241.7 584.6 956.3 468.4
actor pnorm  117.8 372.7 240.5 701.7 956.7 477.9
both pnorm  192.2 605.8 188.7 892.7 961.5568.2
layer norm  43.5 661.2 218.6 659.7 952.4 507.1
Ir warmup 150.3 265.4 173.7 660.9 6704 384.1
grad clip 1 138.2 214.0 206.0 520.0 675.6 350.7
gradclip 10 79.3 166.2 157.7 548.4 678.7 326.0
spectral 104.0 101.0 201.0 213.6 775.6 279.1
scale down 127.2 258.4 111.7 508.7 386.4 2785
outputnorm  13.3 306.3 216.9 699.4 952.1 437.6
baseline 76.0 221.2 90.3 167.3 350.1 181.0
penalty 42.1 160.6 46.5 236.8 154 100.3
actor pnorm  39.9 227.9 42.7 101.9 8.0 84.1
both pnorm  60.1 193.4 78.4 122.5 7.0 92.3
layer norm 57.2 2284 112.5 297.1 13.5 141.7
Ir warmup 53.8 133.6 98.2 133.4 423.4 168.5
gradclip 1 60.6 127.1 92.4 231.9 425.3 187.5
gradclip 10 56.1 143.9 113.6 243.2 426.3 196.6
spectral 37.0 61.4 75.0 224.8 128.0 105.2
scaledown  27.8 186.9 96.6 241.3 4440 199.3
ourputnorm 16.6 190.4 214 180.4 17.2 85.2

Gradient clipping. Another stabilizing strategy is gradient clipping (Zhang et al., 2020). To avoid
occasional exploding gradients, one simply clips the norm of gradients that are above some thresh-
old. This strategy is popular in NLP (Gehring et al., 2017; Peters et al., 2018) and is sometimes
used in RL (Raf n et al., 2019). We consider clipping the gradient when the norm, calculated inde-
pendently for the actor, critic, and convolutional encoder, is larger than 1 or 10. We refer to these
strategies agrad clip Landgrad clip 1Q

Results. In Table 2 we evaluate the effects of these ideas. Penultimate normalization has the best
performance and lowest variability on average, whereas layer norm can make performance worse.
Since normalizing the critic improves performance, the critic might also suffer from instabilities.
This instability can be observed by simply plotting the average Q-values during training for various
agents, see Figure 4. We study this question in detail in Appendix C. The penalty method improves
the performance while many other methods decrease average reward, and lowering variance by using
a poor policy is not hard to achieve and not particularly desirable. The output normalization method
of Wang et al. (2020) performs worse than actor normalization, and importantly fails completely
on the acrobot task. We hypothesize that directly constraining the output space is harmful on the
acrobot task. These experiments show that it is possible to signi cantly decrease the variance of
the baseline agent by applying stabilization methods. Additionally, decreasing the variance often
increases the average reward — likely as bad outlier runs are eliminated.

4.1 COMBINING FIXES

We have found that many of the proposed methods can decrease variance and improve average
reward. For optimal performance, we now consider combining three orthogonal methods which
improve performance individually — actor and critic penultimate normalization, pre-tanh penalty,
and self-supervised learning (we apply it to the rst 10,000 steps). In Table 3 we compare the
performance between the baseline and an agent using these three modi cations (which we refer
to ascombined over 40 seeds. We see that the variances go down while the average score goes
up. In fact, for the walker task, the variance decreases by orders of magnitude. Eliminating poor
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Table 3: Performance when combining three improvements: penultimate normalization, action
penalty and early self-supervised learning. The variance decreases and the performance improves
across all tasks. This demonstrates that one can substantially decrease variance in RL without hurt-
ing average reward. Metrics are calculated over 40 seeds.

metric method acrobot ngerturn hopperhop reacher walker avg.

baseline 122.0 278.6 176.2 678.0 769.1 404.8
combined 227.7 653.5 231.1 893.4 964.2594.0
baseline 76.0 221.2 90.3 167.3 350.1 181.0
combined 59.0 183.1 40.8 120.0 6.2 81.8

outlier runs seems to bene t the average performance in addition to decreasing variance. While our
methods have mostly been motivated by outlier runs that fail catastrophically, they likely help more
normal runs too. Learning curves for the combined agent are given in Appendix A. In Appendix D,
we verify that our xes enable the agent to learn successfully with a larger learning rate.

4.2 ADDITIONAL TASKS

We now apply the combined agent of Table 3 to additional tasks. Speci cally, we consider all 21
tasks identi ed as easy or medium by Yarats et al. (2021b). Note that the combined agent has been
constructed using only 5 of these tasks, so this experiment measures generalization. For computa-
tional reasons, the additional 16 tasks only use 10 seeds each. We use the baseline hyperparameters
across all tasks without tuning (Yarats et al. (2021b) tunes parameters on a per-task basis). Results
are shown in Figure 5. Our methods consistently improve the average reward while the average
standard deviation decreases by a facto?. Furthermore, a few additional tasks ( nger spin,
hopper stand, walker run, walker stand) have their variance decreased by an order of magnitude or
more. The tasks cheetah run and quadruped walk perform worse than the baseline, although this
could potentially be alleviated by tuning hyperparameters. Just increasing the learning rate on these
tasks improve performance, see Figure 13 in Appendix A. These results demonstrate that our mod-
i cations signi cantly decrease variance and that directly optimizing variance can be feasible and
fruitful. Performance pro les (Agarwal et al., 2021) are available in Figure 16 of Appendix A.

Figure 5: Performance for 21 task3of) Average reward per task. The combined agents improve
the average reward, and most tasks bene t from our modi catioottom) Standard deviation

of reward, broken up by task. The combined agents have less variability, and for a few tasks the
variance decreases by orders of magnitude. Except for measurements in Table 3, we use 10 seeds.

8
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Figure 6: The average absolute value of the actions for the combined agent. We show four repre-
sentative runs of walker task. Compared to the baseline algorithm in Higure 3, the actions do not
saturate early in training despite increasing rapidly, indicating improved stability.

4.3 SPARSETASKS

Consider the ve tasks in Figufg 5 where the combined agent has the highest standard deviation.
Four out of these have sparse rewards — nger turn hard, reacher hard, pendulum swingup, and
cartpole swingup sparse. Once stability has been addressed, sparsity is a major driver of residual
variance. Motivated by this, we consider three xes that could help for sparse tasks. Firstly, not train-
ing until at least one non-zero reward has been observed. Secondly, extending the self-supervised
training throughout the whole training process. Thirdly, exchanging the clipped double Q-learning
Q = min( Q1; Q2) (Fujimoto et al.} 2018) with) = avg(Qi; Q2), to decrease pessimistic bias.
Through ablations (see Appendlix B), we nd that doing this for the critic loss [@q. (1)) but retaining
the clippingQ = min( Q1; Q) for the actor loss performs the best. We dub this strategym-
metrically clipped doubl®-learning. In Appendik B we present an ablation study over these three
modi cations, nding that using more self-supervised learning and asymmetrically clipped double
Q-learning improves performance. We add these two modi cations to our combined agent, which
we now call combined++. In Figufé 5 we show the performance of this agent (seeds are independent
from experiments in Appendjx|B). Performance improves, especially for sparse tasks, and compared
to the baseline agent the average standard deviation decreases by a factor

5 EPILOGUE

Related Work. There are multiple papers documenting the high variance of RL (Hendersoh et al.,
2018), focusing on implementation details (Engstrom ét al.,2019), continuous control (Mariia et al.,
2018), Atari games (Clary et al., 2018) and real-world robots (Lynnerup et al., 2020). Given this
high variance, there is ample work on how to accurately measure performance in RL (Colas et al.,
2019; Chan et al., 2020; Jordan et al., 2020; Agarwal et al., 2021; Islam et al., 2017). Our strategy
of simply reducing the variance of RL algorithms is complementary to developing robust metrics.
Within Q-learning, there is a large amount of work aiming to improve and stabilize Q-estimates
(Fujimoto et al., 2018; Nikishin et al., 2018; Anschel et al., 2017; Jia et al., 2020; Chen et al., 2018).
These apply to the discrete DQN setting, distinct from continuous control. There is also work on
stabilizing RL for speci ¢ architectures (Parisotto et al., 2020) and task types (Kumar et al., 2019;
Mao et al., 2019). Normalization in RL have been investigated by Salimans & Kingma (2016);
Bjorck et al. (2021b); Gogianu et al. (2021), and Wang et al. (2020). Wang et al. (2020) directly
normalizes the output of the actor, which e.g. for a one-dimensional task shrinks the action space to
[tanh( 1);tanh(1)] (modulo noise). As per Table 2, this method underperforms our methods.

Limitations. We have only considered a single SOTA agent (DRQv2 of (Yarats et al., 2021b))
on one popular suite of tasks. Furthermore, we focus on an agent with tanh nonlinearities for the
policy. While this is an important agent class, other important agent types (Hafner et al., 2021) and
environments (Bellemare et al., 2013) remain. We showitligpossibleto decrease variance with
simple modi cations, although which methods are effective likely depends upon the base algorithm.
While many of our xes can potentially be added to other agents, it remains to be experimentally
tested if doing so improves performance. We leave this question for future work. While our xes
typically are only a few lines of code, they nonetheless increase the agent complexity.

Conclusion. We have investigated variance in a popular continuous control setup and proposed
several methods to decrease it. We demonstrate across 21 tasks that these dramatically decrease
variance while improving average rewards for a state-of-the-art agent. Our experiments show that
directly optimizing for lower variance can be both feasible and fruitful.
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Ethics Statement. There are many positive RL applications — examples include safe autonomous
cars, accelerated scienti ¢ discovery, and medical testing. Studying causes of high variance, and
proposing xes to this issue, can bene t real-world adoption of RL techniques. Additionally, re-
ducing the variance of RL experiments would aid the research community as reproducibility can be
problematic in the eld. However, there are also many potentially harmful military applications. Our
study is academic in nature and only considers simulated toy environments, but insights from our
work could nonetheless be useful in harmful applications. We do not believe that our work differs
from other RL work signi cantly concerning ethics.

Reproducability Statement. In Appendix A we detail the infrastructure and software used. The
perhaps most important component of generating reproducible ndings in RL is to use many seeds.
To this end, we have focused on ve environments but evaluated these thoroughly. The main exper-
iments of the paper (Table 3) use 40 seeds whereas all others use 10 seeds.
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A APPENDIX

Tuning . For tuning the hyperparameters we search over the set
fle 1;1e 2;1e 3;1e 4;1le 5;1e 6g. For each value, we run the hopper task for a short
amount of time with ve different seeds. We found that too largeenalized actions too much, and
that even very small values likee 6 suf ced to give improvement.

Details on self-supervised Learning.We extract features from the convolutional network and the

rst feedforward layer of the critic, which projects the feature map to 50-dimensions. Feature vectors
are normalized to unit norm before being fed into the self-supervised loss (Bachman et al., 2019).
We use exponentially moving weights for the target network (He et al., 2020), using the same decay
parameters as for the target critic. We ugeadfor the online network which is simply a two-layer

MLP with hidden dimension 512 and nal dimension 50 (Chen et al., 2020). The two augmentations
we consider are simply two adjacent frames with augmentations that the DDPG agent of Yarats et al.
(2021b) considers naturally. We use the square loss as proposed in Grill et al. (2020), which has been
shown to be useful in smaller batch sizes. The self-supervised loss is then simply added to the normal
loss function for the critic.

Infrastructure. We run our experiments on Nvidia Tesla V100 GPUs and Intel Xeon CPUs. The
GPUs use CUDA 11.1 and CUDNN 8.0.0.5. We use PyTorch 1.9.0 and python 3.8.10. Our experi-
ments are based upon the open-source DRQV2 implementation of Yarats et al. (2021b).

Table 4: Variance across tasks as reported by Yarats et al. (2021b). Mean reward and task variance
often increase in tandem — to avoid bias towards easy tasks with high mean and thus high variance,
we rank tasks based upon relative variaree. We use the ve tasks with the highest relative
variance, removing one duplicate: nger turn easy/hard. Used tasks are highlighted. Scores are
measured just before 1 million frames (i.e. frame 980000) since not all runs have scores at the 1
million mark. All numbers are rounded to two decimal digits.

task =

nger turn hard 0.74 268.90 198.36
walker walk 0.48 769.66 371.48
hopper hop 0.36 221.13 80.63
nger turn easy 0.31 558.52 174.19
acrobot swingup 0.31 177.65 54.77
reacher hard 0.22 628.29 13557
walker run 0.20 538.59 110.02
cup catch 0.13 909.95 118.06
nger spin 0.12 860.30 104.18
quadruped run 0.12 446.49 53.51
quadruped walk 0.12 73252 87.19
cartpole balance sparse  0.12 962.30 113.10
reach duplo 0.08 202.51 16.99
cartpole swingup sparse  0.08 760.11 60.11
cheetah run 0.07 710.24 52.43
reacher easy 0.05 931.54 50.86
pendulum swingup 0.04 838.49 36.38
hopper stand 0.02 917.85 20.45
cartpole swingup 0.02 864.68 15.47
walker stand 0.01 980.72 5.21
cartpole balance 0.01 993.45 5.00
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Figure 7: Learning curves for the two tasks not shown in Figure 1. The upper row shows the mean
reward with one standard deviation indicated by shading. The bottom row show learning curves for
individual runs. Although the signal is noisy, several outlier runs fail to learn.

Table 5: Hyperparameters used throughout the paper. These follow Yarats et al. (2021b) for the
mediumtasks.

parameter value
learning rate le 4
soft-update le 2
update frequency 2
stddev. schedule linear(1.0, 0.1, 500000)
stddev. clip 0:3
action repeat 2
seed frames 4e3
batch size 256
n-step returns 3
discount 0:99
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Figure 8: Rewards obtained when gradually replacing a learned policy with a random policy. At
every time-steft, the action suggested by the learned policy is replaced with a random action with
probability p. We start from a nal policy learned by the baseline algorithm and average over
ten such policies. Across all tasks, the rewards decrease gracefully with a more random policy,
suggesting that the environments are relatively robust to perturbed policies.

Figure 9: Correlation between the evaluation scores of two runs that share network initialization and
seed experience, but otherwise have different randomness. Correlation is calculated across ten runs
and plotted against time. The correlation is noisy for many environments but oscillates around zero,
suggesting that there is little actual correlation and that network initialization and seed experience
have a small effect on performance.
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Figure 10: Four quantities shown during training for the combined agent. We show reward, norm of
actor gradienkr "k, norm of actor weighkwk and average absolute actif@). The actions never
saturate and learning starts quickly. Compare with Figure 3, which shows the same quantities for

the baseline algorithm.
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Figure 11: Learning curves when using the combined agent. We show mean reward with one stan-
dard deviation indicated by shading and learning curves for individual runs.
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Figure 12: Rewards obtained during training for the runs illustrated in Figure 3. Note that the
rewards are nonzero from the start of training. This implies that the agent observes rewards and can
train on these. Thus, lack of rewards is not the cause of poor performance.

Figure 13: The performance of the combined agents on two tasks when increasing the learning rate
by a factor of 10. Performance improves markedly on these tasks. This highlights how hyperparam-
eter tuning could further improve the results of Figure 5.

Figure 14: We repeat Figure 6 for all 10 seeds of the both pnorm agent of Table 2. Note that the
action distribution does not saturate.
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