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Abstract

Modern reinforcement learning (RL) algorithms often rely on estimating the value
of state-action pairs for a given policy, typically using neural networks to model
this value. However, this estimation is hindered by intrinsic policy non-stationarity
during training. This leads to increasing errors as the model ability to adapt to
new policies degrades over time. To address this issue, we introduce EVarEst, a
novel objective function that enhances the standard mean squared error (MSE)
by incorporating a weighted penalty on the variance of residual errors. Unlike
traditional penalties, this variance term reweights the bias-variance decomposition
of the MSE without adding extra terms. EVarEst encourages the value network
to generalize better across successive policies by promoting consistent prediction
errors across a broader range of states and actions. EVarEst can be used in place of
the value network objective in any RL algorithm with minimal modification to the
algorithm and source code. Empirically we show that the traditional MSE objective
is generally under-performing when compared to some version of EVarEst in terms
of policy performance, illustrating the benefits of the flexibility offered by EVarEst.
Additionally, we offer insights into how this new objective enhances performance,
specifically by improving adaptability to policy non-stationarity.

1 Introduction

Value is a key notion in Markov decision problems (MDP), and in particular reinforcement learning
(RL). Informally, the value of a state V' (s) tells how good, or bad, it is to be in a certain state s to
solve an MDP. Likewise, the value (or quality) Q(s, a) of a state-action pair (s, a) tells how good, or
bad, it is to perform action a in state s to solve an MDP.

Value Estimation in RL. As the knowledge of the optimal value function is enough to derive the
optimal policy (Bertsekas and Tsitsiklis|[1996]), it is clear why most RL algorithms aim at estimating
value functions in a way or another. With full knowledge of the MDP and assuming the set of states
and actions are not too large, this optimal value can be computed through value iteration [Bellman,
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1958]]. Without this full knowledge, in simple environments where the number of state and actions is
finite and reasonably low, it is still possible to compute the optimal policy by relying on experience
collected by interacting with the environment (e.g. Q-Learning [Watkins and Dayan, |1992]).

In more complex tasks, where the number of states and actions is too large or infinite, we resort
to approximating the value functions using a function approximator (usually a neural network).
Although technically RL can be done entirely without a value estimator (e.g. REINFORCE [Williams),
1992])), it is highly impractical and inefficient. Modern RL algorithms incorporate some form of
value estimation, may it be (1) directly estimating the value function to derive a policy (e.g. Deep-Q-
Networks (DQN) Mnih et al.[[2013]]), or (2) combining it with policy gradient methods [Sutton et al.,
1999] in the actor-critic setting (e.g. Proximal Policy Optimization (PPO)|Schulman et al.|[2017b],
Soft Actor-Critic (SAC) Haarnoja et al.|[2018] amongst the most popular).

Neural networks are trained to represent value functions using the Fitted-Q Iteration (FQI, |[Ernst et al.
[2005]]) scheme. FQI turns value estimation into a sequence of regression problems where the goal is
to minimize the temporal difference error (TD error). However this sequential supervised learning
setting is cursed by non-stationarity: as the agent learns, the policy evolves, which implies a shift in
data (states and actions encountered by the agent) and the values to predict.

Consequences of the policy non-stationarity. This non-stationarity introduces the need for the
neural network to adapt to new sample distributions along time. In practice, value networks lack
robustness to this perturbation (Lyle et al.[[2022], Kumar et al.| [2021]], Nikishin et al.[[2022]],|Dohare
et al[[2024]]), they may fit the earlier examples correctly but fail to correctly predict newer ones. Since
value prediction is such a core component of Deep RL, improving the robustness to this intrinsic
non-stationarity would benefit a wide range of algorithms.

Bias-variance weighting in RL as an answer to the problem of non-stationarity. In this work, we
design a value prediction objective better suited to mitigate the aforementioned incapacity to adapt to
new policies. The traditional MSE can be expressed as a combination of a bias and a variance [Geman
et al., [1992]. In this decomposition, we propose to weigh the two terms with a hyperparameter
a. The resulting objective is no longer the MSE but a quantity that boils down to mean squared
error (MSE) for a certain value of o (& = 1/2). We name this objective EVarEst. The idea is that
in some situations, it is more sensitive to emphasize the variance than the bias. In particular, the
non-stationarity situation in which RL algorithms learn is such a situation. This results in a better
ability of the neural network to adapt to successive updates of the policy. In Section 4.1 we motivate
this weighting between the variance and bias terms. More specifically in Section[5] we provide
intuitions and experimental results about the superiority of putting more weight on the variance of
the residual errors than on the bias. This can also be seen as a penalization of the MSE as explained
in Section[4.2] In Section[5] we compare this new objective to two baseline objectives, (1) the MSE
and (2) AVEC [Flet-Berliac et al.,|2021]. AVEC is an objective designed with similar motivations
that only considers the variance of residual errors and removes the bias. AVEC has shown promising
performances on MuJoCo [Flet-Berliac et al.,2021]] and soft-robotics [Schegg et al.|[2023]. MSE and
AVEC can be seen as extreme-cases of EVarEst.

Contributions. In this paper, we make the following set of contributions:

e We motivate and introduce EVarEst, a new objective function allowing the control of the relative
weight of bias and residual-error-variance using a hyperparameter o, that (1) requires minimal modi-
fications in the code and (2) is compatible with any algorithm using a variation of the MSE as its
objective function for value estimation: EVarEst only requires changing the value network objective
function, and does not use any new term.

e We provide experimental results on the MuJoCo and AdroitHand continuous control benchmark,
testing a wide variety of a values for EVarEst coupled to SAC and PPO. We experimentally demon-
strate that EVarEst with the proper « value coupled to SAC leads to significant improvements over
using the standard MSE value objective or AVEC.

Before delving into EVarEst, we present the related work and introduce the necessary background in
the next 2 sections.



2 Related works

In reinforcement learning, value estimation is a form of non-stationary online regression [Raj et al.|
2020]]. Here, the non-stationarity arises from the evolution of the policy 7 during training, which
alters the data distribution: the inputs are (s, a) ~ 7 and the targets are Q™ (s, a). As the evolution of
the policy is an inherent aspect of RL, and its evaluation is central to solving an RL problem, various
works have examined the implications of this non-stationarity and ways to mitigate its effects.

Understanding and mitigating policy non-stationarity consequences. A subset of studies focuses
on understanding how policy non-stationarity impacts value estimation. The prevailing consensus is
that this transient non-stationarity [Igl et al.l 2021]] (due to the policy expected convergence) leads to
over-emphasize the early policies encountered during training, resulting in an increasing prediction
error as training progresses. This phenomenon is described using different terms that highlight differ-
ent aspects of the issue: (1) primacy bias [Nikishin et al.,2022] which underscores the importance of
early policies in the performance of the value estimator, (2) capacity loss [Lyle et al.,[2022]] which
refers to the diminishing ability of the network to accommodate new examples during training with
significant effects in sparse reward environments, and (3) implicit sub-parameterization [Kumar et al.|
2021]], which points out that training a value estimator on non-stationary data sequentially leads to
higher error rates compared to training it on the entire dataset at once. Consequently, the same data
requires more complex estimators to achieve the same performance when subjected to sequential
non-stationarity. Each of these perspectives proposes solutions centered on preserving the model
initial capacity to learn from samples: (1) through periodic resetting of parts of the agent, (2) by
incentivizing the model to align its predictions with its initial ones, and (3) by introducing a feature
rank penalty in the objective function.

Exogenous vs. Endogenous non-stationarity. It is important to distinguish between what we
call “endogenous” non-stationarity, and what we call “exogenous” non-stationarity. Endogenous
non-stationarity originates from within the RL process itself due to the non-stationarity in policy.
Exogenous non-stationarity comes from the environment non-stationarity, which can come from
non-stationary dynamics[Pourshamsaei and Nobakhtil, 2024]], or from continual learning (CL) [Wang
et al.| [2024]] where the goal is to solve a sequence of different tasks using a single estimator. In
RL, both endogenous and exogenous non-stationarity can occur simultaneously, particularly in the
context of generalization, where the objective is to train an agent to solve multiple tasks. While
aspects of non-stationarity in RL and continual learning have been studied [Dohare et al.| |2024], the
causes and solutions differ. A key challenge in the continual learning setting is catastrophic forgetting
(McCloskey and Cohen|[1989], |Atkinson et al.| [2021]]), where model performance on previously
learned tasks deteriorates when new tasks are introduced. This issue does not arise in the endogenous
RL setting as we only have a single tasks. While we do have multiple policies, the value network does
not need to retain prediction performance on past policies but must maximize prediction performance
on the current policy while remaining adaptable for future policies.

This paper focuses exclusively on endogenous non-stationarity.

Reducing policy non-stationarity. Finally, rather than attempting to mitigate the effects of policy
non-stationarity, some studies explore ways to reduce its impact by removing it to some extent.
Notable examples include TRPO [Schulman et al., [2017a] and PPO [Schulman et al., 2017b|
which limit the difference between successive policies using the Kullback-Leibler-divergence (KL
divergence). TRPO does this explicitly, while PPO applies a similar constraint implicitly. Both
approaches enable smoother policy evolution and reduce the amount of non-stationarity during
training.

Similar methods. EVarEst is a penalization of the MSE using a data-dependent penalization term
(instead of a term dependent on the model itself like in regularization). It is also equivalent to a
reweighting of the bias and variance of residual errors terms of the MSE decomposition. Similar
methods have already been explored in supervised classification, like reweighting the asymmetry in
ROC [Bach et al.| [2006], or composite losses [Reid and Williamson, [2009].

However in regression this is a less frequent method. After identifying the penalization formulation
of EVarEst, only Sample Variance Penalization (SVP) [Maurer and Pontil, 2009] comes close to ours.
SVP penalizes using the square-root of the variance of the squared residual errors.



Although this method is similar to our proposed solution, there are some noteworthy differences:
(1) SVP is aimed at improving generalization and not mitigating non-stationarity related issues. (2)
The use of the squared residual errors instead of the residual errors makes underestimation and

overestimation indistinguishable, e.g. if f: f £ 1 the SVP penalization is 0 while this error remain
penalized in EVarEst. For these reasons, although SVP is well studied and comes with theoretical
guarantees, we still think EVarEst is better suited for the RL setting.

3 Background and notations

3.1 Reinforcement Learning

Reinforcement Learning consists in solving a Markov Decision Problem. In this work we consider
infinite-horizon MDPs. The state space S C Rs@edimension j5 continuous and s denotes a state.
Likewise, the action space A C [Raction dimension j¢ continuous and a denotes an action. ¢ € N denotes
the times of decision making. The transition function is denoted P(s;11|ss,a:) : S x A — [0,1]
(with a slight abuse of notation as we denote probabilities as a function, as in [Sutton and Barto
(2020, (3.4) Chapter 3.1 p 49]) and the reward function R(s¢, at, St41) : S X A X S = R. mg(als) :
S x RI?) — P(A) denotes a stochastic policy parameterized by 6 (7 (als) = 7(als,8)). The
agent interacts with the environment by sampling actions a; ~ mg(.|s;), and observing rewards
ry = R(st, at, s¢11) and new states sy11 ~ P(.|s¢, a;). The objective is to find the parameters 6* of
a policy e+ that maximizes the sum of discounted returns J(7g) = E,r, [> oo ¥ Te41], where
v € [0,1) is the discount factor. Throughout this paper E,...[X] denotes the expectation of X under
samples from trajectory 7 generated by policy 7 in the current MDP. This means that a, s¢, and r; are
those visited along a trajectory sampled from the environment using 7y through repeated sampling of
ai ~ 7o (.|st), s41 ~ P(.|ag, s¢) and ry = R(s¢, ar, s¢41), Vt € NT. We denote the value of a state
s for a policy 7 as V7 (s) £ K,y [Z;O:O Yoriiprlse = s] and the value of an action a in state s

for a policy m as Q" (s,a) = Err [Ypo ViTttht1]se = s, a0 = al.

3.2 Value estimation in Deep Reinforcement Learning

DQN or an actor-critic algorithm represents the value function Q™ : S x A — R (or V™) under
policy 7 using the value network f,. This is done by training the network to minimize an objective
function J, most commonly the mean squared error (MSE), between its predictions f4(s, a) and

Q™ (s, a), a surrogate for Q™ (s, a):

MSE(f¢v Qﬂ) = E(s,a)fvﬂ[(fqﬁ(sv a) - QAW(Sv a))z]' ()

The value surrogate Q” is usually a variation of n-step return (see|Sutton and Barto| [2020} chapter
7.0 p. 143]): Q7 (se,at) = Sop o Vorkrers + 7"V (Stan, Grin)-

3.3 Non-stationarity in Value estimation in Deep RL

Value prediction is a sequence of regression problems, however it differs from classic supervised
learning because of the non-stationarity introduced by policy changes during training. As the agent
learns, the policy 7 is updated. These changes in m modify the distributions of (1) targets Q™ and (2)
samples (s, a) ~ m, which makes the objective .J (see eq. (I)) non-stationary during training.

Instead of wanting our model f4 to minimize the objective J, we are instead trying to minimize the
expected cumulative error [Raj et al.|[2020] over time:

iE(&a)w‘n'i {(yb - Q’”)Z} : )
=0

with n the current number of policy updates. In order to train a model to minimize .J,, over time, this
model needs to be able to adapt to policy updates. In practice, the opposite effect is observed and the

'We use the term objective .J instead of the risk R to avoid confusion with the reward function R. As we are
minimizing the objective, both terms are equivalent here.



value model at a step ¢ often overfit the policy at a step ¢. This issue is known under various names in
the literature: capacity loss [Lyle et al., 2022, primacy bias [Nikishin et al., [2022], or plasticity loss
[Dohare et al.,[2024]]. Overall the underlying trouble is the same: the model tends to fit the earlier
samples but loses the capacity to adapt to newer samples over time, which leads to larger and larger
cumulative error over time.

The capacity of a model to adapt to a new data distribution is called robustness. A robust model has a
small loss change when subject to small variations in distribution. To formalize this characteristic, we
refer to the early work on robustness in [Hampel| [1971]]. In the context of learning with data sampled
from a non-stationary distribution P; that can change from one iteration ¢ to the next, if some distance
between distributions d( P, P;y1) is small then an estimator is robust to this distance if its value on
P, is not far from its value on P, 1, this is the type of robustness we target in this article.

4 EVarEst

4.1 Motivation

Value prediction is a core component of RL, and this is why mitigating the issues that arise from
its non-stationary setting is crucial. We would like to improve the capacity of the value network to
adapt to successive distributions from successive policies in order to get consistent and low prediction
errors along the training. Our idea to mitigate these issues stems from observing the most common
objective for value prediction, the MSE. The MSE can be decomposed in terms of bias and variance
of residual errors [Geman et al.,|{1992]:

Lemma 4.1. For any estimator f and its target f, we have:
MSE(f, f) = Bias(f, [)* + Var(f - f) 3)
where: Bias(f, f) = B, [f(x)— f ()] and Var(f — f) = B, | (f(2) — f(x) = Eo[f(2) — f(2)])?

The proof is postponed to Appendix

In this decomposition, the bias and the variance are equally weighted. In order to adapt to future
policies, we argue that we should focus on the minimization of the variance of residual errors rather
than on the minimization of the bias. The intuition is that by focusing on minimizing the variance
of residual errors, we incentivize the model to learn to reduce errors in a consistent way over all
samples, rather than focusing on predicting well a subset of samples, and badly predicting the others.
We hypothesize that this way, the network will learn features that are more “generalizable’ﬂ across
policies. In addition, other works (Ilyas et al.|[2020]]/[Flet-Berliac et al.|[2021]]) seem to converge to
the fact that variance is a bigger problem than bias when it comes to value prediction.

Moreover, although reaching a global optimum of the MSE would mean perfectly predicting the
values, in practice we will most likely not converge to a global optimum and hence suffer from a
bias. Worse, depending on the number of samples observed before policy update, we may not even
converge to a local optimum. The bias due to the non-convergence is most likely larger than the
asymptotic bias we would have observed if we had converged to a local optimum. This leads us to
consider increasing this asymptotic bias to reach a lower residual error variance instead. In practice,
we do not suffer from the asymptotic bias. The intended result is an overall reduction in prediction
error.

As a consequence we think that the value estimation objective should reflect this non-stationary
setting by promoting (1) low variance of the error of the estimator at the expense of some (transient)
bias, and (2) robustness to non-stationarity. If criteria (2) is not met, the model may learn to perfectly
fit the samples from the first policies but fail to adapt to a new one. If criteria (1) is not met, the neural
network may be able to adapt to new policies but may fail to optimize the objective function enough
before the sample distribution changes. As explained above, we hypothesize that both objectives
could be achieved through weighting bias and variance of residual errors. We therefore think that
there exists better value prediction objectives than the MSE, and we think they take the form of
different weightings of bias and variance of residual errors

2This is not the usual notion of generalization as we consider the performance across different distributions
instead of different samples from the same distributions.



4.2 Method

In order to study the weighting of bias and variance of residual errors as alternative value network
objectives, we introduce a weight « into the MSE bias-variance decomposition (eq. (3)):

L(a) £ aBias(f, f)* + (1 — a)Var(f — f) )

with « € [0, 1], the bias-variance weighting parameter,

Setting oo = 0.5 is equivalent to the MSE (multiplied by % Setting o« = 0 only considers the variance
of residual errors and removes the bias of the equation. This is equivalent to a previously proposed
method: AVEC [Flet-Berliac et al.,|2021]]. Setting o = 1 only considers the bias.

This objective can also be expressed as a penalization of the MSE by the variance of residual errors,
leading to a novel objective function, the Error-Variance penalized Estimation (EVarEst). For any

estimator f and its target f, we have, for o € (0, 1],

Covmsa(e) 2 2 — s, )+ L2 van(f - ) )
The formulation expressed in equation (5)) emphasizes the difference in nature between a penalization
of the MSE that changes the relative weight of bias and variance of the residual errors, and an
objective focusing only on the variance of the residual errors as it is done in AVEC [Flet-Berliac
et al.| [2021]. Then, because AVEC is not a penalization of the MSE, it does not enjoy the theoretical
guarantees of the MSE. The same remark holds for « = 1, which only considers the bias.

We emphasize that unlike other penalizations, we are not adding any new term such as a regularization
or any auxiliary objective. Rather, we only re-weight bias and variance in the MSE decomposition.

Finally, applying the EVarEst objective to value estimation in RL we get

Levargse (@) = MSE(f¢: Qw) + @

Var(fy — Q™) (6)
with fg the parameterized value function, and Q” the surrogate value function. This objective can
then be used in place of the value network objective for any RL algorithm making use of such
network.

Remark For o < 1/2, unlike other penalizations (SVP, ¢; regularization, efc.), our objective
function is upper and lower bounded by a constant times the MSE: MSE(f4, Q™) < Lgvasi(a) <

(1 + 1=22) MSE(f,, Q™). In particular, for « close to 1/2, the optimization done by EVarEst
remains close to minimizing the MSE.

5 Experimental study

To measure EVarEst performance, we embed it into two popular RL algorithms, SAC [Haarnoja
et al., [2018]] and PPO [Schulman et al., [2017b], creating EVarEst-SAC and EVarEst-PPO. SAC is
an off-policy actor-critic algorithm that extends DDPG with entropy maximization, while PPO is an
on-policy actor-critic algorithm based on TRPO, improving sample efficiency through policy clipping.
Both use a value/critic network for estimating values (soft action-value Q for SAC, state-value V for
PPO), but differ in how much the critic influences policy updates. SAC directly derives updates from
the critic, while PPO uses the advantage function, computed using Generalized Advantage Estimation
(GAE), which blends actual returns and value predictions controlled by the hyperparameter A. A
typical A value for PPO is 0.95, emphasizing returns over predictions. We chose SAC and PPO to
represent different aspects of deep RL and demonstrate the general applicability of EVarEst.

For evaluation, we use the MuJoCo [Todorov et al.,|2012]] and AdroitHand [Rajeswaran et al., 2017(]
tasks, which involve locomotion and object manipulation in complex environments.These tasks are
widely used benchmarks, providing sufficient complexity to differentiate between algorithms and
allowing for meaningful comparisons. All algorithms performance were evaluated over 10 seeds.
Experiments were made using stable-baselines3 [Raffin et al.,|2021]] implementations of SAC and
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Figure 1: Average performance over the last 105 training timesteps for EVarEst-SAC (left) and
EVarEst-PPO (right) on Mujoco with different o values. Y-axis: Average episodic returns. Black
lines represent the metric specified at the top of the column over 10 seeds. Bars represent 95%
bootstrap confidence intervals. Pink is the best performing «, dark blue are the baselines.

PPO and applying modifications for the EVarEst loss and the logging of the metrics reported in
the paper. For more details about the experimental setup, see appendix [E] In order to compare the
performance of the different values of o, we follow the methodology from |Agarwal et al.| [2021]]
which promotes the use of mean, median and inter-quartile mean (IQM), as well as confidence
intervals.

5.1 EVarEst policy performance
5.1.1 Continuous control on MuJoCo

In figure [I| we observe that, for SAC, « close to 0 leads to equal or better performance than larger
values, notably the MSE (a = 0.5), except for Ant-v4 where the differences are limited. For PPO,
the relation is more dependent on the environment, as smaller values (Hopper, Humanoid) and larger
values (Walker2d) can both lead to the best results. Interestingly, the behavior can vary dramatically
when using AVEC (equivalent to EVarEst with oo = 0): we observe that on two tasks, Hopper and
Walker2d, it instead leads to the worst performanceﬂ seemingly not learning at all for SAC.

5.1.2 Continuous control on AdroitHand

In figure [T| we can observe how AdroitHand tasks differ from Mujoco tasks, as a smaller « is no
longer correlated with better performance. Most interestingly, on AdroitHandPen the relation seems
to be the opposite with a higher bias leading better results. In this task, the robot hand needs to
manipulate a pen to match a given orientation and location. However the pen can be dropped leading
to important negative rewards until the end of the fixed length episode. We slightly modified the
task so that when the robot drops the pen, the task is ended. With this modification of the task, the
anomaly is reduced (see appendix [C.2). This illustrates that task design has significant impact on
results, and that allowing for early termination in this case is beneficial. Indeed, if the task is not
stopped, then the agent observes bad returns which are essentially meaningless for the task since the
robot dropped the pen, so that any action of the robot is simply useless. Actually, this is a key remark
concerning the design of the task: there is no hope to learn anything if the return signal does not
contain any useful information.

3In the original AVEC paper [Flet-Berliac et al., [2021]] the algorithm fails neither on Walker2d for SAC nor
on HalfCheetah for PPO, however we failed to reproduce their results. Hopper is not considered in their work.



Figure 2: Average performance over the last 10° training timesteps for EVarEst-SAC (left) and
EVarEst-PPO (right) on AdroitHand with different o values. Y-axis: Average episodic returns. Black
lines represent the metric specified at the top of the column over 10 seeds. Bars represent 95%
bootstrap confidence intervals. Pink is the best performing «, dark blue are the baselines.

5.2 Overall improvements

Environment | SAC(a=0.5) | AVEC-SAC (o = 0) | EVarEst-SAC (a*)
Ant-v4 4563.3 + 1783.8 3821.9 4 851.4 (-16.2%) | 4102.6 + 2216.7 (-10.1%), o = 1073
HalfCheetah-v4 10730.1 +799.8 11346.6 4+ 464.3 (5.7%) 11405.9 + 536.1 (6.3%), o = 107°
Hopper-v4 30745 £ 11.6 4.4 £ 655.2 (-99.9%) 3175.3 +504.3 (3.3%), « = 1073
Humanoid-v4 5154.2 £ 2874.4 6624.5 +790.4 (28.5%) | 6852.2 + 1127.8 (32.9%), a = 10~°
Walker2d-v4 4006.5 £+ 68.4 5.8 + 663.4 (-99.9%) 4664.2 + 773.4 (16.4%), o = 10~°
AdroitHandDoor-v1 46+ 641.8 217.0 4+ 413.9 (-91.9%) 2001.4 £+ 1131.0 (-25.0%), o = 0.1
AdroitHandHammer-v1 | 1910.7 & 3948.8 1435.0 4 3802.5 (-24.9%) | 2164.9 + 5013.0 (13.3%), o = 10—+
AdroitHandPen-v1 3255.3 £348.6 | -719.5 £2517.1 (-122.1%) 3870.8 4 1975.2 (18.9%), o = 0.9
AdroitHandRelocate-v1 18.3 6.1 18.2 £6.7 (-0.5%) 19.3 + 6.7 (5.5%), « = 0.01
Average Improvement | \ 5.43% | 13.29%

Table 1: Average performance (+ std) over the last 10° timesteps. Comparison of SAC, AVEC-SAC,
and EVarEst-SAC (a*: the best performing «)

In tables[T|and [2] we synthesize the performance of EVarEst-SAC and EVarEst-PPO, and we report
the average improvements over their respective baselines (MSE and AVEC) for all tasks.

5.3 EVarEst impact on learning — Adaptability to non-stationarity

Having observed that EVarEst generally outperforms both the MSE and AVEC objectives when tuned
with the appropriate a value, we now turn to an experimental investigation of how EVarEst affects the
learning process. Specifically, we aim at assessing whether EVarEst influences the model adaptability
to new samples over the course of training. In order to quantify how much EVarEst impacts the
adaptability of the estimator with regards to new samples from successive policies we measure the
feature rank [Lyle et al.,[2022] of the model throughout training. The feature rank is computed as the
number of singular values of the feature matrix that are greater than a given threshold . For SAC
this threshold is kept at ¢ = 0.01 as in|Lyle et al.|[2022], for PPO however we increased it to € = 0.1
as the initial value did not allow to observe any difference between o values. We focus on SAC here
for conciseness; results for PPO can be found in Appendix [C.4]

In figure [3|we can note that lower values of o seem to promote higher feature ranks, at the exception
of Walker2d and Hopper, where AVEC fails. We can also observe that the feature rank evolves
similarly to performance. This is especially visible for the environments where AVEC (a = 0) fails



Environment | PPO(a=0.5) | AVEC-PPO (o = 0) | EVarEst-PPO (o*)

Ant-v4 2238.0 £ 827.2 2381.9 £ 540.7 (6.4%) 2486.2 +722.6 (11.1%), a« = 0.9
HalfCheetah-v4 5409.4 £+ 620.0 5534.9 £+ 852.7 (2.3%) 5877.7 + 575.8 (8.7%), o = 1073
Hopper-v4 943.2 + 562.2 745.5 + 155.6 (-21.0%) 1439.3 + 786.3 (52.6%), o = 107°
Humanoid-v4 862.0 +173.0 917.8 + 154.0 (6.5%) 1144.1 + 285.1 (32.7%), o = 10~*
Walker2d-v4 3706.7 + 1097.5 | 2516.9 + 1147.8 (-32.1%) 3673.8 &+ 673.4 (-0.9%), a = 1074
AdroitHandDoor-v1 =275+ 0.4 -279 £ 0.3 (-1.5%) -27.5 4+ 0.3 (0.0%), e = 1073
AdroitHandPen-v1 1449.7 £ 924.9 | 1056.2 £ 1119.3 (-27.1%) 1485.8 + 1093.9 (2.5%), a = 0.7
AdroitHandHammer-v1 911.1 + 1768.6 653.0 4+ 2376.7 (-28.3%) | 2246.8 + 4065.6 (146.6%) - « = 0.3
AdroitHandRelocate-v1 26.5+ 89 24.1 £7.1 (-9.1%) 28.1 + 13.0 (6.0%) - a = 0.001
Average Improvement | \ -11.65% | 28.7%

Table 2: Average performance (= std) over the last 10° timesteps. Comparison of PPO, AVEC-PPO,
and EVarEst-PPO (a*: the best performing «)
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Figure 3: Feature rank of EVarEst-SAC evolution during training (Top: Mujoco, Bottom: AdroitHand)

(Walker2d and Hopper). However, on AdroitHandPen we can observe that the highest feature rank is
for AVEC, which also has the worst performance. We think this might be due to the model trying to
fit a complex signal and failing to do so (see appendix [C.2). As a consequence estimators with lower
feature rank, and therefore most likely less complex, are actually less affected by the 'noisy’ returns
and end up having better performance thanks to their simpler models.

6 Conclusion

In this work, we introduced, evaluated, and analyzed a new value estimation objective, EVarEst,
which is designed to better address the inherent non-stationarity in reinforcement learning compared
to the traditional MSE objective. By incorporating a hyperparameter, ¢, to balance the bias-variance
trade-off of the MSE, EVarEst effectively penalizes the classical MSE, allowing for adaptive control
over the variance of residual errors. Importantly, this requires minimal modifications to existing
algorithms.

We demonstrated that EVarEst, with « adapted to each task, significantly improves performance
across a range of tasks, achieving an average improvement over the MSE of 13.29% on AdroitHand
and Mujoco tasks for SAC and 28.7% for PPO. This suggests that the classical MSE value estimation
objective is often suboptimal, and that task-specific adaptation of « leads to better performance in
reinforcement learning.

To deepen our understanding of EVarEst, we conducted an experimental study on its impact on
adaptability, robustness, and critic estimation error. We found that lower values of « increased
adaptability at the cost of robustness. While this differs from our initial expectations, we conclude
that adaptability, rather than robustness, may be a more desirable property for tackling non-stationarity
in deep RL. Moreover, for lower « values, EVarEst tended to reduce the variance of residual errors,
albeit at the cost of increased bias.



We argue that the standard MSE objective, with its arbitrary equal weighting of bias and variance,
should be replaced with an objective tailored for reinforcement learning. EVarEst is a promising
candidate, as it maintains the theoretical properties of the classical MSE while offering the flexibility
for adaptation—requiring only lightweight modifications to existing algorithms. We believe that
further exploration of the relationship between environment properties and the optimal value of «
will facilitate efficient hyperparameter selection and improve the performance of a wide range of RL
algorithms. Additionally, we suggest that the potential of EVarEst as a more general objective for
supervised learning in non-stationary settings is further investigated.
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A Reproducibility

The code to reproduce the experiments and figures
https://anonymous.4open.science/r/EVarEstRLC,

B Proof of lemmas

B.1 Proof of lemma /.1

can

be

found

We have:
MSE(j.y) = E[(5 - v)’]
=E[(§—y—Elj—y) +Elj—y)’]
“E[(9—y— Bl —))*| +Ely — ° + 27— yIE[§ — y — E[y — y]

YR [(g-y-Elg - y)?] + B - o

=var [ — y] + E[§ — ¢

at

Where (a) follows from expansion of the square and (b) by linearity of expectation showing that the

last term is zero. Then, because the covariance is bilinear,

MSE(j,y) = var [§] + var [y] — 2Covar(y, §) + Bias(y, y)2.

B.2 Proof of equation (3)

We start from eq (@):

L(a) = aBias(fy, Q“ + (1 -a)Var(fy — Q”)

)
= aBias(fy, Q”) +aVar(fy, — Q”) —aVar(fe — Q”)

+(1—a)Var(fs — Q)

= aMSE(fy, Q™) + (1 — 20)Var(f, — Q)

B0 vrsm(,.07) +

e Ty

£EVarEsl Oé) = MSE(fqﬁa QW) + wvar(ﬁb - Qﬁ)
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C Additional figures

C.1 Mean and variance of value network predictions
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Figure 4: EVarEst-SAC critic predictions evolution during training for different o values (Top:
prediction mean, Bottom: prediction variance)
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Figure 5: EVarEst-PPO critic predictions evolution during training for different o values (Top:
prediction mean, Bottom: prediction variance)

C.2 AdroitHandPen early termination

We take a deeper look at AdroitHandPen where the policy returns seem to be correlated to a high «
value instead of a low « value like on MuJoCo. In this task the agent controls a robotic hand that has
to manipulate a pen to match a given orientation and position. Looking at the specificities of this task
we notice that although it has a fixed episode length like all other AdroitHand tasks, it is possible
for the hand to drop the pen. If this happens the agent suffers from a constant negative reward value
without being able to pick up the pen, this leads the value estimator to try and learn from a signal that
is independent from its actions. Our hypothesis is that this is the property that separates it from other
tasks in our benchmark. To verify this we compare the results of EVarEst-SAC on AdroitHandPen
and AdroitHandPen with early termination where the episode ends if the pen drops. The agent is train
the agent on this variation, while it still evaluated on the fixed length task for comparison.
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Figure 6: left without early termination, right with early termination.

In figure [6] we can observe that by adding early termination we observe a relation between « and
policy performance much closer to what we observed on MuJoCo. We also notice that on the normal
task without early termination, although putting more weight on bias seems to be correlated with
better performance, it has a limit where o > 0.9 leads an important drop in performance.

Our hypothesis about these results is that if the bias is to be more important that the variance of
the residual errors, it likely means that the variance of the residual errors is too hard to reduce and
spending representation capacity on this aspect of the MSE is a bad investment. The possibility for
the pen to drop and have negative rewards there onward leads to an important variance in episodic
returns that is hard for the model to estimate. Therefore avoiding to try and estimate it to some degree
seem to be beneficial as it is almost noise-like from the estimator perspective.

C.3 SAC Critic performance
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Figure 7: Relative difference between EVarEst-SAC and SAC for value estimation metrics (MSE,

bias? and variance of residual errors) averaged on the last 100,000 timesteps with different o values
(SAC).
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C.4 PPO Feature rank
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Figure 8: Feature rank of EVarEst-PPO evolution during training (Top: Mujoco, Bottom: Adroit-
Hand).

C.5 Robustness on AdroitHand
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Figure 9: Relative difference between EVarEst and baseline MSE for value loss over training for
different o values on AdroitHand tasks (Top: SAC, Bottom: PPO).
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C.6 Performance during training
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Figure 10: Mean episodic return of EVarEst-SAC during training for different o values(Top: Mujoco
tasks, Bottom: AdroitHand tasks).
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Figure 11: Mean episodic return of EVarEst-PPO during training for different v values(Top: Mujoco
tasks, Bottom: AdroitHand tasks).
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Figure 12: Mean episodic length of EVarEst-SAC during training for different o values(Top: Mujoco
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Figure 13: Mean episodic length of EVarEst-PPO during training for different o values(Top: Mujoco
tasks, Bottom: AdroitHand tasks).

D Critic comparison protocol

In order to provide meaningful comparison between value networks, we argue that they should be
trained and evaluated on the same data. The data should be representative of our setting to provide
insightful results. As a consequence we chose to use policies obtained from the corresponding
algorithms to generate our data (states visited, actions taken during rollout of the policy, and value
surrogates of the policy).

In order to reduce experimental load, we achieve this during the training of the agent by training an
additional value network, disconnected from the policy. Both networks function like a standard value
network, observing the data generated by the actor, estimating its value, and learning from the policy
returns; however only the first critic is used for policy updates.

E Hyperparameters

In Tables[3]and [5|we report the list of hyperparameters common to all continuous control experiments.
All environments use the default hyperparameters unless specified otherwise in Table[d] [6] and [7}
Hyperparameters are taken from stable-baselines3 [Raffin et al.,|2021]] default parameters, and rl-zoo3
[Raffinl 2020] when they differ from the default stable-baselines3 value. rl-zoo3 provides optimized
hyperparemeters for different agents and environments. Note that the parameters were optimized
for the original algorithms (PPO and SAC) and not for they modified versions (EVarEst-PPO and
EVarEst-SAC). Hence they should favor the original algorithms.

Table 3: Default hyperparameters for both SAC and EVarEst-SAC.

Parameter Value
Number of training steps 10°
Adam stepsize 3-107*
Discount (v) 0.99
Replay buffer size 10°
Batch size 256
Nb. hidden layers 2

Nb. hidden units per layer 256
Nonlinearity ReLU
Target smoothing coefficient () | 0.005
Target update interval 1
Gradient steps 1
Learning starts 104
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Table 4: Environment specific hyperparameters for SAC and EVarEst-SAC.
Environment | Parameter | Value
Humanoid-v4 | Number of training steps | 2-10°

Table 5: Default hyperparameters for both PPO and EVarEst-PPO.

Parameter Value
Number of training steps 108
Horizon (T') 2048
Adam stepsize 3-107*
Batch size 64
Nb. epochs 10
Nb. hidden layers 2

Nb. hidden units per layer 64
Nonlinearity tanh
Discount (v) 0.99
GAE parameter () 0.95
Clipping parameter (€) 0.2
Maximum gradient norm 0.5
State and reward normalization True
Nb. environments 1
Value function loss coefficient 0.5
Initialization log standard deviation | 0.0
Orthogonal initialization True
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Table 6: Environment specific hyperparameters for PPO and EVarEst-PPO.

Environment Parameter Value
HalfCheetah-v4 | Discount () 0.98
Horizon (T') 512
Adam stepsize 2.0633 - 10~°
Entropy coefficent 0.000401762
Clipping parameter (¢) 0.1
Nb. epochs 20
GAE parameter () 0.92
Maximum gradient norm 0.8
Value function loss coefficient 0.58096
Initialization log standard deviation | -2.0
Orthogonal initialization False
Nb. hidden units per layer 256
Nonlinearity ReLU
Hopper-v4 Discount () 0.999
Horizon (T") 512
Adam stepsize 9.80828 - 10~°
Batch size 32
Entropy coefficent 0.00229519
Nb. epochs 5
GAE parameter () 0.99
Maximum gradient norm 0.7
Value function loss coefficient 0.835671
Initialization log standard deviation | -2.0
Orthogonal initialization False
Nb. hidden units per layer 256
Nonlinearity RelLU
Humanoid-v4 Number of training steps 107
Discount (v) 0.95
Horizon (T') 512
Adam stepsize 3.56987 - 10~°
Batch size 256
Entropy coefficent 0.00229519
Clipping parameter (¢) 0.3
Nb. epochs 5
GAE parameter () 0.9
Maximum gradient norm 2.0
Value function loss coefficient 0.431892
Initialization log standard deviation | -2.0
Orthogonal initialization False
Nb. hidden units per layer 256
Nonlinearity ReLLU

F Additional discussions on the impact of EVarEst on learning

F.0.1 Critic performance

Finally we evaluate the value network performance in terms of prediction error (MSE) between
the predictions f, and the targets Q. We also measure and study the fluctuation of the bias and
the variance. In order to measure how « values influence the critic performance, we cannot just
compare the values of our metrics across different v values. Indeed, as o modifies the value network,
it modifies the policy, which modifies the distribution used to train the critic. As a consequence, a
value network that leads to a better performing policy may have a worse error than a value network
that leads to poor performance as they are evaluated on different trajectories. In order to compare the
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Table 7: Environment specific hyperparameters for PPO and EVarEst-PPO.

Environment | Parameter Value
Walker2d-v4 | Discount () 0.99
Horizon (T') 512
Adam stepsize 5.05041 - 10~°
Batch size 32
Entropy coefficent 0.00229519
Clipping parameter (€) 0.1
Nb. epochs 20
GAE parameter () 0.95
Maximum gradient norm 1
Value function loss coefficient | 0.871923

EVarEst critic with the baseline MSE critic, we instead evaluate and train them on the same dataset.
To do so, we use EVarEst for the usual value network, and we add an additional value network in
parallel, which has not impact on the policy, trained using the MSE on the same data as the first critic.
We can then compare the metrics for both models while they have been exposed to the same data and
are evaluated on the same data. We are comparing relative difference to the baseline critic. For more
details, please refer to appendix [D} It is important to note that using this protocol, two critics with the
same objective may not have the same performance as (1) they are initialized independently, and (2)
the EVarEst critic is used to update the actor and the MSE critic is not.

To study how using EVarEst instead of the MSE changed the value network performance in terms of
prediction error, we compute the relative difference between a value network trained using EVarEst
and another trained using the MSE objective, for each of the 3 previously mentioned metrics: MSE,
Bias? and Variance of residual errors. The relative difference for a given metric is computed as follows:
metric (f:;varm(u) (se,at),Q(se ,at)) 7metric(erF‘(st jat),Q(s¢ 7at))

A we(metric,a) = L SN 100. - -
relatwe( ) ) N Zt:l \metric(fiV“rE’l(a)(Sf,,at),Q(Sf,,at))|+\metric<f3f[SE(Sf,,%),Q(St,at))l

A positive value of the relative difference means that EVarEst leads to a value network with higher
metric (MSE, bias? or variance of the residual errors) than a value network trained using the MSE, a
negative value is the opposite. We concentrate on SAC in this section, while results for PPO can be
found in Appendix [C.3]

HalfCheetah-v4 Hopper-v4 Walker2d-v4 Ant-v4 Humanoid-v4

Relative
Difference in Metric (%)

a
AdroitHandPen-v1 AdroitHandRelocate-v1 AdroitHandHammer-v1

—e— MSE

—— Bias?
Residual errors
variance

Relative
Difference in Metric (%)

Figure 14: Relative difference between EVarEst-PPO and baseline MSE value networks for value
estimation metrics (MSE, bias? and variance of residual errors) averaged on the last 10° timesteps
with different « values

On figure[T4] we can observe that on the Mujoco tasks, a lower « value seems slightly correlated with
a lower variance of the residual errors for value networks trained with EVarEst than for networks
trained with MSE, howeyver it is at the expense of more bias and therefore a larger MSE. On Mujoco
we can conclude that lower values of « are indeed reducing the variance of residual errors more than
larger values, however on AdroitHand the trend is almost the opposite.

On figuresd]and[5] we can observe the impact of o on the mean and on the variance of the predictions.
We can observe that lower values of o produce lower prediction mean and lower variances of
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predictions than larger values. In the tasks where AVEC fails we can also state that the value is
almost zero for Hopper, and on Walker2d can even start to drift in the negatives with an explosion of
variance.

F.0.2 Robustness

Finally, in order to study the robustness of our method with respect to the policy non-stationarity, we
want to measure how much a change in policy will impact value estimations. To do so, we consider
difference between successive loss values. If, for the same variation in policy, one objective leads to a
smaller difference in loss, then we say it is more robust to policy variation than another. We follow
the same methodology as in section with parallel value networks to compare different value
objectives. We compare the difference in successive loss between a value network with EVarEst
objective and another with the MSE objective. This allows both estimators to share the same policy
non-stationarity, removing the need to compute the distance between successive data distributions
generated by the policy. We analyze Mujoco tasks in this section, AdroitHand tasks can be found in

appendix [C.3]

HalfCheetah-v4 Hopper-v4 Humanoid-v4 Walker2d-v4
o o 10 . 3 10" 10°
£38 10 :: 10 b [ A
85 10" . ./\"’\-/\nl\["(vv\ 10° /‘lw\qﬁi\wl 10*
ag . o \ 0 = M afeole .
25" o ° e Asipsas
§o o 10 /‘ o o e W
=8 |
00 02z 04 06 08 10 00 02 04 06 08 10 00 02 04 05 08 10 00 05 10 15 20 00 o0z o4 os 10
Samples collected ¢ Samples collected Tes Samples collected 1e0 Samples collected tes Samples collected Tes
— a=00(AVEC-SAC) —— @=0001 —— @=01 —— a=05(SAC) —— a=09 a=1e-05
— a=0.0001 — a=001 =03 a=07
HalfCheetah-v4 Hopper-v4 Humanoid-v4 Walker2d-v4
QQ
85w o =I_ e
58 - —_
€o 10 107
é gor b o
00 02 04 06 08 10 00 0z 04 06 08 10 00 0z 04 08 08 10 00 0z 04 06 08 10 00 0z 04 06 08 10
Samples collected €6 Samples collected Tes Samples collected 1e0 Samples collected te7 Samples collected Tes
— @=00(AVEC-PPO) —— @=0001 —— a=01 —— a=05(PPO) —— =09 a=1e-05
— @=0.0001 — a=001 =03 a=07

Figure 15: Relative difference between EVarEst and baseline MSE for value loss over training for
different o values on Mujoco tasks (Top: SAC, Bottom: PPO)

In figure [I5] we can observe that lower values of « tends to lead to higher variations in loss and
thus lower robustness with respect to policy non-stationarity. This is the opposite effect of what we
intended when designing EVarEst.
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