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ABSTRACT

A novel class of advanced algorithms, termed Goal-Conditioned Weighted Supervised Learning
(GCWSL), has recently emerged to tackle the challenges posed by sparse rewards in goal-conditioned
reinforcement learning (RL). GCWSL consistently delivers strong performance across a diverse set of
goal-reaching tasks due to its simplicity, effectiveness, and stability. However, GCWSL methods lack a
crucial capability known as trajectory stitching, which is essential for learning optimal policies when
faced with unseen skills during testing. This limitation becomes particularly pronounced when the
replay buffer is predominantly filled with sub-optimal trajectories. In contrast, traditional TD-based
RL methods, such as Q-learning, which utilize Dynamic Programming, do not face this issue but
often experience instability due to the inherent difficulties in value function approximation. In this
paper, we propose Q-learning Weighted Supervised Learning (Q-WSL), a novel framework designed
to overcome the limitations of GCWSL by incorporating the strengths of Dynamic Programming
found in Q-learning. Q-WSL leverages Dynamic Programming results to output the optimal action
of (state, goal) pairs across different trajectories within the replay buffer. This approach synergizes
the strengths of both Q-learning and GCWSL, effectively mitigating their respective weaknesses and
enhancing overall performance. Empirical evaluations on challenging goal-reaching tasks demonstrate
that Q-WSL surpasses other goal-conditioned approaches in terms of both performance and sample
efficiency. Additionally, Q-WSL exhibits notable robustness in environments characterized by binary
reward structures and environmental stochasticity.

1. Introduction

Deep reinforcement learning (RL) empowers agents to
attain sophisticated objectives in complex and uncertain
environments, such as computer games (Hou et al., 2022;
Liu et al., 2023; Kim et al., 2024), robot control (Xu and
Wang, 2022; Bouktif et al., 2023; Xiao et al., 2024), and
language processing (Sharifani and Amini, 2023; Zeng
et al., 2024). One of the central challenges in deep RL is
facilitating efficient learning in environments characterized
by sparse rewards. This issue is particularly acute in goal-
conditioned RL (GCRL) (Kaelbling, 1993; Schaul et al.,
2015; Andrychowicz et al., 2017; Liu et al., 2022), where the
agent is tasked with learning generalized policies that can
reach a variety of goals.

Recently, we note that several goal-conditioned weighted
supervised learning (GCWSL) methods have been proposed
(Ghosh et al., 2021; Yang et al., 2022; Ma et al., 2022;
Hejna et al.,, 2023) to tackle the GCRL challenges. In
contrast to conventional RL approaches that maximizes
discounted cumulative return, GCWSL provides theoretical
guarantees that supervised learning from hindsight relabeled
experiences optimizes a lower bound on the goal-conditioned
RL objective. Specifically, these methods first retrospectively
infer which goals would have been fulfilled by a trajectory,
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irrespective of whether it successfully reached the desired
goal. After this hindsight relabeling, GCWSL aims to imitate
the corresponding sub-trajectories of (state, goal) pairs within
the same trajectory in the relabeled data. Due to the benefit
of the weighted function, GCWSL, unlike behavior cloning,
can identify potentially optimal trajectories. Compared with
other goal-conditioned RL or self-supervised (SL) methods
(Ding et al., 2019; Chen et al., 2020; Lynch et al., 2020;
Paster et al., 2020; Eysenbach et al., 2020; Ghosh et al.,
2021; Eysenbach et al., 2022), GCWSL has demonstrated
outstanding performance across various goal-reaching tasks
in a simple, effective, and stable manner.

Despite the successful application of GCWSL in effec-
tively learning sparse rewards for certain goal-reaching tasks,
some studies (Brandfonbrener et al., 2022; Yang et al., 2023;
Ghugare et al., 2024) indicate that GCWSL may leads to
sub-optimal policies when applied to the corresponding sub-
trajectories of (state, goal) pairs across different trajectories
and identify this issue as lacking of the ability to stitch
trajectories. To effectively address this challenge, it is crucial
to amalgamate information from multiple trajectories. On the
other hand, we demonstrate that Q-learning possesses this
ability due to its Dynamic Programming framework, leading
to better policy outcomes. However, Q-learning faces certain
challenges in environments with sparse rewards. One of the
key issues is the difficulty in propagating the value function
back to the initial state, primarily due to the use of function
approximation (Sutton and Barto, 1998).
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In this work, we introduce Q-WSL, a novel method
designed to address the aforementioned challenges by lever-
aging Dynamic Programming within Q-learning to enhance
the performance of GCWSL. Unlike many goal-conditioned
RL algorithms that propose new architectures for agents to
achieve better performance, Q-WSL focuses on improving the
quality of the replay buffer, enabling more effective utilization
of existing goal-conditioned RL algorithms. Our approach
is motivated by the following insight: while GCWSL often
learns suboptimal policies for certain sub-trajectories of
(state, goal) pairs across different trajectories, Q-learning can
derive better actions. However, Q-learning tends to struggle
when dealing with states that require backpropagation over
large time steps. In these cases, GCWSL offers a distinct
advantage by circumventing the need for backpropagation. By
combining the strengths of both methods, Q-WSL mitigates
their respective weaknesses, leading to a more robust and
efficient performance. To evaluate the effectiveness of Q-
WSL, we conduct experiments using challenging GCRL
benchmark environments. The results demonstrate that Q-
WSL significantly improves sample efficiency compared
to previous GCWSL approaches and other competitive
GCRL methods, including DDPG+HER (Andrychowicz
et al., 2017), ActionModels (Chebotar et al., 2021a), and
Model-based HER (Yang et al., 2021). Additionally, Q-WSL
exhibits strong robustness to variations in reward functions
and environmental stochasticity.

We briefly summarize our contributions:

e While state-of-the-art GCWSL methods tend to yield
suboptimal performance for certain unseen skills dur-
ing testing and lack trajectory stitching capabilities,
we demonstrate that Q-learning inherently possesses
this ability and can produce optimal actions in such
scenarios.

e We introduce a novel and efficient GCRL method, Q-
WSL, which harnesses the stitching capability of Q-
learning to overcome the limitations of GCWSL. Ad-
ditionally, we demonstrate that the optimization lower
bound of Q-WSL exceeds that of several competitive
GCRL algorithms, including WGCSL (Yang et al.,
2022) and GCSL (Ghosh et al., 2021).

e Experimental results on several GCRL benchmarks
show that Q-WSL obtains better generalization perfor-
mance and sample efficiency compared to prior GCRL
methods. Additionally, Q-WSL is robust to variations
in reward forms and environmental stochasticity.

2. Related Works

The Stitching Property The concept of stitching, as
discussed by (Ziebart et al., 2008), is a characteristic feature
of TD-based RL algorithms, such as those described by
(Mnih et al., 2013), (Lillicrap et al., 2015), (Fujimoto et al.,
2018), and (Kostrikov et al., 2021), which employ Dynamic
Programming techniques. This feature allows these algo-
rithms to integrate data from different trajectories, thereby

enhancing their effectiveness in managing complex tasks
by leveraging historical data (Cheikhi and Russo, 2023).
Recent works have shown that self-supervised learning
also exhibits such property, particularly through methods
like data augmentation (Shorten and Khoshgoftaar, 2019;
Ghugare et al., 2024) . However, there remains a significant
performance gap between these methods and algorithms that
incorporate Dynamic Programming.

This property motivates us to employ simple yet efficient
Q-learning in TD-based RL to reach previously unvisited
goals across different trajectories by leveraging Dynamic
Programming. However, it is not clear that whether Q-
learning process this important stitching property in GCRL.
Using a straightforward counterexample, we demonstrate
that stitching enables a unique property: the ability to infer
solutions for composable goal-reaching trajectories during
testing time. This includes maneuvering through specific
(state, goal) pairs that never appear together during training,
although they do appear separately.

Goal-conditioned Weighted Supervised Learning
Goal-conditioned weighted supervised learning methods
(GCWSL) (Liuetal.,2021; Yang et al., 2022; Ma et al., 2022;
Hejna et al., 2023) are new outstanding goal-conditioned
algorithms which enable agent to reach multiple goals
in GCRL. These methods repeatedly perform imitation
learning on self-collected, relabeled data without any RL
updates. Furthermore, these methodologies undergo theoreti-
cal validation to confirm that self-supervised learning from
relabeled experiences optimizes a lower bound on the GCRL
objective. This validation guarantees that the learning process
is both efficient and underpinned by a rigorous theoretical
foundation.

However, recent researches (Brandfonbrener et al., 2022;
Yang et al., 2023; Ghugare et al., 2024) indicate that these
methods are sub-optimal for some unseen skills and lack the
ability to stitch information from multiple trajectories. In
response, our method, Q-WSL, which extends the framework
of GCWSL by leveraging Dynamic Programming in Q-
learning, can specifically designed to achieve optimal policy
outcomes and integrates the capability for trajectory stitching.

3. Preliminaries

3.1. Goal-conditioned Reinforcement Learning

Goal-conditioned Reinforcement Learning (GCRL) can
be characterized by the tuple (S, A, G, P,r,v, py, T), where
S, A, G, v, py and T respectively represent the state space,
action space, goal space, discounted factor, the distribution of
initial states and the horizon of the episode. P : P(s'|s, a) is
the dynamic transition function, and r : r(s, a, g) is typically
a simple unshaped binary signal. The sparse reward function
employed in GCRL can be expressed as follows:

O’
r(s;.a,8) = {_1

6 is a threshold and ¢ : S — G is a known state-to-goal
mapping function from states to goals. Agents must develop

llp(s) = gll? < 6
otherwise ’

ey
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a policy = S X G — A that optimizes the expected
returns associated with reaching goals sampled from the goal
distribution p(g):

T
J(x) = Eng(g),a,rv/r,s,H~p(~|s,,at) [Z ytr(st’ a g)] )

=0

Q-learning methods optimizes .J (x) via the gradient com-
putation:

T
Jm) =E,, ., lz 0" (s, a,,g>] : 3)

=0

where Q" (s;, a;, g) is the goal-conditioned Q-function. Note
thatin 1 [d)(st) = g] reward (i.e, If the state s reaches the goal
g, then the reward is 1; otherwise, it is 0.), the Q" (s,, a;, 8)
is always zero. This Q-function is not useful for predicting
the future goal distribution.

3.2. Goal-conditioned Weighted Supervised
Learning

In contrast to goal-conditioned RL methods, which focus
on directly optimizing the discounted cumulative return,
Goal-Conditioned Weighted Supervised Learning methods
(GCWSL) introduce an innovative learning framework by
iteratively relabeling and imitating self-generated experi-
ences. This iterative process enhances the model’s ability
to generalize and efficiently learn from past experiences,
thereby improving its overall performance in goal-reaching
tasks. Trajectories in the replay buffer are relabeled with
hindsight method (Andrychowicz et al., 2017). And then the
policy optimization satisfies the following definition during
imitating:

Definition 1. Given replay buffer B and hindsight relabeling
mechanism, the objective of GCWSL is to mimic those rela-
beled transitions through supervised learning with weighted
function:

Jocw st (@) =E o oon, [[(A) -logmp(a,ls, 8)], @)

where B, denotes relabeled replay buffer, g = ¢(s;) denotes
the relabeled goals for i > ¢ and f(A) is a function about
advantage A = A(s;,a; g). The weighted function f(A)
exists various forms in GCWSL methods (Ghosh et al., 2021;
Yang et al., 2022; Ma et al., 2022; Hejna et al., 2023). (See
Appendix A.3 for the specific weight function meaning).
Therefore GCWSL includes typical two process, acquiring
sub-trajectories corresponding to state-goal (i.e, (s, g)) pairs
and imitating them. In the process of imitation, GCWSL first
train the related specific weighted function, and then extract
the policy with the Eq. 4.

We briefly summarize the GCWSL training procedure
in Algorithm 1, where f(als, g) := =z, 4(als, g) in practice.
And then we have following theorem.

Theorem 1. Suppose there exist a deterministic policy
Trorabel Capable of generating relabeled data B,, GCWSL

Algorithm 1 Goal-conditioned self-supervised learning with
weight function

Input behavior policy f(a | s, g)

B, < RELABEL (7) where 7 ~ f(7)

JocwsL(®) < B a.0~8, [f(A) -log 7(a, | Sng)]
n(a|s,g) < argmax, Jscw sr(®)

return z(a | s, g)

BANE-IE A

is a variant form of goal-conditioned AWR over B,.:
Tpyy = ar genrllaX[E(s,g,s%Br,a,~zr<s,g) [A7(s,a,8)],
V4

S.1. DKL (”””relabel) <E€, (5)

where A" = Q7%(s,a,g) — V7™(s,g), Dgy, is the KL-
divergence and g is the goals from relabeled data. See
Appendix A.1 for detail proof. This theorem indicate GCWSL
guarantees policy improvement when learning from the
relabelled data.

4. Q-WSL: Q-learning Weighted Supervised
Learning

To generalize GCWSL’s skills outside the relabeled
data and further improve sample efficiency, we start with
a counter example to illustrate why Q-learning in TD-based
RL can solve the experience stitching problem in Section 4. 1.
Then we propose a modified of GCWSL called Q-WSL that
leveraging the stitching ability of Q-learning in Section 4.2. In
Section 4.2, we also provide theoretical guarantee for Q-WSL.
Further, we introduce the overall algorithm implementation
process of Q-WSL in Section 4.3. Finally, we summarize and
compare Q-WSL with previous related work in Section 4.4.

4.1. Trajectory Stitching Example

From the perspective of GCWSL updating the corre-
sponding (s, g) pairs, GCWSL aims to identify and imitate the
optimal sub-trajectory from the combination data generated
by the old policy that meets the (s, g) pairs. The optimal
trajectory here satisfies the weighted function f(A), such
as the the horizon length from s to g in (Yang et al., 2022).
However, it has been observed that when data is aggregated
from a variety of older policies, certain (s, g) pairs are
rarely encountered within the same trajectory, despite being
common in different trajectories. In these instances, GCWSL
often struggles to produce an optimal policy.

Consider an example illustrated in Fig. 1, where the
goals g € [g", gb] are reachable from the states s €
[sg, sg, st] although not explicitly present in the off-policy
replay buffer. During training, GCWSL is updated with
(state, goal) pairs sampled from the same trajectory, such as
(sg, g% and (s(b), gb). However, during testing, when unseen
(state, goal) pairs such as (sg, 2, (sg, g%) originating from
distinct trajectories are introduced, GCWSL cannot find the
correct actions (proof can be found in Figure 1 and Lemma
4.1 of (Ghugare et al., 2024)). In contrast, TD-based RL
methods such as Q-learning can output the correct actions
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Replay Buffer GCWSL Agent

AN O\O/Oeoo/o\o

Q-Learning Agent

T

Fig. 1. A counterexample of GCWSL lack stitching ability while Q-learning can output the path across different trajectories. g € g gb] are
conveniently expressed as reachable goals. Specifically, the off-policy replay buffer stores history data collected by behavior policy f(als, g)
during training, and then f(A) - log z(als, g) is maximized with batch (state, goal) pairs from this buffer. During testing, the z(als, g) is
tested on random batch (state, goal) pairs. GCWSL can consistently learn (state, goal) pairs within the same trajectory (i.e, (s, g“), (sg, %),
which are represented by the same color. However, it lacks the guarantee of generating the correct actions for (state, goal) pairs that originate
from different trajectories (i.e, (sg, g, (sg, g“)). In contrast, Q-learning can output optimal actions for these (state, goal) pairs across different

trajectories thanks to Dynamic Programming.

for (sg, 2b), (sg, g%) due to the Dynamic Programming com-
ponent. For instance, consider a value estimation example,
V(s;,g) = r+ V(s,,g). For the pair (s,,, g), provided
that g is accessible and the value V'(s,,q, &) is accurately
approximated, Q-learning can back-propagate the state-goal
(state-action-goal) values to preceding pairs. An example
from the off-policy replay buffer illustrates the state s, as
a "hub state" shared by two initial trajectories, from which
all goals g’ ~ [g% g”] are reachable. The values of these
goal-conditioned states QO(s;, ai, g") can be computed and
recursively back-propagated to Q(sg, aé),g’),i € [a,b]. Q-
learning has the capability to propagate rewards through paths
that are connected retrospectively. This allows Q-learning to
determine the optimal actions for state-goal pairs that have
not been encountered together previously, such as (s, g
and (sg, g%). By iteratively back-propagating value estimates
through all potential trajectory combinations, Q-learning en-
sures that values are consistently updated, thereby facilitating
the correct action selection. In summary, Q-learning can link
(state, goal) pairs across different trajectories, a capability
that GCWSL lacks.

4.2. Bounding KL-Constrained Values and Q-WSL

If we he replace the advantage function A”(s,a, g) in
Eq. 5 by Q-function Q" (s, a, g) we have the policy improve-
ment objective:

Ty1 = argmax E [Q7 (s, i (5. 8). 8)]
/n(als,g)da =1, s.t. KL(7||7p0p01) < €. 6)
a

Since minimizing the KL- divergence is equivalent to max-
imizing the likelihood (LeCun et al., 2015), we have the
following Lagrangian:

LAY = Eyngisg [Q7 (s a.9)] +

AE 5 o, log(n(als, 8)). (7
For a deterministic policy z, it can be regarded as a Dirac-
Delta function. Consequently, the constraint fa 7n(als, g)da

= 1 is always satisfied. Therefore, Equation Eq. 7 simplifies
to:

argminE, ;. p [~0"(s.a,8) + llz(s,9) —all3]. (¥
/

It also can be rewritten to maximize the objective form:

Jy(m) = E 4 g |07 (5,0, 8) +log(n(als, 8))] - ©)

The two objectives optimize the policy through different
mechanisms. The objective J,,,.(7) represents weighted
behavior cloning, which is typically used in prior GCWSL
methods. However, J,,,.(7) may not yield the optimal goal-
conditioned actions (Section 3.2), since the policy constraint
is inclined to be more conservative, it tends to align with the
actions present in the dataset. On the other hand, the objective
J(8), optimizes the policy through Q-learning, a method
inherent to TD-based RL, as corroborated by (Fujimoto and
Gu, 2021).

It is important to note that these two objectives are mutu-
ally reinforcing: the weighted behavior cloning guarantees
that the policy constraint remains adaptable and selects high-
quality samples for the (s, g) pair corresponding to sub-
trajectories. Concurrently, the Q-learning steers the policy
towards the optimal action for the (s, g) pair.

Based on this discussion and the interoperation of these
two objectives, we combine Eq. 6 with Eq. 5 to optimize
the policy concurrently. This leads to our Q-WSL policy
optimization objective for policy updates:

Jo-wsr = Eag~s, [Q%(s,a,2)
——

Q-learning
+1 f(A"(s,a,8)) - log my(s,a, 8) |, (10)

~
Advantage-weighted Regression

where 7 is defined to balance the RL term ( maximizing
Q-function) and imitation term ( maximizing the weighted
behavior cloning term) like TD3+BC (Fujimoto and Gu,
2021).

4.3. Practice Algorithm

We adopt the DDPG+HER as our baseline framework
following (Fang et al., 2019; Yang et al., 2021), therefore for a
deterministic policy z(s, g), the Eq. 20 and Eq. 8§ are used dur-
ing training procedure. Moreover, we follow WGCSL (Yang
etal, 2022) to define f(A) equal to y'~" exp,;;,(A(s;, 4, 8)) -
e(A(s;, a;, g)), where A(s;, a;, 8) = r(s;, a,, 8)+yV (8141, 8)—
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Table 1

Comparison of various goal-conditioned methods policy objectives. F signifies the advantage-weighted function in WGCSL, F signifies
the f-divergence function in GoFAR and {3, B3,, B,,} correspond to {replay buffer, relabeled data, model-based relabeled data} respectively.

Goal-conditioned Methods

Optimization

Relaheli

Policy objective

g

Q-learning  Advantage-weighted Regression

DDPG(Paul et al., 2018) min”H Eoon [*Q(S, /ra(s,g),g)]

Action Models(Chebotar et al., 2021b) min, E, . o [-0'(5, 7 (s, ), )]
DDPG+HER(Andrychowicz et al., 2017) minﬂﬁ E(‘.R)NB’ [—Q(s, 7y(s, &), g)]
Model-based HER(Yang et al., 2021)
GCSL(Ghosh et al., 2021)
WGCSL(Yang et al., 2022)

GoFar(Ma et al., 2022)

minﬂo [E(m_g)N,;’ [— log 7y(als, g)]

DWSL(Hejna et al., 2023) min, E . o5 [—€"" - logmy(a,ls, &)

min,, E,n, (00, 7(s, ), O + 2y 5 [lla = 7405, 2]

ming B, o oo, [*F(A(,vr, a,, g),1) - log my(a,ls,, g)]
min, Eq, .5 [FL(R(s;8) + 7TV (s,a;8) — V(s; ) log z,(als, g)|

Q-WSL(ours)

min, Ei, o o, [~O0, T4(5,158), 8) + nF(ACs,, a,, 8), Dl e(s,, 8) — all?]

NIX X %X %X NN % N
SIS NN %X %X %X % X%
SIS SOSS S SN XX

V (s;, g) and the value function V (s,, g) is estimated using Q-
value function as V' (s;, g) = O(s;, 7(s;,1, &), &) Because in
the experiment, we found that the effect of this form of f(A)
is better for online goal-conditioned RL, and other forms
of f(A) may be more friendly for offline settings. The final
overview of Q-WSL is presented in Algorithm 2.
Compared with WGCSL Motivated by (Chane-Sane et al.,
2021; Yang et al., 2022), we also compared with WGCSL
and have the following boundary:

Theorem 2. Suppose function exp.;,(A(s;, a;,8) - €(A(s,
,0;,8) = 1,8 = ¢(s;),i > 1 over the state-action-goal
combination. Consider a finite-horizon discrete Markov
Decision Process (MDP), a deterministic policy x that selects
actions with non-zero probability, and a sparse reward func-
tion r(s,,a,,8) = 1 [qﬁ(s[) = g], where 1 [qb(si) = g] is an
indicator function. Given trajectories T = (sy,ay, ***, S, ar)
and a discount factor y € (0, 1], the following bounds hold:

Jo-wsit(®) 2 Iweest(®) 2 Tges (7). (11)

We defer the proof to Appendix A.l. This theorem indicates
that under a reward of r(s,,a,,8) = 1 [d)(si) = g], the
optimization objective of Q-WSL is at least better than that
of WGCSL and GCSL.

4.4. Compared with Previous Goal-conditioned
Methods

Table 1 compares the policy optimization objectives
of the proposed goal-conditioned methods with those of
prior works. For this comparison, we selected four actor-
critic methods (Silver et al., 2014; Chebotar et al., 2021a;
Andrychowicz et al., 2017; Yang et al., 2021), and four state-
of-the-art goal-conditioned weighted supervised learning
methods (Liu et al., 2021; Yang et al., 2022; Ma et al., 2022;
Hejna et al., 2023).

Table 1 demonstrates that most prior weighted self-
supervised methods are based on advantage-weighted regres-
sion approaches, with the exception of GCSL (Liu et al.,
2021), which employs an objective similar to Equation 4.
However, methodologies such as GCSL (Liu et al., 2021),
WGCSL (Yang et al., 2022), and DWSL (Hejna et al., 2023)

are constrained to utilizing trajectories from successful ex-
amples only. GoFAR (Ma et al., 2022) requires the collected
dataset to cover all reachable goals, and Action Models
(Chebotar et al., 202 1a) fails on noisy trajectories. In contrast,
our Q-WSL avoids these drawbacks. Our approach shares
the principles of prior actor-critic methods such as DDPG
(Silver et al., 2014), DDPG+HER (Andrychowicz et al.,
2017), and Model-based HER (Yang et al., 2021). To properly
recognize the contributions of previous studies, we assert
that our proposed method capitalizes on the benefits of both
Q-learning optimization and advantage-weighted regression.
Consequently, many of the aforementioned techniques, par-
ticularly WGCSL, GoFAR, and DWSL, can be seamlessly
integrated into our model.

5. Experiments

We begin by introducing the benchmarks and baseline

methods, followed by a detailed description of the experimen-
tal setup. Subsequently, we present the results and analysis,
which confirm our assumptions and theoretical framework.
Benchmarks We use some standard goal-conditioned RL
research benchmarks (Plappert et al., 2018) including one
task on the Shadow — hand and four tasks on the Fetch
robot (See Fig. 2).
Baselines In this section, we compare our method Q-WSL
with prior works on various goal-conditioned policy learning
optimization algorithms as show in Table 1 . We conducted
a series of comparative experiments by implementing the
baseline methods within the same framework as our proposed
approach. Detailed baselines algorithm implementation is
shown in Appendix A.3. We provide a brief overview of our
baseline algorithms as bellow:

e DDPG (Paul et al., 2018) is an efficient off-policy actor-
critic method for learning continuous actions. In this
paper, we adopt it as the basic framework.

e DDPG+HER (Andrychowicz et al., 2017) combines
DDPG with HER, which learns from failed experiences
with sparse rewards.
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Algorithm 2 Q-WSL

1: Initialize off-policy replay buffer /3

2. Initialize policy z,, policy target network weights 6 < 6, Q-network 0,,, O-target network weights y < y,

3: while a fixed number of iteration do

4: Collect trajectories with the policy z and save to the replay buffer 3

for Update goal-conditioned policy step do

Generate relabeled data B, from B: m < {(s,, a;, g, r(s;,a;,8)),i > t}, where g = ¢(s;),i >t

Calculate Q targets Vg Vg = r(s; a;, 8g) + }/Vg(sH_], (8141, 8), 8)

5
6
7 /I Sample relabeled data and calculate Q-value function
8
9

Clip the Q-value function: y, = yq.clip(—l/(l -7),0)

10: Optimize Q by minimizing following TD error: E(s 4 4(s,.s,,)~B, [(yq -0, (s, a4, g))z]
11: Calculate the weight within WGCSL: w, = y'™ expeip(A(Ss, 4y, 8)) - €(A(sy, ay, 8))

12: //Policy optimization with Q-WSL

13: Update 7, with maximize goal-conditioned policy optimization with Eq. 20 and Eq. 8
14: end for

15: Soft update the target policy, Q-network and V -network: 8 < 70 + (1 — )0, ¥ < tw + (1 — 1)@

16: end while

()

Fig. 2. Examples of goal-conditioned benchmark environments: (a) FetchReach, (b) FetchPush, (c) FetchSlide, (d) FetchPickAndPlace, (e)

HandReach.

e Actionable Models (Chebotar et al., 2021b) subtly
combines goal-chaining with conservative Q-Learning.
we re-implement this goal relabeling technique which
apply the the Q-value at the final state of trajectories
in B to enable goal chaining, as well as the negative
action sampling operation.

e MHER (Yang et al., 2021) constructs a dynamics
model using historical trajectories and combines cur-
rent policy to generate future trajectories for goal
relabeling.

e GCSL (Ghoshetal.,2021) s a typical goal-conditioned
supervised learning. GCSL incorporates hindsight
relabeling in conjunction with behavior cloning to
imitate the suboptimal trajectory.

e WGCSL (Yang et al., 2022) introduces an enhanced
version of GCSL, incorporating both discounted goal
relabeling and advantage-weighted updates into the
policy learning process. This integration aims to im-
prove the efficiency and effectiveness of the policy
learning updates.

e GoFar (Ma et al., 2022) employs advantage-weighted
regression with f-divergence regularization based on
state-occupancy matching. Additionally, it introduces
a hierarchical framework in offline goal-conditioned

reinforcement learning to effectively manage long-
horizon tasks.

e DWSL (Hejna et al., 2023) initially creates a model
to quantify the distance between state and goal. And
then DWSL utilizes this learned distance to improve
and extract policy.

Architecture Setup We utilize the DDPG (Paul et al., 2018)
in conjunction with HER as the foundational algorithm for
goal-conditioned RL, against which we benchmark various
baselines. Specifically, the critic architecture Q(s,a, g)
adheres to the Universal Value Function Approximators
(UVFA) model (Schaul et al., 2015). The actor network
generates actions parameterized by a Gaussian distribution.
The actor and critic networks are structured with three
hidden layers of multi-layer perceptrons (MLPs), each
comprising 256 neurons and employing ReLLU activations.
The architectural setup can be denoted as [linear-ReLU]X3,
followed by a linear output layer. We follow the optimal
parameter settings for DDPG+HER as specified in (Plappert
et al., 2018). All baseline hyperparameters are maintained
consistently. Additional details are provided in Appendix
AS.

Evaluation Setup For each baseline and task, we conducted
evaluations using random five seeds (e.g, { 100, 200, 300, 400,
5001}). The policy was trained for 1000 episodes per epoch.
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Table 2

Mean success rate (%) for challenging multi-goal robotics tasks after training
Task Weighted Behavior Cloning Actor-Critic Methods

Q-WSL(Ours) | DWSL GoFar WGCSL GCSL DDPG+HER MHER Action Models DDPG

FetchReach 100.0 +0.0 96.0+2.74 100.0+0.0 99.0+2.2 932+42 ] 992+13 99.8 £ 0.4 97.4+52 100.0 + 0.0
FetchPush 99.4 +0.89 72+39 88.8 + 8.0 94.0+5.3 54+48 91.6 £17.3 96.8 +4.5 6.8+3.5 7.0+42
FetchSlide 50.6 +8.4 0.2 +0.45 36.6+109 29.0+14.6 04+05 30.2 £ 14.9 436 +856 0.2+045 22+38
FetchPickAndPlace | 96 +2.9 3.8+2.28 452 +4.14 664+ 1244 38+228 | 926+ 1.14 954 +288 34+251 38+23
HandReach 59.8 £11.8 0.0+0.0 176 £456 192+10.59 0.0+0.0 648 +£99 0.0+0.0 0.0+0.0 0.0+0.0
Average 81.16 21.44 57.64 61.52 20.56 75.68 67.12 21.56 22.6

Upon completing each training epoch, the policy’s perfor-
mance was measured by calculating the average success rate
from 100 independent rollouts, each using randomly selected
goals. These success rates were averaged across five seeds and
plotted over the learning epochs, with the standard deviation
illustrated as a shaded region on the graph.

5.1. Performance Evaluation on Multi-goal
Benchmark Results

For all baselines, we use 16 CPUs to train the agent
for 50 epochs in all tasks. Upon completing the training
phase, the most effective policy is evaluated by testing it
on the designated tasks. The performance outcomes are then
expressed as average success rates. Performance comparisons
across training epochs are illustrated in Table 2. For Q-WSL,
the policy objective parameter 7 is set to 0.1.

From Table 2, it is evident that Q-WSL attains sig-
nificantly higher performance than prior baselines. The
results indicate that DDPG and Actionable Models perform
poorly across all tasks, while DDPG+HER, MHER, and
GCWSL methods, which benefit from HER, demonstrate
greater effectiveness. This underscores the importance of
HER in multi-goal RL for enhancing learning with sparse
rewards and improving sample efficiency. Furthermore, TD-
based RL methods built upon HER consistently outperform
GCWSL methods under the same conditions, confirming our
conclusions in Section 4.1.

Table 2 also shows that compared to the best baseline
method, DDPG+HER, Q-WSL attains an improvement of
up to 5.48 percentage points. The average improvement
across the five tasks is 37.645 percentage points. In summary,
Q-WSL constitutes a straightforward yet highly effective
approach that attains state-of-the-art performance in goal-
conditioned reinforcement learning.

5.2. Sample Efficiency

To evaluate the sample efficiency of Q-WSL compared to
baseline methods, we analyze the number of training samples
(ie., {s,a, g, g) tuples, g’ is the relabeled goal) required to
attains a specific mean success rate. For this comparison,
we have selected competitive baselines that employ goal
relabeling strategies in the HandReach environment.

The results are depicted in Fig. 3. In the HandReach
environment, as shown in Fig. 3, Q-WSL requires only

1000 samples to attains the 0.1 mean success rate, demon-
strating superior sample efficiency. In this case, Q-WSL
is at least twice the sample efficiency of previous works.
The reason why a
state-of-the-art base-
line DWSL is not listed
here is that there is
basically no success
rate in the HandReach
environment. Overall,
Q-WSL enhances sam- 25001 00 2000
ple efficiency by an 0
average factor of seven
(6.8) compared to the
baseline methods.

HandReach
16400

17500

15000

12500

10000

Training Samples

[N
S o
S o
S o

3000

Q-wsL GoFar WGCSL DDPG+HER
Method

Fig. 3. Training samples for HandReach
environment under 0.1 success rate.

5.3. Robust to
Environmental Stochasticity

To test whether our Q-WSL is robust to random environ-
mental factors, we follow Gofar’s settings. Specifically, we
examine a modified FetchPush environment characterized
by the introduction of Gaussian noise with a zero mean
before action execution. This modification generates vari-
ous environmental conditions with standard deviations of
0.2,0.5,1.0, 1.5, allowing us to analyze the robustness and
performance of the proposed method under differing levels
of stochasticity.

As we see in Fig. 4, Q-WSL is the most robust to
stochasticity in the FetchPush environment, also outper-
forming baseline algorithms in terms of mean success
rate under various noise levels. WGCSL exhibits minimal
sensitivity to variations in noise levels, whereas DDPG+HER
is more sensitive,

FetchPush

and GoFar is the o0 —
most affected by i

noise fluctuations. g e

Despite DWSL's in- 3 &

sensitivity to noise,  * o= s

its overall perfor- 1of 4 et

mance remains sub- bo—wz o3 o I

Noise Level

optimal. We ana-
lyze that the as-
sumption of deter-
ministic dynamics

Fig. 4. Mean success rate (%) for FetchPush
task under environment stochasticity
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Table 3
Mean success rate (%) for challenging multi-goal robotics tasks
under indicator reward after training

Task Q-WSL(Ours) DWSL GoFar WGCSL DDPG+HER  DDPG
FetchReach 100.0 +0.0 98.0+1.58 100.0+0.0 100.0+0.0 100.0+0.0 100.0 £ 0.0
FetchPush 99.4 +0.89 44+18 94 +5.1 83.0+8.6 574+127 44+18
FetchSlide 446 +6.3 04+05 20+2.1 314+43  74x19 02+04
FetchPickAndPlace | 454 +14.5 44+15 165+9.2 406 +6.1 23.6 +2.6 44+17
HandReach 75.6 +5.68 0.0+0.0 212+45 188 +104 402+127 0.0+0.0
Average 73.0 21.44 29.82 54.76 4572 21.8

in the self-supervised learning methods such as WGCSL,
GoFar, and DWSL may lead to overly optimistic performance
estimates in stochastic environments. In contrast, reinforce-
ment learning methods are capable of effectively adapting to
these changes.

5.4. Robust to Reward Function

Because the benchmark utilizes a default reward value
of Eq. 1, we setitto 1 [d)(si) = g] to assess the algorithm’s
robustness to variations in reward structure. The comparison
is shown in Table 3. From Table 3, in the all 5 goal-
conditioned RL benchmarks, we can see Q-WSL still attains
significantly higher performance than prior baselines and
HER principle is also still important to learning sparse reward.
Moreover, DDPG+HER is poor performance compared to
GCWSL as it is always zero in indicator reward, this means Q-
learning is less robust to reward function. This phenomenon
and shortcomings of Q-learning have also been demonstrated
in (Eysenbach et al., 2020).

5.5. Ablation Studies

To evaluate the significance of incorporating both Q-
learning and advantage-weighted regression in Q-WSL, we
conducted ablation experiments comparing various Q-WSL
variants with HER. For the joint optimization in Equation
Eq. 10, the parameter 7 is set to 0.1 by default. We conduct
our experiments under the following conditions:

e Q-WSL Q-learning + Goal-conditioned Weighted
Supervised Learning (GCWSL).

e No Q-learning which is equivalent to WGCSL.

e No WSL which is equivalent to Q-learning as de-
scribed in Eq. 8.

Empirical results are shown in Fig. 5. As depicted in Fig. 5,
Q-learning and GCWSL are essential components. Q-WSL
demonstrates faster learning than DDPG+HER, whereas the
state-of-the-art baseline DWSL fails to learn in FetchPick and
FetchPush, suggesting that supervised learning is sub-optimal
for relabeled data. The integration of Q-learning and GCWSL
significantly enhances performance.

The underlying rationale for these results is that Q-
learning and GCWSL mutually reinforce each other within
the Q-WSL framework. GCWSL supplies high-quality sam-
ples for policy training, while the Q-learning refines the
policy further, thereby guiding the curriculum of advantage-
weighted regression.

— Q-WSL No WSL DDPG+HER --- DWSL --- GoFar --- WGCSL
FetchPick FetchPush
1.0 1.0
208 0.8
&
n 0.6 0.6
¢ R
S0.4 0.4

=
V0.2
0.0,

0.2
50 0.0,

0 0 10 20 30 40 50

Epoch

Fig. 5. Ablation studies in FetchPick and FetchPush tasks. The
results indicate that Dynamic Programming plays a crucial role in
the effectiveness of GCWSL.

6. Conclusion

In this paper, we develop a novel approach termed
Q-learning Weighted Supervised Learning (Q-WSL) for
Goal-Conditioned Reinforcement Learning (GCRL), which
employs the principles of Dynamic Programming from
Q-learning to overcome the notable shortcomings of the
Goal-Conditioned Weighted Supervised Learning (GCWSL)
technique. This innovative framework significantly enhances
the capabilities of goal-conditioned reinforcement learning
algorithms. Q-WSL specifically targets situations where
GCWSL demonstrates suboptimal results due to the necessity
of stitching trajectories for task completion. By utilizing Q-
learning, our method effectively propagates optimal values
backward to the initial states, thereby ensuring optimal
decision-making. Experimental evaluations in rigorous goal-
conditioned RL scenarios show that Q-WSL not only out-
performs existing advanced algorithms but also maintains
consistent performance amidst variations in reward dynamics
and environmental uncertainties, illustrating its robustness
and versatility.

Future research will explore the potential of purely
supervised learning and other approaches, such as efficient
data augmentation or other Dynamic Programming former,
to facilitate faster and more efficient learning of enhanced
goal-conditioned policies.

A. Appendix
A.1. PROOF of Theorem 1

Goal-conditioned AWR maximizes the expected im-
provement over a sampling policy and can implemented
as a constrained policy search problem. This optimization
problem in goal-conditioned settings can be formulated as
(Peng et al., 2020; Nair et al., 2020):

arg max = / p5,(8) / dp (slg) / [A%(s,a,2)| dadsdg,
g s a

/ﬁ(a|s,g)da =1, s.t. KL(7y|| 7 010pe1) < € (12)

a

where p Br(g) represents the goal distribution in relabeled

data, and d (s]g) = Zi;ifo Y'D(8; = S| 7po1ape1> &) denotes the
goal-conditioned un-normalized discounted state distribution

First Author et al.: Preprint submitted to Elsevier

Page 8 of 12



Leveraging Dynamic Programming for Weighted Supervised Learning in Goal-conditioned RL

induced by the relabeling policy 7,4, (Sutton and Barto,
2018). In this context, T, is the learned policy, B, refers to
the relabeled data, and 7,,;,,; signifies the behavioral policy
responsible for collecting the dataset. KL represents the
KL-divergence measurement metric, and € is the threshold.
By enforcing the Karush-Kuhn-Tucker (KKT) condition on
Eq. 12, we obtain the Lagrangian:
L(A, 7, ca) 13)

- / o, (®) / ds; (51g) / #(als. g) [A%(s. a,9)] dadsdg
8 N a

+A(e_/pBr(g)/dBr(Slg)KL(”],/””relabel)ds)dg
g s

+/a(1 —/zr(a|s,g)da)ds.

Differentiating with respect to z:

(14)

oL .
- = pBr(Ss g)A (S, a, g) - j’ ° pBr(ss g) ° log ﬂrelabe[(alss g)

orn
+ipBr(s’g)log”(a|S9g)+APB,(Ssg)_as (15)

where PB,(S7 g) = pBr(g)dBr(slg). Then set % to zero we
can have:

1 a
) = i) _Aﬂ - - 5 1 )
n(als, 8) = Tyeraper(als, &) exp( pl ) exp( 75 (528 A )
(16)
where exp(— L _a_ 1) is the partition function Z(s, g)
pp,(5.8) A

which normalizes the action distribution under state-goal
(Peng et al., 2020):

1 o

— 2
PBr(s, g) A

Z(s,8) = exp(—

'
= / nBr(a'|s, g) exp(%A”(s, a,g)dd. 17)
a

The closed-form solution can thus be expressed as follows:

1z
”relabel(als’ g) eXp(EA (s,a,8))
(18)

Finally, since x is a parameterized function, translate the
solution into these policies, resulting in the following opti-
mization objective:

7*(als, g) = ﬁg)

argminE, .5 [KL(x*(:|s5, @)l 7(-]s, 8))]

=arg n%inES,gws, [KL( Trelabel(alS, &)

_
Z(s,8)
: exp(%A”(s, a.g)llzC1s.2))]

. 1
= a‘rg Hi_ln IEs,gNBrIEa~Br [ - ”(a|s9 g) eXp(EA”(S7 av g))]
19

The objective can now be interpreted as a weighted maximum
likelihood estimation. If the policy is deterministic, the
objective can be simplified to:

. 1
arg mlnIEs,a,gNBr I:GXP(EA”(S’ a, g) : II”G(S’ g) - a”%]
T
(20)

It can be rewritten to maximize the objective form:

Tune®) = By, [0 475, 0.8) - og(a(als. )
@1

However, Z(s) is typically ignored in practical implemen-
tations (Peng et al., 2020; Nair et al., 2020). Notably, (Nair
et al., 2020) suggests that including Z(s, g) often degrades
performance. Therefore, for practical purposes, we also omit
the term Z(s). If we rewrite exp(%A”(s, a, g) to a general
function f(A), then GCWSL is the variant form of goal-
conditioned AWR which guarantees policy improvement.

A.2. PROOF of Theorem 2

Before proving, we note the following premises: 1 > y >
LT 2n>0,exp.,(A(s;, a., 8) - €(A(sy, a,,8)) 2 1,8 =
¢(sp),i >t

JQ—WSL = Jq + ﬂngcsl

= Egep(e).emmyCleumi.Thime [V 1(50 a1, 8) + 0y
expip(A(s; 4., 8)) - €(A(s;, a,. 8)) log z(a, | 5, 8)]
> Eqp(g). ey l0)a~1.TLim(tT1 [ €XPetip(A(S;- - 8))

- e(A(s; a,,8)) log m(ay | 5, 8)]

> Eqp(g). ey l0)i~1.TLim(0.T1 [ EXPerip(A(S;: - 8))

- €(A(sy, ap g) log n(a, | 5, 8)] 2 Jwgesi(m)

> By p(g). ey 0)a~1Ti~(eT] [ 108 701 | 5. 8)]

2 Jgesp(n).

A.3. Baseline Details

In our experiments, all algorithms share the same
actor-critic architecture (i.e, DDPG) and hyperparameters.
Throughout the data collection phase governed by policy =,
Gaussian noise is systematically added with a mean of zero
and a constant standard deviation, as detailed in (Fujimoto
et al., 2018), to enhance exploration capabilities. Implementa-
tions of DDPG, AM, MHER, DDPG+HER, and GCSL were
sourced from GoFar’s open code. Although WGCSL, GoFar,
and DWSL are designed as offline algorithms, they are also
applicable in off-policy settings; hence, we re-implemented
them into our framework based on the principles outlined in
the literature. Here, we specifically focus on methods based
on advantage-weighted regression. Before introducing the
methods, we will first define 3 as the replay buffer and 53,
represent the data relabeled from this buffer. We will evaluate
the following GCWSL methods for comparison.

(22)

e GCSL (Ghosh et al., 2021) is implemented by remov-
ing the critic component of the DDPG algorithm and
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modifying the policy loss to be based on maximum
likelihood estimation:

Ir}rin —E(s.a00~5, [logz(a|s.g)]. (23)
GCSL can be regarded as GCWSL when f(A) = 1.

The following baselines are all on the offline goal-
conditioned. We re-implement them on the online.

e WGCSL (Yang et al., 2022) is implemented as an
extension of GCSL by incorporating a Q-function.
The training of the Q-function employs Temporal
Difference (TD) error, similar to the methodology used
in the Deep Deterministic Policy Gradient (DDPG)
algorithm. Furthermore, this process is enhanced
by incorporating advantage weighting into the re-
gression loss function. The advantage term that we
compute is denoted as A(s;,a;,8) = r(s;.a,,8) +
7O(5;41.7(5;41. ). )~ QC(s;. a,, g). By employing this
denotes, the policy objective of WGCSL is:

m,[in _[E(s,,a,,g)NB, [yi_t expcl[p(A(sn a;, g))
- €(A(s; 4, 8)) log m(a, | 51, 8)] 24
where exp,;, is the clip for numerical stability and

I, A(s.a.8)> A
€

€(A(sy,a1,8) = { N COA))

mins Otherwise

(A is a threshold, €,,;, is a small positive value).

min

e GoFar (Ma et al., 2022) proposed the adoption of a
state-matching objective for multi-goal RL, wherein a
reward discriminator and a bootstrapped value function
were employed to assign weights to the imitation
learning loss. The policy objective of GoFar is:

m”in —[E(S”al,g)NB[max(A(s, a,g)+ 1,0)log z(a,|s,, g)l.

(26)

The advantage function is estimated using discriminator-
based rewards. The discriminator, denoted as c, is
trained to minimize

Egnpie)[Epesig) [10g c(s, g)] + Ey,g)~nllog(l — c(s, g))]]
27

. The value function V is trained to minimize (1 —
E(s gy mpgpie) [V (5, 8)] + %[E(s,u,g,sf)NB[("(ﬁg)"'
YV(s':g) — V(s:g) + D?], where V' > 0. After
obtaining the optimal V'*, the calculation method of
advantage function A(s, a, g) is the same as WGCSL.
We have re-implemented GoFar with an enhanced
version, GoFar+HER (i.e, g = g), to attain higher
sample efficiency.

e DWSL (Hejna et al., 2023) presents a cutting-edge
supervised learning approach that models the empirical

distribution p/. of discrete state-to-goal distances d
based on offline data. We adapted this method to an off-
policy setting, implementing the following principle
for distribution training:

maxEp, [logpf (G == D//Nlswg)]. @8)
where s;,5;,1,8 = d)(sj),j > i are the relabeled
data from the B,, and N represents the number of
steps. DWSL calculates significant statistics from
the distance distribution to determine the shortest
path estimates between any two states, thus avoiding
the challenges of bootstrapping. Specifically, DWSL
utilizes the LogSumExp function for a smooth estima-
tion of the minimum distance.The method calculates
distances between any two states as follows:

d(s;, g) = —alog Ey ~ pL(|(s;,8) [eTH/"9]  (29)
and

d(si11,8) = —alog By ~ pL(-I(si41.8)

. [e_k/(la)] , (30)

where I is the bin count in the distribution and « is the
temperature. We follow DWSL to set I to default to
100.

Ultimately, DWSL reweights actions according to their
effectiveness in reducing the estimated distance to the

goal:
A=d(s;. d(s))) — c(s;, 8) — d(s;415 9), 31
where c(s;, 8) = 1 [p(c;yy) # 8] /1.
The policy is then extracted as:
max Ep, [eA/” log my(a;ls;, 8)] . (32)

, Where w is the temperature parameter, and 7z is the
policy parameterized by 6.

A.4. Additional Experiments Results

In this section, we examine the robustness of Q-WSL
concerning various parameters, including the relabeling
ratio. Due to space limitations, detailed ablation studies are
provided here instead of the main text.
Relabeling Ratio The multi-goal framework we consider
assumes that data is associated with goal labels. We explore
the influence of the relabeling ratio on performance, as
depicted in Fig. 6. The results in Fig. 6 indicate that Q-WSL
remains robust across different relabeling ratios. Furthermore,
Q-WSL consistently outperforms competitive methods such
as WGCSL and DDPG+HER at various relabeling ratios.
The Impact of Hyperparameter 5 Since our approach
optimizes both supervised learning (SL) and reinforcement
learning (RL) concurrently, this section explores the influence
of the balancing parameter #. We evaluate # values from
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— (Q-WSL DDPG+HER

FetchSlide, 0.2 Ratio FetchPush, 0.5 Ratio

DWSL GoFar --- WGCSL
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Fig. 6. Relabel ratio ablation studies in such multi-goal tasks. The results demonstrate that Q-WSL outperforms other competitive HER-based

methods, except in cases where the labeling rate is 1.0.

— Q-WSL — 02 1.0 3.0 DDPG+HER --- DWSL =--- WGCSL GoFar
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Fig. 7. Hyperparameter 7 ablation studies in such multi-goal tasks. Although the parameter # can take different values, the results demonstrate
that Q-WSL remains unaffected by variations in #, consistently achieving state-of-the-art performance.

the set {0.1,0.2,1.0,3.0} and compare the results against
competitive HER-based algorithms such as WGCSL and
DDPG+HER, as shown in Fig. 7. The findings in Fig. 7 reveal
that Q-WSL consistently delivers superior performance over
the other algorithms, regardless of the # parameter variation.
This demonstrates that our method maintains robustness and
is not significantly affected by changes in the # parameter.

A.5. Hyperparameters

For all experiments, we utilize the Adam optimizer. To
relabel goals, we uniformly sample from all future states
within each trajectory. For baseline methods employing
discount factors, we set y = 0.98 across all Gym Robotics
environments. Each algorithm is configured with a consistent
set of hyperparameters for all multi-goal tasks. The hyperpa-
rameters for DWSL, GoFar, WGCSL, GCSL, MHER, and
DDPG have been optimized for our task set, and we use the
values reported in previous studies. In our implementation
of AM, we use the same network architecture as DDPG and
therefore adopt its hyperparameters. All hyperparameters are
described in greater detail in (Andrychowicz et al., 2017).
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