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ABSTRACT

Reinforcement Learning (RL) has achieved significant success in
solving single-goal tasks. However, uniform goal selection often re-
sults in sample inefficiency in multi-goal settings where agents must
learn a universal goal-conditioned policy. Inspired by the adaptive
and structured learning processes observed in biological systems,
we propose a novel Student-Teacher learning paradigm with a Tem-
poral Variance-Driven Curriculum to accelerate Goal-Conditioned
RL. In this framework, the teacher module dynamically prioritizes
goals with the highest temporal variance in the policy’s confidence
score, parameterized by the state-action value (Q) function. The
teacher provides an adaptive and focused learning signal by target-
ing these high-uncertainty goals, fostering continual and efficient
progress. We establish a theoretical connection between the tempo-
ral variance of Q-values and the evolution of the policy, providing
insights into the method’s underlying principles. Our approach
is algorithm-agnostic and integrates seamlessly with existing RL
frameworks. We demonstrate this through evaluation across 11 di-
verse robotic manipulation and maze navigation tasks. The results
show consistent and notable improvements over state-of-the-art
curriculum learning and goal-selection methods.
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1 INTRODUCTION

Deep Reinforcement Learning (DRL) [31] has been successfully
applied in solving complex problems such as robotic manipula-
tion [21], continuous control[7, 10] ,flight control [27], intelligent
perception system [9], and real-time strategy gameplay [2]. Build-
ing upon DRL’s success, learning a generalized policy to solve
multiple goal-oriented tasks is of huge interest. In the past, the
multi-goal or multi-task [52] problems have been addressed by
merging Automatic Curriculum Learning (ACL) [1, 5, 26, 44, 45, 51]
with policy learning. Broadly, ACL resorts to presenting goal or task
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in increasing order of difficulty [37, 56, 57], and has been success-
fully applied to Sim2Real transfer [1], continuously-parameterized
environments [43], sequencing of components in multi-agent sys-
tems [53], and to improve DRL agent’s sample efficiency and per-
formance [16, 22].

This paper focuses on ACL from the perspective of Goal Con-
ditioned Reinforcement Learning (GCRL) [48]. Specifically, we ad-
dress multi-goal sparse reward scenarios where the agent is trained
to learn a universal policy to attain any goal in the goal space, and a
binary reward is provided when the desired goal is achieved. In such
multi-goal scenarios under ACL, learning is most effective when the
agent engages with goals positioned at the skill frontier—neither
too easy nor too difficult [38, 50]. Based on this observation, [35, 43]
use a curriculum that samples tasks with high Learning Progress
(LP), while Value Disagreement Sampling (VDS) [57] samples goals
with high epistemic uncertainty. Although ACL has improved their
performance, these approaches rely on noisy value estimates to
design a curriculum, and these noisy estimates become inefficient
in a high-dimensional goal space with sparse reward settings.

Concretely, we are motivated by theoretical analysis on ACL for
linear regression models [55] and curriculum design for teachers via
demonstration [56]. Our key insight is that relying on uniform goal
sampling to update policy and value function neglects the intrinsic
dynamics of learning, where certain goals require more focus due
to their evolving contributions to policy improvement and value
function learning. To address this, we propose a curriculum learning
framework based on temporal variance in Q-values, highlighting
regions where the learning dynamics are active. Although this
curriculum is defined using Q-value estimates, we establish that it
inherently captures the co-evolution of both the policy and value
function, a connection we formalize mathematically to provide
theoretical support.

Specifically, we introduce a Student-Teacher framework for GCRL
that utilizes learning progress measured by temporal variance in
policy confidence score to guide curriculum design. In this frame-
work, the teacher module (goal proposer) evaluates the agent’s
policy and assigns a policy confidence score to each goal in the goal
space. This policy confidence score, derived from state-action value
(Q) estimates, corresponds to the expected return under the current
policy for a given goal. The teacher leverages these confidence
scores to dynamically design the curriculum.

The teacher ensures that the curriculum continuously adapts to
the agent’s current capabilities and promotes efficient progress. To
measure progress, we introduce the concept of Learning Progress
(LP), which quantifies the temporal change in policy confidence
scores. The teacher evaluates learning progress by monitoring the
variance in these scores over time. This variance indicates the goals
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atthe skill frontier, where the agent's policy is evolving most rapidly.
This allows the teacher to focus on regions of the goal space where
the agent's learning is most active, promoting continual and ef-
fective policy improvement. The proposed algorithm has no static
design heuristic 13 57 and is ensemble-freed[7]. We name our ap-
proach TEACH (Temporal variancE driven Automatic Curriculum
teacHer). Further, to demonstrate the e ectiveness of TEACH, we
compare the proposed algorithm with Proximal Curriculum for
Reinforcement Learning (ProCurlbf] and Self-Paced Context
Evaluation (SPaCELB approaches, which use value estimates for
curriculum learning in contextual multi-task scenarios. We adapt
their strategies to a multi-goal setting. We also compare with the
current state-of-the-art VDSH7] in multi-goal GCRL. Finally, we
show that TEACH consistently improves performance on di erent
challenging tasks, including robotic manipulatiod{), dexterous
in-hand manipulation g0, and Maze navigationg7]. We summa-
rize our contributions as follows:

Theoretical insights: We establish a formal theoretical con-
nection between Q-values and policy evolution, demonstrat-
ing that changes in Q-values relate to policy divergence and
help identify regions of signi cant policy evolution.
Curriculum design: We propose a curriculum strategy based
on Learning Progress (LP) that mitigates the impact of noisy
value estimates, promoting e cient learning in multi-goal
sparse reward scenarios.

Validation and robustness: We validate our method through
extensive experiments across diverse robotic manipulation
tasks, demonstrating its e ectiveness and robustness across
di erent settings.

2 RELATED WORK

Curriculum learning has been recognized as a critical factor in
addressing various machine learning challenggsg, 14 49, aim-

ing to structure the presentation of samples during the learning
process. Although the experts can manually create such curricula
tailored to speci c problems, the concept of Automatic Curricula
Learning [19 43 concentrates on developing algorithms capable
of autonomously arranging the sequences of learning problems to
optimize agent performance.

Curriculum strategies for DRL: In DRL, applications of ACL

order [34 48. Hindsight Experience Replay (HER3 [is an implicit
curriculum strategy that relabels unsuccessful trajectory rollout as
successful. A more robust extension of it, Curriculum-guided HER
(CHER) L9 uses an adaptive relabelling strategy based on diversity
and goal-proximity. Combined with HER5[] proposes a Value
Disagreement Sampling (VDS) that uses a goal proposer module
that prioritizes goals that maximize the epistemic uncertainty of
the value function. A learning-based strategy using a Generative
Adversarial Network (GAN) was used byl 7], generating goals
with intermediate success probability.

Learning progress-based curriculum strategies have also been
studied, which sample goals more aggressively toward which agent
shows the most progress. A student-teacher framework for a dis-
crete task space that samples tasks with high LP was presented
by [35. To extend this to continuous task spacéd uses a Gauss-
ian Mixture Model (GMM) on a tuple of tasks and absolute learning
progress. The tasks are then sampled from a Gaussian chosen pro-
portionally to its mean absolute learning progress. These methods
use a dense reward structure and compute LP using either the near-
est neighbour 43 or the change in episode return for a given task.
This limits their direct applicability to GCRL with binary episodic
returns with random initial states. SPaCBJ uses the values func-
tion to design a curriculum learning based on learning progress.
However, their work targets contextual RL for discrete task settings.
In a similar context, ProCurl%2, inspired by the pedagogical con-
cept of Zone of Proximal Developméebd][ uses value estimates to
design a curriculum strategy that sample task that is neither too
easy nor too hard.

Existing curriculum RL methods often struggle with adaptively
selecting goals that maximize learning progress, relying on static
heuristics [L3 52 or computationally expensive uncertaintys[/]
measures derived from the value function. To address this, we pro-
pose atemporal variance-driven curriculum strategy that prioritizes
goals based on the variability of the policy learning progress over
recent time steps. By capturing the temporal divergence in the pol-
icy learning signal, our approach adaptively identi es goals at the
edge of the agent's capability without relying on static heuristics
or large ensembles, ensuring e cient and continual progress.

3 FORMAL PROBLEM SETUP

Multi-Goal MDP. We consider a multi-goal RL setting where
the objective is to learn a universal policy capable of achieving

are widespread as researchers often struggle to make generalist any goal in a speci ed goal space. The environment is de ned

agents and search for strategiekl] 47, 57] that can train agents
beyond their initial success. Curriculum reinforcement learning
techniques 12 17, 18 24, 25 28 30 43 43 45 50 57] primarily
concentrate on enhancing an agent's learning e ciency or e ective-

asM = 1Se Ae Ge TeWe «R9whereS and A are the state and
action spacess S isthegoalspacel :S A S!» (1%
de nes the transition dynamics\W 2 @1° is the discount factor,

is the episode length,an® : S A G S CIR s the goal-

ness across a set of tasks. Curriculum Reinforcement Learning has conditioned reward function, wher&®1Bs 0« 688= 0if k B 6 kY n

also been successfully extended to sim-to-real transfer by adapting
domain randomization J]. Exploiting world models for curricu-
lum learning have also been explored b33 36 39 42. Planning
Exploratory Goals (PEGRJ is a goal-conditioned policy that opti-
mizes directly for goals that would result in high exploratory value
trajectories. However, our focus lies on ACL design for model-free
GCRL.

Automatic curriculum learning for goal-conditioned RL is an
approach for presenting goals to learning agents in a meaningful
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Algorithm 1 Interplay of Teacher-Student components in RL agent
training

1: Initialization: Initialize RL policy parametrized by\ , replay

bu er’, goal space G.

for each episode 4 =1+ 2+ """ do
Teacher (goal-proposer) picks a goal 6 from goal space G.
Student (RL agent) generates episodic rollout trajectgyy
aiming to reach the proposed goal 6.
Update the parameterized RL agent using o -policy updates
with replay bu er .

. end for

E

Whereg = f1B+0 °g_}
tioned on 6.
Curriculum Learning. Further, we extended this multi-goal RL
setup to a student-teacher paradigm. The agent's performance over
goal6, which is uniformly sampled from goal spadg can be de-
ned as a policy con dence scor€® c16° = &\ c1B+6+Q%n the
context of our problem, we treat the policy as the student compo-
nent and the goal proposer unit as the teacher component. The
student component is updated using the goal-conditioned transi-
tions sampled from the replay bu et . On the other hand, the
teacher component de nes a curriculum over the goal space to im-
prove the student's performance. This work focuses on the design
of a teacher (curriculum) that can guide the student to learn in a
sample-e cient manner. The student-teacher interplay happens at
the start of an episode, i.e., the teacher samples a target goal from
the goal space for that particular episodic rollout. We summarize
this student-teacher interplay in Algorithm 1.

is a trajectory generated by, . condi-

4 TEMPORAL VARIANCE DRIVEN
CURRICULUM DESIGN

This section introduces a novel curriculum learning approach that
leverages policy con dence scores to evaluate learning progress. Ex-
isting methods primarily rely on value estimate-based metrid§ [

52 57 to design curricula, which have shown promise in multi-task
RL. However, value estimates are often noi§2[46 because they
are trained using small, random batches of data collected from roll-
outs generated by the agent, which is still learning. One potential
way to mitigate this issue is to use Polyak averaginti] to obtain
smoother value functions (refer to Section 5.4). Nevertheless, we
argue that the e ect of noisy values becomes more pronounced
when employing static heuristic-based strategies [13, 52].

To address this, we propose leveraging the temporal evolution of
the Q-function. We posit that even when value estimates are noisy,
their temporal evolution can reveal a clear direction of improvement
and suppress noise in curriculum learning. Further, the temporal
variance in Q-values inherently captures the co-evolution of both
the policy and value function, making it more informative and less
susceptible to noisy value estimates. By focusing on this temporal
signal, our strategy provides a more accurate representation of the
agent's learning progress, ultimately enabling the generation of a
more e ective learning curriculum. To this end, we rst establish
the theoretical connection between Q-value and policy evolution.
Next, we introduce the policy con dence score, a formal metric

to quantify the performance of the policy, followed by curriculum
design.

4.1 Theoretical Connection between Q-value

and Policy Evolution
Th? Q-function, &\ c1Bs6+0° =

& WRIB+0 68 B =B+g=06¢. , represents the ex-
pected return from a given state-action pair under policy for
goal6. Changes in the policy, . directly in uence the Q-values
through the Bellman operator [4]:

&°\c1Be 6+ 0° A @
|

=R1B+0-68B WEo1: jg.0c Egoc | 1 jepe&® c1B»6+°

As the policy evolves and improves, the state-action visitation
distribution shifts, causing the Q-function to update and converge
toward a new xed point. In practical RL, Q-learning serves as a
proxy for policy iteration, where temporal variance in Q-values
re ects underlying changes in the policy. To formalize this, we
consider a soft policy update mechanisi2d. While our training
uses a deterministic policy via DDPG§, we employ a soft policy
update model to theoretically analyze the relationship between
Q-value variance and policy evolution, as it provides a tractable
approximation for policy divergence.

&°\c1Be6e0°

C\.'0 jBe6°/exp U
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whereU j 0 is a temperature parameter controlling exploration.
The Kullback-Leibler (KL) divergenc9 between consecutive
policies is:
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Expanding this using Q-values (see extended preprBjtfpr
complete proof) yields:
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where & ©\c1Be6e0° = &c,11Be6e0° &' c1Be6e QThis approx-
imation shows that the KL divergence between successive policies
is proportional to the variance of Q-value changes. This indicates
that high Q-value variance signals signi cant policy evolution. By
tracking this variance, we gain a dual perspective on value and pol-
icy dynamics, informing our curriculum design to focus on goals
where learning is most active.

In Section 4.2, we introduce the policy con dence score, a Q-
value-derived metric to quantify policy performance and guide
curriculum updates.



Algorithm 2 Temporal Variance-Driven Curriculum Design 4.3 Curriculum Design

1: Initialization: Initialize RL policy parametrized by\ , replay Extending Sections 4.1 and 4.2, we propose a curriculum that pri-
bu er ', goal spacés, temporal window= (for variance cal- oritizes goalss 2 G to accelerate policy improvement in goal-
culation), interplay frequency (measured in episodes), and conditioned RL. Building on the Q-value variance insight Equa-
episode length , training timesteps). tion (5)and policy con dence score EquatiofT), we de ne a cur-

2: Sample # goals from goal space G riculum distribution K ©16° / X cc 16 Cowhere temporal variance

3: forC=01-2""") do encodes learning progress for gdaat timestepC This approach re-

4. ifC mod?! ©°=0then nes prior work like VDS [57 and SPaCE13, which use epistemic

5: Compute LF* 16e Cver past n timesteps using Equa- uncertainty or value di erences.

tion (10) for each goal and sample target goal Following Section 4.2, we use the policy con dence scGfec16° =

6: else Egp &% clBe6e¢1B+6°°to compute temporal variance for cur-

7: Use the previous L6+ C° to sample target goal riculum design. This score, driven by Q-value gradients in TEACH's

8 endif DDPG framework B3, re ects the policy's performance for god.

_ " " RO
¥ SRtglrlgliJr: Igoal-condltloned transitiortE: G A+ & 16° and Learning Progress via Temporal Variance. Per Section 4.1, high
. . . Q-value variance signals policy evolution. We extend this to de ne
10:  Update policy parameter\ using stored experience ) . . .
11 end for learning progress via the temporal variance of the policy con dence

score. A simple di erence likeC® c16° C ®c c 16° over a xed
interval C could be noisy due to unreliable Q-value estimates in
reinforcement learning 32 44. Instead, we propose a robust metric:
the temporal variance o€ c16° over a window of= timesteps,

4.2 Policy Con dence Score de ned as: &

Section 4.1 establishes that Q-value variance governs policy evo- Xce 160 CO _—._% Co: 160 (CC16e CFe (8)
lution, Equation(5). We use these insights to design a metric to T.=c=1

assess policy performance in TEACH's goal-conditioned RL. TO yhere the mean con dence score over the window is de ned as:
translate this insight into practice, we adopt DDP@J, an actor- &

critic method that updates the policg, .B+ 6%hat produces actions, CC 166 CO A CcO. 1507

augmented with exploration noise (e.g., Ornstein-Uhlenbeck) to T c-1

mimic the Q-value-driven updates of a soft policy.
In DDPG, the policy parametetsare updated to maximize\°
via the deterministic policy gradient:

This variance mitigates noisy Q-value estimates, as averaging over
=timesteps lters uctuations, enhancing robustness in TEACH's
curriculum design strategy. The learning progress for géaat

h i timestep C is then:
oA Egoec MN0c'B6%&"cB6 0 ggo (6) LP 16e co 25000
_ /¢

whereD is the replay bu er state distribution. This gradient demon-  Where/ ¢ = Xce 16+ C°3@ormalizes the distribution over the
strates that policy updates are guided by Q-value gradients, aligning 905”_ space G. _ ) ) .
with Section 4.1's insight. Leveraging the Q-function's signi cance, SinceG is continuous, computing cdirectly is intractable. We

we de ne the policy con dence score for a goal 6 as: address this by uniformly sampling goalsf6126+"""+6g G
at the start of training. For each sampled gd&l we compute

Xce 16g» C° and approximate the learning progress as:

9)

C _ C ”
CCI60 =By p &°1C1Be 6o 1Be 60 @) s 160 CO
LF" 16g CO " (10)
§=1Xce 165 C°
This metric aggregates Q-values across states to estimate the ex- h
pected return for an actor-critic policg, (1B« 6°the term&\ c1Bs 6s The curriculum distribution is:
c\ 1B 6°%epresents the expected return when starting from state KC160 = § Xce 16 C° 1)

Band pursuing goab underc, .. By taking the expectation over g:1><cc 16g C©
states,C® c16° yields a scalar metric that re ects the policy's av-
erage performance for go&l independent of speci ¢ state-action
pairs.

The policy con dence scoré€® c16° provides a measure to eval-
uate the policy's capability for each goal. This enables a curriculum Rationale and Bene ts. The temporal variange 16+ C°rooted
that targets goals with signi cant learning potential, as detailed in Sections 4.1 and 4.2, leverages Q-value dynamics to focus on
in Section 4.3. By leveraging Q-values updated through DDPG's goals where the policy evolves rapidly. By prioritizing high-variance
gradient,C® c16° captures the variance-driven progress central to  goals, TEACH's curriculum enhances sample e ciency, as shown
TEACH's design. in Section 5. Unlike simple di erences, averaging owetimesteps

and goals are sampled proportionally to these probabilities dur-
ing training. This process is repeated periodically to update the
curriculum based on the latest policy and Q-value estimates.



Figure 1: We evaluate the performance of TEACH on 4 FetchArm, 4 HandManipulate OpenAl Gymnasium [

and 3 Maze navigation environments taken from [57].

reduces sensitivity to Q-value noise, improving robustness in train-
ing. This approach uni es policy and value dynamics, tailored to
the continuous, noisy nature of goal-conditioned RL.

Finally, we summarize the proposed method in Algorithm 2.
Our approach employs the Deep Deterministic Policy Gradient
(DDPG) B3 algorithm as the base RL policy. To enhance the e -
ciency of universal policy learning, we incorporate the Hindsight
Experience Replay (HERJ|[strategy into the replay bu er ma-
nipulation. HER allows the o -policy RL algorithm to learn more
e ectively by reinterpreting unsuccessful trajectories as successful.

A notable advantage of our method is that the teacher compo-
nent, responsible for curriculum learning, does not introduce any
new hyperparameters except the temporal winddw®, which cap-
tures the evolution of the policy con dence score over the past
=time steps. This design choice ensures that the training routine
remains consistent with the base RL policy, simplifying the imple-
mentation and reducing the potential for hyperparameter tuning
complexity. As a result, our method maintains the stability and
reliability of the base RL algorithm while enhancing its learning
e ciency through strategic replay bu er manipulation and curricu-
lum learning.

5 EXPERIMENTS

We test our method on 11 multi-goal binary reward tasks. The com-
plexity details of the task are shown in Table 1, context refers to
the goal's dimension, and goal space siz€ refers to the num-
ber of goals sampled from the continuous goal space to make the
problem tractable. While our main focus relies on the robotics task
environment 40, we also include three Maze navigation tasks]

to evaluate performance in low-context problems.

5.1 Baselines

To establish the contribution and e ectiveness of the proposed
approach, we compare our method with the following baselines.
The VDS and ProCurl are currently state-of-the-art in multi-goal
and multi-task settings, respectively. All the baselines use value
estimates to design ACL, which makes them a strong choice for
baselines to highlight the advantage of our approach.

40] environments,

HER-IID [ 3] In HER-IID, the RL agent uses a hindsight experience
replay bu er which independently and identically samples goals
from task space. We use the o cial code-based implementation to
reproduce the results.

VDS [57] Value Disagreement Sampling samples goals from the
goal space based on value disagreement. Their strategy prioritizes
goals that maximize the epistemic uncertainty of the Q-function of
the policy. We use the o cial implementation to reproduce results.
SPaCE [L3 Self-Paced Context Evaluation provides a curriculum
learning explicitly using the agent's performance as an ordering
criterion. They use the agent's state value predictions to generate a
curriculum. Which uses the temporal di erence to design a curricu-
lum that heuristically selects a new goal if it observes signi cant
learning in the value function. We extended their strategy to our
setting using DDPG+HER [3] implementation.

ProCuRL [52 Proximal Curriculum for Reinforcement Learning
Agents is inspired by the pedagogical concept of the zone of prox-
imal development. They capture the idea of proximal using state
value estimates with respect to the learner's current policy. Their
strategy essentially serves as a geometric mean of the value function
over goals and the sample goal with the highest geometric mean.
We extended their strategy to our setting using DDPG+HER [3].

5.2 Implementation Details

Our curriculum design comprises two primary components: the
teacher (goal proposer) and the student (RL policy). The teacher is
a non-learning module that evaluates the student's capabilities (the
RL policy) to propose goals that promote e cient learning. The RL
policy, parameterized by, is deterministic by design, and we add
noise to its actions to enable better exploration. We combine DDPG
with HER. Incorporating the HER replay bu er relabeling strategy
enhances learning e ciency.

At the beginning of each episode, the student queries the teacher
for a target goal. The teacher evaluates the change in the student's
learning progress for each goal within the goal space, which consists
of # goals. The teacher selects and assigns the goal with maximum
temporal uncertainty in the student's con dence score as the target
goal. The RL policy then focuses on achieving this assigned goal.
Transitions generated through agent-environment interactions are



Table 1: Complexity of enviornments

Environment \Reward State Context Action Goal space size Episode length
FetchReach-v2 binary R R3 R3 148 50
FetchPickAndPlace-v2 | binary R RS R* 148 50
FetchSlide-v2 binary R R3 R3 148 50
FetchPush-v2 binary R RS RS 148 50
HandManipulateBlock-vl binary Rt R’ R20 148 100
HandManipulatePen-vl | binary Rt R’ R20 148 100
HandManipulateEgg-vl | binary RO R’ R20 148 100
HandReach-v1 binary RS R R20 148 50
MazeA-v0 binary R R? R2 148 50
MazeB-v0 binary R R? R? 148 50
MazeC-v0 binary R R? R? 148 50

Figure 2: Results show the performance across 8 robotic manipulation tasks (refer extended preprint[ 8] for complete results).
The plots show the success rate along the y-axis, evaluated through the current policy. The reported results are the mean across
seven seeds, with shaded regions highlighting the standard deviation.

stored in the replay bu er and subsequently used to update the approach, which inherently combines dual exploitation of the in-
policy. The network architecture is an MLP with 2 layers for the  formation from the current policy and state-action value estimates
Fetch and Maze navigation tasks and 3 layers for the HandManipu- through temporal evolution of Q-value, achieves superior sample
lation task, respectively, for both the actor and critic networks. The e ciency. The performance improvements are evident across low-
Q network is trained using a learning rate of@1 with a batch context tasks, such as Maze navigation, and high-context tasks,
size of 1024. All robotics tasks are trained for 1M time steps and such as HandManipulation. The reported performance of TEACH is
maze navigation tasks for 400K time steps, respectively. The agent's computed using a temporal window of = = 10, i.e., the curriculum
performance is evaluated by randomly sampling goals from the is designed based on the temporal divergence of the Q-function
goal space. All the reported results highlight the agent's success over the past 10 time steps. However, we highlight in Section 5.5
rate in achieving those randomly sampled goals. Speci cally, the that the performance of TEACH is mostly invariant with the size
success rate is calculated as the average goal-achievement rate overof the temporal history of the value function.
20 episodes at each evaluation step. Our approach consistently yields better policies while maintain-
ing high sample e ciency, as evidenced by extensive comparisons
5.3 Improvement Through TEACH ;\tjross_ tasks and baselir}es. The improvements st_em from addressing
o primary challenges: (1) the noisy and often inaccurate nature

The performance of all methods on robotics manipulation tasks is  of value estimates and (2) the additional noise introduced by the
shown in Figure 2. These results demonstrate that our proposed



Figure 3: Results show the e ect of smooth target con dence score for temporal window size = = 3. The results are across
seven seeds, where the shaded region represents the standard deviation. We observe that the smooth target con dence score
compared to the standard con dence score led to similar performances. This validates the hypothesis that the proposed method
measures are robust to noisy value estimates.

Figure 4: Ablation analysis of the e ect of temporal window size  =. The results are across seven seeds, where the shaded region
represents the standard deviation. We observe that the presented approach is insensitive to the temporal window size.

HER relabeling strategy, which adds ctitious and biased datainto 5.4 E ect of Smooth Target Con dence Score on
the replay bu er used for training the value function. Performance

We mitigate these challenges by designing a curriculum that
better aligns with the current policy's capabilities and is less prone
to the detrimental e ects of noisy value estimates. By leveraging
dual exploitation drawing information from both the current pol-
icy and state-action value estimates using temporal divergence to
measure learning progress, our strategy reduces the impact of noise
and enhances the robustness and e ectiveness of policy learning.

The issue of noisy value estimates and bias can be addressed by
Polyak averaging 41] to obtain a smooth value function. The
smoothed values function is often called the “target' values function.
The tar%et function parameters are computed using Equaiipd)
where\ ~ are parameters of the target values function andre
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