
Adaptive Reward Shaping Helps Only Without Entropy
Auto-Tuning: A Boundary Condition for Robotic Reaching

Mugahed Abdulla1,2, Maher Mesto2, Francisco Cruz2,3

Abstract— Adaptive Potential Functions (APF) improve con-
vergence when combined with deterministic policy gradient
methods such as DDPG, but it is unknown whether these
benefits transfer to entropy-regularised algorithms that already
manage their own exploration. We evaluate APF integrated
with Soft Actor-Critic (SAC) on simulated Kinova Gen3 Lite
reaching across 20 random seeds and 3,000 episodes per seed.
Under standard SAC with entropy auto-tuning, adaptive shap-
ing was statistically indistinguishable from baseline (mean AUC
−43.9 ± 14.2 vs −46.1 ± 18.5, p = 0.68, Cliff’s δ = −0.055).
However, fixing the temperature parameter at its default value
(α = 0.2) revealed a significant medium-sized benefit (p =
0.016, Cliff’s δ = 0.450), indicating that external scaffolding
helps when internal regulation is absent. Analysis of SAC’s
internal training dynamics shows that temperature tuning
does not materially change when APF is present, suggesting
partial functional redundancy between the two mechanisms.
We interpret this as a boundary condition for reward shaping:
adaptive scaffolding is redundant when the learner already
possesses intrinsic self-regulation, but becomes beneficial when
that mechanism is removed.

Index Terms— reinforcement learning, reward shaping, adap-
tive potential functions, robotic reaching, developmental learn-
ing

I. INTRODUCTION

Reinforcement learning (RL) has emerged as a promising
approach for learning robotic manipulation policies [1], [2].
A persistent challenge is sample efficiency: training requires
many environment interactions, making simulation-based
training with subsequent sim-to-real transfer the dominant
paradigm [3], [4]. Reward shaping can improve sample effi-
ciency by augmenting environment rewards with additional
feedback, and Adaptive Potential Functions (APF) [5] have
demonstrated improved convergence when combined with
DDPG [1] for robotic reaching.

However, Soft Actor-Critic (SAC) [2] takes a funda-
mentally different approach to exploration: it maximises
an entropy-regularised objective and automatically tunes a
temperature parameter α to balance exploration and exploita-
tion. This raises a question that, to our knowledge, has not
been investigated: Does adaptive reward shaping remain
beneficial when the learner already possesses an intrinsic
mechanism for managing exploration?

We hypothesise that APF partially overlaps in role with
SAC’s entropy auto-tuning. Although the two mechanisms
work differently – APF shapes rewards based on trajectory
statistics, while SAC penalises overly deterministic policies

1Robotic Systems Lab, ETH Zurich, Switzerland
2School of Computer Science and Engineering, UNSW Sydney, Australia
3Escuela de Ingenierı́a, Universidad Central de Chile, Chile

through entropy regularisation – both have the downstream
effect of encouraging broader state-space coverage during
early training. If this partial overlap exists, then APF should
be redundant when auto-tuning is active but beneficial when
auto-tuning is removed. We test this prediction directly by
fixing α at its initial value and comparing performance with
and without APF. Beyond reward performance, we analyse
SAC’s internal training dynamics (temperature α, policy
entropy, and Q-values) to examine whether APF interacts
with or operates independently of SAC’s entropy mechanism.

Developmental learning theory provides a lens for this
question. In Vygotsky’s zone of proximal development [6],
scaffolding supports learners who cannot yet succeed inde-
pendently. Wood et al. [7] observed that effective scaffolding
is contingent on the learner’s current capability. By structural
analogy, a deterministic policy learner (DDPG) lacks internal
exploration guidance and benefits from external scaffolding,
while an entropy-regularised learner (SAC) may already
occupy its own zone of proximal development through self-
regulated exploration.

The contributions of this paper are:
1) Integration of APF with SAC for robotic reaching,

extending the original APF-DDPG framework to an
entropy-regularised algorithm.

2) A 20-seed evaluation showing APF is redundant under
auto-tuned SAC (p = 0.68, Cliff’s δ = −0.055).

3) A fixed-α ablation demonstrating that APF signifi-
cantly helps when entropy auto-tuning is disabled (p =
0.016, Cliff’s δ = 0.450, medium effect), establishing
a mechanistic boundary condition for adaptive reward
shaping.

II. RELATED WORK

Reward shaping augments an environment’s reward signal
with additional feedback to accelerate learning. Ng et al. [8]
established that potential-based reward shaping (PBRS) pre-
serves the optimal policy provided the shaping function takes
the form f(s, s′) = γΦ(s′) − Φ(s) for a fixed potential
Φ. Early work from Randløv and Alstrøm [9] demonstrated
practical benefits of this approach for learning to ride a
bicycle. However, these methods relied on hand-designed
potential functions, limiting their applicability to tasks where
domain knowledge is readily available.

Chen et al. [5] addressed this limitation by introducing
Adaptive Potential Functions (APF), where the potential is
learned online from trajectory statistics rather than specified
a priori. Combined with the Deep Deterministic Policy
Gradient (DDPG) algorithm [1], APF improved convergence



speed and stability for continuous robotic reaching tasks.
Crucially, DDPG is a deterministic policy algorithm that
relies entirely on additive Ornstein-Uhlenbeck noise for
exploration, with no mechanism for adjusting exploration
intensity based on learning progress. The APF framework
has not been evaluated with algorithms that possess built-in
exploration management.

Soft Actor-Critic (SAC) [2] introduced a fundamentally
different approach to exploration by maximising an entropy-
regularised objective and automatically tuning a temperature
parameter α to maintain a target policy entropy. This closed-
loop mechanism enables SAC to self-regulate its exploration
throughout training, distinguishing it from deterministic
methods. Fujimoto et al. [10] improved actor-critic stability
through twin Q-networks and delayed updates (TD3), but
retained external noise for exploration. SAC’s entropy auto-
tuning raises a question not addressed in prior work: whether
external reward shaping remains beneficial when the learner
already possesses an intrinsic mechanism for managing ex-
ploration. This paper investigates that question directly.

III. METHODOLOGY

A. Problem Formulation

The reaching task is formulated as an MDP (S,A,P, r, γ).
A state s ∈ S is a 15-dimensional observation vector:
end-effector position (3), goal position (3), relative position
vector (3), and joint angles (6). An action a ∈ A consists of 6
continuous joint position increments, each in [−π/64, π/64]
radians. Episodes terminate upon success, object displace-
ment, or after 100 timesteps.

B. Soft Actor-Critic

We employ SAC [2], which maximises the entropy-
regularised objective:

J(π) =

T∑
t=0

E [r(st, at) + αH(π(·|st))] (1)

where α is the temperature parameter and H denotes entropy.
SAC uses twin Q-networks to mitigate overestimation [10]
and automatic temperature tuning with target entropy H̄ =
− dim(A). The temperature is adjusted by minimising:

J(α) = Eat∼πt

[
−α

(
log πt(at|st) + H̄

)]
(2)

This mechanism enables SAC to self-regulate its exploration:
when policy entropy falls below target, α increases to encour-
age more stochastic behaviour. When entropy exceeds the
target, α decreases to allow more exploitation. This closed-
loop regulation is the key distinction from DDPG, which
has no mechanism for adapting exploration intensity based
on learning progress.

C. Adaptive Potential Function

Following Chen et al. [5], a state mapping Z : S → Sp

projects the state to a 6-dimensional discrete representation
of end-effector and goal positions, each coordinate discre-
tised to two decimal places. The APF network Φ : Sp → R

is a two-layer feedforward network (512–256 units) learned
online. After each episode, visited trajectories are stored in
a priority buffer of size 2,000. The top 50% of trajectories
by episodic return are labelled good (Tg), the rest bad (Tb).
The APF is updated by minimising:

Lϕ = E

[(
Φ(sp;ϕ)−

Ng[sp]−Nb[sp]

Ng[sp] +Nb[sp]

)2
]

(3)

where Ng[sp] and Nb[sp] count occurrences in good and
bad trajectories. Shaping is activated after more than 100
potential network updates to allow the buffer to accumulate
sufficient trajectory data. The shaping reward follows the
PBRS form: f(s, s′) = γΦ(Z(s′)) − Φ(Z(s)), and the
shaped reward r + f is stored in the replay buffer. While
classical PBRS guarantees policy invariance for a fixed
potential, the online adaptation means this guarantee holds
only approximately at each update step [5].

D. Fixed-Alpha Ablation

To test whether APF’s redundancy is caused by functional
overlap with entropy auto-tuning, we conduct an ablation
where the temperature parameter is fixed at its initial value
(α = 0.2, the standard default from Haarnoja et al. [2]) and
gradient updates to logα are disabled. This keeps the entropy
weight constant throughout training, removing SAC’s ability
to self-regulate exploration. If our hypothesis is correct, APF
should provide a measurable benefit in this setting.

IV. EXPERIMENTAL SETUP

A. Simulation Environment

All experiments use MuJoCo [3] with a Kinova Gen3
Lite 6-DOF arm [11]. The robot model is derived from the
official Kinova URDF. Six actuators control the arm joints
and four control the gripper, which is kept open throughout.
Each control step executes five simulation substeps to ensure
stable physics integration. Figs. 1 and 2 show the simulated
environment and the physical robot used for a preliminary
deployment check (reported in Limitations).

B. Task and Reward

The agent must move the end-effector within 10 cm of
a randomly placed target (xobj ∼ U(0.3, 0.4), yobj ∼
U(0.3, 0.4), zobj = 0.03m) within 100 timesteps. The dense
reward at each step is rt = −d(pee,pobj), with terminal
bonuses of +10 for success and −100 if the object is
displaced outside the workspace boundary. For APF-SAC,
the shaped reward rt+f replaces rt in the replay buffer. All
reported performance metrics (learning curves, AUC, final
reward) use the raw environment reward rt to ensure fair
comparison. Observations are normalised using Welford’s
online algorithm [12], with running statistics frozen after
100,000 steps to prevent distribution shift in late training.



Fig. 1. MuJoCo simulation environment with the Kinova Gen3 Lite arm
and target object.

Fig. 2. Physical Kinova Gen3 Lite robot setup used for preliminary real-
world deployment.

C. Training Protocol

Each method is trained for 3,000 episodes across 20 inde-
pendent random seeds. The fixed-α ablation uses identical
hyperparameters, seeds, and episode count, yielding four
experimental conditions: Auto+SAC and Auto+APF (with
entropy auto-tuning), and FixedA+SAC and FixedA+APF
(with fixed α = 0.2). Table I lists all settings. AUC is defined
as the mean raw episodic reward over the full 3,000 episodes
for each seed.

To analyse whether APF interacts with SAC’s entropy
mechanism, we log four quantities per episode: the temper-
ature α = exp(logα), policy entropy H = −E[log π(a|s)],
and the mean outputs of both Q-networks (Q̄1, Q̄2), each
computed over 256 replay buffer samples.

V. RESULTS

A. Standard SAC Shows No Shaping Benefit

Under entropy auto-tuning, APF-SAC and SAC are statis-
tically indistinguishable. Fig. 3 shows overlapping training
curves across 20 seeds. Table II summarises the compar-
ison using bootstrap confidence intervals and effect sizes

TABLE I
TRAINING HYPERPARAMETERS.

Parameter Value

Training episodes 3,000
Max steps per episode 100
Random seeds 20
Actor learning rate 1× 10−4

Critic learning rate 2× 10−3

Discount factor (γ) 0.99
Soft update (τ ) 0.005
Replay buffer size 300,000
Batch size 256
Actor/Critic layers 128–128
Entropy (α) 0.2 (auto or fixed)

APF network layers 512–256
APF learning rate 2× 10−3

APF batch size 64
Trajectory buffer size 2,000
Good trajectory ratio 0.5

TABLE II
AUTO-TUNED SAC COMPARISON ACROSS 20 SEEDS WITH BOOTSTRAP

CONFIDENCE INTERVALS AND EFFECT SIZES.

Metric SAC APF-SAC

Full AUC (mean ± sd) −46.1± 18.5 −43.9± 14.2
Final reward −44.5 −44.6
95% Bootstrap CI (final) [−55.3, −34.9] [−53.4, −36.1]
Cliff’s δ (final) −0.055 (negligible)
Brown-Forsythe p (final) 0.694

following Agarwal et al. [13]. Full-training AUC differs
by 2.2 points (p = 0.68), final reward differs by only
0.08 points (−44.6 vs −44.5), and Cliff’s delta is −0.055
(negligible). Brown-Forsythe testing confirms no significant
difference in cross-seed variance (p = 0.69). The cross-seed
standard deviation ratio (APF-SAC / SAC) ranges from 0.77
in acquisition to 0.87 in late training, suggesting a modest
trend toward reduced variability, but this is not statistically
significant (Brown-Forsythe p = 0.37 for AUC variance).

B. Shaping Does Not Alter Converged Entropy

Figs. 5 and 6 show the temperature α and policy entropy
traces across training, plotted as median with interquartile
range. Two observations emerge.

Temperature trajectories. Both methods begin at α =
0.2 and follow a nearly identical initial descent to approx-
imately 0.02 by episode 500 as the policy becomes more
deterministic. After episode 500, temperature rises as SAC’s
auto-tuning responds to falling entropy. The median trajec-
tories remain comparable throughout, though SAC exhibits
a wider interquartile range indicating more variable temper-
ature adaptation across seeds. In extreme cases, individual
SAC seeds develop temperature values orders of magnitude
above the median, driven by Q-value overestimation in a
subset of seeds. Across training, SAC’s mean α is approx-
imately 938 (vs median α ≈ 0.1), reflecting the influence
of a small number of divergent seeds. At episode 2,999,
the mean reaches 2,862± 8,844 (Table III). APF constrains
this variability (training-wide mean α = 0.43, final-episode



TABLE III
INTERNAL TRAINING DIAGNOSTICS AT KEY EPISODES (MEAN ± STD

ACROSS 20 SEEDS).

Episode Metric SAC APF-SAC

100 α 0.075± 0.002 0.075± 0.002
Entropy 3.60± 0.20 3.60± 0.25
|Q1 −Q2| 0.052± 0.047 0.059± 0.043

500 α 0.157± 0.323 0.028± 0.022
Entropy −11.0± 11.7 −6.4± 0.6
|Q1 −Q2| 96.8± 313.3 0.4± 0.4

2999 α 2862± 8844 0.83± 2.18
Entropy −6.0± 0.3 −6.1± 0.3
|Q1 −Q2| 9388± 32554 7.6± 16.3

mean 0.83± 2.18), but the constraint does not translate into
improved reward.

Entropy convergence. Both methods converge to entropy
values near the target H̄ = −6 (equal to − dim(A)). SAC’s
entropy reaches −6.0± 0.3 at convergence, while APF-SAC
reaches −6.1±0.3, with no significant difference (p = 0.12,
Welch t-test). The entropy trajectories suggest that SAC’s
automatic temperature mechanism drives policy entropy to-
ward its target regardless of whether APF shaping is present.
APF neither accelerates convergence to the entropy target nor
alters the converged value.

Table III summarises the internal diagnostics at key train-
ing episodes. Note that these means are sensitive to outlier
seeds; the figures above use median and interquartile range
for a more robust view. At episode 100, both methods
are comparable across all metrics. By episode 2,999, both
converge to similar entropy, but SAC exhibits substantially
higher mean α and Q-values due to outlier seeds with Q-
value overestimation. In these seeds, overestimated Q-values
create a feedback loop: inflated critic targets cause the policy
to become overly deterministic, driving entropy below target
and causing α to increase. APF is associated with bounded
Q-value estimates in these cases, but since policy entropy
converges to the same target regardless, this stabilisation has
no measurable effect on task performance in this setting.

C. Disabling Auto-Tuning Reveals a Shaping Benefit

The fixed-α ablation changes the conclusion. When en-
tropy auto-tuning is disabled, APF-SAC significantly out-
performs SAC. Fig. 4 shows clear separation between the
methods under fixed α = 0.2. Table IV reports the ablation
statistics.

FixedA+APF achieves a final reward of −78.9±15.0 com-
pared to −90.1± 10.7 for FixedA+SAC (p = 0.016, Cliff’s
δ = +0.450, medium effect). The APF advantage is small
initially (+0.8 at episode 500) but grows steadily throughout
training: +5.0 at episode 1,000, +6.6 at episode 1,500, and
+10.5 by episode 3,000. This increasing gap indicates that
APF shaping provides cumulative benefit when the learner
lacks self-regulation, rather than merely accelerating early
learning.

Comparing across conditions reveals the dominance of
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Fig. 3. Training curves under auto-tuned α (mean ± 1 std across 20
seeds, 100-episode running average). APF-SAC and SAC are statistically
indistinguishable.
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Fig. 4. Training curves under fixed α = 0.2 (mean ± 1 std across 20
seeds, 100-episode running average). APF-SAC significantly outperforms
SAC.

auto-tuning. Auto+SAC strongly outperforms FixedA+SAC
(p < 0.001, Cliff’s δ = −0.900, large effect), demonstrating
that entropy auto-tuning is far more valuable than APF shap-
ing. The AUC gap between auto-tuned and fixed conditions
is approximately 45 points, compared to the 6-point AUC
gap that APF provides under fixed α. Similarly, Auto+APF
outperforms FixedA+APF (p < 0.001, Cliff’s δ = −0.785,
large effect). These results form a consistent pattern: auto-
tuning contributes most to performance, and APF provides
additional benefit only when auto-tuning is absent.

Note that both fixed-α conditions perform substantially
worse than their auto-tuned counterparts, confirming that
a constant temperature of α = 0.2 provides insufficient
exploration regulation across the full training horizon. With
auto-tuning, SAC adapts α from 0.2 down to approximately
0.02 during early learning and subsequently adjusts upward
as needed. Fixing α prevents this adaptation, leaving the
agent with a static exploration-exploitation balance that is
suboptimal for most of the training trajectory.

VI. DISCUSSION

A. A Boundary Condition for Reward Shaping

These results suggest a boundary condition for adaptive
reward shaping in dense-reward reaching tasks. Chen et
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Fig. 5. Temperature α across training (median ± IQR across 20 seeds,
100-episode smoothing). SAC and APF-SAC follow comparable median
temperature trajectories.
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Fig. 6. Policy entropy across training (median ± IQR across 20 seeds,
100-episode smoothing). Both methods converge to the target entropy H̄ =
−dim(A).

al. [5] demonstrated that APF improves DDPG, a deter-
ministic policy algorithm that relies on additive Ornstein-
Uhlenbeck noise for exploration with no mechanism for
adjusting exploration intensity based on learning progress.
SAC, by contrast, maintains a stochastic policy and adapts its
exploration through the learned temperature α. Our training
dynamics analysis (Section V-B) shows that APF does not
materially alter SAC’s entropy regulation: policy entropy
converges to the same target regardless of whether shaping
is present, suggesting partial functional redundancy between
the two mechanisms at the level of exploration management
in this task.

The fixed-α ablation provides direct evidence for this
account. By removing SAC’s self-regulation mechanism and
demonstrating that APF then becomes effective, we show that
the null result under standard SAC is specifically because
of partial functional redundancy between APF and entropy
auto-tuning, not because APF is inherently ineffective. The
results form a 2×2 pattern: {auto-tuned, fixed} × {APF,
no-APF}, with a conditional effect where APF helps only
without auto-tuning.

This pattern is consistent with broader observations in
modern RL, where engineered guidance such as reward
shaping, curriculum learning, or auxiliary objectives often

TABLE IV
FIXED-ALPHA ABLATION STATISTICS ACROSS 20 SEEDS.

Comparison p Cliff’s δ

FixedA+APF vs FixedA+SAC 0.016 +0.450 (medium)
FixedA+SAC vs Auto+SAC < 0.001 −0.900 (large)
FixedA+APF vs Auto+APF < 0.001 −0.785 (large)

shows diminishing returns as the base algorithm’s adaptive
capabilities improve. The contribution here is identifying
the specific mechanism whose presence renders APF redun-
dant: although entropy auto-tuning and APF operate through
different mechanisms (policy stochasticity versus trajectory-
based reward shaping), they appear to play partially substi-
tutable roles in exploration management for this task. When
the internal mechanism is active, the external one has nothing
additional to contribute at the level of task performance.

A secondary observation is that APF substantially reduces
critic instability. Table III shows that Q-value discrepancy
(|Q1 − Q2|) at episode 2,999 is three orders of magni-
tude smaller under APF-SAC (7.6 ± 16.3) than under SAC
(9,388 ± 32,554). While this stabilisation does not improve
task reward in our dense-reward setting, it may become
relevant in longer training horizons, with larger networks,
or in tasks where critic divergence poses greater risks to
learning stability.

B. Developmental Interpretation

We operationalise self-regulation as entropy auto-tuning
and test the prediction that scaffolding should help more
when this regulatory mechanism is absent. These results
do not show that adaptive shaping is ineffective. They
show that its utility depends on whether the learner has
an effective mechanism for regulating exploration. In this
structural reading, the fixed-α setting resembles a learner
without self-regulation, where external support is beneficial.
The auto-tuned setting resembles a learner that already
regulates its behaviour, where extra scaffolding is redundant.
This interpretation is consistent with the zone of proximal
development [6] as an analogy, not a causal claim. The key
distinction is between a learner that lacks internal exploration
mechanisms (DDPG, fixed-α SAC) and one that has them
(auto-tuned SAC). In developmental terms, scaffolding is
most effective when calibrated to the gap between a learner’s
current and potential capability. When the learner already
manages its own exploration, additional external support
yields diminishing returns.

C. Limitations

This study evaluates a single dense-reward reaching task
with one robot platform. As a preliminary deployment
check, separately trained SAC and APF-SAC policies were
each evaluated on a physical Kinova Gen3 Lite across 10
fixed goal positions, with both methods achieving 10/10
successes. However, these policies were trained separately
from the main simulation study and the limited trial count
precludes statistical comparison. The redundancy finding



may not generalise to tasks where SAC’s entropy mecha-
nism is insufficient, such as sparse-reward environments or
contact-rich tasks with deceptive local optima. The fixed-α
ablation uses a single value (α = 0.2), chosen as SAC’s
standard default rather than through a sweep of fixed values.
Testing APF under multiple fixed temperature values would
strengthen the boundary condition claim. Several directions
merit investigation: testing APF with SAC on contact-rich
tasks such as grasping, where reward landscapes are more
complex, could reveal whether the redundancy holds across
task difficulty levels. The Q-value stabilisation effect of APF,
while not performance-relevant here, may become important
in longer training horizons or with larger networks where
critic divergence poses greater risks. Finally, the boundary
condition we identify generates predictions for other algo-
rithm pairings beyond APF-DDPG and APF-SAC.

VII. CONCLUSION

We integrated Adaptive Potential Functions with Soft
Actor-Critic for robotic reaching and found no statistically
significant benefit over SAC alone across 20 random seeds.
Analysis of SAC’s internal training dynamics showed that
entropy regulation is not materially altered by APF’s shap-
ing signal, suggesting partial functional redundancy: APF’s
guidance appears substitutable with SAC’s built-in entropy-
based exploration in this setting. However, a fixed-α ablation
revealed that APF provides a significant medium-sized ben-
efit (p = 0.016, Cliff’s δ = 0.450) when entropy auto-tuning
is disabled. This establishes a boundary condition for adap-
tive reward shaping in dense-reward robotic reaching: the
benefits observed with deterministic policy methods do not
transfer to entropy-regularised algorithms, but the shaping
signal retains its value when the learner lacks internal self-
regulation. Drawing a structural analogy to developmental
learning, these results suggest that external scaffolding is
most effective when the learner lacks internal self-regulation,
and redundant when the learner already manages its own
exploration.
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