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Abstract—In sparse-reward, long-horizon domains, reinforce-
ment learning (RL) often suffers from slow convergence and
instability, complicating robotic manipulation. Previous heuristic-
guided approaches have relied on step-level actions and imitation
loss, but struggle to maintain temporal coherence or solve multi-
stage tasks. We present SHERPA (Segmented Heuristic Experi-
ence Relay for Policy Assistance), which alternates control be-
tween a heuristic policy and an RL policy in contiguous segments,
preserving coherent sub-trajectories and yielding more stable
learning. Unlike purely imitative objectives, SHERPA leverages
expert-like heuristic guidance while optimizing its policy through
RL, thereby enabling performance that ultimately surpasses
the heuristic itself. This behavior can be further strengthened
by incorporating phase-specific rewards naturally derived from
heuristic rules. Across ten tasks in the Fetch and Panda suites,
including four long-horizon benchmarks, SHERPA consistently
outperforms RL, IL, and heuristic-guided baselines and demon-
strates robustness even under degraded heuristics. Real-world
experiments on a UR5 robot further confirm SHERPA’s practical
scalability.

Index Terms—Reinforcement Learning, Transfer Learning,
Deep Learning in Grasping and Manipulation

I. INTRODUCTION

Reinforcement Learning (RL) has recently shown impres-
sive capabilities across a wide range of real-world applications,
including artwork generation [1], autonomous driving [2], and
logistics management [3]. Despite these advances, RL still
faces fundamental challenges, with high sample complexity
remaining one of the most critical issues, particularly in
sparse-reward, long-horizon tasks. These difficulties become
especially severe in robotics, where agents must learn from
sparse and delayed rewards under high-dimensional continu-
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Fig. 1. Conceptual representation of SHERPA’s role in the learning phase.
SHERPA’s heuristic guidance helps the learning policy in RL to avoid task
failures and achieve successful performance.

ous control and costly real-world interactions, further slowing
learning and undermining stability [4].

To overcome these limitations, one common approach lever-
ages prior knowledge or pre-trained models—often referred
to as warm start optimization—to accelerate initial learn-
ing [5]. This prior knowledge can take various forms, including
engineered heuristics, analytical controllers, or transferred
policies [6]. Another related approach is imitation learning
(IL), where agents mimic expert demonstrations; however, IL
is limited by its reliance on expensive static datasets and
poor generalization beyond the demonstration distribution,
emphasizing the need for more interactive ways to encode
expert knowledge into RL.

We propose SHERPA (Segmented Heuristic Experience
Relay for Policy Assistance), a novel framework that leverages
heuristic expert knowledge while continuing to optimize the



task policy, rather than merely mimicking the heuristic. Within
each episode, SHERPA alternates control between the RL
policy and a heuristic policy in contiguous segments, allowing
the agent to explore autonomously while periodically receiv-
ing task-relevant guidance. Unlike imitation-based designs,
heuristic experience is integrated directly into the RL update,
enriching the replay buffer without overriding the agent’s own
optimization signals, so that the learned policy can ultimately
surpass the heuristic guidance it initially relied upon.

We evaluate our approach on various robotic object ma-
nipulation tasks in the Fetch and Panda environment from
OpenAI Gym. Comparisons against standalone RL, IL, the
recent heuristic-integrated RL approach (RLingua) [7], and
pure heuristic baselines show that SHERPA not only facilitates
faster learning but also surpasses the performance of the
underlying heuristics, while consistently outperforming IL.

The key contributions of this work are as follows:
• Framework: We propose SHERPA, a novel RL frame-

work that alternates control between rule-based heuristic
and learned policies in a relay-like, segmental manner to
enhance learning efficiency and policy adaptability.

• Performance: In challenging long-horizon robotic tasks
where prior heuristic-guided RL methods such as RLin-
gua fail, SHERPA achieves consistently superior per-
formance, outperforming standard RL, IL, and LLM-
augmented baselines even with imperfect heuristics.

• Scalability: SHERPA is a framework for improving RL
policies by leveraging suboptimal controllers, enabling
scalable integration of heuristics ranging from hand-
crafted rules to LLM-generated guidance.

II. RELATED WORK

A. Incorporating Prior Knowledge in RL

Recent studies have shown that RL can be significantly ac-
celerated by incorporating prior knowledge such as heuristics,
pretrained models, human feedback, or language instructions
to guide exploration and improve sample efficiency [8]–[10].
These approaches introduce structural inductive biases that
help mitigate cold-start issues and enable faster convergence.
More recently, LLMs have been used for reward design, policy
initialization, and action guidance, with particular success in
generating dense or adaptive reward functions from natural
language or multimodal inputs [11]–[13]. LLMs have also
been explored as action-generating agents. Among heuristic-
integrated RL methods, RLingua introduces an imitation loss
that enables agents to learn from heuristic actions during
training. In contrast, SHERPA incorporates heuristic experi-
ence directly into the RL update via a relay-based interaction
mechanism, avoiding explicit imitation objectives while pre-
serving the agent’s optimization process. This design enables
effective use of structured guidance without requiring curated
demonstrations or additional supervision.

B. Imitation Learning

Imitation learning (IL) enables agents to acquire complex
behaviors by using expert demonstrations rather than learning

solely from environment rewards. Early methods such as Be-
havior Cloning (BC) [14] directly map observations to actions
but suffer from compounding errors when encountering unseen
states. DAGGER [15] addresses this by iteratively querying the
expert to augment the training dataset. Adversarial approaches,
including GAIL [16] and AIRL [17], introduce a discriminator
to distinguish expert from agent behavior, with AIRL addition-
ally recovering a reward function through inverse RL. Non-
adversarial methods such as ValueDICE [18] and IQ-Learn
[19] frame IL as a distribution-matching problem, avoiding
reward modeling. To address the constraints of online interac-
tion, offline and off-policy IL methods have been developed.
Examples include BCO [20], IQL [21], DemoDICE [22], and
learning from imperfect demonstrations [23].

Despite these advances, IL-based methods remain heavily
dependent on high-quality expert data, which is costly or
impractical in domains like robotics involving complex object
manipulation. Above all, this dependency imposes a ceiling on
achievable performance, leaving room for further optimization.

III. METHOD

This section introduces SHERPA (Segmented Heuristic Ex-
perience Relay for Policy Assistance), a framework where
heuristic actions are injected into episodes in segmented form
as partial demonstrations from arbitrary states and absorbed
into the policy through standard RL optimization—enabling
implicit knowledge transfer without explicit IL. As illustrated
in Figure 2, SHERPA integrates heuristics into the RL frame-
work by defining them as rule-based policies generated by
advanced LLMs from human-provided task descriptions.

A. Preliminaries

RL problems are commonly formulated as Markov De-
cision Processes (MDPs). An MDP is defined by a tuple
(S,A, P,R, γ), where S is the set of states, A is the set
of actions, P (st+1 | st, at) is the state transition probability
function, R(st, at) is the reward function, and γ ∈ [0, 1) is
the discount factor. At each discrete time step t, the agent
observes a state st ∈ S, selects an action at ∈ A according to
its policy π(at | st), receives a scalar reward rt = R(st, at),
and transitions to a new state st+1 determined by P . The
objective of the agent is to learn an optimal policy π∗ that
maximizes the expected cumulative reward

Gt = Eπ

[ ∞∑
k=0

γkrt+k

∣∣∣∣∣ st
]
. (1)

B. Segmented Heuristic Experience Relay for Policy Assis-
tance

SHERPA is an RL framework that leverages rule-based
heuristics by injecting them segmentally into episodes and
incorporating their outcomes into the policy through standard
RL optimization. To distinguish the source of experience,
SHERPA maintains two separate replay buffers:

DH = {(st, aπH
t , rt, st+1) | aπH

t = πH(st)} (2)
DRL = {(st, aπθ

t , rt, st+1) | aπθ
t ∼ πθ(a | st)}, (3)



Fig. 2. An overview of SHERPA. Given a task description, an LLM generates a heuristic policy πH . For each training episode, SHERPA randomly determines
the execution order between the heuristic policy πH and the learning policy πθ , and samples a switching point ts. The actions at from πH and πθ are stored
in separate replay buffers, DH and DRL, respectively, and are used equally to compute the RL losses. Optionally, a phase-specific reward signal rphase

t can be
applied to further guide the training process.

where πH is a heuristic policy.
At the beginning of each episode, SHERPA randomly sam-

ples two variables: the switching point ts ∼ U(1, l−1), where
l is the episode length, and the execution order, represented
as a random permutation πA, πB ∈ {πθ, πH} with πA ̸= πB .
The policy πA governs the initial segment until ts, after
which control is relayed to πB . This relay-based handover
ensures that both policies contribute to the trajectory while
maintaining temporal coherence. Actions at each timestep t
are then selected as:

ât =

{
aπA
t , if t < ts

aπB
t , otherwise

(4)

Traditional methods often use expert or heuristic actions via
imitation losses, such as behavior cloning:

LBC = E(s,aπH )∼DH

[
∥πθ(s)− aπH∥2

]
(5)

where the policy is explicitly trained to match heuristic actions
drawn from a dataset DH. In contrast, SHERPA does not
aim to imitate the heuristic policy. Instead, it learns from the
executed behaviors of both the heuristic and agent policies
through reinforcement learning alone.

During training, SHERPA samples an equal number of
transitions from DH and DRL, and computes a mean squared
error (MSE) loss against Q-value targets:

LMSE = (Qϕ(si, ai)− yi)
2
+ (Qϕ(sj , aj)− yj)

2
, (6)

where (si, ai, ri, s
′
i) ∼ DH and (sj , aj , rj , s

′
j) ∼ DRL. The

targets are computed using the current policy:

yi = ri + γQϕ′(s′i, πθ(s
′
i)), yj = rj + γQϕ′(s′j , πθ(s

′
j)).

(7)

The policy is trained with samples from both DH and DRL to
maximize the expected Q-value:

πθ ← πθ + ηπ (∇θQϕ(si, πθ(si)) +∇θQϕ(sj , πθ(sj))) ,
(8)

where si ∼ DH and sj ∼ DRL.
Notably, SHERPA enables learning from both RL and

heuristic signals using return-maximizing objective, without
behavior cloning or auxiliary objectives. The segmented relay
mechanism is particularly effective for long-horizon tasks, as
it exposes the agent to intermediate states that are otherwise
difficult to reach, facilitating exploration while allowing the
learned policy to surpass the heuristic.

C. Reward Augmentation from SHERPA

To further support learning in long-horizon tasks, SHERPA
introduces a phase reward mechanism. Unlike the environ-
ment’s native reward signal, this reward is granted when the
agent reaches a milestone state identified by condition-based
rules in the heuristic policy. These milestones correspond
to key subgoals such as “object grasped” or “goal region
entered,” decomposing the task into meaningful intermediate
phases.

For formalization, we define a condition set C of K mutually
exclusive conditions predefined in πH :

C = {C1, C2, . . . , CK}, Ck : S → {0, 1}, (9)
dk ∈ {0, 1}. (10)

Here, Ck(st) = 1 indicates that the k-th condition is satisfied
at state st, and dk is an indicator initialized to 0, set to 1 one
step after the first satisfaction of condition k and remaining 1
thereafter. The phase reward rphase

t is then defined as

rphase
t = Ck(st) · (1− dk), (11)

and the total training reward is rt = renv
t +rphase

t . This preserves
reward sparsity while providing informative feedback in tasks
where final rewards are delayed or difficult to achieve.

IV. EXPERIMENT

In our experimental evaluation, we investigate four key
questions: 1) Performance Comparison: What performance
advantages does SHERPA offer over existing methods on



TABLE I
PERFORMANCE COMPARISON OF DIFFERENT METHODS ON SHORT-HORIZON TASKS

FetchReach FetchPush FetchPickPlace FetchSlide PandaPush PandaPick

Category Method Max AUC Max AUC Max AUC Max AUC Max AUC Max AUC Norm

IL

GAIL 100.0 39.86 52.0 5.82 44.0 3.42 36.0 2.46 64.0 8.70 48.0 4.37 0.117
AIRL 100.0 98.96 96.0 37.22 80.0 22.13 20.0 0.25 60.0 8.14 40.0 4.07 0.304
IQ-Learn 100.0 2.15 32.0 4.20 28.0 2.46 10.0 0.29 52.0 11.04 50.0 9.85 0.054
ValueDICE 100.0 72.46 76.0 28.21 50.0 7.17 52.0 12.49 98.0 49.27 100.0 73.60 0.451
DemoDICE 100.0 99.82 50.0 6.41 19.2 3.82 28.0 1.38 72.0 26.24 100.0 62.82 0.347

RL TD3 20.2 17.98 0.8 0.02 0.4 0.01 1.4 0.15 0.6 0.01 0.2 <0.01 0.031
SAC 0.2 <0.01 1.0 0.04 1.0 0.03 1.8 0.08 16.6 7.63 8.8 3.11 0.019

RL+Heu RLingua 100.0 98.84 100.0 85.35 88.6 45.82 16.8 3.06 63.0 42.99 64.4 43.68 0.584
SHERPA (Ours) 100.0 96.99 100.0 82.25 100.0 84.64 83.8 43.80 100.0 96.35 100.0 95.54 0.989

Heuristic – 100.0 – 75.8 – 94.5 – 52.2 – 82.6 – 90.8 – –

Fig. 3. Comparison of learning curves between SHERPA and baselines on long-horizon tasks.

short- and long-horizon tasks? 2) Ablation on SHERPA Vari-
ants: How do different heuristic injection strategies and the
use of phase rewards affect performance? 3) Robustness to
Heuristic Quality: How robust is SHERPA to variations in the
quality of the heuristic policy? 4) Real-world Scalability: Can
SHERPA be effectively extended and applied to real-world
robotic domains?

A. Experimental Setup

1) Tasks: We evaluate our approach on ten robotic
manipulation tasks drawn from two widely used benchmark
suites: Fetch [24] and Panda [25]. They use different
robot embodiments and base simulators: the Fetch suite
uses the MuJoCo simulator, whereas the Panda suite is
based on PyBullet. This allows us to evaluate the framework
under different contact and friction dynamics, even when
the task contexts are similar. The Fetch suite includes
FetchReach, FetchPush, FetchPickAndPlace,
FetchSlide, FetchStack, FetchClean, and
FetchBoxPlace; the Panda suite includes PandaPush,
PandaPickAndPlace, and PandaStack. Among
these, PandaStack, FetchStack, FetchClean and
FetchBoxPlace are classified as long-horizon tasks
involving multiple sequential subgoals. All tasks adopt a
sparse reward setting, where the agent receives a binary
success signal only upon task completion. For real-world

validation, a subset of these tasks was also evaluated on a
UR5 platform (Sec. IV-D).

2) Methods: We compare SHERPA against RL algorithms,
widely used IL methods, and a recent heuristic-guided frame-
work. SHERPA is built upon SAC [26] without Hindsight
Experience Replay (HER) [27], while the RL baselines
SAC and TD3 [28] are evaluated with HER enabled to
ensure competitive performance. For IL baselines, we include
GAIL [16], AIRL [17], IQ-Learn [19], ValueDICE [18], and
DemoDICE [22]. We also evaluate RLingua [7], which injects
heuristic actions probabilistically with an imitation loss; as
the official implementation is unavailable, we reimplement it
from the paper with HER. RLingua serves as a key comparison
point given its structural differences from SHERPA (step-wise
vs. segmented injection; imitation-based vs. return-maximizing
objective). To analyze component contributions, we consider
two SHERPA variants: (1) HERPA, which replaces segmented
relay with probabilistic step-wise injection; and (2) +PR,
which augments training with phase rewards.

3) Preparation of Heuristics: The heuristics in SHERPA
are rule-based policies generated by providing a human-written
task description to GPT-4o (Figure 2), each consisting of
conditional statements that define a step-by-step task strat-
egy. To assess robustness to heuristic quality, we use two
variants: a superior version manually refined for maximum
performance, and an inferior version intentionally simplified.



TABLE II
ABLATION RESULTS ON SHORT- AND LONG-HORIZON TASKS,

EVALUATED BY MAX (%) AND AUC (%)

HERPA SHERPA HERPA+PR SHERPA+PR

Task Max AUC Max AUC Max AUC Max AUC

Short-horizon tasks
FetchReach 100 98.9 100 97.0 – – – –
FetchPush 100 64.8 100 82.2 100 70.4 100 72.8
FetchPick&Place 99.8 82.9 100 84.6 100 78.7 100 85.6
FetchSlide 76.8 40.8 83.8 43.8 76.0 30.5 91.6 48.6
PandaPush 100 97.1 100 96.4 100 96.5 100 96.4
PandaPick&Place 100 95.6 100 95.5 100 93.7 100 94.6

Long-horizon tasks
PandaStack 12.9 4.3 100 80.1 10.6 4.23 100 86.9
FetchStack 0.00 0.00 89.0 53.0 0.00 0.00 89.2 58.8
FetchClean 0.00 0.00 83.8 36.8 0.00 0.00 87.4 54.6
FetchBoxPlace 1.00 <0.01 76.5 48.0 1.00 <0.01 78.6 54.1

Unless otherwise noted, the superior heuristic is used in the
main experiments, with the ablation study comparing both.

B. Experimental Result and Comparison

1) Enabling RL training: Table I summarizes performance
across six representative tasks, each evaluated over five fixed
seeds. We report Max (average peak success rate per seed) and
AUC (area under the success-rate curve, normalized by Tmax):

AUC(%) =
1

Tmax

∫ Tmax

0

f(x) dx. (12)

We additionally report a normalized score (Norm), the average
normalized AUC across tasks, to jointly assess final capability
and learning efficiency.

In the simplest task, FetchReach, IL methods, RLingua,
and SHERPA all achieved near-perfect Max, whereas RL base-
lines failed even with HER. In more challenging tasks with
randomized goals, SHERPA not only matched but surpassed
the heuristic policies in both Max and AUC—for instance, 83.8
Max and 43.80 AUC on FetchSlide versus ValueDICE’s
52.0 and 12.49. The same trend held across the Panda suite.
These results, culminating in the highest normalized score
(Norm = 0.989), confirm that segmented heuristic integration
with return-maximizing optimization yields both efficient and
consistently strong performance.

2) Long-Horizon Domain Performance: Long-horizon
tasks are particularly challenging for RL agents due to the
combination of sparse rewards and extended temporal credit
assignment. While RLingua shares with SHERPA the high-
level idea of leveraging heuristic knowledge, its design focuses
on short- to medium-horizon tasks and lacks mechanisms
to sustain learning signals across temporally distant sub-
goals. Consequently, existing step-wise heuristic-guided meth-
ods such as RLingua show limited progress in long-horizon
settings. To demonstrate this distinction, we evaluate SHERPA
and SHERPA+PR on four long-horizon tasks: FetchStack,
PandaStack, FetchClean, and FetchBoxPlace. We
compare against heuristic policy, RLingua, and SAC.

Fig. 4. Comparison of learning curves of SHERPA under different number
of segments.

Fig. 5. Comparison of learning curves of SHERPA under different heuristic
variations.

As shown in Figure 3, both SAC and RLingua fail to
achieve measurable progress in any long-horizon task de-
spite RLingua’s reasonable performance on shorter-horizon
domains, whereas SHERPA achieves consistent improvement
across all four settings, surpassing the heuristic baseline.
This stems from SHERPA’s segmented relay, which preserves
effective learning signals even when subgoals are far apart.
SHERPA+PR further accelerates convergence in every long-
horizon task, with benefits extending beyond long-horizon
domains. Together, SHERPA’s structured relay and phase-
based rewards enable it to solve long-horizon problems with
sparse reward.

3) Comparison with Imitation Learning: IL methods were
evaluated using 500 successful trajectories per task collected
via heuristics. As shown in Table I, IL methods achieved
strong performance on simple tasks such as FetchReach,
but consistently struggled on object-manipulation tasks with
randomized goals. Increasing demonstrations from 500 to
2,500 yielded only marginal gains, suggesting that IL alone
cannot handle sparse rewards and goal variability. Among
IL baselines, AIRL was relatively robust due to its explicit
reward estimation, yet SHERPA outperformed all IL meth-
ods by a substantial margin, achieving multiple-times-higher
performance on tasks such as FetchSlide. Unlike static
demonstrations, heuristics adapt to the agent’s state during
training, enabling further optimization.

C. Ablation Study
In our ablation study, we investigate three key aspects of

SHERPA: (1) the effects of the segmented relay and phase
rewards, (2) the impact of varying number of segments, and
(3) the impact of heuristic performance.

1) Effects of Segmented Relay and Phase Rewards: We
analyze the functional contributions of two core components
in SHERPA: the segmented heuristic relay and phase-specific
rewards. Table II shows that segmentation alone leads to
substantial improvements in long-horizon tasks. While the
performance differences between HERPA and SHERPA are
marginal for short-horizon tasks, SHERPA significantly out-
performs HERPA on long-horizon tasks. For example, in



PandaStack, the AUC increases from 4.3 to 80.1, and the
Max success rate reaches 100. These results indicate that
the segmented heuristic relay enables stable and progressive
learning when subgoals are sparse or delayed.

Furthermore, phase-specific rewards provide additional
gains when used alongside segmentation, as SHERPA+PR
consistently improves over SHERPA. Specifically, the AUC
increases from 36.8 to 54.6 in FetchClean and from 80.1
to 86.9 in PandaStack. In contrast, HERPA+PR does not
exhibit similar improvements, suggesting that the effectiveness
of phase-specific rewards is conditional on semantically seg-
mented execution.

Overall, these findings highlight the segmented relay as a
key enabler for learning in complex, long-horizon tasks. By or-
ganizing heuristic guidance in a segmented manner, SHERPA
surpasses stochastic step-wise assistance used in HERPA.
Building on this foundation, phase-specific rewards improve
training efficiency and stability when combined with seg-
mentation. Together, these components distinguish SHERPA-
based methods from existing approaches and enable robust
performance across a wide range of task complexities.

2) Impact of Varying Number of Segments: In Figure 4,
we analyze intra-episode interaction by varying the number
of segments to 1, 2 (default), 3, 5, and 10. Notably, the 1-
segment setting corresponds to a configuration without relay,
where no intra-episode guidance exchange occurs. When using
a single segment, tasks composed of relatively simple and
repetitive behaviors, such as Stack, can still be solved.
However, tasks involving more complex behaviors fail under
this setting. This failure arises because guidance becomes
weakly aligned with the agent’s on-policy state distribution,
reducing the availability of state-relevant feedback during exe-
cution. When the number of segments exceeds 2, intra-episode
relay becomes increasingly frequent, leading to fragmented
relay within an episode. While finer-grained segmentation
can occasionally improve asymptotic performance, it generally
slows learning due to increased policy switching and degrades
stability when segmentation becomes excessive. In particular,
the FetchClean task fails to converge under high segmen-
tation, which disrupts temporal coherence and diminishes the
benefits of structured intra-episode guidance. Overall, the 2-
segment design adopted in SHERPA provides a general and
well-founded starting point for structured intra-episode relay,
balancing guidance effectiveness with learning stability.

3) Impact of Heuristic Performance: The superior heuris-
tics used in the main experiments exhibit high perfor-
mance. To assess SHERPA’s robustness to heuristic qual-
ity, we intentionally degraded these heuristics, yielding
the following reductions in success rates: (FetchReach)
100.0%→87.0% by lowering move velocity, (FetchPush)
75.8%→58.7% by relaxing rule-satisfaction thresholds,
(FetchPickAndPlace) 94.5%→75.0% by lowering move
velocity, and (FetchSlide) 52.2%→44.7% by removing
contact-angle correction.

Figure 5 compares SHERPA’s performance between inferior
and superior heuristics. Surprisingly, SHERPA with inferior

Fig. 6. Evaluation of SHERPA across real-world manipulation tasks (Reach,
Push, Pick&Place, Stack, Clean, and BoxPlace).

heuristics exhibited only a slight or negligible drop in perfor-
mance, far smaller than the direct performance gap between
the superior and inferior heuristic baselines. Moreover, in ev-
ery case, SHERPA surpassed the fixed heuristic’s performance,
demonstrating its ability to refine and improve upon imperfect
guidance. In long-term training, the maximum success rates
achieved with inferior heuristics were comparable to those
achieved with superior heuristics.

These findings suggest that SHERPA’s primary advantage
lies not in the exact precision of heuristic actions, but in the
consistent logical structure they provide. By correcting sub-
optimal actions along heuristic trajectories, SHERPA derives
comparable benefits from both superior and inferior heuristics.
In effect, heuristics serve as a “takeoff point,” enabling the
RL policy to progressively outperform them. This robustness
implies that SHERPA does not require strictly precise heuris-
tics—relatively coarse ones can still drive successful learning,
while IL performance degrades with demonstration quality.

D. Real-World Experiments

We conducted sim-to-real transfer experiments on a UR5
platform across six tasks—three short-horizon and three long-
horizon—as illustrated in Figure 6. The state input consists
of the gripper position obtained from the robot’s internal
kinematics and the object position specified at the beginning
of each episode.

In the short-horizon tasks, SHERPA handled randomized
goals and object positions without difficulty. More importantly,
all three long-horizon tasks also transferred successfully,
demonstrating SHERPA’s robustness to extended temporal
dependencies in real-world settings. Among these, BoxPlace
presented a notable sim-to-real gap: the physical lid structure
differed from the simulated one. We addressed this by gener-
ating a revised heuristic based on sliding the lid rather than
gripping it. The successful execution confirmed that SHERPA
can readily adapt to real-world discrepancies through targeted
heuristic modification, making it a practical framework for
challenging long-horizon transfer scenarios.



V. DISCUSSION

We present SHERPA, a novel framework that integrates
heuristics into RL via a segmented relay mechanism, enabling
a smooth transition from heuristic-driven to autonomous policy
optimization in sparse-reward, long-horizon robotic domains.
A key strength is that the agent refines heuristic-augmented
trajectories through RL optimization, ultimately surpassing the
heuristic’s own performance. Across ten manipulation tasks
including four long-horizon benchmarks, SHERPA consis-
tently outperforms RL, IL, and heuristic-guided baselines, and
unlike RLingua, maintains stable learning in extended multi-
stage tasks even under imperfect heuristics. Real-world exper-
iments on a UR5 robot further confirm that SHERPA transfers
successfully to physical settings, including challenging long-
horizon tasks with sim-to-real discrepancies.

Despite these strengths, heuristic stability is not guaranteed
for unfamiliar tasks, and we found that a large target net-
work update interval (e.g., every 128 steps) was critical to
performance, likely mitigating discrepancies between the two
policy sources. Future work will focus on addressing these
limitations, extending SHERPA to broader classes of imperfect
action-level controllers beyond LLM-generated guidance, and
incorporating vision-based learning to broaden its applicabil-
ity to real-world scenarios with high-dimensional perceptual
inputs.
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