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ABSTRACT
Offline goal-conditioned reinforcement learning (offline GCRL)
learns goal-conditioned policies from fixed, reward-free datasets.
Existing methods often rely on hindsight experience replay(HER),
which treats all future states uniformly, leading to many uninfor-
mative goals. We propose LLM-Driven Relabeling, an adaptive and
trustworthy framework that uses LLM-generated semantic rules to
identify task-relevant key states and prioritize them as informative
relabeling goals. We theoretically demonstrate that such goals lead
to larger TD errors, thereby reducing sample complexity. Empirical
results on offline GCRL benchmarks demonstrate that LLM-Driven
Relabeling significantly improves learning efficiency, particularly
under reduced-data conditions.
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1 INTRODUCTION
Offline goal-conditioned reinforcement learning (offline GCRL)
learns goal-conditioned policies from fixed, reward-free datasets,
reducing the need for expensive online interaction and reward
engineering. Existing work largely focuses on improving value
estimation[3, 5, 6, 15, 19] and representation learning[4, 16, 20].
However, goal selection itself is often treated as a default choice:
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in practice, goals are commonly sampled from future states via
hindsight experience replay (HER) [1, 14], which treats all future
states uniformly and thus generates many uninformative goals
with weak learning signals. Such inappropriate goals can bias value
estimation and ultimately degrade policy quality. This motivates
a central question: How can we select informative goals from fixed

offline data to strengthen offline GCRL?

Recent studies suggest that large language models (LLMs) dis-
play human-like patterns of judgment and reasoning ([2, 9]). Based
on this capability, prior work has applied LLMs to sequential deci-
sion making, predominantly as reward designers([18]), high-level
planners([13]), or instruction-following agents([11, 12, 17]). How-
ever, using LLMs to structure offline trajectories for goal selec-
tion—i.e., to pinpoint informative, semantically grounded relabeling
goals—has received little attention.

In this work, we propose LLM-Driven Relabeling, a plug-and-
play framework that uses LLM-generated semantic rules to identify
key states in offline trajectories and prioritize them as informative
relabeling goals, with a self-check mechanism to ensure reliability.
We provide theoretical justification for why such goals improve
learning efficiency, and corroborate the benefits empirically on
offline GCRL benchmarks.

2 METHOD
2.1 Framework
We present LLM-Driven Relabeling, a plug-and-play relabeling
framework for offline GCRL that selects informative goals from
fixed trajectories by leveraging LLM-generated semantic rules. The
framework consists of four components, as shown in Fig. 1.

(1) Semantic Key-State Rule Generation: Given a task de-
scription, we prompt an LLM to generate a small set of seman-
tic rules that characterize key states relevant for task completion
(e.g., in PointMaze, Turning Event, Terminal Stabilization, Stop-at-
Checkpoint). Each rule specifies conditions on a subset of state
dimensions, serving as a high-level semantic prior.

(2) Rule Compilation into Executable Discriminators: The
generated rules are compiled into deterministic key-state discrim-
inator functions, which evaluate whether a given state satisfies
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a semantic condition. This compilation amortizes LLM cost and
ensures efficient detection.

(3) Key-State–Prioritized Goal Relabeling: During relabeling,
goals are preferentially sampled from future states that satisfy at
least one key-state discriminator within a temporal window. When
no key state is detected, the method falls back to standard future-
state relabeling.

(4) Offline GCRL Training: The relabeled transitions are used
to train a goal-conditioned policy and value function under a stan-
dard offline GCRL setting. By only altering the goal relabeling strat-
egy, LLM-Driven Relabeling serves as a lightweight, plug-and-play
module for offline GCRL.

To ensure reliable relabeling, we introduce a lightweight self-
check mechanism. A compile-time check calibrates discriminator
executability, while a relabel-time check monitors relabel quality
using the agent’s TD error as a proxy and adjusts goal selection
accordingly.

Figure 1: The framework of our LLM-Driven Relabeling.

2.2 Theory
Let 𝛿𝜃 denote the goal-conditioned TD error induced by a relabeled
transition. We compare two relabeling strategies on the same offline
dataset: (i) HER Relabeling, and (ii) our LLM-Driven Relabeling.

Rationale. HER samples goals by randomly selecting future
states, which treats all future states uniformly and often produces
easy (low-signal) goals. In contrast, our LLM-driven Relabeling uses
semantic knowledge to identify task-critical key states as candi-
date goals, increasing the possibility of selecting challenging, task-
progressive goals and thus inducing larger TD errors and more
informative updates.

Theorem 2.1 (Larger TD error implies smaller GOAL-BE
dimension). Under the 𝜖-independence condition in [21], if the re-

labeled goals produced by LLM-Driven Relabeling induce a larger

expected TD error than HER Relabeling, i.e.,

E
[
𝛿LLM
𝜃

]
≥ E

[
𝛿HER
𝜃

]
,

then the induced GOAL-BE dimension is no larger:

dimLLM

GOAL-BE ≤ dimHER

GOAL-BE .

Corollary 2.2 (Reduced sample complexity). Under the same

assumptions as Theorem 2.1, finite-sample guarantees for offline GCRL

that scale with the GOAL-BE dimension [21] imply that achieving

error 𝜀 requires

O
(
dimGOAL-BE

𝜀2

)
relabeled samples. Since dimLLM

GOAL-BE ≤ dimHER

GOAL-BE, LLM-Driven Re-

labeling reduces the sample complexity relative to HER Relabeling.

3 EXPERIMENTS
Benchmark and baselines. We evaluate on OGBench [14] and
focus on two representative environments: AntMaze-large (navi-
gation) andCube-single-play (manipulation). We compare against
five widely used offline GCRL methods—GCIVL [15], GCIQL [8],
QRL [16], CRL [4], and HIQL [15]—covering major paradigms such
as implicit value learning [7], contrastive representation learn-
ing [4], and hierarchical goal decomposition [10].

TD-error validation. To verify the error-dominance premise
in Theorem 2.1, we conduct controlled comparisons of TD errors
induced by LLM-selected goals and HER goals on the same offline
data. As shown in Fig. 2, LLM-Driven Relabeling yields signifi-
cantly larger TD errors in sparse-reward settings. This supports
the assumption E[𝛿LLM

𝜃
] ≥ E[𝛿HER

𝜃
] used in our analysis.

Figure 2: The distribution of TD errors.

Reduced-data setting. To evaluate sample efficiency, we train
with only 50% of the offline dataset while keeping the total training
steps fixed at 500,000. As shown in Fig. 3, LLM-Driven Relabel-
ing consistently mitigates the performance drop under reduced
data and narrows the gap to baselines trained on the full dataset.
These results support our analysis that prioritizing semantically
meaningful goals improves learning efficiency and reduces sample
complexity.

Figure 3: Results on limited data.

4 CONCLUSION
We propose LLM-Driven Relabeling to improve goal selection in
offline GCRL by leveraging LLM-generated rules. Both theoret-
ical analysis and empirical results demonstrate that prioritizing
informative goals leads to improved sample efficiency.
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