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Abstract—Reinforcement learning (RL) agents often struggle
with out-of-distribution (OOD) scenarios, leading to high un-
certainty and random behavior. While language models (LMs)
contain valuable world knowledge, larger ones incur high com-
putational costs, hindering real-time use, and exhibit limitations
in autonomous planning. We introduce Adaptive Safety through
Knowledge (ASK), which combines smaller LMs with trained RL
policies to enhance OOD generalization without retraining. ASK
employs Monte Carlo Dropout to assess uncertainty and queries
the LM for action suggestions only when uncertainty exceeds a
set threshold. This selective use preserves the efficiency of existing
policies while leveraging the language model’s reasoning in
uncertain situations. In experiments on the FrozenLake environ-
ment, ASK shows no improvement in-domain, but demonstrates
robust navigation in transfer tasks, achieving a reward of 0.95.
Our findings indicate that effective neuro-symbolic integration
requires careful orchestration rather than simple combination,
highlighting the need for sufficient model scale and effective
hybridization mechanisms for successful OOD generalization.

Index Terms—Language Models, Reinforcement Learning

I. INTRODUCTION

Generalization is a vital requirement for learning systems,
as it enables them to function beyond their training data.
In learning, these systems assume that the observed data
are drawn from an independent and identically distributed
distribution, and that this distribution holds approximately
during evaluation and testing. Yet, agentic applications do not
exhibit this behavior. During testing, even if the initial state
is included in the training process, the sequential nature of
episodes may push the agent out of distribution (OOD) [1].

Generalizing to OOD states is challenging for agents be-
cause they lack prior information about how to act in these
states. When predicting in OOD situations, agents exhibit high
uncertainty and may behave randomly or be biased. Thus,
ensuring that agents behave appropriately in OOD states is also
a vital component to develop safe and trusted systems. Some
works [2, 3, 4] aim to ensure generalization by employing
expert systems or incorporating prior knowledge to guide agent
behavior in OOD states. Recent advances in language models
(LM) offer a promising avenue: pre-trained on vast corpora,
these models encode rich world knowledge and common-sense
reasoning that can potentially guide agents when encountering
OOD states. However, integrating large LM (LLMs) into real-
time decision-making systems poses computational challenges.

While planners offer a safe alternative [5, 6], they require
careful manual encoding of domain knowledge, limiting their
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adaptability to new tasks. Smaller LMs, small to medium-
sized models, offer an elegant trade-off: they retain much of
the world knowledge and reasoning of larger models while
being computationally efficient enough for real-time decision-
making [7]. Unlike planners, LMs provide flexible guidance
across diverse scenarios without requiring task-specific adjust-
ments, leveraging existing trained policies to improve practical
utility across different agents and domains.

Approaches to improving generalization can be broadly cat-
egorized into intrinsic and extrinsic methods. Intrinsic meth-
ods, such as domain randomization, architectural innovations,
or curriculum learning, modify the training process to encour-
age broader generalization, but require retraining agents with
potentially larger networks or additional data [1]. Extrinsic
methods, conversely, augment existing policies at inference
time without requiring retraining or additional training data.

In this work, we explore an extrinsic approach that in-
tegrates LMs with already-trained PPO agents to improve
generalization in OOD settings, which we call Adaptive Safety
through Knowledge (ASK)'. Our method leverages the seman-
tic understanding and world knowledge encoded in LMs to
guide reinforcement learning (RL) agents when they encounter
unfamiliar states, combining the adaptability of RL with the
implicit knowledge of language models without requiring
retraining or architectural modifications.

II. PROBLEM FORMULATION

Reinforcement learning is a problem where a policy 7 learns
parameters 6 via interacting with the environment and its
reward signal r [8]. In RL, the reward signal r : S x A — R,
where S is the state space and A is the action space, allows
the agent my to learn the probability of each action a € A
given the current state s € S by maximizing the immediate
reward. In this setting, agents typically do not observe the
entire state space, resulting in a situation in which they lack
state information and may perform highly uncertain actions.
To better formulate this change in unobserved states, we
depart from the initial RL formulation and adopt one in
which different contexts may not only alter how states are
represented but also modify the transition functions that govern
the environment’s dynamics.

'Data and Code Availability. Supplementary material is available at https:
/lkclpure.kcl.ac.uk/ws/portalfiles/portal/368422362/appendix.pdf. The code is
available at https://github.com/jrzmnt/ask-rl.



A. Contextual Markov Decision Process

We formulate our problem as a Contextual Markov Decision
Process (CMDP), a tuple M = (S, A,O,r, T, C, ¢), where O
is the observation space, r is the immediate reward function
r: 0 x A~ R, T is the transition function 7 : O x A — O,
C is the set of contexts, and ¢ is a projection function ¢ :
SxC — O [1]. Note that in CMDPs, the policy only observes
the state produced by ¢, that the current context ¢ € C remains
the same in an episode, and the reward function r now operates
under observations and not states. In other words, the policy
perceives only one context ¢ at a time in which all states s € S
are projected into it {¢(s,c) | s € S}.

In this formulation, the context serves as the seed, ID, or pa-
rameter vector that determines the current environment. Hence,
it should not change within an episode; it should change only
between episodes. More importantly, the context distribution
p(c) defines the training, evaluation, and testing collections of
each task or environment instance. Most often, this distribution
remains uniform through all collections; however, this is not
true for all environments. Finally, we do not assume that
the policy observes the context. That is, the policy does not
perceive its context. Since two different contexts (¢, ¢’) might
map two different states (s,s’) into the same observation
(p(s,c) = ¢(s',¢')), it is not always the case that the policy
can acknowledge in which context it is in.

B. Uncertainty in Neural Networks

Measuring uncertainty helps researchers assess the extent
to which model predictions carry weight given their prior
experience. The two most common types of uncertainty in
machine learning are: (i) epistemic, which is inherent to
models, caused by a lack of training data, hence reducible
with more data; and (ii) aleatoric, caused by inherent noise
or ambiguity in data, thence irreducible with more data [9].
Epistemic uncertainty at an observation o € O is high for a
previously unseen o, and decreases as o becomes part of the
training set [10]. Kirsch et al. [11] show that this behavior
conforms with using mutual information in Bayesian models
and deep ensembles, and Postels et al. [12] as feature-space
density in deterministic models as surrogates for epistemic
uncertainty. Aleatoric uncertainty at an observation o € O
is high for ambiguous or noisy samples [9]. For example, if
multiple labels are observed at o, the aleatoric uncertainty will
be high, thus, adding more data has no effect on it.

Uncertainty is usually measured under Bayesian models or
ensemble methods [13]. Bayesian models provide a principled
way to quantify uncertainty by using prior distributions over
model parameters to infer the posterior distribution given
training data. Ensemble models compute the average of their
outputs, which are then used to estimate the entropy of the
averaged vectors. However, both approaches incur high train-
ing costs. To represent uncertainty, these approaches double
the number of parameters for the same network size and
require more time to converge [14]. Therefore, a solution for
approximating the behavior of Bayesian models and ensemble
methods is to apply dropout to the same neural network during

inference N times [14]. By applying dropout during infer-
ence, we obtain multiple stochastic predictions from the same
network, creating an implicit ensemble without additional
parameters. The variance across these predictions provides an
estimate of epistemic uncertainty:

U(o) = % XX, X, pilao)log e, (1)

where p;(a | 0) is the action distribution from the i-th forward
pass with dropout, and p(a | 0) = I/~ sz\; pi(a | o) is the
mean distribution (we omit the agent notation g from p° for
simplicity). On the other hand, the mean prediction entropy
captures aleatoric uncertainty:

Us(0) = £ 5N S —piao)logpi(ao). (2

This Monte Carlo Dropout (MC Dropout) approach offers a
lightweight alternative to full Bayesian methods or explicit
ensembles, requiring only repeated forward passes through an
already-trained network. To preserve the extrinsic nature and
interpretability of ASK, our gating mechanism is implemented
as a fixed uncertainty threshold, thus avoiding additional
learned components or retraining. In this setting, uncertainty
is used as a trigger for intervention rather than as a calibrated
decision signal, making precise calibration less critical.

III. ADAPTIVE SAFETY THROUGH KNOWLEDGE

In this work, we propose Adaptive Safety through Knowl-
edge (ASK), which leverages language models as an extrinsic
method to improve the generalization of RL agents without any
retraining. ASK’s main contribution lies in quantifying uncer-
tainty to identify when an agent encounters OOD observations
and selectively querying for guidance only in these high-
uncertainty scenarios. This approach combines the efficiency
of a trained RL policy with the world knowledge of language
models, activating it only when needed. By measuring both
epistemic and aleatoric uncertainty at each observation, ASK
determines when the agent lacks sufficient experience (high
epistemic uncertainty) or faces inherently ambiguous states
(high aleatoric uncertainty). In such cases, rather than allowing
the agent to act with high uncertainty, we leverage the semantic
understanding to provide an informed action recommendation.

We first summarize ASK. Given a trained RL policy 7y, a
language model Q¢, and a set of evaluation contexts C’ € C,
where C’ are contexts not seen during training or during
evaluation, ASK operates as follows. For each context ¢ € C”,
it initializes an environment instance and retrieves the initial
observation o. At each step, the agent computes an action a
using its learned policy 7y (0). However, before executing this
action, ASK computes the total uncertainty U, (0) +U,(0) us-
ing MC Dropout (Egs. 1 and 2). If the total uncertainty exceeds
a predefined threshold 7, we override the agent’s action by
querying G, with a prompt Pr and the current observation to
obtain an alternative action G4 (Pr, 0). This intervention occurs
only when the agent is uncertain, allowing the trained policy to
handle familiar observations while delegating high-uncertainty
decisions to the language model’s world knowledge. The agent
then executes the selected action, receives the next observation



from the environment via the transition function 7', and repeats
this process until it reaches the goal state g.

A. State Representation and Prompting

Smaller language models do not share the same capacities as
their larger counterparts. As model size decreases, its ability to
follow complex instructions, perform multi-step reasoning, and
robustly handle varied prompt formats [7] also decreases. For
example, when using LLMs, prompts that described a grid-
like environment using a matrix would work perfectly. Yet,
when using smaller models, we had to simplify the observation
description to better fit the model’s capacity. Therefore, careful
prompt engineering is essential to maximize the utility of
LMs in ASK. ASK requires two key components: translating
environmental observations into natural-language descriptions
that models can interpret, and enforcing a structured output
format that can be reliably parsed into discrete actions.

ASK prompt design balances informativeness with simplic-
ity, providing the language model with just enough context to
make informed decisions without overwhelming its reasoning
capacity. The complete prompt consists of several structured
sections: (i) a role definition establishing the task and explicit
output constraints to prevent verbose responses; (ii) high-level
decision rules prioritizing safety and goal-directed behavior;
(iii) state information using position coordinates and local
spatial relationships; and (iv) the original policy’s action
suggestion as an ‘“autopilot recommendation.” Appendix A
provides the full prompt.

Crucially, we include the trained policy’s action recommen-
dation in the prompt, framed as an “autopilot suggestion.”
This allows the model to validate the policy’s choice when it
aligns with safe, goal-directed behavior, or override it when the
suggestion appears risky given the current state. By providing
this suggestion, we leverage the RL policy’s learned behavior
while allowing the LM to intervene based on its knowledge.

Finally, ASK enforces a strict output format to facilitate
reliable parsing and provides a fallback mechanism when the
LM fails to adhere to the format instructions (by defaulting
to the policy’s action). Importantly, ASK does not fine-tune
or train the language model. It relies solely on the LM’s pre-
trained knowledge, maintaining its extrinsic nature.

B. Uncertainty Estimation

ASK quantifies uncertainty using MC Dropout to obtain
both epistemic and aleatoric estimates (Eqs. 1 and 2). It
computes the total uncertainty Uoi(0) = Ue(0) + U, (0) at
each observation o by performing N forward passes through
the trained policy network with dropout enabled. This provides
a lightweight mechanism for identifying states in which the
agent lacks confidence in its action selection.

Uncertainty serves as a natural trigger for external reasoning
in OOD states, rather than as a replacement for learned
behavior. High epistemic uncertainty indicates that the agent
has insufficient experience with observations similar to o,
precisely the scenario in which the agent is most likely to
be out-of-distribution and where external guidance is most

valuable. High aleatoric uncertainty, on the other hand, signals
inherent ambiguity in the observation itself, such as multiple
valid paths or conflicting cues, where world knowledge and
common-sense reasoning can help break ties.

By using uncertainty as the intervention criterion, ASK
ensures that the LM is queried only when necessary. In
low-uncertainty states, the trained RL policy operates au-
tonomously, leveraging its learned behavior efficiently. In
high-uncertainty states, where the agent exhibits high variance,
the LM provides informed guidance based on its semantic
understanding of navigation and safety. This selective inter-
vention preserves the efficiency of the learned policy while
mitigating the risks associated with OOD generalization.

The threshold 7 provides a crucial trade-off between com-
putational cost and safety. Querying the LM at every step
would be computationally expensive and unnecessary, as the
trained policy performs well in familiar states. Conversely,
never querying the LM would leave the agent vulnerable to
unsafe or random behavior in OOD scenarios. By setting
T empirically based on the uncertainty distribution observed
during training, we balance policy autonomy with external
guidance, invoking the LM only when the agent’s uncertainty
warrants the additional computational overhead.

IV. EXPERIMENTS

We evaluate ASK on the FrozenLake-v1 environment [15]
across map sizes ranging from 4x4 to 8x8. For each map size,
we create a set of 300 contexts with different hole positions (as
in Fig. 1), which we equally split into training, evaluation, and
testing sets. By maintaining fixed contexts across splits, we
ensure that no RL policy has access to complete information
about contexts outside its training set. Each configuration is
evaluated over 100 episodes, and results are reported as mean
and standard deviation. FrozenLake provides a simple yet
informative environment for studying how uncertainty, learned
policies, and language-based guidance interact. Varying map
sizes and hole layouts enable the controlled induction of
distribution shifts, thus reliably stressing learned policies and
leading to familiar failure modes. This makes FrozenLake
a useful diagnostic environment. Our experiments aim to
demonstrate that selectively invoking language guidance based
on uncertainty can recover sensible behavior when both the
RL policy and the language model fail on their own, a pattern
expected to arise in more complex domains.

We adopt Proximal Policy Optimization (PPO) [16] as the
reinforcement learning policy (from StableBaselines3 [17]).
PPO is a widely used and well-established algorithm in
the reinforcement learning literature, providing a strong and
stable baseline for sequential decision-making. We use fixed
hyperparameters across all experiments and train each policy
2x 107 timesteps, saving the best-performing model based on
the evaluation set (see Appendix B for evaluation results). For
LMs, we select models from the Qwen family [18], using
readily available weights from HuggingFace for reproducibil-
ity. We employ these models off-the-shelf without any task-
specific training or fine-tuning. Using a single model family
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Fig. 1: Different paths for the same con-
text, where purple is the LM, orange the
PPO, and green the ASK approach.

allows us to systematically vary model capacity while mini-
mizing architectural and training-related confounding factors,
ensuring that observed differences are mainly attributable to
scale rather than changes in model design. For the MC Dropout
uncertainty estimation, we use /N = 100 forward passes with
a dropout rate of 0.2.

We evaluate each configuration by measuring average accu-
mulated reward ), ~'r;41, where v is the discount factor.
Note that the FrozenLake reward function is sparse: the
agent receives a reward of 1 upon reaching the goal and 0
otherwise [15, 19]. To assess efficiency, we also report the
average episode length, capped at 100 timesteps. Episodes
reaching maximum length with zero reward indicate the agent
is stuck in a loop. Although the original 8 X8 implementation
uses 200 as maximum length, the trained PPO policies achieve
the goal on ~ 12 steps. Thus, we standardize the maximum
length to 100 across all map sizes for a fair comparison.
Note that generalizing across contexts from maps of different
sizes is more challenging than generalizing across maps of
the same size with different hole positions. Finally, we aim to
assess the computational overhead and behavioral impact of
LM integration. To quantify this, we consider two metrics:

Intervention rate (IR): measures the proportion of steps
where uncertainty exceeds the threshold 7 and the LM is
consulted: IR(ep.) = 1/ep/ Z‘f:pll 1[Ue(0r) +Ualor) = 7],
where |ep.| is the episode length, o; is the observation at
timestep ¢, and 1[-] is the indicator function. A low intervention
rate indicates that the agent operates autonomously, while a
high rate suggests frequent uncertainty requiring assistance.
The threshold 7 was selected via Bayesian optimization with
Optuna [20] over [0.10,1.20] (22 independent studies). Mid-
size models (3B-14B) require high thresholds (= > 0.9)
to suppress unreliable interventions, while 1.5B and 72B
operate at lower values (7 < 0.55), reflecting better-calibrated
guidance. Notably, 72B achieves 7 = 0.12 on 7x 7, consulting
the LM at nearly every step while maintaining 0.89 reward —
a behavior only sustainable at sufficient model scale.

Overwrite rate (OR): measures how often the recommended
action differs from the original policy’s suggestion when con-
sulted: OR(ep.) = LI 1[Ue(oirtla(0n)>TA0*£a7] /1R ep.),
where a; is the action selected by the LM and a;’ is the

Fig. 2: In-domain performance of PPO, LM, and ASK on the FrozenLake
environment across grid sizes for language model sizes ranging from 0.5B to 72B
parameters. Values above markers denote mean reward over 100 episodes.

action suggested by the trained policy. This metric reveals
whether the LM merely validates the policy’s choices or
provides genuinely different guidance. A high overwrite rate
indicates that the LM frequently disagrees with the policy in
uncertain states, suggesting it offers complementary reasoning
rather than redundant confirmation.

Combined, these metrics provide an efficiency-performance
trade-off insight. IR quantifies computational overhead, while
OR assesses the added value of LM guidance when invoked.

A. In-Domain Evaluation (Same-Size Maps)

Contrary to our expectations, Table Ia shows that integrating
LMs does not consistently improve over the PPO baseline.
Across all three environment sizes, most LM-augmented mod-
els achieve reward values statistically indistinguishable from
the PPO baseline. On the 6x6 grid, PPO achieves 0.93 +0.26
reward with an episode length of 9.49 + 1.90 steps. While
several models (0.5B, 1.5B, 3B, 32B, 72B) match this reward,
they do so without meaningfully reducing episode length, and
mid-size models (7B, 14B) show slight performance degrada-
tion (0.92 £0.27). This pattern persists across larger grids: on
88, where the navigation challenge is most pronounced, only
the smallest models (0.5B, 1.5B) and the largest model (72B)
maintain the baseline reward of 0.79 4 0.41, while 3B shows
a substantial drop to 0.71 &£ 0.46.

To understand the role of the uncertainty mechanism, we
also evaluated an LM-only baseline where the language model
directly controls the agent without PPO guidance. Fig. 2
reveals that LMs alone fundamentally cannot solve these
navigation tasks: on test splits, LM-only performance remains
near zero across all model sizes and grid dimensions, and
on evaluation sets, performance reaches at most 0.60-0.80
on the simplest 6 x 6 grid, degrading to 0.60-0.70 on 8 x 8.
This confirms our discussion in the related work (Section V)
regarding the limited planning capabilities of language models
in sequential decision-making tasks. Despite their strong per-
formance on language understanding and generation, LMs lack
the look-ahead search and value estimation mechanisms inher-
ent to RL algorithms. The near-zero validation performance is
particularly striking, even with explicit environmental descrip-
tions and step-by-step reasoning prompts, the models fail to
navigate effectively in distribution shifts. This underscores the



TABLE I: Comparison of PPO baseline and ASK on FrozenLake: same-size evaluation and downward generalization.

(a) Same-size evaluation

(b) Downward generalization (trained on 8x8)

Size Model Reward Length IR (%) OR (%) Reward Length IR (%) OR (%)
PPO - - - - 0.00 £ 0.00 46.98 +49.18 - -
0.5B - - - 0.00 £ 0.00 41.124+26.20 100.00 61.71
1.5B - - - - 0.37 £ 0.49 6.92 £ 6.20 100.00 42.98
3B - - - - 0.00 £ 0.00 44.58 +26.47 100.00 64.52
4x4 7B - - - - 0.00 £ 0.00 61.00 4+ 0.00 100.00 95.57
14B - - - - 0.07 £ 0.26 56.59+15.04 100.00 52.95
32B - - - - 0.95 £+ 0.22 7.70 £ 9.46 100.00 46.17
72B - - - - 0.95 + 0.22 7.99 +9.51 100.00 64.22
PPO - - - 0.01040.099 42.41+48.26 - -
0.5B - - - 0.00 + 0.00 31.614+27.21 100.00 99.87
1.5B - - - 0.23 + 0.42 11.563+13.13 100.00 28.47
3B - - - - 0.00 £+ 0.00 50.92 4+22.39 100.00 41.07
5x5 7B - - - - 0.00 £ 0.00 61.00 &+ 0.00 100.00 51.03
14B - - - - 0.01 +0.10 58.114+12.70 100.00 47.27
32B - - - - 0.87 £ 0.34 10.12 +10.71 100.00 47.55
72B - - - - 0.86 £+ 0.35 16.18 +18.42 100.00 50.51
PPO 0.93 £0.26 9.49 +1.90 - - 0.00 £ 0.00 36.80+46.62 - -
0.5B 0.93 £ 0.26 9.49 £1.90 49.83 0.00 0.00 £ 0.00 31.614+25.91 100.00 100.00
1.5B 0.93 +£ 0.26 9.49 +1.90 55.03 0.00 0.11 £ 0.31 8.60 £ 8.27 100.00 28.96
3B 0.93 +£ 0.26 9.49 +1.90 0.00 0.00 0.00 £ 0.00 50.38 +22.78 100.00 41.43
6 X 6 7B 0.92 +£0.27 11.66 £12.95 27.19 4.09 0.00 £ 0.00 61.00 4+ 0.00 100.00 50.31
14B 0.92 £ 0.27 9.55 £ 2.13 0.97 0.47 0.01 £0.10 60.31 +5.17 100.00 51.50
32B 0.93 +£ 0.26 9.49 +1.90 32.03 0.00 0.69 + 0.46 22.92421.88 100.00 52.35
72B 0.93 + 0.26 9.50 £+ 1.86 24.03 0.60 0.75 +0.44 21.58 + 21.09 100.00 50.33
PPO 0.86 £ 0.35 13.08 £12.58 - - 0.00 £ 0.00 30.224+43.76 - -
0.5B 0.87 +£0.34 11.45 + 2.46 58.23 0.26 0.00 £ 0.00 25.28 +24.98 100.00 99.95
1.5B 0.86 £ 0.35 13.08 £12.64 41.59 0.00 0.10 £ 0.30 8.08 £ 7.06 100.00 29.14
3B 0.85 £ 0.36 13.03+£12.65 0.56 0.14 0.00 £ 0.00 53.514+19.53 100.00 44.23
7TX7 7B 0.86 £ 0.35 14.25+15.27 9.31 2.53 0.00 £ 0.00 61.00 4+ 0.00 100.00 51.57
14B 0.86 £ 0.35 13.08 £12.64 0.00 0.00 0.00 £ 0.00 61.00 4+ 0.00 100.00 50.51
32B 0.86 £ 0.35 13.08 £12.64 56.62 0.00 0.58 £+ 0.50 30.204+23.38 100.00 53.36
72B 0.87 +0.34 12.22 £+ 9.09 58.32 0.32 0.68 + 0.47 27.10 + 21.94 100.00 50.88
PPO 0.79 £ 0.41 12.49 £+ 3.17 - - - - - -
0.5B 0.79 £ 0.41 12.52 £ 3.21 59.18 0.13 - - - -
1.5B 0.79 £ 0.41 12.49 + 3.19 36.61 0.00 - - - -
3B 0.71 £ 0.46 18.14+21.14 14.74 6.63 - - - -
8 X 8 7B 0.79 £ 0.41 15.49+13.93 14.99 2.88 - - - -
14B 0.77 £ 0.42 15.10£15.10 4.32 3.20 - - - -
32B 0.79 £ 041 12.49 + 3.19 43.01 0.00 - - - -
72B 0.79 + 0.41 12.50 £+ 3.17 28.60 0.54 - — — —

necessity of the hybrid architecture: while LMs do not improve
upon PPO in the same-size scenarios, the gating mechanism is
essential to prevent the catastrophic performance degradation
that would result from naive LM control.

The failure to improve performance appears closely related
to the LM overwrite behavior. Models that maintain baseline
performance exhibit near-zero OR (< 0.6%), suggesting they
primarily defer to the PPO policy. Conversely, models with
higher OR, particularly the 3B model with 6.63% overwrites
on 8 x 8, show marked performance degradation. The episode
length metric further corroborates this: when 3B overwrites
PPO’s actions, episodes increase to 18.14 £+ 21.14 steps,
compared with the baseline’s 12.4943.17, indicating that LM
interventions often lead to suboptimal trajectories.

An interesting pattern emerges when comparing the smallest
and largest models. The 0.5B model demonstrates high LM
engagement (49.83% to 59.18% calls across grid sizes) paired
with minimal overwrites (0.00% to 0.26%), suggesting that its
uncertainty estimates align well with PPO’s competence—it
queries frequently but rarely disagrees. In contrast, the 72B
model exhibits comparable performance with more moderate
call rates (24.03% to 58.32%) but slightly higher OR (0.32%
to 0.60%). This indicates that while 72B is more selective
about when to consult the LM, it is also more willing to over-
ride PPO when it does, though still with sufficient accuracy
to maintain baseline performance.

Most surprisingly, mid-size models (3B, 7B, 14B) exhibit a
failure mode characterized by low call rates coupled with high

overwrite percentages. For instance, 14B on 8x8 calls the LM
only 4.32% of the time but overwrites 3.20% of those calls,
suggesting poor calibration between uncertainty estimation
and actual LM reliability. This U-shaped performance curve,
where very small and very large models succeed while mid-
size models struggle, was unexpected and suggests that the gat-
ing effectiveness may be size dependent. These results led us
to question whether the same-size evaluation was sufficiently
challenging to reveal the potential benefits of LM guidance.
In-domain scenarios may be too simple, allowing PPO alone
to already find near-optimal policies, leaving little room for
LM-based improvement. To investigate whether LMs could
provide value in more demanding generalization scenarios, we
next examine performance on different-size maps.

B. Downward Generalization (Different-Size Maps)

Having established that same-size generalization provides
insufficient challenge, we examine downward generalization
where agents trained on 8 x 8 grids navigate smaller environ-
ments (4 x4 through 7x7). Table Ib shows that while neither
component succeeds in isolation, their combination unlocks
robust generalization at scale.

The PPO baseline fails to generalize downward, achieving
zero reward as episode length remain closely the same from
46.98 steps on 4 x 4 to 30.22 steps on 7 x 7. Combined
with our earlier finding that LMs alone achieve near-zero
performance (Fig. 2). A sharp capability threshold emerges
at 32B parameters. Both 32B and 72B models achieve ex-
ceptional performance: 0.95 £+ 0.22 reward on 4 x 4 with



efficient navigation (7.70 and 7.99 steps). This success persists
across all sizes: 0.86—0.87 on 5 x 5, 0.69-0.75 on 6 X 6,
and 0.58-0.68 on 7 x 7 where all other configurations fail
completely. Performance degrades with environment size, yet
remains functional throughout. This performance transition at
32B reflects a capability threshold for reliable spatial reasoning
under distribution shift, rather than a requirement imposed by
ASK itself. ASK is model-agnostic and exposes this trade-off
by invoking language guidance only when policy uncertainty
warrants intervention.

The relationship between model size and generalization
exhibits a non-uniform pattern. The 1.5B model shows modest
success (0.37 on 4x4, 0.23 on 5x5) with short episodes. How-
ever, mid-size models (3B-14B) fail completely, achieving
zero reward despite often reaching maximum episode length.
This behavior, in which 1.5B outperforms 3B—14B but falls
short of 32B/72B, suggests a capability phase transition.

LM overwrite patterns reveal nuanced dynamics. The 0.5B
model’s very high overwrite (61-100%) indicates overconfi-
dent interventions that consistently degrade performance. The
1.5B model maintains low overwrite (28-43%), suggesting
well-calibrated deference to PPO when uncertain. Successful
models (32B/72B) operate with moderate overwrite (46-68%),
indicating that the LM actively contributes by overriding PPO
approximately half the time, and that these interventions are
beneficial. Overwrite rates exceeding 80% indicate failure,
where LM overconfidence leads to poor trajectories (Fig. 2).

These results show that PPO alone yields zero reward,
and LMs alone fail fundamentally. Yet, their integration
at scale (32B+) unlocks robust generalization. This capa-
bility threshold suggests that downward generalization re-
quires sophisticated spatial reasoning and goal-directed plan-
ning—capabilities that emerge in LMs only at scale, yet
require RL’s grounding to translate into effective navigation.
Most encouragingly, 32B/72B models maintain functional
performance, demonstrating genuinely transferable navigation
strategies. The synergy between LM guidance and RL opti-
mization, which is hidden in same-size scenarios due to task
simplicity, becomes evident under larger distribution shifts.

V. RELATED WORK

Recent work has explored integrating language models
into RL and planning tasks. Several studies demonstrate that
LLMs can generate plans when provided with appropriate
context [21], yet they face significant limitations in sequential
decision-making. Armony et al. [22] show that even state-of-
the-art LLMs struggle to match classical symbolic planners
in structured domains, particularly when planning requires
precise state tracking and multi-step reasoning. Similarly,
Valmeekam et al. [23] demonstrate that LLMs often fail to
maintain consistency in long-horizon tasks and struggle with
domains requiring exact logical reasoning. These limitations
motivate our approach: rather than using language models as
planners, ASK queries LMs only in uncertain states where rea-
soning and world knowledge can complement learned policies.

Uncertainty quantification has been proposed as a mecha-
nism for safe RL [10]. Monte Carlo Dropout [14] provides
a computationally efficient method to estimate both epis-
temic and aleatoric uncertainty in neural networks by treating
dropout as approximate Bayesian inference. While prior work
uses uncertainty to trigger human oversight or conservative
actions, we instead use it to gate language model queries,
providing automated guidance without human supervision or
the computational overhead of full Bayesian inference.

ASK differs from existing LLM-RL integration approaches
in three key ways: (i) usage of small to medium language
models rather than large ones, making real-time deployment
feasible; (ii) selectively invoking the LM based on uncertainty
rather than at every step; and (iii) treating LMs as a fall-
back mechanism for OOD states rather than as the primary
decision-maker. This design acknowledges both the planning
limitations of language models and the value of learned RL
policies, using each where it excels.

VI. CONCLUSION

In this work, we presented Adaptive Safety through Knowl-
edge (ASK), an extrinsic approach that improves OOD gener-
alization in RL by selectively integrating LMs based on uncer-
tainty estimates. Using Monte Carlo Dropout, ASK identifies
unfamiliar states and queries an LM only when policy un-
certainty exceeds a predefined threshold, preserving efficiency
while leveraging language-based commonsense reasoning in
critical situations. Empirically, while this integration yields
no gains in-domain where PPO already performs well, it
enables robust downward transfer: in scenarios where both
PPO and language models alone fail, their uncertainty-gated
combination achieves up to 0.95 reward, demonstrating a
strong synergy that emerges only at sufficient model scale.

More broadly, our results suggest that effective neuro-
symbolic systems require principled orchestration rather than
naive integration. Instead of replacing specialist policies with
generalist models, ASK demonstrates that combining RL for
efficient decision-making with language models for reasoning
under uncertainty yields more reliable and adaptable agents.
Our focus is not to outperform specialized safety or plan-
ning heuristics, but to demonstrate a general, domain-agnostic
integration principle that augments existing policies without
retraining or task-specific engineering. In ASK, language
models are not treated as planners, but as semantic critics that
selectively override high-uncertainty actions, consistent with
the moderate overwrite rates observed in successful configura-
tions. The central question, therefore, is not whether language
models can plan or RL agents can generalize, but when and
how their complementary strengths should be combined.

Future work includes learning adaptive gating mechanisms
beyond fixed thresholds, improving uncertainty calibration
through ensembles or Bayesian methods, and exploring joint
training of the policy and gate. Extending our approach to
more complex and partially observable environments is a
natural next step toward understanding the generality and
robustness of uncertainty-gated language guidance.
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APPENDIX
ADDITIONAL EXPERIMENTAL DETAILS

A. Prompt

The prompt Pr provides the language model with a struc-
tured description of the local navigation problem, encoding
both the agent state and its surrounding environment. All
variables are deterministically extracted from the FrozenLake
grid and injected into the prompt during inference. The vari-
ables agent_row and agent_col (Line 17) denote the
current row and column of the agent, while goal_row and
goal_col (Line 18) represent the coordinates of the goal
state. Together, these variables provide global positional con-
text, allowing the model to reason about relative distance and
direction toward the goal. The immediate surroundings of the
agent are described by the variables up_tile, down_tile,
left_tile, and right_tile (Lines 20-23), which en-
code the tile types directly adjacent to the agent in each
cardinal direction. This information enables the model to
assess the immediate safety of each possible action, including
the presence of holes or map boundaries. To incorporate short-
horizon foresight, the prompt additionally includes the look-
ahead variables up_up_tile, down_down_tile, left_
left_tile,and right_right_tile (Lines 25-28), rep-
resenting the tiles located two steps away in the corresponding
directions. These variables allow the model to anticipate un-
safe transitions beyond the immediate move and avoid actions
that lead to future dead ends. The action space is explicitly
constrained to the discrete set {UP,DOWN, LEFT,RIGHT}
(Line 30), and the prompt enforces strict output rules requiring
the model to return exactly one valid action without additional
text or explanations. Edge tiles are treated as unsafe, and when
multiple safe actions are available, the model is instructed
to select the action that minimizes the distance to the goal.
This structured prompt design enables deterministic, safety-
aware reasoning by the language model while ensuring full
compatibility with the discrete action space and transition
dynamics of the reinforcement learning environment.

Listing 1 Prompt for ASK

1 You are a robot navigation policy.

2 Your task is to choose exactly ONE action.
3 VALID ACTIONS:

4 up

5 DOWN

6 LEFT

7 RIGHT

8 RULES:

9 Do NOT explain.

10 Do NOT add text.

11 Do NOT add markdown.

12 Do NOT add JSON keys other than "a

action".

13 - EDGE tiles are unsafe and must not be chosen.

14 - If the suggested action is unsafe, choose a safe alternative.

15 - If multiple safe actions exist, choose the one that moves closer to the goal.
16 STATE:

17 Agent position: row {agent_row}, col {agent_col}

18 Goal position: row {goal_row}, col {goal_col}

19 IMMEDIATE NEIGHBORS:
20 UP: {up_tile}

21 DOWN: {down_tile}
22 LEFT: {left_tile}
23 RIGHT: {right_tile}
24 LOOK AHEAD:

25 UP->UP: {up_up_tile}
26 DOWN->DOWN: {down_down_tile}

27 LEFT->LEFT: {left_left_tile}

28 RIGHT->RIGHT: {right_right_tile}
29 OUTPUT MANDATORY) :
30 {{"ac OR "ac

"action":

"LEFT"}} OR

B. Evaluation Results

Tab. II displays the result for the same-size map task.
Tab. III displays the results for the downwards generalization.
We note that the evaluation and the test PPO’s performance
remains approximate. Therefore, the RL policy achieves re-
sults comparable to those obtained when it was selected during
training. Finally, we also note that all RL policies achieve the
goal 100% during training, e.g., reward of 1.00 = 0.00.

TABLE II: Comparison between PPO baseline and ASK.

Size Model Reward Length IR (%) OR (%)
PPO 0.89 £ 0.31 9.22 £2.32 = -
0.5B  0.89+0.31 9.22 + 2.32 21.10 0.02
1.5B  0.89 +£0.31 9.22 & 2.32 27.88 0.00
6xg OB 074£044 13.79 £ 19.68 2532 8.32
7B 0.88£0.32 10.14 £+ 7.92 16.59 336
14B 0.75+0.43 25.20 + 32.32 3230 17.84
32B  0.89+0.31 9.22 +2.32 17.27 0.00
72B 0.89 +0.32 12.92 £17.13 19.37 530
PPO  0.86 £ 0.36 12.91 £ 12.68 - -
0.5B  0.85+0.36 12.73 £ 11.60 27.81 0.41
1.5B  0.85+0.36 12.91 + 12.68 30.60 0.00
77 3B 0.68£0.47 23.56 & 31.05 2222 9.77
7B 0.81£0.39 16.47 £ 20.04 21.16 6.13
14B 0.63£0.48 35.63 £ 38.79 37.26 23.99
32B 0.85+0.36 12.91 + 12.68 23.84 0.00
72B 0.87 +£0.34 12.99 + 11.39 26.60 9.39
PPO  0.75 £ 0.36 12.01 £ 12.68 = -
0.5B  0.75£0.43 12.02 + 3.66 24.16 0.05
15B  0.75£0.43 12.01 + 3.66 19.09 0.00
exsg O3B 0.48+0.50 31.36 + 36.29 42.33 2248
7B 0.65+0.48 22.89 + 27.77 42.38 10.99
14B 0.63+0.48 26.52 % 31.56 29.67 18.41
2B 0.75+0.43 12.01 + 3.66 25.07 0.00
72B 0.72+0.45 19.07 £ 22.77 30.05 11.24
TABLE II: Downward generalization results.
Env LLM Model Reward Length IR (%) OR (%)
0.5B 0.00 £0.00  51.76 £ 46.85  100.00 57.13
1.5B 0.47 £ 0.50 7.54 £ 6.46 100.00 41.00
3B 0.00£0.00  83.40 £36.87  100.00 62.20
4x4 7B 0.00+£0.00  100.00 +0.00  100.00 98.70
14B 0.03+0.17  95.22+20.95  100.00 55.80
32B 0.93 £ 0.26 9.68 & 18.55 100.00 50.66
72B 0.9440.24 9.98 £ 18.50 100.00 68.98
0.5B 0.01 £0.10  29.21 £ 36.82 86.76 86.75
1.5B 0.23+0.42  10.10+10.55  100.00 32.43
3B 0.004£0.00  79.04 £ 40.00 89.64 39.77
5x5 7B 0.00£0.00  92.20 £ 26.59 88.44 46.62
14B 0.01+£0.10  94.73 £21.28 87.34 48.86
32B 0.85+0.36  18.34 £28.91  100.00 49.51
72B 0.85+0.36  22.54+33.10  100.00 51.05
0.5B 0.06 £0.24  16.83 £ 29.10 61.68 61.68
1.5B 0.11 £0.31 9.76 £ 9.79 100.00 30.39
3B 0.00 £ 0.00  80.63 + 38.97 99.99 41.64
6x6 7B 0.00+£0.00  38.16 + 46.70 9.94 4.90
14B 0.004£0.00  100.00 £0.00  100.00 51.88
32B 0.70+0.46  31.15+37.31  100.00 53.56
72B 0.74+044  29.05£35.95  100.00 50.74
0.5B 0.00 £0.00  28.31 £42.73 0.00 0.00
1.5B 0.08 +0.27 8.18 + 7.67 100.00 28.84
3B 0.00£0.00  28.31+42.73 0.00 0.00
7X7 7B 0.0040.00  28.31+42.73 0.00 0.00
14B 0.00£0.00  28.31 +42.73 0.00 0.00
32B 0.00+£0.00  28.31 +42.73 0.00 0.00
72B 0.684+0.47  36.76 £38.98  100.00 52.18




