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Abstract

Neuro-symbolic Reinforcement Learning (NeSy-RL) combines symbolic reasoning
with gradient-based optimization to achieve interpretable and generalizable policies.
Relational concepts—such as “left of” or “close by’—serve as foundational
building blocks that structure how agents perceive and act. However, conventional
approaches require human experts to manually define these concepts, limiting
adaptability since concept semantics vary across environments.

We propose GRAIL (Grounding Relational Agents through Interactive Learning), a
framework that autonomously grounds relational concepts through environmental
interaction. GRAIL leverages large language models (LLMs) to provide generic
concept representations as weak supervision, then refines them to capture
environment-specific semantics. This approach addresses both sparse reward
signals and concept misalignment prevalent in underdetermined environments.
Experiments on the Atari games Kangaroo, Seaquest, and Skiing demonstrate that
GRAIL matches or outperforms agents with manually crafted concepts in simplified
settings, and reveals informative trade-offs between reward maximization and high-
level goal completion in the full environment.
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2 Neurosymbolic Artificial Intelligence XX(X)

Introduction

Deep reinforcement learning (RL) has achieved remarkable progress in recent years,
driving advancements in critical fields such as autonomous driving and robotics. Deep
neural networks, capable of learning policies across diverse tasks without prior domain
knowledge (Mnih et al. 2013; Schulman et al. 2017; Badia et al. 2020; Bhatt et al.
2024), have thus become the foundation of modern RL. Despite their success, these
black-box models are prone to shortcut learning, exploiting action strategies that may be
imperceptible to humans (Liu and Borisyuk 2024; Delfosse et al. 2025). For instance,
in Atari Pong, deep RL agents often gravitate toward behavior that focuses on the
opponent’s position instead of tracking the ball (Delfosse et al. 2024b), demonstrating
limited generalization when the environment is altered even slightly.

To overcome the limitations of neural approaches, RL has increasingly incorporated
symbolic reasoning through logic-based policies (Jiang and Luo 2019; Kimura et al.
2021; Cao et al. 2022; Delfosse et al. 2023b) and programmatic frameworks (Sun et al.
2020; Verma et al. 2018; Lyu et al. 2019; Cappart et al. 2021; Kohler et al. 2024). These
methodologies offer transparency, revisability, enhanced generalization, and facilitate
curriculum learning. Nevertheless, they remain heavily dependent on human-provided
inductive biases—requiring domain experts to hard-code essential concepts or logic
rules—and often struggle to capture fine-grained, low-level behaviors. This reliance
fundamentally constrains the flexibility and expressiveness of symbolic systems.

Research in philosophy and cognitive science has long maintained that human
generalization capabilities stem from the ability to perceive the world through
concepts (Bruner et al. 1956; Rosch 1973). Concepts represent abstract attributes or
relations common across sets of entities (Archer 1966); for example, by color, shape,
or positional relation to others. While concept learning has been explored in visual
reasoning and planning (Mao et al. 2019; Hsu et al. 2023; Silver et al. 2023; Mao et al.
2025; Sha et al. 2025a), grounding concepts in RL tasks remains relatively uncharted.
Current RL approaches bypass this by manually specifying grounding functions (Jiang
and Luo 2019; Vouros 2022; Delfosse et al. 2023b; Shindo et al. 2025), a practice feasible
in simple domains but impractical when facing greater complexity or relational structure
involving multiple objects.
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Player is on the left of the ladder.  Player is on the left of the diver. Player is on the left of the flags.

.....

Figure 1. Concept grounding is environment-dependent in neuro-symbolic
reinforcement learning. The spatial concept “left of” requires different interpretations across
environments. In Kangaroo (left), the agent must verify that the player is both horizontally left
of the ladder and vertically aligned on the same platform. In Seaquest (middle), “left of” is
defined more flexibly based on horizontal positioning regardless of vertical alignment. In
Skiing (right), the relation is computed relative to the midpoint between flags rather than
individual flag objects. While humans intuitively adapt these conceptual meanings to context,
existing neuro-symbolic RL frameworks rely on manually hard-coded valuation functions for
each environment (Shindo et al. 2025), severely limiting their scalability and adaptability to
novel domains.

Figure 1 illustrates this necessity across three Atari environments. Here, the agent must
dynamically ground the “left of” relationship in different contexts: in Kangaroo (left),
“left of ladder” entails being to the left of a ladder and on the same platform; in Seaquest
(middle), “left of diver” simply means to the left of a diver irrespective of vertical
alignment; in Skiing (right), “left of flags” requires identifying flags ahead and computing
one’s position relative to them. Currently, these varied conceptual groundings are hard-
coded, which limits adaptability to new environments. This fundamental challenge raises
an important research question: How can an agent learn to ground relational concepts
autonomously through environment interactions?

To address this, we propose GRAIL (Grounding Relational Agents through Interactive
Learning), a novel framework that enables agents to ground relational concepts via
experience. GRAIL builds upon BlendRL (Shindo et al. 2025), which employs a
hybrid policy architecture—combining symbolic logic rules and differentiable neural
networks—trained jointly with differentiable forward reasoning (Evans and Grefenstette
2018; Shindo et al. 2023). In BlendRL, each symbolic predicate is associated with a
differentiable function that computes truth values over state observations, allowing the
overall policy to seamlessly bind symbolic and neural reasoning.

GRAIL extends this by introducing a new method for concept grounding within the
BlendRL framework, allowing each concept to be learned and adapted to its specific
environment. Crucially, GRAIL leverages Large Language Models (LLMs) to provide
general, high-level descriptions of concepts as weak supervision signals. For example, the
LLM supplies a prototypical representation of “left,” which GRAIL then uses alongside
environment feedback to train differentiable functions that maximize reward and align
their outputs with the LLM-provided signal. This is accomplished by adding a novel
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loss term to the Proximal Policy Optimization (PPO) (Schulman et al. 2017) objective,
encouraging alignment between learned concept groundings and guidance from LLMs.

Our experiments in the Atari environments Kangaroo, Seaquest, and Skiing
demonstrate that GRAIL matches or outperforms both neural and neuro-symbolic
baselines in a simplified setting, successfully discovering task-optimal concept
groundings directly from interaction. As illustrated in Figure 2, GRAIL learns
fundamentally different groundings of “left” and “right” depending on the
environment—horizontal platform-aligned concepts in Kangaroo versus anticipatory
diagonal concepts in Skiing. In summary, our core contributions are:

* We introduce GRAIL", a framework that enables neuro-symbolic agents to ground
relational concepts through environment interaction. GRAIL extends BlendRL by
learning spatial relational concepts autonomously, using LLMs to provide high-
level concept representations as weak supervision. The resulting policies are highly
interpretable, expressed as first-order logic rules over the learned concepts.

* We formulate Concept Alignment as a novel regularization term for PPO-based
policy learning, encoding the degree to which the agent’s learned concepts align
with LLM-generated proxy functions. The resulting GRAIL learning framework
navigates the inherent trade-off between reward maximization and semantically
faithful concept grounding, and is among the first to discover spatial concept
representations in this setting.

* We evaluate GRAIL on three challenging Atari environments: Kangaroo, Seaquest,
and Skiing, which have not previously been tackled by neuro-symbolic agents
without hard-coded relational concepts. We demonstrate that GRAIL matches
or outperforms both the state-of-the-art neuro-symbolic baseline and a purely
neural PPO baseline. Furthermore, we qualitatively analyze the relational
concepts learned by GRAIL agents, showing that they acquire meaningful spatial
groundings from experience without concept-level supervision.

Background

GRAIL builds on several foundational research areas, briefly reviewed in this section.

Deep Reinforcement Learning

We model the environment as a Markov decision process (MDP), M = (S, A, P, R, ).
The objective is to learn a policy mg(as | s¢) that maximizes the expected discounted
return:

J(6) = Eq, [Z vtn] 1)

t=0

where v € [0, 1] is the discount factor and T is the episode length.

*Code is available at: https://github.com/ml-research/grail
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Figure 2. GRAIL learns environment-specific concept groundings. Given different
environments, GRAIL autonomously discovers distinct interpretations of “left” and “right.” In
Kangaroo (left), the learned concepts activate along horizontal bands aligned with each
platform, reflecting that “left of ladder” requires both horizontal offset and vertical alignment. In
Skiing (right), activation extends diagonally above each flag, capturing the anticipatory nature
of steering decisions during downhill movement. These heatmaps demonstrate that GRAIL
adapts abstract relational concepts to the specific spatial structure of each environment.

Proximal Policy Optimization. GRAIL optimizes policies using Proximal Policy
Optimization (PPO) (Schulman et al. 2017) actor-critic method, that maintains both a
policy (actor) 7y and a value function (critic) Vy, evaluating the actor’s decisions. PPO
estimates the advantage of each action using Generalized Advantage Estimation (GAE):

T
A?AE(%/\) _ Z(Fy)‘)i(szg—li-)i )
=0

where (5§1) =1, +YVs(si+1) — V(se) is the one-step TD residual and A controls the
bias-variance trade-off. The policy is then updated by maximizing the following clipped
surrogate objective:

LCLIP(G) = ]E(Saa)"‘ﬂeold [mln (Tt(e)At7 Chp (rt(é’), 1-— €, 1 =+ 6) At)i| (3)

where r4(0) = mo(as | $¢)/ma.,,(as | s¢) is the probability ratio between the current and
previous policy, and ¢ is a clipping coefficient that constrains updates to a trust region,
enabling stable reuse of experience data across multiple gradient steps.

Neuro-Symbolic Reinforcement Learning

GRALIL specifically builds upon the ideas of neuro-symbolic reasoning and learning with
first-order logic.

First-Order Logic. GRAIL uses First-Order Logic (FOL) to encode world knowledge
and actions in a logical and structured manner. A language in FOL, £ = (P, F, D, V),
comprises predicate symbols P, functors F, constants D and variables V.

An atom p(ty, ..., ty) is the smallest unit in a logical statement, where t4, ..., t, are
terms and p is a predicate of arity a(p) = n. Ground atoms (with only constant terms)
have truth values. A Horn clause takes the form A :- By,..., B,, where A is the head
and {By, ..., B,} is the body, meaning if all body atoms are true, then A must hold.
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Logic for Actions. GRAIL adopts first-order logic as the core language for representing
both actions and states, enabling explicit reasoning throughout the agent’s learning
process with the logic programming framework (Lloyd 1984). This perspective traces
back to foundational work on logical reasoning about actions (Reiter 2001); GRAIL
follows and extends recent neuro-symbolic efforts such as (Delfosse et al. 2023b) by
structuring policies with weighted first-order logic rules.

The predicate set P is split into action predicates (P ) and state predicates (Pg).
This separation empowers the agent to distinguish what it can do from what it can know
about the world. The resulting Action-State Language is defined by (P4, Ps, D, V). For
illustration, consider the Kangaroo environment (Figure 1), where action predicates may
include P4 = {go_left,go_right, jump, idle}, while state predicates could be Pg =
{left_of,closeby,...}. An action rule takes the form X 4: —Xél), e ,Xé")—the
action is taken when all body conditions hold. For example, “move right if left of a
ladder”:

go_right (0O1) :—-type (01, agent),type (02, ladder),left_of (01,02).

Differentiable Reasoning for RL. GRAIL is built upon differentiable logic
programming (Evans and Grefenstette 2018; Shindo et al. 2021, 2023), in which
logical reasoning is realized through differentiable tensor operations, enabling end-to-
end gradient-based optimization of symbolic representations.

Figure 3 illustrates the computational flow. Raw states are first transformed into
object-centric representations, where each object is described by its attributes (e.g.,
type, z- and y-coordinates). These representations are then processed by valuation
functions—differentiable parameterized functions that estimate the confidence of each
state atom. For example, vllpeftﬁf computes a soft confidence score for the left_of
predicate given a pair of objects. The outputs of these valuation functions form a
weighted set of ground atoms that feed into the symbolic policy reasoning.

While valuation functions have traditionally been hand-crafted, limiting applicability
and scalability, GRAIL provides a unified framework to learn them directly from
environment interaction while encouraging alignment with semantically meaningful
concepts. Because the entire reasoning pipeline is differentiable, GRAIL can optimize
concept representations end-to-end via policy gradient methods, jointly improving task
performance and concept quality.

Related Work

GRAIL is built upon neuro-symbolic reinforcement learning, concept learning,
and object-centric representation learning. We review each area and position our
contributions accordingly.

Neuro-Symbolic RL

Relational Reinforcement Learning (Relational RL) (Dzeroski et al. 2001; Kersting
et al. 2004; Kersting and Driessens 2008; Lang et al. 2012; Hazra and
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Figure 3. Valuation functions evaluate relationships between objects. These functions
are typically hard-coded, limiting the applicability of neuro-symbolic reinforcement learning.
GRAIL aims to learn these functions by aligning them with the correct concept directly from
interactions with the environment.

Raedt 2023; Acharya et al. 2023; Golivand Darvishvand et al. 2025) leverages
logical representations and probabilistic reasoning to address RL challenges in
structured, relational domains. The Neural Logic Reinforcement Learning (NLRL)
framework (Jiang and Luo 2019) is a pioneering effort to introduce Differentiable
Inductive Logic Programming (OILP) (Evans and Grefenstette 2018) into RL. Here,
OILP facilitates the learning of generalized logic rules from examples using gradient-
based optimization. NUDGE (Delfosse et al. 2023b) builds further by incorporating
neurally-guided symbolic abstraction, drawing on significant progress in differentiable
logic programming (Shindo et al. 2023, 2024b) to learn more complex programs.
BlendRL (Shindo et al. 2025) subsequently extends these ideas, combining symbolic
and neural policies within a unified framework.

While these approaches demonstrate the effectiveness of learning logic-based policies,
they share a common limitation: the reliance on manually specified relational predicates,
including explicit definitions of their semantics to compute confidence scores. As a
result, adapting such methods to novel environments typically requires considerable
manual effort to define suitable predicates and their underlying grounding functions. In
contrast, GRAIL overcomes this bottleneck by automatically learning the grounding of
relational predicates—i.e., the valuation functions that define their semantics—directly
from environment interaction, thus substantially broadening the applicability of neuro-
symbolic RL.

Concept Learning

Learning concepts is a fundamental challenge in artificial intelligence and machine
learning. Modeling concepts explicitly in the machine learning pipeline enhances
interpretability and generalization of data-driven models (Koh et al. 2020;
Espinosa Zarlenga et al. 2022; Stammer et al. 2021; Steinmann et al. 2025). Neuro-
symbolic methods address this challenge by learning concepts from experience with
symbolic programs (Mao et al. 2025), with an emphasis on complex visual reasoning
with multiple objects and relations (Mao et al. 2019; Hsu et al. 2023; Shindo et al. 2024a;
Helff et al. 2023; Sha et al. 2025b; Wiist et al. 2026).
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However, these works focus on concept understanding in perception tasks or question
answering; concept grounding in RL settings—i.e., learning what relational predicates
mean through environment interaction—remains underexplored. GRAIL learns to
ground relational concepts through interaction, guided by weak supervision from LLMs.

GRAIL draws on classical formalisms for describing concepts and actions abstractly.
Allen’s interval algebra (Allen 1983) provides a qualitative calculus over temporal
intervals; the spatial predicates learned by GRAIL can be viewed as a continuous, learned
counterpart of such qualitative relations. Furthermore, action languages grounded in first-
order and second-order logic have long been used to specify actions in planning and
reinforcement learning (Reiter 2001). GRAIL follows the same tradition, representing
policies as logic rules whose head atoms correspond to the actions executed by the agent.

Object-Centric RL

Object-centric decomposition is a fundamental pillar for achieving task generalization
in reinforcement learning (Delfosse et al. 2025). Object-centric reinforcement learning
agents first need to transform unstructured state representations by decomposing visual
inputs into object-centric states (Locatello et al. 2020; Lin et al. 2020; Kipf et al. 2022;
Delfosse et al. 2023c). These structured representations are increasingly integrated into
RL pipelines, improving compositional generalization in model-free policies (Haramati
et al. 2024; Chen et al. 2024; Grandien et al. 2024) and enabling complex relational
reasoning via object-level latent dynamics in model-based architectures (Mosbach et al.
2025; Dillies et al. 2025; Nishimoto and Matsubara 2026; Bliiml et al. 2025; Feng et al.
2025). In the Atari domain, extracting such entity-level ground truth from raw pixels
or RAM remains a fundamental challenge (Delfosse et al. 2023a; Luo et al. 2024). To
bridge this gap, recent approaches leverage pre-trained visual segmentations to construct
sample-efficient spatial-temporal world models directly within these complex arcade
environments (Zhang et al. 2025; Bliiml et al. 2025).

GRAIL: Learning to Ground Relational Concepts

GRAIL extends BlendRL (Shindo et al. 2025) by replacing its hand-crafted valuation
functions with learnable differentiable grounding functions, guided by LLM-generated
proxy concepts as weak supervision. In the following, we outline the limitations of
BlendRL’s manual grounding and describe our proposed advances.

An overview of our approach is provided in Figure 4. The BlendRL framework
trains neuro-symbolic policies to maximize expected reward using Proximal Policy
Optimization (PPO) (Schulman et al. 2017). In this setup, the logic policy is represented
as a set of weighted rules over predicates, with each predicate associated with a
differentiable valuation function to capture abstract state relations.

A central challenge arises in learning these spatial relations: aligning each predicate
with its intended concept—the well-known symbol grounding problem—is nontrivial. As
a result, naively implementing predicates as neural networks and optimizing solely for
reward frequently leads to poor or uninterpretable alignments.
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Figure 4. GRAIL: Framework Overview. GRAIL extends the BlendRL framework (Shindo
et al. 2025), uniting neural and logic-based policies within a neuro-symbolic RL agent. Here,
the logic policy consists of weighted rules expressed over predicates, where each predicate is
equipped with a differentiable valuation function capturing abstract state relations. Unlike
BlendRL, which relies on hand-crafted predicate valuations, GRAIL introduces concept
alignment: it leverages large language models (LLMs) to extract generic concept
representations and incorporates a dedicated loss term that encourages the learned
valuation functions to match these LLM-derived proxies. In this depiction, the spatial relations
between agents and objects are visualized—purple areas indicate the normalized outputs of
the corresponding valuation functions, i.e., the concept activations with respect to the relative
positions of objects.

To address both reward maximization and robust concept alignment, we introduce a
concept grounding mechanism, depicted at the top of Figure 4. This module leverages
a large language model (LLM) to extract general representations of relevant concepts,
informed by environmental instructions that succinctly describe the task and domain.
In essence, the LLM generates proxy representations for each concept (for example,
specifying what “left” should look like in general). GRAIL then grounds these general,
LLM-derived representations to the specifics of a given environment (such as Kangaroo),
refining them through interaction and reward maximization. While a generic “left”
representation may not initially yield high performance, GRAIL improves this by
learning to adapt and refine concept valuations according to environmental feedback.
This allows the agent to achieve both generalization across tasks and strong environment-
specific performance. Crucially, this introduces an inherent trade-off: too strong an
alignment signal constrains the agent to the LLM’s generic priors and can impede reward
maximization, while too weak a signal leaves the agent susceptible to degenerate or
semantically meaningless groundings. We address this tension through an annealing
schedule and a tunable alignment coefficient.
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Figure 5. GRAILs Policy Reasoning. A concept grounding module takes object-centric
features Z extracted from an image X and computes object relations via differentiable
valuation functions vfb. Those are then applied to a set of logical rules through forward
reasoning to determine a logic policy. Likewise, a blending module utilizes the relational
information to combine the logic policy with a neural policy that operates on the sub-symbolic
state. All components can be trained jointly.

The Hybrid Policy Reasoning and Learning

GRALIL inherits the hybrid policy architecture from BlendRL (Shindo et al. 2025), which
combines neural and symbolic policies trained jointly. We summarize this inherited
architecture below for completeness. The input state is represented by both a pixel-based
and a symbolic representation, and the policy reasoning is depicted in Figure 5.

Hybrid State Representations. GRAIL agents utilize two complementary forms
of state representation: (i) pixel-based representations, and (ii) object-centric
representations. The former comprise stacks of raw images directly provided by the
environment and typically processed via convolutional neural networks (Mnih et al.
2015). The latter are extracted using object discovery models (Redmon et al. 2016;
Lin et al. 2020; Delfosse et al. 2023c; Zhao et al. 2023) and consist of structured lists
of objects with associated attributes (e.g., position, orientation, color), enabling explicit
logical reasoning (Zadaianchuk et al. 2021; Liu et al. 2021; Yoon et al. 2023; Wiist et al.
2024; Stammer et al. 2024). Alternatively, these states can be systematically extracted
if supported by the environment. In the case of Atari, OCAtari (Delfosse et al. 2023a)
accomplishes this by reading the internal RAM state to produce structured object data.

Formally, the raw (sub-symbolic) state is denoted as X € RF*WxHXC representing
the most recent F' frames of width W, height H, and C channels. The symbolic (object-
centric) state is denoted as Z € R™*™, where n is the number of detected objects and m
is the number of extracted properties per object.

Hybrid Policy Reasoning. Given both object-centric and pixel-based state
representations, GRAIL conducts parallel neural and symbolic policy inference, and
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seamlessly combines their outputs through a blending mechanism. This hybrid policy
reasoning is composed of three main components:

1. Neural Policy: 7% : RFXWXHXC _ [0 1]4. This module is a neural network
with parameters 0, producing a probability distribution over actions from the
pixel-based input X. Standard implementations utilize convolutional neural
networks (Mnih et al. 2015; Schulman et al. 2017; Hessel et al. 2018), though
visual transformers (Chen et al. 2021; Parisotto et al. 2020) are equally compatible.

2. Logic Policy: 7'°& : R"*™ — [0, 1], Parameterized by ¢, this component is a
differentiable forward reasoner (Shindo et al. 2023, 2024b) operating on object-
centric representations (as visualized in Figure 5). Policies are specified using FOL
rules, where each rule comprises a head atom (the action) and body atoms (the state
predicates serving as preconditions) (Reiter 2001; Delfosse et al. 2023b).

3. Blending Module: This component, parameterized by A, is a differentiable
function that computes a soft weighting between the neural and logic policies.
The blender can be realized as either an explicit logic-based function (B} :
REXnxm 5 10,1]), an implicit neural network ingester of pixel states (Bj :
REFXWxHXC 510 1]), or a hybrid of both. While logic-based blending is
inherently interpretable, it presumes the presence of sufficient inductive biases—if
these are absent, a neural blending approach may be preferable for adaptivity.

The agent’s final action distribution is obtained by blending the neural and logic
policies:

m=0-71""X)+(1-7)- Wlog(Z), )

where 8 = By)(Z) € [0,1] denotes the blending weight inferred from the current
symbolic (object-centric) state, 7" is parameterized by 6, and 7'°% by ¢. All modules
of the agent are optimized jointly using PPO.

To compute value estimates, separate critics process the respective state modalities:
the neural critic, V" : RWV>*H*C _ R for sub-symbolic states, and the logic critic,
Vieg . REXD 5 R, for symbolic states. These are then blended analogously:

V =73-V"(X)+ (1 - B)-V'e(Z). 6)

Policy Optimization. Policy optimization in our framework builds upon the standard
PPO objective (Eq. 3), which comprises loss terms for the value function, clipped policy
ratio, and action entropy regularization. To further encourage the agent to leverage both
neural and logic policies, we adopt and extend the BlendRL regularization for blending:

H(Bx) = —f-log  — (1 =) - log(1 = ) (6)

This blender entropy quantifies the uncertainty or diversity in the blending coefficient
5, which softly allocates control between the neural (5) and logic (1 — /3) policies. By
encouraging higher entropy, the agent is discouraged from fully collapsing onto either
policy and is instead incentivized to employ them both as appropriate for the state.
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The final BlendRL loss function, which we denote LBe"dRL thyg takes the following
form:

[BlendRL _ CVF - LVF _ LCLIP — CAE - H(’/T) — CBE * H<B>\)i| @)

where LVF is the mean-squared value function error, L™ is the clipped surrogate
objective (Eq. 3), H(7) is the action entropy, and H (B,) is the blender entropy defined
above. The coefficients cyr, cag, and cgg, weight the respective terms. All components
operate on the hybrid policy 7 and value function V' as defined above.

The Concept-Grounding Bottleneck. Up to this point, we have presented the hybrid
policy reasoning approach, which enables agents to reason abstractly and perform
reactive decision-making. However, a central limitation of this framework is its
dependence on user-supplied concept grounding, specifically the requirement for hand-
crafted valuation functions to define predicates such as “left.” This reliance restricts the
framework’s applicability across different environments, since concepts like “left” can
have varying semantics depending on context, as illustrated in Figure 1.

To overcome this challenge, we introduce a concept grounding module that leverages
large language models (LLMs) to automatically generate proxy functions for each
extensional predicate. LLMs offer generic, intuitive representations of concepts,
serving as a form of conceptual prior knowledge about how these predicates are
commonly understood. By incorporating LLM-generated proxies, GRAIL augments the
BlendRL framework with an additional source of supervision—referred to as concept
alignment—that guides the learning of environment-specific grounding for abstract
concepts.

Grounding Spatial Concepts in Environments

Learning to ground abstract concepts within specific environments is a crucial capability
of our neuro-symbolic architecture. Concept grounding refers to the process by
which abstract, symbolic predicates—such as left_of or close_by—are mapped to
context-dependent, observable, object-centric features obtained from the environment.
In GRAIL, this is achieved through the learning of differentiable valuation functions that
output soft truth values for each predicate by processing the relational configuration of
detected objects.

Rather than relying on static, hand-crafted rules, we employ parameterized and
differentiable functions to evaluate spatial relational predicates. A simplistic method
might use a shallow MLP that consumes the absolute positions of objects as input, but this
generally fails to capture important invariances and generalization capabilities required
in diverse environments. Three critical desiderata guide our improved design:

1. Translation Invariance: Spatial relationships should not be affected by the
simultaneous translation of all involved objects. Thus, we use relative coordinates,
such as differences (x1 — x;, y1 — y;), instead of absolute positions.

2. Normalization: We normalize these coordinate differences by the width and
height of the scene, ensuring all offset vectors (“47L, Y-Y1) are scaled to
[—1,1]2. This supports robustness to varying scene sizes.
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3. Generality: Although the logic programs in Figure 6 employ only binary spatial
relations, our framework is designed to handle predicates of arbitrary arity.

Accordingly, we replace the hand-crafted spatial valuation functions in BlendRL with
differentiable, parameterized valuation functions v}, : [~1,1]* — [0, 1], implemented as
neural networks and trained jointly with the rest of the architecture. Given a binary spatial
predicate p relating a reference object (object 1, typically the player) at position (z1, y1)
to a second object at position (z2,y2), the valuation function takes normalized relative
coordinates as input:

vi(xlv_vxz, yl;yz) e [0,1], ®)

where W and H denote the width and height of the scene, respectively. The
normalized relative coordinates (%, %) € [—1, 1]? ensure translation invariance
and robustness to varying scene sizes. While all spatial predicates in our experiments
are binary, this formulation naturally extends to n-ary predicates by concatenating the
normalized offsets for each additional object.

By optimizing the PPO-based BlendRL loss (Eq. 7) with respect to the
parameters 1, the agent is able to maximize reward by flexibly adapting its concept
representations—effectively grounding abstract predicates to the specific spatial and
contextual nuances of each environment.

Aligning Concepts with Semantic Priors

While agents can learn to ground spatial concepts through trainable mechanisms, this
alone does not guarantee that the resulting representations capture their correct semantic
intent. For instance, the agent may confuse “left” with “right,” as there is nothing intrinsic
in the learning process to prevent these concepts from being systematically swapped. This
ongoing difficulty illustrates the classic symbolic grounding problem.

To overcome this limitation, we introduce the concept aligner as an essential
component of our framework. Concept alignment refers to refining the agent’s learned,
environment-specific concepts so they align with external semantic priors or generic
conceptual knowledge—such as proxy functions derived from large language models
(LLMs). By utilizing such weak supervision, the concept aligner encourages the learned
valuation functions to faithfully represent the intended meanings of each concept.

Specifically, we employ LLMs to extract generic knowledge about spatial relations
(e.g., how “left” should be interpreted in an abstract sense) and use this information
to guide the alignment of learned valuation functions. Introducing this additional
supervisory signal helps ensure that the agent’s internal representations are better aligned
with universal, human-interpretable semantics. While integrating humans in the loop can
provide high-quality, interpretable feedback (Stammer et al. 2022; Natarajan et al. 2025),
it is often costly—especially when agents learn continually from interactive experiences.
Leveraging LLM-generated supervision thus significantly reduces the effort needed to
obtain meaningful feedback.

Prepared using sagej.cls



14 Neurosymbolic Artificial Intelligence XX(X)

(a) Policy Programs

% Kangaroo

up_ladder (X) :-on_ladder(P,L), same_level_ ladder(P,L).
right_ladder (X) :-left_of_ladder(P,L), same_level_ ladder(P,L).
left_ladder (X) :-right_of_ladder(P,L), same_level_ladder(P,L).
% Seaquest
up_air(X) :-oxygen_low(B).
up_rescue (X) :—-full_divers (X).
left_to_diver(X) :-right_of_diver(P,D),

visible_diver (D), not_full_divers (X).
right_to_diver (X) :-left_of_diver(P,D),

visible_diver (D), not_full_divers (X).
up_to_diver (X) :-deeper_than_diver (P,D),

visible_diver (D), not_full_divers(X).
down_to_diver (X) :-higher_than_diver (P,D),

visible_diver (D), not_full_divers(X).
% Skiing
left_to_flag(X) :-right_of_flag(P,F), right_oriented(P).
right_to_flag(X) :-left_of_flag(P,F), left_oriented(P).
noop (X) :-right_of_flag(P,F), left_of flag(P,R), straight_oriented(P).

(b) Blending Programs

% Kangaroo
neural_agent (
neural_agent (
logic_agent (X
% Seaquest
neural_agent (
neural_agent (
logic_agent (X
logic_agent (X
logic_agent (X
% Skiing
logic_agent (X) :—-true(X).

X) :—-close_by_monkey (P,M) .
X) :-close_by_throwncoconut (P, TC) .
) :-nothing_around(X).

X) :-close_by_enemy (P,E).
X) :-close_by_missile(P,M).
) :-visible_diver (D).

) :—-oxygen_low (B).

) :—full_divers (X).

Figure 6. Logic programs used by (a) the logic actor and (b) the blending module in three
Atari environments, generated by LLMs following (Shindo et al. 2025). Unlike previous
studies, where spatial predicates are hand-crafted by human experts, GRAIL grounds these
predicates as parameterized differentiable functions. In Skiing, the blending program always
delegates to the logic agent.

Figure 7 illustrates the overall concept aligner module. We begin by leveraging large
language models (LLMs) to generate generic, environment-agnostic representations of
spatial concepts—so-called proxy functions—by prompting the models with detailed
descriptions of the task, relevant environmental features, and objectives. Concretely,
the LLM produces executable Python code that implements each spatial predicate
p as a proxy function gP : [—1,1]?> — [0, 1], mapping a 2D relative offset to a soft
truth value. The logic programs that define the policy structure (Figure 6) are also
generated by LLMs following Shindo et al. (2025). These resulting proxy functions act
as semantic priors, providing abstract “templates” of the intended meanings for each
spatial relation. Throughout the reinforcement learning process, these proxy functions
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Step 1: Generate Proxy Function via LLMs

Generated Code Snippet on left
Input Prompt def left of_ladder(dx, dy):
# Condition 1: player is left of the ladder
# Your Role left_condition = dx < @
LLM
You are a model that determines whether a player > # Condition 2: player is roughly aligned
in the Atari game Kangaroo is left of a ladder such vertically with the ladder (on same form,

that the player can go right to reach the ladder... vertical_alignment = dy.abs() <= 8

# Both conditions must be true
result = left_condition &
vertical_alignment
return result.floatQ)

Supervise to

Step 2: Policy Learning
/'// align concepts
LCA
randomly aligned
initialized - -_— @ concept
concept

left left left left
Yy Uy Vy Uy

Training Steps

Figure 7. GRAIL maximizes reward and aligns concepts semantically. Step 1: We
generate proxy functions for each spatial predicate using LLMs. These functions are
represented as normalized activation maps, typically produced as code snippets and
visualized over the 2D state space. Step 2: The proxy functions are incorporated as an
additional supervision signal during policy optimization. This auxiliary signal guides the agent
to semantically align its learned valuation functions with human-intended concepts—for
example, preventing systematic confusion between “left” and “right”. To achieve this, we
introduce a binary cross-entropy loss LS4 that explicitly encourages the learned valuation
functions to match their corresponding proxy functions.

are used as an auxiliary supervision signal: as the agent optimizes its actions for reward,
the learned valuation functions are concurrently encouraged to align with the proxy
functions. This coupling helps ensure that the agent’s internal concept representations
remain faithful to human-understandable semantics. For example, if the agent’s policies
incorrectly conflate the notions of “left” and “right,” the proxy functions will provide a
corrective influence and steer the learned concepts toward the intended interpretation. It is
important to emphasize, however, that using proxy functions alone results in suboptimal
performance, since they are only generic and not adapted to the specific environment.
Therefore, the process of grounding—adapting concepts to their environment—is
essential. The alignment signal introduced by our approach substantially enhances this
grounding by combining generic knowledge with environment-specific experience.

We now detail how the concept aligner incorporates proxy functions into our
framework. The core idea is to periodically compare the agent’s learned valuation
functions against the LLM-generated proxy functions over a dense grid of spatial offsets,
and penalize any disagreement. Intuitively, this grid acts as a shared “canvas” on which
both functions paint their activation maps; the concept alignment loss then measures how
closely these two maps match for each predicate.
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Concretely, we construct a K x K grid of offset vectors evenly distributed within the
range [—1,1]%. Forrow 7 € {1,..., K} and columnc € {1, ..., K}

2c 2r
Alp, = —5— — 1. Aype—= —— _1. 9
e = K Ire = K11 ©)

At each training iteration, we evaluate both the learned valuation function v, . =
vi (Azy ¢, Ayy o) and the corresponding proxy function o, . = gP(Axy. ., Ay, ) at every
grid point. The discrepancy between the learned concepts and the semantic priors is
measured using the mean binary cross-entropy loss:

|73 | > ZBCE (Brc, Vr,c) (10)

pEPe

where P. C P denotes the set of extensional predicates whose semantics are to be
aligned. We choose binary cross-entropy (BCE) because both the learned valuation
functions (sigmoid output) and the proxy functions produce values in [0, 1] that can
be interpreted as soft truth values. BCE directly penalizes pointwise deviations in these
truth values, which is appropriate when the proxy provides a reasonable shape of the
activation map. Alternative objectives, such as ranking losses (which preserve only
relative orderings) or contrastive losses (which encourage separation between positive
and negative regions), may be more robust when proxy magnitudes are unreliable.

To integrate this semantic supervision into learning, we augment the original BlendRL
objective (see Eq. 7) with our concept alignment loss L°*, yielding the following total
objective:

t
I — LBlendRL 4 <1 — YCA - T) - CCA - LCA (11)

Here, cca € Ry is the concept alignment coefficient, controlling the strength of the
semantic prior, and ¢ € N (0 < ¢ < T) is the current optimization step out of 7" total
steps. The term yca € [0, 1] is a scheduling hyperparameter that determines the rate
at which the influence of LE* diminishes over training. A value of yca = 1 leads the
alignment loss to be annealed to zero by the end of training, while yca = 0 keeps it
constant throughout. This gradual attenuation reflects the role of the concept aligner: to
provide helpful guidance during the early, ambiguous phase of training, but to allow final
concept grounding to be informed primarily by environment-specific experience. We
examine the impact of varying cca and yca in our ablation studies in our experiments.

Relation between grounding and alignment. Concept grounding enables agents to
learn what a concept means in a given environment, while concept alignment ensures
that this learned meaning remains semantically faithful to its general, language-level
interpretation. By balancing these two objectives, GRAIL produces policies that are both
reward-maximizing and interpretable.
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Experiments

We empirically assess our framework on a variety of Atari environments, focusing on
both quantitative performance and the interpretability of learned spatial concepts. Our
experimental study is structured to address the following research questions:

Q1: Can GRAIL learn concept groundings that match the performance of hand-crafted
valuation functions?

Q2: Does GRAIL learn interpretable, environment-specific spatial concepts rather than
simply replicating LLM proxies?

Q3: Do GRAIL’s learned concepts transfer to the full neuro-symbolic setting, and how
do they affect the trade-off between reward maximization and goal completion?

Q4: What failure modes arise in learned concept grounding, and where does concept
misalignment persist?

Experimental Setup

We compare GRAIL against two primary baselines: a neural baseline and a neuro-
symbolic baseline.

Baselines. As the neural baseline, we use a CNN-based PPO agent (Schulman et al.
2017) with three convolutional layers (kernel sizes 8, 4, 3; strides 4, 2, 1), followed by
a shared 512-dimensional fully connected layer for both the actor (18 actions) and critic
(scalar value estimate). As the neuro-symbolic baseline, we use BlendRL (Shindo et al.
2025), which has been shown to outperform prior neuro-symbolic RL methods such as
NUDGE (Delfosse et al. 2023b) and NLRL (Jiang and Luo 2019). Since GRAIL builds
upon BlendRL by replacing its hand-crafted valuation functions with learned ones, this
comparison directly isolates the effect of our concept grounding mechanism. In Stage 1,
where the neural policy is disabled (8 = 0), BlendRL reduces to a purely logic-based
policy akin to NUDGE; however, NUDGE was evaluated only on simpler environments
and does not support learned valuation functions, precluding a direct comparison. For
GRAIL, we generate proxy functions using two LLMs—Claude4-Sonnet (Anthropic
2025) and GPT-40 (OpenAl 2025)—yielding two GRAIL variants.

Environments. We evaluate on three Atari environments from the Arcade Learning
Environment (ALE) (Bellemare et al. 2013): Kangaroo, Seaquest, and Skiing.
Each environment demands different spatial concepts—platform-relative navigation in
Kangaroo, underwater pursuit and rescue in Seaquest, and anticipatory steering in
Skiing—providing complementary coverage of the challenges GRAIL addresses. Prior
neuro-symbolic RL methods such as NLRL (Jiang and Luo 2019) and NUDGE (Delfosse
et al. 2023b) were evaluated on simpler or synthetic environments; Atari games pose
a substantially harder test due to high-dimensional visual input, dynamic multi-object
scenes, and sparse rewards. We use OCAtari (Delfosse et al. 2023a) to extract object-
centric features, representing each state in both pixel-based and object-centric modalities.

Metrics. We report the average episodic return for quantitative comparison and
the average goals achieved per episode to measure high-level task completion. We
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further provide qualitative analysis by visualizing the learned spatial concepts as
heatmaps, allowing direct inspection of how GRAIL grounds relational predicates in
each environment.

Training Protocol. We adopt a two-stage training protocol. BlendRL (Shindo et al.
2025) first trains end-to-end in a single stage. This is only possible because its valuation
functions are hand-crafted, effectively bypassing the concept learning problem entirely.
Since GRAIL must learn these functions, end-to-end training would require the agent to
simultaneously learn two interdependent components: (1) the meaning of each concept
via valuation functions, and (2) the importance of each logic rule whose predicates rely
on those very concepts. This creates a circular dependency: the agent cannot determine
which rules are useful without knowing what the predicates that compose these rules
mean, yet the predicates receive a gradient signal only through the rules. By first isolating
concept learning in a simplified setting (Stage 1), we break this dependency and allow
the valuation functions to converge to interpretable groundings before the full neuro-
symbolic pipeline is trained (Stage 2).

Stage 1: Logic Policy Training on Simplified Environment. We train only the logic
policy and its valuation functions, disabling the neural policy (8 = 0) and removing all
enemies, using HackAtari (Delfosse et al. 2024a) tasks modifications. Rule weights in
the symbolic policy remain fixed. Rewards are restricted to high-level achievements (e.g.,
reaching the child in Kangaroo or rescuing six divers in Seaquest). Episodes are capped
at 3000 steps with updates every 4 steps, for a total of 10 million steps.

Stage 2: Joint Neuro-Symbolic Training on Complete Environment. We freeze
the learned valuation functions and train the neural policy and blending module from
scratch in the full environment. The neural policy and blending weights are randomly
initialized; only the spatial concept groundings are carried over from Stage 1. Enemies
are reactivated, there is no episode length restriction, and updates use a step size of 1.
The reward structure awards 20 points for level completion and 1 point for each other
reward. This stage runs for 60 million steps.

Optimization Details. All parameters are optimized using PPO with respect to the
joint objective (Eq. 11). Each iteration samples 128 steps from the current policy across
parallel environments. Advantages are estimated via GAE (Eq. 2) with v = 0.99 and
A =0.95.

The loss coefficients are cyp = 0.5, cagp = 0.01, and cgg = 0.01, with clipping
parameter ¢ = 0.1. We use Adam with a linearly decayed learning rate from 2.5 x 10~*
and gradient clipping at 0.5. Parameters are updated for 10 epochs per iteration with 32
parallel environments. We sweep over cca € {0.03, 0.1, 0.3, 1.0} and report results for
the best-performing setting.

Results

‘We now present the empirical results for both training stages individually.
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Model Kangaroo Seaquest Skiing
NeuralPPO 1045i577 453:|:93 75492:|:2496
BlendRL (no CA) 12804372 953414 o — 50864128
BlendRL+Expert 368329 98393 —
BlendRL+GPT-40 1112149 783463 —51714194
BlendRL+Claude 910463 5594 46 —5388160
GRAIL (GPT-40) 35404131 874440 —5253 495
GRAIL (Claude) o 3625i36 ¢} 981i162 _5021i22

Table 1. Average episodic return on the simplified environment. GRAIL consistently
matches or outperforms all baselines, including BlendRL with expert-written valuations. Bold
= best; o = second best. Higher is better (1) for Kangaroo and Seaquest; less negative is
better (1) for Skiing. Averages over 3 seeds (100 episodes); standard deviations in subscript.
BlendRL+Expert results are from the original paper (Shindo et al. 2025); BlendRL+LLM
variants use fixed proxy functions without learned grounding. “No CA” denotes learned
valuation functions without concept alignment (cca = 0). Concept-alignment coefficients:
cca = 0.3 (Kangaroo), cca = 0.3/0.1 (Seaquest, GPT-40/Claude), cca = 0.1 (Skiing).

Performance comparison on Atari environments

To address Q1, we evaluate agents on the Atari environments Kangaroo, Seaquest, and
Skiing. Table | reports the average episodic returns during the initial training phase, in
which only the logic policy is active and the neural module is disabled. Both GRAIL
and BlendRL with hand-crafted valuation functions achieve high scores, significantly
outperforming the purely neural agent. This demonstrates that GRAIL can effectively
ground spatial concepts and attain performance on par with policies designed using
expert knowledge.

In contrast, except for Skiing, BlendRL variants that directly employ LLM-generated
proxy functions—from GPT-40 or Claude—perform substantially worse. This result
underscores the limitation of using LLM outputs as direct replacements for expert-
designed functions, and highlights the strength of GRAIL’s concept alignment strategy:
rather than adopting LLM-generated functions verbatim, GRAIL treats them as
supervision signals, enabling it to adapt its spatial semantics to the structure of each
environment.

We further compare approaches by the number of high-level goals achieved per
episode. In Kangaroo, the goal is to reach the top of the screen; in Seaquest, to rescue
all six divers while managing a depleting oxygen level. Figure 8 presents the average
goals achieved per episode. Both GRAIL and BlendRL with hand-crafted valuation
functions exhibit similarly high success rates and clearly outperform the purely neural
agent, indicating that GRAIL reliably completes tasks without converging on suboptimal
strategies. In these sparse-reward settings, purely neural agents tend to gravitate toward
locally rewarding but ultimately ineffective behaviors—such as repeatedly firing at
enemies for minor points rather than pursuing the main objectives. By leveraging LLMs
to guide neuro-symbolic policies without being constrained by fixed proxy functions,
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Figure 8. GRAIL achieves high-level goals reliably by grounding spatial concepts.
Average number of goals achieved per episode on the simplified environment (Stage 1,
enemies removed, logic policy only). In Kangaroo, a goal corresponds to reaching the child at
the top platform; in Seaquest, a goal corresponds to successfully rescuing all six divers and
surfacing. The red dashed line indicates the hard-coded BlendRL-expert baseline. Both
GRAIL variants (GPT-40 and Claude) match or exceed this baseline, achieving 2.00 goals per
episode in Kangaroo and over 20 in Seaquest. In contrast, purely neural agents and agents
using raw LLM proxy functions as direct valuations fall significantly short—particularly
BlendRL (Claude) in Seaquest (13.15), highlighting the insufficiency of unrefined
LLM-generated concepts. Averages are computed over 3 seeds (100 episodes each); error
bars indicate standard deviation.

GRAIL overcomes these limitations and achieves reliably goal-directed behavior even in
the absence of hand-designed valuation functions.

Interpretability of Learned Spatial Concepts

To address Q2, we examine the interpretability of the learned spatial concepts by
comparing GRAIL’s valuation functions to both the hand-crafted functions from
BlendRL and the LLM-generated proxy functions in the Kangaroo environment
(Figure 9).

Although both Claude and GPT-40 capture the general semantics of spatial concepts,
they fail to ground them accurately within the game’s layout. For instance, GPT-40
assigns high truth values for left_of_ladder and right_of_ladder across nearly the
full width of each floor but with overly narrow vertical extent, while Claude’s proxy
covers nearly the entire height but sharply truncates activation based on horizontal
distance from the ladder. These discrepancies reveal a fundamental limitation: without
environment-specific adaptation, LLM-generated proxy functions lack the precision
required to serve as direct valuations of spatial predicates.

GRAIL addresses this gap by treating the proxy functions as flexible supervision
rather than fixed definitions, allowing the agent to refine concept representations through
environmental feedback and the reward signal. As a result, the learned spatial concepts
are precisely tailored to Kangaroo’s layout—correcting the shortcomings of either
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Kangaroo
BlendRL+Expert BlendRL+GPT40 BlendRL+Claude4 GRAIL (GPT40) GRAIL (Claude4)

SRS
EEE

Figure 9. GRAIL produces interpretable spatial concepts that capture subtle
environmental details (Kangaroo). Heatmaps indicate the truth values produced by the
valuation functions as the player’s position varies within the scene. Each white dot denotes
the location of a ladder, relative to which truth values for the spatial predicates are evaluated.
The results are visualized (from left to right) for: hand-crafted valuation functions
(BlendRL+Expert), proxy functions generated by GPT-40 and Claude, and the valuation
functions learned by GRAIL under weak supervision from either proxy. Platform and ladder
outlines are depicted as white boxes.

left_of ladder

right_of_ladder

on_ladder

proxy—and the resulting logic policy matches both the performance and interpretability
of BlendRL’s hand-crafted functions while significantly surpassing either LLM alone.
This confirms that GRAIL does not merely replicate proxy functions but learns spatial
concepts that are well-aligned with the environment’s structure. We note that the
heatmaps shown correspond to the best-performing seed; qualitatively similar spatial
patterns emerge across all seeds despite minor variations in activation boundaries, as
reflected in the standard deviations reported in Table 1.

We observe a similar pattern in Skiing (Figure 10), where the agent must learn the
concepts left_of flag and right_of_flag to navigate between flag gates. The LLM-
generated proxy functions fail to capture the environment-specific semantics: GPT-
4o produces a narrow vertical strip for left_of_flag, while Claude generates broad
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Skiing
BlendRL+GPT40 BlendRL+Claude4 GRAIL (GPT40) GRAIL (Claude4)

Figure 10. Learned spatial concepts in Skiing. Heatmaps show truth values for

left_of _flag and right_of_flag as the player’s position varies. Each white dot marks the
position of a flag gate. Without concept alignment (BlendRL+GPT-40, BlendRL+Claude), the
proxy functions produce overly simplistic patterns—e.g., a narrow vertical strip or broad
horizontal bands. In contrast, GRAIL learns asymmetric, environment-adapted concepts that

concentrate activation in the relevant diagonal regions ahead of the player, reflecting the
downhill direction of movement in Skiing.

g

left of fla

right of flag

horizontal bands—neither accounts for the vertical structure of the task. In Skiing, the
player moves downhill and must identify whether it is left or right of an upcoming flag
before reaching it. This requires the learned concepts to incorporate a vertical margin:
activation should extend above the flag’s position, reflecting the anticipatory nature
of the steering decision. GRAIL with Claude successfully captures this skiing-specific
semantics. The learned left_of _flag and right_of_flag heatmaps show activation
concentrated above and to the relevant side of each flag, demonstrating that the agent has
discovered that “left of a flag” in Skiing means being to the left and slightly ahead of it.
This result highlights the adaptability of GRAIL: starting from generic LLM priors that
only encode a naive notion of horizontal direction, the framework autonomously learns
environment-specific concept groundings that account for the vertical dynamics of the
task.
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Figure 11. Return vs. goal completion in the full environment (Stage 2). Blue bars show
average episodic return; pink bars show goals achieved per episode (reaching the child in
Kangaroo; rescuing all divers in Seaquest). In Kangaroo, GRAIL (Claude) achieves the
highest return but BlendRLs hand-coded strategy yields far more goals. In Seaquest, only
GRAIL completes any goals, while baselines that maximize return fail to rescue divers
entirely. Averages over 3 seeds (100 episodes); cca = 0.3.

Concept Learning in Joint Neuro-Symbolic Policy Training

To answer Q3, we evaluate each method in the complete environment, where both
BlendRL and GRAIL jointly optimize their neuro-symbolic policies. The spatial
concepts established in the previous stages are kept fixed throughout this phase. Figure 11
reports the average episodic return and goal completion for all baselines.

We distinguish two complementary success criteria: episodic return (cumulative
reward, including short-term gains such as defeating enemies) and goal completion
(achieving the environment’s high-level objective—reaching the child in Kangaroo or
rescuing all divers in Seaquest). These metrics can diverge, as an agent may maximize
return through short-term actions without ever completing the long-horizon goal.

Our results reveal a consistent tension between these criteria. In Kangaroo, GRAIL
(Claude) achieves the highest return (8155), yet BlendRL’s hand-coded strategy yields
far more goals (3.48 vs. 0.79 per episode), suggesting that expert-designed concepts
are better tuned to this environment’s specific goal structure. In Seaquest, the pattern
reverses: BlendRL achieves the highest return (4706) but zero goal completions, whereas
GRALIL is the only method that successfully rescues divers (1.05 goals per episode for
GPT-40). This demonstrates that high return does not imply meaningful task completion,
and that GRAIL’s learned concepts enable qualitatively different behavior—pursuing
high-level goals that reward-maximizing baselines neglect entirely.

This return-versus-goal tension highlights an open challenge in neuro-symbolic RL:
jointly optimizing for reward and high-level goal completion. In the following section,
we analyze barriers to effective concept grounding and discuss potential paths forward.

Beyond aggregate performance, we examine whether the learned spatial concepts
remain meaningful after joint training. Figure 12 visualizes the spatial concepts acquired
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BlendRL+Expert BlendRL+Claude4 BlendRL+GPT40 GRAIL (Claude4) GRAIL (GPT40)
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Figure 12. Stage 2: learned close_by_enemy concept in Seaquest. The blending module
decides when to delegate control to the symbolic policy based on learned spatial predicates.
Each heatmap shows the activation of close_by_enemy as a function of relative object
position; white dots mark enemy positions. GRAIL produces broader, horizontally extended
activations that capture lateral enemy movement, whereas hand-coded BlendRL functions
yield near-uniform distributions and raw LLM proxies show high variability.

close_by enemy

by the blending module in Seaquest. The hand-coded BlendRL functions fail to capture
the underlying environmental semantics, producing largely uniform distributions. Raw
proxy functions from Claude and GPT-4o0 yield inconsistent activation patterns that do
not reliably reflect the spatial structure of the environment. In contrast, GRAIL produces
more coherent and adaptive representations: in both the Claude and GPT-4o0 settings, it
broadens the activation map of close_by_enemy, extending it horizontally to account for
enemies that enter from both sides and move laterally—an adjustment well-aligned with
the task’s demands. These results demonstrate that GRAIL can adaptively ground spatial
concepts even in complex environments with dynamic elements such as enemies.

Ablation: Impact of Concept Alignment

Figure 13 compares the concept alignment loss LE* and the number of goals achieved

during Stage 1 training in Kangaroo for different values of the alignment coefficient
cca € {0.3,1.0} and the annealing factor yca € {0,1}. Two observations stand out.
First, performance consistently improves as the learned concepts diverge from the LLM
proxy functions—rising L°* coincides with rising goals—indicating that the agent must
move beyond the initial proxies to discover effective groundings. Second, annealing the
alignment loss (yca = 1) accelerates convergence and reduces sensitivity to the choice
of cca. Together, these results suggest that strong initial guidance from the concept
aligner, gradually attenuated over training, provides the best balance between alignment
and adaptability.

The remaining hyperparameters are set as follows. The grid resolution is K =
49, providing sufficient granularity to capture fine-grained spatial relationships while
remaining computationally tractable (L scales as O(K?2) per predicate per iteration).
The valuation function is a compact MLP (2 — 64 — 32 — 1 with ReLU activations
and a sigmoid output): the 2-dimensional input (relative offset) is low-dimensional, and
a smaller network encourages smooth, interpretable groundings rather than overfitting to
spurious patterns.
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Figure 13. Concept alignment loss L°* vs. goals during Stage 1 training (Kangaroo).

Each panel shows a different combination of alignment coefficient cca and annealing factor
~ca. Performance improves as concepts diverge from the LLM proxies (rising L), and
annealing (yca = 1) accelerates convergence.

Concept Misalignment Challenge

To address Q4, we examine concept misalignment—cases where the agent learns
spatial groundings that are systematically incorrect despite achieving reasonable returns.
Although GRAIL acquires useful concepts overall, our analysis reveals recurring failure
patterns. We present a qualitative analysis of representative cases below.

Figure 14 illustrates misaligned spatial concepts in Kangaroo. In the two leftmost
examples, the agent incorrectly associates left_of_ladder with a ladder on a
different platform. A similar cross-platform confusion arises for right_of_ladder
(center). The two rightmost examples reveal a complementary failure mode: the agent’s
on_ladder activation is biased toward the top platform even when evaluated relative
to ladders on lower platforms, likely due to the disproportionately high reward for
reaching the top. These observations underscore that fully aligned concept acquisition
remains a significant open challenge in neuro-symbolic reinforcement learning. GRAIL
mitigates this by introducing weak supervision at the predicate level, supplementing
the action-level reward signal, but further work is needed to eliminate such systematic
misalignments.

Conclusion

We introduced GRAIL, a neuro-symbolic reinforcement learning framework that
acquires spatial concepts through direct interaction with the environment. GRAIL
leverages LLMs to generate proxy functions as weak supervision for concept grounding,
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left_of_ladder left_of_ladder right_of_ladder on_ladder on_ladder

. i1
i=

Figure 14. Examples of misaligned spatial concepts in Kangaroo. Each heatmap shows
the learned truth value of a spatial predicate relative to a single ladder (white dot). Left two:
left_of_ladder incorrectly activates for an unrelated ladder on a different platform. Center:
right_of_ladder exhibits similar cross-platform confusion. Right two: on_ladder is biased
toward the top platform, likely due to the disproportionately high reward for reaching it. These
misalignments typically arise when the alignment coefficient cca is set too low.

and aligns these representations to each environment via a learnable concept aligner.
Across Kangaroo, Seaquest, and Skiing, GRAIL matched or exceeded strong neural and
neuro-symbolic baselines, producing interpretable spatial concepts on par with hand-
crafted valuation functions—without requiring expert-designed concept priors.

Scope and limitations. GRAIL automates the grounding of spatial predicate
semantics—the valuation functions that map object-pair offsets to truth values—while
the predicate inventory, logic programs (Figure 6), and object-centric state extraction
(OCAtari; Delfosse et al. 2023a) remain externally specified. The two-stage training
procedure, in which concepts are first learned in simplified environments (Stage 1)
and then frozen during joint policy training (Stage 2), constitutes a form of curriculum
learning analogous to Mao et al. (2019). This design prevents concept drift under short-
term reward pressure but limits end-to-end adaptability. The concept aligner serves as
a warm-start rather than a hard constraint—performance improves as learned concepts
diverge from the proxies (Figure 13)—yet a fundamentally incorrect proxy could still
mislead early learning. In our experiments, a single prompt template per environment
and the first syntactically valid LLM output sufficed, suggesting reasonable robustness
to LLM choice, though a systematic study of prompt sensitivity and corrupted proxies
remains open.

Future work. A natural next step is end-to-end training that eliminates the two-
stage split, allowing concepts to co-adapt with the full policy. Extending GRAIL
to n-ary and non-spatial predicates would broaden its applicability but requires
richer input representations and proxy designs. On the alignment side, replacing the
current binary cross-entropy objective (Eq. equation 10) with ranking or contrastive
losses may improve robustness to proxy noise. A particularly important direction
is compositional concept grounding, where coupled semantics across predicates—
e.g., between(A, B, C) requiring joint reasoning over left_of and right_of—are
modeled through differentiable logical operators. Further transparency could be gained
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by replacing MLPs with more interpretable architectures such as differentiable logic gate
networks (Petersen et al. 2022) or program synthesis (Wiist et al. 2024). Finally, scaling
GRALIL to realistic embodied domains such as autonomous driving (Li et al. 2022), urban
micromobility (Wu et al. 2025), and human-robot collaboration (Puig et al. 2024) would
test its generality beyond Atari environments.
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