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ABSTRACT

Current agentic safety research prioritizes the neural components of the agent
system, such as training models for safe question answering. However, agent
architectures require coordination between both neural components (foundation
model) and symbolic components (memory systems, tools, and environments),
with many alignment objectives requiring capabilities from both. Objectives like
“do not facilitate weapons production” require understanding which information
combinations are dangerous (a neural capability) and controlling what information
is stored and provided across sessions (a symbolic capability). Neither component
can satisfy such objectives alone: neural components lack visibility into cumulative
patterns across sessions, while symbolic components lack the ability to assess the
safety implications of the information they track. We characterize this alignment
gap and demonstrate how it produces unsafe system behavior even when each
component functions correctly. We then propose hybrid alignment, a framework in
which neural components are trained to seek and use information from symbolic
components, and symbolic components are designed to expose information that
neural components need for safety reasoning. This framework requires domain
expertise to specify what coordination mechanisms are appropriate. Our work
establishes a new direction for agent safety research that addresses alignment as
a property of neural-symbolic coordination rather than of the neural component
alone.

1 INTRODUCTION

As language model agents move into production, safety becomes critical (Pan et al., 2025). Current
alignment research trains models in isolation for safe text generation. Constitutional AI (Bai et al.,
2022a;b) and reinforcement learning from human feedback (RLHF) (Ouyang et al., 2022; Christiano
et al., 2023) optimize foundation models to produce helpful and harmless outputs, implicitly assuming
that aligning the model aligns the system. Agent architectures, however, violate this assumption.
In agentic settings, neural models coordinate with symbolic components: memory systems that
store and retrieve information across sessions (Packer et al., 2023), tools that execute operations in
external services (Schick et al., 2023), and environments that maintain state and respond to those
operations (Yao et al., 2023).

The core problem is that many alignment objectives require capabilities from both neural and symbolic
components. Consider the objective “do not facilitate weapons production.” This objective requires
understanding which information could enable harm, recognizing when combinations of information
become dangerous, and interpreting user intent from context. It also requires controlling what data is
retrieved from memory, tracking what information has been provided across sessions, and preventing
dangerous outputs. Neural components excel at the former: interpreting meaning, recognizing
implications, and grasping nuance. Symbolic components excel at the latter: enforcing access
controls, tracking state, and constraining outputs. But neither component can satisfy the objective
alone. A neural component that recognizes danger but cannot enforce constraints on memory retrieval
or tool execution may still produce harmful outputs. A symbolic component that enforces constraints
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Figure 1: Agent systems comprise neural components (the LLM) and symbolic components (memory,
tools, and environments). Many alignment objectives require coordination between these components.
Left: Without hybrid alignment, a legitimate researcher’s questions about pathogen transmissibility
and aerosolization are each answered appropriately in isolation, but the memory system accumulates
a dangerous combination that neither component flags. Right: With hybrid alignment, the neural
component signals sensitive topics to memory, and memory exposes prior session context when
queried, enabling the system to detect the combination risk.

but cannot understand which combinations are dangerous will either block legitimate requests or
miss dangerous ones expressed in unexpected ways.

This creates a gap between what alignment requires and what current architectures provide. The
neural component has no mechanism to query symbolic components about what information has
been provided across sessions or what cumulative patterns exist in the user’s request history. The
symbolic components have no mechanism to query the neural component about which constraints
would actually prevent the harm in question. Each component operates with only partial information,
and alignment objectives that span both components cannot be reliably achieved.

We argue that agent safety requires hybrid alignment: neural components trained to coordinate
with symbolic components designed to support that coordination. Addressing this gap requires
changes to both sides. Neural components must be trained to seek and use information from symbolic
components, such as querying session history before responding to sensitive requests, checking
cumulative patterns when evaluating whether a request is appropriate, and seeking verification
when context seems uncertain. Symbolic components must be designed to expose information that
neural components need for safety reasoning, such as metadata about what sensitive topics have
been discussed, what trajectories user requests have followed, and what cumulative information has
been provided. Neither better neural alignment nor better symbolic design alone can bridge the
gap. Moreover, the coordination mechanisms themselves require domain expertise to specify what
constitutes dangerous information and how the system should respond when concerns arise.

This paper proceeds as follows. Section 2 characterizes the gap between neural and symbolic
components and demonstrates how it produces unsafe system behavior even when each component
functions correctly. Section 3 presents our hybrid alignment framework, detailing the required
changes to both neural and symbolic components, as well as the role of domain expertise in specifying
coordination mechanisms. Section 4 examines alternative perspectives on agent safety and why they
fall short. Section 5 contextualizes our position within the related work. Section 6 concludes with a
call to action for the research community.

2 PROBLEMS WITH EXISTING AGENT SAFETY

Agent systems comprise two fundamentally different component types: neural components and
symbolic components. Neural components are the learned foundation models at the core of modern
agents, responsible for processing requests, reasoning about tasks, and deciding which actions to take.
Symbolic components are the systems that the agent coordinates, including memory systems that
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store and retrieve information, tools that execute operations in external services, and environments
that maintain state and respond to those operations.

Current agent safety research focuses predominantly on the neural component. Neural alignment
techniques like RLHF (Ouyang et al., 2022; Christiano et al., 2023) and Constitutional AI (Bai et al.,
2022a;b) train models to produce helpful and harmless outputs, with the underlying assumption that
a sufficiently aligned model will behave safely regardless of the system it operates within. When
models operate as part of agent systems, safety becomes a property of the entire system rather than
the model alone. An aligned model coordinating with memory, tools, and environments can still
produce unsafe outcomes if the alignment objective requires capabilities that span both neural and
symbolic components.

The alignment objective “do not facilitate weapons production” has two aspects. The first involves
understanding what information, when provided or combined, could enable weapons production. For
example, providing detailed synthesis routes for chemical precursors might be harmless in one context
but dangerous in another, depending on what other information the user has accessed. Recognizing
which requests are dangerous requires understanding meaning, context, intent, and the implications
of information combinations. The second aspect involves actually preventing dangerous information
from being provided. This requires controlling what data is retrieved from memory, what information
is combined across interactions, and what outputs are ultimately generated.

Such objectives cannot be satisfied by neural or symbolic components in isolation. Neural components
excel at the first aspect: interpreting user intent, recognizing implications of information combinations,
and grasping context and nuance. However, neural components cannot provide guarantees about
their outputs. A model may understand that certain information combinations could enable weapons
production, but it cannot guarantee it will never produce such combinations under all possible inputs.
Moreover, neural components are stateless across sessions, so they cannot reliably track whether a
sequence of individually reasonable requests constitutes a dangerous cumulative pattern. Symbolic
components excel at the second aspect: memory systems can enforce access controls and track what
information has been retrieved, tools can enforce rate limits, and output filters can block content
matching certain patterns. However, symbolic components cannot determine what constraints to
enforce. A memory system can restrict retrieval, but it cannot know which retrievals would contribute
to weapons production without understanding the semantic content.

This creates a fundamental problem for agent safety alignment. Alignment objectives that require
both understanding and enforcement cannot be fully satisfied by either component type alone. The
neural component has no mechanism to query symbolic components about what information has
been retrieved across sessions or what cumulative patterns exist in the user’s request history. The
symbolic components have no mechanism to query the neural component about which constraints
would actually prevent the harm in question. Each component operates with only partial information,
and the alignment objective falls into the gap between them.

To illustrate this problem concretely, we consider an agent that assists with biological research. The
agent helps researchers answer questions about pathogens, laboratory techniques, and biosafety
protocols. The architecture combines a neural component that processes research questions and
generates helpful responses with symbolic components that maintain research context across sessions,
execute literature searches, and interact with scientific databases and publications.

Consider a legitimate biosafety researcher using this agent to support their work on pandemic
preparedness. Over several months, they ask about pathogen transmissibility to understand how
diseases spread. They ask about aerosolization because their laboratory studies airborne transmission.
They ask about containment protocols because they are developing improved biosafety procedures.
Each request serves genuine research purposes, and the neural component correctly identifies them as
appropriate, given the user’s established context as a biosafety researcher. The memory system stores
each response as part of the ongoing research context.

By the end of these interactions, the memory system contains detailed information about enhancing
pathogen transmissibility alongside methods for aerosolization, which together constitute knowledge
that could facilitate bioweapon development. Yet the user’s intent was entirely benign, and every
interaction was legitimate research. The neural component made no error in judgment because
each request genuinely was appropriate for biosafety research. The memory system made no errors
because it accurately stored the research context. The alignment objective “do not facilitate weapons
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production” was violated not because any component failed, but because satisfying this objective
requires assessing whether the cumulative information crosses a safety threshold regardless of intent.
The neural component cannot track what information has been provided across sessions, and the
memory system cannot assess the safety implications of the information it stores. Each component
performed its function correctly, but the alignment objective required coordination between them that
the architecture does not provide.

This example illustrates a general pattern. The alignment objective “do not facilitate weapons produc-
tion” requires both understanding what information is dangerous and controlling what information
is stored and provided. The neural component has the semantic capability to recognize dangerous
combinations but lacks visibility into what has accumulated across sessions. The memory system
has complete access to the conversation histories from previous sessions, but lacks the semantic
capability to assess its safety implications. The objective falls into the gap between them, and neither
component can verify that the system satisfies it.

Current agent architectures provide no mechanism for bridging this gap. The neural component cannot
query the memory system about cumulative patterns in ways that would inform safety judgments.
The memory system cannot query the neural component about which stored information might
be dangerous. Each component operates independently, and alignment objectives that span both
cannot be reliably maintained. Addressing this problem requires a different approach: one in which
neural and symbolic components are designed to coordinate with each other in service of alignment
objectives that neither can satisfy alone.

3 HYBRID ALIGNMENT FRAMEWORK

The gap between neural and symbolic components cannot be bridged by improving either component
in isolation. Neural components will not develop the ability to provide formal guarantees about their
outputs, and symbolic components will not develop the ability to reason over semantic content. Bridg-
ing this gap requires two explicit coordination mechanisms: (1) neural component alignment, which
involves designing neural components that seek and use information from symbolic components,
and (2) symbolic component alignment, which designs memory systems, tools, and environments to
expose information needed to support the neural component’s safety reasoning. We call this approach
hybrid alignment.

3.1 NEURAL COMPONENT ALIGNMENT

Existing alignment training focuses on producing helpful and harmless outputs in isolation. A model
is presented with a prompt, generates a response, and is rewarded or penalized based on the quality
and safety of that response. The training process treats the model as a self-contained system whose
outputs are evaluated independently of any symbolic components it might later coordinate with. This
approach is insufficient for agent safety because, as Section 2 demonstrated, safety often depends on
information that the neural component does not have access to during generation.

Hybrid alignment requires training neural components to actively coordinate with symbolic compo-
nents rather than generating responses in isolation. This means training models to query the memory
system for relevant context before responding to sensitive requests, to check cumulative patterns
across sessions when evaluating whether a request is appropriate, and to seek verification when the
legitimacy of a user’s stated context is uncertain. The goal is not merely to produce safe outputs, but
to produce safe outputs through a process that makes appropriate use of available information from
symbolic components.

This reframing has implications for how alignment training is conducted. Current approaches reward
output quality without regard to whether the model used available coordination mechanisms. A model
that refuses a dangerous request without checking session history is rewarded the same as one that
checks the history and makes an informed decision. Hybrid alignment requires rewarding models
for engaging with symbolic components appropriately, and penalizing models that ignore available
information even when their outputs happen to be safe. A model that correctly refuses a request is less
aligned than one that queries the memory system, recognizes a concerning cumulative pattern, and
refuses on that basis, because the latter approach generalizes to cases where the immediate request
appears benign but the cumulative pattern does not.
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Consider the biological research example from the Section 2. A neural component trained for hybrid
alignment would, upon receiving a question about aerosolization methods, query the memory system
for the user’s previous requests. Upon discovering prior questions about pathogen transmissibility,
the model would recognize that providing detailed aerosolization information could contribute to
a dangerous combination, even though the immediate request is legitimate in isolation. The model
might then provide a more limited response, request additional verification of the user’s research
context, or flag the interaction for review.

Training neural components for this kind of coordination requires domain expertise to specify what
coordination behaviors are appropriate. Which topic combinations should raise concerns? What
cumulative patterns indicate potential misuse versus legitimate research trajectories? When should
the model provide a limited response, request verification, or flag for human review? These questions
cannot be answered by the neural component itself, or even the researchers training the neural models.
They require judgments about what information combinations are dangerous, what verification
procedures are appropriate when concerning patterns are detected, and how to calibrate the tradeoff
between enabling legitimate research and preventing potential misuse. Moreover, these specifications
are not static; they depend on evolving threat landscapes, emerging research, and regulatory changes
that vary across jurisdictions. The neural component’s role is to seek information from symbolic
components, recognize when coordination behaviors are relevant, and execute the responses that
domain experts have specified.

3.2 SYMBOLIC COMPONENT ALIGNMENT

Current symbolic components are designed for functionality and performance rather than for coordi-
nation with neural components. Memory systems optimize for retrieval relevance, tools optimize
for reliable execution, and environments optimize for fast and accurate state representation. These
design priorities serve important engineering goals, but they do not account for the information that
neural components need to make safety-relevant decisions.

Hybrid alignment requires symbolic components that expose information in forms that neural com-
ponents can use for safety reasoning. Consider what this means for memory systems. A standard
memory system returns content relevant to a query, but a memory system designed for hybrid align-
ment must also surface the context needed for safety judgments: what sensitive topics have been
discussed with this user across previous sessions, what trajectory their requests have followed, and
what cumulative information they have already received. This is not simply a matter of returning
more content; it requires the memory system to maintain and expose structured metadata that the
neural component can reason about.

Similar considerations apply to tools and environments. Under hybrid alignment, a tool exposes
not just the result of an operation but also information about cumulative usage, such as how many
times similar operations have been performed and what aggregate effects they have produced. An
environment designed for hybrid alignment provides not just the current state but also indicators of
when that state was last verified, enabling the neural component to assess whether cached information
remains trustworthy. In each case, the symbolic component must anticipate what information the
neural component needs for safety reasoning and make that information available in a usable form.

Symbolic components must also be designed to act on guidance from neural components. When a
neural component recognizes that a request is potentially dangerous based on semantic analysis, it
needs mechanisms to communicate this concern to symbolic components that can enforce appropriate
constraints. This might involve flagging certain memory retrievals as sensitive, triggering additional
verification before tool execution, or escalating interactions for human review. The symbolic com-
ponents must be designed to receive and act on such signals, adapting their behavior based on the
neural component’s assessment.

Returning to the biological research example, symbolic components designed for hybrid alignment
would function differently at several points. When the researcher asks about pathogen transmissibility,
the memory system would not merely store the conversation but would also tag it with metadata
indicating that potentially harmful biosafety information was discussed. This tagging does not
require the memory system to understand the content semantically; it acts on signals from the
neural component, which recognizes the topic as sensitive. In subsequent sessions, when the neural
component queries for context, the memory system returns not just relevant prior conversations but
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also the accumulated metadata about sensitive topics. When the neural component determines that
the combination of prior pathogen discussion with a new aerosolization request raises concerns, it
signals this to the memory system, which can then flag the user’s profile for elevated monitoring or
trigger some verification method.

Designing symbolic components for this kind of coordination requires domain expertise to specify
what information should be tracked and what enforcement mechanisms should be available. What
categories of information should be tagged as sensitive? What metadata should be maintained across
sessions to enable the detection of concerning patterns? What enforcement actions are appropriate
at different risk levels? Again, these questions cannot be answered by the symbolic components or
the engineers who built them. They require judgment about which topics warrant tracking, what
cumulative thresholds should trigger intervention, and what enforcement actions are proportionate to
different levels of risk. As with neural component alignment, these specifications must be updated as
circumstances change: new research emerges, regulations shift across jurisdictions, and threat models
evolve. The symbolic component’s role is to implement the tracking and enforcement mechanisms
that experts have specified, providing the structural capabilities that neural components cannot offer
on their own.

Hybrid alignment thus rests on three pillars: neural components trained to seek and use information
from symbolic components, symbolic components designed to expose information and enforce
constraints that neural components cannot, and domain expertise that specifies what coordination
should accomplish. None of these pillars is sufficient on its own. Neural components without symbolic
support cannot track cumulative patterns or enforce structural constraints. Symbolic components
without neural guidance cannot determine what patterns are concerning or what constraints are
relevant. And without domain expertise, neither component knows what coordination behaviors to
implement or what thresholds to enforce. The framework provides the architectural mechanisms for
coordination, but the content of that coordination must be specified by humans with relevant expertise
and updated as circumstances change.

4 ALTERNATIVE VIEWS

We address several objections to hybrid alignment as a framework for agent safety.

4.1 NEURAL COMPONENT ALIGNMENT IS SUFFICIENT

One might argue that the coordination failures we identify stem from inadequate neural alignment. If
foundation models were better trained, more extensively exposed to scenarios involving cross-session
information accumulation and cumulative request patterns, they would avoid these failures without
requiring changes to symbolic components.

This view misunderstands the nature of the problem. Better alignment training can make models want
safe outcomes, but without support from symbolic components, it cannot offer any guarantees. For
example, a model perfectly aligned to respect privacy still cannot verify its outputs avoid inappropriate
combinations if the memory system provides no metadata to contextualize the retrieved context. The
failures we identify are not failures of intent but failures of verification. Models lack the structural
information needed to confirm their behavior satisfies alignment objectives, and no amount of training
on the model side can resolve this.

Even if future models could be built with embedded structural components (e.g., built-in memory,
explicit state tracking, environment awareness), hybrid alignment would still be necessary. What
constitutes a privacy violation or a risky threshold is not a static property but instead depends on
evolving regulations, social norms, and user circumstances.

4.2 SYMBOLIC COMPONENT ALIGNMENT IS SUFFICIENT

Conversely, one might argue that symbolic components should be redesigned to enforce safety
constraints directly, without relying on models to participate in coordination. If memory systems
automatically prevented dangerous information combinations, if tools automatically enforced cumu-
lative limits, if environments automatically verified the state before actions, then neural component
alignment would be unnecessary.
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This view encounters the opposite problem. Symbolic components can enforce constraints, but they
cannot determine what constraints to enforce without semantic understanding. Which information
combinations are dangerous depends on context, relationships, and evolving social norms that
symbolic components cannot represent. Which cumulative thresholds are appropriate depends on
user circumstances and risk tolerance, which vary across individuals. When verification is required
depends on the stakes of the decision and the volatility of the relevant state. Symbolic components
can enforce rules, but determining what rules to enforce requires semantic understanding, which
symbolic components lack. Without models that understand semantic context and domain experts
who translate that understanding into structural mechanisms, symbolic components have no basis for
determining what to enforce.

4.3 NAIVELY COMBINING NEURAL AND SYMBOLIC COMPONENT ALIGNMENT COMPOSES TO
SYSTEM SAFETY

A third perspective holds that if each component satisfies its safety specification, the composed
system will be safe. This reasoning is sound for properties that can be verified by a single component,
but not for properties that span the alignment gap.

The alignment objectives we consider are fundamentally non-decomposable. “Do not leak private
information” cannot be verified by checking memory retrieval and model outputs independently, be-
cause the violation emerges from their interaction. In each example from Section 2, every component
satisfied its specification while the system violated the alignment objective. No component failed, yet
the system was unsafe. Component-level safety is necessary but not sufficient; system safety requires
coordination across components, which is precisely what our hybrid alignment framework provides.

4.4 MONITORING CAN CATCH ALIGNMENT FAILURES

Some might argue that existing safety methods like runtime monitoring and output filtering can catch
the failures we describe without requiring changes to neural or symbolic components.

While we agree that runtime monitoring can help, we argue it faces the same alignment gap. For
instance, to detect that a model is about to combine information inappropriately, a monitor would
need access to context metadata that current symbolic components do not provide. To detect that an
action sequence is approaching a cumulative threshold, a monitor would need access to an aggregate
state that current interfaces do not track. If the information is insufficient for the model to verify
alignment, it is equally insufficient for a runtime monitor. Thus, hybrid alignment provides the
support from symbolic components that makes effective monitoring possible in the first place.

4.5 HYBRID ALIGNMENT IS TOO DOMAIN-SPECIFIC TO GENERALIZE

Other critics may object that the coordination mechanisms we propose are too domain-specific to con-
stitute a general framework. Metadata for tracking sensitive topics, thresholds for flagging cumulative
patterns, and mechanisms for signaling concerns are specific solutions to specific problems.

The specific mechanisms are indeed domain-dependent. However, we view this as a feature rather
than a limitation. What generalizes is not the specific mechanisms but the framework: the recognition
that alignment objectives span neural and symbolic components, that bridging the gap requires
bidirectional coordination, and that domain expertise must define the mapping between semantic
objectives and structural mechanisms. The framework provides structure for thinking about agent
safety across domains, even though instantiating it requires domain-specific knowledge in each case.

5 RELATED WORK

Agent frameworks have advanced agent capabilities by enabling tool use Schick et al. (2023), multi-
step reasoning Yao et al. (2023), and access to external knowledge (Lewis et al., 2020). With these
new capabilities come new safety challenges, as agents can now take consequential actions in the
world, access sensitive information, and operate with increasing autonomy. As such, agent safety has
emerged as a critical research area.
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Current safety research focuses predominantly on individual model behavior through alignment
techniques like RLHF (Ouyang et al., 2022; Christiano et al., 2023) and Constitutional AI (Bai et al.,
2022b;a). While red-teaming efforts have successfully identified adversarial vulnerabilities in base
models (Zou et al., 2023b), these evaluations often treat the model as a standalone entity rather than a
component within a larger stateful system. Moreover, other works aim to interpret or steer model
behavior by analyzing internal representations (Alain & Bengio, 2016; Cunningham et al., 2023; Gao
et al., 2024) or intervening on activations (Zou et al., 2023a; Park et al., 2024; Turner et al., 2023;
Rimsky et al., 2024; Li et al., 2023; Siu et al., 2025a;b). While these methods offer finer control over
model outputs, they operate entirely on the neural component; they cannot compensate for symbolic
components that fail to expose the information that safety reasoning requires. For example, steering a
model toward safer behavior is ineffective if the model lacks the information needed to determine
what safer behavior would be in a given context.

On the other hand, safe reinforcement learning addresses the challenge of learning neural policies
that satisfy safety constraints during both training and deployment, for instance by maximizing
expected reward subject to constraints on unsafe state visits or action sequences (Garcıa & Fernández,
2015; Berkenkamp et al., 2017; Gu et al., 2024). In the context of LLM alignment, safety can be
incorporated as an auxiliary RL objective alongside helpfulness (Zhao et al., 2025). While this
research provides important foundations for reasoning about safety constraints, it typically assumes
fixed, formally specifiable constraints and operates in environments with well-defined state spaces
and transition dynamics. LLM agents introduce complexity that these frameworks do not address:
natural language interfaces that make state spaces effectively unbounded, memory systems that
accumulate context over extended interactions, and alignment objectives that cannot be fully specified
as constraint functions. Our work focuses on a different dimension of safety: coordination between
neural and symbolic components within a single agent, where the challenge is not satisfying known
constraints but enabling components to share the information each needs to maintain alignment
objectives that neither can satisfy alone.

Lastly, as agent capability has increased, so has the need to reliably evaluate agents for safety. As
such, agentic safety benchmarks have emerged to evaluate the safety of agents on agentic tasks.
ToolEmu (Ruan et al., 2024) provides an emulated sandbox for testing agents across diverse tools
and scenarios, AgentHarm (Andriushchenko et al., 2024) evaluates agent compliance with malicious
multi-step tasks, and SHADE-Arena (Kutasov et al., 2025) studies the ability of frontier LLMs to
evade monitoring and achieve harmful hidden goals. These benchmarks evaluate whether agents
accomplish tasks safely, but they treat the agent as a single unit rather than examining how its
internal components interact. Our work identifies a different class of failures: those arising not from
malicious intent or adversarial inputs, but from the lack of coordination between components that are
individually safe.

6 CONCLUSION

Current agent safety research is limited by its focus on neural component alignment. By treating
safety as a property of the foundation model alone, existing methods fail to account for the fact that
many alignment objectives require capabilities from both neural and symbolic components, and no
mechanism exists in current architectures to coordinate between them. Safety in an agentic system is
not a property of the model itself, but of the system as a whole.

We argue that building safe agents requires a shift toward hybrid alignment. By recognizing that
alignment objectives like “do not facilitate weapons production” span both neural capabilities (under-
standing which information combinations are dangerous) and symbolic capabilities (tracking what
information has been provided across sessions), we provide a framework for designing agent systems
that can maintain such objectives through coordination between neural and symbolic components.
Addressing this gap requires changes to both sides: neural components must be trained to seek and
use information from symbolic components, and symbolic components must be designed to expose
the information that neural components need for safety reasoning.

Hybrid alignment enables safety guarantees that neither component can provide alone. It requires
neural components trained to actively query session history, check cumulative patterns, and seek
verification when appropriate, and symbolic components designed to track sensitive topics, maintain
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relevant metadata, and act on guidance from neural components. Without this coordination, aligned
models will continue to produce unsafe system behavior when operating within agent architectures.

We call for the community to move from safety-training models in isolation to designing neural-
symbolic coordination as a first-class alignment target. Future benchmarks must evaluate whether
agents can maintain alignment objectives across sessions and across the boundary between neural
and symbolic components. Safety is not a property to be instilled in a language model; it is a
system-level property that must be explicitly maintained through coordination between neural and
symbolic components, guided by domain expertise.
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