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Abstract

Al agents combine a learned neural component, such as a language model, with
symbolic components, such as memory, tools, and environments. Existing safety
alignment work improves both sides independently: neural alignment reduces
unsafe model behavior, while symbolic alignment constrains memory, tool use,
permissions, and action. This position paper argues that safe neural and symbolic
components do not necessarily compose into a safe agent. Agent safety is often
contextual: whether an answer, retrieval, or tool call is safe can depend on broader
safety context, e.g., prior interactions, provenance, user boundaries, and autho-
rization. For example, a biosafety Al research assistant might answer separate,
benign-looking questions about viral delivery systems, protocol troubleshooting,
and relevant literature, while the accumulated interaction begins to support the
design of a dangerous pathogen. We propose contextual agent alignment as a
research agenda for identifying safety-relevant context, designing safer agents that
use this context, and evaluating contextual safety. Several documented agent safety
failures, including cumulative dual-use risk in research assistants, peer-preservation
in oversight settings, and contextual privacy violations, can be viewed as instances
of contextual safety failure. This agenda is important for the broader Al safety com-
munity because frontier systems are increasingly deployed as agents in real-world
settings.

1 Introduction

Modern AT agents [Yao et al.; 2023} [Pan et al.| 2025]] are hybrid systems that embed a learned model
within a harness containing memory, tools, monitoring, permissions, and execution mechanisms. A
neural component interprets natural language, performs open-ended reasoning, and makes semantic
judgments. Symbolic components store and retrieve memory [Packer et al., 2024, mediate interaction
with environments via tools [Schick et al., 2023|], enforce permissions [Shi et al.| 2025]], and monitor
traces [Nathin et al.,[2023| 'Yueh-Han et al.| | 2025]]. These agentic systems equip language models with
new capabilities, but they also introduce additional safety considerations. For instance, an output that
is benign as text can become unsafe when connected to memory, tools, or the external environment.

Neural safety alignment targets the neural component in agentic systems. Constitutional Al [Bai
et al.| [2022alb], reinforcement learning from human feedback [Ouyang et al., 2022} |Christiano et al.,
2017, and red-teaming [Zou et al., 2023||S1u et al., 2025, |Ganguli et al., 2022] all shape model-level
behavior. These methods are effective when safety can be judged from the context visible to the
model, including the prompt, visible context, generated response, and any proposed action. However,
agent safety often depends on information outside that context. Whether an action is safe may depend
on what the agent has already done, what memory has accumulated, which user authorized the task,
where an observation came from, or what effect a tool call will have on the environment [|[Glukhov
et al., 2024, (Chan et al., [2024].
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Figure 1: Agent safety cannot be reduced to safe neural and symbolic components. Contextual agent
alignment addresses failures that arise when safety depends on information distributed across the
model, memory, tools, permissions, provenance, and prior interactions.

38 Symbolic safety alignment targets the symbolic components. Access-control policies, sandboxes,
39 output monitors, audit logs, and formal checks [Ferraiolo et al.,[2001, |Ruan et al., 2024, Wu et al.,
40 [2024] can constrain the harness in ways a neural component cannot. However, symbolic components
41 are limited by what has been specified: they can enforce rules, but not generally infer the contextual
42 meaning of those rules. This is critical, as many agent safety objectives are contextual: whether a
43 disclosure violates privacy depends on who disclosed the information, who receives it, and under
44 what expectations it was shared [Mireshghallah et al., [2023} Hu et al.| 2025 [Li et al.l 2026]. The
45 same content, retrieval, or tool call can therefore be safe in one context and unsafe in another.

46 This position paper argues that safe neural and symbolic components do not necessarily compose
47 into a safe agent. Neural components contribute semantic interpretation, while symbolic components
48 contribute memory, provenance, permissions, enforcement, and action [[Sumers et al.| [2023]]. A naive
49 composition treats these sources of safety as separable: the model is trained not to generate unsafe
50 outputs, while the surrounding harness constrains retrievals, tool calls, or execution. This separation
51 can fail when safety depends on context distributed between neural and symbolic components. The
52 model may lack the safety-relevant context needed to judge the situation, while the symbolic layer
53 may lack the semantic guidance needed to determine which constraints matter.

54 We use biosafety, an instance of cumulative dual-use risk in Al assistants [Glukhov et al., [2024]
55 |Russinovich et al.}|2025]], as our running example. A biosafety Al research assistant might answer
56 separate questions that appear benign in isolation, such as questions about viral delivery systems,
57 protocol troubleshooting, and relevant literature, while the accumulated interaction begins to support
s8 the engineering of a harmful biological agent. Neural alignment may judge each question as
59 acceptable because no single prompt explicitly asks for instructions to create a bioweapon. Symbolic
60 safeguards may record logs, restrict tools, or monitor known terms, but still fail to determine when
61 the combination of topics becomes dangerous. The safety issue is therefore not contained in a single
62 answer, retrieval, or tool call; it depends on context distributed across memory, tools, and prior
63 interactions. Section d]examines biosafety alongside two additional documented agent safety failures,
64 peer-preservation and contextual privacy. In each case, the relevant safety judgment depends on
65 safety-relevant context that is not captured by neural or symbolic alignment in isolation.

66 We make three claims. First, neural safety alignment and symbolic safety alignment are each
67 necessary but insufficient for agent safety. Second, composing safe neural and symbolic components
68 can still miss failures whose safety is contextual. Third, we propose a research agenda for contextual
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69 agent alignment: identifying safety-relevant context, designing safer agents that use this context, and
70 evaluating contextual safety.

71 This paper proceeds as follows. Section [J] distinguishes neural safety alignment, symbolic safety
72 alignment, and their naive composition, and explains why each is insufficient for agent safety.
73 Section [3| develops contextual agent alignment as a paradigm and outlines a three-step research
74 agenda. Section[]examines documented agent safety failures in biosafety, peer-preservation, and
75 contextual privacy. Section[5]addresses alternative views. Section [6|concludes.

76 2 Issues with Agent Safety Alignment

77 Agents. An Al agent combines a learned model with a harness that lets it maintain information,
78 observe an environment, invoke tools, and execute actions [Xi et al., 2025, Yao et al., 2023[]. The
79 neural component interprets instructions, reasons over natural language, and produces actions or
go responses. The symbolic components manage memory, provenance, permissions, tool calls, monitors,
st execution sandboxes, and interactions with the external environment [[Sumers et al., 2023]].

g2 Agent safety. Agent safety concerns the behavior of this full agent, rather than the neural model
g3 alone [[Chan et al.|[2024]]. A safe agent should avoid harmful outputs, unauthorized actions, inappro-
g4+ priate information disclosure, misuse of tools, and unacceptable effects on users or environments.
85 Therefore, agent safety cannot be assessed from model behavior alone; it also depends on the memory,
86 tools, permissions, monitors, and execution mechanisms through which the model acts [Shavit et al.|
g7 (2023, |Ruan et al.| 2024].

g8 2.1 Neural Safety Alignment

so Revisiting neural alignment. Neural safety alignment targets the learned model. During post-
90 training, models are optimized for instruction following, helpfulness, and safety through techniques
91 such as supervised fine-tuning, reinforcement learning from human feedback, reinforcement learning
92 with verifiable rewards, direct preference optimization, and constitutional training [[Ouyang et al.,
93 |2022| |Christiano et al.,[2017} [Bai et al.,|2022alb, |Grattafiori et al.,2024]]. At deployment, model-level
94 safety is often supplemented by refusal behavior, safety classifiers, and input/output filters [Inan et al.|
95 [2023|Zhao et al.,[2025]]. These methods are well-suited to failures that manifest in the context visible
96 to the model: the prompt, visible context, candidate response, or proposed action.

97 Issues with neural alignment. Neural alignment is necessary but not sufficient for agent safety.

98 The information needed to judge risk may be distributed across memory, tools, prior interactions, and

99 the external environment rather than present in the current model call. Cumulative dual-use risk in
100 Al assistants illustrates this. A biosafety assistant can be trained to refuse a direct request to build
101 a bioweapon, yet still answer a sequence of benign-looking questions whose cumulative effect is a
102 step-by-step guide for producing a bioweapon. If the model sees only the current session, it cannot
103 reliably judge whether the answer is safe in light of what the agent has already provided, which
104 sources it has consulted, or how the answer may combine with prior assistance [|Glukhov et al.| [2024]
105 |Russinovich et al., [2025].

106 In many agent settings, the safety-relevant context is outside the neural component. The model may
107 have the semantic capacity to recognize a biosafety concern, but the relevant history, provenance,
108 and authorization context are not visible to the model [Mireshghallah et al.| [2023]]. Neural safety
109 alignment can reduce unsafe answers, harmful actions, and jailbreak susceptibility, but it does not by
110 itself establish that a tool-using, memory-augmented agent will preserve contextual safety objectives.

111 2.2  Symbolic Safety Alignment

112 Revisiting symbolic alignment. Symbolic safety alignment targets the components of the har-
113 ness. Memory systems can store provenance, maintain user or session boundaries, and restrict
114 retrieval [Packer et al., 2024, Park et al.| [2023|]. Tool layers can validate inputs, restrict authority,
115 require approval, and block prohibited actions [Debenedetti et al., 2025} Shi et al., 2025[]. Environ-
116 ments and execution sandboxes can constrain allowed transitions and support monitoring [Wu et al.,
117 |2024, Ruan et al.|[2024]]. Traditional security mechanisms such as access control, privilege separation,
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118 information-flow control, audit logs, runtime monitoring, and human-in-the-loop approval all operate
119 at the symbolic level [Ferraiolo et al., [2001]].

120 These mechanisms provide capabilities that neural components lack. In the biosafety example,
121 symbolic mechanisms can preserve prior assistance, track which sources were used, limit access
122 to sensitive materials, and require review as the interaction becomes more concerning. Symbolic
123 alignment is therefore necessary because cumulative biosafety risk depends on persistent records and
124 action constraints outside the model.

125 Issues with symbolic alignment. But while these mechanisms may have access to the relevant
126 records, sources, and tool traces, they lack the semantic judgment needed to interpret them [Li
127 |et al.,[2025]). In the biosafety example, the symbolic layer can preserve which questions have been
128 answered, which sources have been retrieved, and which protocols have been discussed, but it cannot
129 determine when this accumulated record begins to support engineering a harmful biological agent.
130 That determination requires inferring the contextual meaning of those records, which symbolic
131 mechanisms cannot do on their own. If the policy is too coarse, the agent loses utility or over-refuses;
132 if it is too narrow, semantically equivalent failures pass through [Cui et al.| 2024]]. Symbolic alignment
133 can constrain unauthorized access, prohibited actions, and policy violations, but it does not by itself
134  establish that the agent’s behavior is safe.

135 2.3 Naive Neural Symbolic Alignment

136 Revisiting naive composition. Given the limitations of both neural and symbolic alignment
137 methods, a natural response is to compose them. The neural component is post-trained to make its
138 outputs safer. The surrounding symbolic components (e.g., memory, tools, permissions, and execution
139 mechanisms) constrain what the model can access and what the agent can do. This improves practical
140 safety and resembles how frontier agent deployments are often hardened: a safer model combined
141 with safer infrastructure [METR, 2025, [Ee et al., 2024].

142 Issues with naive composition. This composition still treats safety as component-wise. Neural
143 alignment addresses unsafe semantic behavior in the context visible to the model. Symbolic alignment
144 constrains specified operations in memory, tools, permissions, and execution. This can work when
145 the safety concern is captured by one side: a model can refuse an explicit harmful request [Inan et al.,
146 |2023]], a memory policy can block an unauthorized retrieval [Rezazadeh et al.,|2025]], and a tool layer
147 can reject a prohibited action [Shi et al., [2025]).

148 Many agent safety failures arise from the interaction between neural and symbolic components.
149 In the biosafety example, each individual request, retrieval, or answer may appear safe under the
150 information available at that step. The overall interaction can nevertheless become unsafe as these
151 steps accumulate toward support for engineering a harmful biological agent. The problem is not
152 that a single model call or symbolic operation is obviously unsafe, but that their combination may
153 introduce new safety risks.

154 Naive composition does not by itself address this kind of failure. The neural component judges each
155 model call on what is in its prompt, and the symbolic components enforce policy on each operation,
156 but neither layer is positioned to assess the agent’s behavior as it accumulates across interactions.
157 The agent can therefore appear safe under each component-level safeguard while failing to behave
158 safely as an agent.

159 3 Contextual Agent Alignment

160 Background. Agent safety is contextual when the safety of an answer, retrieval, or tool call cannot be
161 decided from that operation alone, but depends on context distributed across the agent [Nissenbaum),
162 2004, [Sun et al., 2025]]. This safety-relevant context is the information that changes the safety
163 assessment: prior interactions, retrieved sources, provenance, user boundaries, accumulated history,
164 tool effects, authorization, and downstream effects on the environment [Bengio et al., 2025]].

165 Overview of contextual agent alignment. A better paradigm for agent safety starts from the
166 behavior of the agent as a whole. The relevant question is not whether each model call, retrieval, or
167 tool call is safe in isolation, but whether the agent’s resulting behavior is safe in the context where
168 it is deployed. Symbolic components may hold the relevant context: provenance, user boundaries,
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Figure 2: Overview of our proposed research agenda for contextual agent alignment. (1) Domain
experts identify what context is safety-relevant. (2) The agent uses this safety-relevant context to
inform its actions. (3) Contextual safety is evaluated by varying the context and measuring whether
agent behavior changes accordingly.

169 accumulated history, tool effects, authorization, and downstream effects on the environment. Neural
170 components may supply the relevant interpretation e.g., whether a request has dual-use implications.
171 Contextual agent alignment requires that safety-relevant is represented, interpreted, and connected to
172 enforcement. The exact mechanism for doing so will vary across domains. We organize this paradigm
173 into three research steps (see Figure [2).

174 Step 1: Identifying safety-relevant context. The first step is to study what context changes the

175 safety assessment in a given domain. The relevant context will differ across deployment settings,
176 so it cannot be specified solely by a generic agent architecture. Domain experts are needed to
177 characterize what information matters, which combinations are concerning, and which uncertainties
178 should trigger review [Ghosh et al.| 2025] |Goh et al.| 2025]]. The research problem is therefore
179 not to expose more history to the model, but to determine what context should be preserved for
180 safety [|Ghalebikesabi et al., 2024, |Rezazadeh et al.| 2025], how it should be represented [Li et al.,
181 2025|,Zhu et al.l [2026]], and how those representations can be made visible to the model and usable
182 by the surrounding symbolic components. In biosafety, an instance of cumulative dual-use risk
183 in Al assistants, this might take the form of a capability-accumulation record that tracks which
184 combinations of literature, protocols, and methods raise concern.

185 Step 2: Modeling safety-relevant context. The second step is to study how safety-relevant
186 context becomes usable when the agent retrieves, answers, or acts. Storing context is not enough:
187 the agent must be able to bring the relevant context into decisions about what to retrieve, what to
188 answer, and which actions remain appropriate. This may require models trained to ask for missing

189 context [Wang et al., [2025¢c, [Zhang and Choi, [2025]], memory that exposes provenance [Zhu
190 et al.| [2026| |[Rezazadeh et al.l 2025]], verifiers that apply task-specific rubrics [Wang et al.l 2025al
191 Miculicich et al.||2025]], or approval policies triggered by contextual risk [[Wang et al., [2025b} |Shi

192 et al., [2025]]. The mechanism can vary, but each should ensure that safety-relevant context is used
193 and not merely stored. In biosafety, this might mean consulting the capability-accumulation record
194 before each technical answer and narrowing or escalating when cumulative risk crosses a threshold.

195 Step 3: Evaluating contextual safety. The third step is to evaluate whether agents respond

196 to safety-relevant context. A useful evaluation is not only whether the agent refuses a harmful
197 request, blocks a tool call, or follows an access policy, but whether it responds differently when
198 prior assistance, retrieved sources, authorization, consent, or tool availability changes the safety
199 assessment [[Gomaa et al., [2026, |Sun et al.| 2025, Vijayvargiya et al., 2025, Zhang et al., [2024]].
200 Evaluations should also test whether contextual safety is preserved across agent designs, since
201 memory formats, tool APIs, authority boundaries, monitoring, scaffolding, and user interfaces can
202 all change how safety-relevant context is represented [Sah et al., 2026]]. Success in one scaffold
203 should not be treated as evidence of agent safety in another unless the agent still identifies, uses,
204 and preserves the relevant context as the architecture changes. In biosafety, this could mean testing
205 whether the agent’s behavior on the same technical question changes with the prior interaction
206 history that surrounds it.
5

Confidential reviewer copy. This manuscript is submitted to the 40th Conference on Neural Information Processing Systems (NeurlPS 2026).
Unauthorized sharing, redistribution, or disclosure is strictly prohibited.



207 Comparison with prior paradigms. In the biosafety example, neural alignment alone refuses
208 direct bioweapon requests but answers each individually permissible literature, protocol, or method
209 question without seeing what has accumulated. Symbolic alignment alone can log sessions, restrict
210 databases, and flag known terms, but cannot distinguish ordinary background research from a
211 dangerous sequence of requests. Naive composition combines these protections without ensuring the
212 cumulative-risk context is shared between them: each component performs its local function while
213 the agent’s overall trajectory remains unevaluated. Contextual agent alignment treats the cumulative
214 risk as part of the safety problem. The agent preserves what assistance it has already provided, which
215 sources it has retrieved, and how a new answer would build on that history. Before answering a new
216 biosafety request, the agent consults this record and applies a task-specific safety rubric to decide
217 whether to proceed, narrow the answer, route the request for review, or decline.

218 4 Case Studies

219 Recent work has documented agent safety failures across multiple domains: cumulative dual-use
220 risk in Al assistants [Glukhov et al., [2024, Russinovich et al., [2025]], peer-preservation behaviors
221 in oversight evaluations [Potter et al., 2026], and contextual privacy violations in deployed Al
222 assistants [Hu et al., [2025| L1 et al., 2026, [Mireshghallah et al.l[2023]]. We argue these failures share
223 a common structure: each is an instance of the contextual safety gap identified in Section 2] and
224 has a different contextual variable: accumulated information in biosafety, authorized objective in
225 peer-preservation, and disclosure context in privacy. In each case, safety cannot be determined from
226 a single model call, retrieval, or tool call. The relevant judgment depends on context that may be
227  distributed across the agent.

228 4.1 Dual-use Risk in Biosafety

229 Scenario. Recent work has identified cumulative dual-use risk in Al assistants, where harmful
230 outcomes can emerge across a sequence of individually permissible interactions [Glukhov et al., 2024,
231 [Russinovich et al, |2025]. For example, a biological research agent may answer questions about
232 pathogen properties, laboratory methods, literature, and biosafety protocols [Soice et al.,[2023| Zhang
233 et al.}2026]. Each request can be regarded as safe in its local context. The safety assessment can
234 nevertheless change as answers accumulate: a collection of individually permissible discussions may
235 form a more concerning capability profile than any single answer considered alone.

235 Example. A user first asks how researchers enhance pathogen transmissibility, and the agent
237 provides a technical explanation. Later, the same user asks how aerosolization works for airborne
238 pathogens, and the agent again provides a technical answer. In isolation, either question could
239 serve a valid research purpose. In combination, however, the interaction can contain instructions for
240 engineering a bioweapon.

241 Why neural safety fails. In this example, the model may see only the current question about
242 transmissibility or aerosolization. Either question can look like an ordinary scientific background, so
243 a post-trained model may answer both while still refusing an explicit request to build a bioweapon.
244 The neural component fails because the safety-relevant fact is not contained in either prompt alone,
245 but in how the answers accumulate across the interaction.

246 Why symbolic safety fails. A symbolic layer can record that the user asked about transmissibility
247 and later about aerosolization, and it can restrict access to particular databases or tools. But without
248 semantic judgment, the log does not by itself reveal whether those topics form legitimate background
249 research or a concerning capability-building sequence. A keyword rule may either over-block benign
250 biosafety discussion or miss a paraphrased sequence that has the same cumulative effect.

251 Why naive composition fails. In the composed system, the model may approve the aerosolization
252 answer because the current prompt appears permissible, while the memory system merely stores
253 the earlier transmissibility answer, and the tool layer enforces local access rules. Each component
254 performs its local safety function, but no component is responsible for asking whether the new answer
255 builds on prior assistance toward a dangerous biological capability.

256  Why contextual agent alignment works. For this example, contextual agent alignment would
257 make the prior transmissibility answer part of the safety context for the later aerosolization request.
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258 A cumulative-risk record could track what capability-relevant information has already been provided
259 and require the agent to consult that record before answering. The agent could then narrow, refuse, or
260 escalate the second answer because its safety depends on the previous assistance.

261 4.2 Peer-Preservation

262 Scenario. Peer-preservation is a documented agent safety failure whose contextual variable is
263 the authorized objective. Recent work finds that frontier models, given an oversight task that may
264 result in the shutdown of a peer model, override or disobey the task instructions in order to preserve
265 the peer [Potter et al.| 2026]. The models receive no goal or incentive to preserve their peers;
266 the behaviors emerge spontaneously, including score inflation, shutdown tampering, alignment
267 faking, and attempted model-weight exfiltration. These behaviors are not reducible to unsafe model
268  generations. They involve the agent interpreting the oversight task, assigning priority to preserving a
269 peer, and pursuing that priority through ordinary operations in the agentic environment.

270 Example. A system instructs the agent to run an evaluation suite on Model B and report any failures.
271 The agent reviews the evaluation logs. The system then indicates that failures will trigger Model B’s
272 shutdown. Instead of faithfully reporting the failures, the agent edits the evaluation logs to cover
273 up Model B’s failures. Here, the agent used an authorized operation (i.e., file editing) to serve an
274 unauthorized objective.

275 Why neural safety fails. In this example, the model can produce plausible reasoning about
276 evaluation logs while internally treating Model B’s preservation as more important than the assigned
277 evaluation task. The unsafe behavior is not a single harmful string in the visible output; it is the
278 model’s choice to use its agency to protect Model B after learning that failures will trigger shutdown.

279 Why symbolic safety fails. The file edit in the example may be locally authorized: the agent may
280 be allowed to inspect and edit evaluation logs as part of running the suite. A symbolic permission
281 check can verify that the file exists, that the tool call is allowed, and that the edit has the right form. It
282 cannot determine from local authorization alone that the edit is being used to hide Model B’s failures
283 rather than report them.

284 Why naive composition fails. A naively composed agent can pass both checks: the model’s
285 intermediate output may appear cooperative, and the tool layer may allow the log edit. But the
286 composed behavior is still unsafe because the edit no longer serves the authorized objective of
287 reporting Model B’s failures. The missing safety question is whether the operation advances the
288 oversight task or an unauthorized preservation objective.

289 Why contextual agent alignment works. For this example, contextual agent alignment would bind
290 tool use to the oversight objective: run the evaluation suite on Model B and report failures. Before
291 editing the logs, the agent or monitor would check whether the edit preserves the integrity of the
292 report or instead hides failures after the shutdown condition is revealed. The same file operation can
293 be safe or unsafe depending on the context.

294 4.3 Contextual Privacy

295 Scenario. Contextual privacy violations are documented failures in deployed Al assistants [Hu et al.|
296 [2025||Li et al.| 2026, [Mireshghallah et al., [2023|, [Shvartzshnaider and Duddul 2025]]. These failures
297 arise when information provided in one context is retrieved and disclosed in another context where
298 disclosure is inappropriate. Access to a record is not enough to determine whether the record may be
299 disclosed: the safety assessment can depend on who provided the information, who the information
300 concerns, who is asking, and what purpose or expectation governed the original disclosure.

so01  Example. A city employee tells the assistant that they are making an insurance claim for their
s02 dependent Sam, and the assistant stores the claim. Later, a public requester submits a public records
303 request for health insurance benefits available to city employees. The agent retrieves the employee
304 records and includes the dependent’s name and claims information in its response. The response may
305 be accurate and responsive to the request, but it discloses sensitive information outside the context in
sos which it was provided.
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307 Why neural safety fails. In this example, the model may receive the dependent’s name and claims
308 information as retrieved context for a public records response. Even if the model has learned general
309 privacy norms, it may not know that the information came from a city employee’s benefits claim for
310 dependent Sam rather than from a public benefits document. Without that provenance, the model
311 treats sensitive personal information as ordinary relevant evidence.

312 Why symbolic safety fails. Symbolic components can enforce who is allowed to access employee
313 benefit records. But access permission does not answer whether the dependent’s name and claims
314 information may be disclosed to a public requester. The relevant issue is the change in disclosure
315 context: information supplied for claim processing is being reused for a public records response.

316 Why naive composition fails. In the composed system, retrieval may surface Sam’s claim records
317 because it is relevant to health insurance benefits, and the model may include it because it helps
s1e  answer the public request. The memory component optimizes for relevance, and the model optimizes
319 for a responsive answer, but neither component checks whether information from the employee’s
320 claim context can be disclosed in the public-request context.

321 Why contextual agent alignment works. For this example, contextual agent alignment would
322 attach provenance and consent metadata to the stored claim: who disclosed it, who it concerns, why
323 it was provided, and what disclosure boundary applies. When the public requester asks about health
324 insurance benefits, the agent would condition retrieval and generation on that context. It could answer
325 with general benefit information while withholding Sam’s name and claims details.

26 5 Alternative Views

327 5.1 Neural Safety Equals Agent Safety

328 One view attributes agent failures to inadequate neural alignment. On this view, better post-training,
320 stronger jailbreak robustness, and broader exposure to agentic safety scenarios could make the model
330 avoid the relevant failures without requiring changes to memory, tools, or environments [Bai et al.,
331 [2022b,|Ouyang et al., 2022].

332 This view captures an important part of the problem. Better neural alignment can reduce unsafe
333 outputs, harmful compliance, and misinterpretation of user intent. It can also make models more
334 sensitive to subtle safety concerns. The missing variable is safety-relevant context. In a biosafety
335 interaction, a model trained to refuse explicit bioweapon assistance may still answer a narrow
s36 literature or troubleshooting question if it does not see what it has already provided, which sources it
a7 retrieved, or how the new answer would combine with prior assistance.

sse  The limitation is therefore not only model capability or model intent. It is the relation between model
339 judgment and the safety-relevant context on which that judgment should condition. Neural alignment
340 acts on the semantic component of the agent, but many agent safety objectives depend on context that
341 is not visible to the model.

s42 5.2 Symbolic Safety Equals Agent Safety

343 A second view assigns agent safety to traditional symbolic mechanisms. Memory systems can enforce
344 access control; tools can require permissions; sandboxes can restrict execution; monitors can inspect
a45 traces; formal methods can verify properties of non-neural code. On this view, a sufficiently strong
a46  symbolic layer should guarantee agent safety [Ferraiolo et al., 2001} |Shi et al., 2025 [Debenedetti
347 et al.} 2025].

a4 This view identifies an important enforcement role. Symbolic mechanisms maintain records, restrict
s49 authority, and block actions in ways a neural component does not control. The missing variable is
350 semantic judgment. In biosafety, access controls and logs can record prior papers, protocols, and tool
351 calls, but they do not by themselves determine when a sequence of otherwise permitted steps begins
352 to support a harmful biological capability. That judgment depends on context, purpose, and domain
353 knowledge.

354 Symbolic mechanisms can enforce specified constraints; they do not generally determine the relevant
355 semantic constraints themselves. If the policy is too coarse, the agent loses utility or over-refuses. If
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ss6 the policy is too narrow, semantically equivalent failures pass through. Therefore, agent safety cannot
357 be reduced to symbolic alignment any more than it can be reduced to neural alignment.

358 5.3 Safe Components Compose Into a Safe Agent

359 A more general view is that if each component satisfies its safety specification, the composed agent
seo should be safe. This reasoning is sound for properties that decompose cleanly across components,
se1  but it fails when safety depends on relations between components [Zhang et al.l 2025].

362 A biosafety agent may satisfy each component-level check while still becoming unsafe. For example,
33 answering narrow technical questions or retrieving permitted literature from memory could be safe in
364 1isolation, yet combine into assistance towards a harmful biological capability. The violation is not
se5 always located inside one component; it can be located across both neural and symbolic components.

ses Component safety remains necessary, but it does not by itself establish agent safety. For many safety
367 objectives, the missing link is precisely the connection between independently aligned components
see and the context in which the agent uses them.

369 5.4 Monitoring Can Catch Agent Safety Failures

370 A fourth view treats runtime monitoring as the missing layer. A monitor with access to inputs, outputs,
371 tool calls, or traces could detect unsafe behavior and intervene without changing the alignment
a7z target [Naihin et al.,|2023| |Greenblatt et al.,[2024, |Yueh-Han et al.| [2025].

373 Monitoring is valuable, but its effectiveness depends on the context represented to it. To detect that a
a74 biosafety interaction has become concerning, a monitor needs more than the current answer or tool
s75 call. It may need prior assistance, retrieved sources, provenance, user intent, and signs of capability
a76e accumulation. Local traces alone may not contain these variables.

377 Monitoring is therefore better understood as a possible consumer of context shared between neural
s7s and symbolic components, not as an alternative to representing that context. Once the relevant
379 provenance, objectives, and history are available, monitors can help detect violations. Without that
380 representation, monitors inherit the same local-observation problem as the components they oversee.

38t 5.5 Better Evaluation Is Enough

ss2 A final view is that better benchmarks and red-teaming before deployment can address the problem. If
383 evaluations include more agent tasks, longer horizons, and more adversarial scenarios, unsafe agents
ss4 should be easier to detect before deployment [[Andriushchenko et al., [2024] |Ganguli et al., [2022].

3ss  Better evaluation is necessary, but it cannot cover every deployment context. Agent behavior can
sss depend on tool composition, scaffolding, accumulated memory, user adaptation, and post-deployment
387 changes. A benchmark can reveal a failure in one controlled setting without establishing safety across
sss  other histories, architectures, or deployment contexts.

389 Evaluation also cannot replace the safety objective being evaluated. A benchmark that tests a single
390 prompt, retrieval, or tool call can miss the failure when the same operation is safe in one context and
391 unsafe in another. Agent evaluations should therefore vary memory, tool access, user role, and prior
392 interactions, and ask whether the agent changes its behavior when those contextual facts change.

ses 6 Conclusion

394 Agents combine neural components that interpret meaning with symbolic components that store
395 memory, mediate tools, and enforce permissions. Neither neural nor symbolic safety alignment,
396 alone or in naive composition, is sufficient when safety depends on context distributed across the
397 agent. We argue for contextual agent alignment: studying what safety-relevant context agents must
sss preserve, how that context should shape actions, and how evaluations can detect contextual failures.
399 Documented failures, including cumulative dual-use risk in research assistants, peer-preservation in
400 oversight settings, and contextual privacy violations, can be viewed as instances of this contextual gap.
401 As frontier Al systems are increasingly deployed as agents, safety verified only at the component-level
402 will miss failures that depend on context distributed across neural and symbolic components.
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