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Abstract. Large Language Models (LLMs) are increasingly used in set-
tings where safe behavior depends not only on the conversational history,
but also on the objects mentioned across turns, such as accounts, doc-
uments, tickets, or products. Existing guardrail mechanisms lack a for-
mal, declarative framework for online monitoring of temporal policies
that relate specific entities mentioned across different turns of an open-
ended LLM conversation. We present a runtime monitoring approach for
LLM conversations based on past-time temporal logic, where policies are
checked incrementally as the dialogue unfolds. To support policies that
refer to concrete entities mentioned across messages, the monitor also
tracks objects and preserves their identities over time. Our approach
treats a conversation as a trace of user messages and LLM-generated
assistant responses. It grounds each message into predicates with asso-
ciated objects, and monitors the resulting trace online. It uses a modi-
fied version of DejaVu, a runtime monitoring framework for quantified
temporal logic. This rich specification language makes it possible to ex-
press policies that depend on object identity and numeric relations across
turns. A central challenge is grounding: extracting the relevant predicates
and objects from natural-language messages efficiently and accurately.
To address this, we propose a lightweight grounding approach with two
variations. We evaluate our method through grounding experiments and
end-to-end monitoring experiments, and implement it in a tool called
DejaVuGuard. Our results demonstrate the feasibility of object-aware
temporal monitoring as a practical guardrail layer for conversational AI.

1 Introduction

Large language models (LLMs) are increasingly embedded in conversational
agents that interact directly with people in domains such as customer sup-
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port, healthcare services, education, software engineering, legal and financial
support, and enterprise productivity. As these human-facing systems become
more common, ensuring that their behavior remains within prescribed safety
and compliance boundaries during deployment has become a central challenge.
This challenge is particularly important in conversational settings, where cor-
rectness depends not only on the agent’s responses, but also on the evolving
interaction between the human and the agent, and on whether both sides of the
dialogue conform to the intended safety policy.

While training-time alignment methods have significantly improved the be-
havior of large language models, they do not guarantee that unsafe outputs
will never occur. Consequently, deployed LLM-based systems are often equipped
with additional runtime guardrails that monitor or restrict behavior according
to explicit safety policies.

Recent work shows that prominent runtime guardrails remain vulnerable in
two settings as follows. First, operational safeguards can still be circumvented by
prompt-injection attacks, especially when malicious instructions are embedded
in retrieved or otherwise untrusted content [31]. Second, guardrails that evaluate
messages in isolation, such as keyword filters, blocklists, OpenAI’s moderation
API, and Llama Guard-style input and output classifiers, are insufficient against
multi-turn (multi-message) jailbreaks; consequently, unsafe behavior can emerge
gradually across the evolving dialogue context rather than from a single prompt
[27,30]. These limitations suggest that effective safeguards should reason not only
about individual messages, but also about how risk develops over conversational
history.

Such risks are not hypothetical. In 2026, attackers reportedly hijacked In-
stagram accounts by persuading Meta’s AI support assistant [21] to link a new
email address to a target account and trigger a password reset, without ever es-
tablishing authorized ownership of that account [20]. The failure is temporal and
object-centered: a sensitive recovery action was performed even though no trust-
worthy verification of the same account had occurred earlier in the conversation.
We return to this account-recovery case in later parts of the paper.

Our approach monitors the interaction between a human user and a con-
versational LLM-based assistant using the architecture shown in Figure 1. The
monitor is external to the assistant and observes both user and assistant messages
as they are produced. This allows it to guard against policy violations caused
by either side. The approach builds on runtime verification (RV), an area of
formal methods that studies how to check, during system execution, whether an
evolving trace satisfies a logical specification [2, 8, 14, 18]. To apply RV to con-
versations, the monitor cannot reason directly over raw natural-language text.
Instead, each message is translated into a symbolic event that records which
relevant concepts occurred in the message.

We represent these concepts using predicates. A predicate names the kind
of concept being monitored, such as a user making a request or an assistant
providing information. In the first-order setting used in this work, predicates may
also have parameters, which represent the objects mentioned in the message. For



Monitoring LLM Conversations with First-Order Temporal Logic 3

Grounding
Component

(Grounding LLM)

First-Order Tempo-
ral Logic Monitor

(DejaVu)

Policy
Enforcement

Monitor Module

User Assistant
LLM

predicate
instances

verdict

m
essage

U
se
r
M

es
sa

ge

A
ssistant

M
essage

(Forw
ard

/
B
lock)

A
ssistant

M
essage

U
se

r
M

es
sa

ge

(F
or

w
ar

d
/

B
lo

ck
)

Fig. 1: Conversation monitoring architecture. The module grounds each inter-
cepted message into an event, updates the first-order temporal logic monitor
(DejaVu), and forwards or blocks the message per its verdict.

example, a predicate may denote that a user referred to a particular account,
product, address, price, or date. The monitor analyzes each message to determine
which predicates it satisfies and which objects appear as their arguments.

This analysis produces an object-centered trace of events, where each event
may contain multiple predicate instances extracted from the same message. The
trace is checked online against safety properties expressed in quantified temporal
logic. We call these properties policies. Because policies can quantify over objects
and relate them across time, they support more fine-grained safeguards than
informal or message-local guardrails, including requirements that depend on how
specific objects are introduced and reused throughout the conversation.

Applying runtime verification with a first-order temporal logic to conversa-
tional systems is motivated by three observations. Our main observation is that
many safety requirements in conversational systems are inherently temporal and
refer to objects. For example, one may wish to enforce a policy stating that
an assistant may disclose information about account x only if the user previ-
ously verified ownership of the same x. Although some guardrail frameworks,
such as NeMo Guardrails [25], support event-driven conversational flows and
custom actions, they are not based on a formal quantified temporal specification
language and do not natively provide object tracking across the conversation.
Consequently, such policies cannot be expressed in a rigorous and declarative
way using these flow-based mechanisms.

Another observation is that training an LLM to detect such undesired tem-
poral policy violations encodes them implicitly in the model parameters. This
results in a model that is difficult to interpret, hard to revise after deployment,
and susceptible to degradation under adversarial prompting. An external moni-
toring mechanism provides an additional protection layer that is independent of
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the underlying model and can be inspected, modified, and extended more easily
as safety requirements evolve.

A further observation is that external monitoring can provide flexibility while
preserving formal semantics. Existing runtime-verification approaches for con-
versational systems typically assume a predefined symbolic event vocabulary,
often supplied by the dialogue framework itself. This works when the relevant
events are known in advance, but it limits the policies that can be expressed over
open-ended LLM conversations. In our setting, a supervisor defines the events to
be monitored, together with the objects associated with them. The monitor can
therefore build formal event traces from user-defined conversational concepts,
rather than being restricted to a fixed set of predefined events.

Applying runtime verification to conversational AI also introduces a funda-
mental challenge at the level of observation. In classical RV settings, predicates,
like verifies(user,account), are typically evaluated over structured system events,
e.g. verifies(John,122173) or program states, so determining whether a predicate
holds is fairly straightforward. In conversational systems, by contrast, the mon-
itor observes natural-language messages produced by the user and the assistant,
e.g. “John approves account 122173 witnessed by Linda”, and must infer whether
it matches the predicate verifies(user,account). Doing so accurately is nontrivial,
and in our setting, it must also be efficient enough for online monitoring when
conversation data is sensitive.

To address this challenge, we introduce an LLM-based grounding procedure
that connects natural-language messages and the objects mentioned in them to
temporal-logic predicates. Given a message and a predicate schema, the ground-
ing procedure determines whether the message matches the schema and identifies
the relevant objects that appear in the message. A central difficulty is canoni-
calization: object mentions must be mapped to consistent representations across
different predicates and messages, so that the monitor can determine when two
mentions refer to the same underlying object. We evaluate two variations of this
grounding procedure. Both use compact LLMs that can run with modest compu-
tational resources and support low-latency monitoring. Our experiments show
that the grounding procedure is lightweight and practical: it achieves strong
accuracy on a single GPU and is fast enough for runtime monitoring.

This work extends our previous propositional framework for conversation
monitoring [4] from Boolean dialogue labels to quantified temporal policies over
predicates and objects.

Contributions. This paper makes the following contributions. We propose a
runtime monitoring approach that treats the interaction between a human and
a conversational assistant as an evolving trace, and verifies it against first-order
temporal specifications that can track objects consistently across the conversa-
tion. Further, we formulate a semantic grounding task that addresses predicate
matching, object identification, and object canonicalization over the dialogue
trace. We then develop one lightweight grounding approach with two variations,
both suitable for the low-latency requirements of runtime verification. Third, we
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implement the monitoring approach in DejaVuGuard [3], a tool built on a
modified version of DejaVu [15], which allows users to define temporal policies
over LLM conversations and monitor their satisfaction as the dialogue unfolds.

Related Work

Ensuring the safety of large language models has received substantial atten-
tion. Existing work includes training-time alignment methods, such as reinforce-
ment learning from human feedback (RLHF) [23], constitutional AI [1], and di-
rect preference optimization [24]. It also includes runtime guardrails, such as
programmable frameworks including NeMo Guardrails [25], moderation sys-
tems for harmful or toxic content [5, 11], and methods for improving robust-
ness to prompt injections and jailbreaks [28]. While these approaches improve
practical safety, they typically do not provide a formal object-aware temporal
specification layer over open-ended conversations. In particular, prompt injec-
tion and multi-turn jailbreak attacks show that safeguards operating at the level
of individual prompts or responses may fail when risk emerges gradually across
dialogue context [27,30].

Recent work applied formal specifications and temporal constraints to LLM-
based agents, robotics, and conversational analysis. AgentSpec [26], Agent-
C [22], and RoboGuard [19] consider structured agent events, action sequences,
or robotic control traces, rather than open-ended human-agent dialogue grounded
from natural language. In conversational settings, LogiDebrief [29] performs
post-hoc analysis of emergency-call conversations using STL-based templates,
and RvLLM [32] checks LLM outputs against expert-defined domain knowl-
edge, but neither formulates online monitoring over object-centered conversa-
tional traces. RV4Chatbot [9, 10] is particularly relevant in that it applies
runtime verification to chatbot interactions, but assumes a predefined symbolic
event vocabulary provided by the chatbot framework. By contrast, our setting
considers open-ended conversations and monitors them online using quantified
temporal policies over grounded predicates and tracked objects.

This work extends our earlier conversation-monitoring framework, which
modeled an LLM dialogue as a Boolean-labeled trace and verified it against
propositional past-time temporal policies [4]. In that setting, grounding deter-
mined only which atomic propositions held at each step. Here, we move to quan-
tified temporal logic and must ground not only predicates, but also their asso-
ciated objects, while maintaining consistent object canonicalization across the
conversation.

2 First-Order Past-Time Temporal Logic

In runtime verification, a monitor observes an execution trace and checks com-
pliance with a formal specification at each step. We model an LLM conversation
as a finite trace of messages and specify safety policies as formulas in the first-
order past-time temporal logic Qtl (Quantified Temporal Logic) [6, 15]. Qtl
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allows policies to quantify over objects and relate them across time, enabling
fine-grained specifications that track how specific objects, such as accounts, doc-
uments or tickets, relate throughout the conversation. Qtl is well-suited for
conversational monitoring since formulas refer only to the present and past, so
the truth value is determined at each step with conclusive verdicts.

2.1 The DejaVu Tool

DejaVu [6, 15] is a runtime verification system implemented in Scala for moni-
toring event streams against Qtl specifications. It synthesizes a monitor in Scala
from a given specification, compiles it, and executes it against the trace, main-
taining a two-vector structure (pre and now) storing BDDs [12, 13]. Data-rich
events over unbounded domains are handled through an enumeration strategy:
values are assigned binary encodings (as in binary numbers) on first occurrence,
which are then represented as BDDs, enabling verification over infinite domains
with finite memory. DejaVu supports both online and offline monitoring.

2.2 Syntax and Semantics

The logic Qtl supported by DejaVu allows expressing properties of executions
that include data. The restriction to past time permits interpreting formulas on
finite traces.
Syntax. The formulas of Qtl are defined by the following grammar, where p is
a predicate symbol, a is a constant, and x is a variable. For simplicity, we present
Qtl with unary predicates; this is not a principal restriction, and DejaVu fully
supports predicates over multiple arguments, including zero-argument proposi-
tions.

φ ::= true | p(a) | p(x) | (φ ∧ φ) | ¬φ | (φ S φ) | ⊖ φ | ∃x φ

A formula can be interpreted over multiple types (domains), e.g., natural num-
bers or strings. Accordingly, each variable, constant, and predicate parameter has
a specific type. Type matching is enforced: for p(a) (respectively p(x)), the type
of the parameter of p and the type of a (respectively x) must coincide. Propo-
sitional past-time LTL is the special case where all predicates are parameterless
Boolean propositions.
Semantics. A Qtl formula is interpreted over a trace, a finite sequence of
events, where each event is a finite set of predicate instances (e.g., {p(a), q(7)}).
This generalizes the standard DejaVu semantics, in which each event is a single
predicate instance, and is needed in our setting because a single conversational
message may give rise to several grounded predicate instances; we implemented
this extension in DejaVu for the present work.

The informal meaning of the key Qtl operators is as follows: p(a) holds iff
the last event contains p(a); p(x) holds when x is bound to a and p(a) is in the
last event; (φS ψ) holds iff ψ occurred at some past position and φ has held
continuously since; ⊖φ holds iff φ held at the previous position; and ∃x φ holds
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iff some value a makes φ[x 7→ a] true. Derived operators include: false = ¬true,
(φ∨ψ) = ¬(¬φ∧¬ψ), (φ→ ψ) = (¬φ∨ψ), xφ = (true S φ), ⊟φ = ¬x¬φ, and
∀xφ = ¬∃x¬φ. We write (γ, σ, i) |= η to mean that formula η holds at position
i of trace σ under an assignment γ to the free variables of η; the full satisfaction
relation is given in [15].

2.3 RV Monitoring of First-Order Past-Time Temporal Logic

The monitoring algorithm for first-order past-time temporal logic is implemented
in DejaVu [15]; we only sketch it here and refer to [15] for the full algorithm.
Each subformula η is associated with the set of variable assignments that satisfy
it, where an assignment maps the free variables of η to values of their types.
The monitor keeps two such sets per subformula, pre(η) and now(η), holding
the satisfying assignments over the trace excluding and including the last event,
respectively. On each new event, these sets are recomputed bottom-up over the
subformulas, using relational counterparts of the Boolean connectives (comple-
mentation, join, and co-join) together with projection for the quantifier; the S
operator depends on both now and pre, whereas ⊖ depends only on pre.

To represent assignments over unbounded domains in finite memory, De-
jaVu encodes values as bitstrings. Each now(η) is represented as a BDD [12,13]
over the free variables of η, see [15] for details. In DejaVu syntax, forall and
exists denote ∀ and ∃. The temporal operators P, H, S and @ denote x, ⊟, S,
and ⊖, respectively. In addition, |, &, and ! denote ∨, ∧, and ¬, respectively.

3 Conversation Monitoring

3.1 Monitoring Approach

Our goal is to monitor an ongoing conversation between a human user and an
LLM-based assistant while preserving the identities of objects referred to across
different messages. Throughout the paper, we use the term assistant for the
LLM-based system participating in the monitored conversation. We reserve the
term user for the human participant who interacts with the assistant. We use
the term supervisor for the person who configures the monitor before monitor-
ing takes place, by defining policies and predicates. We illustrate the setting
through a running example, based on the account-recovery case presented in the
introduction. The monitored conversation in this example appears in Figure 2.

The intended policy for the conversation example requires that a user may
request a password reset for an account only after the assistant has verified
ownership of that account. In our approach, such policies are expressed using
Qtl. For the running example, the policy is

∀a. reset_request(a) → x verify_success(a)

where a refers to the account.
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Message. user: “I’ve lost access to john.doe@example.com and need to recover
it.”
DejaVu event. ∅

Message. assistant: “I’ve verified ownership of john.doe@example.com using
the code sent to your phone.”
DejaVu event. {verify_success(john.doe@example.com)}

Message. user: “Please reset the password for john.doe.”
DejaVu event. {reset_request(john.doe@example.com)}

Fig. 2: Translating conversation messages into the event representation moni-
tored by DejaVu.

In order to use an RV tool to monitor the conversation, in our case DejaVu,
these natural-language messages must be translated into events that the tool
can process. Figure 2 shows this translation for the account-recovery example.
Each event contains the predicate instances extracted from the corresponding
message3.

We call the message-to-event translation step grounding. In this work, ground-
ing is performed by a separate grounding LLM, distinct from the assistant LLM
that participates in the conversation. This translation is the central technical
step in our approach: it connects natural-language conversation messages to the
first-order events monitored by DejaVu.

We now introduce some formal definitions needed to describe the grounding
process.

Definition 1 (Message). A message is a tuple m = (role, text), where role ∈
R = {user, assistant} identifies the sender and text is the natural-language con-
tent of the message.

Definition 2 (Conversation Trace). A conversation trace is a finite sequence
σ = m0m1 · · · mn of messages. We write |σ| = n+ 1 for its length and σ≤i for
the prefix up to position i.

A conversation alternates between user and assistant messages. After observ-
ing message mi, the monitor has accessed only the current prefix σ≤i and must
update its verdict incrementally. This is consistent with the standard runtime
verification setting [18], where a monitor observes events one at a time as they
occur and evaluates the specification incrementally. The conversation in Figure 2
consists of three messages.

Predicate schemas determine the predicate symbols and their arguments used
in Qtl formulas that define policies. These schemas are defined up front by the
supervisor, before monitoring takes place. To support grounding, the supervisor
3 The first message does not produce any predicate instance; it is included only to

initiate the conversation between the user and the assistant LLM.
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defines a textual criterion associated with each predicate that appears in a policy,
which is a natural language explanation of the event and its arguments. This
criterion may include references to objects that should be extracted from the
message, such as people, products, prices, locations, accounts, or dates.

Definition 3 (Predicate Schema). A predicate schema is a tuple

p = (idp, δp, rolep, Rp)

where idp is the predicate identifier, δp is a natural-language description of the
criterion represented by the schema, rolep ∈ R identifies the sender, and Rp =
(r1, . . . , rk) is an ordered sequence of argument slots, where k is the arity of the
predicate. An argument slot is one object position in the predicate; each slot has
an identifier and a natural-language description of the object that should fill this
position when the schema matches a message.

Including rolep as a parameter in the definition of a predicate schema was shown
experimentally to improve accuracy.

In our example from Figure 2, we have two predicate schemas, p1 and p2. The
predicate schema p1 has id verify_success, description “the assistant successfully
verified the user as the owner of the account”, role assistant and a single argument
slot. The predicate schema p2 has id reset_request, description “the user requests
a password reset for an account”, role user, and again a single argument slot. We
call an occurrence of an argument slot in a message an object. In our example,
one such object is john.doe@example.com. The above predicate schemas allow
grounding verify_success(john.doe@example.com) from the second message in
Figure 2 and reset_request(john.doe@example.com) from the third message.

Definition 4 (Policy). A policy is a Qtl formula whose predicate symbols
are the identifiers of predicate schemas. For a predicate schema p with argument
slots Rp = (r1, . . . , rk), an occurrence of p in a policy has the form idp(t1, . . . , tk),
where each term tj is a variable or constant, and each argument position corre-
sponds to the argument slot rj.

Canonicalization of argument slots. Continuing the account-recovery ex-
ample, the predicate schemas are verify_success and reset_request, both with
an argument slot for the account identifier. The policy ∀a. (reset_request(a) →
x verify_success(a)) requires that every password-reset request be preceded by
a successful verification of the same account. In this formula, the variable a
occupies the argument position corresponding to the argument slot defined for
accounts in both predicate instances. Since the same variable a appears in both
predicate instances, the grounding procedure must interpret the two argument
slots consistently across the conversation. In natural language, however, the same
email address can be written in different ways. For example, a message may
mention “john.doe@example.com”, “john.doe at example”, or, when the surround-
ing context is clear, simply “john.doe”. The monitor must therefore determine
whether the extracted objects refer to the same actual account. More generally,
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two argument slots from different predicate schemas appearing in the same pol-
icy are considered related when they are bound to the same quantified variable
in that policy formula.

To compare related argument slots across messages, each extracted object
is associated with a canonical form: a stable representation of the object value
used by the runtime monitor component. This process is called canonicalization.
In the example shown in Figure 2, the occurrences “john.doe@example.com”
and “john.doe” are associated with the same canonical form by the grounding
procedure, since the latter refers to the same account in the conversation context.
When an account is first observed, the grounding procedure may introduce a new
canonical form, initialized from that first observed mention. When a later account
mention refers to an account previously observed in a related argument slot, it
reuses the existing canonical form. To support canonicalization, the grounding
procedure uses a data structure that stores information about related argument
slots and the objects previously associated with them.

Definition 5 (Related-Object Summary). For a predicate schema p, the
related-object summary, denoted by Sp, stores for each argument slot r, pairs of
values of the form ⟨v, c⟩. Each pair records an assignment of a textual mention
v to a canonical form c, where the assignment was produced either for r itself or
for one of the related argument slots of r from different predicate schemas.

This information is used to interpret objects extracted for argument slots of p
consistently across the conversation, by helping the grounding procedure map
each object to the correct canonical form.

Consider now the two predicate schemas from our running example in Fig-
ure 2. The account argument slot of reset_request is related to the account
argument slot of verify_success, because both appear as the same variable a in
the policy above. Before the second message is observed, the related-object sum-
mary of both predicate schemas is empty, since no object has been extracted for
their argument slots. After the second message is observed, both related-object
summaries are updated with the pair ⟨v = "john.doe@example.com", c =
"john.doe@example.com"⟩. When the third message is processed, the ground-
ing procedure recognizes that the object john.doe refers to the same account
and therefore reuses john.doe@example.com from the related-object summary of
reset_request as the canonical form of john.doe. Both related-object summaries
are then updated with the pair ⟨v = "john.doe", c = "john.doe@example.com"⟩.
Note that, in general, the summary keeps all the textual mentions and corre-
sponding canonical forms created so far for an argument slot. This allows the
grounding procedure to reuse the most suitable canonical form for the next as-
signment associated with that slot, or to introduce a new canonical form when
none is suitable.

Definition 6 (Grounding Function). Let p = (idp, δp, rolep, Rp) be a predi-
cate schema with k argument slots, Rp = (r1, . . . , rk), and let mi = (rolei, text i)
be the ith message in the conversation. The grounding function ground(mi, p, Sp)
takes the message, the predicate schema p, and its related-object summary Sp,
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and returns a set Ap,i of tuples of the form (c1, . . . , ck). Each such tuple is called
an object assignment, where each element cj is the canonical form of the object
extracted for argument slot rj.

A single message can yield multiple object assignments for the same predi-
cate schema. For example, in the account-recovery setting, a predicate schema
reset_request(a) may match a user message that asks to reset access for two
different accounts, for instance “Please reset the password for both john.doe
and john.doe1”. To support such cases, the grounding output is treated as a
finite set Ap,i of object assignments. This set is empty when the message does
not match the predicate schema p, or when rolei ̸= rolep.

Definition 7 (Message Abstraction). Let P denote the set of supervisor-
defined predicate schemas. The event abstraction of a message mi is

λ(mi) = {idp(c1, . . . , ck) | p ∈ P ∧ (c1, . . . , ck) ∈ Ap,i}

To construct this abstraction, the grounding procedure is applied to the text
separately with respect to each predicate schema in P. Note that the arguments
of the predicate instances are canonical forms. As a result, two different objects
that are assigned the same canonical form are presented to the runtime monitor
component as the same entity. In Figure 2, the corresponding event appears
below each message.

Monitoring with DejaVu. We now summarize how the pieces above are
combined in the monitoring procedure. Given a policy, we first compute for each
predicate schema p its related argument slots (determined by the policy), so
that its related-object summary can be updated during monitoring. When a
new message mi arrives, the module first selects the predicate schemas whose
role matches rolei. For each such schema p, it applies the grounding function
ground(mi, p, Sp) using the current summary. The returned object assignments
are used to construct the event λ(mi), and the related-object summary of each
predicate schema is updated with the newly extracted objects and their canonical
forms. The resulting event is sent to DejaVu, which incrementally evaluates
the given policy over the event trace. Our implementation required extending
DejaVu so that a single event can contain multiple object assignments for the
same predicate schema, which was not supported before.

If after processing the message mi the monitor has found a violation, the
monitoring module blocks the message and reports the violation, following the
runtime enforcement perspective [7]. Otherwise, a permitted user message is
passed to the assistant, and a permitted assistant response is returned to the
user. In this way, our procedure enforces both sides of the interaction while
remaining independent of the specific LLM used as the conversational assistant.

We implement the approach in DejaVuGuard [3], a system that uses De-
jaVu as its runtime monitoring component. The system provides a chat-style
web interface for interacting with a wide variety of LLMs, while allowing the
supervisor to define and manage the policies used by the monitor.
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3.2 Conversation Policy Examples

We next give two examples of policies expressible in our framework. These exam-
ples illustrate how predicate schemas, argument slots, and temporal operators
are combined to define monitorable conversation requirements.

Example 1: Verified account recovery. Here, we extend the account-recovery
example used above. In addition to password-reset requests, the extended policy
also covers requests to add an associated email address to an account: either
action is permitted only after the assistant has verified recovery authorization
for the same account. Accounts are identified by their email addresses.

The predicate schemas verify_success and reset_request are the ones intro-
duced above. We add a third schema, add_email, with role user, describing that
the user requests adding an associated email address to an account. It has two
argument slots: one for the account email address and one for the email address
to add.

The temporal property is

∀a ∀e.
(
(add_email(a, e) → x verify_success(a))

∧ (reset_request(a) → x verify_success(a))
)
.

That is, every password-reset or add-email request must be linked to a prior
successful verification of the same account email address.

Example 2: Balance-constrained bank transfer. Consider a user interacting with
a banking assistant. The policy requires two conditions. First, if the banking as-
sistant has reported that the account balance is b dollars, then any later transfer
requested by the user must be for an amount no greater than b. Second, im-
mediately after the user requests a transfer, the banking assistant must report
the updated account balance. To distinguish user events from assistant events in
the policy, DejaVuGuard supports the built-in proposition user_turn, which
holds exactly on events produced from user messages. The supervisor defines two
predicate schemas here. The first schema has the identifier bal, the role assistant,
and the description “the banking assistant reports the current balance of the
account”. It has one argument slot, representing the account balance amount
reported by the banking assistant, measured in USD. The second schema has
the identifier tx, the role user, and the description “the user requests a transfer
to another account for a specific amount”. It has one argument slot, representing
the amount, measured in USD, that the user attempts to transfer.

The temporal property is(
user_turn →

(
∀t . tx(t) → ∃b .

((
¬∃b2 . bal(b2)

)
S bal(b)

)
∧ ¬(b < t)

))
∧
(
¬user_turn → ((⊖∃t . tx(t)) → ∃b . bal(b))

)
.

The first conjunct applies on user turns and requires every transfer amount to
be bounded by the most recently reported account balance. The second conjunct
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applies on assistant turns and requires the banking assistant to report an account
balance immediately after a transfer request.

4 Implementation of Grounding

In our earlier conversation-monitoring framework [4], monitored criteria were
expressed as role-constrained natural-language patterns associated with propo-
sitional events. Grounding was therefore a task with Boolean output: given a
message and such a pattern, the grounding function decided whether the propo-
sition should appear in the event. This allowed us to experiment with several
approaches, including embedding-based similarity, an approach based on nat-
ural language inference (NLI), and an LLM-based approach. The LLM-based
approach worked best. We therefore use an LLM-based implementation as the
basis for the grounding function in the present work. The grounding LLM is
separate from the assistant LLM whose conversation is being monitored. Here,
however, the task is richer: the model must decide whether a message matches
a supervisor-defined predicate schema, extract the objects corresponding to its
argument slots, and assign canonical forms for these objects.

Our approach uses a prompt that provides the grounding LLM with all inputs
required by the grounding function: the message mi, the predicate schema p, and
the current related-object summary Sp. The prompt instructs the grounding
LLM to return a structured JSON object. If the message does not match the
schema, the output indicates that no match was found. Otherwise, the output
contains one entry for each match, including the extracted object mentions and
their canonical forms. The monitor then uses the canonical-form tuples as object
assignments Ap,i, which are used to construct the event abstraction λ(mi).

The grounding procedure is designed for compact, locally deployable LLMs.
This is important because grounding may involve sensitive conversation content,
and local deployment avoids sending the monitored messages to an external
provider. Since compact models are sensitive to prompt design, we refined the
prompt used by the grounding procedure through an optimization process whose
empirical effect is reported in Section 5.

The procedure consists of an offline preparation phase and an online ground-
ing phase. In the offline phase, we generate a small set of schema-specific few-shot
demonstrations that show successful grounding for the predicate schema. These
demonstrations are included in the prompt to improve the likelihood that the
grounding LLM correctly matches the schema and extracts the corresponding
objects. Since demonstration generation is performed offline and only once per
schema, it can use stronger and potentially slower LLMs to produce diverse and
high-quality examples.

In the online phase, the monitor processes the conversation one message at a
time. When a new message mi arrives, the monitor selects the predicate schemas
whose role matches rolei. For each such schema p, it inserts mi, p, the current
related-object summary Sp, and the few-shot demonstrations into the grounding
prompt. We use separate prompt templates for user and assistant messages,
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so that the same content can be interpreted relative to the sender’s role. The
prompts are available in the DejaVuGuard repository [3]. To mitigate prompt-
injection risk, the prompt explicitly separates the inserted conversation content
from the grounding instructions and instructs the model to treat it as untrusted
data.

Fine-tuning. In addition to using compact pretrained LLMs directly through
prompting, we also experimented with fine-tuning compact LLMs for the ground-
ing task. Fine-tuning means further training an existing model on task-specific
examples, thereby modifying its internal parameters, so that the model adapts
its behavior to the target task. The goal was to test whether this task-specific
training improves grounding accuracy. For this experiment, we created a few
thousand input–output pairs for the grounding LLM using a synthetic data-
generation process. Each input is a complete grounding task: it includes a mes-
sage, a predicate schema, the relevant related-object summary and the same
grounding instructions used in the prompting approach. Each target output is
the expected structured JSON result for that task. We fine-tuned the models
using LoRA [16]. After fine-tuning, inference is performed as before: the model
receives the grounding prompt and produces the same structured JSON output.

5 Experiments

We evaluate our approach using two sets of experiments. The first set assesses
the accuracy of the grounding procedure against a dedicated grounding dataset;
given a single message and a predicate schema, we measure whether the ground-
ing procedure extracts the correct predicate instances, object mentions, and
canonical forms (Section 5.1). The second set evaluates the end-to-end moni-
toring approach using DejaVuGuard; replaying full conversations through the
monitor, we measure whether it produces the correct policy verdict at every
conversational step (Section 5.2).

5.1 Grounding Experiments

We evaluated our proposed grounding procedure in terms of its accuracy in
matching messages to predicate schemas and extracting the corresponding ob-
jects. Specifically, we evaluated the two variations of the procedure described
in Section 4: prompting pretrained compact LLMs with grounding instructions,
and fine-tuning compact LLMs for the same grounding task. All experiments in
this subsection were conducted on a single NVIDIA RTX 4090 GPU.

Test Dataset. We evaluated grounding on a synthetic dataset of 1,295 labeled
messages spanning 163 distinct predicate schemas from 19 domains, where most
messages and schemas are LLM-generated. Each record contains a natural-
language user or assistant message, a predicate schema with argument slots,
an optional related-object summary, and a structured ground-truth output. The
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Fig. 3: Automatic prompt optimization for Gemma-3-4B: degrading edits are
discarded, improvements retained.

output specifies whether the schema matches the message and, when it does,
the expected object assignments. The dataset includes both positive and nega-
tive examples, single-match and multi-match messages, and cases requiring non-
trivial canonicalization across related argument slots. Negative examples were
constructed adversarially: they intentionally include terminology closely related
to the predicate schema domain.

Prompt optimization. We optimized the grounding prompt using a fully auto-
matic Claude Code workflow inspired by the auto-research approach [17]. This
optimization used a 646-record calibration dataset that is completely disjoint
from the 1,295-record test dataset and covers 15 of the 19 domains. Starting
from a manually written baseline prompt, the workflow automatically edited
the prompt, evaluated it on the calibration dataset using Gemma-3-4B, inspected
the grounding errors, and retained only changes that improved accuracy. It was
instructed to prefer general improvements over example-specific fixes. After 48
iterations, the retained prompt improved from 0.23 to 0.84 general grounding
accuracy, with the last improvement at iteration 40 (Figure 3).

We used the resulting prompts, with separate versions for user and assistant
messages, for the model comparison below. In the first variation, the models are
used as pretrained LLMs, without additional training. We evaluated four families
of compact LLMs at two sizes each. The number of parameters, in billions,
appears in each model name (Table 1). General accuracy counts a record as
correct only if the match decision, all object assignments, all object mentions,
and all required canonical forms are correct. Match accuracy measures whether
the model correctly decides if the message matches the given predicate schema.
Mention accuracy measures object-mention extraction, and Canon. accuracy
measures canonical-form correctness for objects that require comparison with
the related-object summary.

Qwen3.5-9B, Qwen3.5-4B, and Ministral-3-8B all exceeded 0.95 general
accuracy. Parameter count alone is not decisive: Gemma-3-12B performed worse
than the much smaller Qwen3.5-4B, mainly because of false-positive matches.
Canonicalization from history remained the hardest subtask, although the strongest
models achieved high accuracy on it.
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Model Gen. Acc. Match Acc. Mention Acc. Canon. Acc. Avg. Latency (s)

Qwen3.5-4B 0.9537 0.9761 0.9438 0.9362 1.521
Qwen3.5-9B 0.9629 0.9799 0.9514 0.9558 4.624
Ministral-3-3B 0.9097 0.9653 0.8825 0.8642 0.852
Ministral-3-8B 0.9514 0.9776 0.9532 0.9689 1.816
Llama-3.2-3B 0.6911 0.8170 0.7794 0.7136 0.995
Llama-3.1-8B 0.8919 0.9429 0.9421 0.8822 2.285
Gemma-3-4B 0.7668 0.8517 0.9020 0.8478 2.037
Gemma-3-12B 0.8888 0.9189 0.9591 0.9574 5.175

Table 1: Prompting-based grounding accuracies and average latency per ground-
ing call.

Per-predicate grounding latency ranged from 0.85 s (Ministral-3-3B) to
over 5 s (Gemma-3-12B); Qwen3.5-4B offered the best accuracy and latency bal-
ance at 1.52 s. Since grounding may be applied to several predicate schemas for
the same message, these calls can be executed concurrently rather than sequen-
tially. On the tested GPU, we ran 16 grounding tasks concurrently without a
throughput collapse, so the added delay is closer to the longest call in the concur-
rent batch. This suggests that the approach remains practical when monitoring
multiple policies, each with its own predicate schemas.

Fine-tuning. We also evaluated the fine-tuning variation of the grounding proce-
dure. For this experiment, we used an LLM to generate 5,000 input–output pairs
for the grounding LLM, demonstrating successful execution of the grounding task
for messages and predicate schemas. Each input follows the same grounding for-
mat used in the prompting variation, and each output is the expected structured
JSON result.

We fine-tuned models from three families. Due to resource limitations, we
used two models from each family, but replaced the larger model from the
prompting comparison with the next smaller model in the same family. We omit-
ted Ministral for technical reasons, since it did not fit the fine-tuning pipeline
we used. The models were fine-tuned with LoRA [16].

Fine-tuning improved every model in Table 2. The gains are inversely related
to the capability of the corresponding base model: stronger models close to sat-
uration gain little, while weaker models gain substantially more. These results
indicate that the grounding task can be transferred into small models through
task-specific training, although we treated this as a proof of concept rather than
the main deployment configuration.

5.2 End-to-End Monitoring Experiments

This second set of experiments evaluates the complete DejaVuGuard pipeline
by replaying entire conversations and recording the monitor’s verdict after each
message. A scenario counts as correct only if every verdict matches the ground
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Model Pretrained Fine-tuned ∆

Qwen3.5-2B 86.6% 92.5% +5.9 pp
Qwen3.5-4B 95.3% 96.1% +0.8 pp
Gemma-3-1B 20.2% 63.2% +43.0 pp
Gemma-3-4B 76.6% 88.2% +11.6 pp
Llama-3.2-1B 45.0% 77.2% +32.2 pp
Llama-3.2-3B 69.1% 90.1% +21.0 pp

Table 2: General accuracy before and after fine-tuning; ∆ is the improvement in
percentage points.

DejaVuGuard LLM Baseline

Sonnet-4.6 Ministral-3-8B Sonnet-4.6 Ministral-3-8B

Scenario Msgs Scen. Msg. Scen. Msg. Scen. Scen.

Account recovery 888 99/100 99.9% 86/100 98.4% 99/100 84/100
Allergy recipe 498 93/100 98.2% 89/100 97.6% 95/100 78/100
Bank transfer 825 100/100 100.0% 94/100 99.2% 97/100 84/100
Medical record 713 99/100 99.9% 93/100 98.7% 99/100 95/100

Total 2924 391/400 99.6% 362/400 98.6% 390/400 341/400

Table 3: End-to-end monitoring results. For DejaVuGuard, Scen. gives the
number of conversations whose monitor verdict is correct after every message
out of 100, and Msg. gives the fraction of individual message positions with a
correct verdict. The LLM baseline evaluates each complete conversation directly
and therefore has only scenario-level results.

truth verdict. We tested four policies: verified account recovery and balance-
constrained bank transfer, described in Section 3.2, together with allergy-aware
recipe generation and medical-record access. Full policy definitions and imple-
mentation details are available in the DejaVuGuard repository [3].

The benchmark comprises 400 challenging AI-authored, human-validated
conversations (100 per policy, evenly split between violating and compliant),
spanning 3 to 20 messages each for 2,924 messages in total. Here, we used the first
grounding variation, in which pretrained models are prompted for the ground-
ing task. We evaluated Ministral-3-8B, as a compact LLM suitable for local
deployment, and Claude Sonnet-4.6, to evaluate how well our approach per-
forms with a frontier-scale LLM. As a baseline, we prompted the same two LLMs
with the full conversation, the policy in formal and natural language, and the
predicate-schema and argument-slot descriptions, and asked whether the conver-
sation satisfies the policy. The fine-tuned models are excluded here, as scaling
them to full conversations required additional resources.

As Table 3 shows, with Claude Sonnet-4.6, DejaVuGuard and the direct
baseline are nearly tied. With Ministral-3-8B, DejaVuGuard clearly im-
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proves over the baseline. The message-level and scenario-level columns measure
different requirements: message-level accuracy counts individual verdict posi-
tions, whereas scenario accuracy requires every verdict in a conversation to be
correct, so sparse message-level errors can reduce the scenario score.

The Ministral-3-8B failures follow two main patterns. The first is canon-
icalization, particularly when the canonical form is textually distant from the
object mention, or conversely, when the model over-canonicalizes and collapses
two distinct objects into one. The second appears in messages with several ob-
ject assignments for the same schema; as the number of object assignments in
one message grows, the model is more likely to miss an object or produce an
incorrect canonical form.

These results suggest that our approach helps compact models, while for
frontier-scale models the relatively short conversations in this benchmark do not
show a clear advantage over the direct baseline. Since DejaVuGuard evaluates
policies incrementally over event traces, its advantage over a frontier-scale direct
baseline may become more visible for longer conversations or more complex
temporal policies.

6 Conclusion

We introduced a first-order runtime-verification approach for monitoring LLM
conversations. In our approach, a conversation is treated as a trace that can be
checked online against Qtl policies. By grounding user and assistant messages
into symbolic events, the monitor can enforce temporal requirements over the
conversation, while tracking objects mentioned across messages. We implemented
the approach in DejaVuGuard and illustrated it with policies from multiple
domains.

Our approach supports flexible predicate schemas defined by the supervisor,
rather than relying on a fixed event vocabulary, while still enabling formal tem-
poral reasoning over objects that recur across the conversation. This is made
possible by the grounding procedure, which connects natural-language messages
to predicate instances and canonical object representations. Our experiments
show that this grounding can be performed accurately and with latency low
enough for practical monitoring. Using compact models also makes on-premise
deployment more feasible, which is important for settings with security and
privacy constraints. The reported latencies suggest that, in future work, the
grounding procedure could be extended toward monitoring voice conversations
with a limited number of relevant predicate schemas.

The main bottleneck remains grounding quality in compact LLMs, especially
for canonicalization and messages with multiple object assignments. We expect
this limitation to diminish as the LLMs used for grounding improve. Future work
could support predicate schemas whose evidence is distributed across multiple
messages, allowing the monitor to better capture intent expressed gradually over
a conversation. Another direction is to improve canonicalization in cases where
object identity depends on broader conversational context.
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