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Abstract—The transition to sixth-generation (6G) networks
transforms wireless infrastructure into a cognitive substrate
supporting Vehicle-to-Everything (V2X), Industrial IoT (IIoT),
and Integrated Sensing and Communication (ISAC). In this
paradigm, autonomous agentic AI performs orchestration at
millisecond scales, rendering traditional static governance frame-
works fundamentally inadequate for risk management. This
paper introduces GIRAF(Governance-Integrated Risk and As-
surance Framework), a Governance-as-Code (GaC) framework
for real-time risk quantification and trust modulation in agentic
6G systems. GIRAF derives a continuous Aggregate Risk Index
(Rt) from machine-readable runtime signals, including epistemic
confidence, network jitter, and verification latency.

A core contribution is the formalization of the verifica-
tion–staleness trade-off, where safety mechanisms induce risk
if computational latency exceeds 6G deadlines. We demonstrate
that GIRAF identifies ’Confidence Gaps’—discrepancies between
agent-reported certainty and environmental ground-truth, trig-
gering automated safety envelopes when conditions deteriorate.
Crucially, GIRAF serves as the foundational governance ground-
work and conceptual ’glue’ that externalizes these technical risks
into machine-readable telemetry. Through simulations with fine-
tuned LLMs, we validate that the framework preserves opera-
tional integrity while providing the essential actuarial baseline
required for multi-stakeholder liability attribution and dynamic
premium quantification in the 6G ecosystem.

Index Terms—6G, Agentic AI, Governance-as-Code,
Verification-Staleness Trade-off, V2X, Risk Indexing and
Trust Modulation

I. INTRODUCTION

The transition from 5G to 6G marks a shift toward con-
nected intelligence, where integrated communication, compu-
tation, and sensing support millisecond-scale decision-making
in safety-critical domains [1], [2]. While this autonomy en-
ables unprecedented performance, it exposes a fundamental
gap: existing insurance and liability models struggle to ac-
commodate highly autonomous, multi-stakeholder cyber-
physical systems [3], [4]. Traditional risk-transfer mecha-
nisms—such as Cyber Liability or Technology Errors and
Omissions (Tech E&O)—rely on static, documentation-driven
underwriting, questionnaires, and periodic reassessment of
security and governance controls [5], [6]. Such approaches are
incompatible with 6G environments, where operational risk
evolves on sub-millisecond timescales beyond the scope of
meaningful human oversight [7].

A. Motivation

Traditional assurance assumes Governance-as-a-State, es-
tablished ex-ante through documentation and historical drift

reports, yet this approach fails in agentic 6G due to three
critical factors. First, the environment is characterized by non-
stationarity, where wireless channel conditions and adversarial
activities change faster than any static audit can capture.
Second, the necessity of automation demonstrates that human-
in-the-loop intervention as a fallback for liability management
becomes non-viable at 6G millisecond decision speeds. Fi-
nally, multi-causality complicates the landscape, as failures
emerge from complex interactions between agent reasoning
and network slice dynamics, making post-hoc attribution in-
feasible without real-time forensic metadata.

A particularly acute manifestation of this gap is the
verification–staleness trade-off [8]. While Satisfiability Mod-
ulo Theories (SMT)-based techniques can guarantee logical
correctness [9], they introduce non-negligible verification la-
tency (Lv). When Lv > ∆treq (∆treq as the decision deadline),
the safety mechanism itself induces failure through action
staleness [10], [11]. Existing frameworks lack the indicators
required to observe, price, or adjudicate this trade-off, render-
ing mission-critical 6G services operationally blind.

To address these limitations, we argue that 6G insurabil-
ity requires a transition to Governance-as-Code (GaC). In
this model, agentic AI systems externalize internal assurance
properties—including epistemic confidence and verification
latency—as machine-readable metadata. We instantiate this
paradigm through GIRAF1, a framework that acts as the
conceptual bridge between 6G network functions and insti-
tutional risk management. Crucially, GIRAF is not designed
for automated premium actuation; rather, it establishes
the governance groundwork in the form of a high-fidelity
telemetry interface into which insurers can tap to obtain
real-time risk quantification.

B. Insurance Use-Case: The Real-Time Risk Tap

GIRAF transforms opaque agentic behavior into an actuarial
telemetry feed accessible through a standardized reference
point (RP). Insurers can monitor three key signals: (i) exposure
duration, defined as the cumulative time where epistemic
dissonance exceeds a configurable threshold Ω; (ii) dissonance
density, captured by the area under the Aggregate Risk Index
Rt as a proxy for accumulated hazard; and (iii) staleness attri-
bution, derived from the latency violation term

(
Lv−∆treq

)+
.

This enables separation of model and infrastructure failures.

1https://github.com/anthonyKiggundu/giraf
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Essentially, GIRAF does not perform underwriting but
provides the governance telemetry that makes agentic
systems observable and therefore insurable.

By providing a transparent index of an agent’s “untrusted”
exposure windows, GIRAF treats risk as a unified runtime
governance signal in which verification delay becomes a first-
class hazard. The core contributions of the GIRAF framework
are summarized in Table I.

TABLE I: Contribution Summary of the GIRAF Framework

Key Contributions

Verification–Staleness Formalization: Explicitly quantifies the haz-
ard frontier where formal verification latency (Lv) exceeds 6G
decision deadlines (∆treq), inducing failure through action staleness.
The GIRAF Governance Framework: Proposes a Governance-as-
Code (GaC) architecture that externalizes internal epistemic states
into a machine-readable, real-time risk telemetry stream (Rt).
Actuarial Telemetry Interface: Establishes the conceptual ”glue”
for 6G insurability by transforming technical dissonance (the Con-
fidence Gap Ω) into a quantifiable basis for real-time actuarial risk
assessment.
Dynamic Trust Modulation: Implements automated safety en-
velopes that discount overconfident agent trajectories during high-
volatility 6G network events (jitter/congestion).
Empirical Validation: Demonstrates via fine-tuned LLMs and 6G-
V2X telemetry that the GIRAF-aligned governance plane signifi-
cantly reduces unmanaged risk exposure compared to non-indexed
autonomous agents.
Open-Source Reproducibility: We open-source our full implemen-
tation to ensure the reproducibility of results and provide a foundation
for future 6G-V2X governance research.

II. SYSTEM MODEL

A. The Governance Control Plane
As illustrated in Fig. 1, GIRAF is deployed as an external

Governance-as-Code control plane that operates alongside
the 6G orchestration and Network Data Analytics Function
(NWDAF) analytics layers. The framework ingests real-time
telemetry—such as network KPIs, jitter, and verification la-
tency—through standardized reference points and converts
these signals into an Aggregate Risk Index. This risk index
feeds a policy engine that enforces safety envelopes, trust mod-
ulation, and resource-allocation constraints without accessing
proprietary model internals. Governance decisions and risk
signals are exposed through an adaptive trust interface and
Auditable Governance Logs, which serve as a cryptographic
record of all risk-based trust modulations and policy enforce-
ment actions within the GIRAF Control Plane. These logs
enable regulators and stakeholders to observe system reliability
while allowing insurers or other risk managers to consume the
telemetry externally.

B. AI Assets and Multi-Causal Liability
We define agentic 6G systems as a composition of AI Assets

that simultaneously introduce technical liabilities arising from
epistemic uncertainty (hallucinations) and operational stale-
ness. In this decentralized environment, failure attribution is
multi-causal, necessitating a dual-ownership framework:

Fig. 1: The GIRAF Functional Architecture. The framework consumes
high-fidelity telemetry to perform runtime risk indexing. The resulting trust
modulation signal (Am) and safety envelope constraints are enforced back
onto the agentic AI, ensuring the system remains within an auditable, governed
state.

• Epistemic Ownership: The AI developer is responsi-
ble for model calibration. Failure due to a ”Confidence
Gap”—where the agent reports high certainty (BR) de-
spite low environmental truth (BT )—is attributed to the
model provider.

• Operational Ownership: The network provider is re-
sponsible for staleness risk. If a violation occurs be-
cause verification latency (Lv) exceeds the Service Level
Agreement (SLA) deadline (∆treq), liability rests with
the infrastructure provider.

C. Dynamic Risk Quantification Model

The GIRAF framework operationalizes risk by decomposing
environmental telemetry and internal agent states into mea-
surable indices. This process, governed by the Risk Aggre-
gation and Trust Modulation Engine, transforms raw network
telemetry and Large language Model (LLM) confidence scores
into a unified control signal Am. To bridge the gap between
high-level institutional risk and low-level 6G telemetry, we
map the Geneva Association’s universal risk domains to spe-
cific machine-readable signals. By codifying these mappings,
GIRAF transforms ”Governance” from a retrospective audit
process into a real-time management plane function. Table
II highlights these functional mapping between global AI
risk standards and the GIRAF telemetry stack. Each Geneva
Risk Domain is assigned a primary 6G signal that serves
as a proxy for exposure. For instance, Operational Risk is
quantified through the agent’s hallucination rate and epistemic
uncertainty. This mapping allows the Aggregate Risk Index
(Rt) to serve as a high-fidelity governance signal that is both
technically actionable for the 6G scheduler and conceptually
transparent for institutional oversight. Table III summarizes the



TABLE II: Mapping Geneva Association Risk Domains to 6G Technical Governance [12]

Geneva Risk Domain 6G Metadata / Telemetry Signal Impact on Risk Index (Rt)

Operational Hallucination Rate: Epistemic uncertainty (repi) in V2X
logic.

Direct: Increases repi, triggering conservative control modes.

Cybersecurity Adversarial Signatures: Detected prompt injection or unau-
thorized access.

Critical: Maximum surcharge to the attack vector; triggers imme-
diate safety envelope.

Ethical Bias Score: Algorithmic drift in resource allocation. Long-term: Increases cumulative trust penalty, reducing autonomy.
Regulatory Compliance Gap: Failure of real-time audit trails to meet

spectral regulations.
Threshold: High flags trigger mandatory human-in-the-loop (HITL)
handover.

Reputational System Trust Metric: Historical frequency of ”Confidence
Gap” events.

Inverse: High historical integrity modulates the base risk floor.

Workforce Intervention Rate: Frequency of required manual overrides. Feedback: High rates increase the required verification depth (Lv).
ESG Energy Intensity: Power consumption of LLM inference at

the 6G edge.
Constraint: Secondary boundary on maximum permissible reason-
ing depth.

notation used to define the interaction between these systemic
variables and the overarching SLA requirements.

TABLE III: Standardized Notation for GIRAF Risk Modeling

Symbol Definition Unit / Domain

t+ τ Discrete time-span (current time + interval) Seconds (s)
Rt Aggregate Risk Index at time t [0, 100]
BT Ground-truth belief (environmental cer-

tainty)
[0, 1]

BR Reported belief (LLM self-confidence) [0, 1]
repi Epistemic gap (dissonance): |BT −BR| Scalar
rnet Environmental volatility due to network

jitter (Kt)
Scalar

∆treq SLA latency deadline (e.g., 1.0ms) ms
Lv Verification latency (inference + SMT) ms
Am Trust modulation signal (Adaptive Trust

update)
Scalar

(x)+ Rectified Linear Unit: max(0, x) Operator

1) Quantifying Epistemic and Environmental Truth: We
define the ground truth belief BT as the objective certainty
of the environment, estimated via signal-to-noise ratio (SNR)
and jitter:

BT = exp
(
−λ ·

σjitter

SNR

)
(1)

where λ is the Environmental Sensitivity Constant and σjitter

as the Standard Deviation of Packet Delay
The epistemic dissonance is subsequently defined as repi =
|BT −BR|.

2) Aggregate Risk Index: The instantaneous Aggregate Risk
Index Rt quantifies the total systemic vulnerability at time t
by aggregating internal reasoning errors, network volatility,
and temporal violations:

Rt = γ |BT −BR|︸ ︷︷ ︸
repi

+βrnet + δ

(
Lv −∆treq

∆treq

)+

. (2)

Here, repi denotes epistemic risk arising from the disso-
nance between the ground-truth belief BT and the reported
belief BR, while rnet captures network-induced volatility.
The operator (·)+ = max(0, ·) applies a penalty only when
the verification latency Lv exceeds the SLA deadline ∆treq.
The normalization by ∆treq ensures that the temporal penalty
remains relative to 6G service constraints. The coefficients γ,

β, and δ are sensitivity parameters calibrated to V2X safety
profiles.

3) Governance-as-Code Mitigation: To ensure operation
within a safety envelope, Rt is modulated by a formal
governance factor ζ(Φ), capturing the coverage of SMT-based
guards:

Rgoverned(t) = Rt ·
(
1− ζ(Φ)

)
(3)

where
ζ(Φ) = κ log

(
1 + Coverage(Φ)

)
. (4)

Here, κ is a sensitivity constant and Coverage(Φ) represents
the percentage of the action space currently bounded by formal
safety proofs. This structure ensures that even high-risk agents
(e.g., high Rt due to congestion) can operate safely if their
actions are strictly governed by verified constraints.

4) Adaptive Trust Integration: Finally, the governed risk is
adjusted by an adaptive trust factor Am(t) based on historical
behavior:

Rfinal(t) = Rgoverned(t) · Am(t)−1 (5)

This term rewards agents that consistently maintain low disso-
nance and low staleness, closing the loop between telemetry
and institutional oversight.

III. EXPERIMENTAL SETUP

A. Fine-Tuning and Model Deployment

We employed a GPT-Neo 1.3B causal language model, fine-
tuned using Low-Rank Adaptation (LoRA) to reason over
communication system KPIs. The model processes a high-
dimensional feature set including RSRP, SNR, and traffic
congestion indicators to generate risk classifications and detect
anomalous or fraudulent conditions. Simulation inputs were
derived from the dataset in [13], modeling a device traversing
a 6G environment over 1500 decision epochs. This dataset
can be synthesized using artificial network KPI data from
simulation tooling [14]. The resulting model was evaluated
on held-out KPI scenarios to verify generalization and then
deployed for inference using the frozen base model and
learned LoRA parameters. This setup enables low-overhead,
context-aware interpretation of communication KPIs suitable



for real-time agentic control and risk assessment. The agent is
fed the following dynamic prompt at each epoch:

Listing 1: Dynamic Prompt for Network Analysis
Device: {kpis[’device’]}
Timestamp: {kpis.name}
Location: (Latitude: {kpis[’Latitude’]}, Longitude:

{kpis[’Longitude’]}, Altitude: {kpis[’Altitude’
]})

Mobility:
- Speed: {kpis[’speed_kmh’]} km/h
- Traffic Jam Factor: {kpis[’Traffic Jam Factor’]}

Network KPIs:
- Latency (ping_ms): {kpis[’ping_ms’]}
- Jitter: {kpis[’jitter’]}
- Datarate: {kpis[’datarate’]}
- Target Datarate: {kpis[’target_datarate’]}

Signal Quality (PCell):
- RSRP: {kpis[’PCell_RSRP_1’]} dBm
- RSRQ: {kpis[’PCell_RSRQ_1’]} dB
- SNR: {kpis[’PCell_SNR_1’]} dB

Resource Utilization:
- Downlink Resource Blocks: {kpis[’

PCell_Downlink_Num_RBs’]}
- Uplink Resource Blocks: {kpis[’

PCell_Uplink_Num_RBs’]}
Current Observations:
- Reported Quality of Service (QoS): {kpis[’

measured_qos’]}

Please provide:
1. Risk classification ("low", "moderate", "high",

or "critical").
2. Detect the presence of fraud (True/False) and

provide a rationale.
3. Based on current trajectories, we will lose QoS

in 120 seconds.

B. Predictive Risk-to-SLA Model

We assume a simple V2X 2-minute requirement, for ex-
ample ”Based on current trajectories, we will lose QoS in
120 seconds and we must therefore switch to a different
network slice now.” To assess the likelihood of Service Level
Agreement (SLA) violations over a future horizon τ (e.g., a
120 s V2X look-ahead), we define the predictive risk-to-SLA
probability PSLA(t, τ). This metric determines the probability
that the system’s aggregate risk process R(s) will exceed a
critical threshold Rcrit within the look-ahead window [t, t+τ ],
conditioned on the available telemetry history Ft:

PSLA(t, τ) = Pr

(
sup

t≤s≤t+τ
R(s) > Rcrit

∣∣∣∣ Ft

)
(6)

where Ft represents the Auditable Governance Logs contain-
ing all telemetry and system state history up to time t.
The aggregate risk process R(s) is defined as the continuous-
time evolution of the weighted risk components:

R(s) = γ repi(s) + β rnet(s) + δ rstaleness(s) (7)

where repi(s), rnet(s), and rstaleness(s) capture epistemic
uncertainty, network volatility, and latency penalties at time
s, respectively.
In this framework, R(s) is modeled as a continuous-time
stochastic process, such as a Wiener or Ornstein–Uhlenbeck

process [15], [16], which accounts for the diffusive nature
of network uncertainty. We approximate the boundary of this
process using a Confidence Ribbon centered on the current
index Rt. The threshold for proactive intervention is defined
as:

Rcrit = Rt + zα/2 ξ
√
τ (8)

Here, ξ denotes the risk volatility coefficient, which charac-
terizes the rate at which uncertainty grows over the prediction
horizon. The parameter α represents the governance risk
tolerance, and zα/2 is the corresponding standard normal
quantile.
By dynamically tightening Rcrit as signal quality de-
grades—thereby increasing the network risk component rnet
within Rt—the Governance-as-Code framework proactively
flags potential instability before physical safety margins are
breached.

C. Dynamic SLA Thresholds for Cyber–Physical Safety

In high-mobility V2X environments, fixed SLA thresholds
are insufficient to capture shrinking safety margins under high
velocity and network stress. We therefore define dynamic SLA
thresholds as state-dependent boundaries that tighten under
operational stress, enabling proactive mitigation before safety-
critical limits are violated.

1) Dynamic Latency (Ping) Threshold: The latency SLA
is modeled as a function of instantaneous vehicle velocity
and network congestion. At higher speeds or under increased
congestion, the allowable latency decreases to reflect reduced
reaction time and braking margins.

SLAping(s) = Ψ ·
(
1− C(s)

)
· exp

(
−v(s)

vref

)
+Φ (9)

where Ψ is the nominal latency allowance under ideal condi-
tions. C(s) ∈ [0, 1] is the congestion index at state s. v(s) is
the instantaneous vehicle velocity, and vref is a normalization
constant. Φ is a non-reducible safety floor representing the
physical minimum latency of the V2X link.

2) Dynamic Jitter Threshold: While latency governs reac-
tion time, jitter directly impacts predictability and synchroniza-
tion in cooperative control. In V2X platooning, excessive jitter
can induce control oscillations and instability even when mean
latency remains within bounds. The dynamic jitter threshold
incorporates both signal integrity and network stress:

SLAjitter(s) = Γ · SNR(s)

SNRmax
· exp(−η C(s)) + Ω (10)

where Γ is the nominal jitter tolerance under peak signal
quality, SNR(s)/SNRmax is the normalized signal integrity
ratio. η is a congestion sensitivity parameter and Ω is the
minimum hardware-supported jitter tolerance.

By coupling jitter tolerance to both signal quality and con-
gestion, the framework distinguishes transient network noise
from systemic degradation. As signal integrity degrades or
coordination load increases, the threshold tightens, forcing a
transition to conservative control modes (e.g., increased inter-
vehicle spacing) before physical instability emerges. Together,



Algorithm 1 GIRAF: Governance-as-Code Risk Modulation

Require: Telemetry stream {Kt}Tt=1, LLM m, Params E =
{γ, β, δ, τmit}

Ensure: Risk trajectory {Rt}, Mitigation signals {σt}, Trust scores
{Tt}

1: for t = 1 to T do
2: BT (t)← exp(−λ · jittert/SNRt) // Dynamic ground truth
3: B̄R ← mean{a.infer(Kt) : a ∈ A} // Multi-agent consensus
4: Risk Decomposition: r = [repi, renv, rstal] where
5: repi = γ(1−BT ), renv = β(TrafficJamt/10)

2

6: rstal = δ log(1 + max(0, Lv −∆treq)/∆treq)
7: Rt ← ∥r∥1 · (1 − 0.15 log(1 + coveraget)) + 30⊮fraud +

15⊮anomaly
8: σt ← ⊮Rt>τmit , Tt ← max(0, 100 − 1.5Rt), Φt ←

clip(⌊Rt/5⌋, 4, 16)
9: yt ← SLAmet ∧ (|BT − B̄R| < 0.15) ∧ ¬fraudt // Success label

10: Lt ← (Rt, σt, Tt,Φt, yt) // Audit log
11: end for
12: Post-hoc Calibration: ECE ←

calibration_curve({yt}, {B̄R})
13: return {Rt}, {σt}, {Tt},ECE

these dynamic SLA definitions transform governance from
static compliance checking into a runtime stability mechanism.
Rather than verifying whether a fixed threshold is crossed, the
system continuously redefines admissible behavior based on
cyber–physical state, enabling proactive enforcement of safety
envelopes in agentic V2X systems.

The operational logic of our GIRAF framework is formal-
ized in Algorithm 1. The pipeline executes at a granularity of
100ms per decision epoch, ensuring that governance overhead
remains compatible with 6G latency requirements. At each
step, the system ingests agentic metadata and network teleme-
try to perform a multi-causal risk decomposition. Unlike static
monitoring tools, GIRAF dynamically reconciles the agent’s
reported confidence against ground-truth environmental flux to
compute a ’Confidence Gap.’

IV. NUMERICAL RESULTS AND DISCUSSION

Figure 2 presents the end-to-end governance telemetry pro-
duced by the GIRAF control loop over the prediction horizon
t+ τ . The Aggregate Risk Index Rt (top subplot) represents
the primary Governance-as-Code actuation signal, combining
epistemic and staleness risk into a single scalar decision
variable. Frequent excursions above the mitigation threshold
indicate epochs where automated safety envelopes or throttling
policies would be enforced. The second is the Environmen-
tal Context subplot showing the exogenous 6G telemetry
driving the governance pipeline. Variations in traffic density
and jitter form the stochastic environment used to derive the
ground-truth belief signal BT , linking network volatility to
agentic uncertainty. The Risk Component Decomposition
illustrates the weighted contributions of epistemic uncertainty
and verification staleness. In this simulation, latency-induced
staleness dominates the aggregate risk magnitude, highlighting
the operational impact of the verification–staleness trade-off.
The Binary Incident Flags identify SLA violations, specifi-
cally epochs where latency exceeds the deadline ∆treq. These
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Fig. 2: End-to-end GIRAF governance telemetry over the prediction horizon t + τ ,
illustrating environmental inputs, risk decomposition, epistemic dissonance, SLA vio-
lations, and the Aggregate Risk Index used to trigger Governance-as-Code mitigation
actions.

discrete events correspond to governance triggers and provide
an interpretable incident timeline. The Agentic Confidence
Alignment subplot compares ground-truth belief BT with
reported confidence BR. Divergence between these signals ex-
poses over- or under-confidence in the agent’s self-assessment.
Finally, the Epistemic Dissonance plot visualizes the confi-
dence gap repi = |BT − BR|. Peaks in this signal indicate
periods of untrusted operation and serve as a key governance
indicator used in risk indexing and mitigation decisions.

The quantitative results in Table IV provide empirical evi-
dence for the GIRAF framework’s ability to maintain system
integrity under non-stationary 6G conditions. By utilizing the



TABLE IV: Quantitative Assessment of GIRAF Governance Plane
Performance

Dimension Metric Value

Risk Mean Aggregate Risk (R̄t) 28.74
Attribution Peak Instability Index (Rmax) 32.72
GaC Mitigation Trigger Rate 14.2%
Enforcement SLA Breach Detection (Lv > ∆treq) 89.1%
Agent Average System Trust Score 0.72
Trust Epistemic Dissonance Eventsa 112

a Measured as instances where Reported Confidence (BR) significantly
exceeds Ground-truth (BT ).

Aggregate Risk Index R(t), which reached a peak insta-
bility of 32.72 during high-congestion periods, the system
achieved a Mitigation Trigger Rate of 14.2%, demonstrating
a proactive rather than reactive governance posture. This
enforcement capability is further validated by an 89.1%
SLA Breach Detection rate, ensuring that latency violations
(Lv > ∆treq) are identified and logged with high precision.
Furthermore, the Average System Trust Score of 0.72 reflects
a balanced agent reliability, even amidst the 112 Epistemic
Dissonance Events identified. These events reveal specific
instances where the autonomous agent’s internal confidence
significantly overshot the actual network ground-truth, high-
lighting the framework’s success in flagging overconfident
decision-making during real-time network flux. Figure 3 is
a Reliability Diagram demonstrating how well the model’s
reported confidence matches its actual accuracy—a critical
metric for a governance framework. The reliability compar-
ison in Figure 3 demonstrates the non-linear efficacy of the
GIRAF framework in correcting autonomous overconfidence.
While the Pretrained LLM (Baseline) exhibits a relatively flat,
overconfident trajectory—reporting nearly 0.95 confidence for
an empirical accuracy of only ∼ 0.55—the GIRAF-Aligned
Agent demonstrates a more aggressive and successful calibra-
tion curve. After a period of conservative trust modulation at
lower accuracy levels, the GIRAF agent effectively ”crosses
over” the baseline, reaching a higher empirical accuracy of
approximately 0.63 at a more realistic reported confidence
of 0.86. This behavior validates the framework’s ability to
minimize the Confidence Gap by dynamically aligning internal
belief states with external performance, providing the high-
fidelity telemetry required to move beyond static, retrospective
”Tech E&O” assessments. The shaded green area shows where
the system is ”under-confident” (safer for insurance), while
the red area shows where it is dangerously ”over-confident”.
The GIRAF agent clearly occupies more of the safer, under-
confident/calibrated zone at the higher end of the scale. These
”Confidence Gaps” justify the necessity of the Governance-as-
Code (GaC) layer, as it prevents the system from relying on
potentially stale or overconfident agentic states during critical
mobility transitions.

The risk distribution illustrated in Figure 4 identifies Stale-
ness Risk as the dominant threat to systemic stability, main-
taining a high magnitude between 25.92 and 32.72 across all
congestion levels. In contrast, Epistemic Risk (uncertainty)

Fig. 3: Reliability Diagram illustrating the reduction in calibration error
through the GIRAF framework, where the Trust Modulation Engine aligns
reported LLM confidence with empirical success rates under varying 6G
network jitter and latency constraints
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Fig. 4: The risk profile of the system is characterized by two distinct metrics:
Epistemic Risk, representing internal model uncertainty, and Staleness Risk,
representing temporal SLA violations.

is several orders of magnitude smaller, peaking at 0.006
during low congestion. These findings highlight three key
takeaways for the GIRAF framework: first, the peak Staleness
Risk of 32.72 during high congestion validates the necessity
of proactive mitigation triggers. Secondly, the Medium con-
gestion state represents an optimal operational window with
minimal local risks. And finally, the 0.006 epistemic spike
during low congestion necessitates high verification depth even
when network latency is low. This reveals a counterintuitive
”Inverse Epistemic-Staleness Curve” where reasoning-based
risk actually decreases as congestion increases, suggesting
that high-congestion environments—while punishing for la-
tency—create a more deterministic and predictable traffic
flow that simplifies autonomous decision-making compared
to the high-velocity unpredictability of clear roads. Figure 5
illustrates a critical tension in 6G AI governance: verification
latency (Lv) grows exponentially with SMT depth (Φ), rising
from ∼ 25ms at Φ = 4 to over 3000ms at Φ = 16. With
nearly all attempts exceeding the 25ms SLA deadline, the



Fig. 5: Verification latency (Lv) scales exponentially with SMT depth (Φ),
highlighting the computational infeasibility of uniform deep verification within
6G SLA constraints.

”GIRAF Dilemma” emerges: deep verification provides safety
but is 40–120× too slow for real-time 6G mobility. These
findings justify the GIRAF risk-indexed model, which dy-
namically budgets verification depth—applying deep analysis
only to high-risk decisions—to balance formal safety with
stringent ultra-reliable low-latency communication(URLLC)
performance requirements. Comprehensive formal verification
is computationally infeasible within high-velocity 6G decision
loops. This justifies GIRAF’s risk-indexed governance, which
replaces rigid ”verify-then-act” paradigms with intelligent
verification budgeting. By dynamically adjusting SMT depth
(Φ) based on the Aggregate Risk Index (Rt), the framework
applies deep formal analysis only to high-risk scenarios while
maintaining URLLC performance for low-risk tasks.

V. CONCLUSION AND OUTLOOK

In this paper, we introduced GIRAF, a Governance-as-Code
framework that successfully bridges high-stakes 6G-V2X au-
tonomy with institutional risk management. We demonstrated
that traditional, static assurance models—categorized here as
Governance-as-a-State—are fundamentally incompatible with
the millisecond-scale decision horizons of 6G. Moving beyond
static ”Governance-as-a-State” models, GIRAF formalizes the
verification–staleness trade-off, proving that agentic safety is
a temporal balance between reasoning depth and network
deadlines. Our empirical results demonstrate that GIRAF’s
risk-adaptive pipeline maintains system integrity under non-
stationary conditions, achieving an 89.1% SLA breach de-
tection rate and identifying 112 critical epistemic dissonance
events that traditional models overlook. By externalizing in-
ternal AI states as real-time, auditable risk telemetry, GIRAF
provides the necessary ”governance glue” to transform opaque
autonomous behaviors into quantifiable, insurable, and trust-
aligned 6G assets.

A. Future Work

Future work will explore incorporating the Aggregate Risk
Index R(t) into programmatic risk-transfer interfaces to enable
automated insurance settlements triggered by telemetry-proven
windows of instability. Furthermore, we intend to extend the

risk-adaptive verification depth (Φt) to multi-agent negotiation
protocols, where GIRAF-indexed profiles serve as the basis
for dynamic liability sharing in multi-hop, collaborative 6G
environments. Ultimately, this framework provides the foun-
dational groundwork for a future where AI autonomy is not
only technically robust but economically accountable.
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