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Abstract—In fifth-generation (5G) New Radio (NR) vehicle-to-
infrastructure (V2I) networks, semi-persistent scheduling (SPS)
reduces signaling but may retain an unsuitable resource reserva-
tion interval (RRI) after the local load changes. We study age-fair
keep/reselect control and distinguish a reward-aligned age-fair
utility (RAAFU) surrogate from direct age-of-information (AoI),
Jain freshness, and SPS radio-resource collision endpoints. The
Full agent combines deterministic Rule/model-predictive-control
(MPC) evaluation and a safety gate with an event-triggered
large-language-model (LLM) proposal path. Across 128 indepen-
dent scenario families, Full achieved the highest displayed Jain
freshness, 0.9386, and a 1.009% collision rate; it also slightly
reduced mean/q95 AoI relative to the same-stack controls. In
an independent 256-case shock study, the LLM path reduced
q95 AoI and collision relative to a budget-matched non-LLM
selector, showing a measurable component contribution, although
the stronger Rule remained competitive. The main trade-off is
a higher absolute AoI than some external comparators, and
measured provider latency is on the order of seconds rather than
slots. These findings support only a simulation-based slow-path
role for the LLM; they do not establish real-time deployment.

Index Terms—5G NR V2I, semi-persistent scheduling, age
fairness, agentic AI, disturbance adaptation.

I. INTRODUCTION

V2I communication supports connected driving through
periodic state updates [1], [2]. AoI is the time elapsed

since the generation of the freshest delivered update, PAoI
is sampled immediately before a successful update, and age
fairness describes how evenly freshness is distributed across
users [3], [4]. Because throughput or packet delay alone does
not measure these properties, we report direct mean/q95 AoI
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and Jain freshness and use RAAFU as an engineering control
utility [5], [8], [9].

At the MAC layer, SPS saves signaling by reusing a reserva-
tion, but persistence may retain an unsuitable RRI after traffic
density, collision risk, or surrounding reselection changes [10].
Recent NR vehicular work addresses aperiodic traffic, age-
aware congestion, and the freshness effects of reservation reuse
[11], [12], [13]. The remaining question is how to adapt RRI
while preserving both age fairness and the signaling advantage
of SPS.

Vehicular resource allocation now includes learning-based,
graph-based, and age-aware control [14], [15], [16], [17].
Recent studies also combine velocity-adaptive access with
joint fairness and AoI optimization [5], [6], while multi-
UAV-assisted IoV work jointly considers trajectory control,
resource allocation, and task offloading [7]. Under disturbed
SPS operation, however, one compressed causal observation
may represent several hidden reservation states. The controller
must compare candidate RRIs while preserving a deterministic
fallback.

We study an agentic artificial intelligence (agentic AI)
implementation for age-fair SPS control. The Full agent com-
bines deterministic SPS tools, a risk gate, a fallback, and an
event-triggered LLM proposal path. The ablation study shows
that this LLM path contributes to candidate ordering under
synthetic shocks; it is neither the slot-level executor nor the
final safety authority.

Our contribution is threefold.1 First, we clarify the con-
strained keep/reselect formulation and distinguish its RAAFU
surrogate from direct AoI and fairness endpoints. Second, we
implement a two-time-scale Full agent: Rule/MPC provides
the fast path, while an event-triggered LLM provides bounded
candidate ordering under a fixed budget. Third, we evalu-
ate direct endpoints, same-stack controls, weight sensitivity,
and end-to-end latency under matched disturbance conditions.
These comparisons show the Full gains while stating the
measured trade-offs and limits.

II. SYSTEM DESCRIPTION AND MODELING

A. System Model

We consider a single-cell 5G NR V2I link using SPS at
the MAC layer. Only vehicle 0 runs the agentic controller. It
chooses a keep/reselect branch and a candidate rt ∈ R; keep
simply reuses the previous reservation. Other vehicles act as
background SPS users and shape the local load, collision risk,
and hidden reservation dynamics.

1Source code: github.com/qiongwu86/Disturbance-Resilient-Agentic-AI-
Control-for-Age-Fair-SPS-in-5G-V2I-Networks
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Let Vt be the active set and Nv(t) = |Vt| in a road segment
of length L, with density %t = Nv(t)/L. Vehicle count follows

Pr{∆Nt = 1} = pa, Pr{∆Nt = −1} = pd,

Pr{∆Nt = 0} = 1− pa − pd,

Nv(t+ 1) =
[
Nv(t) + ∆Nt

]Nmax

Nmin
, (1)

where λv and µv are the arrival and departure rates in s−1,
Teval = 1 s is the evaluation interval, c = max{1, (λv +
µv)Teval}, pa = λvTeval/c, and pd = µvTeval/c. Thus,
pa, pd ∈ [0, 1] and pa + pd ≤ 1. The clipping operator is
applied after the sampled event and enforces Nmin ≤ Nv(t+
1) ≤ Nmax. Within an evaluation interval, the committed
controlled RRI is applied first, the background RRIs transition,
the count event is realized, and the state/age summaries are
then updated. A boundary arrival or departure that would
violate the range is absorbed by clipping.

For RRIs, r0(t) = rt, while each background vehicle i ∈
Vt \{0} has its own ri(t). Static cases keep background RRIs
fixed. Disturbed cases use a Markov-driven process over SR =
{s1, . . . , sK}, motivated by SPS reservation analysis [18]:

ri(t) = smi(t), mi(t+ 1) = Π[1,K](mi(t) + di(t)ξi(t)) ,
(2)

where di(t) ∈ {−1, 1} is a persistent ping-pong direction,
ξi(t) ∼ Bernoulli(ps), and ps is a transition probability per
evaluation step. The operator Π[1,K] reflects an attempted
transition: at K it returns K − 1 and sets the next direction
to −1, while at 1 it returns 2 and sets the next direction
to + 1. A simulation shock at τ adds ∆N background
vehicles and may reset their RRI mode, Markov states, and
ps; only rt is controlled. Because vehicle 0 ∈ Vt, the active
set is nonempty, and the effective RRI in milliseconds is
r̄t =

(
Nv(t)

−1∑
i∈Vt

ri(t)
−1)−1.

The state st summarizes density, RRI context, collision
indicators, and recent age information. Since the segment is
treated as one local sensing neighborhood, Ncomp(t) = Nv(t).
Following SPS collision modeling [18],

Nres(t) =
r̄tnRBG

Tslot
, qt =

[
αsps

Nres(t)

]1
0

,

pcoll(t) = 1− (1− qt)Ncomp(t)−1. (3)

Here, nRBG is the number of resource block groups per RRI
cycle, Tslot and r̄t use the same time unit, Nres(t) > 0, and
αsps ≥ 0 is a resource-occupancy factor. We set Ncomp(t) =
Nv(t) as a single-neighborhood modeling assumption. Clip-
ping makes pcoll ∈ [0, 1] and prevents a negative binomial
base. This is a simulated SPS radio-resource collision proba-
bility, not a vehicle-crash probability.

We model peak age of information (PAoI) through SPS
waiting and retransmission delays, following age of informa-
tion (AoI) and persistence-aware NR-V2X analysis [8], [13].
The two-state SPS abstraction is

ηt =
p0

q − p+ 1
+

(
1− 1

q − p+ 1

)
(1− pcoll(t)),

Pfail(t) = pcoll(t)(1− ηre), π1,t =
1− ηt

2− ηt − Pfail(t)
. (4)

Here, 0 ≤ p0, ηre ≤ 1, 1 ≤ p ≤ q are integers, and
0 ≤ pcoll ≤ 1. The two states represent retained and
re-evaluated reservation conditions; ηt is the retained-state
transition term, Pfail is the SPS failure term, and π1,t is the
stationary probability of state 1. The ratio is defined when
2 − ηt − Pfail(t) > 0; this condition holds for p0 = 0.8,
(p, q) = (5, 15), and ηre = 0.7 [13], [18]. The analytic delay
and age surrogate are

Dt(t) = Ts +
Tc pcoll(t)

1− pcoll(t)
,

At = 1.5r̄t + π1,t

(
Tsensing +

wTslot
2

)
+Dt(t), (5)

where all time quantities are in milliseconds. The 1.5r̄t term
approximates one RRI of waiting plus a half-RRI phase offset.
For pcoll = 1, the implementation uses the bounded fallback
Dt = Ts + 3Tc rather than evaluating the singular ratio. We
denote this analytic score input by Asur

t because it is not the
direct realized AoI endpoint.

For direct evaluation, let gi(u) be the generation time of the
freshest update from user i delivered by continuous time u. Its
current AoI is ∆i(u) = u− gi(u). A success first records the
pre-reset value as a PAoI event and then sets gi to that packet’s
generation time; a failure leaves gi unchanged. Transmission
outcomes are processed before a departure at the same time,
followed by arrival, packet generation, measurement delivery,
control opportunity, and commitment. Over the analysis win-
dow W and eligible set V (u), we report

∆ =
1

|W|

∫
W

1

|V (u)|
∑

i∈V (u)

∆i(u) du,

∆.95 =
1

|W|

∫
W
Q.95{∆i(u) : i ∈ V (u)} du,

Jf =

(∑
i∈VW

fdiri

)2
|VW |

∑
i∈VW

(fdiri )2
, fdiri =

1 ms

1 ms + ∆i

,

Rcoll = Ncoll/Ntx. (6)

Here, ∆i is the user’s time-average AoI over its eligible
presence, q95 is the cross-user age quantile integrated over
time, and event PAoI is separately averaged over users with
at least one success. These direct endpoints do not equal
RAAFU.

B. Objective Function

Using the SPS and PAoI quantities above, we define the
reward-aligned age-fair utility (RAAFU). RAAFU is the utility
optimized here, not a formula taken directly from prior work.
For vehicle i, we define freshness as fi(t) = 1/(∆i(t) + ε).
The age-fair factor, RRI-efficiency factor, and collision factor
are

Γi(t) = exp

(
−kage

∣∣∣∣log
fi(t)

f̄(t)

∣∣∣∣) ,
Erri(r, t) = exp

(
−αrri

∣∣∣∣log
r

ropt(Nv(t))

∣∣∣∣) , (7)

C(t) = exp(−βcoll pcoll(t)) , (8)
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Fig. 1. Agentic SPS control architecture.

The step utility is

Ut(rt) =
1

|Vt|
∑
i∈Vt

Γi(t)Erri(rt, t)C(t), (9)

where f̄(t) = |Vt|−1
∑
i∈Vt

fi(t), ε = 10−6 in the imple-
mented age unit, kage = 0.6, αrri = 0.1, and βcoll = 0.2
are the operating parameters; ropt(Nv) is an offline density
mapping. The collision term is evaluated after substituting
the candidate r0(t) = rt into pcoll. With a nonempty active
set, all three factors and Ut are strictly positive and at most
one. RAAFU favors balanced inverse age, an RRI near the
calibrated reference, and low modeled collision risk, but it
is a composite surrogate rather than a direct AoI or fairness
estimand.

C. Optimization Problem

At each step, the controller selects the branch and RRI of
the controllable node to maximize cumulative utility while
preserving SPS persistence when keep is selected. The opti-
mization problem is

max
π

Eπ,M

[
t+H−1∑
τ=t

Uτ (rτ ) | Ht

]
s.t. (bt, rt) = π(Ht), bt ∈ {keep, reselect},

rt ∈ R, rt = rt−1 if bt = keep,

p̂coll(rt | Ht,M) ≤ pmax, (10)

where H is the planning horizon, Ht contains only causally
delivered measurements and branch history, M is the con-
troller model, and pmax is the configured predicted-risk
threshold. We set pmax = 0.25 for the direct-endpoint eval-
uation and 0.35 for the controlled ordering ablation; the two
studies are analyzed separately. If no candidate is feasible,
the deterministic fallback uses a safe backup or selects the
largest legal RRI. The realized collision endpoint is reported
separately from this predicted feasibility constraint.

III. PROPOSED AGENTIC SPS CONTROLLER

Section II leaves the controller with a causal but compressed
SPS view. We therefore use the Full controller shown in Fig. 1.
We used OpenAI GPT-5.4-mini for the Full and Plain-LLM
paths. The observation digest enters the bounded LLM planner,

after which the SPS-specific tools evaluate legal candidates.
Evidence synthesis and the safety gate commit the RRI. Thus,
the LLM participates in planning, while Rule/MPC remains
the final gate and fallback.

At each SPS decision step, the controller forms

ot = {Nv(t), rcurt , Asur
t , Pt, Ft, Ut, dt, bt−1, ρt−1, ζt−1},

pt = {gt, Ht, bt, Ct, Tt, qmem
t , φt, κt}, (11)

Here, Nv(t) is the delivered active count, rcurt is the committed
RRI, and Asur

t , Pt, Ft, and Ut summarize the analytic age
input, modeled collision, fairness, and RAAFU. The remaining
fields record branch history, reflection hints, the bounded plan,
fallback, and non-operational confidence. The detector dt uses
only delivered count/ledger, channel-busy, decode, collision,
or age-residual summaries; the controller receives no shock
label. Detector false alarms, misses, and delay require further
evaluation. The first pass has at most four legal RRIs, and one
replan may expand it to five. Invalid or ineligible proposals
leave Rule/MPC in control.

Five deterministic tools support the decision: state digest,
memory query, rollout candidates, counterfactual, and con-
straint check. Memory retrieves at most three observable-
bucket records. Rollout returns {Ât, P̂t, F̂t, Ût, Gt}, where
Ât(r) denotes the predicted worst-user age for candidate r.
{P̂t, F̂t, Ût, Gt}, and the constraint tool forms Csafet = {r :
P̂t(r) ≤ pmax}. Rollout always runs, whereas memory is
conditional; one score-guided replan may expand the set to
five. The Full agent includes the LLM ordering path because
the controlled ablation shows a measurable gain over the
budget-matched selector. Since the rollout model and simulator
use the same nominal SPS abstraction, the reported results do
not characterize controller-model mismatch.

After the tools return, the controller ranks the legal RRIs by
combining rollout, memory, and counterfactual evidence. For
each candidate r, it computes

Sroll
t (r) = 0.50 Ût(r) + 0.20 F̂t(r) + 0.15e−Ât(r)/1200

+ 0.10
(

1− P̂t(r)
)

+ 0.05
(
Ût(r)− Ut

)
,

Ssynth
t (r) = Sroll

t (r) +Bmem
t (r) +Bcf

t (r),

r?t = arg max
r∈Csafet

Ssynth
t (r), (12)

The five weights in Eq. (12) define the operating point W0 =
(0.50, 0.20, 0.15, 0.10, 0.05). They were selected in a prelim-
inary sweep before evaluation. A 160/160 calibration–holdout
sensitivity study found that all 76 local sum-preserving per-
turbations kept the same action, but the minimum stability
across 4,195 global configurations fell to 64.375%. Thus,
W0 is locally stable but globally sensitive. The implemented
memory score uses RAAFU + 0.35F − 8P before clipping
to [−0.08, 0.08]. Its −8P term reached the lower clip for all
800 evaluated candidates and did not affect their ranking. In
this cohort, collision control therefore came from the explicit
risk gate rather than this clipped term.

The final deterministic commit emits the chosen/backup
RRI, branch, expected gain/risk, decision records, and a replan
flag. An empty, inconsistent, or unsafe proposal falls back
to the score-ranked result or a safe high RRI. The learning
reward trains the policies and updates reflection records; it is
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Fig. 2. RAAFU under a paired step disturbance and under traffic-load and
Markov-volatility sweeps. RAAFU is a composite control utility rather than
a direct AoI metric.

separate from the reported endpoints. Its complete expression
is provided in the Supplementary Material.

All baselines use the same causal frames and legal-action
generator. Rule/same stack substitutes a hand-coded ordering,
TunedNonLLM is budget matched, Rollout MPC uses the
same evaluator without an LLM proposer, and Greedy-1
uses one-step rollout utility. The decision-critical Plain-LLM
instruction is: “Use only the causal observation and eligible
actions in the supplied JSON. You have no tools, no memory,
no plant truth, no scenario or arm identity, no shock label,
no future tape, and no method-ranking information. Rank
every eligible action once, then choose the first-ranked action.
Return exactly one JSON object matching the required output
schema and no other text. Never invent an action, target RRI,
observation, or future outcome.” The user instruction requires
an exact permutation of all eligible actions and commits the
first item. Temperature and retry budget are zero; malformed
or ineligible output fails closed. In Full, the LLM instead
selects one eligible high-level program transition, never an
RRI; the deterministic evaluator and gate commit the action.
The complete prompts, schema keys, rationale codes, hashes,
and fallback contracts are provided in the Supplementary
Material.

IV. PERFORMANCE EVALUATION

We compare Full with three same-stack controls and
six external or standard baselines. The evaluation includes
RAAFU disturbance responses, direct endpoints over 128
independent scenario families, and controlled LLM/MPC com-
ponents. Fig. 2 first shows that Full stays closer to the matched
reference over most of the paired shock window and moves
ahead at medium-to-high traffic load and Markov volatility.
The curves are descriptive. Since RAAFU combines age
balance, RRI efficiency, and modeled collision, direct AoI,
fairness, and collision are examined next.

The direct-endpoint evaluation uses 128 independent sce-
nario families under matched disturbed/reference traces; DQN
and GNN-DDQN aggregate five training seeds within each
family. Table I gives the endpoint values, while Fig. 3 shows
Jain freshness and collision with 10,000 scenario-family boot-
strap replicates. Simultaneous intervals and Holm-adjusted

Fig. 3. Direct endpoints over 128 independent scenario families. Upper axes
show external/standard baselines; lower axes magnify the four same-stack
methods. Bars are descriptive 95% scenario-family CIs; collision is an SPS
radio-resource event rate.

TABLE I
DIRECT ENDPOINTS UNDER DISTURBANCE (n = 128 INDEPENDENT

SCENARIO FAMILIES). LOWER AOI AND COLLISION ARE FAVORABLE,
AS IS HIGHER JAIN FRESHNESS. CIS ARE REPORTED

IN FIG. 3 AND TABLE S1

comparison families are described in the Supplementary
Material.

A. Direct Freshness and Fairness

Table I shows that Full has the highest displayed Jain
freshness, 0.93858 (CI [0.93300, 0.94397]). Its mean AoI is
372.267 ms, slightly lower than those of the three same-stack
controls but higher than those of the six external/standard
comparators. This is a cross-user balance–absolute-age trade-
off, not a uniform AoI improvement. As shown in Fig. 3, Full
has favorable same-stack fairness and AoI point estimates. Its
collision rate is 1.009% (CI [0.858%, 1.173%]), slightly above
the other three same-stack point estimates, and the overlapping
CIs do not establish a universal LLM advantage.

B. Controlled Components and Sensitivity

Fig. 4 separates the LLM ordering path from the determinis-
tic MPC/evaluator. In panels (a)–(b), LLM minus TunedNon-
LLM is −135.286 ms for q95 AoI (CI [−159.025,−105.275])
and −0.061987 for the collision rate (CI [−0.072841,
−0.048010]), where the collision-rate difference and its CI
are expressed as fractions and the point estimate is equivalent
to −6.1987 percentage points; 15/16 batches agree, and Holm-
adjusted p = 0.0001221 for both endpoints. Mean AoI also
falls by 81.153 ms, although fairness worsens by 0.05963. The
stronger Rule matches the LLM in 247/256 cases; LLM–Rule
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Fig. 4. Controlled components. (a)–(b) LLM versus budget-matched selector
(256 cases, 16 provider batches); (c)–(d) MPC/evaluator over 64 paired
scenario families per regime. Full effects and AoI costs are in Table S2.

is + 12.584 ms for q95 AoI and + 0.005833 for collision. The
LLM path therefore has a measurable contribution relative to
the budget-matched selector, while Rule remains the stronger
deterministic comparator. These results do not attribute every
Full-agent gain to the LLM.

Panels (c)–(d) show the effect of the MPC/evaluator.
Jain freshness rises from 0.7950 to 0.9432 (nominal)
and from 0.8142 to 0.9383 (disturbed), while colli-
sion falls from 0.6957% to 0.5700% and from 1.2187%
to 1.0430%. This improvement comes with mean/q95
AoI costs of 52.607/61.385 and 39.231/42.397 ms. The
4,272-configuration sensitivity study in Table S3 gives 86.63%
global acceptability and a minimum action stability of
64.375%, indicating local stability around W0 but appreciable
sensitivity over the global weight range.

C. Latency and Limitations

A separate profile included 64 completed ProgramProposal
decisions and 64 completed Plain-LLM decisions. Total-
decision p50/p95/p99 values were 3255/14036/14496 ms and
18984/22257/26669 ms, respectively; tool/candidate-rollout
p95 values were 1142 ms for ProgramProposal and 1242 ms
for Plain LLM, respectively. The measured seconds-scale
delay is incompatible with a 0.5–1-ms NR slot. Within Full,
the LLM therefore runs as an asynchronous slow path while
Rule/MPC keeps the control loop nonblocking.

The prompts, schemas, fallback rules, and additional sta-
tistical details are provided in the Supplementary Material.
Detector false alarms, misses, and delay have not been mea-
sured. The rollout model is nominal, and the global weight
study shows appreciable sensitivity. Real-time deployment will
require detector validation and evaluation under controller-
model mismatch.

V. CONCLUSION

This letter casts age-fair SPS control as a constrained
keep/reselect problem and separates direct AoI, fairness, and
SPS collision endpoints from RAAFU. Across the evaluated
conditions, Full gives the highest displayed Jain freshness and

slightly lower AoI than the same-stack controls. Its integrated
LLM path also improves q95 AoI and collision over the
budget-matched selector in the controlled ablation. The costs
are a higher absolute AoI than some external comparators and
seconds-scale provider latency. MPC and the deterministic gate
remain essential for safe, nonblocking control. The results
support a simulation-based, two-time-scale Full agent; real-
time use will require detector validation and evaluation under
controller-model mismatch.
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