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ABSTRACT

Connected vehicles can provide upstream observations and priority cues, but a request mechanism is
useful only if it improves decisions beyond queue-responsive adaptation. We test this distinction at
one site-derived SUMO intersection with a request-aware deep Q-network (DQN) and a matched
queue-only ablation. The variants share the architecture, base congestion objective, training schedule,
and 10-20 s timing shield; the request-aware variant additionally incorporates request-state inputs and
an auxiliary request-shaped reward term. Five training realizations per variant were evaluated against
fixed-time, presence-actuated, and max-pressure control at three demand levels, seven connected-
vehicle penetrations, and ten paired traffic realizations, yielding 2,730 one-hour runs. To represent
both stochastic sources, we independently resample the training and traffic axes of each 5 x 10
crossed result matrix. Queue-only DQN reduced mean queue relative to each of the three conventional
baselines in all 21 demand—penetration conditions, with all 21 crossed-bootstrap intervals per baseline
(63 in total) excluding zero. The request-aware DQN had lower point estimates than the same
baselines in all conditions, but one interval at nominal demand and 50% penetration included zero
because training-realization dispersion was large. Relative to queue-only control, the 95% crossed
intervals excluded zero in only eight of 21 conditions: three favored the complete request mechanism
(Full DQN) and five favored Queue-only DQN. At 0% penetration, no request occurs online, so that
contrast is a training-history diagnostic rather than an online request effect. Request counts show
that policies approved 75-81% of hold requests and 27-37% of switch requests; these diagnostics
describe policy behavior but do not identify the cause of performance differences. Across this sweep,
queue-responsive adaptation is the reproducible gain; the incremental effect of request conditioning
is demand- and training-sensitive and is not monotonic in penetration.

Keywords adaptive traffic signal control - deep Q-network - connected vehicles - demand shift - multi-seed evaluation -
SUMO

1 Introduction

Traffic signal control allocates a limited green-time budget among competing movements. Fixed-time plans provide
predictable operation but cannot respond to demand outside their design profile. Traffic-responsive control instead
adjusts timing from observed conditions, through coordinated systems such as SCOOT, multivariable regulation,
simulation-based optimization, and queue-pressure policies [1-4]. Reinforcement learning (RL) extends this idea by
learning a sequential phase policy from traffic outcomes [5—7]. Modern traffic-signal RL can incorporate richer states,
rewards, and coordination structures [8—11], making the controller’s information set a central design choice.

Connected-vehicle position and speed offer an upstream view that conventional stop-line queues do not contain. Such
observations support signal control, eco-driving, and cooperative mobility applications [12—14]. Their availability,
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however, does not establish that a particular request-conditioned controller will improve traffic outcomes. A vehicle-
level cue may favor holding the current phase for an approaching vehicle or switching to serve another movement,
while the aggregate queue objective may favor the opposite decision. When request-state inputs and request-shaped
reward are added together, improvement over fixed time cannot distinguish queue-responsive adaptation from the effect
of that complete request mechanism.

This distinction becomes harder to evaluate when learned policies are represented by a single training seed. Deep
RL outcomes can vary across independent optimization runs, and point estimates from a few policies can produce
unstable comparisons [15, 16]. A penetration-specific request benefit observed for one checkpoint may therefore reflect
a persistent mechanism, a traffic condition, or one optimization realization. Separating these explanations requires
matched ablation, independent training replication, and traffic-seed pairing under the same executable signal constraints.

We perform that controlled evaluation in one isolated, site-derived SUMO intersection. A request-aware DQN receives
queue and phase variables together with a heuristic hold-or-switch request derived from connected-vehicle position and
speed. A queue-only DQN retains the architecture, optimization schedule, queue-responsive objective, and 10-20 s
timing shield while neutralizing the request state and reward. Five policies per variant are trained at 20% connected-
vehicle penetration and the nominal demand, then tested across three demand levels and seven penetrations. Fixed-time,
presence-actuated, and max-pressure controllers provide non-learning references under the same simulated traffic
conditions.

The experiments establish two different findings. Queue-responsive learning transfers consistently: the queue-only
family beats fixed, actuated, and max-pressure control in every demand—penetration cell under crossed uncertainty. The
complete request mechanism is conditional: only eight of 21 crossed-bootstrap intervals exclude zero, the direction
changes with demand, and the largest nominal-demand point loss carries wide training-realization uncertainty. Request
counts show how policies respond to hold and switch cues without turning those counts into a causal explanation. The
contribution is an empirical separation of adaptive-control gain from the conditional effect of request conditioning,
supported by adaptive baselines, independent training replication, cross-demand evaluation, crossed uncertainty, and
direct request-use diagnostics.

2 Related Work

2.1 Adaptive and reinforcement-learning signal control

Traffic-responsive control spans incremental timing adjustment, regulator-based optimization, simulation-driven search,
and queue-pressure policies [1-3, 17]. Max-pressure control connects phase choice to queue imbalance and derives
its throughput rationale from constrained queue scheduling [4, 18, 19]. Presence-actuated control instead extends or
terminates green from detected approach demand. These methods provide more informative references than fixed
timing because they already react to traffic state.

RL replaces a prescribed control law with a policy learned through interaction. Early isolated-intersection studies
established the formulation [5], and deep value approximation enabled larger state spaces [6, 7]. Later methods learned
phase competition, pressure-inspired objectives, and network-level cooperation [8—11]. Recent work has also tested
connected-vehicle states in deep signal policies and examined robustness to demand and network shifts [20, 21].
Surveys and comparative studies show that reported performance depends on state, reward, phase logic, demand, and
evaluation protocol as much as on the neural architecture [22-25]. Queue, delay, stopped time, switching cost, and
priority satisfaction encode different operating preferences, so adding a reward term can alter the policy rather than
simply enrich it [26].

Optimization variability is particularly relevant when the object of study is an augmentation to a learned controller.
Independent seeds can change the learned policy and even the apparent ordering between methods [15]. Interval
estimates and multi-run summaries are therefore needed when a small number of training realizations represent an RL
method [16]. We apply this principle to traffic-signal control by reporting between-policy dispersion and the direction
of each request-aware versus queue-only contrast across five independently trained policies.

2.2 Connected-vehicle information and request-aware control

Connected-vehicle information extends the controller’s view upstream of conventional stop-line queues. Signal and eco-
driving studies use position, speed, and signal state to anticipate arrivals or coordinate vehicle motion [12, 13]. Recent
examples range from DQN signal policies using connected-vehicle traffic representations [20] to cooperative-perception
control that reconstructs traffic state at low penetration [27]. Multi-day trajectory aggregation can also support signal
retiming at low penetration without using per-vehicle online requests [28], while connected transit-priority work shows
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a distinct setting in which vehicle-level information is tied to a person-delay objective [29]. These designs use vehicle
data in different ways and therefore do not imply a universal penetration—benefit curve. Cooperative mobility systems
also add communication semantics, localization, latency, and reliability requirements beyond the control algorithm [14].
We isolate an idealized algorithmic request mechanism rather than model those layers.

Penetration changes how often requests occur, but it can also change the simulated vehicle mix when connected
and human-driven classes use different car-following parameters [30]. Cross-penetration trends therefore combine
information availability with traffic-behavior changes. Our inference is based on paired controller comparisons within
each common demand, penetration, and traffic seed. The matched queue-only controller then isolates the complete
request mechanism, including both the request state and request-shaped reward.

2.3 Evaluation gap addressed in this study

Prior comparisons often ask whether a request-aware learned controller outperforms a fixed program. That contrast
combines at least two effects: adaptive queue-responsive timing and the marginal influence of connected-vehicle
requests. We separate them through four controls. All adaptive controllers obey the same executable green bounds,
all outcomes use a controller-independent measurement clock, learned variants differ only in the complete request
mechanism, and every condition is repeated across training and traffic seeds. This design asks not only whether learned
adaptation works, but whether requests improve an adaptive policy consistently enough to support a general control
claim.

3 Method

3.1 Simulation scenario and intersection layout

The experimental environment is modeled after a real-world, site-derived four-approach intersection from the Munich
Mobility Innovation Center (MIC) test facility in Germany (Fig. 1a). Microscopic vehicle kinematics, lane assignments,
detector trigger activations, and traffic signal state actuations are simulated in Eclipse SUMO (v1.20+) coupled with
PyTorch via TraCI at a step resolution of At = 0.1 s [31, 32]. The geometric layout comprises four approaches
intersecting at a central junction with dedicated right-turn bypasses and stop-line induction loop detectors (q; . .. q4)
placed on each incoming approach (Fig. 1b). A simulated Roadside Unit (RSU) defines an idealized 150 m vehicle-to-
infrastructure (V2I) request eligibility zone upstream of the stop line.

The nominal traffic demand corresponds to 1,000 vehicles per hour, where the dominant approach contributes
400 veh/h and the remaining three approaches contribute 200 veh/h each. In all approaches, 80% of vehicles travel
straight through the intersection and 20% make right turns; no left turns are permitted by the geometric layout.
To test generalization under varying congestion, we scale route volumes uniformly by factors of 0.7, 1.0, and 1.3,
yielding three stationary demand levels: 700 veh/h (low demand), 1,000 veh/h (nominal design condition), and
1,300 veh/h (elevated high-demand condition). Across each demand level, the connected-vehicle market penetration
rate p € {0%, 5%, 10%, 20%, 50%, 80%, 100%} is systematically varied. Human-driven vehicles follow the Krauss
car-following model with maximum acceleration 2.6 m/s?, driver imperfection ¢ = 0.5, and minimum standstill gap
2.5 m, whereas connected vehicles operate with 2.8 m/s2, 0 = 0.2, and a 2.0 m gap. Both vehicle classes share a
maximum speed of 13.9 m/s (50 km/h).

3.2 Signal program and baseline fixed timing

The physical signal program reproduces the native Munich testbed fixed-time plan (SP 1-VA) defined in
final.net.xml with a total cycle length of 59 s (Table 1). The sequence contains nine distinct phases serving
two conflicting pairs of opposing approaches: Signal Groups SG; and SG3 govern Main Green A (Phase 2, 20 s
fixed duration), while Signal Groups SG» and SG4 govern Main Green B (Phase 6, 20 s fixed duration). Intervening
clearance intervals include 1 s red-yellow preparation, 3 s yellow transitions, 7 s all-red pedestrian clearance, and 3 s
secondary all-red clearance, summing exactlytol +1+20+34+7+1+20+343 =59s.

Under the fixed-time baseline, the controller cyclically executes the 59 s schedule without adaptation. For all adaptive
and reinforcement-learning controllers (Full DQN, Queue-only DQN, Presence-Actuated, and Max-Pressure), the
clearance intervals (Phases 0, 1, 3, 4, 5, 7, 8) remain fixed and mandatory to ensure clearance safety, while decisions
occur at 1.0 s intervals exclusively during active main greens (Phases 2 and 6). An action shield enforces G, = 10's
and Gax = 20 s, bounding the cycle length between 39 s and 59 s.
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(a) Site-Derived Field Reference [Munich Mobility Innovation Center (MIC)] (b) Geometry-Matched SUMO Network [Matched Geometry & Signal Groups]

il
—H

« Signal Group 1 & 3: Main Green A (20s) | Signal Group 2 & 4: Main Green B (20s) | 4 Stop-Line Induction Loops (q1..q4) | 59s Native Cycle (SP 1-VA)

Figure 1: Intersection layout and simulation environment. (a) Aerial view of the site-derived Munich Mobility
Innovation Center (MIC) field reference (image courtesy of MIC/TUM) showing approach geometry, stop-line markers,
and the 150 m request eligibility zone. (b) Site-derived microscopic simulation network in Eclipse SUMO with
matched geometric alignment, four stop-line loop detectors (q; . . . g4), and signal groups (SG1/SG3 for Main Green
A, SG5/SG4 for Main Green B) operating under the native 59 s cycle program.

Table 1: Signal program phase sequence and baseline fixed timing (SP 1-VA, 59 s total cycle length) implemented in
final.net.xml. Clearance phases are strictly locked across all controllers, while adaptive controllers adjust Main
Green A and B durations within [Gin, Gmax) = [10, 20] s.

Phase  Signal State Description / Active Movements Fixed Duration  Adaptive Bounds
0 rrrrrrrrrrrr  All-red initial clearance / prep 1s Fixed (1 s)
1 rrryyyrrryyy Red-yellow transition (Phase A) Is Fixed (1 s)
2 rrrGGgrrrGGg  Main Green A (SG1, SG3: Opposing) 20s 10<Ga <20s
3 rrryyyrrryyy Yellow clearance A 3s Fixed (3 s)
4 rrrrrrrrrrrr  All-red / Pedestrian clearance 7s Fixed (7 s)
5 yyyrrryyyrrr Red-yellow transition (Phase B) ls Fixed (1 s)
6 GGgrrrGGgrrr  Main Green B (SG2, SG4: Opposing) 20s 10<Gp <20s
7 yyyrrryyyrrr  Yellow clearance B 3s Fixed (3 s)
8 rrrrrrrrrrrr  All-red secondary clearance 3s Fixed (3 s)
Total Cycle Duration 59s 39 <C <5h9s

3.3 State and action

At decision time ¢, the controller observes a ten-dimensional state
A 1B ~ =~ S
st = (I 17,96, Qs - - - > Qats Coy Toy Tt (1

I and IP indicate the active main green. If the signal is in a clearance phase, neither indicator is active and the
controller does not issue a decision. The elapsed green g; is divided by 20 s and clipped to one. Each lane queue is the
SUMO last-step halting count, divided by 20 vehicles and clipped to one.

The final three elements describe the request heuristic. The request code ¢; € {—1, 0, +1} represents switch, no request,
and hold, then maps to [0, 1]. The minimum estimated time to arrival 7 is divided by 20 s and clipped to one. The
candidate count n; is divided by four because at most one candidate per incoming lane is retained. In the queue-only
ablation, these three inputs are fixed at their neutral values. The network dimension remains ten so that the architecture
and optimization schedule are unchanged.

The action a; € {0, 1} requests a hold or switch from the execution layer. A switch before 10 s of green is ignored,
whereas a transition is forced at 20 s even when the policy requests a hold. Intermediate yellow and all-red phases



Conditional Effects of Connected-Vehicle Requests A PREPRINT

FIGURE 2 - IMPLEMENTED METHOD

Request cues influence decisions; the action shield enforces timing

)
Lane queues Action shield
Signal phase min green=10s
Elapsed green max green=20's
10-dimensional state DQN policy
2 phase + 1 elapsed 10->64->64->2

4 queues + 3 request Hold or switch

Ideal simulator access Signal program
150 m eligibility Two main greens
Hold / switch cue Fixed clearance
ETA + didate count phases

Not modeled: radio channel - packets - latency/loss - vehicle control

Figure 2: Implemented closed-loop control framework. Lane queues and signal timing are available to both learned
controllers. The request-aware variant additionally receives a heuristic request code, minimum estimated arrival time,
and candidate count, and its reward includes request satisfaction. The action shield, not the DQN, enforces minimum
and maximum green. No physical communication channel or vehicle-control output is modeled.

follow the programmed sequence and cannot be skipped. The shield therefore makes the 10-20 s green-time range
executable. Elapsed-time normalization alone would not prevent an indefinite hold.

3.4 Request heuristic

The request mechanism uses connected vehicles located on the four incoming lanes within 150 m of the stop line. It
retains the nearest eligible vehicle on each lane, calculates

T = $7 2
max(v;, 2 m/s)
and selects the candidate with minimum 7;. A request is generated only during a main green. If the candidate’s
movement is currently served, a hold request is created when 7; < 6 s but exceeds the remaining programmed time. If
the movement is not served, a switch request is created when 7; < 6 s and the minimum green has elapsed. Once a
selected vehicle produces a nonzero request, it is excluded from further requests until it leaves the simulation.

Distance and speed are read directly from SUMO, and the 150 m range acts as a deterministic eligibility threshold. The
request therefore represents ideal information availability rather than a propagation, sensing, or packet-delivery model.
Its only output is a cue to the signal policy. Vehicles receive no speed advisory or control command.

3.5 Reward and DQN training

The transition reward is
ry = — (Qt + )\SSt + )\’LUAWt) —+ )\’I“Hta (3)

where Q) is total queue over four incoming lanes, S; indicates an executed phase switch, and AW, is the stopped time
accumulated by all vehicles since the previous decision. A vehicle is stopped when its speed is at most 0.1 m/s. The
weights are A\; = 2, A\, = 0.5, and A\, = 1 for the request-aware controller. For a nonzero request, H; = +1 when
the executed action satisfies the request and H; = —1 otherwise. When there is no request, H; = 0. The queue-only
ablation sets A, = 0 in addition to neutralizing the request inputs.
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The online Q-network contains two fully connected hidden layers with 64 rectified linear units each and two outputs. Its
target for a sampled transition is

Y = T + (1 - dt)’y H}ZE}X Qtargct(StJrlv a/)v (4)

where d; indicates termination and v = 0.99. Training minimizes the smooth L; loss between Qonline(St, a¢) and y;
using Adam with learning rate 10~2. The replay buffer holds 50,000 transitions. Updates start after 2,000 transitions,
use batches of 64 every four decision steps, clip the gradient norm at 10, and copy online weights to the target network
every 1,000 steps. Epsilon decreases linearly from 1.0 to 0.05 over 30,000 decision steps.

We trained five request-aware and five queue-only policies at the nominal demand and 20% penetration. Training seeds
were 42, 142, 242, 342, and 442; each policy used the following 20 integers as its SUMO episode seeds. Every run
comprised 20 one-hour episodes. The episode-20 checkpoint was selected before evaluation without reference to test
performance, and all evaluation actions were greedy.

Table 2: Simulation and learning settings. The DQN variants differ only in the request inputs and request-reward term.

Setting Value

Scenario One isolated, four-approach intersection
Demand levels and horizon 700/ 1,000 / 1,300 veh/h; 3,600 s
SUMO step / decision interval  0.1s/1.0s

Minimum / maximum green 10s/20s

Training condition 1,000 veh/h; 20% penetration
Training policies 5 per DQN variant

Training seeds 42,142,242, 342,442

Training episodes 20 per policy

Evaluation penetrations 0, 5, 10, 20, 50, 80, 100%
Evaluation seeds 1000-1009, paired across controllers
Network 10-64-64-2

Replay / batch size 50,000 / 64

Discount / learning rate 0.99/1073

Checkpoint Pre-specified final checkpoint, episode 20

4 Experimental Design

4.1 Controllers and factorial evaluation

The request-aware and queue-only DQNs follow Section 3. Three non-learning controllers provide operational
references. Fixed time executes the native program. The presence-actuated controller checks a 40 m stop-line zone on
the served approaches each second, extends green while a vehicle is present, and terminates at the first empty check after
10 s. The isolated-intersection max-pressure controller compares the halting queue on the served approach pair with the
opposing pair and switches after 10 s when the opposing pressure is larger [4, 18]. Because the isolated test intersection
has no modeled downstream spillback constraint, pressure is calculated directly from competing incoming halting
queues; this should be interpreted as an isolated-intersection queue-pressure implementation rather than a network-level
formulation. Both adaptive baselines are forced to switch at 20 s and use the same clearance sequence as the DQNss.

The evaluation therefore contains 13 controller policies: five request-aware DQNs, five queue-only DQNss, fixed time,
presence-actuated control, and max-pressure control. Every policy was run at three demand levels, seven penetrations,
and ten traffic seeds from 1000 to 1009. Pairing aligns stochastic vehicle generation within each demand—penetration
cell. The formal package contains 13 X 3 x 7 x 10 = 2,730 one-hour evaluation runs, in addition to 200 one-hour
training episodes. Every planned run and checkpoint was retained.

4.2 Outcomes and mechanism diagnostics

The primary outcome is average total queue, denoted Q. At every whole second, including green, yellow, and all-red
intervals, the four incoming-lane halting counts are summed. The episode outcome is the mean of those one-second
samples. The measurement clock is independent of the DQN decision clock and is identical for all controllers.

The secondary congestion outcomes are stopped time per observed vehicle and travel time per completed vehicle. At
every 0.1 s step, stopped time increases for vehicles travelling at no more than 0.1 m/s. Throughput is the number
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of completed vehicles, and phase switches measure how often each controller changes the served movement. These
outcomes test whether a queue result is accompanied by consistent traffic consequences.

Request diagnostics are recorded for the learned policies at every decision. They include request frequency, hold and
switch shares, approval by request type, hold requests overridden by maximum green, forced switches, and total phase
switches. The diagnostics describe how the learned policy responds to requests; they do not by themselves identify a
causal explanation for performance.

The primary contrasts compare request-aware DQN with fixed, actuated, max-pressure, and queue-only control. The
queue-only contrast identifies the marginal effect of the complete request mechanism. The other contrasts combine
queue-responsive learning with that mechanism. Queue-only versus fixed time provides an additional check that
adaptation survives when the request mechanism is removed.

4.3 Statistical analysis

Each DQN condition forms a crossed matrix with five training realizations as rows and ten traffic realizations as
columns. The 50 evaluations are therefore not treated as 50 independent replicates. For every DQN comparison on
the primary outcome, we compute the mean over the complete matrix and obtain a two-sided 95% percentile interval
by independently resampling five rows and ten columns with replacement. We use 50,000 bootstrap replicates and a
fixed analysis seed. For Full-versus-Queue-only contrasts, the identical resampled training-seed indices and traffic-seed
indices were applied jointly to both variants before differencing, preserving the paired structure along both axes. For
DQN-baseline contrasts, the baseline result for each traffic realization is shared across the five DQN rows.

The crossed bootstrap is the main uncertainty analysis for average queue because it represents both training-realization
and traffic-realization variation. We describe an interval as excluding zero rather than treating its 50 underlying cells
as independent evidence. The earlier traffic-seed analysis—which first averages over training policies, then applies
paired ¢ and Wilcoxon tests with Holm correction across seven penetrations—is retained in the evidence package as
a traffic-conditional diagnostic. A traffic-clustered interval over all 50 cells is also retained for traceability, but it is
not interpreted as a complete two-source interval. We separately report the standard deviation and range of the five
policy means. The checkpoint rule, seed pairing, outcomes, aggregation, and multiplicity procedure were fixed before
statistical processing. No run or training realization was removed as an outlier.

5 Results

5.1 Queue-responsive adaptation across demand and penetration

Both learned controller families had lower mean queue than fixed time in every demand—penetration cell. The request-
aware reductions were 13.25-24.01%, and the queue-only reductions were 13.43-25.57%. More importantly for the
method-level claim, every queue-only versus fixed, actuated, and max-pressure crossed-bootstrap interval excluded zero
in the favorable direction (21/21 per baseline, 63 in total). Queue-only control also showed 5/5 training-realization
direction agreement in all 21 fixed-time comparisons. Queue-responsive adaptation therefore remained beneficial
without the request mechanism.

The request-aware DQN also had lower point estimates than presence-actuated and max-pressure control in all 21 cells
(Table 3). Twenty of 21 crossed intervals excluded zero for each conventional-baseline comparison. The exception was
nominal demand at 50% penetration: request-aware mean queue remained below fixed, actuated, and max-pressure
control, but all three intervals crossed zero because between-training variation was large. We therefore report the
favorable mean without treating this cell as established across training realizations.

Table 3: Range of average-queue percentage reductions across the seven penetrations at each demand level. Crossed-
bootstrap intervals exclude zero for every Queue-only comparison (21/21 per baseline, 63/63 total) and for 20/21
Request-aware comparisons per baseline; the common exception is nominal demand at 50% penetration.

Demand Full-Fixed Full-Act. Full-MP  Queue-Fixed  Queue—Act. Queue-MP
factor (%) (%) (%) (%) (%) (%)
0.7 15.23-22.59 17.58-25.61 16.66-25.95 13.43-22.39  16.64-23.58 16.68-22.54
1.0 13.62-19.08 11.66-33.08 17.60-20.50 18.47-25.57 19.45-36.90  20.26-29.00
1.3 13.25-24.01 12.93-23.48 13.78-24.61 13.76-18.65 13.73-18.99  14.15-19.29
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5.2 Request conditioning at the training demand

The matched ablation changes the interpretation of the baseline result. At nominal demand, Full-minus-Queue-only
point estimates were positive at every penetration, but crossed uncertainty supports a clear increase only at 20 and
80% penetration (Fig. 3). The respective differences were +0.141 vehicles (95% CI [+0.070,40.217]) and +0.169
([4+0.079, +0.265]). The largest point difference occurred at 50% penetration (+0.351 vehicles), yet its interval
was [—0.103, +1.028] because training-realization dispersion dominated traffic-realization dispersion. It is therefore
inappropriate to present the 50% cell as a stable degradation of the learning method.

No request occurs online at 0% penetration. The positive full-minus-queue difference in that cell therefore reflects
policies learned under different training inputs and objectives rather than the use of requests during evaluation. More
generally, the ablation measures the complete request mechanism, not the isolated value of one observation coordinate
or reward term.

Extending the 2D crossed bootstrap to secondary delay metrics confirms identical behavior: for both stopped time and
completed-vehicle travel time, the 95% crossed-bootstrap intervals exclude zero in the exact same eight of 21 conditions
(and in matching directions: three favoring Full DQN, five favoring Queue-only DQN), while completed-vehicle counts
differ by only 0.05-0.15%.

Request conditioning is demand- and training-sensitive, not penetration-monotonic

Full - Queue-only average queue (vehicles); negative values favor the complete request mechanism

—@— 700veh/h —— 1,000 veh/h —&— 1,300veh/h
1.0 T
0%: no online requests; this . PP
§ . quests; Nominal demand at 50%: the wide interval
column diagnoses training reflects training-realization dispersion
0.8 history, inputs, and objective. 8 P i

0.6

Full - Queue-
only
avg queue
(vehlcles]o_2

0.0

-0.2

0.4

0% 5% 10% 20% 50% 80%

Connected-vehicle penetration
Crossed bootstrap 95% intervals: 5 matched training realizations x 10 traffic realizations; rows and columns resampled independently (50,000 replicates)

Figure 3: Effect of the complete request mechanism on average queue. Points are Full minus Queue-only means;
negative values favor Full. Error bars are 95% crossed-bootstrap intervals obtained by independently resampling five
matched training realizations and ten traffic realizations. Hollow markers at 0% penetration denote a training-history
diagnostic because no request occurs online. The response changes with demand and is not monotonic in penetration.

Table 4: Complete request-mechanism effect on average queue, reported as Full minus Queue-only mean [95% crossed-
bootstrap interval] in vehicles. Negative values favor Full.

Pen. (%) Demand 0.7 Demand 1.0 Demand 1.3

0 —0.020[-0.101, 40.059] +0.044 [—0.028, +0.151] —0.004 [—0.023,40.017]

5 +0.038 [+-0.016, +-0.058] +0.035[—0.024, +0.107] +0.014 [—0.043, +0.071]

10 —0.018[—0.054, +0.022] +0.033 [—0.015, +0.082] +0.021 [—0.024, +0.071]

20 —0.165[—0.230, —0.100] +0.141 [4+0.070, 40.217] +0.097 [—0.107, +0.358]

50  +0.007[—0.086,+0.140] +0.351[—0.103, +1.028] +0.069 [+0.001, 40.142]

80 —0.189[—0.262, —0.115] +0.169 [4+0.079, 40.265] —0.207 [—0.388, —0.064]

100 —0.031[—0.142,40.070] +0.015 [—0.229, +0.294] +0.070 [+0.032, 4-0.106]
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5.3 Demand dependence of the request effect

Changing demand altered both the direction and magnitude of the request contrast. At 700 veh/h, crossed intervals
favored Full at 20 and 80% penetration, favored Queue-only at 5%, and included zero in the other four cells. At
1,000 veh/h, the intervals favored Queue-only at 20 and 80% and included zero elsewhere. At 1,300 veh/h, 80% favored
Full, whereas 50 and 100% favored Queue-only; the remaining cells included zero. The complete request mechanism is
therefore favored in three of 21 conditions, whereas Queue-only is favored in five; the other 13 remain unresolved under
crossed uncertainty.

The sign pattern is not ordered by penetration. For example, 80% favors Queue-only at nominal demand but Full at
both shifted demands. Likewise, high-demand results change from Queue-only at 50% to Full at 80% and back to
Queue-only at 100%. These reversals are evidence of a demand-conditioned response, not a penetration dose—response
relation.

5.4 Independent training exposes policy variability

Most request-aware policies formed a compact group at nominal demand, with between-policy standard deviations of
0.026-0.041 vehicles from 0 to 80% penetration except at 50% (Table 5). At 50%, policy means ranged from 1.837
to 3.918 vehicles. The 2.081-vehicle range was more than sixteen times the mean within-policy traffic-realization
standard deviation of 0.127. The same training realization had the largest mean at 100%, where the five-policy range
was 0.896 vehicles. Its 50 evaluation runs were complete and are retained. We describe this observation only as poor
out-of-sample performance for one training realization; the available evidence does not diagnose why it occurred.

Queue-only policies also varied across training seeds, but their largest nominal-demand range was 0.288 vehicles. The
contrast between the two DQN families was correspondingly less seed-consistent than their contrasts with conventional
control: full versus queue-only direction agreement ranged from 2/5 to 5/5 across cells. The penetration-specific sign
pattern from a single policy is therefore not a stable property of the request mechanism.

Table 5: Between-policy variation in nominal-demand average queue across five training realizations. Values are
standard deviation and range of the five policy means.

Pen. Request-aware Queue-only
(%) SD  Range SD  Range

0 0033 0.087 0.108 0.253

5 0032 0.08 0076 0.175
10 0.032 0.083 0.046 0.119
20 0.026 0.052 0.082 0.171
50 0.812 2.081 0.116 0.246
80 0.041 0.094 0.079 0.174
100 0348 0.896 0.125  0.288

5.5 How the learned policy uses requests

Request density at the nominal demand increased from zero to 595 observations per 1,000 vehicles as penetration rose
(Table 6). Hold requests accounted for 57-75% of the total. The policies approved 75-81% of holds but only 27-37%
of switches. A request cue therefore did not directly determine the action; the learned policy rejected most requests that
asked it to leave the current phase.

Hold requests overridden by the 20 s shield accounted for at most 0.22% of holds. The DQNs executed approximately
164-174 phase switches per hour, compared with 122 for fixed time. These event counts document frequent adaptation
and asymmetric approval, but they do not establish whether an accepted or rejected request caused any queue outcome.
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Table 6: Request diagnostics for the request-aware DQN at nominal demand. Request rate is per 1,000 observed
vehicles; approvals and forced overrides are percentages.

Pen. Req. rate  Hold share ~ Hold appr. Switch appr. Forced hold ~ Switches

(%) (%) (%) (%) override (%) ()
0 0.0 - - - - 17436

5 26.9 62.3 78.3 30.6 000  173.62
10 56.9 65.7 81.2 283 0.05 172.54
20 103.5 613 75.0 26.9 022 17032
50 324.0 574 76.4 319 002 16372
80 458.5 69.5 79.8 30.2 005 16448
100 595.1 74.7 76.8 37.3 0.01 164.84

6 Discussion

The experiments separate two claims that are easily conflated. First, queue-responsive learning produced a consistent
advantage over fixed-time, actuated, and max-pressure control in the tested intersection. Second, adding request-state
inputs and request-shaped reward did not produce a consistent marginal gain over the matched queue-responsive
controller. The first result concerns adaptive timing. The second concerns the complete request mechanism, not a
pure observation contribution. Treating the conventional-baseline comparison as evidence for that mechanism would
overstate what the experiment establishes.

A request cue and its reward term can conflict with the aggregate congestion objective. A hold request concerns one
approaching vehicle, whereas queue and stopped-time penalties aggregate conditions across movements. A hold may
preserve service for that arrival while delaying an opposing queue; a switch may incur clearance time and truncate
useful green. The learned controller approved roughly three quarters of hold requests and about one third of switch
requests. These counts are compatible with selective request use, but they cannot determine which decisions caused the
observed performance differences.

The crossed analysis changes the strength of the demand-dependent conclusion. Only eight of 21 intervals exclude zero,
and the largest nominal-demand point loss at 50% has the widest interval. The supported pattern is therefore sparse
rather than uniformly adverse: Full is favored at low-demand 20 and 80% and high-demand 80%, while Queue-only is
favored in five other cells. Neither penetration nor matching the training penetration predicts the direction reliably.

Independent retraining changes the interpretation of a single-checkpoint pattern. Most request-aware policies were
closely grouped at low and medium penetrations, but one retained training realization performed substantially worse
at 50 and 100%. Omitting it would suppress a genuine source of method-level uncertainty. Training realizations are
therefore part of the evidence for deep RL, not merely a device for narrowing error bars [15, 16]. A penetration trend
inferred from one checkpoint can describe one learned policy rather than the training procedure.

The practical design implication is to learn when a request deserves influence rather than apply request augmentation
unconditionally. Hold and switch requests could be represented separately and conditioned on queue imbalance, phase
age, and congestion state. A factorial experiment that independently removes request observations and request reward
would separate the contribution of the state inputs from reward shaping. It would also help characterize high-penetration
training-realization variability without assuming its cause in advance.

The strong baseline results should also be read at the scale of the study. Max-pressure was adapted to the same isolated
two-phase junction and safety timings, and the actuated controller used a common detector-based logic. The DQN
advantage is therefore meaningful for this controlled site, but it is not evidence that one learned controller dominates all
actuated or max-pressure implementations. Likewise, exact simulator access isolates an algorithmic mechanism; it does
not measure the reliability of a deployed V2X system with delayed, missing, or erroneous messages.

7 Limitations

The study uses one isolated, site-derived intersection, one turning pattern, and three scaled demand levels. It does not
establish transfer to coordinated corridors, alternative geometries, pedestrian operation, incident conditions, or sustained
oversaturation. The site has not been calibrated against field queues or travel times.

Five training realizations expose material variability but do not fully characterize convergence or hyperparameter
sensitivity. Training was limited to 20 one-hour episodes under a fixed configuration, and the poor high-penetration
realization was not diagnosed through representation or gradient-level analysis. The whole-mechanism ablation also
removes request observations and request reward together, so it cannot isolate their individual effects. Crossed-bootstrap
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intervals are pointwise exploratory intervals across 21 conditions rather than simultaneous familywise intervals, and the
training axis contains only five realizations.

Penetration changes both information availability and simulated vehicle composition because connected and human-
driven vehicles use different car-following parameters. Paired controller contrasts within a cell remain controlled, but
comparisons across penetration levels are not a pure information dose-response experiment. In addition, the request
diagnostics are observational and cannot show which accepted or rejected requests caused an outcome.

The request mechanism assumes exact simulator state inside a deterministic 150 m range. Communication delay, loss,
localization error, security, controller hardware, and fail-safe behavior are outside the model. The max-pressure baseline
is an isolated-intersection adaptation rather than a network implementation. Future work should therefore combine a
factorial state—reward ablation with independent variation of information and vehicle behavior, multiple networks and
training budgets, explicit communication impairments, and hardware-in-the-loop or field validation.

8 Conclusion

Across three demands and seven connected-vehicle penetrations, the queue-only DQN reduced mean queue relative
to fixed-time, actuated, and max-pressure baselines in every tested condition, with crossed intervals excluding zero
throughout. The matched five-realization ablation supports a narrower conclusion for request conditioning: three
conditions favored the complete request mechanism, five favored its removal, and the remaining 13 were unresolved
under crossed uncertainty. The direction was not monotonic in penetration and changed with demand. One retained
high-penetration training realization also widened uncertainty enough to overturn an apparently strong point comparison.
Request conditioning should therefore be evaluated as a context-dependent mechanism, with both training and traffic
variation represented explicitly.

Data and Code Availability

The evaluation CSV files, analysis configuration, controller source code, SUMO network and route definitions, and
execution manifest are retained in a versioned local research package and are available from the corresponding author
on reasonable request. The arXiv package includes the manuscript source and both vector figures, but not trained model
binaries or the Python environment.
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