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Abstract. Cooperative ramp merging is still difficult due to the delayed, partially occluded and heterogeneous observations
of connected vehicles. Develop a safety-shielded diffusion policy in this paper that converts vehicle-infrastructure
collaborative perception into coordinated longitudinal control. Roadside and onboard tracks are aligned in time and
associated to form a confidence-aware interaction graph. A conditional denoising process then samples joint acceleration
sequences, and risk guidance biases the reverse trajectory towards acceptable gaps, while a lightweight safety projection
repairs residual constraint violations. Optimize auxiliary demonstrations for training strategies and test various traffic
demand, penetration rates, sensor noise, occlusion, and communication delay scenarios in a closed-loop micro-simulator.
Compared with a rule-based cooperative controller, model predictive control, behavior cloning and an unshielded diffusion
policy, the proposed method has reduced the average ramp delay by 24.7%, decreased speed variance by 31.2%, and
increased successful merges to 98.1%. The 5th-percentile time-to-collision is 1.54 seconds for the strongest non-diffusion
baseline and 2.06 seconds; only 3.8% of the executed actions modify the safety projection. Under 300ms communication
delay, the success rate is 94.6%, and confidence conditioning and receding-horizon resampling avoid a sharp drop. Therefore,
the above results show that diffusion-based multimodal action generation can effectively and stably support merge
coordination when combined with explicit uncertainty representation and a minimally intrusive safety layer.
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Introduction

Freeway on-ramp merging concentrates the conflict in a small Area and propagates the acceleration choice of
one vehicle to the mainline. Traditional ramp control only regulates the supply of aggregate and does not solve
the vehicle-level negotiation problem caused by a short gap and heterogeneous driving response [1]. Connected-
vehicle message communication adds intent and kinematic data, but the on-board view is often obscured by
trucks, barriers or ramp geometry [2]. Roadside sensing extends the observable area and offers vehicles
preparing to merge a common spatial reference [3]. Together, these sources can be used to conduct vehicle-
infrastructure collaborative perception to detect conflicts earlier and support coordinated motion rather than a
series of independent yielding decisions [4]. However, the useful output is not an ideal scene; rather, it is a time-
varying belief that has been constructed from measurements with different latencies, visibility and confidence
levels.

A cooperative merging controller with rules, game models, optimization, and reinforcement learning has already
been proposed. Rule-based methods are transparent, but they are cumbersome when there are multiple valid
merge orders [5]. Model Predictive Control (MPC) can handle dynamics and explicit constraints, but the online
search increases rapidly with the number of interacting vehicles and uncertain hypotheses [6]. The learned
strategy reduces computation after training, but deterministic regression tends to average over different actions
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and may issue uncertain control commands near the merging sequence boundary [7]. Multi-agent
reinforcement learning can find coordination, but reward design, distribution shift and safety certification for
sparse hazardous events are still problems [8]. More significantly, many controllers collapse collaborative
detections into a single deterministic state and thus fail to distinguish between a well-observed empty gap and
a gap that appears empty only because of stale roadside packets.

This paper studies merge control as conditional generation over a short joint action horizon. A diffusion policy
is selected to keep several feasible solutions and add guidance at inference time through iterative sampling. The
four components of the proposed model are: confidence-aware fusion of onboard and roadside tracks, an
interaction encoder that represents candidate conflicts, risk-guided denoising of joint accelerations, and a
control-barrier projection applied only when a sampled action is close to a hard safety boundary. The
optimization-assisted demonstration provides smooth and diverse supervision without the need for online
optimization during deployment. Determine whether the combination of the two is more efficient without losing
robustness, and if so, whether this advantage still exists in the case of sensor and communication degradation.
Closed-loop testing is organized around traffic performance, safety tail, robustness surface, action distribution,
and ablation, with all claimed mechanisms traceable to observable outcomes.

Related Work

Cooperative Perception and Merge Coordination

Collaborative Perception aligns observations from vehicle-mounted sensors and fixed infrastructure before
object-level or feature-level fusion. Object-level fusion is attractive for control because tracks have physical
meaning and require a relatively narrow bandwidth; however, it is dependent on association quality [9]. Feature-
level collaboration has more abundant evidence, but it requires more communication and is harder to
synchronize in time [10]. Infrastructure sensing has been used to expand the look-ahead region and distribute
recommended gaps or target speeds for merge coordination [11]. These studies have shown the value of a
shared scene, but confidence is often used only to filter detections. The controller received a normal status and
did not explicitly report that a key neighbor is supported by only one of the two most recent sources, which is
an old source. Track age, covariance and source diversity are thus control-relevant factors. Omission is
particularly detrimental at a ramp; a small longitudinal error can cause the inferred order of the two vehicles to
be reversed. A good collaborative representation should maintain physical consistency, handle unknown cross-
correlation, and be small enough for a 10 Hz control loop.

Generative Policies and Safety-Constrained Learning

The optimization-based merging planner directly encodes collision, comfort, and throughput objectives, while
the backward view execution limits the impact of prediction errors [12]. Imitation learning replaces repeated
optimization with supervised reasoning, but unimodal action regression may cause demonstrations expressing
different valid merge sequences to collapse [13]. Diffusion models offer an alternative by learning a conditional
score of action sequences and have shown an ability to represent multimodal trajectories [14]. Safety layers
based on barrier functions or constrained projection can then correct an unsafe nominal action while keeping
most of the learned policy output [15]. Existing generative-control research has seldom integrated collaborative
perception confidence, interaction-specific risk guidance and joint merge actions in a single deployable loop.
Currently, the formula only addresses this connection and determines how often an explicit shield is required.
The above separation is necessary for engineering validation: credit will be given to the generative policy for
producing useful modes, guidance on ranking modes under soft risk, and a shield for enforcing hard local
feasibility. If there are no component-level measurements, good safety outcomes may be due to excessive
fallback rather than learning behavior.
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Collaborative Perception and Problem Formulation

Confidence-Aware Collaborative State

The controlled region has a ramp lane, two mainline lanes and a 240-m coordination zone upstream of the gore.
Every connected car sends its pose, velocity and destination path at 10Hz. Two roadside units output object
tracks at 20 Hz. All measurements are converted to curvilinear coordinates along the lane centerline and
propagated to the current control time. For track i from source s, the propagated longitudinal position is given
by the formula above.

1
pi(t) = pi(ts) + v ()AL + Eai(ts)Atz Eq.(1)
Propagation separates transport delay from measurement time, and thus a delayed packet is not mistaken for

a stationary object. The corresponding covariance increases with latency according to the above formula, and
older packets are still valid but have a reduced impact.

Zi(t) = FAOZ(t)FT (At) + Q(41) Ea.(2)
Track association uses a gated Mahalanobis distance in position-velocity space. Because the cross-correlations
between roadside and onboard estimators are unknown, associated tracks are fused by covariance intersection
as written below. A learned scalar gate adjusts the conservative mixing coefficient from visibility, packet age,
and source count. The confidence retained for downstream control is then obtained from the fused covariance
and packet age.

It =0l + (1- )2y = ErloZtn, + (1 - 0) 27w, ] Eq.(3)
The fused estimate still requires a separate reliability descriptor before it is passed to the interaction encoder.
tr(Z'i) Ati
L= - - Eq.(4
o | (2

The processing chain is shown in Figure 1: time-aligned vehicle and roadside observations enter track association,
conservative fusion, confidence calibration, interaction-graph construction, and the receding-horizon control
interface. The two feedback paths in the diagram are: executed-action feedback to the ego estimator and
communication-quality feedback to confidence calibration.

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5
Heterogeneous Time Alignment Association and Confidence-Aware Receding-Horizon
Observations Conservative Fusion Interaction Graph Control Interface
Graph tokens z
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Figure 1. Vehicle-infrastructure collaborative perception and control-state construction pipeline.

Interaction Graph and Merge Objective

The graph is cropped by interaction relevance rather than Euclidean distance alone. A mainline vehicle far
upstream can be omitted when its arrival interval cannot overlap the ramp vehicle, while a vehicle beyond the
visible taper is retained if its closing speed makes it a plausible gap boundary. The missing neighbors are
displayed as masks, and the order of the nodes remains unchanged. A random subset of low-confidence edges
is removed and the remaining confidence values are perturbed during training. Augmentation can help the
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encoder differentiate between a sparse but plausible scene and a dense scene with weak associations. Lane
topology enters via learned embeddings for upstream, acceleration, merge and downstream segments, and the
same encoder weights are used to process vehicles before and after the lane boundary.

A Directed Graph is built at each control stage. Nodes are ramp vehicles and nearby mainline vehicles, and edges
connect vehicles with overlapping predicted lane-aligned intervals within 5 seconds. Node features are position
of merge, speed, acceleration, lane, vehicle length, connectivity and confidence. Edge features are relative
distance, closing speed, estimated arrival-time difference and a visibility flag. The attention update is as follows:
attenuate the uncertain sender features without eliminating them.

T
h; = LN |h; + Z softmax; (q\l/gj + log c]-> W, h; Eq.(5)
JEN (D)
The control output is a joint sequence of longitudinal accelerations for the ramp vehicle and up to four
cooperative mainline vehicles over a 3s horizon. Non-cooperative vehicles are predicted by an ensemble motion
model. The demonstration generator balances progress, speed harmony, comfort, gap acceptance and control
effort based on the weighted objective below. Merge order is not explicitly marked; rather, it is derived from
the optimised paths, and some valid orders in ambiguous scenarios remain ambiguous.

] = Ap] progress + /117] speed + Ag gap + /1}] Jerk + /’luj control Eq.(6)
Safety refers to the predicted longitudinal clearance under relative motion and state uncertainty. Therefore, the
required gap is larger for a faster-closing and more uncertain approach, so a noisy closing vehicle will be given
more leeway than a well-observed receding vehicle. The above state and purpose of uncertainty are actionable
in terms of representation and constraints.

9ij = (pj —-p; — Lj) - [go + Thmax(vi -, 0) + K ’aiz + 0]_2] Eq.(7)

Risk-Guided Diffusion Merge Policy

Conditional Denoising of Joint Actions

The four resolution levels and causal one-dimensional convolutions for each action channel in the Temporal
Network. At the two coarsest levels, cross-attention is used and the receptive field covers the whole control
horizon. The condition vector contains graph tokens, ramp vehicle identity, current actuator state,
communication-quality statistics and the remaining distance to the gore. Sinusoidal Embeddings describe the
diffusion step. Joint generation is superior to sequential vehicle decision-making because it can directly display
coordinated behavior; for example, ramp acceleration can be combined with small-scale mainline release, rather
than predicting separately and then coordinating. Padding masks ensure that scenes with fewer cooperative
vehicles do not generate artificial zero-acceleration agents.

Demonstration action sequences are standardized and perturbed through a cosine variance schedule. At
diffusion step k, the forward process gradually removes the structure of the joint action horizon by adding
independent Gaussian noise.

X =/ AXxg+1—ae, e ~N(0,1) Eq.(8)
A temporal U-Net with graph-conditioned cross-attention predicts the injected noise. Learning the reverse
process requires the network to recover the perturbation applied at each diffusion step.

Laigr = By relll€ — €9 (x4, k, 2)115] Eq.(9)
To prevent overdependence on perfect connectivity, source masks, packets, and confidence channels are
randomly dropped during training. At deployment, the reverse process begins from Gaussian noise and runs for
12 deterministic sampling steps using the update below.

Xpo1 = A1 Xo + /1 — @x_1&p Eq.(10)
Then, according to the circumstances and risks, a nominal reverse update is carried out. Classifier-free guidance
integrates conditional and unconditional noise estimates. A separate differentiable risk term calculates soft gap
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violations, acceleration discontinuity, and terminal merge infeasibility, and its gradient alters the predicted noise
as shown below.

€ = €, + we(e. — €) + w1 — @V, R(xy, 2) Eq.(11)
This shifts the samples without retraining the denoiser. The policy generates eight candidate joint sequences in
parallel. Candidates are ranked according to predicted safety margin, progress, comfort and disagreement with
the fused belief. Maintain multimodality before the final selection step, avoiding averaging early merged
sequences with priority output sequences.

Safety Projection and Receding-Horizon Execution

Barrier constraints are only generated for pairs that can interact in the next 1.5 seconds to keep the projection
small and avoid conservative corrections from distant vehicles. Linearization is carried out at the first denoised
action and the current fused state. For cooperative mainline vehicles, adjustments can be distributed between
the two agents based on comfort weight; for non-cooperative neighboring vehicles, only the controlled vehicle
will be changed. The ranking score also has a margin for model mismatch, and therefore the projection is not
expected to correct systematically risky samples. Therefore, the frequency of intervention is an engineering
diagnosis; a rising rate may indicate sensing degradation, out-of-distribution traffic patterns or poorly tuned
guidance before a serious violation occurs.

Only the first action of the selected sequence is executed. Before actuation, a one-step quadratic program finds
the smallest correction that satisfies control bounds and the pairwise barrier condition below.

These barrier inequalities are enforced through a minimum-correction projection of the nominal command.

] 1
w =argmin S llu =l + plIEl
u

st Au<b+§ §=>0.
Slack is permitted only for numerical feasibility and carries a high penalty. The operational architecture is
summarized in Figure 2. The upper branch encodes the collaborative graph; the center branch performs
conditional denoising, risk guidance, and candidate ranking; the lower branch projects the selected first action
and feeds the observed transition back to the next 100 ms cycle. Distinct icons for sensors, graph attention, a
denoising trajectory stack, a shield, and cooperating vehicles should make the inference path visually separable
from the safety path.

Eq.(13)

Collaborative Condition Encoding

(o )
encoder

Scene condition 2

Merge geometry

Conditional Diffusion Policy
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ee guidance

Early-merge mode

Execute
first action
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Figure 2. Risk-guided diffusion policy, candidate selection, safety projection, and receding-horizon execution.
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The final executed action is rate-limited by the clipping operation below, suppressing command chatter when
successive samples select neighboring modes.

us = Clip [u?' Ut _jmaxAt' Up_q +jmaxAt] Eq-(14)
If the collaborative data packet flow is lost, confidence will decrease, and the condition mask will shift the
strategy to only allow boarding behavior. If no candidate meets the ranking requirements, a conservative
yielding sequence for that projection layer will be returned.

Experimental Evaluation and Analysis

Experimental Setup and Baselines

The simulator will update vehicle motion at 50Hz and the control update rate is 10Hz. Human-driven vehicles
use an intelligent-driver longitudinal model with heterogeneous time gaps and a lane-change model that
reproduces forced and cooperative merges. Cooperative commands are subject to a 0.35 s first-order actuator
lag and bounded between -4.0 and 2.5 m/s?. A merge is successful when the ramp vehicle crosses the lane
boundary without collision, without an emergency stop below 2 m/s in the taper, and with a post-merge gap
that stays positive for 2 s. Delay is measured against an unconstrained free-flow traversal, preventing slow initial
arrivals from being counted as controller delay. Hard braking denotes acceleration below —3.0 m/s? for at least
0.2s.

A closed-loop microscopic simulator models a 1.4 km freeway segment with a 320 m acceleration lane. Traffic
demand ranges from 1200 to 2200 veh/h/lane, ramp inflow from 250 to 700 veh/h, and connected-vehicle
penetration from 20% to 100%. Passenger-car desired speeds follow a truncated distribution between 22 and
33 m/s, with vehicle lengths from 4.2 to 5.3 m. Roadside range noise is 0.25 — 1.50 m, packet delay is 0 —
500 ms, and random block occlusions last 0.5 — 3.0 s. Scenario generation follows the principle that demand,
sensing, and communication factors should vary jointly rather than in isolated nominal cases [16]. Each
configuration uses 30 random seeds and at least 600 merge events.

Compared five controllers: a gap rule-based cooperative controller, constrained model predictive control, graph
conditional behavior cloning, an unshielded conditional diffusion policy, and the proposed risk-guided shielded
diffusion policy. The predictive controller has the same dynamics and nominal safety gap as the demonstration
optimizer, thus avoiding model advantage. Behavior cloning shares the graph encoder and action horizon with
the method proposed above. Evaluation reports include success, ramp delay, speed variance, jerk, minimum
time-to-collision, hard-braking rate and 95th-percentile computation time. Tail safety indicators are still used
because averages may conceal infrequent close encounters [17]. Bootstrap confidence intervals are computed
over seeds, and paired tests use matched scenario instances [18].

The training used 420,000 action windows, of which 70% were generated through constraint optimization and
30% were collected through random expert rules to expand the maneuvering patterns. The train, validation and
test maps use different demand seeds and occlusion positions. AdamW is run for 220 epochs with a peak
learning rate of 2 X 10™*, batch size 256, exponential moving average 0.995 and gradient clipping at 1.0. The
diffusion horizon has 30 control points, with a candidate count of eight, and the deployed sampler uses 12 steps.
Hyperparameters are chosen based on the validation success and within a fixed safety limit; the test data
remains unchanged during selection [19].

Traffic Efficiency, Safety, and Control Behavior

Under nominal demand, the gap rule controller repeatedly waits for a single deterministic acceptance threshold
and exhibits stop-and-go behavior when the observed gap fluctuates around that value. Model predictive
control anticipates the gap evolution and is smoother, but its limited branching horizon often commits to
yielding before a later cooperative opening becomes beneficial. Behavior cloning reacts quickly but sets an
excessively low probability for acceleration in ambiguous scenes. The two diffusion controllers are in different
states. Risk guidance changes their rank the most when the predicted arrival-time differences are within 0.4s,
that is to say, when the merge order is genuinely uncertain. Outside of that area, the guided and unguided
candidates are almost the same; therefore, the safety mechanism does not apply a large delay penalty.
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As shown in Figure 3(a), the proposed method has achieved a relatively high merge success rate of 98.1%, which
is higher than that of unshielded diffusion (96.2%), model predictive control (94.8%), Behavior Cloning (91.5%),
and the gap rule (88.7%). Combine proximity and response-severity indicators in the safety report instead of
using a single average [20]. As shown in Figure 3(b) of the efficiency-stability plane, the method has an average
delay of 3.42s and a standard deviation of 0.83m/s for speed; the corresponding model-predictive values are
4.31s and 1.07m/s. The safety tails shown in Figure 3(c) also show a 2.06 s 5th-percentile time-to-collision and a
0.42% hard-braking rate, improving the strongest non-diffusion baseline values of 1.54 s and 0.91%. Confidence
Intervals for Success and Delay Remain Separate.
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Figure 3. Overall closed-loop performance: (a) merge success with bootstrap intervals; (b) efficiency-stability Pareto scatter; (c) safety-tail
indicators with threshold annotations.

Across the five demand levels, Figure 4(a) shows a controlled success decline from 99.0% at 1200 veh/h/lane to
94.2% at 2200 veh/h/lane, whereas model predictive control declines from 97.3% to 88.1%. Because congestion
episodes produce asymmetric delay tails, distributional evidence is needed alongside mean performance [21].
The violin-box distributions in Figure 4(b) give a proposed median of 3.18 s, an interquartile range of 2.31 —
4.06 s, and a 95th percentile of 6.72 s, while the rule-based tail reaches 11.84 s.
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Figure 4. Demand response and delay distribution: (a) success curves across five demand levels with a 95% service line; (b) violin-box
distributions with medians, quartiles, and 95th-percentile markers.

The gains do not arise from aggressive acceleration. Across all test runs, root-mean-square jerk is 1.18 m/s3 for
the proposed controller, 1.12 m/s?® for model predictive control, 1.36 m/s® for unshielded diffusion, and
1.74 m/s? for behavior cloning. Mean ramp-vehicle energy proxy, calculated as positive tractive power per
merge, is 0.6% higher than that of model predictive control but 8.4% lower than the gap rule. Therefore, this
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policy will be used to provide a small amount of smooth control effort to stabilize interactions without forcing
the generation of brief gaps. Paired seed analysis reduces the delay by 24.7% and the speed-variance by 31.2%
compared to the gap controller.

Stratified check can be free-running, synchronous or congested. In free flow, all learned controllers have
exceeded 97% success and their average-delay difference is less than 0.6s. In a synchronous flow, the policy has
the largest practical advantage; that is, small complementary actions can create a usable slot without requiring
either stream to stop. Under congestion, the absolute delay of each controller increases, but the diversity of
diffusion candidates reduces the number of aborted merge attempts. Therefore, the improvement will be in
interactive modes rather than simple isolated modes. Seed-level confidence intervals are narrower after more
merge operations per run due to a larger number of merge events, but scenario-level variability increases; both
aggregation levels have been examined to avoid overstating the precision.

The early-merge space-time corridor in Figure 5(a) has a minimum predicted clearance of 2.34s and shows how
the ramp vehicle passes between the mainline leader and follower. For the alternative yield-first response,
Figure 5(b) shows the accepted-gap evolution and marks the yield command, gap-opening instant, and merge
commitment; the minimum clearance is still 2.27 s before the accepted gap expands to 12.7 m. When multiple
merged sequences achieve the same goal, multimodal output is appropriate [22], and these two representations
confirm that the denoiser did not simplify the alternatives into an averaging operation. Before candidate ranking,
the first-action density in Figure 5(c) contains peaks at -0.62 and 0.38 m/s?. The safety-intervention waterfall in
Figure 5(d) attributes the increase in predicted minimum time-to-collision from 1.63 to 2.11 s primarily to risk
guidance and records a peak safety-projection correction of only 0.21 m/s2.
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Figure 5. Policy behavior and multimodality: (a) early-merge space—time corridor; (b) yield-first accepted-gap evolution with maneuver
events; (c) joint first-action density with modal annotations; (d) safety-intervention waterfall with threshold and correction annotations.

Robustness and Ablation Analysis

Sensitivity tests also vary the diffusion sampler. Reducing the reverse process from 12 to 6 steps cuts median
denoising time by 43%, but merge success decreases by 1.4 points and jerk rises by 0.16 m/s3. Increasing the
steps to 20 only improves the accuracy by 0.2 and increases the time by 13.8 ms; therefore, the chosen
configuration is close to the knee of the accuracy-latency curve. Stochastic samplers produce slightly more
diverse candidates but lack consistency in consecutive control cycles; deterministic sampling with a new initial
noise provides a good balance. Warm-start the first half of the candidates from the previous shifted solution to
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reduce acceleration discontinuity without suppressing other merge orders, as the remaining candidates still start
from independent noise.

The robust grid consists of independent Gaussian localization errors and burst communication losses generated
by a bistable channel. Confidence calibration reduces the weight of propagated roadside tracks during a burst,
and the graph mask preserves the last reliable topology for no more than 0.5 s. This way avoids the two opposite
failures: treating a stale object as exact and deleting it immediately. At a 300 ms delay, the calibrated policy
expands the predicted gap margin by 0.28 m and moves 12% of the selected candidates from the early-merge
mode to the yield-first mode. It will change slowly and not suddenly. An uncalibrated variant maintains the
nominal mode distribution until its success collapses at a large delay, indicating that confidence functions are
operating as control inputs rather than simply as detectors of quality.

The success surface in Figure 6(a) remains above 94.6% through 1.0 m position noise and 300 ms delay, then
falls to 89.7% at 1.5 m and 500 ms. Delay-aware testing reflects the bursty nature of cooperative
communication more accurately than a fixed-noise assumption [23]. Over the same latency range, Figure 6(b)
shows average delay rising from 3.42 to 4.18 s for the proposed method, compared with 4.76 to 6.41 s for
behavior cloning. Shield activity in Figure 6(c) remains limited overall at 3.8%, increasing from 1.1% under clear
perception to 8.9% in the most degraded setting.
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Figure 6. Robustness to perception and communication degradation: (a) success heat map over noise and delay; (b) delay curves under
packet latency; (c) shield-intervention bars by degradation regime with a 10% operational threshold.

Success is 91.2%,94.0%, 96.3%,97.4% , and 98.1% at 20%,40%, 60%,80% , and 100% connected
penetration, respectively. The benefit saturates beyond 80% because roadside tracks still cover unconnected
vehicles. Therefore, the cooperative system assessment should also report on communication coverage and
sensing coverage [24]. Removing roadside observations at a 40% penetration reduces the success rate to 87.6%
and adds 1.31s of delay; thus, infrastructure sensing contributes beyond message coverage when a non-
connected mainline vehicle occupies the target gap.

Occlusion duration produces a smaller penalty than equal-duration packet loss when the roadside unit remains
available. With a 2 s onboard occlusion, fused-track continuity keeps success at 96.8%; simultaneous roadside
occlusion reduces it to 92.7%. Correlated exchanges are rare, but more destructive than missed detections: even
with an average delay change of less than 0.1 seconds, injecting a 1% probability of identity exchange can reduce
tail collision time by 0.17 seconds. The confidence gate detects many swaps through kinematic inconsistency,
yet it cannot resolve two adjacent vehicles with nearly identical velocities. This failure mode motivates retaining
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the explicit safety projection and indicates that future fusion should incorporate appearance or secure identity
cues.

In Figure 7(a), removing confidence conditioning lowers success by 2.9 points, removing risk guidance lowers it
by 1.8 points, removing the shield lowers it by 1.1 points, and replacing diffusion with deterministic regression
lowers it by 5.4 points. Component-wise ablation is necessary here to distinguish representation, generation,
guidance, and constraint effects [25]. The safety-efficiency frontier in Figure 7(b) gives guidance weight 1.2 at a
3.42s delay and a 2.06s tail time-to-collision; increasing the weight to 2.0 raises clearance to 2.24s but also
increases delay to 4.05s. As shown in Figure 7(c), the proportions of graph encoding, denoising, ranking and
projection are 4.8ms, 21.6ms, 3.7ms and 1.9ms respectively; the total reaches 34.7ms in the 95th percentile of
the 100ms control budget.
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Figure 7. Mechanism and deployment analysis: (a) ablation waterfall for merge success; (b) guidance-weight safetyefficiency frontier; (c)
computation-time decomposition with 50 and 100 ms budget markers.

The trained policy has 18.7 million parameters and is 76 MB in 32-bit format. INT8 post-training quantization
reduces the storage to 21MB and lowers the median inference time from 29.4ms to 22.8ms; the success loss is
0.3 points. To avoid a too-small time window, runtime measurements include preprocessing and device
transmission [26]. The candidate count will be reduced from 8 to 4, saving an additional 7.1ms; however, the
tail time-to-collision will decrease by 0.09s because fewer maneuver modes reach the top ranking. The observed
margins support 10Hz execution of the automotive edge GPU, and an explicit fallback is still required for
hardware faults and out-of-distribution road geometry.

Conclusion

This paper presents a safety-shielded diffusion policy for freeway merge control with vehicle-infrastructure
cooperative perception. The method keeps the source confidence in track fusion, encodes the interaction
structure as a graph, generates multimodal joint action horizons via conditional denoising, and applies risk
guidance before a minimally invasive barrier projection. Optimizing auxiliary demonstrations and recursive view
sampling connects offline learning with control loops capable of responding to new observations. Therefore, the
resulting formula considers uncertainty as part of the decision conditions and does not hide it in a nominal fused
scene.

The present study is limited by simulation-based sensing and vehicle dynamics, a single merge geometry family,
longitudinal control only, and an assumed trusted infrastructure clock. The demonstration generator may also
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underestimate unusual human negotiation behaviors, while the projection layer only guaranties the modeling
of short-term constraints. Therefore, when there are positioning biases, actuator delays, adversarial packets, or
culturally different concession behaviors, performance will vary.

In the future, hardware-in-the-loop testing will be combined with roadside field data, the action space will be
expanded to coupled lane and longitudinal decisions, and online calibration for sensor and communication
reliability will be added. Formal reachability analysis can be combined with sampling strategies to provide
extended time horizon guaranties, while federated adaptation can update local behavior without centralizing
the original trajectories. A third direction is cooperative explanation: transmit a concise intention and confidence
summary for the generated merge order to help human-driven and autonomous vehicles anticipate the merge
order before control actions are displayed. Cross-site evaluation should test whether the shared generative
backbone can be adapted to different ramp lengths, traffic conventions and infrastructure layouts with limited
local demonstrations. Add a secure message authentication and fault diagnosis function to enhance the
robustness of the policy in the operation of a deployed cooperative transportation system.
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