
PMA-Diffusion: A Physics-guided Mask Aware
Diffusion Framework for Traffic State Estimation

from Sparse Observations

Anonymous Author(s)
Affiliation
Address
email

Abstract

High-resolution Traffic State Estimation (TSE) is a foundational key research1

topic for building efficient, safe, reliable, and resilient transportation and mobility2

systems in smart cities. It can be used for various Intelligent Transportation Sys-3

tems (ITS) applications such as Advanced Transportation Management Systems4

(ATMS) and Advanced Traveler Information Systems (ATIS). Yet, in practice,5

urban sensing infrastructures for the transportation and mobility systems, such as6

loop detectors and probe vehicles, provide data that is sparse, noisy, and unevenly7

distributed across city networks, limiting their utility for real-time decision-making8

and long-term planning. We present PMA-Diffusion, a Physics-guided Mask-9

Aware Diffusion framework designed to reconstruct high-resolution traffic state10

from incomplete, sparse, noisy observations. PMA-Diffusion learns a mask-aware11

diffusion prior directly from sparse urban sensing data and employs an iterative12

posterior sampling that alternates denoising, observation replacement, and physics-13

guided projection step. On the I-24 MOTION dataset with only 5% sensor coverage,14

PMA-Diffusion outperformed physics-agnostic baselines and achieved nearly the15

performance of fully supervised models. By enabling accurate, high-resolution16

traffic state estimation in data-sparse environments, this work demonstrates how17

state-of-the-art AI methodologies can be applied to enhance the scalability and ro-18

bustness of urban transportation and mobility systems. More broadly, our approach19

highlights a path toward applying physics-guided generative AI to other smart-city20

applications, such as energy grids, water distribution, and environmental monitor-21

ing, where sparse data remains a critical challenge but high-resolution information22

is essential for reliable, resilient, and sustainable smart city applications.23

1 Introduction24

Accurate, high-resolution traffic states underpin smart-city mobility analytics and operations. It25

can support both ATMS (e.g., ramp metering [1], variable speed limit [2], coordinated traffic signal26

control [3], and incident detection [4]) and ATIS (e.g., travel time reliability measures [5], dynamic27

route pre-trip planning [6], and en-route traveler advisories [7, 8]). Yet urban mobility sensing (loop28

detectors, probes) is sparse, noisy, and unevenly distributed [9, 10]. Camera networks can yield dense29

ground truth for research, but are costly to deploy broadly [11]. This sensing gap motivates Traffic30

State Estimation (TSE).31

TSE aims to infer missing states from sparse, noisy measurements. Classical model-driven approaches32

leverage macroscopic flow theory (e.g., LWR and variants of this idea [12, 13, 14, 9]), but suffer when33

the chosen model or calibration mismatches reality. Purely data-driven estimators (ARIMA / PGM34

/ k-NN / GAN / Flow / VAE) [15, 16, 17, 18, 19, 20, 21] can learn rich correlations but often lack35
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Figure 1: Overview of PMA-Diffusion.

interpretability and require a large amount of representative historical data. Hybrid physics-guided36

methods embed domain knowledge into learning [22, 23, 24, 25], improving data efficiency, yet they37

still face how to encode physics robustly while remaining flexible to changing sensing patterns.38

Recently, diffusion models have emerged as powerful priors for conditional generation [26]. In TSE,39

one line treats diffusion as probabilistic inference tools [27, 28, 29]; this is effective but typically40

assumes fixed or predefined missingness. A second, more flexible line learns a prior first and41

conditions at inference via posterior sampling [30, 31, 32]. However, (i) training such priors usually42

requires fully observed data, which are scarce in transportation, and (ii) conditioning without physics43

can yield reconstructions that conflict with established traffic flow theory.44

We address both issues with PMA-Diffusion, a physics-guided, mask-aware framework. It learns a45

mask-aware prior directly from incomplete data with a double-mask strategy inspired by Ambient46

Diffusion [33], and performs posterior sampling that alternates reverse diffusion, observation projec-47

tion, and a physics projector that enforces kinematic-wave coherence without altering measurements.48

These two components jointly enable PMA-Diffusion to reconstruct high-resolution traffic states49

from sparse and heterogeneous measurements while preserving fundamental traffic flow principles.50

2 Methodology51

We develop PMA-Diffusion, a two-stage framework designed to reconstruct high-resolution spa-52

tiotemporal traffic states from sparse, heterogeneous, and noisy measurements, overview see Figure 1.53

2.1 Problem Setting54

We discretize a freeway segment into S spatial cells and T time steps, yielding a normalized speed55

field V ∈ [0, 1]S×T . A binary mask M ∈ {0, 1}S×T indicates visible entries from fixed loop56

detectors (fixed spatial pattern) and probe vehicles (stochastic spatiotemporal pattern). We assume57

negligible probe latency and absorb low-frequency bias into the observation noise; the task is to infer58

the unobserved entries of V̂ from (Y,M), where Y is observed noisy speed field.59

2.2 Mask-Aware Diffusion Prior60

Standard DDPMs [26] presume fully observed training data. We instead adopt a mask-aware Ambient61

Diffusion strategy [33]: each training sample is paired with its visibility mask and corrupted with62

Gaussian noise; the denoiser receives (Yt, t,M) and predicts the injected noise only where data are63

visible. Concretely, with the usual variance schedule and noise-prediction parameterization,64

L(θ) = E
[
λ(t) ∥M⊙ (hθ(Yt, t,M)− η)∥2F

]
, (1)

which trains a prior pθ(V) that captures spatiotemporal structure despite incomplete supervision.65

Here the denoiser hθ(·) is trained to predict the injected noise η, λ(t) re-weights time steps according66

to the signal-to-noise ratio, ⊙ is element-wise (Hadamard) product, and the Frobenius norm ∥ · ∥F67

sums squared errors over Ms,t = 1.68

Double-mask for spatial generalization. When some cells are always observed (e.g., near detec-69

tors), the network risks overfitting their neighborhood and neglecting persistently invisible regions.70

We therefore introduce a double-mask scheme: for each sample we draw an auxiliary mask B71
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(Bernoulli with small hide probability phide or from the empirical mask distribution) and define72

the loss region by M̃ = B ⊙M. This ensures that every cell occasionally contributes to the loss,73

improving spatial generalization without requiring fully observed ground truth.74

2.3 Physics-Guided RePaint Sampling75

At inference, we approximate the posterior with a RePaint-style loop [30] that alternates three steps:76

1. Reverse diffusion (toward the learned prior): Z̃t = gθ(Zt+1, t+1).77

2. Observation projection (exact fidelity on M=1): Ẑt = Y ⊙M+ Z̃t ⊙ (1−M).78

3. Physics projection (coherence on M=0): Zt = Pphys(Ẑt,M).79

Optionally, a forward jump is inserted as in RePaint to improve mixing. The observation projection80

guarantees measurement consistency; the physics projector modifies only unobserved entries:81

Pphys(V,M)⊙M = V ⊙M (mask-invariance). (2)

Mask-invariant physics projector. We use a lightweight Adaptive Anisotropic Smoothing (AAS)82

operator guided by traffic characteristics. Let Vs be an anisotropically smoothed surrogate that blends83

kernels aligned with free-flow and congested wave slopes; let R≈∂tV + c ∂xV be a small first-order84

transport residual. The update on the missing subspace is85

V← clip
(
V − αsmooth(V − Vs)− αcharR, 0, 1

)
on (1−M), (3)

which encourages kinematic-wave coherence without requiring density/flow labels or altering ob-86

served values. In practice, AAS is no learned parameters at test time once its few hyperparameters87

are set, and it composes modularity with other projectors if richer physics become available.88

3 Experimental Evaluation89

We evaluate PMA-Diffusion on the I-24 MOTION dataset, focusing on two questions: RQ1: How90

much prior quality is lost when training on incomplete speed fields? RQ2: Can RePaint resampling91

and physics guidance recover this loss under sparse sensing?92

3.1 Dataset and Observation Models93

I-24 MOTION provides full-resolution traffic states over 4.2 miles of freeway with near-complete94

coverage from 276 cameras [11]. Trajectories are rasterized into S=64 spatial cells (∆x = 200ft)95

and T=64 time slices (∆t = 5s). We synthetically mask the ground truth to simulate loop detectors96

(5–50% of rows visible) and probe vehicles (Poisson rate λ = 0, 5, 15, 25).97

3.2 Evaluation Metrics and Models98

We report performance on unobserved pixels using: (1) Masked-MSE (2×2) for low-frequency99

fidelity; (2) Sobel-MSE for edge sharpness; (3) LPIPS for perceptual similarity [34].100

We compare three training schemes: Full-obs, Single-mask, and Double-mask. For sampling, we test101

Ambient one-shot, RePaint [30], and RePaint + AAS projector.102

3.3 Results103

Upper bound (Full-obs). With 5% rows and λ=0, Ambient attains Masked-MSE 0.0945; a single104

RePaint pass reduces it to 0.0612, and adding physics guidance lowers it further to ∼0.018 (Table 2).105

This shows posterior resampling and lightweight physics are beneficial even with a strong prior.106

Single-mask. Training strictly on visible pixels can collapse in persistently unseen regions: at 5%107

rows, λ=0, Ambient has Masked-MSE >27 and LPIPS≈1.004. RePaint alone may over-extrapolate,108

but RePaint+Physics stabilizes sampling and narrows the gap to Full-obs (within ∼0.035), see Fig. 2.109
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Figure 2: Comparison across training and sampling schemes under extreme sparsity (row= 5%,
λ∈{0, 25}).

(a) Ground truth (b) RePaint + Physics (AAS)

Figure 3: Qualitative comparison under Double-mask (row= 25%, λ=15).

Double-mask. Randomly hiding some always-visible cells during training markedly improves110

robustness. In the worst case (5% rows, λ=0) it is an order of magnitude better than Single-mask111

and only 0.0197 above Full-obs; gains also hold for LPIPS/Sobel-MSE. At 5% rows, λ=25, Single-112

mask+RePaint+Physics can slightly edge out Double-mask, suggesting aggressive random hiding is113

less critical if every pixel is occasionally observed historically.114

Sampler and physics trends. Across all settings (48 combinations in Table 2): (i) RePaint out-115

performs one-shot Ambient, especially with stronger priors; (ii) the AAS projector never degrades116

metrics and typically reduces both Masked-MSE and Sobel-MSE; (iii) benefits are largest under117

extreme sparsity (5% rows), where physics guidance sharpens fronts and removes structural arti-118

facts. With a near-optimal Full-obs prior, physics may slightly smooth very high-frequency details119

(Sobel-MSE marginally higher) while preserving perceptual quality.120

Qualitative. Fig. 3 compares Double-mask + RePaint+Physics (row= 25%, λ=15) with ground121

truth. Reconstructions preserve macroscopic wave propagation and regime transitions in unobserved122

regions; very fine-scale details are naturally attenuated by posterior regularization.123

4 Conclusion124

We presented PMA-Diffusion, a physics-guided, mask-aware diffusion framework for high-resolution125

Traffic State Estimation under sparse, noisy, and uneven urban sensing. On the I-24 MOTION dataset126

with only 5% sensor coverage, PMA-Diffusion outperforms physics-agnostic baselines and ap-127

proaches the accuracy of fully supervised models. By enabling accurate high-resolution estimates128

in data-sparse settings, the approach supports scalable and robust ITS operations in smart cities and129

points toward applying physics-guided generative AI to other urban infrastructures. Limitations130

include assumptions on time alignment and low-frequency bias; future work will relax these assump-131

tions and profile runtime, energy, and real-time latency across sparsity regimes to facilitate city-scale132

deployment.133
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A Methodology Details245

A.1 Notation and Observation Model246

We discretize the corridor into S spatial cells and T time steps. The latent, normalized speed field is247

V ∈ [0, 1]S×T . Our observed data comes from two asynchronous sources: loop detectors and probe248

vehicles. Their spatial-temporal coverage is illustrated in Figure 4.249

• Loop detectors. Loop detectors are fixed-point sensors installed at selected highway250

segments. Their observations follow a static spatial pattern and are represented by a binary251

mask: M(ℓ) ∈ {0, 1}S×T , where M(ℓ) = 1 indicates an observed entry. Measurement252

noise is modeled as ε(ℓ) ∼ N (0, σ2
ℓ ).253

• Probe vehicles. Probe vehicle data are generated from moving vehicles equipped with254

GPS or other communication devices. Unlike loop detectors, probe vehicle data exhibit255

a stochastic sampling pattern across space and time, represented by M(p) ∈ {0, 1}S×T .256

Measurement noise is modeled as ε(p) ∼ N (0, σ2
p).257

Here, the combined observation mask is defined as M = M(ℓ) ∨M(p), where ∨ denotes the element-258

wise logical OR. In typical highway monitoring scenarios, the coverage ratio ρ = ∥M∥0
/
(ST ) is259

very small, satisfying ρ ≪ 1. Incorporating a possible GPS latency τ , the observation operator is260

written as:261

Oρ(V) = M(ℓ) ⊙ (V + b(ℓ) + ε(ℓ)) +M(p) ⊙ (V ◦ S−τ + b(p) + ε(p)), (4)

where ⊙ denotes the element-wise product, b(a) denotes a slowly varying bias term specific to sensor262

a that is smooth in spatiotemporal and small in magnitude relative to the dynamic range, S−τ shifts263

time backward by the random GPS latency τ .264

A.1.1 Empirical Evidence and Assumptions265

Recent physics-informed and data-driven TSE studies typically assume that probe latency is negligible266

relative to the aggregation interval and that low-frequency sensor biases can be absorbed into the267

observation noise without explicit modeling[22, 35, 10]. Hence we adopt:268

Assumption 1 (Negligible latency). We assume τ = 0 with probability one; probe vehicle data are269

effectively time-aligned with loop detector data.270

Assumption 2 (Bounded low-frequency drift). Any smooth bias from sensor a, b(a), is Lb–Lipschitz271

with ∥b(a)∥∞ ≤ δ. We absorb b(a) into ε(a); thus E[ε(a)|V] = 0 and the induced score bias is O(δ).272

Remark 1. Write the (single-source) conditional log-likelihood as273

log p(Y | V ) = log pη
(
Y − V − b(a)

)
. (5)

Since b(a) is Lipschitz-continuous and small in amplitude (∥b(a)∥∞ ≤ δ), a first-order Taylor274

expansion around b(a) = 0 gives275

log pη(Y − V − b(a)) = log pη(Y − V )−∇y log pη(Y − V )T b(a) +O(δ2). (6)

Differentiating with respect to V (to obtain the score) shows that the true score is shifted by at276

most O(δ), because ∥∇y log pη∥ is bounded under the sub-Gaussian noise model. Hence replacing277

(Y − V − b(a)) by (Y − V ) introduces only a vanishing O(δ) bias in the masked score estimator.278

The constant Lb controls spatial/temporal smoothness (frequency content), whereas δ controls its279

amplitude; we do not assume they are equal (Lb = δ), only that δ is sufficiently small for the280

expansion to hold.281

Under Assumptions 1-2, we set τ = 0 and drop S−τ (both sources share the same Eulerian frame).282

We thus absorb b(a) into the zero-mean noise term, which perturbs E[ε(a)|V] only by O(∥b(a)∥∞),283
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Figure 4: Matrix representation of traffic state variables collected from probe vehicles and loop
detectors.

leaving the masked score matching objective unbiased up to a vanishing O(δ) term. Under these284

assumptions, the observation model simplifies to285

Y = M(ℓ) ⊙
(
V + ε(ℓ)

)
+ M(p) ⊙

(
V + ε(p)

)
, (7)

which remains statistically equivalent for training and inference in our diffusion framework. To286

ensure unbiased estimation under masking conditions, we introduce the following assumptions:287

Assumption 3 (Noise conditional independence). Given the latent speed field V, loop detector and288

probe vehicle noise fields are independent: ε(ℓ) ⊥⊥ ε(p) | V. Consequently the joint likelihood289

factorizes over sources.290

Assumption 4 (Masking missing-at-random (MAR)). Given V the mask process is independent of291

the noise,M(a) ⊥⊥ ε(a) | V. Hence, the masked denoising loss used in diffusion training remains an292

unbiased estimator of the true score field.293

These assumptions guarantee that the masked denoising loss used in our training procedure is an294

unbiased proxy for the true score function.295

A.2 Mask-Aware Ambient Diffusion Prior296

Background: Diffusion Models297

Diffusion models [26] are a class of likelihood-based generative models that have demonstrated298

state-of-the-art performance in image and spatio-temporal data generation. They define a two-phase299

stochastic process: a forward diffusion process, which gradually perturbs a clean sample by adding300

Gaussian noise, and a reverse denoising process, which learns to invert this corruption and recover301

the original data distribution.302

Forward process. Given x0 ∼ q(x0), the forward process constructs a Markov chain303

q(xt|xt−1) = N
(
xt;

√
1− βt xt−1, βtI

)
, t = 1, . . . , T, (8)

where {βt} is a variance schedule. This admits a closed-form for any t:304

xt =
√
ᾱt x0 +

√
1− ᾱt ε, ᾱt =

t∏
s=1

(1− βs), ε ∼ N (0, I). (9)

Reverse process and training. To generate new samples, the model learns a reverse process305

pθ(xt−1|xt) = N
(
xt−1;µθ(xt, t), σ

2
t I
)
, (10)
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where µθ is computed from the predicted noise εθ. The training objective minimizes306

L(θ) = Et,x0,ε

[
∥ε− εθ(

√
ᾱtx0 +

√
1− ᾱtε, t)∥2

]
. (11)

This generative framework is attractive for highway monitoring because it captures high-dimensional307

spatiotemporal correlations and provides a principled way to sample from a Bayesian posterior.308

A.2.1 Sampling Objective: Bayesian Target Posterior309

Under the working assumptions stated in the previous section, the observation model reduces to310

Y = M⊙
(
V + ε

)
, ε ∼ N (0, σ2I). (12)

Given Y and M, our inferential goal is to draw samples from the posterior distribution:311

p(V | Y) ∝ 1
[
V ∈ Pphys

]︸ ︷︷ ︸
physics surrogate

× pθ(V)︸ ︷︷ ︸
mask-aware diffusion prior

× exp
[
−||(V ⊙M)−Y||2F

2σ2

]
︸ ︷︷ ︸

masked likelihood

, (13)

where pθ(V) is the pre-trained mask-aware prior learned from historical data and Pphys is the image312

of the projection operator Pphys.313

Remark 2. Bayes’ rule factorizes the posterior as314

p(V | Y) ∝ p(Y | V) p(V). (14)

Because the noise acts only on visible pixels, the likelihood becomes:315

p(Y | V) =
∏

(s,t):Ms,t=1

1√
2π σ

exp

[
− (Ys,t − Vs,t)

2

2σ2

]
, (15)

which is exactly the exponential term in (13). This masked likelihood enforces perfect agreement with316

the measurements on the support of M while leaving unobserved entries unconstrained. To inject317

prior knowledge, we multiply by the data-driven prior pθ(V) and by the indicator 1[V ∈ Pphys],318

which restricts the support to speed fields that satisfy the surrogate-physics constraints. Combining319

these three factors yields Eq. (13).320

To sample from Eq. (13), we need to introduce a Mask-Aware Ambient Diffusion Prior and a321

Physics-Guided RePaint Sampler that trains a diffusion prior from sparsely observed speed fields322

and approximates this posterior by alternating reverse diffusion, observation projection, and physics323

projection.324

A.2.2 Forward corruption325

Let Y0 = M⊙ (V + ε) be the partially observed speed field. We apply the VP SDE326

dYt = − 1
2β(t)Yt dt+

√
β(t) dWt, (16)

with linear β(t) so that327

Yt =
√
α(t)Y0 +

√
1− α(t)η, α(t) = exp

(
−
∫ t

0

β(s) ds
)
, η ∼ N (0, I). (17)

A.2.3 Masked score matching328

A mask-aware denoiser hθ(·) predicts the injected noise only on visible entries:329

L(θ) = E
[
λ(t) ∥M⊙

(
hθ(Yt, t,M)− η

)
∥2F

]
, λ(t) =

α(t)

1− α(t)
. (18)

With noise-prediction parameterization, the (conditional) score is approximated by330

∇Yt
log pt(Yt) ≈ −

1

σt
hθ(Yt, t,M). (19)
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Figure 5: Illustration of the double-mask strategy. Left: original observed data under the single-mask
scheme, reflecting actual sparse sensor coverage. Right: the same frame with further masked pixels,
simulating the observation pattern under the double-mask scheme.

A.2.4 Mask-selection strategies331

Observation masks are heterogeneous: some pixels (e.g., near fixed detectors) are almost always332

visible, while others remain persistently hidden. To account for this, we consider two complementary333

training schemes summarized in Table 1.334

In the single-mask strategy, the true sensor mask M is left untouched; the network is therefore335

penalized only on truly known pixels. This works well when probe-vehicle coverage is dense336

and roughly random. Under such conditions every spatial-temporal position is observed at least337

occasionally. In the double-mask strategy, when the overall visibility ratio ρ = ∥M∥0/(ST ) is338

high, we draw the auxiliary mask B from the empirical mask distribution π(M) captured in the raw339

data. When ρ is low, we instead sample B from a Bernoulli distribution with parameter pextra, so340

that every coordinate is occasionally masked and therefore contributes to the loss. In practice we341

use pextra = 0.05, which improves interpolation near fixed loop locations while incurring negligible342

additional variance, see Figure 5.343

A.2.5 Unbiasedness under MAR344

Proposition A.1 (Masked score unbiasedness). Under Assumptions (Noise conditional independence)345

and (MAR), and with bounded/small drift absorbed into noise, the masked objective above is an346

unbiased estimator of the conditional score on unobserved entries given the observed ones, up to347

O(δ) from the small drift.348

Sketch. Because M ⊥⊥ ε | V and the noise acts only where M=1, the masked log-likelihood349

factorizes over visible entries. The gradient w.r.t. Yt equals the conditional score on the visible set;350

the MAR assumption makes the empirical masked average an unbiased estimator of the population351

objective. Smooth, bounded bias b(a) perturbs the score by O(∥b(a)∥∞) = O(δ) via a first-order352

Taylor expansion around zero drift (details in the main text).353

Table 1: Mask-selection strategies for training the ambient diffusion prior.
Strategy Cells kept Regions contributing to loss When to prefer
Single mask Ms,t = 1 M All pixels have non–zero probability of

being observed.
Double mask Ms,t = 1 M̃ = B⊙M Some cells are always invisible (e.g.

fixed loop detectors)
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A.3 Surrogate Physics Posterior and RePaint Sampling354

Our target distribution is the surrogate physics posterior355

p(V | Y) ∝ 1
[
V ∈ Pphys

]︸ ︷︷ ︸
surrogate physics

× pθ(V)︸ ︷︷ ︸
mask-aware prior

× exp
[
− ∥M⊙(V−Y)∥2

F

2σ2

]
︸ ︷︷ ︸

masked likelihood

. (20)

Algorithm A.1 (Physics-guided RePaint). Initialize ZT ∼ N (0, I); for t = T − 1→ 0:356

1. Reverse (denoise): Z̃t ← gθ(Zt+1, t+ 1).357

2. Observation projection: Ẑt ← Y ⊙M+ Z̃t ⊙ (1−M).358

3. Physics projection: Z̄t ← Pphys(Ẑt,M).359

4. (Optional) Forward jump: Zt ← fj(Z̄t, t) (as in RePaint) to improve mixing.360

Repeat to obtain i.i.d. posterior samples {Z(n)
0 }.361

Proposition A.2 (Exact data fidelity at all steps). If Pphys is mask-invariant, i.e.362

Pphys(V,M)⊙M = V ⊙M, (21)

then every iterate after Step 2 (and hence after Step 3) satisfies Zt ⊙M = Y ⊙M.363

If Pphys coincides with a proximal map of a convex physics penalty φ(·) on the missing set, Algo-364

rithm A.1 resembles an alternating stochastic proximal sampler for − log pθ plus data and physics365

terms; our AAS projector is a stable, local surrogate of such a proximal step.366

A.4 Physics Projector: Adaptive Anisotropic Smoothing (AAS)367

A.4.1 Construction368

The current instantiation of Pphys employs an Adaptive Anisotropic Smoothing (AAS) operator,369

which extends the Generalized Adaptive Smoothing Method (GASM) [9] into a mask-aware and370

diffusion-compatible form. Unlike full conservation enforcement, which is infeasible under speed-371

only observations, AAS acts as a local regularizer that promotes physically plausible structures in372

unobserved regions while preserving exact fidelity on measured cells, see Algorithm 1.373

A.4.2 Stability and non-expansiveness374

Lemma A.1 (1-Lipschitz on the missing subspace). If the convolution kernels are ℓ1-normalized375

and 0 ≤ αsmooth ≤ 1, 0 ≤ αchar ≤ ᾱ with ᾱ sufficiently small, then Pphys(·,M) is non-expansive on376

{Z : Z⊙M = 0}.377

Sketch. Anisotropic convolution with normalized kernels has operator norm≤ 1 (Young’s inequality).378

The first term is a convex combination of V and Vs on (1−M), hence contractive when αsmooth ∈379

[0, 1]. The transport residual is a local first-order finite-difference operator; choosing αchar small makes380

the composite map non-expansive. Mask-invariance is immediate because updates are multiplied by381

(1−M).382

Practical tip. Use αchar at least an order of magnitude smaller than αsmooth to ensure numerical383

damping of high-frequency artifacts while preserving wave alignment.384

B Appendix: Experimental Details385

We conduct a comprehensive empirical evaluation to assess the effectiveness of PMA-Diffusion. The386

experiments are structured around two central research questions, each corresponding to two stages387

in the methodology:388

RQ1 – Prior quality: How much accuracy is lost when the diffusion prior is pretrained on incom-389

plete speed fields rather than on fully observed data?390
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Algorithm 1 AAS Projector: Physics-guided Mask-invariant Update

Require: Speed field V ∈ [0, 1]S×T ; mask M ∈ {0, 1}S×T ; physical parameters
(vthr, β, c

phys
free , c

phys
cong); smoothing weights (αsmooth, αchar); kernel stds (σpar, σt).

Ensure: Updated field Pphys(V,M).
1: Compute soft regime gate:

pfree ← 0.5
(
1 + tanh((V − vthr)/β)

)
2: Convert characteristic speeds to grid units: cfree ← cphys

free ∆t/∆x; ccong ← cphys
cong∆t/∆x

3: Build two anisotropic Gaussian kernels Kcfree , Kccong aligned with slopes cfree, ccong (normalized).
4: Apply separable convolution: Vf ← Kcfree ∗ V, Vc ← Kccong ∗ V
5: Compute blended surrogate: Vs ← pfree ⊙ Vf + (1− pfree)⊙ Vc

6: Step 1 (smooth relax): V (1) ← V − αsmooth(V − Vs)⊙ (1−M)
7: if transport correction enabled then
8: Compute local speed cloc ← pfreecfree + (1− pfree)ccong

9: Compute residual: R← (V
(1)
s,t − V

(1)
s,t−1) + cloc(V

(1)
s,t − V

(1)
s−1,t)

10: Step 2 (residual update): V (2) ← V (1) − αcharR⊙ (1−M)
11: else
12: V (2) ← V (1)

13: end if
14: Clip to valid range: V (2) ← clip(V (2), 0, 1)
15: return Pphys(V,M) = V (2)

RQ2 – Sampling guidance: Given a fixed prior, how much of that loss can be recovered by (i)391

the RePaint resampling loop and (ii) the physics-guided projector under varying sensing392

sparsity?393

The proposed method in this study consists of three components: training a diffusion prior directly394

from sparse observations, applying an iterative resampling strategy during inference, and enforcing395

physical consistency through a physics-guided projection step. RQ1 evaluates whether the prior396

trained under sparse supervision can achieve performance comparable to a model trained on fully397

observed data. A positive result would indicating that high-quality priors can be learned without398

full supervision. RQ2 then investigates whether the proposed sampling strategy, including RePaint-399

style resampling and physics-guided projection, can effectively compensate for prior limitations400

by generating physically consistent, high-fidelity traffic state reconstructions under sparse and401

heterogeneous observations.402

B.1 Dataset and Pre-processing403

The study corridor corresponds to the Tennessee Department of Transportation’s I-24 Mobility404

Technology Interstate Observation Network (I-24 MOTION) data [11]. I-24 MOTION data captured405

by 276 pole-mounted high-resolution traffic cameras that provide seamless coverage of approximately406

4.2 miles alone the I-24 highway corridor near Nashville, TN. In our data, trajectories are rasterized407

into speed fields on a fixed Eulerian grid of S = 64 cells (∆x=200ft), four lanes, and T = 64 time408

slices (∆t=5 s). Figure 6 shows random samples from the dataset.409

Although I-24 MOTION is camera-based rather than loop-detector-based, it offers two decisive410

advantages for this study. First, its near-complete spatial and temporal coverage yields a "ground-411

truth" speed field, which allows us to mask the data synthetically and evaluate reconstruction error at412

every hidden cell–something impossible with legacy loop-detector archives, where the true state is413

itself unobserved. Second, the trajectory data include natural traffic variability, lane changes, and414

congestion waves that would be under sampled by typical loop-detector and probe-vehicle networks.415

By repeatedly sub-sampling I-24 MOTION to match realistic detector layouts and probe trajectories,416

we can test PMA-Diffusion under precisely controlled sparsity levels while still benchmarking against417

a fully observed baseline.418
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Figure 6: Random speed field samples from I-24 MOTION dataset.

B.1.1 Observation Models419

We collect synthetic observation (Y) and mask (M pairs based on the ground-truth speed field (V)420

to simulate the real-world scenarios. Our masks have two components:421

• Loop detectors mask: In practice, the Loop detectors are fixed in a specific location. We422

generate a fixed Loop detector mask M(l) and mask 5%, 15%, 25%, 50% of the row data as423

observed data M(l) ⊙V.424

• Probe vehicles mask: To simulate probe vehicles data, we randomly draw the number of425

probe vehicles for the current speed slice from a Poisson distribution Nseed ∼ Poisson(λseed).426

Each vehicle receives a random entry time t(j)0 ∈ {0, . . . , 63}, so the set of starting points is427

(t
(j)
0 , s

(j)
0 ), where j = 1, . . . , Nseed. Based on the starting point and the speed information,428

we can generate the probe vehicles’ trajectory. In our experiments, we tried λ = 0, 5, 15, 25429

respectively.430

Building on Assumption 1 and Assumption 2 in methodology, we resample the probe vehicle trajectory431

directly on the Eulerian grid. The resulting synthetic detectors, therefore, deliver observations that432

are perfectly aligned with the computational lattice, which removes the interpolation artifacts and433

timing offsets that would otherwise arise when irregular GPS pings are mapped onto a coarser grid.434

Figure 7 shows the original speed field and three derived observation masks: (b) induced by sparse435

loop detectors, (c) from resampled probe vehicle trajectories, and (d) from their union.436

B.2 Evaluation Metrics437

The reconstruction performance is measured only on the unobserved pixels using three complementary438

criteria following [36]:439

1. Masked-MSE (2×2): the mean squared error computed after 2× 2 average pooling step,440

capturing low-frequency fidelity.441
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(a) Ground-truth data (b) Loop detector (c) Probe vehicle (d) Total observed

Figure 7: Observation Patterns from Loop detectors and Probe vehicles.

2. Sobel-MSE: the MSE between Sobel edge maps of the estimate and ground truth, empha-442

sizing high-frequency structure.443

3. LPIPS: the Learned Perceptual Image Patch Similarity score (AlexNet backbone), account-444

ing for perceptual closeness [34].445

Together, these metrics provide a balanced view of numerical accuracy, edge sharpness, and visual446

realism on the unobserved regions.447

B.3 Models448

The three training and sampling schemes introduced below are structured specifically to isolate the449

contributions of the prior and the sampling mechanism with respect to RQ1 and RQ2, respectively.450

B.3.1 Pretraining Scheme451

We evaluate three training schemes designed to isolate the effects of supervision.452

• Full-obs The network trained by fully latent speed field data V; the value of Full-obs453

represents the upper bound, showing how well the DDPM architecture alone can fit fully454

observed data.455

• Single-mask Each training sample is corrupted by its own visibility mask, exactly mirroring456

realistic loop detectors + probe vehicles coverage. The model therefore learns only from457

genuinely observed pixels.458

• Double-mask On top of the true visibility map we apply an additional mask (see Table459

1). Hiding even "always visible" rows encourages the network to reason about persistently460

unseen locations and improves robustness when some cells are never measured in practice.461

All three variants share the same UNet backbone, which is the most widely used backbone neural462

network structure for diffusion models [37, 26]. Specifically, our UNet backbone is configured463

with one input channel, 64 base feature channels, three resolution levels with channel multipliers of464

(1, 2, 4) and 4-head linear attention in the bottleneck. We use a linear β-schedule with T=500 steps465

(β0 = 10−4, βT = 2×10−2) and the Huber loss (δ = 1), which is numerically more stable than ℓ2.466

We train for ten epochs (roughly 1.8× 103 iterations) using Adam (lr = 5×10−4, batch = 250). The467

model training time is around 15 minutes of GPU time.468

B.3.2 Sampling Scheme469

Using a prior from Pretraining stage, we compare three inference pipelines:470

1. Ambient one-shot. a single unconditional reverse trajectory with real time data consistency.471

2. RePaint [30]. It iteratively alternates j=1 forward and one reverse step, repeating r=250472

times every 100 iterations (η=0.9, keep some randomness) to better mix the conditional473

and unconditional paths.474

3. RePaint + physics projector (AAS). We embed the AAS projector into every reverse step,475

which nudges missing pixels toward first-order traffic consistency while leaving observations476

unchanged.477
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Figure 8: Masked-MSE across samplers based on Full-obs model (λ = 0).

The β-schedule and timestep (T=500) are shared with Pretraining stage. RePaint uses the same478

U-Net to predict ϵθ; the physics projector is parameter-free at test time once the hyper-parameters are479

fixed.480

B.4 Experimental Results481

Tables 2 reports LPIPS, Masked-MSE, and Sobel-MSE for every combination of training mode,482

observation density (row-mask: 5%→ 50%), probe intensity ( λ : 0→ 25 ), and sampler (Ambient,483

RePaint, RePaint + AAS). To interpret these results correctly, we clarify how visibility is defined484

across different models. In the Full-obs model, the network is trained on fully observed (ground-485

truth) speed fields, and the reported row visibility and λ values apply only during the sampling486

stage. In contrast, for the Single-mask and Double-mask models, both training and sampling are487

conducted under the same partial observation regime; thus, the specified row and λ values reflect the488

entire modeling pipeline. This distinction is essential when comparing performance across models,489

as it represents the impact of training-time supervision quality versus inference-time robustness to490

observation sparsity.491

B.4.1 Full-obs model492

The Full-obs model sets the upper bound. With only 5% fixed rows and no probe vehicles, it already493

reconstructs the unobserved 95% of the grid with a masked MSE of 0.0945 (Ambient) and pushes494

the error below 0.0612 after a single RePaint pass (Figure 8). Adding the physics projector reduces495

the residual again by roughly a factor of three, indicating that, even when a perfect prior is available,496

posterior resampling and physical nudging remain beneficial.497

B.4.2 Single-mask model498

In contrast, the Single-mask prior suffers whenever parts of the grid are not visible during training.499

Under the same 5% row available and λ = 0 setting, the raw Ambient reconstruction yields a MSE500

above 27 and an LPIPS of 1.004; RePaint without physics can even amplify this instability because501

large swaths of the field are extrapolated from virtually no context. Once AAS is inserted, however,502

the error decreases to only 0.035 worse than the Full-obs and significantly better than the unprojected503

RePaint result (Figure 2). The takeaway is that an expressive but incompletely trained prior is504

salvageable if the sampler is endowed with a lightweight physics corrector.505

B.4.3 Double-mask model506

In Figure 2, the Double-mask model closes most of the gap while keeping the training set identical to507

Single-mask model. Even the worst case (5% rows, λ = 0) is still an order of magnitude better than508

its Single-mask counterpart and only 0.0197 worse than the fully supervised Full-obs model. The509

improvement is consistent in perceptual space and high-frequency structure as well. Interestingly, in510

the case of Row=5%, λ = 25, the Masked-MSE of Single-mask model using repaint+AAS is even511

outperforms Double-mask model, suggesting that if all pixels have non-zero probability of being512

observed in historic data, Single-mask model can be a good training scheme.513
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B.4.4 Sampler Effect and Physics Guidance514

Across all models and visibility settings, we observe three consistent trends regarding the impact of515

posterior sampling. First, iterative refinement via RePaint consistently improves over the one-shot516

Ambient pass, especially when the underlying prior is expressive, namely, in the Full-obs and Double-517

mask settings. Second, physics guidance through the AAS projector never degrades performance;518

in all 48 test cases (Table 2), it either improves or preserves LPIPS, Masked-MSE, and Sobel-MSE519

scores. Third, the benefit of physics-guided sampling is amplified under sparse observations: while520

RePaint and AAS offer marginal improvements under 50% row visibility, their impact is substantial521

when only 5% of rows are visible, particularly in sharpening traffic fronts and correcting structural522

artifacts.523

The edge-based Sobel metric further highlights the effect of physics guidance on fine-scale recon-524

struction. Even when Masked-MSE is already low, AAS consistently reduces Sobel-MSE in the525

Single- and Double-mask models, indicating that it enhances stop-and-go boundaries rather than526

applying global smoothing. However, an exception arises when the prior is trained on fully observed527

data: in this regime, RePaint and AAS may slightly blur high-frequency features, yielding higher528

Sobel-MSE than the Ambient baseline. This suggests that when the prior is already close to optimal,529

further physics corrections may inadvertently attenuate sharp details.530

B.4.5 Research Questions Revisited531

RQ1: How much does prior quality matter? Our results indicate that the learned prior’s quality532

is strongly influenced by the training supervision regime. In the Single-mask model, predictions533

from Ambient frequently collapse in unobserved regions, and RePaint may over-extrapolate. These534

pathologies are largely mitigated under the Double-mask model, which introduces randomized535

dropout to increase spatial generalization. Hence, prior quality is highly sensitive to the visibility536

pattern at training time. A partially supervised prior can match a fully supervised one only if (i)537

every region is observed at least occasionally, or (ii) aggressive random masking is introduced during538

training to improve robustness.539

RQ2: How much does posterior sampling help? Posterior sampling mechanisms are critical across540

all settings. RePaint yields consistent improvements over Ambient one-shot sampling, validating541

the value of iterative resampling. The AAS projector further enhances performance or leaves it542

unchanged across all cases. Notably, the benefit is most pronounced under sparse observations (e.g.,543

5% row visibility), where physics-guided sampling not only improves reconstruction metrics but also544

sharpens spatiotemporal structures. However, in the fully supervised setting, these enhancements545

may introduce over-smoothing, slightly degrading edge fidelity. Thus, while posterior sampling is546

generally beneficial, its effects are modulated by the supervision regime and observation density.547

B.4.6 Qualitative Illustration548

Figure 3 compares the RePaint + AAS reconstruction against the ground truth under the Double-549

mask model with 25% row visibility and probe intensity λ = 15. While the generated speed field550

appears smoother and lacks certain fine-grained variations present in the ground truth, its overall551

spatiotemporal structure remains consistent and physically coherent. This suggests that the model552

effectively captures macroscopic traffic patterns, even if some high-frequency details are attenuated553

during sampling.554
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B.4.7 Quantitative results555

Table 2: Quantitative results for three models (lower is better).

Mode Row λ
LPIPS Masked-MSE (2×2) Sobel-MSE

Ambient RePaint +AAS Ambient RePaint +AAS Ambient RePaint +AAS

Full-obs

5%

0 0.1905 0.1497 0.3139 0.0945 0.0612 0.0177 0.0017 0.0017 0.0022
5 0.1346 0.0970 0.1811 0.0402 0.0198 0.0105 0.0014 0.0014 0.0019

15 0.1185 0.1212 0.1295 0.0471 0.0358 0.0085 0.0014 0.0017 0.0018
25 0.1067 0.1386 0.1026 0.0968 0.0573 0.0087 0.0020 0.0022 0.0017

15%

0 0.0622 0.0508 0.0861 0.0310 0.0174 0.0066 0.0014 0.0013 0.0016
5 0.3540 0.2115 0.0659 0.2580 0.0913 0.0058 0.0689 0.0136 0.0016

15 0.0843 0.0480 0.0514 0.0492 0.0148 0.0053 0.0015 0.0013 0.0014
25 0.1053 0.0554 0.0451 0.0686 0.0200 0.0053 0.0016 0.0013 0.0014

25%

0 0.0804 0.0628 0.1089 0.0310 0.0171 0.0055 0.0014 0.0014 0.0017
5 0.1115 0.0833 0.0752 0.0501 0.0217 0.0043 0.0014 0.0016 0.0015

15 0.1294 0.0625 0.0563 0.0666 0.0128 0.0035 0.0017 0.0013 0.0014
25 0.1732 0.1481 0.0495 0.2213 0.0668 0.0035 0.0185 0.0042 0.0013

50%

0 0.0112 0.0053 0.0173 0.0088 0.0031 0.0025 0.0006 0.0005 0.0007
5 0.0150 0.0064 0.0128 0.0126 0.0040 0.0024 0.0006 0.0005 0.0006

15 0.0103 0.0054 0.0101 0.0071 0.0026 0.0024 0.0005 0.0004 0.0006
25 0.0131 0.0047 0.0090 0.0136 0.0029 0.0024 0.0007 0.0004 0.0005

Single-mask

5%

0 1.0040 0.8248 0.3477 27.6183 86.3606 0.0527 6.3083 4.8671 0.00190
5 0.5620 0.3803 0.1798 0.2823 0.0691 0.0114 1.0646 0.1182 0.00190

15 0.5705 0.3487 0.1225 0.3102 0.1562 0.00839 1.0823 0.1709 0.00180
25 0.5146 0.4751 0.1012 1.4005 1.2025 0.00760 2.3589 1.4004 0.00170

15%

0 0.5919 0.4802 0.0864 0.8678 0.3315 0.00673 3.4730 1.1081 0.00162
5 1.1527 1.1390 0.0638 64.6652 45.1352 0.00599 179.877 126.190 0.00154

15 0.4879 0.3356 0.0512 0.7128 0.2561 0.00532 1.6540 0.3211 0.00143
25 0.4955 0.2698 0.0442 0.6365 0.1263 0.00520 1.6740 0.1745 0.00142

25%

0 0.5709 0.4666 0.1096 0.8315 0.1997 0.00549 1.9544 0.4157 0.00170
5 0.5207 0.3961 0.0762 1.4663 0.8395 0.00450 1.3942 0.4572 0.00150

15 0.9972 0.9915 0.0569 29.1341 12.2471 0.00398 83.1233 35.2213 0.00142
25 0.9276 0.9189 0.0506 68.9262 49.7180 0.00360 165.865 115.351 0.00130

50%

0 0.4755 0.2064 0.0173 0.8594 0.2399 0.00250 1.7465 0.2187 0.00070
5 0.4544 0.1368 0.0125 0.8584 0.2105 0.00250 1.5391 0.1293 0.00060

15 0.4031 0.0696 0.0101 0.8517 0.1146 0.00244 1.1634 0.0564 0.00056
25 0.2427 0.0048 0.0094 0.1752 0.00670 0.00246 0.3010 0.00350 0.00050

Double-mask

5%

0 0.8560 0.7641 0.3424 9.6076 12.5773 0.0374 1.5506 0.8953 0.00190
5 0.4168 0.1902 0.1900 0.1404 0.0820 0.0116 0.1927 0.00610 0.00190

15 0.5850 0.4850 0.1229 0.5325 0.1693 0.00748 1.6893 0.4743 0.00180
25 0.5107 0.2648 0.1022 0.3741 0.0556 0.00790 1.2477 0.09630 0.00170

15%

0 0.5356 0.4172 0.0856 1.2058 0.7597 0.00680 1.9782 0.6346 0.00160
5 0.5329 0.4692 0.0654 0.9536 0.3093 0.00590 3.0547 0.9078 0.00160

15 0.5355 0.4412 0.0508 1.0276 0.3548 0.00540 2.6717 0.6638 0.00141
25 0.4691 0.1911 0.0441 0.3624 0.0424 0.00540 1.0735 0.0758 0.00140

25%

0 0.5396 0.4025 0.1092 0.5771 0.2698 0.00560 0.9457 0.1379 0.00170
5 0.5672 0.4994 0.0783 0.8120 0.2590 0.00430 2.2709 0.6650 0.00150

15 0.5850 0.4850 0.0577 1.0858 0.2954 0.00361 2.0320 0.4874 0.00138
25 0.5477 0.4498 0.0473 0.9231 0.1944 0.00340 2.2537 0.4694 0.00130

50%

0 0.2285 0.00970 0.0173 0.0617 0.00420 0.00250 0.1453 0.00370 0.00070
5 0.1817 0.00810 0.0126 0.0415 0.00900 0.00250 0.0999 0.00300 0.00060

15 0.4013 0.0230 0.00990 0.4430 0.01550 0.00243 0.8887 0.01490 0.00056
25 0.4097 0.0395 0.00920 0.6907 0.1017 0.00250 1.0049 0.04470 0.00050
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NeurIPS Paper Checklist556

1. Claims557

Question: Do the main claims made in the abstract and introduction accurately reflect the558

paper’s contributions and scope?559

Answer: [Yes]560

Justification: The abstract and introduction state the three core contributions—(i) a mask-561

aware diffusion prior trained on incomplete observations, (ii) a RePaint-style posterior sam-562

pling loop with exact observation replacement, and (iii) a physics-guided projector—together563

with assumptions (MAR, bounded drift) and summarized results on I-24 MOTION (e.g.,564

two orders of magnitude reductions at 5% coverage). These match the methods and findings565

reported in Sections 1, 2.1, 2.2, 2.3, and 3.566

Guidelines:567

• The answer NA means that the abstract and introduction do not include the claims568

made in the paper.569

• The abstract and/or introduction should clearly state the claims made, including the570

contributions made in the paper and important assumptions and limitations. A No or571

NA answer to this question will not be perceived well by the reviewers.572

• The claims made should match theoretical and experimental results, and reflect how573

much the results can be expected to generalize to other settings.574

• It is fine to include aspirational goals as motivation as long as it is clear that these goals575

are not attained by the paper.576

2. Limitations577

Question: Does the paper discuss the limitations of the work performed by the authors?578

Answer: [Yes]579

Justification: The Conclusion explicitly lists limitations (time alignment between probes and580

loops, small/smooth bias assumption, speed-only surrogate physics) and proposes remedies581

(joint latency estimation, non-Gaussian/rough bias modeling, density-aware projectors,582

streaming deployment and transfer) in Section 4.583

Guidelines:584

• The answer NA means that the paper has no limitation while the answer No means that585

the paper has limitations, but those are not discussed in the paper.586

• The authors are encouraged to create a separate "Limitations" section in their paper.587

• The paper should point out any strong assumptions and how robust the results are to588

violations of these assumptions (e.g., independence assumptions, noiseless settings,589

model well-specification, asymptotic approximations only holding locally). The authors590

should reflect on how these assumptions might be violated in practice and what the591

implications would be.592

• The authors should reflect on the scope of the claims made, e.g., if the approach was593

only tested on a few datasets or with a few runs. In general, empirical results often594

depend on implicit assumptions, which should be articulated.595

• The authors should reflect on the factors that influence the performance of the approach.596

For example, a facial recognition algorithm may perform poorly when image resolution597

is low or images are taken in low lighting. Or a speech-to-text system might not be598

used reliably to provide closed captions for online lectures because it fails to handle599

technical jargon.600

• The authors should discuss the computational efficiency of the proposed algorithms601

and how they scale with dataset size.602

• If applicable, the authors should discuss possible limitations of their approach to603

address problems of privacy and fairness.604

• While the authors might fear that complete honesty about limitations might be used by605

reviewers as grounds for rejection, a worse outcome might be that reviewers discover606

limitations that aren’t acknowledged in the paper. The authors should use their best607
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judgment and recognize that individual actions in favor of transparency play an impor-608

tant role in developing norms that preserve the integrity of the community. Reviewers609

will be specifically instructed to not penalize honesty concerning limitations.610

3. Theory assumptions and proofs611

Question: For each theoretical result, does the paper provide the full set of assumptions and612

a complete (and correct) proof?613

Answer: [Yes]614

Justification: The paper provides a detailed assumptions and proofs in the appendix.615

Guidelines:616

• The answer NA means that the paper does not include theoretical results.617

• All the theorems, formulas, and proofs in the paper should be numbered and cross-618

referenced.619

• All assumptions should be clearly stated or referenced in the statement of any theorems.620

• The proofs can either appear in the main paper or the supplemental material, but if621

they appear in the supplemental material, the authors are encouraged to provide a short622

proof sketch to provide intuition.623

• Inversely, any informal proof provided in the core of the paper should be complemented624

by formal proofs provided in appendix or supplemental material.625

• Theorems and Lemmas that the proof relies upon should be properly referenced.626

4. Experimental result reproducibility627

Question: Does the paper fully disclose all the information needed to reproduce the main ex-628

perimental results of the paper to the extent that it affects the main claims and/or conclusions629

of the paper (regardless of whether the code and data are provided or not)?630

Answer: [Yes]631

Justification: Section 3 specifies dataset construction, observation models, metrics, UNet632

architecture, loss, optimizer, learning rate, batch size, β-schedule and number of steps633

(T=500), RePaint hyperparameters (j=1, r=250, η=0.9), and projector details, sufficient634

to reproduce the reported numbers.635

Guidelines:636

• The answer NA means that the paper does not include experiments.637

• If the paper includes experiments, a No answer to this question will not be perceived638

well by the reviewers: Making the paper reproducible is important, regardless of639

whether the code and data are provided or not.640

• If the contribution is a dataset and/or model, the authors should describe the steps taken641

to make their results reproducible or verifiable.642

• Depending on the contribution, reproducibility can be accomplished in various ways.643

For example, if the contribution is a novel architecture, describing the architecture fully644

might suffice, or if the contribution is a specific model and empirical evaluation, it may645

be necessary to either make it possible for others to replicate the model with the same646

dataset, or provide access to the model. In general. releasing code and data is often647

one good way to accomplish this, but reproducibility can also be provided via detailed648

instructions for how to replicate the results, access to a hosted model (e.g., in the case649

of a large language model), releasing of a model checkpoint, or other means that are650

appropriate to the research performed.651

• While NeurIPS does not require releasing code, the conference does require all submis-652

sions to provide some reasonable avenue for reproducibility, which may depend on the653

nature of the contribution. For example654

(a) If the contribution is primarily a new algorithm, the paper should make it clear how655

to reproduce that algorithm.656

(b) If the contribution is primarily a new model architecture, the paper should describe657

the architecture clearly and fully.658
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(c) If the contribution is a new model (e.g., a large language model), then there should659

either be a way to access this model for reproducing the results or a way to reproduce660

the model (e.g., with an open-source dataset or instructions for how to construct661

the dataset).662

(d) We recognize that reproducibility may be tricky in some cases, in which case663

authors are welcome to describe the particular way they provide for reproducibility.664

In the case of closed-source models, it may be that access to the model is limited in665

some way (e.g., to registered users), but it should be possible for other researchers666

to have some path to reproducing or verifying the results.667

5. Open access to data and code668

Question: Does the paper provide open access to the data and code, with sufficient instruc-669

tions to faithfully reproduce the main experimental results, as described in supplemental670

material?671

Answer: [No]672

Justification: The paper describes all settings needed for reproduction but does not presently673

include links to code.674

Guidelines:675

• The answer NA means that paper does not include experiments requiring code.676

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/677

public/guides/CodeSubmissionPolicy) for more details.678

• While we encourage the release of code and data, we understand that this might not be679

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not680

including code, unless this is central to the contribution (e.g., for a new open-source681

benchmark).682

• The instructions should contain the exact command and environment needed to run to683

reproduce the results. See the NeurIPS code and data submission guidelines (https:684

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.685

• The authors should provide instructions on data access and preparation, including how686

to access the raw data, preprocessed data, intermediate data, and generated data, etc.687

• The authors should provide scripts to reproduce all experimental results for the new688

proposed method and baselines. If only a subset of experiments are reproducible, they689

should state which ones are omitted from the script and why.690

• At submission time, to preserve anonymity, the authors should release anonymized691

versions (if applicable).692

• Providing as much information as possible in supplemental material (appended to the693

paper) is recommended, but including URLs to data and code is permitted.694

6. Experimental setting/details695

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-696

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the697

results?698

Answer: [Yes]699

Justification: Model, losses, optimizer and hyperparameters, training budget, noise schedule,700

sampling procedures, and evaluation metrics are explicitly given in Sections 3 and appendix;701

the evaluation protocol is defined via synthetic masking of fully observed frames from I-24702

MOTION.703

Guidelines:704

• The answer NA means that the paper does not include experiments.705

• The experimental setting should be presented in the core of the paper to a level of detail706

that is necessary to appreciate the results and make sense of them.707

• The full details can be provided either with the code, in appendix, or as supplemental708

material.709

7. Experiment statistical significance710
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Question: Does the paper report error bars suitably and correctly defined or other appropriate711

information about the statistical significance of the experiments?712

Answer: [No]713

Justification: We report point estimates for each configuration without error bars or con-714

fidence intervals; multiple seeds will be added in an updated appendix due to compute715

constraints.716

Guidelines:717

• The answer NA means that the paper does not include experiments.718

• The authors should answer "Yes" if the results are accompanied by error bars, confi-719

dence intervals, or statistical significance tests, at least for the experiments that support720

the main claims of the paper.721

• The factors of variability that the error bars are capturing should be clearly stated (for722

example, train/test split, initialization, random drawing of some parameter, or overall723

run with given experimental conditions).724

• The method for calculating the error bars should be explained (closed form formula,725

call to a library function, bootstrap, etc.)726

• The assumptions made should be given (e.g., Normally distributed errors).727

• It should be clear whether the error bar is the standard deviation or the standard error728

of the mean.729

• It is OK to report 1-sigma error bars, but one should state it. The authors should730

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis731

of Normality of errors is not verified.732

• For asymmetric distributions, the authors should be careful not to show in tables or733

figures symmetric error bars that would yield results that are out of range (e.g. negative734

error rates).735

• If error bars are reported in tables or plots, The authors should explain in the text how736

they were calculated and reference the corresponding figures or tables in the text.737

8. Experiments compute resources738

Question: For each experiment, does the paper provide sufficient information on the com-739

puter resources (type of compute workers, memory, time of execution) needed to reproduce740

the experiments?741

Answer: [Yes]742

Justification: We report approximate training time (e.g., ∼15 minutes of GPU time, using743

one RTX 6000 ADA generation).744

Guidelines:745

• The answer NA means that the paper does not include experiments.746

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,747

or cloud provider, including relevant memory and storage.748

• The paper should provide the amount of compute required for each of the individual749

experimental runs as well as estimate the total compute.750

• The paper should disclose whether the full research project required more compute751

than the experiments reported in the paper (e.g., preliminary or failed experiments that752

didn’t make it into the paper).753

9. Code of ethics754

Question: Does the research conducted in the paper conform, in every respect, with the755

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?756

Answer: [Yes]757

Justification: No human subjects or personally identifiable information are used; evaluations758

rely on aggregated grid-based speed fields derived from a publicly documented DOT-759

operated dataset; anonymity is preserved for submission.760

Guidelines:761

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.762
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• If the authors answer No, they should explain the special circumstances that require a763

deviation from the Code of Ethics.764

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-765

eration due to laws or regulations in their jurisdiction).766

10. Broader impacts767

Question: Does the paper discuss both potential positive societal impacts and negative768

societal impacts of the work performed?769

Answer: [No]770

Justification: The main text focuses on methods and evaluation; we will add a short discus-771

sion noting potential benefits (safer, more efficient traffic operations) and risks (privacy in772

sensing, misuse for surveillance) with mitigations.773

Guidelines:774

• The answer NA means that there is no societal impact of the work performed.775

• If the authors answer NA or No, they should explain why their work has no societal776

impact or why the paper does not address societal impact.777

• Examples of negative societal impacts include potential malicious or unintended uses778

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations779

(e.g., deployment of technologies that could make decisions that unfairly impact specific780

groups), privacy considerations, and security considerations.781

• The conference expects that many papers will be foundational research and not tied782

to particular applications, let alone deployments. However, if there is a direct path to783

any negative applications, the authors should point it out. For example, it is legitimate784

to point out that an improvement in the quality of generative models could be used to785

generate deepfakes for disinformation. On the other hand, it is not needed to point out786

that a generic algorithm for optimizing neural networks could enable people to train787

models that generate Deepfakes faster.788

• The authors should consider possible harms that could arise when the technology is789

being used as intended and functioning correctly, harms that could arise when the790

technology is being used as intended but gives incorrect results, and harms following791

from (intentional or unintentional) misuse of the technology.792

• If there are negative societal impacts, the authors could also discuss possible mitigation793

strategies (e.g., gated release of models, providing defenses in addition to attacks,794

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from795

feedback over time, improving the efficiency and accessibility of ML).796

11. Safeguards797

Question: Does the paper describe safeguards that have been put in place for responsible798

release of data or models that have a high risk for misuse (e.g., pretrained language models,799

image generators, or scraped datasets)?800

Answer: [NA]801

Justification: The work does not release high-risk generative models or scraped datasets;802

outputs are reconstructed speed fields for benchmarks.803

Guidelines:804

• The answer NA means that the paper poses no such risks.805

• Released models that have a high risk for misuse or dual-use should be released with806

necessary safeguards to allow for controlled use of the model, for example by requiring807

that users adhere to usage guidelines or restrictions to access the model or implementing808

safety filters.809

• Datasets that have been scraped from the Internet could pose safety risks. The authors810

should describe how they avoided releasing unsafe images.811

• We recognize that providing effective safeguards is challenging, and many papers do812

not require this, but we encourage authors to take this into account and make a best813

faith effort.814

12. Licenses for existing assets815
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Question: Are the creators or original owners of assets (e.g., code, data, models), used in816

the paper, properly credited and are the license and terms of use explicitly mentioned and817

properly respected?818

Answer: [Yes]819

Justification: The dataset (I-24 MOTION) is cited.820

Guidelines:821

• The answer NA means that the paper does not use existing assets.822

• The authors should cite the original paper that produced the code package or dataset.823

• The authors should state which version of the asset is used and, if possible, include a824

URL.825

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.826

• For scraped data from a particular source (e.g., website), the copyright and terms of827

service of that source should be provided.828

• If assets are released, the license, copyright information, and terms of use in the829

package should be provided. For popular datasets, paperswithcode.com/datasets830

has curated licenses for some datasets. Their licensing guide can help determine the831

license of a dataset.832

• For existing datasets that are re-packaged, both the original license and the license of833

the derived asset (if it has changed) should be provided.834

• If this information is not available online, the authors are encouraged to reach out to835

the asset’s creators.836

13. New assets837

Question: Are new assets introduced in the paper well documented and is the documentation838

provided alongside the assets?839

Answer: [NA]840

Justification: We do not introduce a new dataset or benchmark in this submission.841

Guidelines:842

• The answer NA means that the paper does not release new assets.843

• Researchers should communicate the details of the dataset/code/model as part of their844

submissions via structured templates. This includes details about training, license,845

limitations, etc.846

• The paper should discuss whether and how consent was obtained from people whose847

asset is used.848

• At submission time, remember to anonymize your assets (if applicable). You can either849

create an anonymized URL or include an anonymized zip file.850

14. Crowdsourcing and research with human subjects851

Question: For crowdsourcing experiments and research with human subjects, does the paper852

include the full text of instructions given to participants and screenshots, if applicable, as853

well as details about compensation (if any)?854

Answer: [NA]855

Justification: The work does not involve crowdsourcing or human-subject studies.856

Guidelines:857

• The answer NA means that the paper does not involve crowdsourcing nor research with858

human subjects.859

• Including this information in the supplemental material is fine, but if the main contribu-860

tion of the paper involves human subjects, then as much detail as possible should be861

included in the main paper.862

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,863

or other labor should be paid at least the minimum wage in the country of the data864

collector.865

15. Institutional review board (IRB) approvals or equivalent for research with human866

subjects867
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Question: Does the paper describe potential risks incurred by study participants, whether868

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)869

approvals (or an equivalent approval/review based on the requirements of your country or870

institution) were obtained?871

Answer: [NA]872

Justification: Not applicable; no human-subject research was performed.873

Guidelines:874

• The answer NA means that the paper does not involve crowdsourcing nor research with875

human subjects.876

• Depending on the country in which research is conducted, IRB approval (or equivalent)877

may be required for any human subjects research. If you obtained IRB approval, you878

should clearly state this in the paper.879

• We recognize that the procedures for this may vary significantly between institutions880

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the881

guidelines for their institution.882

• For initial submissions, do not include any information that would break anonymity (if883

applicable), such as the institution conducting the review.884

16. Declaration of LLM usage885

Question: Does the paper describe the usage of LLMs if it is an important, original, or886

non-standard component of the core methods in this research? Note that if the LLM is used887

only for writing, editing, or formatting purposes and does not impact the core methodology,888

scientific rigorousness, or originality of the research, declaration is not required.889

Answer: [NA]890

Justification: LLMs are not part of the core methodology or experimental pipeline; any891

writing assistance does not affect scientific content.892

Guidelines:893

• The answer NA means that the core method development in this research does not894

involve LLMs as any important, original, or non-standard components.895

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)896

for what should or should not be described.897
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