CoopDiff: A Diffusion-Guided Approach for Cooperation under Corruptions

Supplementary Material

Algorithm 1 CoopDiff - Diffusion Training

1: Inputs: Ego feature F;, Collaborator features { F} } j4;,
Max timestep T'

2 zg + D" ({F;}jen) > Clean target feature
3t ~U{L,..., T} e ~N(0,I) > Sample time & noise
4z A xo+ 1 —age > Forward process
5: Build conditions:

6: % Aoe(F}) > LE generates local condition
7o %P < Acoop(Fy, {F}}j2i, ) > CE generates

cooperative condition
8: & + Ugt(ay,t, [cloc, cco°P]) > Denoising process

9: Loss <= Laiff(€,€)
10: Update: 0 < 0 — nV g Lgist

> Compute loss

Algorithm 2 CoopDiff - Diffusion Inference

1: Inputs: F;, {F}};, steps T’
2. X~ N(O, I)

3 fort=T,T—1,...,1do

b Ao Ao(Fy)

5 ¢ < Ncoop(Fiy {Fj}ji, )
6 €t — Ugtu(iﬂt, t, [Cloc, Ccoop])
7

8

9

1 R el TR
Mt < =\ Tt o, Gt)
Te—1 < Mt
: end for
10: return xg

1. Implementation Details

More Training Details. To ensure fair comparison and
robust generalization to unseen scenes, all methods are
trained using only the original clean point clouds with-
out introducing any artificial corruptions or noise pertur-
bations. Each model is trained for 30 epochs on a single
RTX 4090 GPU with a batch size of 2. We do not apply
any post-training fine-tuning to any method (e.g., V2X-ViT,
ERMVP, etc.), which may cause slight performance differ-
ences from the original papers but guarantees fairness and
consistency across all reproduced results. During training,
the composite-loss coefficients «, 3,~, d are set to 1, 2, 1,
and 1, respectively. &, is initialized as a convolutional
projection that maps the one-hot classification labels into
the feature space.

Diffusion Training. As detailed in Algorithm 1, the train-
ing process leverages the teacher-student paradigm intro-
duced in Sec. 3.1. We first utilize the frozen Quality-Aware
Teacher (D%*%) to process the multi-agent inputs and gener-

ate a clean target feature map xy. We then apply the stan-
dard DDPM forward process: a timestep ¢t ~ U{1,...,T}
and Gaussian noise ¢ ~ N(0, ) are sampled, corrupting
the target into a noisy latent x; = /a;zo + /1 — aze.
The core task for the Student (US™) is to predict the orig-
inal noise é;. To achieve this, it is strongly conditioned on
the outputs of its Dual-Branch Encoder (Sec. 3.2): the lo-
cal condition ¢ = Ay (F;) and the cooperative condi-
tion ¢®P = Acoop(Fi, {Fj}jzi, ). The student’s param-
eters 6 are then updated by minimizing the diffusion loss
Laiee (€4, €), while the teacher D**® remains frozen.
Diffusion Inference. The inference process, detailed in Al-
gorithm 2, is a generative, iterative refinement that reverses
the diffusion. As noted in the main paper (Sec. 4.1), we em-
ploy a deterministic DDIM sampler for efficient and high-
quality feature reconstruction. Starting with pure Gaussian
noise 7 ~ N(0,7), the model iterates backward from
t = T to 1. At each step t, the dual-branch conditions cloe
and c“°°P are recomputed from the input features to guide
the denoising trajectory. The student U;*" predicts the noise
€; given the current state x; and the conditions. This predic-
tion is used to compute the reverse mean p; (defined in Eq.
1), which estimates the ’clean” feature zy. Following the
DDIM update rule, the next state is set deterministically:
Ty—1 < (. After the final step, the resulting z is returned
as the fully denoised feature map used for downstream per-
ception tasks.

2. Dataset Construction

We augment the original DAIR-V2X and OPV2V datasets
by introducing various levels of different types of corrup-
tions to the point cloud data using Robo3D [1], simulating
the diverse degradation scenarios encountered in real-world
environments. In this experiment, we fix the random seed
to 42 to ensure that the added corruptions are consistent and
reproducible across runs. Specifically, the steps for adding
point cloud corruptions are as follows. Relevant visual ex-
amples can be referred to in Figure 1.

Fog. To reproduce atmospheric attenuation and backscat-
tering effects of fog, we implement a two-stage simulation
(see Fig. 1(2) ). First, hard-target attenuation is applied
following the Beer—Lambert law:

I = Iyexp(—2ayry),

where Ij is the original intensity, rg is the range, and o
denotes the fog attenuation coefficient. Second, backscat-
tering is simulated using a precomputed lookup table that
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Figure 1. Visualization of the synthetic point cloud corruptions
used in our benchmark. (1) Original clean data. (2) Fog, simu-
lating atmospheric attenuation and backscattering. (3) EMI (Elec-
tromagnetic Interference). (4) Water, simulating surface reflection
and absorption. (5) Motion Blur, from sensor motion. (6) Beam
Missing, simulating partial sensor failure. (7) Echo, simulating in-
complete returns from elevated surfaces.

provides a fog response intensity I5oq (7o) scaled by a scat-
tering factor . If Ig,e(70) > I, the corresponding point is
replaced by a synthetic fog point whose distance is adjusted
to the maximal backscatter position. Otherwise, the orig-
inal point is preserved. An additional positional noise of
strength v is finally applied to the fog points to introduce
further uncertainty. In our experiments, these parameters
are set to ay = 0.02, 8y = 0.008, and vy = 10.

Electromagnetic Interference (EMI). To simulate Elec-
tromagnetic Interference, which introduces random sen-
sor cross-talk and severe measurement deviations (see Fig.
1(3)), a small proportion -y, of points is randomly selected
from the cloud. For each selected point, additive Gaussian
noise is applied to both spatial coordinates (z,y, z) and in-
tensity 4:

(m/’ylaz/7il) = (Jc,y,z,i) +1, 77'\’-/\/(0’ (306)2>7
where o, denotes the standard deviation of the underlying
sensor noise. This corruption simulates rare but signifi-
cant deviations caused by EMI without removing any points
from the scene. In our experiments, we set the selection pro-
portion v, = 0.01.

Water. To simulate Water Accumulation on the road sur-
face (see Fig. 1(4)), a planar ground model is first fitted
using RANSAC regression. If sufficient ground points are
detected (N4 > Nyp), where Ny, is a predefined threshold,
their incidence angles and original intensities are used to es-
timate a baseline reflectance model. The reflection of each
ground point is then recalculated based on Fresnel equations
to account for refraction and reflection through a thin water
layer of height h,,. The new intensity [, is computed as a
weighted combination of the dry-ground reflectance Iy and
the transmission coefficient T'(h,,):

Points whose I,, fall below an adaptive noise threshold
Ty are discarded to emulate absorption and scattering by
the water surface. Remaining ground points are merged
with unmodified non-ground points to form the final water-
enhanced point cloud. In our experiments, we set the
ground point threshold N;;, = 1000 and the water layer
height h,, = 0.0015.

Motion Blur. To simulate Motion Blur induced by rapid
sensor motion or vibration, Gaussian perturbations are ap-
plied independently to each point (see Fig.1(5)). Specifi-
cally, for each point with coordinates (z,y, z), a random
displacement (Ax, Ay, Az) is drawn from a zero-mean
normal distribution with standard deviation oy, i.€.,

Az, Ay, Az ~ N(0,07).

The perturbed coordinates (z',1y/,2') = (x + Az, y +
Ay, z + Az) yield the blurred point cloud. In our exper-
iments, we set the standard deviation o, = 0.2.

Beam Missing. To evaluate model robustness under par-
tial sensor failure, we simulate Beam Missing noise, which
emulates random malfunction of certain LiDAR beams in



an Np-line scanner (see Fig. 1(6)). The raw point cloud
is first processed to assign each point a ring identifier r €
[0, N, — 1] according to its vertical incidence angle. A
fixed fraction o of beam IDs is randomly selected to rep-
resent inactive channels. All points whose ring ID belongs
to this inactive set are removed. If the resulting point cloud
becomes empty, at least one point is randomly retained to
ensure non-null output. In our experiments, we simulate
a 64-line scanner (N, = 64) and set the missing fraction
ap = 0.5.

Echo. The Incomplete Echo corruption (see Fig. 1(7))
simulates missing returns from elevated surfaces. All points
with vertical coordinate z > h, (with a height threshold
he) are identified as non-ground points. A proportion S, of
these are randomly removed, while all points with z < h,
are retained. The resulting cloud thus preserves all ground
points and only a (1 — §.) fraction of non-ground returns,
imitating partial echo loss. In our experiments, we set the
height threshold A, = 0.001 and the removal proportion
Be =0.9.
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