6 Appendix

6.1 Calculation of the Spatial Range of Pillar Regions
Corresponding to Feature Points

As stated in Sec. 3.2, the spatial correlation between nodes needs to be judged ac-
cording to whether the bottom surface of the cylindrical space area corresponding
to the nodes is intersected. We calculate the spatial range of the bottom sur-
face of the pillar regions M (P) corresponding to the feature points based on
the voxel grid size settings in the model parameters and the ratio of the BEV
feature dimensions before and after refinement by the backbone network. Below
is the detailed process:

If the voxel grid size in the model parameters is set to [vy, vy, v,], the size of
the initial BEV feature is set to Fins is [C1, Hy, W1], and the size of the BEV
feature Frcfine after refined by the backbone network is set to [Cy, Ha, Wl
Thus, for the feature point at index (4, j) within Fp fine, the size of the bottom
surface of the corresponding cylindrical space M (P) is determined by:

Wy
len, = v, - — 1
eng = v W (1)
Hy
lenyzvy-E (2)

the coordinates (z,y) representing the center point of the bottom surface of the
cylindrical space region in the Cartesian coordinate system is determined by:

x = (j +0.5— V?) len, (3)
H.
y= <22 —i— 0.5> -len, (4)

where Cartesian coordinate system takes the intelligent vehicle ego as the coor-
dinate origin, and the front and right sides of the ego are the positive directions
of the Y-axis and the X-axis, respectively.

Given the size (leng,len,) and the central coordinates (z,y) of the cylin-
drical space region M (P), we can determine whether there is an intersection
between the bottom surfaces of the pillar regions corresponding to the feature
points, which reveals the spatial relationships between the feature points, thereby
enabling the construction of the feature collaboration graph.

It is worth noting that, due to the uncertainty in model parameter settings
and BEV feature sizes, we have also developed a dedicated CUDA operator to
calculate the range of the bottom surface of the spatial regions M (P) corre-
sponding to feature points in real-time.

6.2 Semantic Mapper

In the feature collaboration graph, the number of channels and the semantic
space exists difference between the nodes {PJ} C R% from neb and the nodes
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Fig. 1: Visualization of spatial regions corresponding to feature points. The
gray grid represents the the bottom surface of the pillar region M (P) corresponding
to the feature points, and the blue cylinders represent the cylindrical spatial regions
corresponding to the feature points P.

{P}W} C RY from ego. To address this, we have designed a semantic mapper,
inspired by the autoencoder |1] structure. This mapper adjusts the number of
channels and semantic space of neb nodes to align with the architecture of ego
nodes, as depicted in Fig. 2]

Network Structure. The semantic mapper is made up of two sets of 1x1
convolutions. For a node PJ from neb, its dimension is initially reduced by
the first group of two 1x1 convolutions, resulting in a low-dimensional hidden
variable. Then, this hidden variable’s dimension is increased to match that of
the ego node P! using another set of two 1x1 convolutions in the second group.
In this way, the number of node channels and the semantic space in the feature
collaboration graph are unified.

There are various types of architectures for the observation encoder used by
agents (such as PointPillar [4], SECOND [§], etc.). We train a standard semantic

mapper H%S;)

ego

(+) for each type of observation encoder architecture.

Channel Aligner. In real scenarios, the intermediate features extracted by
observation encoders with the same architecture may still have slight differences
in the number of channels due to different parameter settings. To tackle this
problem, we integrate a channel aligner |6] before the 7-[532;)9 40 (+) to adapt to

minor changes in the number of feature channels.



Input Node Hidden Variable Output Node
I I i
' [
' 1
|
| -
o) |
5y _ ~ B I —
= A X X X
o) ) ) 3 3
g O @] @] o
g -
<
=
@) -
—_—
Encoder Decoder

Fig. 2: Semantic mapper. The two sets of 1x1 convolutions is used to map the node
representation to be the same as that of the ego node. Before the convolution layers,
a Channel Aligner adapts to slight variations in the number of channels by randomly
dropping or padding channels.

For node PJ from neb, if the number of channels matches the input dimen-

sion of the standard semantic mapper 7—[7(1%;190 (+), it is directly inputted into the

mapper. However, if the number of channels does not align with the input dimen-
sion of H%ZZ) (+), channels are either added or removed at random to ensure
the channel number of P} matches the standard mapper’s input dimension, and
input to H%‘i;“;";)ego (). The integration of a channel aligner enhances Hetecooper’s
adaptability in real-world applications, allowing it to automatically adjust to
minor variations in feature channel numbers without the need to retraining the

model.

ego

Training. In Hetecooper’s collaboration framework, the semantic mapper and
the fusion module’s parameters are adjusted during the second phase of training,
as described in Sec. 3.4.

6.3 Collaboration Methods of Baseline Under Model Heterogeneous
Conditions.

In Baseline’s Where2comm and Fcooper , the collaborative method is de-
signed based on the assumption of model homogeneity, which doesn’t support
direct fusion of heterogeneous features. To adapt the baseline method for models
heterogeneous conditions, we first standardize the feature channel numbers and
semantic spaces using the semantic mapper mentioned in Sec. 6.2. Subsequently,
we align the feature dimensions using bilinear interpolation methods. After uni-
fying the feature representations, we then use the original fusion module to merge
the features from collaborators.

At this point, the training process of the baseline also consists of two stages:
First, we train the observation encoder, fusion module, and detection head un-



der the setting of model homogeneity. Second, we adapt a 7—[5%;190 (+) for each
observation encoder architecture. Here’s the detail process:

i) Input the perception data into the observation encoders Hene,,, (-) for the
ego and Hene,., (+) for the neb, respectively. Then the intermediate features
Fego and Fep is yield.

ii) Input the neb feature F,.p into the semantic mapping module HS,?Z;)SQU )
to align the number of channels and the semantic representation, resulting
in ‘/—-Zzeb = Hgg;;)egn (fneb)'

ili) Adjust the size of F,,, to match F.g, through bilinear interpolation, result-
ing in F/,, = Bilinear (F},;).

iv) Calculate the root mean square error between F.q4, and F,/

., to serve as the
training loss:

L= MSE (fegm f,’{eb)

v) Update the parameters of the feature mapper Hﬁf;g;ﬂ;)ego (+), while keeping the
parameters of observation encoders Hene,,, (-) and Hene,., () unchanged.

6.4 Multi-scale Collaboration.

There exist voxel-level and object contour-level correlations between features. To
capture richer correlations between heterogeneous features, we construct feature
collaboration graphs at multiple spatial scales. The detailed process is as follows:

For the feature F; € RH:>*WixCi from ego and the information I €
R xWixC5 from neb. We divide them into tensors with dimensions of (C; x

P, x Py, I;:, V[L’) for ego and (Cj X Py x Py, %Z, %) for neb, using the patch

size Py X Py, where s = 1,2,...,S. These tensors can be thought as hyperfea-

tures with size (%", Vgl) and (%ﬁ, ‘%), respectively. Each feature points in the
hyperfeatures are patches of size Ps; x Ps, which we called as hyperpoints. The
spatial region corresponding to the hyperpoints is the sum of the cylindrical grid
regions corresponding to all the feature points in the patch Ps x P;.

Further, we follow the method in Sec. 3.2 to construct a feature collabora-
tion graph between hyperfeatures across various scales and then propagate and
aggregated feature messages. And then the fusion result F;; is obtained. During
this stage, the attention mechanisms is executed separately between the feature
points at the corresponding position of the patch P, x P;. Ultimately, we employ

the Split-atten method [9] to combine the results JF7; at various scales, producing

Fi; = Split ({FZSJ}SS: 1). This process effectively aggregates the information of

collaborator features at multiple scales into ego features.

6.5 Visualization of Detection Results

We visualized the detection results after collaborating using different methods.
The ego (vehicle in left-hand) and the neb (vehicle in right-hand) employs Point-
Pillar and SECOND observation encoder architecture, respectively.
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Fig.3: Visual comparison of detection results of different collaborative
methods. The and red boxes represent the ground-truth and the detection
results by different collaboration methods, respectively.
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Fig. 4: Visual comparison of Hetecooper detection results when the number
of intelligent vehicles increases from 1 to 4. The and red boxes represent the
ground-truth and the detection results by different collaboration methods, respectively.

Fig. Bp-h shows the visualizations of detection results witour collaboration
and with collaboration using Hetecooper, HM-VIiT [5], MDPA [6], Where2comm
[3], Fcooper [2], respectively. It is easy to see that Hetecooper achieved the best
performance.

Furthermore, we evaluated the detection performance of Hetecooper as the
number of intelligent vehicles in the scene increased from 1 to 4, as shown in

Fig. dh-d.

6.6 Test Results on the Real Dataset V2V4Real

V2V4Real [7] is the first large-scale real-world dataset for Vehicle-to-Vehicle
(V2V) cooperative perception in autonomous driving. It is collected by two ve-
hicles simultaneously in the same location, and contains 410 km of the driving
area, 20K LiDAR, 40K RGB, and 240K annotated 3D bounding boxes across
5 vehicle classes. Intersections, highway entrance ramps, and straight city roads
are concluded.

We tested the performance of Hetecooper and the baselines on V2V4Real
when agents used heterogeneous observation encoders, as shown in Tab.



Table 1: Comparison when architecture of observation encoders are different
on V2V4Real. The terms on the left and right sides of the "-" represent the names of
the observation encoders used for the ego and neb, respectively. Results are reported
in AP@0.50/AP@Q0.70. Since the performance of the collaboration method is related to
the proportion of heterogeneous agents in the scenario, we uniformly set the maximum
number of vehicles in the scenario to 2 to eliminate the influence of unrelated variables.

Collaborative Method
Hetecooper HM-ViT MDPA ‘Where2comm Fcooper
SECOND 0.601/0.508 0.579/0.364 0.594/0.482 0.594/0.482 0.5800/0.441
PointPillar 0.607/0.465 0.607/0.400 0.612/0.426 0.612/0.426 0.608,/0.408
PointPillar - SECOND 0.569/0.443 0.543/0.425 0.543/0.423 0.550/0.428 0.558,/0.415

Observation Encoder
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