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1. More details

1.1. Implement details

INSTINCT employs SECOND [6] as the 3D backbone and
uses ConQueR [8] as the single-agent baseline to provide
instance-level features. We set the number of layers in both
the encoder and decoder within ConQueR to 3. Moreover,
in the final layer of the decoder, the Focal Loss used for
classification supervision is replaced with MAL Loss [4],
with the corresponding v set to 1. In the subsequent filtering
operation, we set the threshold to 0.1, which is identical
to the A value used in our Dual-branch Detection Routing
(DDR).

After the collaborative output head, all instances are ag-
gregated, and a unified detection head, which is composed
of a 3-layer FFN, is used to generate the final output. No-
tably, for classification supervision at this stage, we also
employ MAL Loss configured the same way as in the de-
coder’s final layer to penalize detection outputs that exhibit
low IoU yet high confidence scores.

Both single-agent and collaborative outputs are super-
vised. As described in DETR [1], we utilize Hungarian
matching for loss computation, and the number of queries
is initialized to 300.

Technical clarification of Co-GT Sampling strategy:
Co-GT Sampling constructs an object database D =
{(P®, L™)}, where P and L) denote the i-th cropped
object point cloud and its label. A subset O = {0/} C D
is selected such that IoU (o), 0(k)) = ToU(o¥), GT) = 0
for all j # k, ensuring no overlap with other samples or
existing GTs. For each agent a, its point cloud P, and la-
bels L, are transformed to the ego frame via 7. ,, merged
with O and corresponding labels, then inverse-transformed
by Ty« to produce the augmented pair (P2V8 L32ue):
(Pay La) == (PyU O, Ly U Lo) “==5 (P4, L3®),
Legal samples O are thus aligned in the ego frame, shared
across agents, and restored to local frames for conflict-free,
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consistent augmentation.

1.2. Experiments details

Sufficient repetition of experiments (mean + std): All
results in the manuscript are averaged over 5 runs with ran-
dom seeds. We further reran 10 times on DAIR-V2X, yield-
ing AP@0.5 = 0.8287 £ 0.0048 and AP@0.7 = 0.7539 +
0.0067, confirming INSTINCT’s consistent superiority over
all baselines.

Runtime and Bandwidth Details: Excluding the 3D
backbone, collaborative modules incur inference time of
110/120/62 ms (INSTINCT/V2X-ViT/Where2comm) on an
A100, with total time of 175/110/77 ms. This indicates that
INSTINCT’s backbone is the primary speed bottleneck, and
its collaborative modules remain inefficient. Bandwidth av-
erages 16 KB/frame across datasets; on DAIR-V2X it is
12 KB (median 11, range 0-36, variance 8), scaling linearly
with object count, while other methods grow quadratically
with sensing range.

Comparison to TransIFF [2] & QUEST [3] & ACCO
[7]: Although TransIFF achieves low bandwidth, it falls
short of mainstream SOTA performance and is limited
to vehicle-infrastructure collaboration.  Our reproduc-
tion using the same single detector as INSTINCT yields
AP@0.5/0.7 of 0.6919/0.5879 on DAIR-V2X (higher than
reported), with a mean bandwidth of 13.58, same as IN-
STINCT due to identical detector use. Thus, aside from
bandwidth, TransIFF underperforms compared to SOTA
methods. QUEST and ACCO also adopt instance-level
interaction, but are designed for camera-based percep-
tion, whereas INSTINCT focuses on LiDAR. Although IN-
STINCT outperforms them, direct comparison is unfair due
to the modality gap.

Performance gain: collaboration or single detector?
We addressed this in Appendix Sec.2, comparing against
two baselines: late fusion with the best single detector,
and INSTINCT using the same weights. INSTINCT out-
performs late fusion by 12.17% at AP@0.5 and 25.95% at
AP@0.7, demonstrating its effectiveness in calibrating de-



tections. We replace the single detector with Voxel-DETR
(whose mAP@0.7 is ~5% lower than ConQueR) to test
INSTINCT on DAIR-V2X. The AP@0.7 drops slightly to
0.7303 (by 2%), while the communication cost increases to
13.69. It indicates that INSTINCT is robust to weaker de-
tectors, though it needs higher communication overhead.

2. Comparison with other 3D Detectors

Advanced single-vehicle models provide sufficiently accu-
rate instance features for INSTINCT. To demonstrate IN-
STINCT’s ability to effectively fuse these instance features,
we compared its performance with other state-of-the-art 3D
detectors that employ direct late fusion. Additionally, we
evaluated the impact of using MAL loss versus quality pre-
diction on detection performance. In the quality prediction
approach, an extra 3-layer FFN is used to predict the IoU,
and the IoU between positively matched samples and the
ground truth (obtained through Hungarian matching) serves
as the supervision signal.

Based on the results in Tab. 1, the performance of the
INSTINCT model across different datasets exhibits the fol-
lowing characteristics:

1. Performance Comparison on the DAIR-V2X Dataset.
INSTINCT’s late fusion performance is significantly su-
perior to that of ConQueR and SEED . This demonstrates
that under the complex data distributions encountered in
real-world scenarios (e.g., variations in illumination, oc-
clusions), the instance fusing mechanism in INSTINCT
can more effectively integrate information from multiple
agents. In contrast, traditional late fusion methods lack
effective calibration capabilities, struggle to handle the
noise interference present in real environments.

2. Analysis of the V2XSet Simulation Dataset. Although
INSTINCT achieves the best performance in the inter-
mediate fusion model, its performance is slightly lower
than the late fusion results of ConQueR and SEED [5] in
V2XSet. We attribute this to two factors:

e Simplicity of the Data Distribution. As a sim-
ulated dataset, the distribution of 3D detection tar-
gets in V2XSet is highly idealized, resulting in near-
saturation of prediction accuracy among the agents. In
such cases, maintaining the original predictions can
actually be the optimal strategy.

* Model Training Challenges. INSTINCT is designed
to learn “how to fuse” instance features through train-
ing, but the strong consistency of “unchanged” targets
in simulated data makes it difficult for the model to
converge to the desired state.

* Practical Implication. Since collaborative perception
is ultimately applied in real autonomous driving sce-
narios (e.g., the complex road tests in DAIR-V2X),
the advantages of INSTINCT on real-world data hold
greater engineering value.

3. Trade-offs Between the Loss Function and the Qual-
ity Prediction Module.

e MAL Loss. This loss function consistently boosts per-
formance in both the multi-agent baseline models and
INSTINCT, validating its effectiveness in enhancing
instance selection through adversarial learning.

¢ Quality Prediction (IoU). On the V2XSet dataset,
the simplicity of the targets results in an 1.5% gain.
Howeyver, on the DAIR-V2X dataset, the limited data
scale leads to prediction biases that cause a perfor-
mance drop. In the current approach, we rely solely
on MAL Loss for quality-aware filtering. Future work
will focus on improving the robustness of IoU predic-
tion through a pre-training and fine-tuning strategy or
uncertainty modeling.

This analysis highlights the strengths of INSTINCT, par-
ticularly in real-world scenarios, and outlines potential av-
enues for further enhancing the model’s robustness and per-
formance.

3. Effectiveness of CDA and GDA

To more intuitively illustrate the roles of the two mod-
ules, CDA and GDA, in Cross-Agent Local Instance Fusion
(CALIF), we provide a visualization of the fused instances
from the ego and agents. As shown in Fig. 1(a), after apply-
ing CDA, the numerical distributions of the ego and agent
instances become more similar. Following GDA, both in-
stances undergo self-calibration based on each other’s in-
formation. Notably, ego instance features clearly acquire
additional information from the agent instance features. In
Fig. 1(b), we visualize the weights corresponding to GDA,
which indicate the degree of mutual attention between the
mixed instances. The weight matrix generally appears sym-
metric, suggesting a tight correspondence between the in-
stance features. It is important to note that similar colors do
not imply identical values, but rather comparable attention
levels. The attention weights provided by GDA facilitate
effective local fusion of the fused instance features.

4. More Visualization Results

We provide additional visual comparisons of INSTINCT on
V2XSet and V2V4Real in the Fig. 2 and Fig. 3. In addition
to BEV detection results, we also present visualizations of
the 3D detection result. All visualizations indicate that IN-
STINCT exhibits stronger calibration capability and more
stable performance compared to state-of-the-art intermedi-
ate fusion methods.
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Table 1. Comparison with other 3D Detectors.
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Figure 1. Visualization of effectiveness of CDA and GDA. (a) shows the the query after CDA and GDA. (b) shows the relationship
between Gaussian distance and weight.
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Figure 2. Comparison of BEV Visualization of Different Models in Different Scenarios.
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Figure 3. Comparison of 3D Visualization of Different Models in Different Scenarios.



	More details
	Implement details
	Experiments details

	Comparison with other 3D Detectors
	Effectiveness of CDA and GDA
	More Visualization Results

