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Abstract

Collaborative perception extends the sensing range of a single ve-
hicle by fusing observations from nearby agents, which improves
the robustness of autonomous driving. In realistic deployments,
however, the received collaborator messages are often affected by
both communication delay and relative-pose noise, which jointly
cause stale observations, spatial misalignment, and unstable feature
fusion. Existing methods usually address these issues from either
the spatial or temporal side, but handling them jointly in a unified
and efficient manner remains challenging. In this paper, we propose
CoAnchor, an anchor-centric spatio-temporal alignment framework
for asynchronous collaborative perception. Instead of directly rea-
soning on dense BEV features, CoAnchor builds sparse object-level
spatio-temporal anchors as a shared interface for pose correction
and tightly connects spatial refinement, temporal propagation, and
current-time verification within one unified loop, while keeping
the overall correction process lightweight. Extensive experiments
on both simulated and real-world datasets illustrate that CoAnchor
remains competitive under clean settings and improves the robust-
ness under joint delay and pose perturbations with a favorable
practical accuracy-efficiency trade-off.
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1 Introduction

Multi-agent collaborative perception has become a significant ad-
vantage for autonomous driving, because neighboring agents can
share complementary observations beyond the field of view of a
single vehicle [15, 25, 26, 29]. By exchanging rich perception infor-
mation through the V2X communication technology [6, 20], the
ego vehicle can better detect distant, occluded, or partially visible
objects, thereby improving the scene understanding in challenging
traffic environments [5, 8, 28].

Despite the huge potential, collaborative perception is highly
sensitive to the synchronization of cross-agent communications
[13, 14, 19, 20, 29]. As illustrated in Fig. 1, in realistic deployments,
the received collaborator messages are rarely perfectly aligned with
the ego vehicle’s current observation due to two types of percep-
tion errors. (i) Temporal misalignment: due to communication delay,
collaborator messages from neighboring agents are captured earlier
than the ego timestamp, so the shared observations may already be
stale when they arrive at the ego vehicle. (ii) Spatial misalignment:
localization noise and relative-pose error can place the collaborator
observations at incorrect locations in the ego frame. More seri-
ously, these two factors interweave in practice. If the ego vehicle
directly fuses the temporally- and spatially-misaligned collaborator
information, this can easily cause shifted detections, duplicated
responses, or motion ghosts in the final object perception.

Existing methods usually address these issues by treating tempo-
ral and spatial misalignment separately. On the one hand, spatially
oriented methods [2, 8, 15, 36] refine cross-agent alignment be-
fore feature fusion by correcting noisy relative poses or matching
object-level observations across agents. They are effective when
collaborator observations remain sufficiently synchronized and
when reliable correspondences can still be established. On the other
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Figure 1: Temporal and spatial misalignment between ego
vehicle and cooperative agents.

hand, temporally oriented methods [14, 19, 23, 25] compensate stale
collaborator information by propagating or reconstructing delayed
features toward the ego vehicle’s current time. These methods are
strong when the spatial reference is already reliable. Nevertheless,
in practical collaborative perception, delay and pose noise are cou-
pled rather than isolated: a biased pose estimate may change the
starting point of temporal propagation, while propagated collabora-
tor information should also be re-evaluated at the current ego time
before the object feature fusion process. Therefore, simply handling
spatial correction and temporal compensation in sequence is often
insufficient under realistic spatio-temporal misalignment. This mo-
tivates us to seek a unified representation that can couple delayed
cross-agent correspondence, temporal propagation, current-time
verification, and feature fusion.

In this paper, we propose CoAnchor, an anchor-centric collabo-
rative perception framework for spatio-temporally misaligned mes-
sages. Our key observation is that, although high-dimensional BEV
features are powerful for object detection, they do not explicitly ex-
pose cross-agent object correspondence or temporal structure under
joint delay and pose perturbations. By contrast, a low-dimensional
object-level representation can provide a shared interface for jointly
reasoning about spatial alignment, temporal propagation, and reli-
ability estimation. Based on this observation, we represent delayed
collaborator objects as spatio-temporal anchors, each of which corre-
sponds to a matched cross-agent object hypothesis together with its
motion state and reliability cues over time. These anchors connect
delayed-time correspondence and pose refinement, current-time
propagation and verification, closed-loop reliability feedback, and
anchor-guided feature fusion within a unified pipeline.

Compared with directly performing pose corrections in dense
BEV feature space, CoAnchor’s anchor-centric design has the fol-
lowing advantages. (i) It couples the temporal propagation with
current-time posterior verification tightly, so the collaborator per-
ceptive information can be calibrated before the object fusion, to
mitigate the effects of communication delay and pose noise. (ii)
It mainly acts on sparse anchors rather than repeatedly invoking
heavy-cost BEV feature processing modules. Thus, it remains ef-
ficient in practice, and one feedback round can provide a better
accuracy-efficiency trade-off.

Extensive experiments on OPV2V [30] and real-world V2V4Real
[28] demonstrate that CoAnchor remains competitive in clean settings
and becomes consistently more robust under coupled pose perturba-
tion and communication delay. In particular, on V2V4Real under a
delay of 200 ms and pose noise of (0.6 m, 0.6°), CoAnchor achieves
67.04 AP@0.5, outperforming the state-of-the-art spatio-temporal
cascade baseline by 6.00 AP@0.5, corresponding to a 9.83% relative
improvement.
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We next summarize the contributions. (i) We analyze why col-
laborative perception degrades under joint spatio-temporal mis-
alignment caused by communication delay and relative-pose noise.
(ii) We propose CoAnchor, an anchor-centric framework that uses
currently verifiable object-level anchors to tightly connect spatial
correction, temporal propagation, and collaborative fusion, instead
of treating them as independent stages. (iii) Extensive evaluations
show that CoAnchor achieves improved robustness with a favorable
accuracy-efficiency trade-off.

2 Related Work

Collaborative perception. Multiple agents can improve the scene
understanding by exchanging sensory information or intermediate
representations [7, 22]. According to the stage at which information
is fused, existing methods are commonly divided into early [3],
intermediate, and late fusion [17, 18]. Intermediate-fusion methods
offer a better balance between detection accuracy and transmission
cost, and have therefore become the dominant paradigm [6, 27, 31,
32]. However, practical collaborative perception needs to cope with
communication delay, localization noise, and imperfect cross-agent
synchronization, which make multi-agent fusion significantly more
challenging in real deployments [1, 4].

Spatial calibration under pose noise. A line of research fo-
cuses on the degradation caused by relative-pose noise [16, 21, 34].
CoAlign [15] formulates collaborative calibration through agent-
object pose graph optimization and improves robustness without
requiring precise relative-pose supervision. RoCo [8] further mod-
els pose correction as iterative object matching and pose adjust-
ment, emphasizing the importance of reliable cross-agent corre-
spondences under noisy conditions. These methods are effective
when observations remain approximately synchronized and cross-
agent correspondences are reliable. However, under asynchronous
collaboration, spatial refinement alone cannot resolve temporal
staleness, and its performance may degrade when the matched
landmarks are noisy or incorrect.

Temporal compensation under communication delay. An-
other line of work studies how to compensate stale collaborator
information under communication delay [25, 33]. SyncNet [14]
reconstructs current-time features from historical observations
through temporal feature interaction. TraF-Align [19] introduces
trajectory-aware feature alignment, where low-dimensional motion
cues guide deformable attention along temporally aligned object
trajectories. These methods substantially improve robustness to
latency when the delayed collaborator message has already been
placed in a reliable spatial frame. However, they usually assume
the incoming feature as a valid starting point, so residual pose bias
can still be propagated forward and appear as duplicated responses
or motion ghosts after fusion.

Optimization under spatio-temporal misalignment. Recent
methods attempt to improve robustness under both spatial and
temporal perturbations [24, 35, 37]. V2X-ViT [29] exhibits partial
robustness to noisy collaboration through transformer-based fea-
ture aggregation. CoST [20] introduces temporal context by treat-
ing historical features as delayed collaborators and retrieving them
through deformable sampling. CoDiff [9] uses conditional diffusion
to denoise and progressively refine fused feature representations
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Figure 2: Showcase of spatial alignment outputs (detected bounding boxes)
for raw detections, CoAlign-compensated detections, and ideal detections.

corrupted by delay and pose errors. Nevertheless, under large spatio-
temporal perturbations, these methods still predominantly depend
on high-dimensional feature interaction to implicitly reconstruct
the aligned scene. This implicit strategy becomes unreliable un-
der large spatio-temporal perturbations, because the model has to
recover object correspondence, motion changes, and feature mis-
alignment all from noisy high-dimensional features. Consequently,
scene recovery may become unreliable when delayed observations
are both temporally outdated and spatially biased.

Different from these approaches, our method is built around
object-level anchors. Instead of performing all corrections directly
in dense BEV feature space, we construct a low-dimensional object-
level representation and achieve fusion within one unified pipeline.

3 Measurement and Motivation

3.1 Measurement Setups and Results

To address the challenge of spatio-temporal asynchrony in collabo-
rative perception, a straightforward strategy is to cascade a spatial
alignment module with a temporal compensation module. For in-
stance, one can combine CoAlign [15], which mitigates spatial er-
rors via agent-object pose graph optimization, with TraF-Align [19],
which compensates communication delay through trajectory-aware
feature alignment. We denote this cascade solution as baseST.

A pilot study shows that such a feed-forward cascade does not
provide a stable plug-and-play gain under joint delay and pose noise.
On V2V4Real, under a fixed 100 ms delay, inserting CoAlign before
TraF-Align reduces AP@0.5 / AP@0.7 from 78.76 / 50.80 to 73.16 /
43.86 even without pose noise. When pose noise of (0.6 m, 0.6°) is
further introduced under the same delay, the cascaded result drops
to 60.68 / 37.39, below the ego-only reference of 62.19 / 40.55. These
results suggest that simply stacking spatial pose refinement and
temporal compensation cannot consistently provide trustworthy
collaborator evidence for current-time fusion. Please refer to Sec. 5
for more detailed comparisons.

In summary, our study leads to two observations. (i) CoAlign
cannot fully correct the relative pose errors between the ego and the
delayed neighbor, because its performance is sensitive to the quality
of single-agent detections and the correctness of the matched ob-
ject pairs. (ii) TraF-Align can compensate delay once a reasonable
spatial reference is available, but it has no explicit mechanism to
determine whether the collaborator features remain geometrically

(c) Ideal detection.
Neighbor box two frames earlier
Ego box two frames earlier
Cluster matching relation

(b) Delay: 200 ms
Pose noise: (0.6 m, 0.6°)

(a) w/o pose noise

with a 200 ms delay.
Figure 3: Because of residual spatial errors,
many motion ghosts remain even after tem-
poral compensation.

trustworthy after pose correction. As a result, residual spatial er-
rors are inherited by the temporal alignment stage and may finally
appear as duplicated responses or motion ghosts after propagation.

3.2 Performance Analysis

Low-quality landmarks and mismatch sensitivity in the spa-
tial alignment module. We attribute the instability of CoAlign in
realistic scenes to the fact that its pose solver is driven by a limited
set of matched detection pairs, whose quality directly depends on
the reliability of single-agent detections. In practice, the failure
does not only come from the lack of sufficient landmarks. More
significantly, the optimizer can be dominated by bad landmarks.
We observe two sources of such bad constraints. (i) Low-quality
detections: due to sparse observations, occlusion, and imperfect per-
ception, some detected boxes are themselves inaccurate and there-
fore provide unreliable geometric references for pose refinement.
(ii) Incorrect correspondences: even when boxes are detected, the
matching stage may associate incompatible objects across agents.
In both cases, the optimization is no longer guided by physically
reliable constraints, and a few bad landmarks can bias the global
solution and drag the refined pose away from the correct one.
Figure 2 presents one representative failure case. In this example,
the compensated result is not uniformly poor because the scene
itself is unalignable; rather, the main error is caused by one influ-
ential mismatched pair, together with other low-quality landmarks
that reduce the reliability. Once the wrong match is removed, the
global alignment becomes visibly better. The issue is not that box-
based pose refinement is always ineffective, but that its reliability
is highly sensitive to the quality of detected landmarks and cor-
rectness of matched object pairs. The same example also reveals a
useful cue for diagnosing such bad correspondences. The wrong
pair is not only spatially misleading in the delayed frame, but also
exhibits the worst temporal consistency among all matched pairs
in the current frame. This suggests that temporal information is
useful not only for delay compensation, but also for identifying
unreliable correspondences that survive single-frame matching.
Residual spatial errors in temporal delay compensation.
TraF-Align can compensate communication delay effectively only
when the incoming neighbor feature has already been placed into
a reliable coordinate frame. When a biased relative pose is used to
warp the delayed neighbor feature into the ego frame, the temporal
module starts from a spatially biased input. Its temporal propagation
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itself is still designed to recover delayed information, but it does
not explicitly determine whether the incoming representation is
already contaminated by residual spatial misalignment. As a result,
the temporal branch cannot remove such spatial bias on its own:
the delay-compensated feature is propagated from a wrong starting
point, and the remaining spatial error is further carried into the
subsequent feature aggregation stage.

As illustrated in Figure 3, these residual spatial errors may finally
appear as duplicated responses and motion ghosts after temporal
compensation and fusion. In other words, the main issue is not that
temporal compensation becomes meaningless under pose noise, but
that it lacks an explicit mechanism to identify and suppress residual
spatial errors. This explains why temporal alignment alone may
still behave unstably under joint pose noise and communication
delay, even though it remains effective in cleaner settings.

The above observations reveal a practical gap in baseST. The
spatial pose-refinement module can improve the relative pose only
when the matched detection pairs are reliable, but it cannot guar-
antee such reliability in realistic scenes. The delay-compensation
module can recover delayed information once the spatial reference
is reasonably accurate, but it does not explicitly identify or remove
residual spatial errors inherited from the upstream warping stage.
Therefore, the final object fusion may simultaneously suffer from
imperfect temporal recovery and remaining spatial bias. These lim-
itations motivate a more tightly coupled design, in which spatial
pose refinement, temporal propagation, and current-time reliability
verification are connected within a unified closed loop.

4 Design

4.1 Problem Formulation

At ego time ¢, the message received from neighbor j was captured
earlier at the delayed time u; = ¢ — 7;, where 7; denotes the commu-
nication delay. The relative pose used for collaboration is also noisy;
for simplicity, we denote the delayed collaborator pose estimate
by 5}‘1 = §;‘j > e;lj . In a direct collaborative pipeline, the delayed
collaborator feature F;‘j would be warped into the ego frame by
the noisy relative pose and then fused with the ego feature F’:

Mo = (Fj“’ T(&, 5}”)) : )

T(-) denotes the relative-pose transform from the collaborator
frame to the ego frame and ¢yarp(-) denotes BEV feature warp-
ing. Under joint delay and pose noise, however, M;"_} . is not only
spatially biased but temporally stale. Directly fusing it with FZ can
introduce shifted responses, duplicated structures, or motion ghosts
in the final prediction. The goal of CoAnchor is to recover a reliable
current-time collaborator representation before feature fusion.

4.2 Overall Architecture

CoAnchor is an anchor-centric spatio-temporal alignment frame-
work for collaborative perception under coupled communication
delay and pose noise. It constructs a sparse object-level interface,
because object states make cross-agent correspondence, motion
evolution, and current-time verification much easier to control.
As shown in Fig. 4, this sparse interface connects the whole
pipeline. (i) Spatio-temporal anchor initialization matches delayed
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neighbor objects with ego objects around the delayed timestamp,
refines an initial relative pose, and converts the reliable matched
pairs into delayed anchors. (ii) Object temporal propagation advances
delayed neighbor objects from u; to the ego current time ¢, while
allowing anchor states to be corrected when a reliable current-time
ego observation is available. (iii) Closed-loop posterior scoring uses
current-time agreement together with short-history consistency
to update pair reliability, and feeds the updated weights back to
the next pose-refinement round. (iv) Anchor-guided feature fusion
uses the final refined pose and propagated object hypotheses to
correct collaborator features before downstream dense fusion and
detection decoding.

4.3 Spatio-Temporal Anchor Initialization

High-dimensional BEV features are informative for perception, but
they do not explicitly expose object correspondences or temporal
structure, especially under large delay and pose noise. By contrast,
low-dimensional object states naturally carry spatial layout and
motion information. We therefore start from object-level states and
use them as the sparse carriers of spatio-temporal alignment.

Object state and bipartite matching. In CoAnchor’s pipeline,
each agent first runs its own single-agent detector to obtain the
current object boxes, while the corresponding short box histories
are retrieved from memory. For an object m detected by agent i at
time u, we represent its motion state as

x:{m = [pxs Py Vx> Uy ‘//]T, (2
where (py, py) is the box center in the BEV plane, (vy,v,) is the
planar velocity estimated from short box histories, and ¢ is the
heading angle. Given the delayed observations from neighbor j
at the delayed timestamp u; = t — 7;, we first roughly warp the
neighbor detections into the ego frame using the raw relative pose.
We then construct cross-agent associations at u; in two stages. (i)
We apply a spatial-distance gate to discard obviously incompatible
ego—neighbor pairs. (ii) On the remaining candidates, we build a
bipartite matching cost using velocity similarity together with local
neighborhood consistency, and solve a one-to-one assignment by
the Hungarian algorithm [11]. This yields the matched-pair set
P; ={(a,b)} between ego objects and delayed neighbor objects.
Trajectory-guided pose refinement. Each matched pair now
provides not only a single-frame correspondence but a short motion
history. We use these trajectory-aware pairs to refine the relative
pose. For each matched pair k = (a,b) € P;, we first convert its

association cost into an initial reliability score q](,ok)
with lower matching cost start with higher confidence. At closed-

, so that pairs

loop round ¢, the refined transform ATj(Q . is obtained by iteratively
reweighted least squares (IRLS):

2

2) ’

®)

where plf’;K and pzjaﬂc are the historical box centers of the neighbor

Lp
0 _ ; (¢) H ( uj—k) uj—x
AT = E . AT|(p. -
joe T U6 AT?»;E(Z) k=(ab)eP; Tk k=0 p( pj’b bea
—(a d

object b and ego object a at offset k, L, is the history length used
0]
J.k
and p(-) is a robust penalty. Intuitively, Eq. (3) searches for a single
2D rigid transform that best aligns the matched short trajectories.

in pose refinement, g, is the current reliability weight of pair k,
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Figure 4: Proposed architecture of CoAnchor. Given delayed collaborator features, object cues, and noisy relative poses, CoAnchor
constructs object-level anchors to refine the relative pose and to provide ego-guided priors for delay compensation. The propa-
gated and verified anchor states are then fed back to later pose refinement and used to support subsequent collaborative fusion.

Anchor construction. After pose refinement, each matched
pair is converted into a delayed spatio-temporal anchor. For pair
k, we denote its delayed anchor state and covariance by x and

ijk, respectively. The initial pair score qj’k, inherited from the

association stage, is converted into 27’ , so that low-confidence
matches start with larger uncertainty before propagation. These
anchors form the matched subset used for current-time correction
and closed-loop feedback.

4.4 Object Temporal Propagation

Next, the delayed neighbor scene must be advanced from the de-
layed timestamp u; to the current ego time t. We formulate this
stage as prediction followed by optional current-time correction.
Prediction uses only the delayed anchor state, while correction is
applied only when a reliable current-time ego correspondence is
available. Each delayed neighbor box is first expressed in the ego
coordinate frame at time u; using the refined relative pose. We
then use the ego self-motion estimate to transform these delayed
boxes into the ego coordinate frame at the current timestamp ¢, so
that all later propagation, current-time correction, and feedback
are performed in a unified current-time ego frame. After ego-time
rewriting, we further propagate all delayed neighbor objects with a
rule-based motion model, while reserving current-time correction
only for the spatio-temporal anchors formed by matched pairs.

For each spatio-temporal anchor, we predict its current-time
prior state and covariance as

xiy = A(T)x ) (4)
20 = A AT +0()), )

where x" and D . denote the delayed anchor state and covariance,
A(r;) is the rule- based constant-velocity state-transition matrix
over delay 7; (with position updated by velocity and heading kept

unchanged), and Q(7;) is the corresponding diagonal process-noise
covariance that increases with delay.

For most propagated anchors, the ego still provides a reliable
current-time observation. In such cases, we use the current ego
observation of position and heading to perform a standard Kalman-
style measurement update [10] on the propagated prior. To deter-
mine whether the current-time correction should be accepted, we
compute the normalized innovation squared

Jk—(ij) (s k) jk’ (6)

where v;’k is the measurement residual and S;',k is its covariance. A
small d2 indicates that the propagated anchor agrees well with the
current ego observation. If ¢7l2 exceeds a y? gate, or if no reliable
current-time ego correspondence is found due to missed detection,
occlusion, or association failure, we do not maintain this hypoth-
esis as an active anchor. Instead, it is downgraded to an ordinary
propagated neighbor object.

This ordinary-object path also includes delayed neighbor ob-
jects that were not matched at initialization. All such objects are
still advanced to time ¢ by the same ego-motion rewriting and
rule-based motion model, so that the full delayed foreground can
be brought into the current ego frame. However, since they are
not maintained as spatio-temporal anchors, they do not partici-
pate in ego-side correction or later closed-loop feedback. In this
way, only the subset that remains reliably supported by cross-time
correspondence is preserved as active anchors for subsequent re-
finement. When no reliable current-time ego correspondence is
available, the collaborator object is retained through this ordinary
propagation-and-fusion path rather than discarded. After gating,
the next pose-refinement round is skipped if fewer than three valid
trajectory correspondences remain.
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4.5 Closed-Loop Posterior Scoring

A matched pair is considered reliable only if it exhibits consistent
spatio-temporal behavior over the available time span, as supported
jointly by the shared pre-delay history and the current-time ego
observation. We therefore use the propagated anchors to evaluate
each pair before the next pose update.

For each matched pair with a reliable current-time ego correspon-
dence, we first measure its current-time consistency by the normal-
ized innovation d? - We then check whether the pair remains stable
over a small shared history window around the delayed timestamp,
by comparing the pose-transformed neighbor boxes with the corre-
sponding ego boxes across several nearby historical frames. This
gives a short-history disagreement term r;."i,ft. We then combine the
two into a unified feedback residual:

b _ 52 hist
Tik =i T (7)

The next-round pair weight is updated by preserving its initial
confidence and exponentially downweighting it according to the
feedback residual:

qﬁ' V= q}f)k) exp(—Aﬂ) r;t,’k) , ®
where qjok) is the initial score of pair k, and Ag, controls how strongly
inconsistent pairs are suppressed. In this way, pairs that remain
stable at both the current time and the nearby delayed-time history
receive larger weights in the next IRLS pose update, while drifting
correspondences are progressively downweighted.

4.6 Anchor-Guided Feature Fusion

After the closed-loop stage, we retain the final refined relative pose
together with the propagated current-time object hypotheses. The
delayed high-dimensional neighbor feature is first rewritten into
the ego current frame using the refined pose:

M = ey (F T(ELE) 0 AT/ 20)), ©)

where ATj(ﬁ‘ea") is the final refined pose after the last loop round.
Specifically, the delayed collaborator feature is first transformed
into the ego coordinate system at the delayed time, and then brought
into the ego frame at the current time. We apply a non-learnable box-
wise feature mover: for each delayed neighbor box already rewritten
into the current ego frame, it extracts the enclosing axis-aligned
BEV rectangle and relocates it toward the corresponding propagated
current-time box by bilinear sampling. This deterministic operation
corrects the dominant foreground displacement before dense fusion,
while leaving the rest of the BEV feature unchanged.
Downstream fusion and detection decoding. After pose cor-
rection and box-wise foreground adjustment, the neighbor features
are aggregated with the ego feature by a downstream collaborative
perception module. The fusion operator here is flexible and can
be instantiated by any standard cooperative perception module. In
our implementation, we adopt multi-scale feature fusion, since it
achieves a good trade-off among computational cost, optimization
stability, and multi-scale representation capability, thus providing
robust detection performance in practice. The fused feature maps
are then decoded into final detection outputs. Concretely, the de-
coder produces a regression output and a classification output for

Chi Li, Rui Lin, Aobo Ji, and Dongzhu Xu

candidate boxes. The regression output describes the object geome-
try, including object position, box size, and heading angle, while the
classification output estimates the confidence that each candidate
belongs to a foreground vehicle rather than background. These
predictions are finally decoded to obtain the detection results.

5 Evaluation

5.1 Experimental Setup

Datasets. We evaluate the proposed method on two widely used
collaborative perception benchmarks, OPV2V [30] and V2V4Real
[28]. OPV2V is a large-scale simulated benchmark for vehicle-to-
vehicle collaboration, while V2V4Real is a real-world benchmark
collected in realistic driving scenes.

Compared methods. We compare our method with representa-
tive baselines from both pose-robust and asynchronous collabora-
tive perception, including V2X-ViT [29], ERMVP [36], CoAlign [15],
TraF-Align [19], and CoST [20]. To verify whether spatial refine-
ment and delayed fusion can be coordinated by simple composition,
we further construct the cascaded baseline baseST. We also report
ego-only references for TraF-Align and our method to reveal how
much collaborative gain remains under heavy perturbations.

Implementation details. For a fair comparison, all methods
adopt PointPillars [12] as the common BEV backbone. Following
standard collaborative perception settings, the voxel size is set to
0.4 m and the communication range is limited to 70 m. We adopt a
staged training pipeline. We first train a single-agent detector to
produce per-agent object detections. During collaborative training,
these detections are used as the object-level inputs of CoAnchor,
and the whole collaborative perception model is trained under
injected pose noise together with the downstream collaborative
detection branch. The collaborative detector is supervised by the
standard classification, box-regression, and direction losses used
in PointPillars-style heads. All models are trained within the same
codebase on two NVIDIA RTX 4090 GPUs. We follow the official
optimization settings of each baseline whenever available.

Evaluation protocol. We report detection performance using
AP@0.5 and AP@0.7. To evaluate robustness under coupled per-
turbations, we inject Gaussian pose noise into each agent pose in
the BEV plane and impose communication delay on the non-ego
branch by delaying collaborator observations. Specifically, for a
pose & = (x,y, ), the noisy pose is constructed by independently
adding noise with standard deviation o; to x and y, and noise with
standard deviation o, to 6. Unless otherwise specified, pose noise
is written as (o4, 0,), where o; is measured in meters and o, in
degrees. Our main comparison is conducted under four represen-
tative settings: (i) No Noise, with no injected pose perturbation or
communication delay; (ii) Joint-Hard, with 200 ms delay and pose
noise (0.6 m, 0.6°); (iii) Pose-Hard, with 100 ms delay and pose noise
(0.9m,0.9°); and (iv) Delay-Hard, with 300 ms delay and pose noise
(0.3m,0.3°). Unless otherwise specified, the same fixed rule-based
settings are used across datasets and test conditions.

5.2 Quantitative Comparison

Main results. Table 1 reports the comparison with state-of-the-
art methods. Overall, CoAnchor is not always the best under the
clean setting, but it remains competitive and achieves the strongest
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Table 1: Comparison with state-of-the-art methods on OPV2V and V2V4Real. Each entry is reported as AP@0.5 / AP@0.7.

Method OPV2V [30] V2V4Real [28]
No Noise P-Hard J-Hard D-Hard No Noise P-Hard J-Hard D-Hard

CoAlign [15] 96.64/91.31  86.49/74.19 85.90 / 72.82 83.19/71.37 | 72.64/42.97 51.34/32.81 53.59 / 33.22 58.26 / 34.26
ERMVP [36] 96.59/94.01 63.61/48.57 57.46 / 42.95 47.86 /36.56 | 78.38 /52.55 51.63/34.69 53.16 / 34.55 59.81/36.81
V2X-ViT [29] 95.71/ 87.54  77.34/ 60.06 75.90 / 55.94 68.55/52.28 | 78.33/51.45 51.87/35.37 53.83 / 36.24 59.84 / 37.62
CoST [20] 97.20/93.70  51.00 / 32.10 47.90 / 27.80 42.60/26.90 | 74.10/50.00  49.50 / 30.60 51.80 / 32.00 58.00 / 35.80
TraF-Align (ego-only) | 84.49/78.57  84.49/78.57 84.49 / 78.57 84.49/78.57 | 62.19/40.55 62.19/40.55 62.19 / 40.55 62.19 / 40.55
TraF-Align [19] 97.22/93.66  82.27 / 69.43 85.87 / 72.46 90.33/78.58 | 80.60/52.29 55.33/35.30 58.18 / 35.09 62.79 / 37.47
baseST [15, 19] 97.04/92.90 85.97/76.34 90.19/ 81.21 93.76 / 86.03 | 74.82/44.89 56.30/36.15 61.04 / 37.69 66.23 / 40.86
CoAnchor (ego-only) 83.09/7235 83.09/72.35 83.09/72.35 83.09 /72.35 59.93/40.43  59.93/40.43 59.93 / 40.43 59.93 / 40.43
CoAnchor 96.89/92.08 95.85/89.36 95.15/87.96 94.44/86.40 | 77.71/50.56 67.76 /45.01 67.04/44.05 66.68/ 43.50
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No 0 03 06 09 1.2 No 0 03 06 09 1.2 No 0 100 200 300 400 No 0 100 200 300 400
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(a) OPV2V, fixed delay = 100 ms (b) OPV2V, fixed delay = 100 ms (c) V2V4Real, fixed pose std = (d) V2V4Real, fixed pose std =
(0.3m,0.3%) (0.3m,0.3%)
-~ CoAnchor —=—  TraF-Align = baseST - V2X-ViT
——  ERMVP - CoST ——  CoAlign - = CoAnchor ego-only == TraF ego-only

Figure 5: Robustness analysis under progressively increasing temporal and spatial perturbations. Panels (a)-(b) fix the delay at
100 ms on OPV2V and vary the pose-noise magnitude. Panels (c)—(d) fix the pose-noise standard deviations at (0.3m,0.3°) on
V2V4Real and vary the communication delay. AP@0.5 and AP@0.7 are reported separately.

robustness once pose noise and communication delay are jointly in-
troduced. This trend is consistent across both OPV2V and V2V4Real,
indicating that the proposed CoAnchor preserves standard-case ac-
curacy while substantially improving robustness under coupled
perturbations. (i) On OPV2V, our method reaches 95.15 / 87.96 un-
der Joint-Hard, clearly outperforming the strongest baseline baseST
at 90.19 / 81.21. The advantage is already visible in the more pose-
dominant mixed setting Pose-Hard, while under Delay-Hard our
method still remains slightly above baseST. (ii) On V2V4Real, where
the collaborative pipeline is more strongly affected by realistic detec-
tion noise and unstable cross-agent correspondences, the robustness
gain becomes even more pronounced. Under Joint-Hard, CoAnchor
reaches 67.04 / 44.05, clearly surpassing baseST at 61.04 / 37.69.
Under Pose-Hard, the margin is even larger, and under Delay-Hard
our method still maintains an advantage, especially on AP@0.7.
Moreover, four observations are worth highlighting. (i) Data-
driven fusion methods such as V2X-ViT remain competitive in
the clean setting, but their performance drops sharply once the
perturbation becomes large, especially on the harder mixed and
joint settings. This suggests that implicit feature-level fitting has
limited extrapolation ability when the test-time noise exceeds the
regime that can be absorbed by the learned alignment. (ii) Spa-
tially oriented methods such as CoAlign can benefit from explicit
pose handling, but their gains shrink once delayed observations
also need to be propagated to the current ego time. This is par-
ticularly clear on V2V4Real, where their clean-case accuracy is
already noticeably below strong asynchronous baselines. (iii) The
delay-oriented method TraF-Align remains very strong when the
cross-agent spatial reference is reliable, but its robustness becomes
sensitive to pose corruption. In both datasets, its clean or mildly

perturbed performance is high, whereas the gap to our method
enlarges in the harder coupled settings. (iv) The cascaded baseline
baseST is indeed stronger than single-purpose modules in several
noisy regimes, which confirms that simple composition is useful but
insufficient: it still leaves a clear gap to CoAnchor under Joint-Hard.
This behavior matches our design goal: instead of only stacking
spatial and temporal corrections, we explicitly verify which prop-
agated object hypotheses remain trustworthy at the current ego
time and feed this reliability back to later pose refinement.
Robustness to increasing pose noise. We fix the delay and
gradually increase pose noise on OPV2V, as shown in Figure 5 (a)
and (b). At low noise, baseST remains competitive because temporal
compensation is effective while the upstream spatial reference is
still reliable. As pose noise grows, V2X-ViT and baseST degrade
more rapidly: learned feature interaction has limited tolerance to
large perturbations, while temporal propagation alone cannot de-
termine whether incoming collaborator evidence is already spa-
tially biased. In contrast, CoAnchor combines short-history pose
refinement with current-time anchor verification, preserving valid
hypotheses while suppressing spatially biased ones and therefore
degrading more gracefully across the tested noise range.
Robustness to increasing delay. We fix the pose noise and
vary the communication delay on V2V4Real, as shown in Figure 5
(c) and (d). TraF-Align drops sharply once the collaborator input is
spatially biased, indicating that temporal compensation starts from
an unreliable spatial reference under coupled perturbations. baseST
degrades more slowly as the delay increases because upstream
pose correction provides partial mitigation, but it starts from a
noticeably lower level, consistent with negative pose optimization
under realistic detection noise. By re-evaluating propagated anchors
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(c) baseST (d) CoAnchor
Figure 6: Qualitative analysis under the Joint-Hard setting.

with current-time ego observations before later pose refinement
and fusion, CoAnchor retains valid collaborator hypotheses while
filtering stale or spatially biased ones, maintaining the strongest and
most stable collaborative advantage across the tested delay range.

5.3 Qualitative Comparison

Figure 6 shows representative qualitative results under coupled
pose noise and communication delay. baseST tends to produce
duplicate responses together with missed detections when delayed
collaborator evidence is not properly verified before fusion. CoAlign
alleviates part of the spatial misalignment, but under asynchronous
inputs, it can still leave delayed boxes caused by the temporal gap,
and some collaborator boxes remain spatially shifted after pose
correction. V2X-ViT exhibits another typical failure pattern, where
missed detections and duplicate responses coexist once the learned
fusion is affected by stronger spatio-temporal perturbation.

By comparison, CoAnchor produces cleaner final detections with
fewer duplicates and more accurate box locations. During object
propagation, ego-guided correction helps merge propagated co-
visible hypotheses with the current ego observations and suppress
duplicate ghost responses before final fusion. The closed-loop pose
feedback further removes unreliable matched pairs in later pose
refinement rounds, reducing the chance that spatially biased or
temporally stale collaborator evidence survives into the final fused
detections. Overall, the qualitative behavior is consistent with the
quantitative results: the proposed framework better preserves use-
ful collaborator information while suppressing duplicated or shifted
responses under coupled perturbations.

5.4 Ablation Study

Module-wise ablation. Table 2 evaluates three anchor-level com-
ponents on OPV2V under the Joint-Hard setting. Specifically, w/o
historical initialization cues removes short-history information
during anchor initialization; w/o ego-guided correction prevents
propagated anchors from being corrected by reliable current-time
ego observations; and w/o anchor feedback disables current-time
reliability updates before later pose-refinement rounds.

Removing any component degrades performance. Removing his-
torical initialization cues causes the largest drop, from 95.15/87.96
to 92.47/81.59. Removing ego-guided correction yields 94.03/85.27,

Chi Li, Rui Lin, Aobo Ji, and Dongzhu Xu

Table 2: Module-wise ablation study on OPV2V.

Variant OPV2v
AP@0.5 AP@0.7
w/o historical initialization cues 92.47 81.59
w/o ego-guided correction 94.03 85.27
w/o anchor feedback 94.31 86.73
CoAnchor (Full) 95.15 87.96

Table 3: Performance and runtime analysis on V2V4Real.

Method V2V4Real Time
AP@0.5 AP@0.7 | (ms/frame)
V2X-ViT [29] 53.83 36.24 110.62
TraF-Align [19] 58.18 35.09 121.73
CoAnchor w/o feedback 66.19 43.35 49.39
CoAnchor +1 round feedback 67.04 44.05 51.62
CoAnchor +2 round feedback 66.96 44.16 52.51

while removing anchor feedback gives 94.31/86.73. These results
show that short-history cues establish reliable initial anchors, while
current-time ego correction and anchor feedback provide comple-
mentary gains beyond a feed-forward anchor pipeline.

Efficiency and runtime analysis. We further compare de-
tection accuracy and runtime on V2V4Real under the Joint-Hard
setting in Table 3. We include the external baselines V2X-ViT and
TraF-Align, together with three versions of our anchor-centric
pipeline: CoAnchor w/o feedback, CoAnchor +1 round feedback,
and CoAnchor +2 round feedback. Because the closed loop operates
mainly on sparse anchors rather than repeatedly invoking dense
fusion modules, additional feedback incurs only limited computa-
tional overhead. Compared with CoAnchor w/o feedback, adding
one feedback round improves accuracy with only a small runtime in-
crease, indicating that a single anchor-feedback step already brings
the main practical gain. Adding a second round yields only mar-
ginal change, so most of the benefit is already obtained in the first
round. It is also worth noting that our method remains substantially
more efficient than the compared baselines. Even with one feedback
round, it is still much faster than V2X-ViT and TraF-Align while
achieving the best detection accuracy in this setting. Therefore,
one feedback round offers the most favorable accuracy—-efficiency
trade-off and is adopted as the default setting.

6 CONCLUSION AND FUTURE WORK

In this paper, we study asynchronous collaborative perception
under coupled communication delay and relative-pose noise. We
propose CoAnchor, an anchor-centric closed-loop spatio-temporal
alignment framework that uses sparse object-level anchors to con-
nect short-history-aware initialization, ego-guided propagation,
current-time feedback, and pose-corrected feature fusion. Experi-
ments show that CoAnchor remains competitive under clean set-
tings while improving robustness under coupled perturbations.
Although the adopted constant-velocity motion model provides
a lightweight approximation for short communication delays, its
modeling capacity may be limited under longer latency or highly
nonlinear object motion. Future work will explore stronger delay-
aware motion models and improve standard-case accuracy while
preserving the anchor-centric design’s efficiency and robustness.
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A Evaluation Protocol and Baseline
Construction

A.1 AP Computation

We report AP@0.5 and AP@0.7 using dataset-level global sorting.
Concretely, after decoding and non-maximum suppression, all pre-
dicted boxes over the entire evaluation split are pooled together
and sorted by confidence to form a single precision-recall curve
at each IoU threshold. In other words, the ranking is established
once over the whole benchmark, rather than separately within each
scene. This evaluation setup is also consistent with prior methods
such as CoAlign [15] and RoCo [8].

By contrast, some implementations use scene-wise sorting with
scene-level aggregation: predictions are first ranked within each
scene, and true/false positives are accumulated locally before the
results are aggregated scene by scene. Accordingly, the absolute AP
values under the two protocols can differ numerically. All results
in the main text and this appendix follow the same dataset-level
global-sorting protocol.

A.2 Construction of the Cascaded Baseline
baseST

We clarify how the cascaded baseline baseST is constructed from
CoAlign and TraF-Align. Starting from the original TraF-Align
pipeline, we insert a CoAlign-style pose-refinement stage before
temporal delay compensation. To preserve the co-visibility assump-
tion underlying box-based cross-agent matching, the relative pose
is refined only from the delayed neighbor observation and the ego
observation at the same delayed timestamp u; = t — r;. In other
words, detections from different timestamps are not jointly fed into
the CoAlign solver.

After this delayed-time pose refinement, the refined relative
pose is used consistently for the delayed collaborator message and
for the historical features required by TraF-Align. Specifically, we
transform the entire short history into the ego frame using the
same refined delayed-time pose together with ego-motion, rather
than optimizing each historical frame independently. This design
avoids introducing additional frame-wise temporal inconsistency
from the inserted spatial-alignment stage, and keeps the cascaded
implementation as faithful as possible to the original temporal-
compensation pipeline of TraF-Align.

B Implementation and Reproducibility Details

This appendix section provides implementation details beyond the
main text, including the detector architecture, method-specific train-
ing configurations, runtime pipeline of the object-level branch, and
the full set of rule-based hyperparameters. We first summarize the
detector instantiations and optimization settings used in our exper-
iments. We then describe the inference-time flow of the object-level
branch and present the corresponding explicit formulation.

B.1 Method-specific Training Configurations

Table 4 summarizes the optimization schedules and training-time
perturbation settings used by the compared methods. All methods
use AdamW with weight decay 107, and all experiments share
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the same standard point-cloud augmentation, including scaling,
rotation, and flipping.

Although all methods are implemented within the same Point-
Pillar family, their detector-side configurations and training sched-
ules are not strictly identical. The single-agent detector adopts a
PointPillar-style architecture. Voxelized LiDAR points are first en-
coded by a 64-channel PillarVFE, scattered to the BEV plane, and
processed by a three-stage ResNet-style BEV backbone. The multi-
scale features are then decoded by an upsampling path, compressed
by a 256-channel shrink head, and passed to the standard classi-
fication, box-regression, and direction-classification heads. In our
implementation, the single-agent detector uses the same backbone
widths as the collaborative detector (64-128-256), so that the com-
parison isolates the effect of collaboration rather than changes in
the detector trunk.

The collaborative detector shares the same voxel encoder and
BEV backbone, but introduces attention-based intermediate fusion
at the three BEV scales. Specifically, per-agent BEV features with
channel dimensions 64, 128, and 256 are transformed into the ego
frame, fused scale by scale via self-attention, decoded into a shared
BEV representation, compressed to 256 channels, and finally fed
to the same detection heads. The detector architecture is kept un-
changed across datasets.

For our single-agent detector and our collaborative model, the
detection loss follows the standard PointPillar formulation used in
the codebase. Specifically, the positive classification weight is set
to 1.0. The classification branch uses Sigmoid Focal Loss with a =
0.25, y = 2.0, and loss weight 1.0. The box-regression branch uses
codewise Weighted Smooth L1 Loss with ¢ = 3.0 and loss weight
2.0. The direction branch uses Weighted Softmax Classification
Loss with loss weight 0.2. The baselines follow the official loss
definitions in their released implementations.

B.2 Formulation in Practice

The learnable detector/fusion backbone remains unchanged; the
proposed object-level module is an inference-time rule-based branch
described below.

Matching cost. Let Q,;, be the set of common history offsets
shared by ego track a and delayed collaborator track b, after rotating
the collaborator velocity into the ego frame using the initial pose
rotation Ry. The velocity consistency term is defined as

1 _ 1
d:;z = @ Kezgab ||UZ’K - R()Ub’,c”Z . (10)

For local-graph consistency, the implementation constructs two
signatures from the K nearest neighbors of each track center: an
edge-distance signature and a pairwise-neighbor signature. Let
Dot (+, ) denote the mean absolute difference between the sorted
values of two signatures truncated to their common length. The
graph term is

edge edge pair _pair
graph WedgeDsort(sa > Sy )+ WpairDsort(sa > Sp )

dab

(11)

Wedge + Wpair
The final matching cost before Hungarian assignment is

vel g&eph

= ab 2 ab

Cab = Avel = — + graph 0= - (12)
Tyl Tgraph
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Table 4: Method-specific training configurations.

Method ‘ Epochs ‘ LR / scheduler ‘ Perturbation during training
. Multi-step decay; initial Ir = 0.002 .
CoAnchor (single-agent) | 30 y = 0.1, milestones [10, 20] perfect setting throughout
CoAnchor Multi-step decay; initial Ir = 0.002 .
.2 .2°
CoAlign 30 y = 0.1, milestones [10, 20] pose noise (0.2m, 0.2%)
1 ining; fine- ith
. 60 clean Multi-step decay; initial Ir = 0.001 Clean p fetralnlng, n:z tune wit
VaX-VIT + 10 fine-tune = 0.1, milestones [15, 50] pose noise (0.2m,0.2%) and
y=95 ’ random delay 200-300 ms
TraF-Align One-cycle schedule; peak Ir = 107*
baseST 60 initial Ir = 107>; ramp-up fraction = 0.4 random delay 0-400ms
Cosine annealing with warmup
ERMVP 60 warmup Ir =2 x 10°* erfect setting throughout
ughou
CoST warmup epochs = 10 p J &
minimum Ir = 2 X 1073

Cost-to-pair-weight mapping. Pose refinement is executed
only when the matched set for neighbor j contains at least Nt’:ﬁn =
trajectory correspondences, i.e., at least three matched trajectories
are available. For a matched pair k = (g, b) in neighbor j’s matched
set P;, the implementation assigns the initial pair weight based on
the matching cost cgp

Iy

which is used both for Kalman-prior initialization and as the pair
weight entering pose refinement.

IRLS pose solver. Both the initial pose estimation and the later
pose-refinement rounds driven by Closed-Loop Posterior Scoring
use weighted rigid alignment with IRLS. Following Eq. (3) in the
main text, at loop round ¢ the refined pose is estimated from the
matched trajectory points by

2 ) ’

(14)
where each k = (a,b) € P}, p}‘jbik and p,J, " are the neighbor and
ego box centers at the shared history offset x, and L, = ks in our
implementation. Here ps is the Huber cost

1.2
375 r<9, 1
= 5
po(r) {50-%5), r> 6. (1)

qj,f)k) = exp(—cib), (13)

Lp
AT = i (®) (HAT WK UK
e DB e k;' Uk ;p(s Pjp  ~Pea

J

Thus, pair weight qjtz serves as the per-pair weight in IRLS, while
ps provides robustness to outlier point residuals. In the released
rule-based configuration, the solver uses 10 iterations, § = 0.5, and
convergence tolerance 10™%.

Anchor state, prior covariance, and propagation. For a
matched pair k = (a,b) € P}, the delayed anchor state is repre-
sented as

% = (a0 1 )
The planar velocity components v, and v, are expressed in meters
per frame, obtained by converting physical velocities using the
frame interval. Let 7; denote the communication delay of neighbor

Jj» so the current time satisfies t = 7; + u;, and let Atg,me denote the
frame interval. For both datasets, Atfame = 100 ms, corresponding
to a sampling rate of 10 Hz. We convert the delay to frame units as
Anj = 7/ Atgame. The initial covariance converted from qjok) is

dy2
%p %p % % (@)

0 ’ 0 (0 > (0 ’ 0 ?
g +eq d teg a Feg a eg gl +eg

(17)
where alr;d =(x/ 180)0531/eg is the yaw scale expressed in radians.

Uuj .
ijk = diag

The constant-velocity state transition used in the implementa-
tion is

1 0 An; 0 0
01 0 An; 0
A(Anpy =10 0o 1 0o o, (18)
00 0 1 0
00 0 0 1

and the process noise is

Q(An;) = diag(ag max(An?, 1), 02 max(Anf., 1),
0'2 max(Anj, 1), 0'2 max(Anj, 1), (19)

(o{ié)z max(An;, 1))

The propagated prior state and covariance are then

Xk =A(Anj)x;;;, Do :A(Anj)Z?iA(Anj)T+Q(Anj). (20)

Observation model, NIS gate, and update. The current-time
ego observation measures only (x,y,¢), so the implementation
uses

1 00 0 0
H=[0 1 0 0 0|, R=diag (oﬁ)p, o, (a;jj)z). (21)
00 0 0 1

Let z{k = [sz ,sz ,sz 17 be the current-time ego observa-
Js Jokx? Ty Tk
tion associated with pair k. Following Eq. (6) in the main text, the
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Table 5: Shared structural coefficients used in all experiments.

Module ‘ Parameter ‘ Value ‘ Role
Tracking ‘ Knist ‘ 3 ‘ Number of historical frames used to build short tracklets.
dgate 4.0 Position gate applied before a candidate pair is considered.
Matchi Avels Agraph 1.0, 0.5 Relative weights of the velocity and local-graph terms in Eq. (12).
atchin,
& Tyels Tgraph 2.0,3.0 Normalizers for the velocity and graph terms in Eq. (12).
K, Wedge> Wpair 3,1.0,0.5 Neighbor count and edge/pair signature weights for local layout
consistency.
Pose t':ﬁ" 3 Minimum number of matched trajectories required before
running pose refinement.
nRrLs, O, €RLS 10, 0.5, 10™* | Shared Huber-IRLS configuration using pair weight q( ) as the
per-pair weight.
Statistical gate ‘ Ty 7.815 ‘ Fixed x3 o5 (3) gate for the 3-DoF observation (x, y, /).
Feedback [ k| 3 Number of historical frames used in the short-history term of
residual Eq. (24).
Closed-Loop Nioop 1 Number of outer refinement rounds driven by Eq. (26).
Posterior Scoring | Gmin 107* Minimum pair weight retained for the next pose-refinement
round after Eq. (26).
Numerical £q 107¢ Small stabilizers in Egs. (17).
constants
Table 6: Calibrated Kalman-style uncertainty parameters.
Group ‘ Parameter ‘ Value ‘ Role
Ty 1.5 Cost-to-initial-weight temperature in Eq. (13).
Prior mapping ap 0.1 Positif)n pr?or sca¥e in E'q. (17).
ay 0.03 Velocity prior variance in Eq. (17).
ad‘;g 3.0 Yaw prior std factor in Eq. (17).
Process noise O Ugeg 0.03 Translational process noise in Eq. (19).
%0 4.0 Yaw process noise in Eq. (19).
Measurement Ozp 0.7 Position observation noise in Eq. (21).
noise R O'jel/% 8.0 Yaw observation noise in Eq. (21).
Feedback-decay Aty 1.5 Feedback-decay coefficient in Eq. (26).
coefficient
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measurement residual and its covariance are

' _
Zikx T Xjkx
ro_ v, t T

Vik = Zj,k,yt xj,k,y_ : Sjx =HZj H + R (22)
wrap (zj’k!l// - xj,k,w)

wrap /,(-) denotes half-period yaw wrapping, i.e., mapping an an-
gle difference to its principal value in the interval [-n/2, 7/2)
under the z-periodic box-orientation ambiguity. This design choice
is made to accommodate the common front-rear direction ambi-
guity in upstream 3D bounding box predictions. The normalized

innovation squared is

T -1
2
&, = (v;.)k) (s;,k) v (23)
: 2
The measurement update is accepted only when dj’k <
XZos(3) = 7.815.

Ty, Where

we fix 7, =

Feedback residual and Closed-Loop Posterior Scoring. For
each matched pair, the implementation first computes a short-
history disagreement term over the delayed frame and several
nearby history frames:

(£) uj—x Uj=Ky2
rhi,:t _ 1 (”AT ePJb ~Pea ”
j, . 2
J |7(:I,k| KKk Ozp ( )
' 24
wrap, o (f5 1 =yl )?
(O.rad)z )’

where %Ki contains the available history offsets and the delayed
frame itself when An; > 0, and (// ) denotes the yaw of the

neighbor box after applying the current loop-round transform
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ATj(Q .- The feedback residual is then defined as
rﬁ’k = djz.!k + r?f,jt. (25)

In Closed-Loop Posterior Scoring, the next-round pair weight is
updated as

g7 = q'%) exp(~n ). (26)
Pairs whose pair weight falls below the minimum threshold gy, are
discarded before the next pose-refinement round. The updated pair
weight qj(.t:r Y is then fed back to the IRLS pose solver in Eq. (14) for
the next round of spatial refinement, explicitly closing the spatio-
temporal alignment loop.

B.3 Shared and Calibrated Rule-based
Parameters

Table 5 lists the structural coefficients that are fixed throughout
all experiments. These parameters control the matching cost, local
graph signatures, gating rule, and IRLS behavior. We keep them un-
changed because their role is mainly structural rather than dataset-
specific.

Table 6 lists the small set of Kalman-style uncertainty parameters
used by the Kalman-style update, including the prior mapping,
process noise, measurement noise, and closed-loop decay terms.
Unlike the matching coefficients above, these parameters directly
determine the uncertainty scale of delayed anchors and current-
time observations, and are therefore the only groups that require
light calibration.

B.4 Parameter Calibration

We calibrate the Kalman-style uncertainty parameters in Table 6
only once on the training split of V2V4Real, and then keep the
resulting values unchanged in all reported experiments, including
OPV2V and all test conditions. We choose V2V4Real as the calibra-
tion benchmark because it is the noisier and more realistic dataset,
making it a more suitable reference point for setting the uncertainty
scale of the object-level module.

The calibration is carried out under the representative Joint-
Hard setting used in the main text, namely a communication delay
of 200 ms together with pose noise (0.6 m, 0.6°). This operating point
reflects the coupled spatio-temporal perturbation regime that our
method is primarily designed to handle, while avoiding benchmark-
specific tuning across multiple conditions.

The calibration itself is intentionally lightweight. We first fix
the statistical gate to yZ,,(3) = 7.815, corresponding to a 95%
confidence gate for the 3-DoF observation (x,y, /). We also use a
target normalized innovation scale of 3 as the coarse initialization
reference, since the current-time ego observation contains exactly
three observed degrees of freedom. Starting from this reference
scale, we then perform a small local sweep over the uncertainty-
related groups in Table 6 on the V2V4Real training split, while
keeping all matching and IRLS coefficients fixed.

The resulting parameter set is then reused unchanged on OPV2V
and under all evaluation settings. Although this one-time calibra-
tion is not guaranteed to be strictly optimal for OPV2V, we observe
no material degradation in our experiments. This suggests that the
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rule-based object-level module is not highly sensitive to benchmark-
specific retuning once the uncertainty scale is set to a reasonable
range.

Finally, the object-level closed-loop module itself contains no
learnable parameters. The learned part of the overall system re-
mains the detector and downstream fusion network described in
the main text.

B.5 Hyperparameter Sensitivity

To verify that the reported gain is not tied to a narrow rule-based pa-
rameter choice, we vary the main structural and uncertainty-related
hyperparameters individually on V2V4Real under joint-Hard. All
other settings are held at their default values. As summarized in
Table 7, all tested changes except the stricter 2m distance gate
remain within 0.29 AP@0.5 of the default configuration. The re-
sult is consistent with the one-time calibration strategy above and
indicates that the object-level module is insensitive to moderate
parameter changes.

Table 7: Hyperparameter sensitivity on V2V4Real under
Joint-Hard. The default AP@0.5 is 67.04.

Parameter Default Test values AAP@0.5

Distance gate (m) 4 2/6 —0.62/ —0.05
History length (frames) 3 2/4 —0.10 / +0.07
NIS gate (%) 95 90 /99 —0.08 / —0.07
Feedback decay 1.5 1.0/2.0 —-0.08 / —0.04
Huber penalty 0.5 0.25/1.0  -0.17/-0.29
Minimum solver support 3 4/5 —0.10 / -0.15

C Additional Qualitative Results

Figure 7 visualizes three representative stages of our object-level
pipeline. All three panels are taken from an OPV2V example under
a 400 ms communication delay and pose noise (0.6 m, 0.6°).

Together, the panels illustrate both the closed-loop reliability
update and the remaining limitation of the simple rule-based prop-
agation model. The panel (a) shows the initial pose-refinement
result before Closed-Loop Posterior Scoring. In this example, the
estimated pose is still poor, and several mismatched pairs remain
because the delayed collaborator boxes are affected jointly by inac-
curate detections and initial relative-pose error. This case illustrates
the limitation of relying only on one-shot delayed-frame matching
and pose refinement: when the input correspondences are already
corrupted, the resulting alignment can still be unreliable even if the
optimization itself is well defined.

The panel (b) shows the pose after Closed-Loop Posterior Scoring.
Compared with the initial result, the refined alignment becomes
much cleaner and most corresponding boxes are brought into close
agreement. Importantly, four previously matched pairs are assigned
extremely small pair weight values (below 10~2), which effectively
suppresses their influence in the next pose-refinement round. This
example directly reflects the role of Closed-Loop Posterior Scoring:
instead of trusting all delayed-frame correspondences equally, the
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Figure 7: Representative qualitative example of the object-
level pipeline in CoAnchor. This example visualizes how
CoAnchor progressively improves delayed collaborator align-
ment through object-level pose refinement, Closed-Loop Pos-
terior Scoring, and temporal propagation.

method re-evaluates them using current-time agreement and short-
history consistency, and then downweights pairs that are no longer
trustworthy.

The panel (c) shows the propagated collaborator boxes after
rewriting and temporal propagation to the current ego time. Most
delayed neighbor boxes are now well aligned with the ego-side ob-
servations, indicating that the object-level propagation is effective
in bringing stale collaborator evidence closer to the current frame.
At the same time, several boxes still exhibit residual offsets rather
than perfect overlap. This limitation is expected: under delays of
several hundred milliseconds, assuming approximately constant-
velocity straight-line motion is a reasonable and computationally
efficient approximation, but it cannot fully model all real object
motions. As a result, while the propagation stage is practically use-
ful and aligns most objects well, its simplicity can still become a
bottleneck in some hard cases.
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D Extended Experimental Results
D.1 Additional Motivation Results

Table 8 provides the detailed measurement results for the pilot
study discussed in Sec. 3 of the main text.

Table 8: Additional motivation measurements. Method com-
parison under fixed 100ms communication delay with vary-
ing Gaussian pose noise.

AP@0.5/ AP@0.7 in OPV2V (100ms fixed)

Method None (0.3m,0.3°) (0.6m,0.6°)
CoAlign [15] 95.24 / 80.50 91.61/76.39 88.52/74.90
TraF-Align (ego-only) | 84.49 /78.57 84.49 / 78.57 84.49 / 78.57
TraF-Align [19] 96.72/92.12 89.50/ 73.81 84.10 / 68.95

baseST [15, 19] 96.58 /91.55 96.26 / 90.06 89.89/ 80.55

AP@0.5 / AP@0.7 in V2V4Real (100ms fixed)

Method None (0.3m,0.3°) (0.6m,0.6°)
CoAlign [15] 69.86 /4030  61.60/34.93  55.16/33.44
TraF-Align (ego-only) | 62.19/40.55 62.19/40.55 62.19/40.55
TraF-Align [19] 78.76 / 50.80  63.20/37.47  57.82/34.89

baseST [15, 19] 73.16 / 43.86  68.22/41.05 60.68 / 37.39

The OPV2V results indicate that the cascaded baseline baseST
can be beneficial on the cleaner simulated benchmark, although it
does not yield a gain in every case: at zero pose noise, it is slightly
below TraF-Align (96.58 / 91.55 vs. 96.72 / 92.12), but once the pose
perturbation increases to 0.3 and 0.6, it becomes clearly stronger
than TraF-Align (96.26 / 90.06 vs. 89.50 / 73.81, and 89.89 / 80.55 vs.
84.10 / 68.95). This suggests that under relatively clean detections
and correspondences, explicit spatial refinement can still provide a
beneficial upstream reference for temporal compensation, but its
benefit is conditional rather than unconditionally guaranteed.

On V2V4Real, the pattern is consistent with the measurement
study in the main text: direct cascading does not provide a stable
gain over TraF-Align, and under stronger pose perturbation it can
even fall below the ego-only reference. This further supports that
simply stacking spatial pose refinement and temporal compensation
is insufficient in realistic scenes.

D.2 Additional Robustness Curves

Figure 8 complements the robustness analysis in the main text
by adding the four omitted sweep directions. Together with the
corresponding figure in the main text, they complete the delay/noise
sweeps on both datasets.

Here we focus on one specific phenomenon: the non-monotonic
delay behavior of TraF-Align. A mild version of this pattern is
already visible in the V2V4Real delay sweep in the main text, and
the OPV2V delay sweep in Fig. 8(a)-(b) makes it much clearer.
Under fixed pose noise, TraF-Align first drops substantially as delay
increases from the no-noise point, but then partially rebounds when
the delay becomes even larger, especially at AP@0.7.

One possible explanation is that TraF-Align explicitly encodes
delay in the collaborator branch, so the model can learn to re-
duce the effective weight of neighbor information once the delay
becomes very large. This suppression may reduce false positives
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Figure 8: Additional robustness curves omitted from the main text. Comparison with state-of-the-art methods on OPV2V and

V2V4Real. Each entry is reported as AP@0.5 / AP@0.7.

introduced by stale collaborator features, and the effect is particu-
larly visible at AP@0.7, where small localization biases are more
likely to turn a seemingly plausible prediction into a mismatch.
However, this strategy is still implicit and coarse. It is not tied to
an explicit object-level notion of trustworthiness, and it reduces
collaborator influence in a relatively non-selective manner. As a
result, it may suppress some harmful stale evidence, but it also
discards many useful collaborative cues and therefore weakens the
potential collaborative gain.

The curves also suggest that under coupled pose and delay per-
turbations, pose noise cannot be handled merely by reducing the
influence of collaborator information. In the V2V4Real pose-noise
sweep of Fig. 8(c)—(d), our method maintains comparatively robust
performance as the pose noise increases under fixed delay. A rea-
son is that our method does not treat collaborator information in
an all-or-nothing way. Instead, it propagates delayed hypotheses
at the object level and re-checks them against current-time ego
observations, so that collaborator evidence can be filtered more
selectively according to its current spatial trustworthiness.

D.3 High-Motion Subset Analysis

We further examine the constant-velocity prior on a high-motion
subset of V2V4Real under the Joint-Hard setting, which uses a
200 ms communication delay and pose noise (0.6m,0.6°). The
subset is selected exclusively from ground-truth object trajectories,
rather than predictions from any evaluated method, so all methods
are evaluated on exactly the same frames. A frame is selected if any
co-visible ground-truth object has a yaw change larger than 15°
across adjacent annotated frames, or a center residual larger than
0.5m when its two preceding ground-truth states are used to form
a constant-velocity prediction of the current state. This procedure
selects 379 out of 1,993 test frames (19.0%).

Table 9: Results on the V2V4Real high-motion subset under
Joint-Hard. Each entry is AP@0.5 / AP@0.7.

Method ‘ All frames  High-motion subset
TraF-Align [19] 58.18 / 35.09 56.35/ 33.50
baseST [15, 19] 61.04 / 37.69 58.83/36.01
CoAnchor 67.04 / 44.05 62.76 / 40.63

As shown in Table 9, the selected subset is harder for all methods.
Nevertheless, CoAnchor retains a clear advantage: it outperforms
TraF-Align by 6.41 / 7.13 AP and baseST by 3.93 / 4.62 AP on the
high-motion subset. The result indicates that nonlinear motion
degrades the constant-velocity prior but does not eliminate the
benefit of object-level verification: unreliable innovations can still
be rejected by the statistical gate or assigned small closed-loop
weights before they dominate pose refinement.
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