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ABSTRACT End-to-end perception and trajectory prediction from raw sensor data is one of the key
capabilities for autonomous driving. Modular pipelines restrict information flow and can amplify upstream
errors. Recent query-based, fully differentiable perception-and-prediction (PnP) models mitigate these
issues, yet the complementarity of cameras and LiDAR in the query-space has not been sufficiently explored.
Models often rely on fusion schemes that introduce heuristic alignment and discrete selection steps which
prevent full utilization of available information and can introduce unwanted bias. We propose Li-ViP3D++,
a query-based multimodal PnP framework that introduces Query-Gated Deformable Fusion (QGDF) to
integrate multi-view RGB and LiDAR in query space. QGDF 1) aggregates image evidence via masked
attention across cameras and feature levels, 2) extracts LiDAR context through fully differentiable BEV
sampling with learned per-query offsets, and 3) applies query-conditioned gating to adaptively weight
visual and geometric cues per agent. The resulting architecture jointly optimizes detection, tracking,
and multi-hypothesis trajectory forecasting in a single end-to-end model. On nuScenes, Li-ViP3D++
improves end-to-end behavior and detection quality, achieving higher EPA (0.505) and mAP (0.616) while
substantially reducing false positives (FP ratio 0.069), and it is faster than the prior Li-ViP3D variant
(139.82 ms vs. 145.91 ms). Additional experiments were performed to evaluate the impact of the reduced
resolution of RGB inputs and missing HD maps on the behavior of the model. The results of the experiments
indicate that query-space, fully differentiable camera—LiDAR fusion can increase the robustness of
end-to-end PnP without sacrificing deployability.

INDEX TERMS Perception, perception and prediction, machine learning, computer vision, deep learning,
multimodality, trajectory prediction.

I. INTRODUCTION
Forecasting the positions and future behavior of agents in
The associate editor coordinating the review of this manuscript and a traffic scene .IS. one of the lfey capabilities needed for
approving it for publication was Majdi Mansouri. autonomous driving, for road-infrastructure management,
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and ensuring the safety of vulnerable road users. For down-
stream planning and control, anticipating how surrounding
participants will evolve is as important as estimating their
current state. As trajectory prediction methods improve in
autonomous driving environments, they contribute directly to
safer interactions among road users and to smoother traffic
flow.

Among Perception and Prediction (PnP) approaches in
autonomous driving, the most advanced direction is to predict
trajectories directly from raw sensor inputs. Accordingly,
end-to-end models that unify object detection, tracking,
and prediction have become an important component of
embodied perception [1]. However, leading solutions still
omit several practical considerations. In particular, there
remains a lack of methods that can fully exploit both RGB and
LiDAR streams in a single, fully differentiable framework.
Although unimodal methods have historically dominated
computer vision for dynamic scenes, they exhibit fundamen-
tal shortcomings [2], [3]. LiDAR-centric approaches often
emphasize computational efficiency, whereas camera-based
systems can be deployed using comparatively inexpensive
hardware. Despite these advantages, unimodal pipelines
inherit the failure modes and constraints of the single sensor
they depend on.

These limitations reduce the reliability of PnP systems
in challenging conditions that involve diverse object types
and changing environments. Recent research has shown that
object queries proposed by DETR3D [4], [5], a learned
sparse set of embedding vectors (object priors) which can
be decoded into a 3D reference point, are an effective
interface for using RGB data for 3D detections. Query-based
approaches have expanded to showcase the suitability of the
interface for object tracking and trajectory prediction [6].
However, while they underline the value of RGB for
3D detection and forecasting, they do not resolve the broader
uncertainty issues faced by PnP systems that rely exclusively
on vision. This is especially relevant when the goal is to
protect vulnerable road users. Recent research on traffic
monitoring with social robots [7], [8] indicates that RGB
sensing can support basic detection and intention inference,
yet it does not provide sufficiently accurate estimates of agent
position and timing.

This manuscript extends our earlier proceedings publi-
cation [9]. In that work, we introduced Li-ViP3D, a novel
end-to-end and fully differentiable approach to trajec-
tory prediction from combined RGB and LiDAR data.
Li-ViP3D expanded the agent-query paradigm into a mul-
timodal framework capable of predicting trajectories over
a 6-second horizon for a broad set of agents, including
cars, bicycles, and pedestrians. We also redesigned the
3D agent-query interface to incorporate LiDAR information
and showed that this interface enables effective fusion of
RGB and LiDAR cues.

In the present extension, our primary contributions focus
on a new query-gated deformable fusion (QGDF) strategy
that further increases the practicality of agent queries for
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end-to-end perception and prediction. We modify our
Li-ViP3D architecture to use the QGDF mechanism. The
resulting Li-ViP3D+4+4 network improves computational
efficiency and results in terms of both prediction and
detection quality, while also enhancing the explainability of
the base Li-ViP3D. The proposed architecture is evaluated
against baselines under various conditions, demonstrating the
robustness of the query-based fusion method against reduced
RGB resolution and missing HD maps. Li-ViP3D++ source
code is publicly available.'

Il. RELATED WORK
A. TRADITIONAL PERCEPTION AND PREDICTION
PIPELINES
Research on the detection-tracking-forecasting pipeline is
extensive and spans many facets of these challenging
problems [10]. Although numerous methods address parts of
the pipeline, the shift toward fully end-to-end formulations
is still in its early stages. As a result, there is not yet
broad agreement on how to design end-to-end systems that
simultaneously account for the full range of requirements.
Conventional PnP systems typically decompose the task
into separate components [11], [12], [13], [14]: object detec-
tion, object tracking, and trajectory prediction. Advocates
of modular designs emphasize their adaptability, ease of
upgrading individual modules, and clearer attribution of
errors, arguing that these benefits can outweigh those of
end-to-end models. Many such points are well supported:
for example, vehicle recognition can be handled efficiently
with lightweight region filtering [15], and geometric cues
from camera frames can improve scene understanding [16].
Nevertheless, existing modular pipelines have not yet
demonstrated a practical way to counteract the propagation
and accumulation of errors across stages when modules
are integrated, while still meeting real-time computational
constraints. Moreover, modular interfaces typically enforce
compact information exchange, often passing only selected
descriptors such as position, velocity, acceleration, distance,
and related features.

B. END-TO-END SOLUTIONS

End-to-end formulations, by contrast, can carry informative
cues about agent intent from perception to prediction,
including signals such as turn indicators and brake lights,
as well as body pose and other rich context. They are
also appealing from an engineering standpoint due to
single-loop training and simpler deployment. However, until
recently, methods such as FaF [17], IntentNet [18], and
PnPNet [19] did not fully realize the promise of end-to-
end PnP, because they depended on intermediate feature-map
representations and non-differentiable operations (e.g., non-
maximum suppression). This design choice restricts error
propagation between PnP components and often leads to only
partial coupling through a composite loss.

Uhttps:/github.com/mathali/Li-ViP3D-PP

VOLUME 14, 2026



M. Halinkovic et al.: Li-ViP3D++: Query-Gated Deformable Camera-LiDAR Fusion

IEEE Access

Prior work [17], [18], [20] has nevertheless shown that
agent intention can be inferred directly from raw sensor
inputs. These approaches, however, performed direct predic-
tion without incorporating explicit tracking, which weakened
performance on occluded agents and limited the usable sensor
history before model saturation.

Contemporary multimodal systems commonly build upon
ideas introduced by PnPNet [19]. PnPNet established the
feasibility of end-to-end trajectory prediction from raw
sensor data for longer-horizon forecasting (> 1s), and it
further emphasized the value of separating concerns while
including explicit temporal tracking.

The introduction of Visual Trajectory Prediction via
3D agent queries (ViP3D) [6] represented a notable step
forward by demonstrating that end-to-end, fully differentiable
prediction can be achieved in practice. Its query-based for-
mulation provides a feature- and attention-driven mechanism
that propagates perception information throughout the model.
Additionally, by avoiding non-differentiable intermediate
stages, it became the first fully differentiable vision-based tra-
jectory prediction approach to use rich feature representations
as the primary interface.

C. ATTENTION-BASED RGB AND LiDAR FUSION
BEVFusion [21] presents an efficient strategy for lifting
2D camera observations into a 3D bird’s-eye-view repre-
sentation, enabling trajectory prediction to operate within a
shared 3D space across modalities for most of the network.
A key outcome is a reported 40x speedup over the prior
standard BEV conversion technique, Lift-Splat-Shoot [22]
(LSS). The high cost of BEV conversion previously cre-
ated a major bottleneck and hindered the development
of BEV-centric methods, contributing to a gap in the
literature.

Although BEVFusion moves toward more efficient mul-
timodal fusion, it introduces a strong assumption: correct
operation depends on sufficient spatial alignment across
modalities. Recent methods such as LGMMFusion [23]
and RoboFormer [24] show that integrating LiDAR can
substantially improve agent-query-based models. At the same
time, both approaches depend on explicit alignment in a
shared BEV space. RoboFormer builds on the LSS lifting
pipeline, whereas LGMMFusion introduces a specialized
attention mechanism. Neither work explicitly discusses the
additional latency introduced by the transformation.

Alternatively, simpler strategies [25], [26] process
the visual modalities independently, preserving spatial
self-attention while enabling cross-modal interaction at
the semantic level. This combination of spatial and
encoder-level alignment can improve downstream represen-
tations efficiently and can also increase model explainability.
In particular, encoder-level attention allows the contribution
of each modality to be inspected, helping assess when a
modality is informative and identify difficult edge cases for
the network.
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Our approach differs from these lines of work in
two respects. First, unlike BEV-based fusion, it does not
depend on constructing a shared dense BEV representation
for cross-modal interaction at any point; instead, it uses
sparse query-centered sampling from each modality at
the predicted agent location. Second, unlike more generic
deformable-attention fusion designs, the proposed QGDF
explicitly separates modality-specific feature extraction from
query-conditioned fusion, using a learned gate to determine
the per-agent contribution of image and LiDAR evidence.
This design makes the source of improvement more inter-
pretable. The gain is primarily driven by better query-level
modality selection and local feature acquisition rather than
by heavier global fusion.

lil. METHODOLOGY

We expand the Li-ViP3D architecture, a multimodal network
that enables end-to-end perception and prediction based on
agent queries and uses separate encoders for processing each
input modality and an attention mechanism for query-level
feature fusion. Our approach is designed to exploit multi-
modality and attention-based fusion to significantly increase
the quality of detected and predicted agents at a minimal
increase in computational cost.

We use the large-scale nuScenes [27] dataset to train
and evaluate the model while following the standard
train/validation split used in prior PnP work. The dataset
contains 1000 urban scenes with a duration of 20 seconds
each. In the default configuration, we utilize data from 6 RGB
cameras sampled at 2 Hz, 32-beam LiDAR sweeps at 10 Hz,
and an HD semantic map. Each input sample consists
of 3 temporal frames of RGB and LiDAR data. Multi-
view images are normalized using the ViP3D preprocessing
convention and padded to a size divisor of 32, while LIiDAR
points are cropped to the predefined spatial range and
voxelized before encoding. Training is performed for up to
24 epochs using AdamW with an initial learning rate of 10~#
and cosine annealing. In addition to this default setup, we also
evaluate robustness under two controlled input modifications:
removal of HD map input and reduction of RGB image
resolution.

A. FEATURE EXTRACTION

The proposed multimodal model shown in Fig. 1 separately
extracts 2D features from multi-view images, as proposed
by DETR3D, using a ResNet50 [28] as a camera encoder
backbone, and processes multi-sweep LiDAR point cloud
sweeps. We use 5 consecutive LiDAR sweeps (sampled
at 10 Hz) spanning 0.5 s in a PointPillars [29] based
LiDAR encoder. The ResNet50 encoder uses pretrained
weights from DETR3D and we pretrained the PointPillars
encoder for 3D detection on nuScenes. This configuration
allows us to perform hybrid fusion with several benefits.
In addition to improving 3D detection accuracy, we improve
the temporal reasoning of the model by vastly increasing the
temporal density of input data. This can be achieved using
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FIGURE 1. Overall architecture of the Li-ViP3D++ multimodal end-to-end trajectory prediction model. The QGDF module is our primary
contribution which handles sampling and fusion to ensure efficient usage of information from each input modality.

a computationally simple encoder. In our configuration, the
PointPillars encoder operates on points within [—51.2,51.2]
meters in x/y axes and [—5,3] meters in the z axis. Points are
discretized into pillars with voxel size (0.2,0.2,4.0), with up
to 32 points per pillar, producing a dense BEV pseudo-image
via pillar scattering. Each pillar is encoded by a single
feed-forward network (FFN) layer (10-D point features —
64 channels) with BatchNorm and ReLLU. The BEV map is
then processed by a 3-stage 2D CNN backbone with stride 2
downsampling and channel widths 64, 128, 256, followed
by a Feature Pyramid Network (FPN) style upsampling neck
(deconvolutions with strides 1/2/4) that merges multi-scale
features into a 256-channel BEV representation used for
subsequent multimodal fusion.

We utilize a tracked agent query memory bank as
described by ViP3D [6] and MOTR [30] to maintain
information-dense historical feature states for each agent in
the scene. Using agent queries, we can convert the feature
representation to a space that allows for efficient object-level
associations.

B. MODALITY FUSION

At each time step, we update the representation of every agent
query using our attention-based QGDF module. The overall
flow of the QGDF mechanism is shown in Fig. 2. QGDF lets
each agent query gather evidence from the image and LiDAR
branches at its estimated spatial location, and then adaptively
decides how much each modality should contribute to the
updated representation.

Let Q, € RMaxB*E denote the set of agent queries at time
stept,andletr e [0, 118%Na %3 be their associated normalized
3D reference points. We denote the multi-level image features
by {15}57:1, where each level I¢ € RBXxExHexWe g4

we denote the LiDAR BEV features (when available) by
Pe RBXEXHPXWP_
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1) IMAGE FEATURE AGGREGATION VIA MASKED ATTENTION
OVER CAMERAS AND PYRAMID LEVELS

Rather than forming dot-product cross-attention between Q,
and dense image keys, we first sample image features at
each query’s reference point across all cameras and feature
levels using a differentiable sampler. The sampling procedure
projects r into each camera using the provided calibration
matrices and applies bilinear sampling in each pyramid level,
producing sampled features:

S — Sample({li’}, r) c IRBXE><1V(;1><Ncam><1><L7 (1)

The transformed reference points are also used to generate a
validity mask:

M c {O, 1}BX1XNqXNcam><1X]’ (2)

which indicates whether the projected reference point lies in
front of the camera and within image bounds. We then predict
per-query attention logits over the camera-level combinations
from the query features:

w' = FFN;(Q,) € RE*NaxNeamL) (3)

To ensure that invalid views do not receive probability mass,
we apply a masked softmax (using the expanded mask M
across pyramid levels) to obtain normalized weights o’ :

I

o! = masked_softmax(w!, M) € RE*INaxNeamxIxL (4

Finally, we aggregate the sampled features across cameras
and levels:
Neam L
Fl = Z Za,’w Sp.e € REXExNg, (5)
n=1 t=1
This aggregation allows the image branch to ask which
camera views and feature scales are most informative for
this agent query, while ignoring views in which the projected
point is not visible. The resulting image features are projected
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FIGURE 2. Diagram of the Query-Gated Deformable Fusion (QGDF)
mechanism and sampling from each modality.

and normalized to align them with the query embedding
space, yielding Q; € RNaxBxE

2) LiDAR FEATURE AGGREGATION VIA DIFFERENTIABLE BEV
SAMPLING
We extract LIDAR context for each query by differentiably
sampling the BEV LiDAR feature map around the query’s
BEV reference location ry,. Given a BEV feature map
P e REXCLxHXW “we first project it into the transformer
embedding space using a 1x1 convolution followed by
spatial normalization, yielding features in REXEXHXW ‘Thjg
aligns the LiDAR representation with the transformer query
embeddings and the image-derived features used in the fusion
module.

For each query, we predict a small set of local 2D sampling
offsets from its query embedding using a lightweight
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linear head:
Ap = FEN(Q,) € RE*NaxHaxpx2, (6)

where H; denotes the number of sampling heads and
p denotes the number of sampled points per query and
head. The BEV reference coordinate ry,, normalized to
[0, 1], is mapped to the grid_sample coordinate system
in [—1, 1]. The predicted offsets are bounded with a tanh
nonlinearity and scaled to restrict sampling to a local
neighborhood around the query reference point:

G = clip (¢(ryy) + S - tanh(Ap), —1, 1) , %)

where ¢(-) denotes the transformation from normalized BEV
coordinates to grid_sample coordinates, and s controls
the sampling radius.

We then sample the projected BEV feature map at the
resulting per-query grid locations using bilinear interpolation
with border padding:

S = GridSample(P, G) € RE*NaxHhxpxD )

where D is the per-head feature dimension and £ = HyD.
This allows each query to collect nearby LiDAR evidence
from a small learned BEV neighborhood instead of relying
on a single rigid sampling location.

The sampled features are then aggregated using learned
query-adaptive attention weights rather than being merely
projected or averaged. For each sampled BEV feature, the
attention score is conditioned on three sources of information:
the sampled LiDAR feature itself, the corresponding per-head
query embedding, and the relative sampling offset. This can
be written as

Aq.hp = FFNyitn ([Sq,h,p; Qq,h; 6q,h,p]) ®

where S, 5, is the sampled LiDAR feature for query g,
head h, and sampling point p, Q, is the corresponding
query-head feature, §,,, is the relative sampling offset,
and [-; -] denotes concatenation. The resulting logits are
normalized over the sampled points:

Wq,hp = softmax, (aq,h,p) (10)

The LiDAR context for each query and head is then computed
as a weighted sum of the sampled features:

P
Con =D WahpSqhp (11)
p=1

This attention-based aggregation allows the model to
emphasize the most informative local BEV evidence for
each query, while down-weighting less relevant samples from
the learned neighborhood. The aggregated representation is
then projected back to the transformer embedding space and
normalized to match the image branch:

Q" = BEVSample(P, ryy, Q) € RNBXE  (12)

Since the sampling is implemented with differentiable
bilinear interpolation, gradients can flow to both the
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BEV feature map and the predicted sampling offsets.
If LiDAR input is not provided, we set Q,L to zero. This
procedure replaces hard top-k selection with continuous,
query-adaptive BEV sampling and attention-based aggrega-
tion, yielding a stable LiDAR context vector per query that
can be fused with the image-derived representation.

3) QUERY-AWARE GATED MULTIMODAL FUSION

The modality contributions are combined using a query-
conditioned gating mechanism. We compute fusion logits
from the concatenation of normalized modality features and
the (detached) query representation:

A AL xBx
8t = FFNgate ([Q[s Q; s Qt]) € RNaxB 27 (13)

and obtain soft gates via

¥r = softmax(g,) , (14)
The gated modality features are then formed as
N -1 AL L
Q[ ZVZ,()le Q[ =Vt,1Qt, (15)

concatenated, and projected back to the query dimension:

- ~] AL
0, = FFNprojefuse ([Qy, 0,1) € RNBxE (16)

The gate therefore acts as a query-specific confidence
allocator, reducing the contribution of a modality in favor
of the other modality if it is less informative for a particular
agent.

4) RESIDUAL UPDATE WITH POSITIONAL ENCODING

As in the original formulation, we incorporate a positional
code derived from the reference points. Let ¢(-) denote a
lightweight position encoder; we compute

P; = ¢(inverse_sigmoid(r)) € RNaxBxE (17)

The updated query representation is then produced by a
residual connection with dropout:

Qi1 =0, +0Q, +P.. (18)

This procedure yields multimodally enhanced query
representations that integrate camera evidence through
masked attention over cameras and feature levels, LiDAR
evidence through differentiable BEV sampling, and a
query-conditioned gating mechanism that adaptively bal-
ances the two modalities.

C. AGENT PERCEPTION AND PREDICTION

Utilizing this multi-stage feature update strategy allows
all downstream operations and subtasks to be performed
on substantially richer query representations. At each time
step t, every enhanced but currently unassigned query is
passed through a query decoder that predicts the query centre
coordinates y, ;). These query-level predictions are then used
to construct a bipartite matching problem, where the pairwise
cost between a ground-truth target y; and a predicted query

103004

Yo(;) combines classification confidence and bounding-box
distance:

LmachWis Yo i) = =i 2D () (€)
+ 122y Loox (bi, bo(iy) (19)

Here, Lyox denotes the /1 loss over bounding-box param-
eters, b; is the ground-truth box, and I;g(,-) together with
Poy(ci) correspond to the predicted box and the predicted
probability of class ¢;, respectively. Queries that have
already been matched to a ground-truth agent preserve this
assignment across time, unless the query is predicted as
empty. Such persistent assignments are removed from the
pairwise cost matrix and are therefore not reconsidered
during matching.

To carry temporal context through the query memory bank,
we additionally apply a temporal cross-attention operation.
For each agent query Q;, we attend to its own stored history in
the memory bank and compute a compact temporal summary:

, . T
i i
qt,query (Qbank, key)

Jd

q;’ = softmax Qtl;ank,value' (20)

Following MOTR [30], the query memory bank is imple-
mented as a first-in-first-out queue. We store a fixed history
of four previous time steps per query. This design enables
efficient agent-level temporal processing by compressing
the historical states associated with query ¢’ contained
in Q{mnk. Importantly, the temporal aggregation is performed
independently for each query to improve computational
efficiency and to prevent information leakage across different
agents. The resulting query feature is obtained using a
two-layer feedforward network:

q' = FEN (q;'+q;'), 1)

thereby integrating the spatio-temporal information produced
by the multimodal feature update stages.

For trajectory forecasting, we follow the established
design choices of ViP3D in the default configuration.
The enhanced agent queries are further processed together
with an HD semantic map encoded using VectorNet [31],
which provides a vectorized representation of contextual
road semantics, including lane structure, traffic signs, and
related map elements. Final trajectory outputs are generated
using a regression-based decoder implemented as a two-
layer FFN, predicting K candidate trajectories per agent.
For the map-removal robustness experiments described in
Section III-D, this map-based interaction stage is replaced by
a map-free interaction module while keeping the remaining
prediction pipeline unchanged.

Consistent with the end-to-end, fully differentiable for-
mulation, the network is trained with a joint objective
that optimizes classification, bounding-box regression, and
trajectory decoding simultaneously. The classification and

VOLUME 14, 2026
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TABLE 1. Performance comparison between Traditional, PnPNet-vision, ViP3D and our proposed method. Lower is better for minADE, minFDE, and MR;

higher is better for EPA.

Metrics Det3D + Kalman Filter = PnPNet-vision [19] ViP3D [6] Li-ViP3D[9] Li-ViP3D++ (Ours)
minADE; | 2.07 m 2.04 m 1.52 m 1.45m 1.11 m
minFDE; | 3.10 m 3.08 m 2.35m 2.20 m 1.80 m
MR 0.289 0.277 0.239 0.236 0.209
EPA1T 0.191 0.198 0.236 0.250 0.505
FP ratiol - - 0.231 0.221 0.069
Recallt - - 0.469 0.458 0.571
Precision? - - 0.769 0.779 0.931
mAP?T - - 0.472 0.472 0.616
bounding-box regression terms are computed as: Agent Query Custom Interaction
Bank Module
N
‘CCIS = Z - log ﬁ&(l) (Ci), (22) T=t2 Agent Polyline Encoder Global Interaction
- S N . .
N | m —> 0O |
— b e ! — ;
Ecoord = Z l{ci;éﬂ}ﬁbox(bu bo(i))' (23) gréi% | m © ! O N Regression
o1 > > : m T’ O | o Decoder
The regression-based trajectory decoding loss is defined Y% [ . :
. |
as an [; regression term, L., computed between the S\ s\\uN | tﬁl — 0

ground-truth future trajectory s and the best-matching
predicted hypothesis s*). Concretely, we evaluate the loss
over the prediction horizon Ttyure as

Truture

Etrajectory = Z Ereg(sta Sgk))- (24

t=1

The index k is selected using a minimum-distance
criterion: among the K predicted trajectories, we choose
the one that minimizes the /; distance to the ground truth
when comparing all corresponding trajectory points. With
this selection rule, the overall training objective becomes

L= Ccls + Ecoord + Ltrajectory- (25)

D. ROBUSTNESS EVALUATION PROTOCOL

In addition to evaluating the default architecture, we assess
robustness under reduced infrastructure and degraded visual
input conditions. We consider three modified settings:
(1) without HD map, where the map-based forecasting
context is removed; (ii) reduced resolution, where the
input RGB images are downsampled from the default
1600 x 900 pixels to 900 x 544 pixels; and (iii) without
HD map + reduced resolution, where both modifications are
applied simultaneously.

For experiments without HD map input, we replace the
VectorNet-based map interaction stage with a lightweight
map-free interaction module that operates directly on
the enhanced agent queries and their temporal histories,
as depicted in Figure 3, replacing the Query-based Prediction
module as seen in Figure 1. The interaction module replicates
the VectorNet formula while removing any non-query
elements. First, it encodes all query embeddings using a
self-attention mechanism into a single representation per
agent. Another self-attention mechanism is then used to
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FIGURE 3. Custom graph-based interaction module. Agent query
embeddings across all time steps are encoded into a unified
representation which is used for calculating global interaction.

model the global interaction between each agent represen-
tation. This module models agent-agent interactions without
relying on external semantic map priors, allowing us to
evaluate whether the proposed fusion mechanism remains
effective when structured map context is unavailable. The
trajectory decoder and all other parts of the perception-and-
prediction pipeline remain unchanged.

For the reduced-resolution experiments, only the spatial
resolution of the RGB input is modified; the model archi-
tecture, training setup, LiDAR configuration, and evaluation
protocol are kept the same. This allows us to isolate the
effect of weaker visual input quality on multimodal query
fusion. All robustness experiments are evaluated using the
same metrics as the default configuration.

IV. RESULTS

We evaluate the proposed fusion mechanism using a set of
complementary detection and prediction metrics, selected to
provide a robust view of overall system performance and to
isolate the contribution of the fusion strategy.

For trajectory forecasting, we report minimum Aver-
age Displacement Error (minADEj) and minimum Final
Displacement Error (minFDE}), which quantify the mean
and final l, distance, respectively, between predicted and
ground-truth agent positions under the best-matching hypoth-
esis among K outputs. We also include the Miss Rate
(MR), defined here as the fraction of predictions whose
minFDE exceeds 2 meters. To capture end-to-end behavior
in the presence of false positives, we also report End-to-end
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TABLE 2. Performance comparison of ViP3D, Li-ViP3D, and Li-ViP3D++ under various conditions. As “Original Inputs” the models use 1600 x 900 px RGB
images and HD map encoding provided by VectorNet. The Reduced Resolution experiment downscales input RGB images to 900 x 544 px. Experiments
without HD map use our custom graph interaction/prediction module instead of VectorNet. Best results for the given metric are highlighted in bold, the

second best results are in underlined.

Models\Metrics minADE | minFDE | MR | EPA 1 FP ratio | Recall 1 Precision mAP 1
T

Original Inputs

ViP3D 1.52m 2.35m 0.239 0.236 0.231 0.469 0.769 0.472

Li-ViP3D 1.45m 220 m 0.236 0.250 0.221 0.458 0.779 0.472

Li-ViP3D++ (Ours) 1.11m 1.80 m 0.209 0.505 0.069 0.571 0.931 0.616

Without HD map

ViP3D 1.57 m 2.38 m 0.241 0.239 0.232 0.462 0.760 0.474

Li-ViP3D 1.54 m 242 m 0.242 0.226 0.242 0.468 0.758 0.473

Li-ViP3D++ (Ours) 1.13 m 1.87 m 0.209 0.488 0.085 0.570 0.915 0.622

Reduced Resolution

ViP3D 1.54 m 245 m 0.275 0.148 0.270 0.403 0.73 0.446

Li-ViP3D 1.51 m 2.32m 0.257 0.180 0.259 0.426 0.741 0.447

Li-ViP3D++ (Ours) 1.14 m 1.84 m 0.204 0.477 0.107 0.587 0.892 0.631

Without HD map and Reduced Resolution

ViP3D 1.51 m 2.32m 0.255 0.193 0.247 0.420 0.753 0.460

Li-ViP3D 1.50 m 2.38 m 0.250 0.192 0.255 0.437 0.745 0.457

Li-ViP3D++ (Ours) 1.13m 1.93m 0.219 0.481 0.081 0.559 0.918 0.615

Prediction Accuracy (EPA) [6]. EPA explicitly accounts for
false positives by matching predicted agents to ground truth
based on spatial proximity and computing a normalized hit
rate as the ratio of matched predictions to the total number of
ground-truth agents.

As displacement errors and derived metrics are notoriously
insufficient for evaluating end-to-end PnP models due to the
low impact of incorrect detections on final results, we include
a set of detection-focused metrics. These include Precision,
Recall, mAP, and FP ratio (normalized average ratio of false
positive detections per scene). It is important to note that due
to the end-to-end nature of the evaluated architectures, the
detections are evaluated at the first predicted timestep.

All experiments are conducted within a region spanning
51.2 meters in each direction and cover seven agent
categories: car, truck, bus, trailer, motorcycle, bicycle, and
pedestrian. Trajectories are evaluated over a forecasting
horizon of AT = 6 seconds, and the model outputs
K = 6 candidate future trajectories per agent.

The primary comparison between our method and the
considered baselines is reported in Table 1. We eval-
uate against (i) a conventional modular pipeline that
separates Perception and Prediction, (ii) a modified
vision-based PnPNet variant, (iii) ViP3D, and (iv) the original
Li-ViP3D. For consistency and to ensure a fair comparison,
all methods employ a regression-based trajectory decoder.
We also retrained the ViP3D architecture with the same setup
and hardware as the multimodal architectures to make sure
the comparisons are as accurate as possible. The retrained
version achieved better displacement error metrics, minADEy
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of 1.52 meters and minFDE; of 2.35 meters, compared
to the results published in the ViP3D paper (minADE; of
2.03 meters and minFDE; of 2.90 meters).

The proposed improved fusion mechanism for enhance-
ment of agent queries leads to significant improvements in
trajectory prediction metrics, specifically displacement error
and miss rate performance, compared to the Li-ViP3D and
retrained ViP3D architectures for the AT = 6 seconds
prediction horizon, as used in the ViP3D evaluation protocol.
Our Li-ViP3D++ architecture also achieves significantly
better detection results on key metrics and end-to-end
prediction accuracy.

The proposed QGDF fusion achieves an absolute 25.5%
increase in EPA, the most robust prediction metric. This
large improvement stems from a significant reduction in
false positive detections. The ratio of hallucinated agents
drops from an average of 22.1% in Li-ViP3D to 6.9%.
This improvement tracks across all other detection metrics
(Precision, Recall, and mAP), signifying the impact of
our architectural improvements on the quality of detection
outputs.

A. ROBUSTNESS UNDER REDUCED INFRASTRUCTURE
AND VISUAL QUALITY

We further evaluate the proposed fusion mechanism under
reduced infrastructure and degraded visual input. Table 2
compares the performance of all models in the original
configuration and in three modified settings: without HD
map input, with reduced RGB resolution, and with both
constraints applied simultaneously.
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Across all settings, Li-ViP3D++ remains the strongest
model in all metrics. While predictably, the Li-ViP3D++4
variant with access to full resolution input and HD
map is dominant across most metrics, the other variants
are not far behind. Under reduced-resolution RGB input,
it reaches the best results for miss rate (0.204), Recall
(0.587), and mAP (0.631). Even when both constraints
are combined, Li-ViP3D+-+4 preserves strong performance,
achieving second-best results for minADE (1.13 m), False
Positive ratio (0.081) and Precision (0.918). This variant
still outperforms the ViP3D and Li-ViP3D models without
constraints on all metrics.

These results indicate that the proposed fusion mechanism
remains effective even when external map support is removed
and visual input quality is reduced. In particular, the main
benefit of improved query grounding and reduced halluci-
nated detections persists across all evaluated conditions.

B. PER-CLASS PERFORMANCE

As all of the query-based architectures discussed in this paper
focus on multi-agent prediction, we also provide Table 3
to better understand how the improved fusion mechanism
affects individual agent categories. The table reports per-class
EPA and mAP for the original input settings. We focus
on EPA and mAP, as they represent the most important
prediction and classification metrics, respectively.

TABLE 3. Per-class EPA and mAP comparison under original input
settings. Best results are shown in bold.

Class ViP3D Li-ViP3D Li-ViP3D++

EPA mAP EPA mAP EPA mAP
Car 0.277 0.590 0.295 0.590 0.532 0.717
Truck 0.104 0.324 0.085 0.354 0.398 0.515
Bus 0.079 0.342 0.080 0.335 0.384 0.619
Trailer 0.000 0.104 0.000 0.114 0.131 0.227

Motorcycle 0.135 0.268 0.128 0.278 0.273 0.355
Bicycle 0.083 0.296 0.054 0.315 0.187 0.325
Pedestrian  0.220 0.311 0.194 0.305 0.413 0.433

Li-ViP3D++ achieves the best EPA and mAP for every
evaluated class, indicating that the proposed query-guided
fusion improves both trajectory prediction quality and
detection reliability across the full class distribution. The
largest EPA gains are observed for large dynamic objects
such as trucks and buses, where the multimodal fusion
provides substantially better agent grounding. The method
also improves performance for more challenging and less
frequent categories, including trailers, motorcycles, and
bicycles, although their absolute scores remain lower than
those of cars and pedestrians. The differences in inter-class
performance can largely be explained by the class imbalances
in the nuScenes dataset. For example, the weakest results
are achieved for the Trailer and Bicycle classes which are
represented by only 2% and 1% of the provided annotations
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respectively, while the Car class represents 42% of the
provided annotations.

C. ABLATION STUDY

To isolate the contribution of the individual components of
the proposed Li-ViP3D++ fusion mechanism, we conduct an
ablation study under the original input setting. Table 4 reports
the performance of the full Li-ViP3D++ model together
with three ablated variants: a gating ablation (no learnable
modality weighting), an offset refinement ablation (fixed
sampling point), and a full ablation where both components
are removed.

TABLE 4. Ablation study of the proposed Li-ViP3D++ fusion mechanism
under original input settings. Best results for each metric are shown in
bold.

Metric Li-ViP3D++ - gating - offset - gating & offset
minADE | 1.11 1.13 1.17 1.20
minFDE | 1.80 1.87 1.93 2.03
MR | 0.209 0215  0.232 0.231
EPA 1 0.505 0487  0.464 0.471
FP ratio | 0.069 0.077  0.080 0.086
Recall 1 0.571 0.582  0.538 0.555
Precision 1 0.931 0.923 0.920 0.914
mAP 1 0.616 0.624  0.589 0.622

The ablation results show that the complete Li-ViP3D++
model achieves the best overall performance when it comes
to end-to-end behavior. Removing the offset refinement
and forcing a single fixed sampling position leads to a
clear degradation in both trajectory quality and end-to-end
prediction performance, increasing minADE from 1.11 to
1.17 and minFDE from 1.80 to 1.93, while also reducing EPA
and mAP. Interestingly, it still presents a strong improvement
over the original Li-ViP3D model, demonstrating that a
single sampling point provides more usable information than
an aggregate of top-k nearest points which the model is
unable to explicitly filter. The full ablation further degrades
displacement accuracy to 1.20 minADE and 2.03 minFDE,
confirming that both components contribute to improved
forecasting quality.

The gating ablation, which forces equivalent importance
for both modalities, achieves slightly higher Recall and
mAP than the full model. However, this should not be
interpreted as a failure of the gating mechanism. The full
Li-ViP3D++ model is not optimized to maximize every
detection metric independently; rather, it produces the best
overall end-to-end behavior by prioritizing more selective
query grounding, higher Precision, fewer false positives,
stronger EPA, and better trajectory forecasting. In this sense,
the learned gate shifts the model toward more reliable and
better-calibrated detections, even if a non-gated variant can
recover a slightly larger number of candidate objects. This
suggests that the gating mechanism primarily improves the
quality and selectivity of the fused agent queries, leading to
more accurate and better-grounded trajectory estimates. The
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gating mechanism presents a clear shift towards increased
selectivity, indicating that dynamic modality reliance is
important especially in edge cases where the modalities
provide conflicting information. The impact of the learnable
modality gate is further discussed in Section V-B

D. EFFICIENCY EVALUATION

Beyond quantitative performance, it is important for PnP
to consider the time constraints of their applications.
Table 5 reports the latency comparison of our end-to-end
Li-ViP3D++ architecture. All compared architectures used
ResNet50 as their image backbone, the multimodal architec-
tures both used PointPillars with the same configuration as
the LiDAR backbone. In the default setting, the RGB input
resolution is 1600 x 900 pixels.

TABLE 5. Latency comparison (mean =+ std) across methods, measured in
milliseconds across 1000 independent inferences per model. Lower is
better.

Method Mean Std Min Max
Original Inputs

ViP3D 117.27  0.06 117.19 117.36
Li-ViP3D++ 139.82 0.14 139.64 140.10
Li-ViP3D 14591 036 14556  146.69
Without HD map and Reduced Resolution

ViP3D 52.51 0.05 5244 52.62
Li-ViP3D++ 7540  0.31 75.14 76.28
Li-ViP3D 79.85 029  79.48 80.29

Under the default input configuration, the proposed
Li-ViP3D++ architecture is slightly faster than the original
Li-ViP3D implementation (139.82 ms vs. 145.91 ms),
corresponding to a reduction of 6.09 ms or approximately
4.4%. Although Li-ViP3D++ remains slower than ViP3D
(117.27 ms), this gap is expected given the added multimodal
processing and query-level fusion. Importantly, the improved
end-to-end quality of Li-ViP3D++ is therefore not obtained
at the cost of increased runtime relative to the original
multimodal baseline.

The constrained setting without HD map input and
with reduced RGB resolution leads to a much larger
latency reduction for all evaluated models. In this setting,
Li-ViP3D++ decreases from 139.82 ms to 75.40 ms, which
corresponds to a 46.1% reduction in inference time. ViP3D
decreases from 117.27 ms to 52.51 ms, corresponding to a
55.2% reduction. These results show that a large fraction
of the computational cost can be removed while preserving
strong end-to-end prediction performance, especially for the
proposed multimodal architecture. The majority of latency
reduction in these experiments came from the reduced
resolution of RGB inputs. In isolation, the replacement of
VectorNet with our custom interaction module only led to an
insignificant latency reduction of 1-5 ms on average across
the architectures.
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All latency measurements were obtained on a single
NVIDIA GeForce RTX 4090 GPU and AMD Ryzen Thread-
ripper PRO 7965WX CPU. No inference-time optimizations,
such as TensorRT, were applied to any of the evaluated
models.

V. DISCUSSION

The results highlight a clear shift in the performance profile
induced by the proposed fusion mechanism. Compared to
the original Li-ViP3D, the proposed Li-ViP3D++ improves
both trajectory accuracy and end-to-end behavior. Across the
evaluated settings, Li-ViP3D++ achieves superior
displacement-error metrics, miss rate, EPA, and detection
quality relative to both Li-ViP3D and ViP3D. This improve-
ment is particularly evident when comparing standard
forecasting metrics (minADE/minFDE/MR) against EPA and
the explicit detection metrics. In the original input setting,
Li-ViP3D++ moderately reduces minADE from 1.45 m to
1.11 m and minFDE from 2.20 m to 1.80 m compared to
Li-ViP3D. However, thanks to the overall improvement
in end-to-end behavior, EPA more than doubles from
0.250 to 0.505. At the same time, the false positive ratio
is substantially reduced, indicating that the model is not
only more accurate in its trajectory forecasts, but also more
reliable in determining which agents exist and should be
tracked. This behavior is consistent with the definition
of EPA, which jointly evaluates detection and forecasting
rather than measuring trajectory error only for already
matched predictions. As detection and query grounding
improve, the model is able to recover a broader and
more accurate set of agents without degrading trajectory
quality. In practical autonomy stacks, this behavior is
highly desirable. Hallucinated agents can trigger unnecessary
braking or planning failures even if the predicted trajectories
for true agents are accurate.

A key observation is that the benefits are consistent across
categories and are reflected in both precision-oriented metrics
(Precision, FP ratio) and recall-oriented metrics (Recall,
mAP). Li-ViP3D++ improves over the baselines across all
reported evaluation conditions, including the original inputs,
removal of the HD map, reduced RGB resolution, and
the combined constrained setting. Although recall remains
moderate across all experiments, with a best value of
0.587 across all experiments (Li-ViP3D++ with reduced
RGB resolution), this should be interpreted in light of the
end-to-end evaluation protocol, where detections are assessed
at the first predicted timestep. Under this setting, difficult or
late-emerging agents are more likely to be counted as missed
detections, so the recall values reflect the strictness of the
protocol rather than an isolated weakness of the proposed
architecture. Importantly, the proposed model still achieves
the strongest recall among the compared architectures in
the evaluated settings, while also maintaining substantially
higher precision and lower false positive ratios. This suggests
that the new query enhancement does not merely suppress
detections indiscriminately; rather, it improves the semantic
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FIGURE 4. Visual comparisons of the predicted trajectories for each of the compared agent query-based models. Each model predicted K = 6 possible
future trajectories, we visualize the trajectory with the highest confidence for each sample.

and spatial alignment between predicted queries and real
scene entities.

The per-class results further confirm the trend of across-
the-board improvements. Li-ViP3D++ achieves the best
EPA and mAP for every evaluated class, showing that the
improvements are not concentrated in a single dominant
category but extend across cars, trucks, buses, trailers,
motorcycles, bicycles, and pedestrians. While the perfor-
mance of Li-ViP3D++ for the Trailer and Bicycle classes
remains modest despite the improvements, it can largely be
attributed to insufficient representations in training data. The
practical impacts of the proposed approach are highlighted
by the efficiency experiments described in Section IV-D.
Despite reduced input resolution and removed HD map
support, Li-ViP3D++ outperforms both baselines without
these constraints on all metrics while reducing inference
latency by 36% compared to the unimodal ViP3D and 48%
compared to the multimodal Li-ViP3D.

A. QUALITATIVE ANALYSIS

Qualitatively, we observe that the enhanced fusion mech-
anism produces a clear trend toward better query ground-
ing. The model outputs, together with the ground truth
and baseline predictions, are shown in Fig. 4 for two
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representative scenes. As the quantitative metrics suggest,
Li-ViP3D++ produces fewer complete hallucinations and
fewer predictions that are marked as false positives because
their initial positions are more than 2 m away from the
corresponding ground-truth agent.

To better characterize this effect, we further ana-
lyzed the false positives produced by ViP3D, the original
Li-ViP3D, and the proposed Li-ViP3D++. We grouped
false positives into three diagnostic categories: duplicate
tracks, mislocalized predictions near ground-truth agents
(between 2 and 4 meters), and ghost agents located more
than 4 meters from any ground-truth agent. Compared with
ViP3D, Li-ViP3D++ reduces the total number of false
positives from 18,034 to 5,236. The largest contribution
to this reduction comes from mislocalized predictions near
ground-truth agents, which decrease from 9,132 to 1,349.
This accounts for slightly more than half of the total false-
positive reduction, indicating that QGDF primarily improves
the spatial grounding of agent queries rather than simply
suppressing detections. A similar trend is visible relative
to the original Li-ViP3D, where mislocalized predictions
decrease from 8,676 to 1,349.

The reduction is not limited to mislocalized predictions.
Ghost agents are also reduced substantially, from 6,264
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in ViP3D and 5,754 in the original Li-ViP3D to 2,921 in
Li-ViP3D++, corresponding to an approximately two-fold
reduction. Duplicate tracks are reduced from 2,638 in ViP3D
and 2,230 in the original Li-ViP3D to 966 in Li-ViP3D++,
leaving roughly one third of the ViP3D count and less than
half of the original Li-ViP3D count. These trends suggest that
QGDF removes false positives across multiple failure modes.
It mainly reduces weakly grounded or spatially misaligned
queries, while also suppressing fully hallucinated agents and
redundant duplicate tracks.

Overall, the proposed model’s predictions are reasonable
and internally consistent. The model can handle more
complex maneuvers while remaining within expected bounds
based on the scene — vehicle agents tend to remain
within drivable areas while pedestrians remain in walkways
and crossings. We also observe an increase in intra-agent
consistency within scenes. As can be seen in Fig. 4, Sample 2,
the model expects neighboring agents of the same class
to be moving at a similar velocity. This leads to more
consistent trajectories and fewer outliers. Overall, the new
fusion mechanism leads to a better utilization of LiDAR data
and thus a decrease in seemingly random over-predictions of
trajectory length.

B. MODALITY USAGE AND RELIANCE

The learnable modality fusion mechanism described in
Section III-B lets us analyze the inferred reliance on LiDAR
features within the enhanced queries. Overall, we observe that
the model learned to utilize the LIDAR modality successfully.
The mean usage of the LIDAR modality across all predicted
agents in our testing data was 45.7%, almost equaling the
importance of RGB data despite the lightweight nature of the
LiDAR branch.

While the usage ratio of both modalities remains relatively
stable across all scenes, two trends are notable. First, reliance
on LiDAR varies by class: for example, the fruck and trailer
class exhibit an average LiDAR contribution of 43%, while
motorcycles/bicycles show a higher contribution (47%). One
plausible explanation is that smaller agents are more sensitive
to appearance ambiguity and partial occlusions in RGB,
so even modest LiDAR evidence can provide a stabilizing
geometric cue that helps disambiguate true objects from
clutter while the larger fruck and trailer are rarely ever
significantly occluded in the RGB source data.

Second, the LiDAR contribution increases with point
support. While outlier queries with fewer than 5 LiDAR
points in the predicted bounding box area still show LiDAR
reliance at an average of 44%, queries supported by more than
100 points rise to 48.5%. Every other measured bin (5-10,
10-20, ..., 90-100) showed a reliance between 45-46%.

This monotonic trend is consistent with an adaptive
fusion behavior where the model strengthens geometric
conditioning when reliable 3D evidence is available, which
can directly reduce hallucinated detections. Importantly, the
nonzero reliance even at very low point counts suggests that
the model learns to exploit sparse LiDAR cues (e.g., a few
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FIGURE 5. Average weight of RGB and LiDAR modalities across all
refinement layers of Li-ViP3D++ on testing data.

returns at characteristic heights) without becoming brittle
when LiDAR is weak.

Our analysis also showed the importance of continuous
refinement of agent queries as per the DETR3D protocol.
Each transformer decoder layer is able to utilize a different
ratio of modality information for adjusting agent query
representations as shown in Fig. 5.

C. ROBUSTNESS UNDER REDUCED INFRASTRUCTURE
AND VISUAL QUALITY

The robustness experiments provide an important comple-
ment to the main comparison. The gains of Li-ViP3D+4+
are not confined to the default setting with HD map support
and high-resolution RGB input, but remain visible when
one or both of these sources of information are weakened.
This suggests that the proposed fusion mechanism improves
the intrinsic grounding of agent queries rather than merely
exploiting a favorable input regime.

The results without HD map input are particularly infor-
mative. Although HD maps provide strong structural priors
for motion forecasting, removing them does not eliminate the
end-to-end advantage of Li-ViP3D++4-. The model continues
to achieve the strongest EPA and the lowest false-positive
tendency among the compared methods. This indicates that
the enhanced query representation is able to recover useful
scene context directly from the sensor inputs and from
agent-level interaction cues, reducing reliance on externally
provided map structure.

The reduced-resolution experiments point to a second
form of robustness. For vision-heavy pipelines, downsam-
pling RGB input would typically be expected to weaken
both detection and forecasting performance. In contrast,
Li-ViP3D++ maintains strong results and even improves on
a few metrics (Miss Rate, Recall, mAP). A plausible inter-
pretation is that the proposed multimodal fusion improves the
balance between semantic visual cues and geometric LIDAR
evidence, allowing the model to remain well grounded even
when the visual branch contains less fine-grained detail.

From a deployment perspective, these findings are sig-
nificant. HD maps may be unavailable, outdated, or costly
to maintain, which limits the usability of models in new
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roads, construction zones, temporary road layouts, or low-
cost deployments that cannot rely on continuously updated
map infrastructure. However, removing map context does not
make the model fully map-independent in a semantic sense.
The map-free variant can still model agent-agent interactions
and recover local scene cues from RGB and LiDAR, but
it loses explicit lane topology, traffic-rule priors, and long-
range road-structure information that could be important
for forecasting rare maneuvers or resolving ambiguous
intersections.

Image resolution is often limited by compute, sensing,
or communication constraints. The fact that Li-ViP3D++
preserves its main advantages under both types of degradation
suggests that the proposed fusion strategy is not only more
effective in the nominal setting but also more resilient under
practical operating conditions.

VI. CONCLUSION AND FUTURE WORK

In this work, we introduced Query-Gated Deformable Fusion
(QGDF), a query-space camera—LiDAR fusion mechanism
that strengthens end-to-end perception and trajectory pre-
diction. We apply QGDF to Li-ViP3D++, extending our
prior Li-ViP3D architecture with differentiable LIDAR BEV
sampling using learned per-query offsets and soft weighting,
and query-adaptive modality gating that dynamically bal-
ances visual and LiDAR evidence. Together, these changes
replace heuristic fusion and discrete top-k selection with a
fully differentiable, query-conditioned fusion process that is
easier to optimize and more stable during training.

Through comprehensive evaluations on the nuScenes
dataset, we demonstrate that Li-ViP3D-++ significantly
reduces displacement errors, increases robust prediction
quality metrics such as EPA, and improves the detection
quality measured by mAP, Precision, Recall and False
Positive detection ratios. Our results indicate that query-based
multimodal representations provide a robust interface for
jointly optimizing perception and prediction.

On nuScenes, Li-ViP3D++ achieves consistent gains in
both end-to-end behavior and detection quality. In particular,
it reaches an EPA of 0.505 while improving detection perfor-
mance to 0.616 mAP, alongside higher Precision/Recall and a
substantially lower false-positive ratio of 0.069. Importantly,
these robustness and calibration improvements do not come
at a latency penalty. Li-ViP3D++ is slightly faster than
the original Li-ViP3D baseline (139.82 ms vs. 145.91 ms),
supporting its practical deployability. Because Li-ViP3D++
maintains strong performance under reduced RGB quality
and without HD map input, it is suitable for practical
settings where map infrastructure is unavailable, outdated,
or costly to maintain. Nevertheless, the map-free setting
should be viewed as a robust fallback rather than a complete
replacement for semantic map context. Explicit lane topology
and traffic-rule priors may become especially important in
complex or ambiguous scenes, so the performance of the
map-free variant in these cases should be evaluated more
directly in future work. Even under this constrained setting,
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Li-ViP3D++ outperforms the original unimodal ViP3D
and multimodal Li-ViP3D models while reducing inference
latency by 36% and 48% respectively.

Some future work still remains, namely that the strong
performance of the proposed multimodal information shar-
ing mechanism should also be evaluated to quantitatively
determine the benefits it can bring under adverse conditions,
such as lighting and weather variations. Overall efficiency
of the model could likely also be improved by utilizing
an input-dependent query initialization approach instead of
the current learned distribution of agent queries standard in
DETR3D-derived approaches. This could reduce the number
of queries needed to reliably cover all agents present in a
scene while increasing the overall efficiency of the model.

ACKNOWLEDGMENT

The authors acknowledge the use of ChatGPT-5.2 for editing
and grammar enhancement. This work has been submitted
to the IEEE for possible publication. Copyright may be
transferred without notice, after which this version may no
longer be accessible.

REFERENCES

[1] N.Peri, J. Luiten, M. Li, A. OSep, L. Leal-Taixé, and D. Ramanan, “Fore-
casting from LiDAR via future object detection,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (CVPR), Jun. 2022, pp. 17181-17190.

[2] M. Bijelic, T. Gruber, F. Mannan, F. Kraus, W. Ritter, K. Dietmayer, and
F. Heide, ““Seeing through fog without seeing fog: Deep multimodal sensor
fusion in unseen adverse weather,” in Proc. IEEE/CVF Conf. Comput. Vis.
Pattern Recognit. (CVPR), Jun. 2020, pp. 11682-11692.

[3] A.Geiger, P.Lenz, and R. Urtasun, “Are we ready for autonomous driving?
The KITTI vision benchmark suite,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., Jun. 2012, pp. 3354-3361.

[4] N. Carion, F. Massa, G. Synnaeve, N. Usunier, A. Kirillov, and
S. Zagoruyko, “End-to-end object detection with transformers,” in Proc.
Eur. Conf. Comput. Vis. Cham, Switzerland: Springer, 2020, pp. 213-229.

[5] Y. Wang, V. C. Guizilini, T. Zhang, Y. Wang, H. Zhao, and J. Solomon,
“DETR3D: 3D object detection from multi-view images via 3D-to-2D
queries,” in Proc. Conf. Robot Learn., 2022, pp. 180-191.

[6] J. Gu, C. Hu, T. Zhang, X. Chen, Y. Wang, Y. Wang, and H. Zhao,
“ViP3D: End-to-end visual trajectory prediction via 3D agent queries,”
in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., Jun. 2023,
pp. 5496-5506.

[7] A.L.F. Comeca, N. Masarykova, M. Halinkovic, M. Galinski, P. Laskov,
and A. Vinel, “Social robots for road safety: Pedestrian crossing assistance
use-case,” in Proc. Int. Symp. ELMAR, Sep. 2025, pp. 53-56.

[8] A.L.F. Comeca, N. Masarykova, M. Halinkovic, M. Galinski, P. Laskov,
and A. Vinel, “Robots for safer pedestrian crossing on two-lane roads,” in
Proc. IEEE Int. Automated Vehicle Validation Conf. (IAVVC), Sep. 2025,
pp. 1-6.

[9] M. Halinkovic, A. Vinel, and W. Benesova, “Li-ViP3D: Enhancing
end-to-end perception and prediction with camera-LiDAR fusion,” in
Proc. IEEE Int. Automated Vehicle Validation Conf. (IAVVC), Sep. 2025,
pp. 1-6.

[10] Y. Huang, J. Du, Z. Yang, Z. Zhou, L. Zhang, and H. Chen, “A survey
on trajectory-prediction methods for autonomous driving,” IEEE Trans.
Intell. Vehicles, vol. 7, no. 3, pp. 652-674, Sep. 2022.

[11] Y. Xu, E. Zablocki, A. Boulch, G. Puy, M. Chen, F. Bartoccioni, N. Samet,
O. Siméoni, S. Gidaris, T.-H. Vu, A. Bursuc, E. Valle, R. Marlet, and
M. Cord, “Valeo4Cast: A modular approach to end-to-end forecasting,”
2024, arXiv:2406.08113.

[12] Z. Wang, F. Chen, K. Lertniphonphan, S. Chen, J. Bao, P. Zheng,
J. Zhang, K. Huang, and T. Zhang, “Technical report for argoverse
challenges on unified sensor-based detection, tracking, and forecasting,”
2023, arXiv:2311.15615.

103011



IEEE Access

M. Halinkovic et al.: Li-ViP3D++: Query-Gated Deformable Camera-LiDAR Fusion

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

J. Woo, J. Kim, and S. Im, “Motion forecasting via coordinate
transformations and object trajectory modifications,” Dept. Elect. Eng.
Comput. Sci., DGIST, Daegu, South Korea, Tech. Rep., 2023.

Y. Xu, L. Chambon, E. Zablocki, M. Chen, A. Alahi, M. Cord, and P. Pérez,
“Towards motion forecasting with real-world perception inputs: Are end-
to-end approaches competitive?” in Proc. IEEE Int. Conf. Robot. Autom.
(ICRA), May 2024, pp. 18428-18435.

N. Masarykova, M. Galinski, and P. Truchly, “Single-filtler CNN for
vehicle recognition,” in Proc. Int. Symp. ELMAR, Sep. 2024, pp. 5-8.

M. Galinski, V. Danylov, P. Lehoczky, R. Bencel, and L. Soltes, “Ultra-
fast visible lane distance estimation using a single camera,” IEEE Access,
vol. 12, pp. 79251-79263, 2024.

W. Luo, B. Yang, and R. Urtasun, “Fast and furious: Real time end-to-end
3D detection, tracking and motion forecasting with a single convolutional
net,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., Jun. 2018,
pp. 3569-3577.

S. Casas, W. Luo, and R. Urtasun, “IntentNet: Learning to predict intention
from raw sensor data,” in Proc. Conf. Robot Learn., 2018, pp. 947-956.
M. Liang, B. Yang, W. Zeng, Y. Chen, R. Hu, S. Casas, and R. Urtasun,
“PnPNet: End-to-end perception and prediction with tracking in the
loop,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2020, pp. 11550-11559.

W. Zeng, W. Luo, S. Suo, A. Sadat, B. Yang, S. Casas, and R. Urtasun,
“End-to-end interpretable neural motion planner,” in Proc. IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2019, pp. 8652-8661.
Z. Liu, H. Tang, A. Amini, X. Yang, H. Mao, D. L. Rus, and S. Han,
“BEVFusion: Multi-task multi-sensor fusion with unified Bird’s-eye view
representation,” in Proc. IEEE Int. Conf. Robot. Autom. (ICRA), May 2023,
pp. 2774-2781.

J. Philion and S. Fidler, “Lift, splat, shoot: Encoding images from arbitrary
camera rigs by implicitly unprojecting to 3D,” in Proc. 16th Eur. Conf.
Comput. Vis. Glasgow, U.K., Aug. 2020, pp. 194-210.

H. Cheng, C. Liu, W. Gu, Y. Wu, M. Zhao, W. Liu, and N. Wang,
“LGMMFusion: A LiDAR-guided multi-modal fusion framework for
enhanced 3D object detection,” PLoS ONE, vol. 20, no. 9, 2025,
Art. no. 0331195.

Y. Liu, D. Liao, M. Qi, L. Liu, and H. Ma, “RoboFormer: A robust multi-
modal transformer for 3D object detection in autonomous driving,” in
Proc. 6th ACM Int. Conf. Multimedia Asia, 2024, pp. 1-7.

M. Halinkovic, O. Fabian, A. Felsoova, M. Kveton, and W. Benesova,
“Intrinsically explainable deep learning architecture for semantic seg-
mentation of histological structures in heart tissue,” Comput. Biol. Med.,
vol. 177, Jul. 2024, Art. no. 108624.

T. Brodermann, C. Sakaridis, Y. Fu, and L. Van Gool, “CAFuser:
Condition-aware multimodal fusion for robust semantic perception of
driving scenes,” IEEE Robot. Autom. Lett., vol. 10, no. 4, pp. 3134-3141,
Apr. 2025.

H. Caesar, V. Bankiti, A. H. Lang, S. Vora, V. E. Liong, Q. Xu, A. Krishnan,
Y. Pan, G. Baldan, and O. Beijbom, “NuScenes: A multimodal dataset
for autonomous driving,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit. (CVPR), Jun. 2020, pp. 11618-11628.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2016, pp. 770-778.

A. H. Lang, S. Vora, H. Caesar, L. Zhou, J. Yang, and O. Beijbom,
“PointPillars: Fast encoders for object detection from point clouds,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2019,
pp. 12689-12697.

F. Zeng, B. Dong, Y. Zhang, T. Wang, X. Zhang, and Y. Wei, “MOTR:
End-to-end multiple-object tracking with transformer,” in Proc. Eur. Conf.
Comput. Vis. Cham, Switzerland: Springer, 2022, pp. 659-675.

J. Gao, C. Sun, H. Zhao, Y. Shen, D. Anguelov, C. Li, and C. Schmid,
“VectorNet: Encoding HD maps and agent dynamics from vectorized
representation,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
May 08, 2020, pp. 11525-11533.

103012

MATEJ HALINKOVIC (Graduate Student Mem-
ber, IEEE) received the B.Sc. degree in infor-
matics and M.Sc. degree in applied informatics
from Slovak University of Technology, Bratislava,
Slovakia, where he is currently pursuing the
Ph.D. degree. His research focuses on computer
vision and artificial intelligence in the domain of
automated driving and systems, with an emphasis
on multimodal deep learning.

NINA MASARYKOVA (Graduate Student Mem-
ber, IEEE) received the B.Sc. degree in informatics
and M.Sc. degree in applied informatics from
the Slovak University of Technology, Bratislava,
Slovakia, where she is currently pursuing the Ph.D.
degree. Her research interests include computer
vision and artificial intelligence, with an emphasis
on automated driving, cooperative perception,
and the optimization of detection pipelines in
computational offloading scenarios.

ALEXEY VINEL (Senior Member, IEEE) received
the Ph.D. degree from Tampere University of
Technology, Finland, in 2013. He has been a Full
Professor with Karlsruhe Institute of Technology
(KIT), Germany, since 2022. Previously, he was
a Full Professor with the University of Passau,
Germany. Since 2015, he has been a Full Professor
with Halmstad University, Sweden. His research
interests include vehicular communications and
networking, cooperative autonomous driving, and
future smart mobility solutions.

MAREK GALINSKI (Senior Member, IEEE) is
currently an Associate Professor and the Head
of the 5G and Automotive Innovation Labo-
ratory, Slovak Technical University, Bratislava.
He is the Co-Founder of Encoderium, a soft-
ware development and tech advisory company,
and a Co-Organizer of Bratislava OpenCamp,
a community conference on open technologies.
His research interests include next-generation
wireless communication networks with a focus on

connected vehicles, V2X communications, and low-latency, high-reliability
solutions for intelligent automated mobility.

VOLUME 14, 2026



