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Abstract

In the Argoverse 2 experiments reported here, the simplest Constant Turn Rate and Ac-
celeration (CTRA) decoder was stable but missed many interaction-driven turns and
merges, while residual decoders without enough control improved early displacement
but increased final-horizon error. This paper therefore studies a compact decoder in
which each of the six futures is represented as a CTRA anchor plus an autoregressive
position residual. The residual gated recurrent unit (GRU) is initialized from fused target-
history, top-k neighbor, and lane-polyline context, and its contribution is scaled by a
mode-specific gate and learned exponential decay. On the 10k/2k sanity ablations, CTRA-
only decoding reached minFDEg = 7.189 m, while autoregressive residuals with a larger
correction GRU reduced it to 4.157 m; removing the gate increased it again to 4.946 m. On
the full Argoverse 2 validation split, the final configuration achieves a minimum average
displacement error of minADEg = 1.21 m and a minimum final displacement error of
minFDEg = 2.78 m. The reported diagnostics show that the compact model generates a
useful six-mode set, but still needs better probability ranking for top-1 selection.

Keywords: trajectory prediction; physics-guided deep learning; CTRA; interaction modeling;
multi-modal prediction; autonomous driving

1. Introduction

The experiment in this paper starts from a practical forecasting interface: for each
Argoverse 2 focal agent, the model receives 5s of history and must output 6s of future
occupancy at 10 Hz. A single observed history can still support lane keeping, yielding, a
turn, or a merge, so the implemented decoder returns K = 6 trajectories rather than one
averaged path [1-3]. The validation exports also made a second issue visible: a low oracle
displacement error is not enough if the best trajectory is not ranked first, or if residual
corrections drift away from the lane geometry near the end of the horizon.

For this model, the main tension appeared inside the decoder. Classical kinematic
models such as Constant Velocity (CV), Constant Turn Rate and Velocity (CTRV), and
CTRA give smooth and interpretable rollouts, but the later ablation results show that the
CTRA-only decoder has much larger final error than the residual variants. Direct learned
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correction is also not free: the no-gate ablation reported later shows that a larger residual
GRU can worsen final displacement when its contribution is not controlled. The design
therefore starts from the kinematic branch and adds a learned correction only through an
explicit gate/decay term.

The decoder therefore represents each future mode as CTRA rollout + gated autoregres-
sive residual. The CTRA part is initialized from the last observed state and mode-specific
velocity /yaw-rate gains. The residual part is produced by a compact GRU that receives the
evolving predicted state, not only the fixed scene embedding. A mode gate and learned
exponential decay scale the residual over time, so short-term corrections can be large when
the CTRA prior is locally wrong, while later timesteps remain tied to the physics anchor.

The decoder design was chosen after several compact sanity runs rather than from
the benchmark result alone. The CTRA-only variant produced smooth trajectories but
high final error, especially in turning and lane-change cases. Non-autoregressive residuals
improved displacement but did not use the evolving predicted state. The autoregressive
residual decoder improved the 10k/2k validation metrics, and the no-gate ablation showed
why residual strength should be controlled instead of left unconstrained.

Evaluation uses the Argoverse 2 Motion Forecasting protocol: a 5s observed history, a
6's prediction horizon at 10 Hz, and K = 6 trajectory hypotheses [4]. The encoder uses three
bounded context streams that match the exported tensors: a GRU over 50 target-history
states, attention over the top-k = 4 neighboring tracks, and pooling over lane polylines
inside a 50 m local radius. This bounded context is a deliberate part of the experiment,
because the paper is testing how far a compact physics-guided decoder can go before richer
topology modeling becomes necessary.

The paper makes three contributions tied to those runs. First, it introduces a CTRA-
residual decoder whose correction GRU is conditioned on the evolving predicted state.
Second, it regulates those residuals with mode-specific gates and learned decay, and the
ablation study reports the cost of removing that control. Third, it reports mechanism-
focused validation results, including oracle displacement, top-1 ranking behavior, scenario
tags, latency, and negative results for discarded variants.

2. Background and Related Work

In the experiments below, the prediction module receives tracked histories and returns
the six-mode forecast that a planner would later consume [1]. The related work is used
as a design map rather than as a broad survey. Each group below is connected to one
implementation decision in the compact Argoverse 2 model: the CTRA anchor, the GRU
target-history encoder, the top-k neighbor slots, local lane pooling, six-mode decoding, or
the decision not to model V2X communication failures in the current experiment [2,3,5].

2.1. Evolution of Prediction Paradigms

Rather than following a single linear progression, the trajectory prediction literature
can be grouped into a few recurring modeling families. The relevant question for this paper
is what each family contributed to the final implementation, and what was intentionally
left out to keep the model small enough for the sanity ablations and latency measurements
reported later [6,7].

2.1.1. Physics-Based Models

A common baseline in trajectory prediction is to assume a simple kinematic motion
model, such as CV, CTRYV, or bicycle dynamics, and to couple it with filtering for state esti-
mation and short-horizon extrapolation [5,8]. These models provide an explicit structure
that generally yields physically plausible rollouts and can be evaluated with low compu-
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tational overhead. The limitation is largely model mismatch: when acceleration changes,
curvature varies, or behavior is driven by interactions, the fixed form of a single kinematic
model may accumulate error over the forecast horizon. Multiple-model filtering addresses
part of this issue by maintaining several motion hypotheses and switching between them,
and has also been extended with interaction-aware formulations [9]. This is why CTRA is
used here only as the first branch of the decoder, not as the complete predictor. The ablation
results reported later show the same point numerically: the CTRA-only decoder is stable
but has minFDEg = 7.189 m on the 10k/2k split, far above the residual variants.

2.1.2. Learning-Based Models

Learning-based predictors treat motion forecasting as a sequence modeling problem
and learn common behaviors directly from data. Recurrent models such as LSTMs and
GRUs are frequently used to encode motion history and have been applied across different
agent types and traffic settings [10,11]. Neighbor interactions are often incorporated by
aggregating information from nearby agents, either with pooling schemes or with attention
that assigns different weights to different neighbors; interaction-aware LSTM variants are
typical examples of this direction [12,13]. Another widely used formulation builds an
explicit relational structure by treating agents as nodes and their relations as edges, which
supports heterogeneous interaction types and changing neighborhoods over time [14-17].
More recently, Transformer-style attention has been applied to fuse agent and map context
within a single framework, especially in settings where richer context integration and
longer temporal/spatial dependencies are beneficial [18-20]. Motion Transformer (MTR),
for example, combines global intention localization with local movement refinement using
learnable motion queries [21], while the convolutional-transformer trajectory prediction
model (CMTT) uses convolutional feature extraction together with encoder—decoder atten-
tion for urban traffic prediction [22]. The proposed model borrows the compact temporal-
memory idea from recurrent predictors, but it does not use a full scene Transformer. The
top-k = 4 neighbor slots and 50 m lane radius were chosen to keep the context encoder
bounded, even though the scenario-level diagnostics reported later show that this choice
leaves route-intent errors in turning and merge cases.

2.1.3. Hybrid Physics-Guided Models

Hybrid formulations introduce a kinematic prior into learning-based predictors to
stabilize rollouts and reduce physically implausible outputs, while using learned compo-
nents to account for context-dependent deviations and interaction-driven behavior. One
representative direction predicts control or latent actions and converts them into trajectories
through a vehicle model, for example using mixture-based control prediction followed by
bicycle-model integration [23]. Other work enforces physical consistency while modeling
interactions explicitly in structured settings such as platooning [24]. Kinematics-aware
graph models also combine residual learning with structured interaction reasoning, as in
the kinematics-aware multigraph attention network (KA-MGAT) for heterogeneous traffic
agents [25]. In complex urban scenes, hybrid designs have also been combined with richer
scene encoders and trajectory parameterizations to improve feasibility at intersections and
merges [26].

KA-MGAT is especially relevant because it also combines kinematic awareness, graph
attention, and residual learning [25]. The difference is in where the physics prior is placed.
KA-MGAT uses multigraph attention to represent heterogeneous agent interactions and
then learns residual corrections inside a graph-based interaction model. The present model
instead uses a compact top-k neighbor encoder and places the main physics constraint
inside the decoder: each mode is first rolled out as a CTRA anchor and only then corrected
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by a gated, time-decayed autoregressive residual. This makes the proposed method weaker
than graph-based topology /heterogeneity models for complex interaction structure, but it
gives a direct mechanism for limiting how much a residual decoder can move away from
the kinematic anchor. Compared with bicycle-model or control-space hybrids, this imple-
mentation keeps the residual in position space because the negative-results diagnostics
reported later showed less stable behavior for the control-space residual on the 10k/2k
sanity split. The physics prior is therefore used as a coordinate anchor, while the learned
component is a bounded position correction.

2.2. Context Encoding: Interactions and Environment

Motion forecasting is rarely determined by the target agent’s past motion alone. In
the exported validation cases, this was most visible in two places: dense-neighbor scenes
still needed local interaction cues, and turns/merges needed lane context even when the
last observed motion looked nearly straight. The current model uses only the parts of
interaction and map encoding that fit the compact setup: four neighbor slots, masks for
missing neighbors, and pooled lane polylines around the focal agent.

2.2.1. Social Interaction Modeling

Early interaction modules in trajectory predictors often compress neighbor motion into
a single pooled representation. This keeps the model simple, but it can blur which neighbor
matters and when, especially in dense scenes [12]. Graph-based formulations address this
by keeping an explicit relational structure: agents are treated as nodes and interactions are
modeled through edges, so relations can change over time instead of being averaged away.
Multiscale spatial-temporal graph designs have been used to capture interaction patterns
at different time scales [27], and traffic-state information has been incorporated to better
reflect interactive driving conditions [28]. Diffusion-style graph models follow a similar mo-
tivation while emphasizing multi-modal generation and interaction-consistent futures [29].
In parallel, some recent approaches incorporate risk cues directly into the representation,
for example by using collision probability fields for longitudinal prediction [30] or by
focusing on high-risk interaction cases with adversarial training [31]. The implementation
here does not build a full interaction graph; it keeps the closest four neighbors and applies
masked attention over those slots. The scenario-level diagnostics reported later suggest
that this local encoder is useful in dense-neighbor cases, where the error increase is smaller
than in route-change cases.

2.2.2. Map and Lane Context Integration

Map information helps keep forecasts on drivable structure and can reduce ambiguity
near intersections, merges, and lane changes. Many methods encode lanes as polylines
or lane graphs and fuse these features with agent motion, so that predicted trajectories
stay consistent with lane geometry and local topology. Generative formulations also
use map cues to shape the latent space, explicitly tying predicted motion to lane-related
structure and reducing off-road behavior [32]. Dynamic graph constructions that adapt
the represented scene size are another practical option when both local lane detail and
broader context are needed [33]. Risk-aware encoders and structured decoders further
highlight that lane context becomes especially important in complex junction geometry
where multiple maneuvers remain plausible over the same history [26]. In the present
implementation, map context is weaker than a lane graph: nearby lane points are pooled
after a 50 m radius query. The turning and lane-change/merge diagnostics reported later
are therefore interpreted as evidence that the next version needs explicit lane connectivity,
not only more local lane points.
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2.2.3. Vehicle-to-Everything and Vulnerable-Road-User Safety

Vehicle-to-everything (V2X) communication is often discussed in the context of im-
proving awareness and coordination beyond line-of-sight sensing, especially for vulnerable
road users (VRUs). Reviews of V2X for road-user safety emphasize that VRU localiza-
tion, message reliability, and coverage limitations remain practical bottlenecks compared
with vehicle-to-vehicle exchanges [7]. On the planning side, V2X has also been used to
formulate multi-agent objectives such as interaction fairness and efficiency under partial
decentralization [34]. The current experiments do not include packet age, message delay,
link reliability, or cooperative-perception confidence. The V2X discussion is included to
define the deployment scenario in which the same state variables could be received from
shared messages, while the evaluated model itself starts after a cleaned Argoverse 2 track
tensor has already been formed. Table 1 summarizes representative trajectory prediction
approaches and indicates whether each method uses temporal, social, map, physics-prior,
and multi-modal components.

Table 1. Comparison of Representative Trajectory Prediction Approaches.

Method Year Temporal Social Map Physics Multi-
Encoder Aware Aware Prior Modal

KF-CTRV [5] 2022 - - - v -
IA-LSTM [12] 2024 LSTM v - - -
IMA-LSTM [13] 2024 LSTM v - -
HeteroEdge-GAT [14] 2022 - v v - -
ST-GCN [15] 2022 - v - - -
Dual-Branch GNN [16] 2023 - v v - -
Diffusion GCN [29] 2024 - v - - v
ST Graph Attention Transformer [18] 2022  Transformer v ) - -
MTR [21] 2022  Transformer v v - v
HDGT [19] 2023  Transformer v v - -
KA-MGAT [25] 2024 GAT v - v v
HATN [20] 2025  Transformer v v ) v
CVAE (Multi-task) [32] 2025 LSTM v v - v
MTGNet [33] 2025  Transformer v v - v
CVAE+Bicycle [23] 2024 LSTM v v v v
HRGC [26] 2025  Transformer v v v v
CMTT [22] 2026  Transformer v v v
This Work 2026 GRU v v CTRA+Gate v

Note: Checkmarks indicate explicit inclusion of the corresponding component; parenthesized checkmarks
indicate partial or indirect use. Table abbreviations include Kalman filter (KF), graph attention network (GAT),
graph convolutional network (GCN), spatial-temporal (ST), high-definition (HD), heterogeneous driving graph
transformer (HDGT), and hybrid attention transformer network (HATN).

2.3. Multi-Modal Prediction and Uncertainty

Urban driving is inherently ambiguous: the same motion history can be consistent
with lane keeping, lane changes, yielding, or turning, depending on local geometry and
surrounding traffic. In this model the ambiguity is represented by six mode-specific CTRA
branches, six residual sequences, and six scores. The validation diagnostics later separate
two questions that are often mixed together: whether one of the six paths is close to the
ground truth, and whether the scoring head assigns that path the highest probability.

Conditional variational formulations are a standard tool for producing diverse yet
plausible multi-future rollouts. Conditional variational autoencoder (CVAE)-based pre-
dictors have been used to model intent and uncertainty while maintaining realism in
generated trajectories [35]. Recurrent generative variants extend this idea by conditioning
on attention-refined interaction context [36], and goal-conditioned predictors explicitly
represent destination uncertainty before decoding trajectories [37]. Beyond generating
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multiple modes, confidence quality matters in practice: planners benefit when mode proba-
bilities reflect true likelihoods rather than overconfident rankings, which has motivated
work that connects prediction outputs to planning performance through probability cali-
bration and interaction-aware decision making [38]. The diagnostics reported later show
why this distinction matters here: the proposed model has low oracle displacement but
much worse ADE; /FDEj, so the next experiment should improve the scoring head rather
than only adding more trajectory capacity.

2.4. Joint Prediction and Planning

TOFG and related prediction—planning work are cited here mainly to define the
boundary of the present experiment [39]. The model in this paper stops at the forecasting
interface: it exports six 60-step trajectories, six mode scores, and auxiliary uncertainty
values. No closed-loop planner is trained, no imitation objective is used, and the validation
tables do not measure planning cost. This matters for interpreting the results. A planner
that consumes the whole six-mode set may still benefit from the low oracle displacement
error reported later, while a planner that selects only the maximum-probability mode
would see the larger ADE; /FDE; error.

2.5. Positioning of This Work

Figure 1 should be read as the version that survived the compact ablations, not as a
full scene-forecasting stack. The model has no lane graph, no global scene Transformer, no
closed-loop planner, and no communication-quality input. It keeps three bounded inputs
from the loader: the target history, four masked neighbor slots, and nearby lane polylines.
The decoder is where the main claim sits. The later ablations show why the final version is
not CTRA-only, not control-space residual, and not no-gate residual correction.

Inputs Context Encoders Fused State Physics-Guided Decoder Outputs

Target ) Temporal —
[ history J ( GRU
CTRA prior —)
M rollouts
. M = 6 futures
Context fus
s Residual mode scores
Gated residuals —

EL

[ Lane J-( Map ] —

Figure 1. Architecture of the final compact CTRA-residual predictor. The model receives target
history, four masked neighbor slots, and local lane polylines; the decoder rolls out six CTRA anchors,

fused state

1

correction uncertainty

polylines pooling

applies gated time-decayed autoregressive residual corrections, and outputs mode scores.

The comparison with larger topology-heavy predictors is therefore intentionally lim-
ited. This model tests whether a small physics-guided decoder can produce a useful
six-mode set before adding richer map topology. The answer from the validation export
is mixed: minADE/minFDE are competitive with early Argoverse 2 baselines, but the
diagnostic results show that mode ranking is still weak. For that reason, the scoring head is
treated as part of the method rather than as a minor output layer.

3. Vehicle Trajectory and Direction

This section fixes the state and scope assumptions used in the rest of the paper. In the
implemented loader, each focal sample is converted into three local inputs before batching:
a target-history tensor with 50 observed states, a masked top-k neighbor tensor with k = 4,
and a set of lane polylines collected inside a 50 m radius. All three inputs are expressed
in the same agent-centric frame defined by the final observed target pose. The V2V /V2X
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framing is therefore used as a deployment context for where these state variables may come
from, not as a claim that the experiments simulate a communication protocol.

3.1. Vehicle Trajectory

In this work, a trajectory is the sampled state history of one tracked road user after
preprocessing. For the focal agent, the stored state is position, velocity, and heading; the
heading is later represented by sin ¢ and cos ¢ in the temporal encoder. The last observed
focal pose defines the local coordinate frame. Target history, neighbor histories, and lane
polylines are translated and rotated by the same pose, so the GRU input, neighbor slots,
and map features all refer to the same coordinate system. Figure 2 illustrates this V2V/V2X-
oriented interface.

Predicted Trajectories

Observed Motion States

~< W score=0.62

ter - T
___________ Ego Vehicle

e o 0o PINUENY-----"""""" _.  Road & Lane Context

s e e .\m 2555° P
PP - Context Fusion

score = 0.28

ceoe ‘RSU -

(X, ¥, v, a, heading, time, type)

score = 0.10

Figure 2. V2V /V2X-oriented forecasting interface used to explain the input scope. Colored blocks
denote heterogeneous agent and context inputs, and arrows indicate the fusion path from observed
states and road/lane context to ego-centered trajectory prediction. Observed motion states from
heterogeneous agents and road/lane context are fused at the ego vehicle before the predictor outputs
candidate trajectories with mode scores.

Two groups of variables are deliberately absent from this tensor. The first group
belongs to communication or perception quality: packet age, sensor source, covariance,
synchronization error, and message reliability. The second group belongs to richer map
reasoning: lane successor links, traffic-light state, and route hypotheses. The experiments
below do not test those variables. They test the narrower Argoverse 2 forecasting case
after the track and lane tensors have already been cleaned and transformed into the focal-
agent frame.

3.2. Prediction of Vehicle Trajectory

Given Tj, = 50 observed timesteps, the model predicts M = 6 future trajectories over
T; = 60 timesteps and assigns one probability to each mode. This is not only a formatting
choice for the benchmark. In the decoder, each mode has its own CTRA gains, yaw
bias, residual state, gate/decay values, and confidence logit. The six outputs therefore
represent six separate rollouts from the same fused context rather than post-processed
perturbations of a single path. Figure 3 summarizes the upstream data interface assumed
by this study.
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e Tracking Phase Feature Extraction Phase I Trajectory Prediction
Prediction Phase Phase.

Cameras ‘.:>f = Vehicle's position = ;:>i Posit 3.:>3 i:>§ Forcast future postions ] |
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Figure 3. Data interface assumed in this study. Perception, localization, tracking, feature extraction,
and behavior/intent estimation are treated as upstream stages; the trajectory predictor starts after
target history, masked neighbor states, and lane context have already been converted into the target-
centric frame. Ellipses denote omitted intermediate upstream processing steps and do not change the
predictor inputs used in this study.

3.3. Challenges of Predicting Vehicle Trajectory

Three practical issues drove the final architecture. First, the history tensor can contain
missing or weak neighbor information, so the social encoder uses a fixed top-k slot rep-
resentation with masks rather than assuming a dense set of valid agents. Second, route
intent is ambiguous at intersections and merges; lane context and multi-modal decoding
are therefore required even when the last few frames look nearly straight. Third, learned
residuals can accumulate over a 60-step horizon. The CTRA anchor, residual gate, and
decay term were added specifically to limit this failure mode, and the no-gate ablation
reported later is the direct check for that choice.

The boxes in Figure 4 correspond directly to implementation choices. Missing neighbor
information is handled by masks in the top-k slots. Intent ambiguity is handled by six mode-
specific CTRA branches. Map topology is represented only through nearby lane polylines,
which explains the higher error in turning and lane-change/merge cases in the scenario
diagnostics reported later. Long-horizon residual drift is addressed by the gate/decay term,
while the latency constraint is reported separately in the efficiency analysis.

Intent ambiguity
Turn, yield, merge, stop

Heterogeneous dynamics N\ Map topology
Cars, trucks, VRUs \ Lane successors, right-of-way
\_

Track quality
lusion, noise, frame alignment

gy/loss @—\ 7
Challenges

Figure 4. Seven trajectory-prediction challenges represented in the revised circular graphic: commu-

Mode uncertainty
Ranking and calibration

nication delay/loss, track quality, heterogeneous dynamics, intent ambiguity, map topology, mode
uncertainty, and latency budget.

4. Algorithm Selection and Development

The architecture was chosen as a pruning result from compact development runs.
A variant was kept only if it satisfied four checks: it had to roll out all 60 future steps
without obvious drift, keep recurrent state small enough for the compact setting, use a
bounded number of neighboring agents, and preserve six distinct futures. These checks
were applied before the full validation run, mostly on 10k/2k sanity splits. The section
therefore records the design path that led to the submitted model; it is not a claim that
every graph or Transformer architecture was exhaustively searched.
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4.1. Investigated Algorithms

Figure 5 records the components that remained after this pruning. CV, CTRV, and
CTRA models were useful as rollout anchors, but the later ablation results show that the
anchor is too rigid by itself. GRUs were kept for the fixed 50-step target history because
they gave a compact temporal state and did not require the larger recurrent state of a Long
Short-Term Memory (LSTM) network. Attention was kept local rather than global: the
model attends over four neighbor slots and pools lane points from the 50 m query. This
choice is also a limitation, since the scenario diagnostics reported later show large errors in
turns and lane-change/merge cases.

Item

Physics-based
kinematic models

Recurrent neural
networks (RNNs)

Attention-based
interaction models

Basic concept

Constant Velocity (CV)
Constant Turn Rate and
Velocity (CTRV) rollout

Long Short-Term Memory (LSTM)
and gated recurrent unit (GRU)
memory over motion history

Attention weights
neighbors and lanes

Main advantage

Fast, feasible,
interpretable

Compact temporal
representation

Focus on relevant
interaction context

Main limitation

Weak intent and
interaction modeling

Needs scene and
interaction context

Costly when used as
global attention

Used in this work

Physics anchor

GRU temporal backbone

Lightweight context encoder

Figure 5. Table-style comparison of the investigated algorithm families. The final model keeps the
physics-based family as the rollout anchor, the recurrent family as the GRU temporal backbone, and
the attention family as a lightweight context encoder.

4.2. Selected and Developed Methods

The selected architecture uses a two-layer GRU over (x,y, 0y, vy, sin i, cos ) target-
history features. The trigonometric heading representation avoids the discontinuity at
£ 7, which matters because the hidden state is later used to initialize mode-specific CTRA
parameters. The PhysicsGuidedDecoder then rolls out six CTRA anchors, one per mode,
and refines them with autoregressive position residuals. The residual GRU is conditioned
on the current predicted position and a learned time embedding, so the correction at
timestep t depends on the state produced by earlier corrections rather than only on the
original scene embedding.

The gate/decay branch stayed in the model because the no-gate run failed a direct
ablation check. With the same larger correction GRU, removing the gate changes minADE¢
from 1.824 m to 2.121 m and minFDEg from 4.157 m to 4.946 m in the later ablation table.
In the final decoder, the residual is therefore not allowed to act as a second free trajectory
generator. It is a position correction attached to the CTRA rollout, scaled by a mode
gate and damped over the 60-step horizon. Figure 6 summarizes the selected hybrid
prediction pipeline.

Observed target
history
Neighbor tracks Top-k attention
and lane polylines and lane pooling

Figure 6. Selected hybrid prediction pipeline after the sanity ablations. The upper branch encodes

s GRU temporal
encoder

CTRA rollout

Six futures
and mode
scores

Fused
representation

target history, the lower branch encodes neighbor/lane context, and the fused representation drives
the CTRA-residual decoder.

Figure 7 separates the implementation enhancements from the main architectural flow.
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Developed enhancements added beyond the investigated baseline families

Figure 7. Developed enhancements added beyond the investigated baseline families. These items are
separated from the pipeline figure to distinguish architectural flow from implementation changes.

5. Research Methodology

All reported numbers start from the same Argoverse 2 forecasting interface: 50 ob-
served target states, four masked neighbor slots, lane polylines from a 50 m local query,
and a 60-step future target. This section documents the exact preprocessing and model
interface used for those numbers. Perception, tracking, communication delay, and V2X
message quality are outside the evaluated module; they are upstream of the tensor passed
to the forecaster.

5.1. Dataset Description

Argoverse 2 is used here because its forecasting split matches the intended stress test:
fixed 5s histories, 6 s futures, multi-agent urban scenes, and lane-level map context [4].
The benchmark also makes the compact-model question measurable, because the same
validation split contains easy lane-following cases and harder turn/merge cases.

5.1.1. Dataset Overview

Argoverse 2 motion forecasting sequences are sampled at 10 Hz and span 11 s in total.
The protocol provides 5 s of observed history and requires forecasting the next 6 s, corre-
sponding to Tj, = 50 and Ty = 60 timesteps. The benchmark contains 199,908 training se-
quences, 24,988 validation sequences, and 24,984 test sequences [4]. Those sizes matter here
because the full validation export is large enough to separate lane-following, turning, lane-
change/merge, and dense-neighbor cases without changing the model between subsets.

The dataset is collected across six U.S. cities and includes intersections, merges, and
lane-change contexts [4]. In this manuscript, those scene types are not used as labels during
training; they are used after validation to diagnose where the compact CTRA-residual
decoder succeeds and where it misses route intent.

Coordinate Frame

For every focal sample, the last observed target pose defines the local frame. Target
states, neighbor states, and lane points are translated by the same reference position and
rotated by the negative reference yaw. Velocities are rotated but not translated. The reported
displacement metrics are then computed in this local meter-scale frame. This normalization
is important for the decoder: the CTRA branch starts from the final observed target state,
and the residual GRU predicts corrections in the same coordinate system.

5.1.2. Dataset Splits and Statistics

Table 2 reports the number of sequences per split under the standard bench-
mark partition.

During early development iterations, experiments used smaller random subsets to
reduce turnaround time. A typical setup used 20,000 training sequences and 2000 validation
sequences sampled from the official splits.
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Table 2. Argoverse 2 Motion Forecasting split sizes (number of sequences).
Split Sequences
Training 199,908
Validation 24 988
Test 24,984
5.1.3. Data Preprocessing
Each agent state at timestep f is represented as a 5D vector,
_ T
St = [Xt,Yt, Ux,t, Oyt Pt] 1)

where (x¢, y¢) denotes 2D position in the agent-centric frame after normalization, (vy.¢, vy,t)
denotes velocity components, and ¢; denotes heading.
The temporal window follows the benchmark protocol with a 5-s history window
(T, = 50 at 10 Hz) and a 6-s prediction horizon (Ty = 60 at 10 Hz), using At = 0.1 s.
Neighbor agents are selected through a proximity filter. For a focal agent i, the neighbor
set is defined as

N; = {] | le - p]H < Tmax, ] # i}/ 2)

with 7max = 30 m. The k = 4 closest neighbors are kept based on minimum distance over
the history window, with masks used when fewer than k valid neighbors are available.

Map context is extracted by collecting lane centerlines within a fixed radius (50 m)
around the focal agent. Each lane is represented as a polyline of waypoints with basic
geometric features such as position and local heading, which can then be pooled or attended
over by the map encoder.

5.1.4. Track Quality and Filtering

Argoverse 2 groups tracks by quality and evaluation relevance. Forecasting tar-
gets are defined by FOCAL_TRACK agents, while surrounding context can include
SCORED_TRACK and UNSCORED_TRACK agents. TRACK_FRAGMENT entries corre-
spond to partial or low-quality tracks and are excluded to avoid introducing noisy motion
histories into the training data [4].

5.1.5. Data Augmentation

To improve robustness, lightweight augmentations are applied during training while
preserving scene consistency. The current setup adds small Gaussian noise to posi-
tions (¢ = 0.05m) and applies a random rotation sampled from [—0.1,0.1] radians (ap-
proximately +5.7°). Positions and velocities are rotated consistently, and headings are
updated accordingly.

5.2. Model Architecture

The model follows the encoder-decoder structure in Figure 1. Temporal motion history,
neighbor context, and map context are encoded by separate modules and then fused into a
single representation that drives a physics-guided, multi-modal decoder.

5.2.1. Temporal Encoder: PhysicsAwareGRU

The temporal encoder processes the focal agent history with a two-layer GRU [40]. To
avoid discontinuities in angular representation, heading is embedded using trigonomet-
ric components:

Xt = [Xt, Y1, Uxp, Oyt Sin(Yr), cos(ipr)] T € RS, 3)
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The recurrent update is
h; = GRU(Xt,ht_l), t=1,..., Ty 4)

Layer normalization and dropout (p = 0.1) are applied to stabilize optimization. The
temporal summary uses the final hidden state of the GRU:

htemp = hTh . (5)

5.2.2. Social Context Encoder: NeighborEncoder

Neighbor context is represented using the top-k neighbor slots. For each neighbor j,
the feature vector includes relative motion cues and geometric descriptors:

f] = [AXj, Ay], AZJX,]', Al)y’]’, Al[)], 9], AS]',d']T. (6)

Here 6, is the relative bearing, As; is speed difference, and d; is the distance at the last
observed timestep. The features are embedded with a linear projection,

e; = Linear(f;), (7)
and refined using multi-head attention (MHA) over the slot set:
e; = MHA(ej, {ex}ken;)- (8)
A masked mean pooling aggregates valid slots into a single social vector:

k A
ijl m]e]-

k
Zj:1 mj

/ ©)

hsocial =

where m; € {0,1} indicates whether slot j contains a valid neighbor.

5.2.3. Environmental Context Encoder: MapEncoder

Map context is built from nearby lane centerlines represented as waypoint se-
quences. Each lane waypoint is encoded with a 7-D feature vector (position, heading, and
lane attributes):

1; € R, (10)

A two-layer multi-layer perceptron (MLP) produces lane point embeddings:

and attention pooling forms the final map vector:

__opu's) e
IBZ - Zi’ eXp('JTgi/)/ hmap == ;ﬁlgl' (12)

5.2.4. Context Fusion

Temporal, social, and map representations are concatenated (map optional) and passed
through a fusion layer with LayerNorm and ReLU:

hfysed = ReLU(LayerNorm(W f [htemp/' hgocial; hmap}) ) . (13)
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5.2.5. Physics-Guided Decoder

The decoder outputs M = 6 trajectory hypotheses. For each mode m, a physics head
predicts mode-specific gains and acceleration:

Sms §ms Om = MLPphys(hfused)/ (14)

and a separate head predicts a yaw bias b, = MLPpjaq(hgyseq). The initial kinematic
parameters are adjusted as

g =vo(1+gm),  wi =wo(l+gm) + bm, (15)

with gains bounded by a tanh nonlinearity.

Given the initial state, the baseline prediction T,%TlRTA is generated by a CTRA integra-

tion with piecewise handling of the near-straight regime (|w| ~ 0) and the curved regime:

t+At
Resr = i+ / o(1) cos( (7)) d, (16)
t+At
11 =0t —i—/ )sin(¢(7)) dt, (17)
o(t+ At) = v(t) + aAt, (18)
P(t+ At) = ¢(t) + wAt. (19)

Autoregressive Residuals

To model deviations from rigid kinematics, time-varying residuals are predicted with a
lightweight GRU. A learned time embedding e; = Emb(¢) is concatenated with the current
predicted position, and the GRU state is initialized from the fused context:

hg' = MLPinit (hfysed), (20)
=GRU([ e, " ], h["4), (21)
/" = MLPoy(h!") € R2. (22)

A per-mode gate g, and decay base d,, are predicted from the context:

8m = U(MLPgate (hfused)), dm =0 (MLPdecay (hfused))- (23)

Residuals are injected in position space after the CTRA step:

Tt = T+ gmdptl, t=1,...,Tf (24)
This construction keeps long-horizon behavior close to the kinematic prior while allowing
short-horizon corrections that depend on the evolving predicted state. The decay term
also provides a simple bounded-correction interpretation. If |[t}*|2 < Ry, 0 < g < 1,
and 0 < dj, < 1, then the injected correction at step t is bounded by g,d!, R, and the
cumulative residual magnitude over a horizon is bounded by g Ryndm (1 — d,] )/ (1—dy).
Without decay, the same worst-case bound grows linearly with Ty. The mechanism therefore
does not impose a hard vehicle-dynamics constraint, but it regularizes how much the
learned component can dominate the CTRA anchor as the horizon increases.

CTRA is selected because it is low-dimensional, differentiable, and compatible with
the tracked centroid states available in Argoverse 2. It also covers the most common local
behaviors needed for short-to-medium horizon extrapolation: straight motion, acceleration,
and smooth turning. However, it is intentionally simpler than bicycle, tire-force, or car-
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following models such as the Intelligent Driver Model (IDM). It does not model steering
dynamics, tire saturation, speed-dependent yaw-rate limits, or explicit leader-follower
reactions. The residual decoder and context encoders compensate for part of this mismatch,
but aggressive maneuvers, sharp junction decisions, and dense interaction cases remain
natural failure modes. This limitation is reflected in the scenario-level analysis in Section 6.2.
For uncertainty, an auxiliary head predicts per-timestep aleatoric scale parameters:

o = Softplus(MLPy (hyeeq)) € RTF2, (25)
Mode probabilities are obtained from a classification head:

p = Softmax(MLP g (h¢yeq)) € RM. (26)

5.3. Training Procedure
5.3.1. Loss Function

Training uses a weighted sum of regression, classification, negative log-likelihood
(NLL), ranking, and top-K terms:

L= Ereg + AasLes + ANLLENLL + Arank Lrank + Atopk‘ctopk- (27)

The regression term follows a winner-takes-all formulation with SmoothL1:

M
Lyeg = min SmoothL1( T, Tgt). (28)
m=1
The classification target is defined by the mode that is closest to the ground

truth trajectory:
m* = arg mnin [ Tm — Tgtll2, Las = —1og pr. (29)

A lightweight probabilistic term is included via a diagonal Gaussian NLL over the
horizon, using per-timestep scales:

T
1 f
L = T Y Log N (Y8 | e 1o B ). (30)
t=1

Mode ranking is encouraged by weighting the final displacement error (FDE) with the
predicted probabilities:
M
Lyank = Y Pm - FDE(Tm, Tgt). (31)
m=1
To promote diversity and multiple good hypotheses, a top-K regression term is applied to
the best three modes (by ADE), with weights 1,1/2,1/3:
13

1
Liopk = 3 Y Z SmoothL1(Tu,, Tgt)- (32)
k=1

Unless stated otherwise, A = 1.0, ANLL = 0.2, Apani = 0.2, and Aypi = 0.2 are used.

The loss weights were selected through coarse validation runs on the 10k/2k de-
velopment subset before full validation training. The objective was not to maximize
a single oracle displacement metric only, but to avoid a configuration that improves
minADE at the cost of mode ranking or unstable residual behavior. Table 3 there-
fore reports representative sensitivity diagnostics rather than a dense hyperparameter
heatmap. The default setting kept A5 = 1.0, ANLL = 0.2, Apani = 0.2, and Ayopi = 0.2.
The auxiliary waypoint/lane losses changed the supervision balance, while the soft-

https://doi.org/10.3390/technologies14070433


https://doi.org/10.3390/technologies14070433

Technologies 2026, 14, 433

15 of 27

assignment/calibration row changed the classification target and added a confidence
loss. The gate-bias and no-gate rows are included because residual strength interacts
with the same regression/classification objective.

The table shows why the final setting was retained despite some rows having
slightly higher ToplAcc. The gate-bias 0.0 run improved ToplAcc but increased both
displacement metrics, while the low-weight waypoint/lane auxiliary run improved
ToplAcc but reduced Top1Conf and did not improve minADE/minFDE. Soft assignment
with an explicit calibration loss reduced confidence sharply and degraded oracle dis-
placement. In this compact regime, improving the classification/scoring objective alone
was therefore not enough; it had to preserve the winner-takes-all trajectory supervision
and the residual-gate behavior.

Table 3. Loss-weight, scoring, and residual-gate sensitivity on 10k/2k sanity runs. Rows are
representative coarse validation runs, not a full grid search.

Variant minADE; minFDE; ToplAcc ToplConf
Default weights, gate bias 1.0 1.861 4.306 0.328 0.324
Gate bias 0.5 1.930 4.452 0.209 0.206
Gate bias 0.0 1.905 4.387 0.366 0.329
No physics gate 2121 4.946 0.270 0.267
Waypoint/lane aux. (0.10/0.05) 1.867 4.297 0.264 0.263
Waypoint/lane aux. (0.03/0.01) 1.866 4.304 0.347 0.299
Soft assignment + calibration (0.05) 2.139 5.745 0.239 0.174
TTC/risk neighbor weight 1.0 1.974 4.490 0.277 0.249

5.3.2. Optimization Configuration

Optimization is carried out with AdamW [41]. ReduceLROnPlateau is used as a
scheduler, and gradient norms are clipped to improve stability. Table 4 lists the train-
ing hyperparameters.

Table 4. Training hyperparameters.

Parameter Value Parameter Value
Optimizer AdamW Learning rate 1x107*
Weight decay 1x10°* Batch size 1024
Epochs 65 Gradient clipping 5.0
Scheduler ReduceLROnPlateau  Patience (scheduler) 3 epochs
Learning-rate decay factor 0.5 Minimum learning rate 1x 1076
Dropout rate 0.2 Hidden dimension 256
Neighbor hidden dim 128 Map hidden dim 128
Correction GRU hidden 128 Correction GRU layers 2

Gate bias init 1.0 Number of modes 6
Neighbor radius 30 m Top-k neighbors 4

5.4. Evaluation Metrics

Evaluation follows the Argoverse 2 forecasting setting with K = 6 hypotheses.
Displacement-based metrics are computed using the closest hypothesis to the ground truth.
The minADEg metric is defined as

Ty
. M1 t

minADEg = min — Y || tm: — 7% ||2- (33)

m=1 Ty 5

The minFDEg metric is
M

inFDE, = mi — 78, 34
minFDEs = min ||Tm,Tf TTsz (34)
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In addition, the average displacement error (ADE) of the most confident hypothesis is
tracked via
Ui

1
ADEl = Ti'f Z Hrmconfrt - Ttgt
=1

Meonf = argmax pi.

7

2 (35)

Miss rate (MR) is computed as the fraction of samples where all hypotheses miss the
final position by more than a threshold:

MR, = 1 al W mi (i) gt (i)
o = LH{min|rlr, = 0, > ).

(36)

Tmiss — 2.0m.

When mode probabilities are available, confidence behavior can be summarized with
top-1 confidence (Top1Conf) and top-1 accuracy (ToplAcc), the fraction of cases where the
top-1 mode is also the closest mode:

L $ ax
ToplConf = — Y _max py/,
Ngm
(37)
Top1lA fl Nué (l) — (1)
op CC—NE [mconf—m .
1=

For calibration analysis, samples are binned by top-1 confidence and summarized
with expected calibration error (ECE):

ECE = i 15!
p= N

lacc(Sy) — conf(Sy)|, (38)

where S, is the set of samples whose top-1 confidence falls in bin b, acc(Sy) is the fraction
for which the top-1 mode is the closest mode, and conf(S;) is the mean top-1 confidence in
the same bin.

5.5. Implementation Details

The model is implemented in PyTorch 2.11.0 and trained with Compute Unified Device
Architecture (CUDA) acceleration on a single graphics processing unit (GPU). Data loading
relies on the Argoverse 2 application programming interface (API) and a custom loader.
Experiments reported here use 32-bit floating point (FP32) training with automatic mixed
precision (AMP) disabled and default random seeding. Checkpoint selection follows the
lowest validation minADE; the final configuration reported in Table 5 corresponds to the
checkpoint selected under this criterion.

The full-validation results, qualitative diagnostics, reliability diagram, and latency
measurements reported in Sections 6.1-6.6 were generated for this selected configuration.
The 10k/2k rows are reported only as development diagnostics and are not intended as
a separate benchmark release. Scenario tags were generated from the validation export
using yaw-change, lateral-displacement, lane-flag, and neighbor-count heuristics; the
dense-neighbor tag uses at least three valid neighboring tracks. The latency values were
measured on the development laptop named in the runtime table and include the 60-step
autoregressive decoder loop but exclude dataset loading.
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Table 5. Quantitative results on Argoverse 2 (K = 6). Argoverse 2 baseline rows are reported
from the Argoverse 2 dataset paper; QCNet/ProphNet are high-capacity published references.
ToplAcc/ToplConf are reported for the proposed model to summarize mode ranking quality.

Method Reference Group minADE¢ minFDEs; ToplAcc ToplConf
Argoverse 2

nearest-neighbor Dataset baseline 2.18 494 - -
baseline [4]

Argoyerse 2 WIMP Dataset baseline 1.47 2.90 - -
baseline [4]

Proposed model Compact physics-guided 1.21 2.78 0.318 0.278
QCNet [42] High-capacity reference 0.73 1.27 - -
ProphNet [43] High-capacity reference 0.68 1.33 - -

6. Results and Discussion

Results are reported on the Argoverse 2 validation split. Table 5 includes two early Ar-
goverse 2 dataset baselines, the proposed compact model, and two high-capacity references
for scale. The table should not be read as a leaderboard claim. It is used to place the com-
pact CTRA-residual decoder between simple dataset baselines and transformer/topology-
heavy methods, while ToplAcc/ToplConf record the mode-ranking behavior of the
submitted model.

6.1. Quantitative Analysis

On the full validation export, the proposed model reaches minADEg = 1.21 m and
minFDEg = 2.78 m under the K = 6 setting. This is 0.26 m lower in minADE and 0.12m
lower in minFDE than the WIMP row from the Argoverse 2 dataset paper, but it remains
behind the high-capacity references. The gap to QCNet and ProphNet is 0.48-0.53 m in
minADE and 1.45-1.51m in minFDE. This gap is consistent with the architecture size:
the proposed model uses local top-k neighbor attention and lane pooling, whereas these
references use richer scene/topology modeling. The comparison should therefore be read
as a compactness—accuracy trade-off, not as a claim of state-of-the-art performance.

The same checkpoint has average gate ~ 0.31 and decay ~ 0.95 in the residual branch.
The later ablation and residual-influence analyses explain why these values matter: the
residual term improves the CTRA anchor, but the learned decay damps the correction
relative to a no-decay counterfactual over the 60-step horizon. This is a mechanism-level
check on the decoder, separate from the headline validation numbers.

Table 6 records the mode-selection problem directly. ADE; /FDE; are 3.12m/8.17 m,
much higher than oracle minADE/minFDE, even though the endpoint spread is 15.57 m
and the normalized mode entropy is 0.903. The six trajectories are diverse enough to cover
different futures in many cases, but the closest one is not reliably the top-ranked one. ECE
is 0.044, so the immediate failure is not severe overconfidence; it is the ordering of modes.

Table 6. Additional validation diagnostics for mode selection, diversity, and calibration.

Metric Value
ADE; / FDE; 312m /817m
MRg at2 m 48.2%
ECE 0.044
Mean endpoint spread 15.57 m
Mean path spread 5.74m
Normalized mode entropy 0.903
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6.2. Qualitative and Scenario-Level Analysis

Figure 8 visualizes six validation exports selected to match the diagnostic tables:
lane following, intersection turning, lane-change/merge geometry, dense-neighbor traffic,
wrong top-1 ranking, and a high-error case. The wrong-top-1 example is especially impor-
tant: one predicted mode remains near the ground truth, but its probability is lower than
the selected mode. That visual case is the same failure measured by ADE; /FDE; in Table 6.
The high-error example is different because all six modes miss the future endpoint, so the
problem is not only ranking but missing route intent.

To make the residual mechanism visible rather than only showing final trajectories,
Figure 9 compares the full model with its CTRA anchor on selected validation samples.
The CTRA anchor is obtained by setting the decoder residual correction scale to zero at
inference time, so the dashed gray curve represents the physics rollout before residual
injection. This diagnostic isolates where the gated residual shifts each mode relative to the
CTRA prior: sustained correction helps in turning and merge cases, while decay limits
long-horizon residual drift.

Table 7 reports the corresponding case-study metrics.

Table 7. Concrete case-study metrics from Figure 9. CTRA FDE is measured on the same mode that is
oracle-best after residual correction.

Case Neigh. CTRAFDE Full-Best FDE Top-1FDE Gate/Decay
Intersection sustained correction 0 23.0 6.7 6.7 0.32 / 0.999
Lane-change/merge success 4 15.7 4.3 4.3 0.39 / 0.994
Decay-damped turn 4 2.6 1.9 1.9  0.27 / 0.000
Dense traffic ranking miss 3 21.7 0.7 11.2  0.40 / 1.000
High-error route miss 4 36.7 7.4 8.0 0.52 / 0.999
Lane following Intersection turn Lane change/merge
minFDE=1.18 m, top1=2, best=2 minFDE=2.80 m, topl=3, best=3 minFDE=4.31 m, top1=0, best=0
807 —— History
o —— Ground truth 50 4 30 4
20 A
40 40 4
10
20 A
30 1
oA M_‘_—’g_—'?—:——"‘
0 b
20 4
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Figure 8. Validation cases selected from the diagnostic export. Black shows observed history, green
shows the future ground truth, and colored curves show the six predicted modes, with opacity
indicating mode probability. The cases are not random examples: they correspond to the failure
groups discussed in Tables 6 and 8, including wrong top-1 ranking and cases where all six modes
miss the future endpoint.
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The case studies separate three failure modes that were hidden in the aggregate counts.
In the first two rows, the residual branch makes sustained corrections to a CTRA anchor that
bends too weakly or follows the wrong lateral trend. In the decay-damped turn, the anchor
is already close and the learned decay suppresses long-horizon residual influence, so the
full model only makes a small correction. In the dense-neighbor row, the model generates
an accurate mode, but the scoring head ranks another mode first. In the high-error row, the
residual substantially improves the CTRA anchor but the remaining endpoint error is still
large, which is a route-hypothesis failure rather than only a residual-stability failure.

Table 8 was generated as a debugging table rather than as a mutually exclusive
taxonomy. Tags can overlap because the same sample may be an intersection case, a
turn, and a dense-neighbor case at the same time. The easiest group is lane following,
with 0.87 m minADE¢ and 1.81 m minFDEg. The two hardest groups are turning and lane
change/merge, with miss rates of 86.4% and 86.1%. This pattern matches the qualitative
plots: the local CTRA anchor handles smooth continuation, but pooled lane points are not
enough to choose the correct route through junctions or merges.

Table 8. Scenario-level diagnostic breakdown on the validation split. Scenario tags are heuristic and
can overlap.

Scenario n  minADEg minFDEg MR¢ ToplAcc
Lane following 1083 0.87 1.81 31.6% 0.299
Intersection context 22,396 1.24 2.85  49.0% 0.329
Turning 5831 2.18 563 86.4% 0.235
Lane change/merge 6284 213 543  86.1% 0.221
Dense neighbors (>3) 13,040 1.17 2.67  45.7% 0.356

6.3. Calibration and Failure Analysis

Figure 10 gives a different failure signal from the displacement tables. ECE is 0.044,
so the model is not simply assigning extreme confidence to wrong modes. The larger
problem is ranking: Top1lAcc is only about 0.32, and ADE; /FDE; are much worse than
oracle minADE/minFDE. In practical terms, the six-mode set is more useful than the single
highest-probability mode.

As a post-hoc calibration check, scalar temperature scaling was fitted on a deterministic
20% calibration subset of the saved validation probabilities and evaluated on the remaining
80%. Since the saved export contains probabilities, the temperature transform was applied
to log probabilities, which is equivalent to rescaling logits up to an additive constant.
Table 9 shows that temperature scaling improves ToplConf and ECE slightly, but it leaves
Top1lAcc unchanged because this monotonic transform does not change the order of modes.
This confirms that the main problem is not only probability calibration; the ranking head
often assigns the wrong mode the largest score. A future training run should therefore
change the ranking supervision or add a separate mode-ordering head rather than applying
calibration alone after inference.

Table 9. Post-hoc temperature scaling from saved validation probabilities. The split uses a determin-
istic 20% calibration subset and 80% evaluation subset.

Setting Temperature ToplAcc ToplConf ECE
Uncalibrated 1.00 0.324 0.282 0.043
Temperature scaled 0.80 0.324 0.303 0.038
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Figure 9. Mechanism-level comparison between the CTRA anchor and the full CTRA-residual
decoder on representative validation cases. In the left column, gray shows observed history, black
shows the future ground truth, dashed light gray shows the CTRA anchor obtained by disabling
residual correction at inference time, solid blue shows the full-model best trajectory, and orange
shows the top-ranked trajectory when it differs from the best trajectory. The right column shows the
effective residual scale (g,d%,) over the prediction horizon for the corresponding mode(s), illustrating
sustained correction, decay-damped correction, ranking failure, and route-hypothesis failure.
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Figure 10. Calibration diagnostics for top-1 mode confidence on the validation export. (Left):
reliability diagram, where the dashed line denotes perfect calibration. (Right): distribution of top-1
confidence values across validation samples.

Failure cases were also analyzed by selecting the worst 10% of validation samples
according to minFDE. The threshold for this group is 5.94 m, corresponding to 2499 sam-
ples. Within these high-error samples, 2064 also have a wrong top-1 mode, 2320 occur in
intersection-context scenes, 1961 are tagged as lane-change /merge or high-lateral-deviation
cases, and 1209 include at least three nearby neighbors. These counts point to two separate
fixes: better route hypotheses for the cases where all modes miss, and better scoring for the
cases where the oracle mode exists but is ranked lower.

6.4. Ablations

Table 10 reports controlled sanity ablations (10k train / 2k val) under the same compact
setting. The table is the main evidence for the decoder design. CTRA-only decoding gives
minFDEg = 7.189 m. Adding non-autoregressive residuals reduces this to 4.532m, and
making the residual autoregressive with a larger correction GRU reduces it further to
4.157m. Removing the gate increases the same metric to 4.946 m, while control-space
residuals are worse at 6.159 m.

Table 10. Sanity ablations on a 10k/2k subset (K = 6). All runs use H = 256 and the legacy decoder.

Variant minADEs minFDEs; ToplAcc ToplConf
CTRA-only (no residuals) 2.939 7.189 - -
Non-autoregressive residuals (baseline) 1.915 4.532 0.312 0.296
Autoregressive residuals 1.890 4.331 0.322 0.249
Autoregressive + bigger GRU 1.824 4.157 0.399 0.337
Autoregresswe + bigger GRU + gate 1.861 4306 0.328 0.324
bias 1.0

Autoregressive + bigger GRU (no gate) 2121 4.946 0.270 0.267
Control-space residuals 2.468 6.159 0.298 0.300

The selected decoder is not pure CTRA and not an unconstrained residual model.
Table 10 shows that the CTRA anchor needs residual correction, and the residual correction
needs gate/decay control.

6.5. Residual Influence over Time

Figure 11 plots the mean residual influence magnitude E[||gmud’,tm 2] across
timesteps on a validation subset of 5120 instances, averaged over modes. The no-decay
curve is computed from the same forward pass by setting d,, = 1, so the separation between

the two curves isolates the learned decay factor rather than a different model. The residual
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influence still grows with horizon because the future becomes less certain, but the learned
decay keeps the injected correction below the no-decay counterfactual.

—— gate * decay”t * residual
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Figure 11. Mean residual influence magnitude vs. time, computed over 5120 validation instances
and averaged over M = 6 modes. The plotted residual influence is the product of gate, decay, and
residual magnitude. Although residual magnitude tends to grow with horizon, learned decay damps
its influence relative to a no-decay counterfactual derived from the same forward pass.

6.6. Efficiency

The final model contains 1.78M parameters (FP32 size ~ 6.8 megabytes (MB)). This
number is reported to make the compactness claim concrete; it is not a substitute for a full
embedded benchmark. Table 11 reports the model size. Direct wall-clock comparison with
QCNet and ProphNet is implementation- and hardware-dependent, so Table 12 reports
measured forward-pass latency for the proposed implementation and Table 13 separately
lists published latency context from the two transformer-based references. The comparison
is protocol-mismatched and should not be interpreted as a universal speed ranking.

Table 11. Model size (final configuration).

Metric Value
Parameters 1.78 M
Model size (FP32) 6.8 MB

Table 12. Forward-pass latency of the proposed model on the development laptop. Central processing
unit (CPU) results use an AMD Ryzen 7 7735HS; CUDA results use an NVIDIA GeForce RTX 4050
Laptop GPU.

Device Batch Size ms/Sample Samples/s
CPU 1 82.7 12.1
CPU 32 3.5 286.6
CUDA 1 144.3 6.9
CUDA 32 4.8 206.4
CUDA 256 1.2 810.6

Table 12 should be interpreted by operating regime. For a single focal agent, the
CPU forward pass is 82.7 ms, corresponding to 12.1 forecasts/s and remaining within the
10 Hz forecasting interval in this measured setup. The single-sample CUDA row is not
the favorable deployment point because the autoregressive decoder contains many small
sequential operations. CUDA becomes useful when independent focal agents or candi-
date scenes are batched: at batch size 256, the implementation reaches 1.2 ms/sample, or
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810.6 focal-agent forecasts/s. The architecture is therefore better characterized by small
memory footprint and batched focal-agent throughput than by single-sample GPU latency.

Table 13. Published latency context for transformer-based references. These rows use different
hardware and prediction protocols, so they are provided as context rather than a direct benchmark
against Table 12.

Method Hardware Published Latency Protocol

This work: focal-agent forward
pass; 82.7 ms at CPU batch 1, 3.5
ms/sample at CPU batch 32, and
1.2 ms/sample at CUDA batch 256.
The QCNet supplementary
material reports 46 ms for
QCNet [42] NVIDIA A40 predicting all agents in an average
Argoverse 2 scene and 72 ms for a
dense scene with 190 agents.

Proposed model Ryzen 7 7735HS / RTX 4050 laptop

Published latency analysis reports
ProphNet [43] NVIDIA V100 28.0 ms and 0.40 GFLOPs with 64
agents.

This comparison defines the deployment claim more precisely. QCNet and ProphNet
report scene-level or multi-agent inference on different accelerator hardware, whereas
Table 12 measures a focal-agent forward pass on a laptop-class system. The proposed
model should therefore not be read as universally faster than those transformer-based
references. Its supported efficiency claim is a different operating point: a 1.78 M-parameter,
6.8 MB model with measured focal-agent CPU feasibility and batched focal-agent GPU
throughput. For all-agent scene-level inference with richer topology reasoning, the larger
transformer-based systems remain stronger references.

6.7. Negative Results

Table 14 lists variants that were tried and discarded on the 10k/2k sanity split. Goal
conditioning, map cross-attention, soft assignment, multi-head decoding, TTC/risk weight-
ing, and control-space residuals all increased error relative to the selected autoregressive-
residual configuration. These rows are included because they explain why the final model
stayed simple instead of accumulating extra modules.

The failures match the later scenario analysis. Map cross-attention added another
attention operation over local lane embeddings, but the input still had no lane succes-
sor/predecessor graph, traffic signal state, or route hypothesis. It therefore increased
fusion capacity without adding the missing topology variable that turning and merge cases
need. Goal conditioning made the decoder sensitive to wrong intermediate lane goals;
when a selected goal was wrong, the autoregressive residual inherited that error over the
full horizon. Soft assignment weakened the winner-takes-all signal that separates the six
modes, which reduced both displacement accuracy and confidence sharpness. Multi-head
decoding increased specialization pressure per head, but each head then received fewer
winner-mode updates in the 10k/2k setting. Control-space residuals were less stable than
position residuals because small acceleration or yaw-rate errors integrate over time and can
quickly dominate the CTRA anchor. The TTC/risk row improved neither route selection
nor scoring because the top-k neighbor features still lacked explicit interaction outcomes
such as yielding or priority.
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Table 14. Negative results on sanity runs (10k/2k, K = 6). The effect column summarizes the
observed failure mode.

Variant minADEs minFDEg Observed Effect

Wrong lane goals propagate through

Goal conditioning 1.953 4.623 residual rollout.

Map cross-attention 2.100 4.791 More lo.call geometry, but no lane
connectivity or route state.

Soft assignment + calibration 2.139 5.745 Weaker winner signal; confidence

& ' ' collapses to 0.174 Top1Conf.

TTC/risk neighbor weight 1.974 4.490 Local risk cue does not resolve route
intent.

Control-space residuals 2.468 6.159 Small §ontr(?l errors integrate into large
endpoint drift.

Multi-head decoder 2220 5161 Per-head supervision is fragmented in

the compact subset.

6.8. Discussion

Table 10 shows why the decoder was not left as either pure CTRA or pure residual
correction. In the 10k/2k ablations, CTRA-only decoding reaches minADEg = 2.939 m
and minFDEg = 7.189 m. Adding autoregressive residuals and a larger correction GRU
reduces these values to 1.824 m and 4.157 m. The no-gate row is the clearest evidence for
the gate: with the same larger correction GRU, removing it increases minADE from 1.824 m
to 2.121 m and minFDE from 4.157 m to 4.946 m.

The full validation run shows the same trade-off at benchmark scale. The model
improves over early Argoverse 2 baselines in oracle displacement metrics, reaching
minADEg = 1.21 m and minFDEg = 2.78 m, but it remains behind transformer/topology-
heavy references such as QCNet and ProphNet. The gap is not surprising from the model
definition: this implementation uses a small context encoder and a physics-guided decoder
rather than full scene-level topology reasoning.

The main remaining weakness is mode ranking. Table 6 shows a large gap between
oracle metrics and top-1 metrics: ADE; /FDE; are 3.12m/8.17 m even though the best-of-six
trajectory is often much closer. The reliability analysis gives ECE = 0.044, so the issue is
not simply overconfidence; the scoring head often fails to rank the closest mode first. A
planner that consumes all six modes can still benefit from the oracle set, whereas a planner
that uses only the highest-probability mode would see substantially higher risk.

Table 8 points to the next modeling target: route intent, not local neighbor encoding
alone. Lane-following cases are easiest (minADEg = 0.87 m, minFDE¢ = 1.81 m), which
matches the expectation that a CTRA anchor is already strong for smooth local motion.
Turning and lane-change/merge cases have high miss rates (86.4% and 86.1%), indicating
that the current lane-pooling module does not resolve route-level intent. Dense-neighbor
cases degrade less severely than turning cases, suggesting that local neighbor attention
captures some interaction pressure but does not replace explicit lane-topology reasoning.

Runtime measurements also narrow the deployment claim. The model is compact
in memory (1.78M parameters, approximately 6.8 MB in FP32), and the measured CPU
latency is suitable for single-focal-agent prediction at a 10Hz cycle. GPU use is more
appropriate for batched focal-agent inference, where the sequential residual decoder cost
can be amortized across many independent samples.

Overall, the results position the method as a compact physics-guided predictor with
visible failure modes rather than as a general replacement for larger topology-heavy models.
The next architectural changes should target route hypotheses, lane connectivity, and proba-
bility ranking while preserving the gate/decay behavior that stabilizes the residual rollout.
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6.9. Limitations

The proposed model is not state-of-the-art on Argoverse 2 compared with transformer-
and topology-heavy methods, and the compact context encoders limit intent disambigua-
tion at complex junctions. The CTRA prior is also a simplified kinematic model: it does
not represent steering dynamics, tire saturation, speed-dependent yaw limits, or explicit
car-following behavior. In addition, probability calibration and ranking remain imperfect,
as indicated by moderate ToplAcc/Top1Conf despite low minADE. Future work should
incorporate richer map-topology reasoning, better probabilistic scoring, and stronger
vehicle-dynamics alternatives such as bicycle-model or IDM-inspired priors, but these
changes should be tested against the no-gate and control-space residual failures already
reported here. For embedded or V2X-oriented deployments, upstream data reduction
is also relevant: machine-centric FDCT vision processing has been proposed as a way
to reduce robotic perception data volume before downstream modules consume it [44].
That direction is complementary to this paper because the present experiments start from
cleaned track and lane tensors rather than raw images.

7. Conclusions

This paper reports a compact Argoverse 2 forecaster whose decoder is CTRA plus
gated autoregressive position residuals. The result is not a state-of-the-art Argoverse 2 score.
Its value is narrower: the ablations show which part of a compact physics-guided decoder
matters and where the compact version fails.

On the Argoverse 2 validation split, the final model reaches minADE¢ = 1.21 m and
minFDEg = 2.78 m. The ablation study explains where this gain comes from: CTRA-only is
too rigid, autoregressive residuals reduce most of the displacement error, and removing
gate/decay control worsens the same larger-residual setting. The residual is therefore
useful because it is conditioned on the evolving predicted state and constrained by a
mode-specific gate and decay.

The next version should first address the errors already visible in Tables 6-8: top-1
mode ranking, route hypotheses at turns and merges, and lane-connectivity encoding.
These changes should be tested without removing the residual gate/decay mechanism,
because the no-gate ablation is worse. Deployment-oriented extensions should also measure
the full perception-to-prediction chain, including possible machine-centric compression of
upstream visual data [44], because the latency of map and neighbor context formation is
outside the present forward-pass benchmark.
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