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Motivation and Contributions

• Trajectory prediction is a core component of the classical autonomous vehicle control
stack, critical for safe and efficient motion planning.

• Real-world traffic scenes are constantly changing, resulting in heterogeneous agent
observation lengths ranging from a few frames to several seconds.

• Most state-of-the-art models rely on fixed-size observation windows without
information streaming – efficiently propagating motion features for as long as agents
remain visible is an open challenge, as existing approaches fall short.

– Prior streaming methods [1, 2] relay information but remain constrained to fixed-
observation-length training inputs and use only implicit context streaming.

– Variable-history models [3, 4, 5] train using knowledge distillation and partial
masking but lack streaming capabilities for continuous, real-time evolution.

→ We propose SHARP (short-window streaming for accurate and robust predictions),
a novel framework that adaptively handles heterogeneous observation lengths in
continuously evolving traffic scenes.

→ We introduce an instance-aware context streaming module that efficiently prop-
agates temporal context across inference steps.

→ Extensive evaluations on AV2, nuScenes, and AV1 demonstrate strong robustness
across variable observation lengths, a critical requirement for real-world self-driving.

→ Our lightweight approach establishes a new state-of-the-art in the practically relevant
setting of streaming multi-agent trajectory prediction on the AV2 dataset.

→ We use non-overlapping short windows, enabling continuous context accumulation
and efficient real-time inference by incrementally integrating new observations.

Approach

Lightweight Backbone Architecture: An efficient model processing short observation windows incrementally. It integrates a self-attention-based agent encoder fA, a PointNet-
based [6] vector map encoder fL, a scene encoder fS (learning relationships between agent and map elements), and a DETR-like [7] decoder fD using mode queries Q to provide
K prediction hypotheses for an agent.

• Instance-Aware Context Streaming fIA: Ex-
plicitly models temporal agent correspondences
by modulating cross-attention weights with a
learned mask.

• Target-Centric Context fTC: Leverages prior
prediction endpoints as spatial anchors to
efficiently extract highly relevant local scene
features.

• Trajectory Relay [1] fTR: Refines current pre-
dictions using past trajectory forecasts via a
dedicated cross-attention mechanism.

• Dual Training Scheme: Jointly optimizes for
predictions based on the accumulated streaming
history (Lstream) and single-observation-window
predictions (Lchunk) to maximize robustness
across varying context lengths.

• Scene-Wide Joint Predictions: Combines
marginal (single-agent) outputs into globally
consistent, multi-agent forecasts by modeling
interactions across agents and modes.

Evolving Scenes Evaluation Protocol

While standard benchmarks evaluate
models only using a fixed history
Ht to predict a fixed future horizon
Ft, real-world driving demands dynamic
adaptabilityy .
To provide a more comprehensive and
realistic evaluation, we test at different
prediction timesteps tp, utilizing varying
context lengths Tcl, and evaluating across
multiple future horizons Tf .

Evolving Scenes Results (AV2 Single-Agent Validation Set)

Evaluation Setup Method mADE1 mFDE1 MR6 mADE6 mFDE6 b-mFDE6

tp = 4 s

Tcl = 3 s Tf = 6 s

RealMotion [1] 1.70 4.44 0.17 0.68 1.35 2.00
DeMo [2] 1.58 4.21 0.16 0.62 1.26 1.95
SHARP 1.54 3.84 0.13 0.63 1.18 1.80

tp = 5 s

Tcl = 3 s Tf = 6 s

RealMotion [1] 2.04 5.33 0.23 0.79 1.65 2.32
DeMo [2] 1.92 5.16 0.25 0.79 1.78 2.48
SHARP 1.84 4.66 0.19 0.73 1.44 2.09

tp = 6 s

Tcl = 3 s Tf = 5 s

RealMotion [1] 1.81 4.81 0.22 0.72 1.56 2.25
DeMo [2] 1.70 4.66 0.25 0.74 1.75 2.45
SHARP 1.58 4.07 0.18 0.66 1.36 2.02

tp = 6 s

Tcl = 6 s Tf = 5 s

RealMotion [1] 1.37 3.46 0.10 0.56 1.05 1.70
DeMo [2] 1.23 3.15 0.10 0.52 0.98 1.66
SHARP 1.21 2.93 0.09 0.51 0.94 1.56

tp = 7 s

Tcl = 7 s Tf = 4 s

RealMotion [1] 1.19 3.05 0.09 0.48 0.91 1.58
DeMo [2] 1.07 2.77 0.11 0.48 0.93 1.62
SHARP 0.89 2.10 0.05 0.39 0.70 1.31

tp = 8 s

Tcl = 8 s Tf = 3 s

RealMotion [1] 0.94 2.36 0.07 0.39 0.70 1.39
DeMo [2] 0.84 2.15 0.10 0.41 0.78 1.48
SHARP 0.60 1.36 0.02 0.28 0.48 1.08

tp = 4.5 s

Tcl = 4 s Tf = 6 s

RealMotion [1] 1.65 4.31 0.17 0.67 1.34 1.99
DeMo [2] 1.54 4.11 0.15 0.61 1.27 1.95
SHARP 1.59 4.08 0.14 0.64 1.23 1.87

tp = 5 s

Tcl = 4 s Tf = 6 s

RealMotion [1] 1.77 4.51 0.18 0.71 1.39 2.04
DeMo [2] 1.68 4.33 0.18 0.68 1.38 2.06
SHARP 1.69 4.16 0.15 0.67 1.25 1.89

tp = 5.5 s

Tcl = 4 s Tf = 5.5 s

RealMotion [1] 1.70 4.37 0.17 0.67 1.34 2.00
DeMo [2] 1.65 4.29 0.19 0.68 1.44 2.13
SHARP 1.60 3.98 0.15 0.60 1.21 1.86

tp = 5 s

Tcl = 5 s Tf = 6 s

RealMotion [1] 1.65 4.10 0.16 0.67 1.30 1.94
DeMo [2] 1.48 3.73 0.13 0.61 1.19 1.86
SHARP 1.57 3.85 0.14 0.64 1.20 1.82

AV2 Multi-Agent Test Set

Method Streaming actorMR6 avgMinADE6 avgMinFDE6 avgBrierMinFDE6

Forecast-MAE [8] ✗ 0.19 0.69 1.55 2.24
SRefiner [9] ✗ 0.19 0.68 1.52 2.21
RealMotion [1] ✓ 0.18 0.62 1.32 2.01
DeMo [2] ✓ 0.16 0.58 1.24 1.93
SHARP (Ours) ✓ 0.15 0.56 1.15 1.80

Ablation Study (Single-Agent)

Dataset Tcl TCF IA DT mADE6 mFDE6 b-mFDE6

5 s

✗ ✗ ✗ 0.74 1.28 1.91
✓ ✗ ✗ 0.64 1.22 1.84
✓ ✓ ✗ 0.63 1.19 1.81

AV2 ✓ ✓ ✓ 0.64 1.20 1.82

Val

1 s

✗ ✗ ✗ 1.18 2.57 3.28
✓ ✗ ✗ 1.09 2.49 3.18
✓ ✓ ✗ 1.11 2.55 3.25
✓ ✓ ✓ 0.76 1.48 2.13

✓ ✗ ✗ 0.62 0.96 1.58
2s ✓ ✓ ✗ 0.59 0.91 1.52

AV1 ✓ ✓ ✓ 0.59 0.91 1.53

Val ✓ ✗ ✗ 0.75 1.22 1.86
0.5s ✓ ✓ ✗ 0.71 1.13 1.78

✓ ✓ ✓ 0.64 1.00 1.61

Qualitative Results (AV2 Single-Agent Validation Set)t_p=3\,s (minFDE-6: 0.568) t_p=4\,s (minFDE-6: 1.848) t_p=5\,s (minFDE-6: 1.717)

tp = 3 s (minFDE6: 0.568) tp = 4 s (minFDE6: 1.848) tp = 5 s (minFDE6: 1.717)

t_p=3\,s (minFDE-6: 2.820) t_p=4\,s (minFDE-6: 3.310) t_p=5\,s (minFDE-6: 1.743)

tp = 3 s (minFDE6: 2.820) tp = 4 s (minFDE6: 3.310) tp = 5 s (minFDE6: 1.743)

t_p=3\,s (minFDE-6: 0.838) t_p=4\,s (minFDE-6: 2.180) t_p=5\,s (minFDE-6: 1.950)

tp = 3 s (minFDE6: 0.838) tp = 4 s (minFDE6: 2.180) tp = 5 s (minFDE6: 1.950)

t_p=1\,s (minFDE-6: 1.603) t_p=4\,s (minFDE-6: 1.806) t_p=8\,s (minFDE-6: 2.362)

tp = 1 s (minFDE6: 1.603) tp = 4 s (minFDE6: 1.806) tp = 8 s (minFDE6: 2.362)

t_p=1\,s (minFDE-6: 1.209) t_p=4\,s (minFDE-6: 1.293) t_p=8\,s (minFDE-6: 0.909)

tp = 1 s (minFDE6: 1.209) tp = 4 s (minFDE6: 1.293) tp = 8 s (minFDE6: 0.909)

t_p=1\,s (minFDE-6: 1.885) t_p=4\,s (minFDE-6: 2.257) t_p=8\,s (minFDE-6: 0.187)

tp = 1 s (minFDE6: 1.885) tp = 4 s (minFDE6: 2.257) tp = 8 s (minFDE6: 0.187)

t_p=1\,s (minFDE-6: 2.116) t_p=4\,s (minFDE-6: 1.008) t_p=8\,s (minFDE-6: 0.297)

tp = 1 s (minFDE6: 2.116) tp = 4 s (minFDE6: 1.008) tp = 8 s (minFDE6: 0.297)

t_p=1\,s (minFDE-6: 1.160) t_p=4\,s (minFDE-6: 1.086) t_p=8\,s (minFDE-6: 0.169)

tp = 1 s (minFDE6: 1.160) tp = 4 s (minFDE6: 1.086) tp = 8 s (minFDE6: 0.169)

t_p=1\,s (minFDE-6: 0.684) t_p=4\,s (minFDE-6: 2.279) t_p=8\,s (minFDE-6: 0.818)

tp = 1 s (minFDE6: 0.684) tp = 4 s (minFDE6: 2.279) tp = 8 s (minFDE6: 0.818)

Predictions of SHARP, ground truth, historical observations, and surrounding agents

Latency Analysis (NVIDIA RTX 3090)

SHARP achieves an average online latency of just 30ms per scenario in the AV2 multi-agent setting.
Single-Agent Setting: SHARP requires only 33ms, 35ms, and 57ms for batches of 16, 32, and 64 agents, respectively.
This outpaces DeMo [2] (35/49/88ms) and RealMotion [1] (44/79/140ms).
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