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Abstract

Future trajectories of neighboring traffic agents have a sig-
nificant influence on the path planning and decision-making
of autonomous vehicles. While trajectory forecasting is
a well-studied field, research mainly focuses on snapshot-
based prediction, where each scenario is treated indepen-
dently of its global temporal context. However, real-world
autonomous driving systems need to operate in a continu-
ous setting, requiring real-time processing of data streams
with low latency and consistent predictions over successive
timesteps. We leverage this continuous setting to propose a
lightweight yet highly accurate streaming-based trajectory
forecasting approach. We integrate valuable information
from previous predictions with a novel endpoint-aware mod-
eling scheme. Our temporal context propagation uses the
trajectory endpoints of the previous forecasts as anchors to
extract targeted scenario context encodings. Our approach
efficiently guides its scene encoder to extract highly relevant
context information without needing refinement iterations or
segment-wise decoding. Our experiments highlight that our
approach effectively relays information across consecutive
timesteps. Unlike methods using multi-stage refinement pro-
cessing, our approach significantly reduces inference latency,
making it well-suited for real-world deployment. We achieve
state-of-the-art streaming trajectory prediction results on
the Argoverse 2 multi-agent and single-agent benchmarks,
while requiring substantially fewer resources.

1. Introduction
Trajectory prediction, i.e., forecasting the future movements
of nearby traffic participants, is a key component of the au-
tonomy stack in self-driving vehicles. Trajectory prediction
is essential for efficient and reliable navigation, as it enables
autonomous vehicles to anticipate the behavior of surround-
ing agents and plan maneuvers proactively in response to
predicted motions. The latency of the trajectory prediction
model directly contributes to the total delay between sen-
sor observations and vehicle control actions as it is typically
performed between the perception and motion planning mod-

Figure 1. Traffic scenes are constantly changing, which is often
neglected in trajectory prediction methods operating on snapshots
rather than in a continuous setting. For example, for the trajectory
prediction of the turning process of the focal agent (green), a pos-
sible interaction with a pedestrian (red) near the endpoint of the
previous estimation (at time t−1) is important context that needs to
be considered in the current prediction (t). We model this temporal
context propagation with a novel endpoint streaming mechanism,
achieving accurate predictions at minimal latencies.

ules. Thus, for practical deployment in autonomous vehicles,
trajectory prediction models must produce highly accurate
predictions with minimal latency.

One of the key challenges in trajectory forecasting is
identifying the most influential map elements and the most
relevant neighboring agents for motion prediction, especially
in complex scenarios with long prediction horizons, often
exceeding 100 meters. While the initial agent position pro-
vides a strong prior for relevant context elements, scene ele-
ments along the future path play a crucial role, as illustrated
in Figure 1. Recent trajectory prediction approaches com-
monly use refinement schemes [28, 42, 43] to incorporate
this knowledge: Initial coarse future trajectories are itera-
tively refined to enhance prediction accuracy. For instance,
SmartRefine [42] proposes an adaptive multi-stage refine-
ment scheme with scene context re-encoding to improve pre-
dictions of the strong baseline model QCNet [43]. Methods
that use such refinement iterations achieve highly accurate re-
sults on large-scale benchmarks like Argoverse 2 (AV2) [37].
However, they impose high computational cost and latency.
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This limits their applicability in real-world autonomous sys-
tems, where fast and efficient decision-making is critical and
methods with higher latency can lead to less reliable results
due to outdated sensor observations.

In addition, current research in trajectory prediction fo-
cuses on processing and evaluating snapshots of individual
scenarios in benchmark datasets [9, 37]. This snapshot-based
treatment is in sharp contrast to the application in real au-
tonomous vehicles, where trajectory prediction systems oper-
ate in a continuous environment. In this real-world scenario,
additional constraints must be considered. In particular, the
consistency across successive predictions, which is essential
for integration into downstream decision-making systems.
On the other hand, continuous streaming-based processing
also offers advantages, such as using contextual information
across multiple prediction frames to improve the accuracy
of future motion estimates. Recently, pioneering streaming-
based approaches [24, 30] have emerged, laying the foun-
dation for addressing the challenges of continuous trajec-
tory prediction. RealMotion [30] demonstrates that a simple
backbone architecture combined with streaming mechanisms
achieve promising results on the AV2 dataset [37]. However,
their approach does not use all available temporal informa-
tion to encode the scene context, for example by not taking
into account past predictions.

To advance towards consistent and efficient continu-
ous real-world motion forecasting, we introduce a novel
streaming-based trajectory prediction approach that uses
temporal information for targeted scene context extrac-
tion. In particular, we propose a streaming endpoint-aware
modeling (SEAM) architecture to effectively incorporate
information across consecutive frames. By leveraging pre-
diction endpoints from the previous prediction frame as prior
information, we directly integrate target region informa-
tion into our modeling without requiring resource-intensive
refinement iterations. In-depth evaluations on AV2 [37],
both single and multi-agent benchmarks, show that our
new streaming mechanism provides significant advantages
over previously proposed streaming techniques [30]. We
demonstrate that our approach outperforms more complex
and resource-demanding models, while also addressing real-
world considerations like reducing fluctuations across multi-
ple predictions for the same agent. It combines high accuracy
with minimal inference latency, achieving state-of-the-art
results for streaming-based trajectory prediction on the AV2
benchmarks. In summary, our main contributions include:
• We propose a new trajectory prediction model, effectively

leveraging the consecutive nature of scenarios for target-
centric context encoding without any refinement steps.

• Despite achieving minimal inference latency, we demon-
strate that our model outputs excellent results on complex
trajectory prediction tasks and sets a new state-of-the-art in
streaming processing on the AV2 multi-agent benchmark.

• Our ablation study highlights the effectiveness of our
endpoint-aware modeling in propagating information from
the previous prediction timestep.

2. Related Work
Trajectory prediction methods typically take agent states
and map information as input. Map data is predomi-
nantly modeled as vectorized data [12, 32] and encoded
by PointNet-like architectures [26], while agent time series
information is commonly processed by recurrent architec-
tures [21, 32], attention-based modules [4, 17, 25, 30] or
state-space models [39]. To capture relationships between
agents and map elements, recent methods utilize graph neu-
ral networks [6, 12, 16, 18, 31, 38] or attention-based en-
coders [4, 11, 19, 22, 23, 28, 41]. Trajectory decoding is per-
formed using either multilayer perceptrons (MLPs) [4, 30]
or more advanced cross-attention-based designs [28, 29, 39].

2.1. Refinement Modules for Trajectory Prediction
Iterative refinement is a common strategy in state-of-the-art
trajectory prediction approaches [11, 28, 34, 42, 43]. Long-
horizon benchmarks like Argoverse 2 [37] and WOMD [9]
involve predictions spanning over 100 meters, resulting in
a large number of scene context elements. While the initial
agent position helps to identify the relevant context, detecting
critical elements at long distances remains challenging based
solely on the given past motion of the agent. To address this,
multiple refinement steps can be applied to progressively
extract scene context elements that have a strong influence
on future agent behavior [28, 42]. Initial predictions provide
strong guidance for identifying key scene elements which
can be used to iteratively refine the trajectory hypotheses.

MTR [28] and its follow-up works [7, 11, 29] iteratively
refine trajectory predictions, using dynamic intention queries
for aggregating scene context during decoding. R-Pred [5]
proposes a two-stage forecasting approach where initial pre-
dictions define scene context tubes which are then utilized by
a refinement network to generate improved predictions. QC-
Net [43] employs a two-stage decoding process, where initial
predictions are used as priors in a refinement stage by incor-
porating them into the mode query of a cross-attention de-
coder. Additionally, at each inference step, it divides future
trajectory prediction into shorter temporal segments, which
are predicted recurrently. SmartRefine [42] proposes an
adaptive refinement iteration strategy, which is demonstrated
for QCNet. At each inference step, an adaptive number of
trajectory decoding iterations are performed to progressively
refine predictions based on updated scene encoding. Re-
cently, DeMo [39] introduces a decoupled query strategy,
first modeling motion state consistency and multi-modal
intents separately before decoding the final trajectory output.

Overall, methods like DeMo [39] and SmartRefine [42]
provide strong evidence that multi-stage decoding improves
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trajectory prediction quality. However, the gains in accuracy
are often only small, especially considering the significantly
higher computing costs required for executing a multi-stage
refinement scheme at each prediction time step. This dimin-
ishing return underscores the need for novel strategies to
balance computational cost and accuracy, when designing
trajectory prediction models for real-world applications.

2.2. Streaming Trajectory Prediction
Current trajectory prediction research primarily focuses
on snapshot-based prediction, where individual scenarios
are processed without considering global temporal context
across evolving scenes. In practice, however, autonomous
systems operate in a continuous environment and process
data in a streaming manner, introducing additional require-
ments like temporal consistency, as well as opportunities for
improvement by leveraging additional temporal information.

Pang et al. [24] present an early contribution to motion
forecasting in continuous, streaming scenarios. Their predic-
tive streamer extends snapshot-based trajectory prediction
models with a custom occlusion reasoning module and a
differentiable filter to enhance temporal consistency. Real-
Motion [30] shows that incorporating context and predictions
from previous frames enables accurate results even with a
simple backbone [4]. They introduce a context stream ap-
plying cross-attention on ego-motion-aligned context from
current and previous frames, and a trajectory relay mech-
anism that refines current predictions via offsets from em-
bedded past predictions. DeMo [39] also integrates both
mechanisms into their approach. HPNet [31] includes the
exploration of a basic historical prediction attention module
on the comparatively simple AV1 dataset [3]. QCNet [43]
explores a key-value cache for past observations, touching
on concepts related to streaming processing. However, it
does not consider past predictions or ensure alignment across
prediction steps, and its compute-intensive decoder poses
significant challenges for real-time deployment.

Overall, existing streaming-based methods incorporate
mechanisms to maintain the consistency of successive predic-
tions [24, 30] and leverage the propagation of agent-centric
scene context across timesteps [30] to address the continuous
nature of real-world autonomous driving. However, they do
not explore the use of the previously predicted trajectories
as prior knowledge for context encoding. Given the impor-
tance of these regions for extracting relevant contextual fea-
tures [28, 42], we propose an efficient strategy that includes
this information in a single decoding step, thereby avoiding
the high computational overhead of refinement modules.

3. Streaming Trajectory Prediction Using
Endpoint-Aware Modeling

We propose SEAM, an accurate yet lightweight trajectory
prediction method based on a streaming-based processing

paradigm. Unlike refinement-based approaches [28, 42],
which use multi-stage decoding to iteratively refine predic-
tions by aggregating relevant scene context, SEAM intro-
duces a novel mechanism that propagates predictions across
timesteps to extract endpoint-centered target region features.
This design enables SEAM to achieve high accuracy with
low latency by avoiding the computational overhead of re-
finement iterations. Furthermore, by leveraging past predic-
tions to identify potential target regions, SEAM addresses
a key limitation of prior streaming-based methods [24, 30],
which ignore this strong temporal prior. Our approach aligns
well with the continuous nature of real-world autonomous
driving: as future prediction timesteps unfold, interactions
with other agents may evolve and must be dynamically con-
sidered. For example, recall Figure 1: when predicting a
turn, a potentially crossing pedestrian on the sidewalk must
be considered. As illustrated in overview Figure 2, we lever-
age past prediction endpoints to guide the model towards
relevant regions, allowing us to achieve highly accurate fu-
ture trajectories in a single decoding step, eliminating the
need for computationally expensive refinement iterations.

The core component of our approach is the streaming-
based dual-region encoding mechanism that uses the end-
points from past predictions to enhance scene context ag-
gregation. In addition to conventional agent-centric context
encoding, which is centered at the current position of the fo-
cal agent, we introduce a second set of context features: We
extract target-centric features by retrieving scene elements
closely around the endpoints of the previously predicted tra-
jectory as these regions are likely to have high relevance
for the current frame’s prediction. We encode them using
a shallow target encoder with the trajectory endpoints as
coordinate system origins. During decoding, we execute
attention to both agent-centric and target-centric features.

We describe the baseline encoding in Sections 3.1 and 3.2.
Next, we introduce our endpoint-aware modeling (EAM),
which includes the novel target-centric feature encoding
(Section 3.3) and its integration into the proposed dual-
context decoder (Section 3.4). Section 3.5 outlines the inte-
gration of baseline streaming mechanisms [30]. We present
our extension to the multi-agent setting in Section 3.6.
Input Representation: Trajectory prediction refers to
forecasting future trajectories F given historical agent states
A and lane data L. We follow the common input represen-
tation of state-of-the-art work [4, 25, 30, 39] and initially
sample all agents and map elements within a fixed radius
around the focal agent. A tensor A ∈ RNa×Th×Da rep-
resents the historical trajectories, where Na is the number
of agents, Th represents the number of historical timesteps
and Da the feature dimension of the motion states, i.e. po-
sitions and velocity. Each lane is represented by sampling
Pl points along its centerline. We define lane data as a ten-
sor L ∈ RNl×Pl×Dl , where Nl denotes the number of lane
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Figure 2. Overview of our streaming-based trajectory prediction architecture SEAM. We assume that for frame t− 1 no previous prediction
exists for our focal agent. Thus, only a standard trajectory prediction model pass is executed. In the next frame t, we incorporate the
endpoints from the previous predictions to aggregate target-centric context information. We encode them using a second encoder path and
provide it as additional input to our novel dual-context decoder.

segments and Dl represents the feature dimension, i.e. the
xy-coordinates of the centerline. To facilitate efficient encod-
ing of historical movements and lane data, we first transform
each element in a local coordinate system [4]. We normal-
ize the historical trajectories w.r.t. their initial pose while
coordinates of lane centerlines are given w.r.t. their center
position. This enables the model to learn motion patterns
and lane segment shapes independently of global positions.

Output Representation: Our model predicts for a fo-
cal agent the multi-modal future trajectory hypotheses
F ∈ RK×Tf×2, where Tf denotes the number of future
timesteps and K the number of motion modes, along with
associated probability scores P ∈ RK . We represent fu-
ture trajectories in xy-coordinates. Thus, trajectory pre-
diction can be formulated as (F, P ) = f(A,L), where
f is our trajectory prediction model. More specifically, our
model consists of an encoder fE generating the scene con-
text S = fE(A,L) and a trajectory decoder fD using the
scene context S ∈ RNa+Nl×D to predict trajectories F and
probability scores P as (F, P ) = fD(S).
Streaming Processing: To align with real-world au-
tonomous driving applications, we adopt a streaming pro-
cessing scheme to predict the future trajectories at the current
timestep t. We leverage previously encoded context informa-
tion St−1 and past trajectory predictions F t−1 to generate
highly accurate predictions and ensure temporally consistent
trajectories. Consequently, our trajectory prediction at time
t can be formulated as (F t, P t) = f(At, Lt, St−1, F t−1).

3.1. Agent and Lane Encoding
We follow [17, 25] to encode the historical agent movement
by projecting the agent data At into the D-dimensional fea-
ture space RNa×Th×D using a linear layer. Next, we apply
multi-head self-attention [33] along the temporal dimension
to capture the agent motion dynamics and use a pooling
operation to aggregate temporal information. This yields
an agent representation At

e ∈ RNa×D where the movement
of each agent is encoded in a feature vector R1×D. To
encode the lane data, we follow the default state-of-the-
art approach [4, 25, 28–30, 39] of using a mini-PointNet-
like [26] network. This results in a lane context representa-
tion Lt

e ∈ RNl×D. Thus, our encoders fA and fL generate
agent feature tokens At

e = fA(A
t) and lane feature tokens

Lt
e = fL(L

t) for further encoding.

3.2. Agent-Centric Context Encoding
After encoding each scene context element individually, the
relationships among all scene elements must be learned. To
achieve this, we concatenate the agent At

e and lane Lt
e to-

kens to form a scene context representation Ct ∈ RNc×D,
where Nc = Na +Nl. To incorporate categorical informa-
tion, like different agent and lane types, we add learnable
type embeddings [4] to the scene tokens. A common way
for encoding relations among map elements and agents is
self-attention across scene tokens [4, 17, 25, 39, 42]. To this
end, a global positional encoding must be established, which
is commonly done using a focal agent-centric coordinate
system. We encode the global poses using the position (x, y)
and the rotation yaw of each local token coordinate system,
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Figure 3. Architecture of our novel dual-context attention decoder,
leveraging both agent-centric St and target-centric T t features.

i.e. agent track origin and lane segment center. We apply a
sine and cosine transformation to the yaw and process the
pose information RNc×4 using a two-layer multilayer percep-
tron (MLP). Following, we add the positional embeddings
to our context tokens Ct ∈ RNc×D and apply multi-head
attention in our scene encoder fS . This yields the encoded
scene context St = fS(C

t) with St ∈ RNc×D.

3.3. Target-Centric Context Encoding
The agent-centric encoding implicitly guides the model to fo-
cus on the surroundings of the focal agent, where nearby con-
text elements are highly relevant for predicting future motion.
However, as highlighted in Figure 1, also the areas where the
agent is heading to are highly important for accurate predic-
tions. Since we operate in a streaming-based setting, each
agent that was visible in the previous frame has multi-modal
past trajectory predictions, denoted as F t−1 ∈ RK×Tf×2.
These previous predictions F t−1 provide a strong prior for
scenario regions that are also crucial for context extraction.
We use the endpoints of these trajectories as anchors to de-
fine K target regions. Next, we gather tokens from our scene
context Ct within a region-of-interest radius r around each
target anchor, forming K individual target context token sets
Ct

T ∈ RK×N ′
c×D. In practice, N ′

c is significantly smaller
than Nc making our target encoding computationally less
expensive than the main agent-centric encoding.

Following the same process as for the agent-centric scene
context S, we encode each target-centric context Ct

T individ-
ually in our target encoder fT , obtaining T t ∈ RK×N ′

c×D.
To capture the relationship between the global coordinate
root and each target anchor coordinate frame, we also add
positional embeddings for the transformation to the target
anchor of each region (see our supplementary for details).

3.4. Decoding with Dual-Context Attention
Our decoder fD generates future trajectories F t and prob-
ability scores P t based on the agent-centric scene context
St and our novel target-centric scene context T t, formulated
as (F t, P t) = fD(Q,St, T t). We employ learnable queries
Q ∈ RK×D to obtain multi-modal outputs and implement a
DETR-like [2] decoding approach. Figure 3 illustrates the
architecture of our dual-context attention decoder.

We iteratively execute cross-attention d-times to our

scene context S ∈ RNc×D, and the target-specific tokens
T ∈ RK×N ′

c×D. Thus, information from both feature sets
is available in each decoder stage and integrated into our
final output. The agent-centric context S provides local
information, while our target context T gives the model
fine-grained information on long-horizon dependencies with
other agents and map elements. Each mode query only at-
tends to one associated set of target tokens T ∈ R1×N ′

c×D.
Finally, we project the decoded queries Q′ to future trajecto-
ries F t ∈ RK×Tf×2 and probability scores P t ∈ RK using
a dedicated two-layer MLP for each output.

3.5. Context Referencing and Trajectory Relaying
In addition to our novel endpoint-aware modeling, we lever-
age context referencing and trajectory relaying [30] to model
the streaming setting through information flow from the pre-
vious frame t−1. We follow the setup of [30] for both
mechanisms to enable fair comparison: To account for focal
agent motion between t−1 and t, we apply motion-aware
layer normalization (MLN) [35] to the scene context St−1

before integrating it into the current encoding Ct via agent-
to-scene and map-to-map cross-attention. Trajectory relay
employs a cross-attention-based interaction module to refine
the current predictions F t using past predictions F t−1.

3.6. Extension to Multi-Agent Settings
To predict accurate trajectories for all agents Na in a scene,
we first generate marginal predictions for each agent individ-
ually. To this end, we treat each agent as focal agent once for
our single-agent model, stack the input data and perform an
inference pass with a batch size of Na. Next, we introduce a
lightweight global consistency module, to fuse the marginal
predictions to joint, globally consistent world predictions.

Our consistency module takes the mode features
Q′ ∈ RNa×K×D for each agent and their global positions
R ∈ RNa×4 as input. A shallow MLP encodes the global
positions into positional embeddings. We then apply self-
attention across all modes per agent (over K) as well as
self-attention across all agents per mode (over Na) to cap-
ture intra- and inter-agent relationships. Following our single
agent decoder design, we decode the final world trajectory
predictions using two shallow MLPs. As output, we ob-
tain Fw ∈ RK×Na×Tf×2 world predictions with associated
confidence scores Pw ∈ RK .

4. Experiments
We present experimental results on the single-agent and
multi-agent benchmarks of the Argoverse 2 (AV2) [37]
dataset, along with a latency analysis for both settings to
assess the practical applicability of our approach. Addition-
ally, we provide an ablation study for our endpoint-aware
modeling on both AV2 and Argoverse (AV1) [3], with further
results included in the supplementary material.
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Method Streaming minADE1 minFDE1 MR6 minADE6 minFDE6 brier-minFDE6

SIMPL [40] ✗ 2.03 5.50 0.19 0.72 1.43 2.05
HPTR [41] ✗ 1.84 4.61 0.19 0.73 1.43 2.03
Forecast-MAE [4] ✗ 1.74 4.36 0.17 0.71 1.39 2.03
MTR [28] ✗ 1.74 4.39 0.15 0.73 1.44 1.98
EMP-D [25] ✗ 1.75 4.35 0.17 0.71 1.37 1.98
GANet [34] ✗ 1.77 4.48 0.17 0.72 1.34 1.96
ProIn [8] ✗ 1.77 4.50 0.18 0.73 1.35 1.93
RealMotion [30] * ✓ 1.65 4.12 0.15 0.67 1.29 1.93
QCNet [43] ✗ 1.69 4.30 0.16 0.65 1.29 1.91
RealMotion [30] (Train/Val)* ✓ 1.59 3.93 0.15 0.66 1.24 1.89
Tamba [14] ✗ 1.66 4.24 0.17 0.64 1.24 1.89
ProphNet [36] ✗ 1.80 4.74 0.18 0.68 1.33 1.88
MTR++ [29] ✗ 1.64 4.12 0.14 0.71 1.37 1.88
DyMap [10] ✗ - - - 0.71 1.29 1.87
SmartRefine [42] ✗ 1.65 4.17 0.15 0.63 1.23 1.86
DeMo [39] ✓ 1.49 3.74 0.13 0.61 1.17 1.84
SEAM (Ours) ✓ 1.60 3.95 0.15 0.66 1.24 1.84

Table 1. Single-agent trajectory prediction results on the Argoverse 2 test set. For all metrics lower indicate better, table sorted in descending
order by brier-minFDE6. We report results for published works on the official leaderboard without model ensembling. The streaming
approach of Pang et al. [24] is not included (their custom dataset prevents direct comparison). *For RealMotion [30] we report the results
for their official checkpoint, as well as the results from their paper, which is trained on the train and validation set.

4.1. Experimental Settings
Dataset: We evaluate our model on the Argov-
erse 2 (AV2) [37] trajectory prediction dataset. It has a sam-
pling rate of 10 Hz and contains 199,908 training, 24,988 val-
idation, and 24,984 test scenarios collected in six U.S. cities.
In each scenario the first 5 s serve as historical context and
the goal is to predict the trajectories for the subsequent 6 s.
The long historical context makes AV2 ideal for evaluation
in streaming processing, as it allows a reasonable sliding-
window processing (see below). In contrast, WOMD [9]
provides only 1 s of history and nuScenes [1] offers 2 s but at
only 2 Hz. Further reducing this few historical data points to
multiple windows limits the agent encoder’s ability to learn
motion patterns. Both are also not considered for streaming
processing by related work [24, 30, 39]. We evaluate on the
single-agent (predict trajectories for one agent per scenario)
and multi-agent (predict globally consistent trajectories for
multiple agents per scenario) benchmarks of AV2. Addition-
ally, we provide an ablation study on Argoverse 1 (AV1) [3]
which features 2 s history and considers a future of 3 s.
Metrics: We evaluate our approach using the standard
AV2 [37] benchmark metrics. For the single-agent case,
we use the miss rate (MRk), minimum average displace-
ment error (minADEk), minimum final displacement error
(minFDEk), and Brier minimum final displacement error
(brier-minFDEk). Following the official leaderboard, we
evaluate using the top k ∈ {1, 6} scoring trajectories. For
the multi-agent case we utilize the actorMRk, avgMinADEk,
avgMinFDEk and avgBrierMinFDEk which account for the
mean errors across all actors in each world.
Streaming Processing: To enable streaming processing

using existing benchmarks, we follow [30, 39] by limiting
the historical model input Th to a fraction of the available
history. We then operate using a sliding window and conduct
multiple model executions. In particular, for AV2 we use a
historic input of h = 3 s and execute three predictions at t ∈
{3, 4, 5}s. The final prediction is made at the same time point
as in snapshot-based methods, allowing a fair comparison.
We provide a detailed comparison of streaming and snapshot-
based processing in our supplementary material.

4.2. Argoverse 2 Single-Agent Results

Table 1 shows the results for the Argoverse 2 single-agent
test set. Our SEAM, along with DeMo [39], achieves the
best score on the main metric (brier-minFDE6), outperform-
ing recent work like Tamba [14] and even more resource-
intensive methods, such as QCNet [43] and SmartRefine [42].
This strong performance without any refinement iterations
highlights the effectiveness of our endpoint-aware modeling.
We also outperform RealMotion [30], a prior streaming-
based prediction method, while also achieving lower in-
ference latency (Sec. 4.4). DeMo [39] achieves slightly
lower displacement errors since their decoupled decoding
yields more diverse trajectories, but at a significantly higher
latency (Sec. 4.4). The small gap between minFDE6 to
brier-minFDE6 (induced by the main metric’s probability
penalty) demonstrates our model’s strong confidence estima-
tion, which is also crucial for downstream integration into
the planning module. This highlights that directly integrating
target-centric features helps assess maneuver likelihood.
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Method Streaming avgMinADE1 avgMinFDE1 actorMR6 avgMinADE6 avgMinFDE6 avgBrierMinFDE6

FJMP [27] ✗ 1.52 4.00 0.23 0.81 1.89 2.59
Forecast-MAE [4] ✗ 1.30 3.33 0.19 0.69 1.55 2.24
RealMotion [30] ✓ 1.14 2.97 0.18 0.62 1.32 2.01
DeMo [39] ✓ 1.12 2.78 0.16 0.58 1.24 1.93
SEAM (Ours) ✓ 1.05 2.57 0.16 0.62 1.21 1.85
QCNeXt [44] ✗ 1.03 2.55 0.14 0.54 1.13 1.79

Table 2. Multi-agent trajectory prediction results on the Argoverse 2 test set. For all metrics lower values indicate better performance, table
sorted in descending order by avgBrierMinFDE6. For all methods we report results without model ensembling.

Method Streaming Latency (B = 1) Latency (B = 32) Latency (B = 64) Model AV2 Test Set
Offline Online Offline Online Offline Online Parameters brier-minFDE6

SmartRefine [42] ✗ >118 ms* >680 ms* - 8.0M 1.86
QCNet [43] ✗ 118 ms 680 ms - 7.7M 1.91
RealMotion [30] ✓ 86 ms 24 ms 247 ms 88 ms 436 ms 150 ms 2.9M 1.93
DeMo [39] ✓ 139 ms 39 ms 275 ms 83 ms 466 ms 142 ms 5.9M 1.84
SEAM (Ours) ✓ 91 ms 28 ms 140 ms 50 ms 246 ms 74 ms 4.6M 1.84

Table 3. Latency analysis for predicting B Argoverse 2 scenarios in the single-agent setting using a NVIDIA V100 GPU. Online (for
streaming-based methods) is the time required to process a single sliding window; Offline is the time required to process the full stream (to
generate the benchmark predictions). For streaming methods the online latency is relevant for practical applications. *SmartRefine does not
provide an implementation for AV2—since its main results add refinement iterations to QCNet, latency is higher than for QCNet.

4.3. Argoverse 2 Multi-Agent Results
Previous methods, e.g. [14, 42], often report only single-
agent results. However, the multi-agent benchmark is more
relevant for practical systems: models deployed in real-world
settings must be capable to predict trajectories for more than
one agent in a scene at the same time. The results in Ta-
ble 2 show that, in this setting, our SEAM outperforms
previous streaming-based methods [30, 39] in the main met-
rics. The current best-performing method is the snapshot
method QCNeXt [44], an extension of QCNet [43]. How-
ever, the displacement errors differ only by a few centimeters,
whereas its extensive use of recurrence and refinement itera-
tions in decoding poses significant challenges for real-time
deployment. Since model latency directly impacts the delay
between sensor observations and prediction output, models
with computational overhead may lead to worse results in
real-world scenarios due to delayed response. For reference,
an agent traveling at 50 km/h covers approximately 0.7 m
in 50 ms. Thus, marginally lower displacement errors at
increased processing delay offer no benefit in practice.

4.4. Latency Analysis
Argoverse 2 Single-Agent Setting: Table 3 compares la-
tencies for predicting various batch sizes of AV2 single-agent
scenarios. Our approach has favorable runtime compared to
related work, especially since it scales well with larger batch
sizes which are relevant in practice as the single-agent bench-
mark evaluates only one agent per scenario. SEAM achieves
minimal latency by using only a single decoder pass, un-
like DeMo [39], QCNet [43] and SmartRefine [42], which

employ multiple decoding stages. Additionally, it predicts
the complete future trajectory without splitting it into seg-
ments, as done in QCNet and SmartRefine. In comparison
to RealMotion [30] our more efficient decoder design leads
to a latency advantage. The fast processing speed makes our
approach highly suitable for real-world deployment, as it
combines streaming modeling with computational efficiency
— two key considerations for practical use.
Argoverse 2 Multi-Agent Setting: Related work
on streaming-based processing (RealMotion [30] and
DeMo [39]) does not provide details on their multi-agent
implementations. Moreover, no official implementation is
available for QCNeXt [44]. As a result, a direct latency
comparison is not possible. However, based on the nature of
the task, we can reasonably assume that per-scenario latency
in a multi-agent setting exceeds the single-agent latencies
reported in Table 3. For our model, we measure an average
online latency of 38 ms per scenario in the multi-agent set-
ting on the AV2 validation set using a single NVIDIA V100
GPU (batch size B = 1). Notably, this is even faster than
the single-agent prediction latencies reported for DeMo and
QCNet, highlighting the high efficiency of our approach.

4.5. Ablation Studies

Information Streaming Mechanisms: In Table 4 we
compare our endpoint-aware modeling (EAM), which in-
cludes the target-centric feature encoding and the dual-
context decoder, to the context stream (CS) and trajectory
relay (TR) streaming mechanisms introduced by previous
work [30]. The top row in each group presents the results
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Figure 4. Qualitative results on two Argoverse 2 scenarios. We show the predictions of our streaming-based method at t ∈ {3, 4, 5}s. The
visualizations also show ground truth future, agent histories, and neighboring agents. The right column shows the final predictions at
t = 5s for RealMotion [30] in the streaming-based setting. Top row: the focal agent is approaching an intersection where other traffic is
currently passing by, making it difficult to identify possible movement. Bottom row: a pedestrian crosses the street at an intersection to
the right. Our approach correctly predicts that the vehicle can either continue straight or turn right, either waiting before the crosswalk or
proceeding directly if the pedestrian has already left the crosswalk.

Dataset h Stream CS+TR [30] EAM mADE6 mFDE6 b-mFDE6

2s ✗ ✗ ✗ 0.64 1.04 1.67
AV1 1s ✓ ✓ ✗ 0.62 0.98 1.62
Val 1s ✓ ✗ ✓ 0.60 0.95 1.55

1s ✓ ✓ ✓ 0.59 0.93 1.52

5s ✗ ✗ ✗ 0.77 1.39 2.00
AV2 3s ✓ ✓ ✗ 0.75 1.29 1.93
Val 3s ✓ ✗ ✓ 0.70 1.27 1.88

3s ✓ ✓ ✓ 0.66 1.25 1.85

Table 4. Comparison of different information forwarding mecha-
nisms for streaming trajectory prediction. We compare the integra-
tion of context stream (CS) and trajectory relay (TR) introduced
by [30] to our endpoint-aware modeling (EAM). The first line
shows the traditional snapshot-based use. We highlight best values.

of our backbone architecture operating in the traditional
snapshot-based prediction setting without any streaming
mechanism. Comparing streaming-based processing using
CS and TR to our approach highlights the effectiveness of our
EAM in propagating information from the previous frame.
Our prediction endpoint-aware modeling achieves a larger
improvement than the two streaming mechanisms proposed
by [30]. Leveraging endpoint information in the streaming
setting proves to be highly beneficial for enhancing trajec-
tory prediction accuracy. Overall, combining our EAM with
CS and TR leads to the best results.
Target Context Radius: We evaluate the influence of dif-
ferent target context radii r in Table 5. Performance saturates
at a radius of 30 meters, as incorporating further context at
larger radii does not provide relevant information for our
endpoint-aware modeling. A larger radius increases the num-
ber of target context tokens and thus latency, making a radius
of 30 meters an optimal trade-off between performance and
efficiency for practical applications. Notably, our approach
remains effective even with a smaller radius of 10 meters,
as injecting previous endpoint positions into the decoder
already provides a strong prior. Incorporating the endpoint
location during decoding also guides cross-attention toward

Dataset r mADE6 mFDE6 b-mFDE6

10m 0.68 1.27 1.89
AV2 15m 0.67 1.26 1.87
Val 30m 0.66 1.25 1.85

45m 0.66 1.25 1.85

Table 5. Comparison of different radii r to select context elements
for our target-centric region. We highlight best values.

agent-centric features, further underscoring the importance
of endpoint information in streaming processing.

4.6. Qualitative Results
Figure 4 shows predictions for two AV2 validation set scenar-
ios, illustrating the evolving nature of streaming processing
at t ∈ {3, 4, 5}s. To demonstrate the benefits of our endpoint-
aware modeling against previous work on streaming trajec-
tory prediction, we also show the output of RealMotion [30]
at t = 5s. Additional qualitative results, including failure
cases, are available in the supplementary material.

5. Conclusion
We propose a novel endpoint-aware modeling for streaming-
based trajectory prediction. Our dual-context approach en-
ables us to effectively incorporate the continuously evolv-
ing relevant scene context, eliminating the need for costly
trajectory refinement iterations to achieve highly accurate
predictions. We significantly outperform inference speed
of highly iterative schemes [29, 42] and previous streaming
based methods [30, 39] for practical scenario sizes, while
achieving competitive results on the Argoverse 2 single-
agent dataset and setting new state-of-the-art for streaming-
based trajectory prediction on the multi-agent benchmark.

Acknowledgments. This work was partially funded by Addsafety
(923936), a COMET Project funded by BMIMI, BMWET as well
as the co-financing federal province of Styria. The COMET pro-
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Streaming Real-Time Trajectory Prediction Using Endpoint-Aware Modeling

Supplementary Material

In this supplementary, we first present a comparison of
our streaming processing to traditional snapshot-based meth-
ods in Appendix A. To support reproducibility, in the fol-
lowing, we provide all implementation details of our model
(Appendix B) and how to apply it to the multi-agent set-
ting (Appendix C). We further detail the evaluations (Ap-
pendix D), present additional results, such as a robustness
study on recovering early prediction errors, and provide visu-
alizations of our approach (Appendix E). Finally, we provide
an overview of the code framework (Appendix F) which is
also included as supplemental material.

A. Streaming vs. Snapshot-based Processing

Figure 5 compares the standard snapshot-based trajectory
prediction paradigm to the streaming-based processing em-
ployed by us and related work [30, 39]. Both paradigms use
the same scenario splits to separate training and validation
data, ensuring a fair comparison. To enable streaming pro-
cessing without longer context data, the historical input fed
into the model is reduced. This allows multiple predictions
to be executed within the same set of training data.

The streaming-based processing closely reflects real-
world deployment scenarios, where trajectory prediction
models operate in a continuous setting. It enables an in-
formation flow between successive prediction steps, unlike
the snapshot-based paradigm, where each prediction is per-
formed independently. This allows models to leverage tem-
poral information, leading to more robust and consistent
forecasting.

For Argoverse 2 [37] we set the model input history to
h = 3 s, which corresponds to Th = 30 input samples and
we execute three predictions with a 1 s time gap in between
at t ∈ {3, 4, 5} s. Following the benchmark settings, we
predict a future of 6 s which corresponds to Tf = 60 out-
put time steps. To fully leverage the available training data
during streaming processing, we also predict for Ta = 20
additional steps into the future. This leads to a total model
output of 8 s seconds. For all evaluations and also for select-
ing our endpoint-centric features only the future up to Tf

steps is relevant. During the first and second model pass, the
additional future steps Ta allow us to compute the regres-
sion losses on a longer future horizon, effectively teaching
the model to predict long-term future. For our ablation on
Argoverse 1 [3] we use a historic input of 1 s (Th = 10) and
execute three passes at t ∈ {1, 1.5, 2} s.

       

Figure 5. Comparison between snapshot-based and streaming-
based trajectory prediction paradigms. Both approaches operate on
the same benchmark input data, ensuring a fair comparison without
additional data. In the streaming paradigm, past observations are
processed using a sliding window, closely resembling practical
deployment conditions. To model the challenges of real-world op-
eration information relay mechanisms are established in streaming
processing. This enables more consistent and temporally coherent
predictions compared to snapshot-based processing, which handles
each frame independently. In this example, predictions from the
third pass of the streaming model can be directly evaluated against
those from the snapshot-based approach.

B. Implementation Details

We set the feature dimension of our model to D = 128. Our
categorical type embeddings distinguish between four agent
types (vehicles, pedestrians, cyclists, and others) and three
lane types (standard lanes, bike lanes and bus lanes). We use
the standard radius of 150 meters to collect scene elements [4,
25, 30, 39]. To maintain a manageable number of scene
tokens, we do not split the lanes into smaller segments as
e.g. suggested by [11, 17]. We use the xy-positions, xy-
velocities and a corresponding valid flag to encode agent
data, leading to Da = 5. To encode the lane data, we use the
xy-positions of each lane point and a valid flag to mask parts
of lane segments exceeding the region of interest, leading to
Dl = 3.

B.1. Positional Embeddings

To model the global poses of all elements — agents, lanes,
and target-centric coordinate systems — we represent each
using its position (x, y) and rotation yaw. For agents, we
use their initial position and orientation; for lanes, we use the
center point and orientation of the centerline; and for target-
centric coordinate systems, we use the trajectory endpoint
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Figure 6. Modeling of target-centric coordinate system (orange)
using the prediction (green) from the previous time frame. We
also show the target context radius (orange) and the positional
embedding (blue) used to model the relationship to the agent-centric
origin (black).

and compute the orientation based on the curvature at the
trajectory’s end.

B.2. Target-Centric Coordinate Systems
Figure 6 illustrates the setup of our target-centric coordi-
nate systems. We use the endpoint from trajectory predic-
tion F t−1 at the previous time step to create a local ref-
erence frame centered and oriented around the target re-
gion. All scene features within the target context radius are
then encoded w.r.t. the target coordinate system. To cap-
ture global spatial relationships, we additionally incorporate
positional embeddings from the agent-centric origin to the
target-centric frame (blue dashed line).

B.3. Multi-Head Attention Blocks
For our multi-head attention blocks we use the following
configuration:
• Number of attention heads: 8
• Dropout rate: 0.2
• Feedforward expansion factor: 4 ·D
• Activation function: GELU [13]
• Norm before attention operation

B.4. Encoder
We utilize four encoder blocks in the agent encoder fA and
four encoding blocks in our scene context encoder fS . For
our target context encoder fT we utilize two encoder blocks.
Table 6 provides an ablation study for the depth of our novel
target context encoder. Since the number of tokens N ′

c in our

Dataset # Blocks mADE6 mFDE6 b-mFDE6

1 0.66 1.26 1.86
AV2 Val 2 0.66 1.25 1.85

3 0.66 1.26 1.85

Table 6. Ablation study for different number of attention blocks in
our target encoder fT .

target-centric context is smaller than the number of tokens
Nc in the agent-centric context, a shallower encoder can be
used. To compute the position embeddings for a given pose
(x, y, θ) we first transform it to (x, y, sin θ, cos θ). Then, we
apply a two-layer multilayer perceptron (MLP):
• Layer 1: 4×D
• GELU [13] activation function
• Layer 2: D ×D

B.5. Decoder
Our dual-context decoder consists of three stages (d = 3),
resulting in a total of six cross-attention blocks. If an agent
has no previous prediction, the cross-attention step to the
target-centric context is skipped. The MLP to process the
decoded queries Q′ and output future trajectories F has two
layers:
• Layer 1: D × 2 ·D
• ReLU activation function
• Layer 2: 2 ·D × 2 · (Tf + Ta)
Similarly, the MLP for outputting probability scores P :
• Layer 1: D × 2 ·D
• ReLU activation function
• Layer 2: 2 ·D × 1

As described above (Appendix A), our decoder predicts
Ta additional steps in addition to the Tf steps which are used
as actual trajectories in the evaluation.

B.6. Optimization
We employ a common winner-takes-all strategy for training
our model [4], where only the best fitting predicted trajectory
(i.e. with the smallest average displacement error) is used for
optimization. We utilize a smooth L1 loss (Huber loss [15])
as regression loss Lreg to ensure that the hypothesis fits to the
ground truth. Additionally, we use a standard cross-entropy
loss Lcls to assign the highest confidence score to the best-
fitting trajectory. To further enhance learning, we employ an
auxiliary loss Laux [4], where a single trajectory is predicted
for each non-focal agent present in the scene, and a smooth
L1 loss is applied. To predict the auxiliary future, we utilize
a linear layer D×2·Tf for each token in our scene context S
that corresponds to an agent excluding the focal agent. The
final loss is given as L = Lreg + Lcls + Laux.

We train our model for 80 epochs, with the first 13 epochs
serving as warm-up phase, during which the we linearly
increase the learning rate from 1e-5 to 1e-2. Afterward,

12



we decrease the learning rate to 1e-5 using a single cosine
annealing schedule. Training is executed using a batch size
of 32 on a single NVIDIA Quadro RTX 8000. We utilize
AdamW [20] as optimizer, employ norm-based gradient
clipping with maximum value set to 5 and execute weight
decay with 1e-2. We only train on the Argoverse 2 training
set without any pre-training or data augmentations.

C. Multi-Agent Extension
C.1. Implementation Details
In the AV2 multi-agent settings the goal is to predict tra-
jectories for all scored agents. Our global consistency
module employs two transformer blocks for self-attention
across all modes of an agent, followed by two transformer
blocks for self-attention across agents per mode (world).
In the first stage, we do self-attention on our decoded
Q′ ∈ RNa,s×K×D across all modes K for each agent, where
Na,s is the number of scored agents. Next, we permute the
queries to RK×Na,s×D and perform self-attention across
all agents Na,s per mode. To better model different agent
behavior, we add categorical type embeddings to Q′, dis-
tinguishing between focal-agents, scored-agents which are
driving and scored-agents that are likely to be parked (based
on the marginal predictions). We generate the world predic-
tions Fw ∈ RK×Na,s×Tf×2 using a two-layer MLP:
• Layer 1: D × 2 ·D
• ReLU activation function
• Layer 2: 2 ·D × 2 · Tf

Similarly, the MLP for outputting the associated confidence
scores Pw ∈ RK :
• Layer 1: D × 2 ·D
• ReLU activation function
• Layer 2: 2 ·D × 1
We use the same streaming-processing setup as in the single-
agent setting.

C.2. Optimization
To adapt our approach to the multi-agent setting in Argov-
erse 2 (AV2) [37], we initialize the model weights using our
single-agent model (marginal prediction model). We then
jointly train the marginal prediction model and the global
consistency module end-to-end on the AV2 multi-agent train-
ing set for 35 epochs, without any warm-up phase. To reduce
memory consumption, we freeze the agent and lane encoders.
During training, we apply a cosine annealing schedule to
decay the learning rate from 1e-2 to 1e-5.

Again, we employ a winner-takes-all principle by opti-
mizing only the trajectories of the best world (lowest average
minimum displacement error). Following single-agent train-
ing, we use a regression loss Lreg for each agent prediction
in the best world and employ a cross-entropy classification
loss Lcls to assign the highest confidence score to the best-

fitting world. To retain strong single-agent performance and
guide multi-agent learning, we also include the single-agent
losses Lmarginal (see above) during training on the multi-agent
setting. The final loss is given as L = Lreg +Lcls +Lmarginal.

D. Evaluation Details
D.1. Metrics
We evaluate our approach using the standard AV2 benchmark
metrics. Each metric is evaluated using the top k scoring
trajectory hypotheses. The minimum average displacement
error (minADEk) is the mean Euclidean distance between the
ground truth and the best-fitting hypotheses across all time
steps. The minimum final displacement error (minFDEk)
considers only the distance at the final time step, while the
Brier minimum final displacement error (brier-minFDEk)
adds a penalty term (1−π)2 to the minFDEk, where π is the
probability score for the best-fitting trajectory. The miss rate
(MRk) evaluates whether any predicted endpoint is within a
radius of 2 meters from the ground truth endpoint.

In the multi-agent setting, we evaluate all metrics for
the top k scoring worlds. Each world contains one future
trajectory for each scored agent. The average minimum av-
erage displacement error (avgMinADEk) is computed by
averaging the minADEk across all actors within a world.
Analogously, the average minimum final displacement er-
ror (avgMinFDEk) considers the minFDEk for all actors,
and the average brier minimum final displacement error
(avgBrierMinFDEk) averages the brier-minFDEk across all
actors in a world. The actor miss rate actorMRk denotes the
rate of all scored agents which have an endpoint within 2
meters around the ground truth endpoint.

D.2. Latency Measurements
We utilize the official code implementations to measure
the latencies of QCNet1 [43], RealMotion2 [30], and
DeMo3 [39]. To ensure fair comparison and eliminate influ-
ences by different data loading and preprocessing implemen-
tations, we measure only the inference latency of the model
forward pass.

E. Additional Results
E.1. Streaming Methods on AV2 Validation Set
Table 7 compares streaming-based trajectory prediction ap-
proaches on the Argoverse 2 validation set. Our approach
again yields the best brier-minFDE6, which considers both
displacement errors and trajectory scoring. By comparing
the brier-minFDE6 to minFDE6 values of the different mod-
els, we can assess that our approach excels in estimating the

1https://github.com/ZikangZhou/QCNet
2https://github.com/fudan-zvg/RealMotion
3https://github.com/fudan-zvg/DeMo
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Method minADE1 minFDE1 MR6 minADE6 minFDE6 brier-minFDE6

RealMotion [30] 1.65 4.10 0.16 0.67 1.30 1.94
DeMo [39] 1.48 3.73 0.13 0.61 1.19 1.86
SEAM (Ours) 1.60 3.96 0.15 0.66 1.25 1.85

Table 7. Comparison of streaming-based methods for single-agent trajectory prediction on the Argoverse 2 validation set. For all models we
report results without model ensembling.

Endpoint Noise mADE6 mFDE6 b-mFDE6

N (0, 5) 0.67 1.28 1.88
U(−5, 5) 0.67 1.27 1.87
N (0, 3) 0.67 1.26 1.87
U(−3, 3) 0.67 1.26 1.86
N (0, 1) 0.67 1.25 1.85
U(−1, 1) 0.67 1.25 1.85

None 0.66 1.25 1.85

Table 8. Robustness of our endpoint-aware modeling on the
AV2 [37] validation set by perturbing the prediction endpoints
at t ∈ {3, 4} s. These endpoints, which define the anchors for
extracting our target-centric features, are modified using additive
uniform noise (U ) or Gaussian noise (N ). The shown results corre-
spond to the prediction errors at t = 5s.

likelihood of predicted trajectories, which is important for
interpreting the results in downstream tasks like ego-motion
planning.

E.2. Robustness to Error Propagation

Table 8 evaluates the robustness of our endpoint-aware mod-
eling for information streaming when previous predictions
are noisy. To this end, we perturb the endpoint anchors,
which are used to obtain our target-centric features, with uni-
form or Gaussian noise. The results show that performance
only slightly deteriorates under small prediction noise. Nev-
ertheless, our dual-context approach maintains robust perfor-
mance even when past predictions are affected by errors. The
target-centric features provide additional information that
improves overall prediction accuracy without constraining
predictions, allowing recovery when agent-centric features at
the current timestep indicate a different future movement. As
the noise magnitude increases, performance declines further;
however, the model remains resilient even under substantial
noise offsets.

Furthermore, we analyze the evolution of errors in Fig-
ure 7. The plots compare the minFDE6 for the first pre-
diction, made at t = 3 s into the scenario, with the final
prediction at t = 5 s, each evaluated over a future horizon
of 6 s. The results show that our dual-context decoding ap-
proach can recover from early prediction errors: even when
the initial prediction is inaccurate (high value on the x-axis),
the final prediction can still be highly accurate (low value
on the y-axis). There are also some cases where the initial
prediction is accurate but the final prediction degrades, for
example when an unexpected maneuver, e.g. a sudden stop,

is not apparent in the first prediction window but becomes
relevant in the second. Overall, the model achieves improved
prediction quality over time, as reflected by the higher point
density below the x = y diagonal.
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Figure 7. Density plots of prediction errors. Both plots compare the
first prediction done at t = 3 s (x-axis) versus the final prediction
done at at t = 5 s (y-axis). The top plot shows that even when the
initial error is large, the model can recover and correct its prediction.
The bottom plot provides a zoomed-in view near the origin. The
higher density of points below the x = y diagonal (dashed line)
indicates that predictions generally improve over time.
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Method Latency (B = 1) Latency (B = 32) Latency (B = 64)
Offline Online Offline Online Offline Online

RealMotion [30] 51 ms 13 ms 255 ms 85 ms 512 ms 172 ms
DeMo [39] 73 ms 18 ms 223 ms 71 ms 433 ms 143 ms
SEAM (Ours) 50 ms 13 ms 95 ms 39 ms 185 ms 65 ms

Table 9. Latency analysis for predicting B Argoverse 2 single-agent scenarios using one NVIDIA A10 GPU. We compare streaming-based
methods and report the offline and online inference latency. The online latency is relevant for practical application.

Model Training Data Global Consistency Module actorMR6 avgMinADE6 avgMinFDE6 avgBrierMinFDE6

RealMotion [30] Single-Agent Data ✗ 0.727 1.413 4.060 4.716

SEAM (Ours) Single-Agent Data ✗ 0.693 1.324 3.643 4.256
SEAM (Ours) Finetuned on Multi-Agent Data ✗ 0.228 0.720 1.619 2.126
SEAM (Ours) Finetuned on Multi-Agent Data ✓ 0.155 0.600 1.180 1.814

Table 10. Ablation study on adapting single-agent methods to the AV2 multi-agent validation set. The first two rows show that, without
any model adaptations or finetuning, both our approach and related work [30] perform poorly in the multi-agent setting. Finetuning on the
multi-agent dataset significantly improves performance, and incorporating a global consistency module for scene-level scoring yields the
best results.

Method Fluctuation

RealMotion [30] 0.347
SEAM (Ours) 0.341

Table 11. We compare the trajectory fluctuation of our model to
RealMotion [30]. The fluctuation metric defined by [24] gives
an indication on the consistency of trajectories across multiple
timesteps.

E.3. Latency on NVIDIA A10 GPU

We provide additional latency results using one NVIDIA
A10 GPU, comparing streaming-based methods in Table 9.
Also on this newer GPU architecture our approach achieves
the best latency results, obtaining the lowest online and
offline latency across all batch sizes.

E.4. Multi-Agent Ablation Study

We present an ablation study on extending single-agent ap-
proaches to the multi-agent setting in Table 10. The first
two rows show that naively applying a single-agent model
to the multi-agent benchmark yields poor performance. This
is primarily because the multi-agent dataset contains motion
patterns that are not well-represented in the single-agent data.
Moreover, these approaches ignore global consistency across
agent predictions. Without a dedicated global consistency
module, we generate multiple plausible future worlds by
combining the most likely trajectories of each agent into one
world, the second most likely into another, and so on. Fine-
tuning the model on multi-agent data helps capture a broader
range of behaviors (row 3), and incorporating an explicit
global consistency module further improves performance,
achieving the best results (row 4).

E.5. Trajectory Fluctuation
Table 11 compares the trajectory fluctuation of our approach
with that of RealMotion [30]. The fluctuation metric, as de-
fined by [24] measures the consistency of trajectories across
multiple prediction frames. Our approach achieves a lower
fluctuation score than RealMotion, indicating more consis-
tent predictions.

E.6. Result Visualizations
We present additional qualitative results on scenarios from
the Argoverse 2 validation set in Figure 8 and Figure 9.

E.7. Failure Cases
We present failure cases, where our approach fails to cor-
rectly predict future trajectories in Figure 10. Commonly,
failures are introduced by agent movements which cannot
be anticipated at the prediction time, often also due to inade-
quate map data, i.e. missing modeling of driveways.

F. Code Implementation
For better clarity and to facilitate reproducibility, we also pro-
vide our code implementation. The accompanying ReadMe
file outlines how to setup a working environment and execute
training, validation and visualization for the single-agent
task. The codebase also includes all implementations for the
multi-agent setting (files marked with ma prefix or suffix).
We will release the source code and pretrained models upon
paper acceptance. Our code is based on the implementation
of RealMotion2.
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t = 3s (minFDE6: 3.209) t = 4s (minFDE6: 1.493) t = 5s (minFDE6: 0.392) RealMotion [30] t = 5s (minFDE6: 5.857)

Figure 8. Qualitative results of our approach on scenarios from the Argoverse 2 validation set. We show the predictions of our streaming-
based method at t ∈ {3, 4, 5}s. The visualizations also show ground truth future, agent histories, and neighboring agents. The right
column shows the final predictions at t = 5s for using RealMotion [30] in the streaming setting.
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t = 3s (minFDE6: 1.598) t = 4s (minFDE6: 3.394) t = 5s (minFDE6: 0.520) RealMotion [30] t = 5s (minFDE6: 12.441)
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t=3s (minFDE-6: 0.163) t=4s (minFDE-6: 2.195) t=5s (minFDE-6: 0.852) RealMotion t=5s (minFDE-6: 7.440)

t = 3s (minFDE6: 0.163) t = 4s (minFDE6: 2.195) t = 5s (minFDE6: 0.852) RealMotion [30] t = 5s (minFDE6: 7.440)
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t = 3s (minFDE6: 4.797) t = 4s (minFDE6: 2.993) t = 5s (minFDE6: 1.258) RealMotion [30] t = 5s (minFDE6: 7.488)

t=3s (minFDE-6: 0.890) t=4s (minFDE-6: 12.819) t=5s (minFDE-6: 0.339) RealMotion t=5s (minFDE-6: 5.784)

t = 3s (minFDE6: 0.890) t = 4s (minFDE6: 12.819) t = 5s (minFDE6: 0.339) RealMotion [30] t = 5s (minFDE6: 5.784)

t=3s (minFDE-6: 5.707) t=4s (minFDE-6: 4.406) t=5s (minFDE-6: 1.073) RealMotion t=5s (minFDE-6: 7.145)t = 3s (minFDE6: 5.707) t = 4s (minFDE6: 4.406) t = 5s (minFDE6: 1.073) RealMotion [30] t = 5s (minFDE6: 7.145)

Figure 9. Qualitative results of our approach on scenarios from the Argoverse 2 validation set. We show the predictions of our streaming-
based method at t ∈ {3, 4, 5}s. The visualizations also show ground truth future, agent histories, and neighboring agents. The right
column shows the final predictions at t = 5s for using RealMotion [30] in the streaming setting.
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Figure 10. Failure cases of our approach on scenarios from the Argoverse 2 validation set. We show the predictions of our streaming-based
method at t ∈ {3, 4, 5}s. The visualizations also show ground truth future, agent histories, and neighboring agents. The right column
shows the final predictions at t = 5s for using RealMotion [30] in the streaming setting.
In the first scenario, a vehicle stops before an intersection that is fairly far away for a currently unknown reason. In the second scenario, a
vehicle stops for a reason that is not detected at the moment. In the third scenario, the vehicle begins turning into a driveway that is not
modeled in the lane data. The fourth, fifth, and sixth scenarios depict vehicles waiting at an intersection where their future path is unclear.
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