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Abstract

Accurate multi-agent trajectory prediction (MTP) is es-
sential for autonomous driving, enabling vehicles to antic-
ipate the future behaviors of surrounding agents and plan
safe, efficient maneuvers. Although recent data-driven ap-
proaches based on the encoder-decoder architecture have
achieved notable success, they often rely solely on attention
mechanisms to process uniformly structured inputs, over-
looking valuable domain knowledge and introducing un-
necessary complexity. This paper presents KnowMTP, a
knowledge-guided framework for MTP that integrates driv-
ing safety and behavioral knowledge to intelligently reorga-
nize input data. KnowMTP achieves this through two com-
plementary filtering mechanisms that combine a Motion-
Similar Agent Selection filter identifying relevant neighbors
based on motion similarity with a Safety-Critical Agent Se-
lection filter prioritizing agents posing potential collision
risks, thereby embedding cognitive awareness of safety con-
straints. The framework is model-agnostic and integrates
seamlessly into existing encoder-decoder architectures. Ex-
periments on benchmark datasets show that KnowMTP con-
sistently improves the performance of state-of-the-art MTP
baselines, achieving 18.8% gains on WOMD with 22.1%
lower computational cost while enhancing the plausibility
and safety awareness of predicted trajectories.

1. Introduction
Multi-agent trajectory prediction (MTP) is critical for au-
tonomous driving systems [13, 35, 41], allowing ego vehi-
cles to predict the future movements of surrounding agents,
such as other vehicles and pedestrians. Accurate trajectory
prediction for vehicles, pedestrians, and other agents is es-
sential for planning safe and smooth maneuvers in dynamic
driving scenarios, such as lane changes [28], overtaking [2],
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and obstacle avoidance [40]. However, trajectory predic-
tion in complex driving environments is inherently chal-
lenging due to the dynamic interactions between multiple
agents, the constraints imposed by road topology and physi-
cal laws, and the uncertainties inherent in human behaviors.
Thus, modern MTP methods typically output multi-modal
predictions, accompanied by confidence scores, to compre-
hensively capture various plausible future trajectories.

In recent years, deep learning approaches have be-
come the dominant paradigm for trajectory prediction.
Among them, encoder-decoder architectures based on
Transformer [6, 23, 42] or graph neural network [25, 37]
backbones are widely adopted. These models encode his-
torical trajectories along with scene context before decoding
them into predicted future trajectories. They have achieved
good performance in both individual prediction and joint
multi-agent settings. GameFormer [14] introduces a game-
theoretic Transformer with hierarchical interaction model-
ing, while MTR++ [32] employs symmetric scene encod-
ing and structured attention to generate consistent joint pre-
dictions. These methods reflect ongoing efforts within the
research community to refine neural network architectures
that better capture complex social interactions and temporal
dependencies.

However, existing MTP methods remain purely data-
driven. They treat all nearby agents and static map ele-
ments as equally relevant, and often rely on learned atten-
tion mechanisms to infer interactions. This uniform pro-
cessing increases model complexity and introduces noise,
since many surrounding agents have limited or no influence
on the future trajectory of the target. Moreover, by giving
equal weight to all neighbors, these models often fail to ex-
plicitly prioritize the most critical interactions and can pro-
duce unrealistic or unsafe predictions.

To address these limitations, in this paper, we pro-
pose KnowMTP, a novel knowledge-guided framework de-
signed explicitly for multi-agent trajectory prediction in au-
tonomous driving. KnowMTP differentiates itself by in-
corporating domain knowledge about driving behavior and



safety to intelligently reorganize input data under top-down
guidance. Our core insight is that a target agent’s future be-
havior is primarily influenced by a small subset of neigh-
boring agents, whose actions are driven by two key fac-
tors: motion similarity and safety criticality. KnowMTP im-
plements this insight through a structured input processing
module that incorporates two complementary agent filters.

The Motion-Similar Agent Selection filter leverages mo-
tion pattern similarity to dynamically identify neighboring
agents whose trajectories exhibit comparable driving inten-
tions or styles to the target agent. By computing similarity
scores from learned trajectory embeddings, the model selec-
tively retains the most informative agents while suppressing
irrelevant ones. This targeted filtering reduces input noise
and enhances the focus of the model on meaningful interac-
tions, thereby improving prediction accuracy.

The Safety-Critical Agent Selection filter prioritizes
agents that pose a potential safety risk based on proxim-
ity and relative motion. This is determined using traffic
safety metrics like Time-to-Collision (TTC) and its deriva-
tives (TET, TIT). By explicitly modeling these safety con-
straints, the prediction framework captures a cognitive un-
derstanding of driving safety, resulting in more robust and
risk-aware trajectory predictions.

The integration of domain knowledge through these two
filters marks a significant departure from traditional purely
data-driven approaches. While previous works primarily fo-
cused on refining neural architectures or attention mecha-
nisms, KnowMTP systematically organizes input data us-
ing insights from driving psychology and safety, incorpo-
rating structured prior knowledge into the learning process.
The two filters complement each other by focusing both
on motion similarity and safety relevance, together improv-
ing prediction accuracy and robustness. Our framework
is model-agnostic, easily integrating with existing state-
of-the-art encoder-decoder architectures to enhance perfor-
mance without requiring architectural changes.

Extensive experiments demonstrate that augmenting
high-performing encoder-decoder MTP baselines with the
plug-in modules of KnowMTP consistently improves per-
formance on widely used benchmarks. Specifically, our
approach yields substantial gains in prediction accuracy
metrics, including lower trajectory errors and higher suc-
cess rates in anticipating agent behaviors. In addition,
the targeted filtering of relevant agents leads to improved
computational efficiency, underscoring the practicality of
KnowMTP for real-time autonomous driving applications.

In summary, the main contributions can be summarized
as follows:
• We propose KnowMTP, a novel knowledge-guided trajec-

tory prediction framework that integrates motion similar-
ity and safety criticality to improve prediction accuracy
and robustness.

Safety Criticality

Time-to-Collision (TTC)

Time Exposed TTC

Time Integrated TTC

Motion Similarity

Figure 1. Philosophy of KnowMTP. The blue vehicle denotes the
target agent to be predicted. KnowMTP dynamically selects the
most relevant neighboring vehicles moving in the same direction
(yellow vehicles) based on motion similarity, while ignoring ve-
hicles in the opposite direction (gray vehicles), even if they are
spatially closer. KnowMTP also considers the safety criticality of
surrounding vehicles with respect to the target agent through met-
rics such as TTC, Time-Exposed TTC, and Time-Integrated TTC,
and injects this safety awareness into encoder-decoder architec-
tures to enhance prediction.

• We introduce a novel agent filtering mechanism based on
motion similarity to dynamically select critical neighbor-
ing agents, enhancing both accuracy and computational
efficiency.

• We integrate the proposed filtering framework into state-
of-the-art prediction models and show that it consis-
tently enhances trajectory prediction performance. The
framework achieves up to 18.8% improvement on the
WOMD dataset while reducing computational cost by
22.1%. Moreover, it enables socially and safety-aware
trajectory generation, demonstrating the effectiveness of
embedding structured domain knowledge into data-driven
multi-agent prediction models..

This work establishes a new paradigm for MTP by demon-
strating that the structural integration of domain knowledge
through targeted agent filtering is key to achieving superior
performance over purely data-driven approaches.

2. Related Work
2.1. Data-Driven Trajectory Prediction
Trajectory prediction in autonomous driving is typically
framed as a supervised sequence-to-sequence task aiming
to capture complex spatio-temporal dependencies and agent
interactions. Early approaches centered on LSTM-based
models like Social LSTM [1] and its attention-enhanced
variants [29, 34], which excel at sequential dependency
modeling but struggle with complex spatial relationships.
Raster-based CNN methods subsequently emerged, pro-
cessing scenes as bird’s-eye view images [9] to better cap-



ture spatial context. The field then evolved toward vec-
torized representations where agents and lanes form graph
nodes processed by attention or GNN layers, enabling ex-
plicit relational modeling [8]. More recently, Transformer
architectures have become dominant in trajectory prediction
by leveraging self-attention to model complex multi-agent
interactions [15, 22, 27, 31]. Models such as S2TNet [5],
MTR [31], and DenseTNT [10] effectively capture long-
range spatial and temporal dependencies, making them suit-
able for scenarios involving dense and dynamic agent in-
teractions. Building on this, recent advancements include
query-centric paradigms such as QCNet [33] for efficient
scene encoding and proposal generation, along with meth-
ods that incorporate driving style and enhance prediction
accuracy.

However, these data-driven methods often treat all agents
equally and assume a static scene context, limiting their ef-
fectiveness in dynamic and heterogeneous traffic environ-
ments. In contrast, KnowMTP systematically incorporates
traffic engineering principles by embedding domain knowl-
edge into the prediction process through interpretable and
quantifiable metrics, enabling more robust and adaptive per-
formance in real-world settings.

2.2. Safety Awareness in Trajectory Prediction

Integrating safety awareness is essential for robust trajec-
tory prediction and decision-making in autonomous driv-
ing, moving beyond simple geometric collision avoidance.
Recent research has emphasized incorporating traffic safety
indicators, where metrics such as Time-to-Collision (TTC)
and its derivatives (TET, TIT) serve as safety surrogates
to filter inputs or constrain prediction outputs [3, 18, 38].
Modern MTP methods adopt safety-aware prediction to re-
fine multi-modal outputs, ensuring generated trajectories
adhere to safety standards [16, 30]. Beyond physical con-
straints, studies on perceived safety and cognitive mod-
eling enhance game-theoretic frameworks with cognitive
parameters to capture how agents adjust maneuvers un-
der perceived threats [11, 36]. Other approaches refine
GNN-based models to filter interactions based on proxim-
ity and potential danger, identifying truly critical interac-
tions [21]. However, most existing methods integrate safety
constraints heuristically or apply them only after predic-
tion. KnowMTP advances this field by structurally embed-
ding safety knowledge before the encoder stage. Its Safety-
Critical Agent Selection filter proactively leverages estab-
lished safety metrics (TTC, TET, TIT) to prune inputs, en-
suring the model focuses on the most influential and po-
tentially hazardous neighboring agents, thereby achieving
more accurate and robust trajectory predictions.

3. Preliminaries
3.1. Problem Formulation
At time t = 0, we consider a driving scenario comprising N
agents, denoted by A1:N , together with the scenario map M
that includes lanes, traffic lights, traffic signs, crosswalks,
and so on. Each agent’s state history over the past horizon
Th is represented by:

Xn =
{
x−Th:0

}
n
, n ∈ [1, N ] . (1)

Our multi-agent trajectory prediction (MTP) objective is to
jointly forecast each agent’s trajectory over the future hori-
zon Tf . To better capture the uncertainty, we produce M
multimodal outputs per agent, with each candidate trajec-
tory accompanied by a confidence score:

Y
1:Tf
n =

{(
y
1:Tf

n,j , δn,j

)
| j = 1, . . . ,M

}
, (2)

where y1:Tf

n,j denotes the j-th predicted coordinate sequence
for agent n and δn,j is the confidence score (i.e., probabil-
ity) of the trajectory.

3.2. Encoder-Decoder Architecture for MTP
The encoder-decoder architecture is currently the most
prevalent and widely adopted framework for the MTP task,
which proves to be effective across different driving sce-
narios [14, 20, 32, 39]. As shown in the Figure 2, this
architecture (the gray part) is composed of an encoder
(mostly Transformer) and a (mostly attention-based) de-
coder. Specifically, for each agent, the encoder captures the
sophisticated interactions among its own state, the states of
nearby agents, and local map elements, yielding a context
embedding that encapsulates its environment-aware behav-
ior. The decoder then extends the capability of this architec-
ture by processing the context embeddings of all agents in
the scenario, modeling their interdependencies to generate
the final predicted trajectories.

In this study, we inherit the encoder-decoder architec-
ture as the backbone of our framework, and integrate mul-
tiple state-of-the-art (SOTA) MTP methods to corroborate
the effectiveness of our framework in the experiments.

4. Methodology
4.1. General Scheme
Current MTP methods primarily focus on designing the
encoder and/or decoder modules, often overlooking the
impact of input data organization on prediction perfor-
mance. To address this limitation, we propose KnowMTP,
a knowledge-guided MTP framework that subtly reorga-
nizes the input data under the top-down government of
domain knowledge. Despite its simplicity, KnowMTP
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Figure 2. (a) The proposed KnowMTP framework for the multi-agent trajectory prediction (MTP) task. The gray region represents
the universal encoder-decoder architecture, while the purple region illustrates our input data reorganization design, which includes two
modules. (b) The global agent selection module, responsible for identifying the most relevant surrounding agents for the target agent. (c)
The local environment profiling module, characterizing the comprehensive local environmental dynamics surrounding the target agent.

significantly enhances the prediction accuracy of existing
encoder-decoder-based MTP models.

The core principle behind KnowMTP is that not all
nearby agents’ maneuvers are relevant to a given agent’s
future trajectory. Therefore, only the historical states of the
most relevant agents are fed into the model. To operational-
ize this idea, KnowMTP introduces two agent filters that
identify the most relevant neighboring agents for each target
agent. The design philosophy of these filters is grounded in
two key factors influencing a target agent’s behavior: mo-
tion similarity and safety criticality. In the following sec-
tions, we detail the design of the two agent filters.

4.2. Motion-Similar Agent Selection
The motion-similar agent filter is designed to identify the
most relevant nearby agents for a target agent based on mo-
tion similarity, thereby providing valuable contextual infor-
mation for forecasting the target’s future trajectory. Agents
exhibiting similar motion patterns to the target are more
likely to exert influence, as they tend to share comparable
driving intentions and behaviors. Accordingly, we define
motion-similar agents as those exhibiting the highest mo-
tion similarity to the target agent and use them as inputs to
the encoder.

As illustrated in Figure 2(b), the agent filter computes the
similarity between the historical states of the target agent
and its neighboring agents, selecting the top-K most similar
ones. Specifically, the historical state of each agent is first
transformed into a state embedding:

sn = φs (Xn) , (3)

where φs (·) is a state encoding function, implemented us-

ing either LSTM networks [14] or MLP networks [32], de-
pending on the underlying MTP baseline. Afterward, the
similarity score between agents i and j is computed using
the L2 norm:

cij = ∥si − sj∥2 . (4)

Notably, the similarity score is order-independent, i.e.,
cij = cji, ensuring symmetry in the measurement. This
score effectively quantifies the consistency in motion pat-
terns between the agents. For each target agent, similar-
ity scores are computed with all neighboring agents, and
the top-K most similar ones are retained while the rest are
filtered out. This motion-similar filtering mechanism en-
ables the model to focus on the most relevant and influen-
tial neighbors from a motion perspective, thereby reducing
input noise and enhancing the precision of interaction mod-
eling.

4.3. Safety-Critical Agent Selection

In addition to motion similarity, a target agent’s future ma-
neuvers are also constrained by the behaviors of its neigh-
boring agents due to driving safety considerations. Agents
that exhibit similar levels of perceived safety are more likely
to mutually influence each other’s behaviors and should
therefore be prioritized by the model. Inspired by the con-
cept of perceived safety among human drivers [12], we
incorporate safety-awareness into the agent filtering pro-
cess. In the traffic safety domain, perceived safety is
commonly characterized by three risk metrics: Time-to-
Collision (TTC), Time Exposed Time-to-Collision (TET),
and Time Integrated Time-to-Collision (TIT) [24]. These
metrics describe the one-to-one interactions between any



pair of vehicles. We adapt these metrics in our framework
as follows:
(1) Time-to-Collision (TTC): TTC represents the time re-
maining before two agents collide if they continue along
their current trajectories. It serves as an indicator of im-
minent risk and is widely used as an early warning signal.
Since conventional TTC is defined for one-dimensional lon-
gitudinal motion, we extend it to a two-dimensional setting
to better reflect complex driving scenarios. The refined TTC
for a target agent i with respect to a surrounding agent j at
the time interval t is calculated as:

eTTCt
i,j

= −
dti,j

d̂ti,j
(5)

dti,j denotes the distance between agents i and j and d̂ti,j is
the change rate of dti,j : dti,j =

√(
pti − ptj

)⊤ (
pti − ptj

)
d̂ti,j =

1
dt
i,j

(
pti − ptj

)⊤ (
vti − vtj

) (6)

where (pti, v
t
i) and

(
ptj , v

t
j

)
are 2D coordinates and veloci-

ties of agents i and j, respectively.
(2) Time Exposed Time-to-Collision (TET): TET measures
the cumulative duration during which TTC values remain
within safety-critical thresholds over a specified time hori-
zon tH :

eTET t
i
=

t∑
tk=t−tH+1

δi (tk) · τsc (7)

where τsc is set to 0.1s, signifying the minimum time step
in which the measured TTC values do not change. δi (tk) is
a switching variable:

δi(tk) =

{
1, ∀0 ≤ e

TTC
tk
i

≤ eTTC∗

0, else
(8)

where eTTC∗ is the safety-critical TTC threshold, set to 2.5
seconds in this study.
(3) Time Integrated Time-to-Collision (TIT): While TET
captures the duration of safety-critical exposure, it does not
differentiate between varying risk levels. To address this
limitation, TIT integrates the TTC profile over time, pro-
viding a more nuanced assessment of safety risk:

eTIT t
i
=

t∑
tk=t−tH+1

[
eTTC∗ − e

TTC
tk
i

]
· τsc

∀0 ≤ e
TTC

tk
i

≤ eTTC∗

(9)

Higher TTC, TET, and TIT values indicate greater ex-
posure to potential collision risks and consequently lower
perceived safety. We combine these three perceived safety

metrics for all neighboring agents into a unified comprehen-
sive safety indicator, denoted as ei, which characterizes the
overall perceived safety of each agent. Following the same
embedding and similarity computation process as in Equa-
tions (3)-(4), we identify the top-K agents most similar to
the target in terms of perceived safety. This safety-critical
filtering mechanism enables the model to incorporate cog-
nitive awareness of driving safety, thereby improving the
accuracy and robustness of future trajectory predictions.

4.4. Model Training
With the two agent filters described above, the historical
states of the selected agents are fed into the prediction
model to yield the future trajectories of the target agents.
Since KnowMTP modifies only the organization of the in-
put data, it remains fully compatible with the original train-
ing losses used in existing MTP baselines. Moreover, by
filtering out redundant agent states, KnowMTP reduces in-
put complexity, making the baseline models more efficient
when integrated into the framework. This improvement in
efficiency is empirically validated in our experiments.

5. Experiments
5.1. Experimental Setup
We conduct experiments on two real-world datasets,
WOMD [7] and nuPlan [4], to demonstrate its ability to en-
hance the trajectory prediction performance of SOTA mod-
els. The WOMD dataset contains approximately 487,000
training scenes, 44,000 validation scenes, and 44,000 test-
ing scenes. We use 1 second of historical trajectory data to
predict 8 seconds into the future. For the nuPlan dataset,
there are 189,377, 23,672, and 23,672 samples for training,
validation, and testing, respectively. In this case, 2 seconds
of history are used as input, and 8 seconds are predicted
ahead. To ensure a fair comparison, we follow the standard
evaluation metrics defined for each dataset, including mini-
mum average displacement error (minADE), minimum final
displacement error (minFDE), and miss rate (MR). Detailed
hyperparameter settings for integrating KnowMTP with dif-
ferent baseline models are provided in Appendix A.

5.2. Main Results
We evaluate the performance of KnowMTP by integrating it
with four representative methods: GameFormer [14], MTR
[32], BeTop [19], and EDA [17]. These methods share
a common Transformer-based encoder but differ in their
attention-based decoders, allowing us to validate the effec-
tiveness of KnowMTP across diverse decoder designs.

Prediction results are summarized in Table 1 for the
WOMD dataset and Table 2 for the nuPlan dataset. As
shown, KnowMTP consistently improves the prediction
performance of all baseline models across both datasets,



Table 1. Prediction results on the WOMD dataset. For each base-
line and its KnowMTP-enhanced counterpart, the better value for
each metric is highlighted in bold.

Method Evaluation Metrics
minADE↓ minFDE↓ MR↓

GameFormer 1.5017 4.2293 0.6703
KnowMTP+GameF 1.0757 3.0788 0.3223
MTR 0.7451 1.5678 0.2017
KnowMTP+MTR 0.6567 1.2712 0.1603
BeTop 0.7181 1.4957 0.1806
KnowMTP+BeTop 0.6692 1.3208 0.1664
EDA 0.7036 1.4646 0.1724
KnowMTP+EDA 0.6266 1.2275 0.1492

Table 2. Prediction results on the nuPlan dataset.

Method Evaluation Metrics
minADE↓ minFDE↓ MR↓

GameFormer 4.2176 10.4640 0.5923
KnowMTP+GameF 4.1137 10.3267 0.5201
MTR 1.4211 2.8260 0.3111
KnowMTP+MTR 1.2120 2.4240 0.3156
BeTop 1.5390 2.8657 0.3085
KnowMTP+BeTop 1.2480 2.6590 0.3122
EDA 1.0131 1.9934 0.2972
KnowMTP+EDA 0.9353 1.8092 0.2970

demonstrating strong generalization and robustness. On
the WOMD dataset, KnowMTP achieves an average im-
provement of 18.8% over the four baselines, with perfor-
mance gains of 35.8%, 17.1%, 8.8%, and 13.5% for Game-
Former, MTR, BeTop, and EDA, respectively. On the
nuPlan dataset, KnowMTP delivers average improvements
ranging from 5.3% to 9.2% across the same baselines.

Notably, while KnowMTP introduces a slight increase
in MR for MTR and BeTop on nuPlan, this can be at-
tributed to the agent selection mechanism slightly constrain-
ing information propagation in topological graph modeling.
However, this minor trade-off is negligible, as KnowMTP
still enhances overall performance across all key metrics.
Furthermore, KnowMTP achieves larger improvements on
WOMD than on nuPlan, where all baselines generally per-
form worse, indicating that the nuPlan dataset presents
greater challenges for trajectory prediction. Despite this,
KnowMTP consistently boosts the performance of all base-
lines on nuPlan, underscoring its effectiveness and adapt-
ability in complex multi-agent environments.

Table 3. Ablation results on the WOMD dataset.

Method Evaluation Metrics
minADE↓ minFDE↓ MR↓

KnowMTP+GameF 1.0757 3.0788 0.3223
w/o pos 1.0766 3.0960 0.3626
w/o vel 1.2853 3.6621 0.4908
w/o angle 1.1893 3.4534 0.6245
w/o type 1.1062 3.1633 0.3498
w/o safety 1.2501 3.5922 0.4652
KnowMTP+MTR 0.6567 1.2712 0.1603
w/o pos 0.7194 1.5160 0.1995
w/o vel 0.7486 1.5312 0.2016
w/o angle 0.7617 1.5616 0.2053
w/o type 0.7441 1.5181 0.1987
w/o safety 0.7663 1.5652 0.1965
KnowMTP+BeTop 0.6692 1.3208 0.1664
w/o pos 0.7048 1.4827 0.1754
w/o vel 0.7162 1.5163 0.1895
w/o angle 0.7207 1.5197 0.1946
w/o type 0.7211 1.5111 0.1876
w/o safety 0.7124 1.4733 0.1812
KnowMTP+EDA 0.6266 1.2275 0.1492
w/o pos 0.7586 1.5447 0.1900
w/o vel 0.7055 1.4827 0.1810
w/o angle 0.7299 1.5219 0.1877
w/o type 0.7121 1.4964 0.1771
w/o safety 0.7282 1.5256 0.1834

5.3. Ablation Studies

The KnowMTP framework consists of two key compo-
nents: motion-similar agent selection and safety-critical
agent selection, which together contribute to its strong per-
formance. However, it is important to assess the individual
contribution of each component to the overall predictive ca-
pability. To this end, we conduct a series of ablation studies
and present detailed results on the WOMD dataset in Table
3.

Specifically, to thoroughly examine the effectiveness of
the motion-similar agent selection component, we analyze
the impact of different agent state factors used in the selec-
tion process. The w/o pos variant removes the position state
from the agent selection mechanism. This results in a no-
ticeable performance drop across all KnowMTP-integrated
baselines, underscoring the importance of positional infor-
mation in identifying and filtering out irrelevant agents.
However, the impact of this variant is less pronounced com-
pared to others, suggesting that proximity alone does not
fully determine influence. Instead, a more comprehensive
assessment of motion similarity is necessary to effectively
identify influential agents. The w/o vel variant excludes
the velocity state during agent selection. The results show



Figure 3. Inference time comparison on the WOMD dataset.

a consistent decrease in performance across all combined
baselines, particularly for KnowMTP+GameFormer, sug-
gesting that velocity is a key factor in accurately identify-
ing influential agents. The w/o angle variant removes the
orientation (angle) information from the selection process.
This modification leads to a consistent drop in performance
across different models, particularly for KnowMTP+MTR
and KnowMTP+BeTop. Among all motion-specific vari-
ants, this yields the most significant degradation, indicating
that angle-based selection plays a crucial role in enhancing
prediction accuracy. These results highlight the strong in-
fluence of orientation in determining motion similarity with
the target agent and its substantial contribution to the overall
performance of the KnowMTP framework. Lastly, the w/o
type variant excludes agent type information. This leads to
a decline in performance across multiple combined mod-
els, demonstrating its added value in identifying contextu-
ally relevant agents. Overall, these ablation results confirm
that each state factor used in motion-similar agent selec-
tion, including position, velocity, angle, and type, makes a
meaningful and deliberated contribution to the performance
of the KnowMTP framework.

Moreover, we investigate the effectiveness of safety-
critical agent selection by constructing a variant denoted as
w/o safety. It is important to note that we do not further
decompose the variant into individual traffic safety factors:
TTC, TET, and TIT, since they collectively represent per-
ceived safety and together capture the temporal continuity
of driving risk. Removing any one of them would com-
promise the integrity of the comprehensive and continuous
driving safety representation. The results show that the w/o
safety variant leads to a consistent and substantial degrada-
tion in prediction performance across different KnowMTP-
integrated baselines, thereby validating that modeling local
driving safety is crucial for improving multi-agent interac-
tion understanding and overall trajectory prediction accu-
racy.

5.4. Inference Time Comparison
To evaluate the efficiency of the proposed KnowMTP
framework, we conduct a comparative study of inference
times on both the WOMD and nuPlan datasets. Figures

Figure 4. Inference time comparison on the nuPlan dataset.

3-4 illustrate the inference times for the four SOTA base-
line models and their KnowMTP-integrated counterparts
on WOMD and nuPlan datasets, respectively. Following
the evaluation protocol of VisionTrap [26], we assess each
model’s efficiency by computing the average inference time
per test scenario. All experiments are conducted on bench-
mark hardware (4×NVIDIA GeForce RTX 4090 24GB
GPUs, Ubuntu 22.04.5) to ensure fair comparison. The re-
sults demonstrate that KnowMTP consistently enhances the
inference efficiency of the baseline models, achieving aver-
age improvements of 4.5-22.1% across both datasets. This
improvement is primarily attributed to the proposed agent
selection mechanism, which filters out irrelevant surround-
ing agents by measuring motion similarity and safety crit-
icality to the target agent. This not only reduces noise in
the input data but also lowers computational overhead. Al-
though the selection process introduces additional compu-
tations, such as metric embedding and similarity evaluation,
the associated overhead is negligible compared to the effi-
ciency gained through agent filtering. Overall, these im-
provements underscore the potential of KnowMTP to en-
able real-time trajectory prediction in practical autonomous
driving scenarios.

5.5. Qualitative Analysis
To further examine the benefits that KnowMTP brings
to baseline models, we present visualization results to
demonstrate performance improvements across different
driving scenarios. Specifically, we qualitatively analyze
the predicted trajectories of the baseline models and their
KnowMTP-enhanced counterparts on the WOMD dataset
in two common traffic scenarios: signalized intersections
and main roads. As shown in Figure 5, we select Game-
Former and MTR for comparison. The first (a) and sec-
ond (b) rows illustrate the results in signalized intersection
and main road scenarios, respectively. From these visual-
izations, we observe that KnowMTP consistently produces
more plausible and realistic predicted trajectories in both
scenarios. In contrast, the baseline models (GameFormer
and MTR) often generate predictions that violate traffic reg-
ulations, such as running red lights or crossing yellow solid
lines, which could lead to potential collisions. These results



Figure 5. Visualization of the baseline models (GameFormer and MTR) and their KnowMTP-enhanced counterparts on the WOMD
dataset. We present prediction results in two common scenarios: (a) signalized intersections (first row) and (b) main roads (second row),
both highlighting the socially aware behavior enabled by KnowMTP. Additionally, (c) the third row illustrates the effectiveness of the agent
selection mechanism, demonstrating how the agent filter contributes to socially aware trajectory prediction.

demonstrate that KnowMTP enhances the realism of trajec-
tory predictions, making the baseline models more socially
aware.

To further understand the rationale behind the perfor-
mance improvements brought by KnowMTP, we visualize
the results of the agent selection in the third row (c) of Fig-
ure 5. As illustrated, our proposed agent filtering mecha-
nism effectively removes irrelevant surrounding agents (ev-
idenced by the noticeable reduction in purple agents) for the
target agent, thereby reducing input noise and allowing the
baseline models to make more informed and sensible pre-
dictions. For instance, agents driving in the opposite lanes
are correctly filtered out, as they have no meaningful inter-
action with the target agent from both motion and safety
perspectives. This selective mechanism contributes to the
socially aware property of KnowMTP.

6. Conclusion

In this paper, we propose KnowMTP, a knowledge-guided
framework for multi-agent trajectory prediction that ex-
plicitly incorporates traffic knowledge to enhance the per-
formance of SOTA prediction models. Experimental re-
sults demonstrate that KnowMTP can significantly improve
baseline models while reducing computational overhead.

Figure 6. Failure case of KnowMTP, where the enhanced MTP
model yields an unrealistic long waiting time at an intersection.

Furthermore, qualitative analysis confirms that KnowMTP
enables the baselines to generate more socially aware and
plausible trajectories, highlighting its potential for advanc-
ing knowledge-driven autonomous driving.
Failure Case: Despite its substantial improvement in pre-
diction accuracy, KnowMTP has a notable limitation. In
certain cases, the perceived safety may lead the model to
overly conservative behaviors, resulting in unrealistic tra-
jectory predictions. As shown in Figure 6, integrating
KnowMTP with MTR causes the agent to make a prolonged
stop at a T-intersection, deviating from the ground truth and
performing worse than the original MTR. This limitation
warrants the future direction in balancing safety awareness
and behavioral realism in trajectory prediction.
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and Knut Åkesson. Future-oriented navigation: Dynamic
obstacle avoidance with one-shot energy-based multimodal
motion prediction. IEEE Robotics and Automation Letters,
2025. 1

[41] Yang Zhou, Hao Shao, Letian Wang, Steven L Waslander,
Hongsheng Li, and Yu Liu. Smartrefine: A scenario-adaptive
refinement framework for efficient motion prediction. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, pages 15281–15290, 2024. 1

[42] Zikang Zhou, Luyao Ye, Jianping Wang, Kui Wu, and Ke-
jie Lu. Hivt: Hierarchical vector transformer for multi-agent
motion prediction. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pages
8823–8833, 2022. 1


	Introduction
	Related Work
	Data-Driven Trajectory Prediction
	Safety Awareness in Trajectory Prediction

	Preliminaries
	Problem Formulation
	Encoder-Decoder Architecture for MTP

	Methodology
	General Scheme
	Motion-Similar Agent Selection
	Safety-Critical Agent Selection
	Model Training

	Experiments
	Experimental Setup
	Main Results
	Ablation Studies
	Inference Time Comparison
	Qualitative Analysis

	Conclusion

