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Abstract

Trajectory prediction is a critical task in modeling human
behavior, especially in safety-critical domains such as so-
cial robotics and autonomous vehicle navigation. Traditional
heuristics based on handcrafted rules often lack accuracy and
generalizability. Although deep learning approaches offer im-
proved performance, they typically suffer from high com-
putational cost, limited explainability, and, importantly, poor
generalization to out-of-distribution (OOD) scenarios. In this
paper, we introduce TRAJEVO, a framework that leverages
Large Language Models (LLMs) to automatically design tra-
jectory prediction heuristics. TRAJEVO employs an evolu-
tionary algorithm to generate and refine prediction heuris-
tics from past trajectory data. We propose two key innova-
tions: Cross-Generation Elite Sampling to encourage popu-
lation diversity, and a Statistics Feedback Loop that enables
the LLM to analyze and improve alternative predictions. Our
evaluations demonstrate that TRAJEVO outperforms existing
heuristic methods across multiple real-world datasets, and no-
tably surpasses both heuristic and deep learning methods in
generalizing to an unseen OOD real-world dataset. TRAJEVO
marks a promising step toward the automated design of fast,
explainable, and generalizable trajectory prediction heuris-
tics. We release our source code to facilitate future research.

Code — https://github.com/aidco/trajevo
Extended version — https://arxiv.org/abs/2508.05616

Introduction

Trajectory prediction is a cornerstone of intelligent au-
tonomous systems (Madjid et al. 2025), with numerous real-
world applications, including autonomous driving (Wang
et al. 2025a,c; Li et al. 2024b; Lange, Li, and Kochenderfer
2024; Wang et al. 2025b), industrial safety (Robla-Gémez
et al. 2017), robotic navigation (Li et al. 2024a; Yao et al.
2024), and planning (Li et al. 2022b, 2023b). The inherent
stochasticity of these environments demands systems that
can accurately process data with both temporal and spatial
precision (Li et al. 2021). For instance, in autonomous vehi-
cle navigation, accurately predicting pedestrian trajectories
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Figure 1: Motivation for our TRAJEVO framework. Tradi-
tional manual heuristic design (left) relies on human exper-
tise and trial-and-error processes. Deep learning approaches
(center) produce more accurate predictions but demand sub-
stantial computational resources, yield black-box models,
and often struggle with generalization. TRAJEVO (right) au-
tomates the heuristic design process using evolutionary al-
gorithms, enabling the generation of novel and effective tra-
jectory prediction heuristics.

is essential for avoiding collisions in complex urban settings
(Caoetal. 2021; Li et al. 2023a; Choi et al. 2021). Similarly,
in industrial and indoor environments, robots must generate
precise trajectory predictions to collaborate safely with hu-
mans in shared workspaces without causing harm (Ma et al.
2022).

Accurately predicting the movement patterns of multi-
ple agents, such as pedestrians or vehicles, remains fun-
damentally challenging. Human motion is inherently com-
plex, characterized by nonlinear behaviors, sudden direc-
tional changes, and spontaneous decisions influenced by in-
dividual factors such as habits or urgency (Li et al. 2020;
Xu et al. 2024). Moreover, agents interact dynamically, ad-
justing their paths to avoid collisions, responding to traf-



fic, or moving cohesively in groups, which results in high
stochasticity (Zhou et al. 2022; Li et al. 2022a). Early ef-
forts to model these behaviors relied on heuristic meth-
ods, including the Social Force model (Helbing and Molnar
1995), which captures interactions through physics-inspired
forces (Farina et al. 2017; Chen et al. 2018); constraint-
based approaches that define collision-free velocities (Ma,
Manocha, and Wang 2018); and agent-based simulations of
decision making processes (Yamaguchi et al. 2011). While
these handcrafted heuristics offer interpretability, they are
often difficult to tune for dynamic scenarios and tend to suf-
fer from limited accuracy and generalization.

Deep learning methods have emerged as a powerful al-
ternative to traditional heuristics (Salzmann et al. 2020).
Social-LSTM (Alahi et al. 2016) was among the earliest
influential models, leveraging LSTMs for trajectory predic-
tion. Since then, a wide range of approaches, such as graph
neural networks (GNNSs) (Rainbow, Men, and Shum 2021;
Ma et al. 2021) and generative adversarial networks (GANs)
(Gupta et al. 2018; Li, Ma, and Tomizuka 2019), have been
proposed to further improve prediction accuracy. More re-
cently, Transformer-based frameworks (Kim et al. 2025) and
diffusion models (Fu et al. 2025) have shown promise in
capturing complex dependencies in human motion patterns.

However, deep learning methods suffer from several prac-
tical limitations. a) Running Speed: They often require
significant computational resources and exhibit high la-
tency, making them unsuitable for deployment on resource-
constrained robots or vehicles (Itkina and Kochenderfer
2023). b) Interpretability: As black-box models, they lack
transparency, which hinders verification and reduces trust,
especially in safety-critical applications (Dax et al. 2023;
Liu et al. 2024c¢). ¢) Generalization Ability: Perhaps most
critically, they often generalize poorly in out-of-distribution
(OOD) scenarios, potentially leading to unsafe behavior in
unfamiliar environments (Rudenko et al. 2020). These chal-
lenges highlight the continued importance of robust and pre-
dictable heuristics in safety-critical systems (Phong et al.
2023), which requires methods that are not only accurate but
also fast, explainable, and generalizable.

Therefore, we pose the following research question: Can
we automatically design computationally efficient, accurate,
interpretable, and highly generalizable trajectory prediction
heuristics?

Inspired by recent research exploring combinations of
Large Language Models (LLMs) with Evolutionary Algo-
rithms (EAs) for automated algorithm design (Dat, Doan,
and Binh 2025; Ye et al. 2024; Liu et al. 2024a,b; Zheng
et al. 2025; Wu et al. 2024), we propose a novel approach
to automatically generate effective prediction heuristics. We
hypothesize that coupling the generative and reasoning ca-
pabilities of LLMs with the structured search of EAs can
overcome the limitations of manual heuristic design to dis-
cover novel, high-performance heuristics suitable for real-
world deployment.

In this paper, we introduce TRAJEVO (Trajectory
Evolution), a novel framework designed to achieve this goal.
TRAJEVO leverages LLMs within an evolutionary loop to it-
eratively generate, evaluate, and refine prediction heuristics
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directly from data. Our main contributions are as follows:

* We present TRAJEVO, the first framework, to the best of
our knowledge, that integrates LLMs with evolutionary
algorithms specifically for the automated discovery and
design of fast, explainable, and robust trajectory predic-
tion heuristics for real-world applications.

We introduce a Cross-Generation Elite Sampling strategy
to maintain population diversity and a Statistics Feed-
back Loop that enables the LLM to analyze heuristic per-
formance and guide the generation of improved candi-
dates based on past trajectory data.

We demonstrate that TRAJEVO generates heuristics
that significantly outperform prior heuristic methods on
public-open real-world datasets and exhibit remarkable
generalization, achieving an over 20% performance im-
provement on an unseen OOD dataset against both tra-
ditional heuristics and deep learning methods, while re-
maining computationally fast and interpretable.

Related Work

Heuristic Methods for Trajectory Prediction Tradi-
tional heuristic approaches provide interpretable frame-
works for trajectory prediction, but often with accuracy
limitations. The Constant Velocity Model (CVM) and its
sampling variant (CVM-S) (Scholler et al. 2020) represent
foundational baselines that assume uniform motion patterns.
More sophisticated approaches include Constant Accelera-
tion (Polychronopoulos et al. 2007), CTRV (Constant Turn
Rate and Velocity) (Lu et al. 2021), and CSCRCTR (Zhai,
Meng, and Wang 2014), which incorporate different kine-
matic assumptions. The Social Force Model (Helbing and
Molnar 1995) pioneered physics-inspired representations of
pedestrian dynamics, with numerous extensions incorporat-
ing social behaviors (Chen et al. 2018) and group dynamics
(Helbing, Farkas, and Vicsek 1997). Despite their efficiency
and explainability, they typically struggle with complex real-
world, multi-agent interactions due to their limited expres-
siveness and reliance on manually defined parameters — lim-
itations our proposed TRAJEVO framework specifically ad-
dresses through automatic heuristic generation.

Learning-based Trajectory Prediction Deep learning
has substantially advanced trajectory prediction accuracy
at the cost of computational efficiency and interpretability
(Sun et al. 2022; Xie, Li, and Wang 2023). Social-LSTM
(Alahi et al. 2016) is a seminal work using a social pooling
mechanism to model inter-agent interactions, while Social-
GAN (Gupta et al. 2018) leveraged generative approaches
to capture trajectory multimodality. Graph-based architec-
tures like STGAT (Huang et al. 2019) and Social-STGCNN
(Mohamed et al. 2020) explicitly model the dynamic so-
cial graph between pedestrians. Recent approaches include
Trajectron++ (Salzmann et al. 2020), which integrates var-
ious contextual factors, MemoNet (Xu et al. 2022) with
its memory mechanisms, EigenTrajectory (Bae, Oh, and
Jeon 2023) focusing on principal motion patterns, Hyper-
STTN (Wang et al. 2024) utilizing hypergraph-based spatial-
temporal transformers for group-aware trajectory predic-



Constant Velocity
Model

,,,,,,,,,,,,,,,,,,,,,,,,, .
[

Acceleration model
with Noise

Social force

Agent-specific

Objective Value (Lower is better)

Adjustments

| Init . ... Short-term Long-term

| Population Population  Statistics Reflection  Reflection |
e om (= [ =)
Generator | Reflection Reflection :
I | LLMs M) | LLMs LLMs ],

‘ |
I l ! :
| ] i |
; Generator [+ \— Generator | |
. LLMs LLMs ! |
Crossover | :

I

[}

I

T
Short-term  Long-term |
Reflection  Reflection |

High—perform'\ngheurist\'csj»( L] )—»[ L] ]l

Cross-Generation Elite
Sampling (CGES)

|
|
|
|
=) |

Elitist Mutation Crossover :

Number of Function Evaluations

Figure 2: An illustration of the TRAJEVO evolutionary process. (Left) The framework continuously discovers and evaluates a
variety of heuristic strategies, such as those based on constant velocity or social forces. (Middle) As the evolution progresses,
the performance of these heuristics steadily improves, evidenced by the decreasing objective value from a simple seed to a final,
optimized solution. (Right) The overall TRAJEVO pipeline orchestrates this entire discovery and optimization process, using
an LLM-driven evolutionary algorithm to automatically generate and refine the heuristics.

tion, and MoFlow (Fu et al. 2025) employing normalizing
flows for stochastic prediction. While these methods achieve
high in-distribution accuracy, their three well-documented
challenges: high computational cost, lack of interpretability,
and poor out-of-distribution generalization (Rudenko et al.
2020), motivate the design of our TRAJEVO framework.

LLMs for Algorithmic Design Recent work has com-
bined Large Language Models (LLMs) with Evolutionary
Algorithms (EAs) for automated algorithm design (Ye et al.
2024; Dat, Doan, and Binh 2025). However, applying this
paradigm to the safety-critical and stochastic domain of tra-
jectory prediction remains unexplored. To the best of our
knowledge, TRAJEVO is the first framework to adapt LLM-
driven EAs for discovering fast, interpretable, and general-
izable trajectory prediction heuristics.

While these studies establish the general potential of
LLM-driven evolution, its application to specialized, safety-
critical domains remains largely unexplored. The domain of
multi-agent trajectory prediction presents unique challenges,
including stochastic interactions and the need for both high
accuracy and computational efficiency. To the best of our
knowledge, TRAJEVO is the first framework to adapt the
LLM-driven evolutionary paradigm specifically for this task.

TRAJEVO
Problem Definition

Task We address multi-agent trajectory prediction. The
task is, for each agent 7, to predict its future path Y;

Tops+1 Tobs+Tpred
(PTwtt . P

) given its observed history H; =
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(P},...,Pl™), where P! € R? is the position at timestep
t. Here, Ty is the historical observation span and Tpreq is
the future prediction length.

Metrics We adopt the widely used standard measure-
ment matrix in trajectory prediction to ensure fair compar-
ison with all baselines (Gupta et al. 2018). Performance
is measured by the minimum Average Displacement Er-
ror (minADEg) and minimum Final Displacement Error
(minFDE ). This matrix evaluates a model’s ability to cap-
ture the multi-modal nature of human motion by generating
K trajectory samples and selecting the one with the lowest
error against the ground truth. Following the same setting as
the baselines, we use K = 20 for our method to ensure a
fair and direct comparison.

Optimization Objective To guide the evolutionary
search, we employ the Mean Squared Error (MSE) and
calculate the average squared Euclidean distance between
the predicted and ground truth trajectory points, where a
lower MSE corresponds to a higher fitness. The choice of
MSE is motivated by its simplicity and generality, as well as
its capacity to provide a continuous and well-defined error
signal, which is crucial for guiding the evolutionary process.
Its widespread adoption ensures our results are comparable
across the literature, while its parameter-free nature aligns
with our goal of automated heuristic design.

Evolutionary Framework

Our evolutionary framework is designed not merely to min-
imize prediction error on a given dataset, but to discover



heuristics that are fundamentally simple and robust enough
to generalize across different environments. Inspired by the
Reflective Evolution approach (Ye et al. 2024), the frame-
work is illustrated in Fig. 2 (right). In this algorithm, Large
Language Models (LLMs) serve as the core genetic opera-
tors, following these steps:

Initial Population The process starts by seeding the gen-
erator LLM with a task specification (including problem de-
tails, input/output format, and the objective J) alongside a
basic heuristic like the Constant Velocity Model (CVM).
The LLM then generates an initial population of N diverse
heuristics, providing the starting point for the evolutionary
search.

Selection for Crossover Parents for crossover are chosen
from successfully executed heuristics in the current popu-
lation. The selection balances exploration and exploitation:
70% of parents are selected uniformly at random from suc-
cessfully running candidates, while 30% are chosen from the
elite performers (those with the lowest objective J).

Reflections TRAJEVO employs two types of reflection as
in Ye et al. (2024). Short-term reflections compare the per-
formance of selected crossover parents, offering immediate
feedback to guide the generation of offspring. Long-term
reflections accumulate insights across generations, identify-
ing effective design patterns and principles to steer mutation
and broader exploration. Both reflection mechanisms pro-
duce textual guidance (i.e. “verbal gradients” (Pryzant et al.
2023)) for the generator LLM.

Crossover This operator creates new offspring by combin-
ing code from two parent heuristics. Guided by short-term
reflections that compare the ‘better’ and ‘worse’ performing
parent, the LLM is prompted to mix their effective “genes”,
enabling the emergence of potentially superior heuristics.

Elitist Mutation The mutation operator mutates the elitist
(best found so far) heuristic. In TRAJEVO, this involves the
generator LLM modifying an elite heuristic selected. This
mutation step is informed by the insights gathered through
long-term reflections.

It is crucial to note that this entire evolutionary process
is a one-time, offline procedure. The final output is a stan-
dalone Python heuristic that runs with high computational
efficiency and does not require the LLM during inference.

Cross-Generation Elite Sampling

Evolving effective heuristics for complex tasks like trajec-
tory prediction poses a significant search challenge, where
standard evolutionary processes can easily get trapped in
local optima (Osuna and Sudholt 2018). Simple mutations
often yield only incremental improvements, failing to ex-
plore sufficiently diverse or novel strategies. To address
this limitation and enhance exploration, we introduce Cross-
Generation Elite Sampling (CGES), a core component influ-
encing the mutation step within the TRAJEVO framework.
In contrast to typical elitism focusing on the current gen-
eration’s best, CGES maintains a history archive of high-
performing heuristics accumulated across all past genera-
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escape local optima by sampling elite individuals from past
generations (left), which greatly helps achieve much better
objective values (right).
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Statistics of trajectory index counts with
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which heuristics contribute to the
performance for at least some trajectories.
Traj Index: Count: {0: 67, 1: 10, 2: 3, 3:
2, 4: 7, 5: 0, ... 18: 0, 19: 2}
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The better code explicitly includes a
deterministic (linear extrapolation)
trajectory as the first prediction. This
significantly improves ADE, as evidenced by
trajectory O having the lowest ADE count by
far. The statistics suggest it's beneficial
to have at least one trajectory that closely
follows the established motion.

Figure 4: Statistics Feedback Loop: (top) distribution of pre-
diction index effectiveness by minimum ADE frequency;
(bottom) LLM prompt incorporating statistical feedback for
guided mutation.

tions. Specifically, CGES modifies how the elite individ-
ual targeted for mutation is selected: instead of necessar-
ily choosing the top performer from the current popula-
tion, the heuristic designated to undergo mutation is sam-
pled by CGES directly from this history. This sampling uses
a Softmax distribution based on the recorded objectives J
of the historical elites, thus prioritizing individuals that have
proven effective. By potentially reintroducing and modify-
ing diverse, historically successful strategies during the mu-
tation phase, CGES significantly improves the exploration
capability, facilitating escape from local optima and the dis-
covery of more robust heuristics, as demonstrated in Fig. 3.

Statistics Feedback Loop

While the objective J measures overall quality, it does
not reveal which of a heuristic’s diverse internal predic-
tion strategies are actually effective. To provide this cru-
cial insight for effective refinement, TRAJEVO incorporates
a Statistics Feedback Loop (SFL), illustrated in Fig. 4.



This loop specifically analyzes the contribution of the 20
distinct trajectory prediction sets (indexed £ = 0. .. 19) gen-
erated by a heuristic. After evaluation, we compute a key
statistic: a distribution showing how frequently each predic-
tion index & delivered the minimum ADE for individual tra-
jectory instances across the dataset (Fig. 4 top). This directly
highlights the empirical utility of the different diversifica-
tion strategies associated with each index k. This statistical
distribution, together with the heuristic’s code, is fed to the
reflector and mutation LLMs to identify which strategies (k)
contribute most effectively to performance (Fig. 4 bottom).
Such feedback provides actionable guidance to the genera-
tor LLM, enabling specific improvements to the heuristic’s
multi-prediction generation logic based on the observed ef-
fectiveness of its constituent strategies. A qualitative exam-
ple of the full TRAJEVO evolution is provided in Fig. 2.

Experiments
Experimental Setup

Datasets We evaluate TRAJEVO on the ETH-UCY bench-
mark (Pellegrini et al. 2009), a collection of datasets com-
prising real-world pedestrian trajectories with the standard
leave-one-out protocol where heuristics are evolved on four
datasets and tested on the remaining one (Alahi et al. 2016).
To specifically assess OOD generalization, we use the SDD
dataset (Robicquet et al. 2016) as a completely unseen
test set. For all experiments, following the standard setting
widely used by baseline methods on these benchmarks, we
observe 8 past frames (3.2s) to predict 12 future frames
(4.8s).

Baselines We compare heuristics generated by TRATEVO
against both heuristic and deep learning baselines. Heuris-
tic baselines, which are well-suited for resource-constrained
systems, include kinematic models such as the Constant Ve-
locity Model (CVM) and its sampling variant (CVM-S),
Constant Acceleration (ConstantAcc), and Constant Turn
Rate and Velocity (CTRV), as well as CSCRCTR, Linear
Regression (LinReg), and the physics-inspired Social Force
model. To benchmark against more complex data-driven ap-
proaches, we also evaluate deep learning baselines, includ-
ing early influential models like Social-LSTM and Social-
GAN; graph-based methods such as STGAT and Social-
STGCNN; and recent state-of-the-art models like Trajec-
tron++, MemoNet, EigenTrajectory, and MoFlow. To ensure
robustness, all reported results for TRAJEVO are averaged
over 10 independent evolutionary runs. The standard devi-
ations across runs were consistently low, typically ranging
from 0.02 to 0.06.

Hardware and Software All experiments were conducted
on a workstation equipped with an AMD Ryzen 9 7950X 16-
Core Processor and a single NVIDIA RTX 3090 GPU. The
TRAJEVO framework generates trajectory prediction heuris-
tics as executable Python code snippets in a Python 3.12
environment, employing Google’s Gemini 2.0 Flash model
(Google Al for Developers 2025) in the main experiment. To
evaluate the stability and generalizability of our framework,
its performance was systematically tested with a variety of
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Figure 5: Trajectory prediction results for CVM-S and TRA-
JEVO across different datasets. Each row illustrates a distinct
pattern: (top) linear trajectories, (middle) non-linear trajec-
tories, and (bottom) collision-avoidance cases. We visualize
the single best trajectory out of K = 20 samples based on
the optimization objective.

alternative models, including DeepSeek V3 & R1, Qwen3-
32B, ChatGPT-40, and Claude 3.7 Sonnet.

In-Distribution Performance

Comparison with Heuristic Methods We report results
against heuristic baselines in Table 1. TRAJEVO consistently
achieves the best performance across all ETH-UCY datasets
and significantly outperforms all competitors on average.
This establishes TRAJEVO as the new state-of-the-art among
heuristic approaches on this benchmark. Interestingly, the
general performance trend across baseline methods suggests
that heuristics incorporating more complexity beyond basic
constant velocity assumptions are generally worse suited for
real-world pedestrian data, including SocialForce, with the
second-best result obtained by the relatively simple CVM-
S. Fig. 5 shows examples of the generated trajectories.

Comparison with Deep Learning Methods Table 2 re-
ports results against deep learning methods. On this in-
distribution benchmark, while TRAJEVO does not surpass
highly specialized neural networks like MoFlow, it estab-
lishes a strong baseline. It consistently outperforms sev-
eral established models, including Social-LSTM, and even
more recent ones like Trajectron++ on certain datasets. This
performance is highly competitive for a heuristic-based ap-
proach. However, as the next section demonstrates, the pri-
mary strength of our method lies not in incremental in-
distribution gains, but in its superior generalization capabil-
ities in OOD situations.



Method || ETH | HOTEL | UNIV | ZARAI | ZARA2 || AVG

SocialForce (Helbing and Molnar 1995) 1.46/2.48 | 0.69/1.23 | 0.96/1.75 | 1.37/2.51 | 0.84/1.53 || 1.06/1.90
LinReg (Bishop and Nasrabadi 2006) 1.04/2.20 ] 0.26/0.47 | 0.76/1.48 | 0.62/1.22 | 0.47/0.93 || 0.63/1.26
ConstantAcc (Polychronopoulos et al. 2007) || 3.12/7.98 | 1.64/4.19 | 1.02/2.60 | 0.81/2.05 | 0.60/1.53 || 1.44/3.67
CSCRCTR (Zhai, Meng, and Wang 2014) 2.27/4.61|1.03/2.18 | 1.35/3.12 | 0.96/2.12 | 0.90/2.10 || 1.30/2.83
CVM (Scholler et al. 2020) 1.01/2.24 1 0.32/0.61 | 0.54/1.21 | 0.42/0.95 | 0.33/0.75 || 0.52/1.15
CVM-S (Scholler et al. 2020) 0.92/2.01|0.27/0.51 | 0.53/1.17 | 0.37/0.77 | 0.28/0.63 || 0.47/1.02
CTRV (Lu et al. 2021) 1.62/3.64 1 0.72/1.09 | 0.71/1.59 | 0.65/1.50 | 0.48/1.10 || 0.84/1.78

TRAJEVO

1 0.47/0.77 | 0.17/0.30 | 0.51/1.10 | 0.35/0.75 | 0.27/0.57 || 0.35/0.70

Table 1: Comparison of TRAJEVO with trajectory prediction heuristics across datasets with mean minADE5, / minFDEy

(meters) on the ETH-UCY dataset.

Method | ETH | HOTEL | UNIV | ZARAI | ZARA2 | AVG

Social-LSTM (Alahi et al. 2016) 1.09/2.35 | 0.79/1.76 | 0.67/1.40 | 0.56/1.17 | 0.72/1.54 || 0.77/1.64
Social-GAN (Gupta et al. 2018) 0.87/1.62 | 0.67/1.37 | 0.76/1.52 | 0.35/0.68 | 0.42/0.84 || 0.61/1.21
STGAT (Huang et al. 2019) 0.65/1.12 | 0.35/0.66 | 0.52/1.10 | 0.34/0.69 | 0.29/0.60 || 0.43/0.83
Social-STGCNN (Mohamed et al. 2020) || 0.64/1.11 | 0.49/0.85 | 0.44/0.79 | 0.34/0.53 | 0.30/0.48 || 0.44/0.75
Trajectron++ (Salzmann et al. 2020) 0.61/1.03 | 0.20/0.28 | 0.30/0.55 | 0.24/0.41 | 0.18/0.32 || 0.31/0.52
MemoNet (Xu et al. 2022) 0.41/0.61 | 0.11/0.17 | 0.24/0.43 | 0.18/0.32 | 0.14/0.24 || 0.21/0.35
EigenTrajectory (Bae, Oh, and Jeon 2023) || 0.36/0.53 | 0.12/0.19 | 0.24/0.43 | 0.19/0.33 | 0.14/0.24 (| 0.21/0.34
MoFlow (Fu et al. 2025) 0.40/0.57 | 0.11/0.17 | 0.23/0.39 | 0.15/0.26 | 0.12/0.22 || 0.20/0.32

TRAJEVO

] 0.47/0.77 | 0.17/0.30 | 0.51/1.10| 0.35/0.75 | 0.27/0.57 || 0.35/0.70

Table 2: Comparison of TRAJEVO with deep learning approaches (mean minADEyp/minFDEsy on ETH-UCY). Each
underlined number indicates that the result is worse than the corresponding result from TRAJEVO on at least one metric.

Out-of-Distribution Performance

A crucial capability for robotic systems deployed in the real
world is generalizing to unseen (OOD) environments dur-
ing development. We evaluate this on the unseen dataset
SDD, directly testing both deep learning models (trained on
ETH-UCY) and the heuristics from TRAJEVO (evolved on
the ETH-UCY). We report these OOD performance results
in Table 3 for three selected heuristics and three recent es-
tablished neural methods. Remarkably, TRAJEVO demon-
strates superior generalization, significantly outperforming
not only all heuristic baselines but also all tested deep learn-
ing methods, including SOTA models like MoFlow. TRA-
JEVO performs substantially better than the best deep learn-
ing competitor, EigenTrajectory and MoFlow. This suggests
that the interpretable and efficient heuristics discovered by
TRAJEVO may possess greater robustness to domain shifts
compared to complex neural networks trained on specific
distributions.

Ablation Study

We conducted an ablation study, reported in Table 4, to val-
idate the effectiveness of the core components introduced
in TRAJEVO. The results demonstrate that both the SFL and
CGES meaningfully improve performance. Removing either
component from the full framework leads to a noticeable
degradation in prediction accuracy, confirming their positive
contribution.
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Analysis and Discussion

Performance of Different LLMs To demonstrate the ro-
bustness of the TRAJEVO framework and the stability of its
outcomes, we evaluated its performance when driven by sev-
eral state-of-the-art LLMs, including DeepSeek-V3 & R1,
Qwen3-32B, ChatGPT-4o0, and Claude 3.7 Sonnet. As de-
tailed in Table 5, a key finding is the consistent effective-
ness across all models. Each LLM was capable of generat-
ing high-performing heuristics, which underscores the gen-
eral utility and stability of TRATEVO. While the overall per-
formance level remained high and stable, we did observe
minor variations that highlight opportunities for fine-tuning.
For instance, Deepseek-R1 achieved the best average results,
while other models excelled on specific datasets. This anal-
ysis confirms that the TRAJEVO framework is effective and
not reliant on a single specific LLM, ensuring stable, high-
quality outcomes regardless of the chosen model.

Evolution Resources A single TRAJEVO evolutionary
run takes approximately 5 minutes using Google’s Gemini
2.0 Flash (Google AI for Developers 2025) with an aver-
age API cost of $0.05. In contrast, training neural methods
can take a full day on a contemporary GPU, incurring sig-
nificantly higher estimated compute costs — e.g., on an RTX
3090 as reported by Bae, Oh, and Jeon (2023), around $4
based on typical rental rates, 80x more than TRAJEVO.

Inference Resources Crucially, the LLM is only used dur-
ing the offline evolutionary design phase and is not called
at inference time. The resulting heuristics are lightweight
Python functions. As such, TRATEVO-generated heuristics



Method (tested on SDD dataset) ETH HOTEL UNIV ZARAL1 ZARA2 AVG

SocialForce (Helbing and Molnar 1995)  33.64/60.63 33.64/60.63 33.64/60.63 33.64/60.63 33.64/60.63 33.64/60.63
CVM (Scholler et al. 2020) 18.82/37.95 18.82/37.95 18.82/37.95 18.82/37.95 18.82/37.95 18.82/37.95
CVM-S (Scholler et al. 2020) 16.28/31.84 16.28/31.84 16.28/31.84 16.28/31.84 16.28/31.84 16.28/31.84
Trajectron++ (Salzmann et al. 2020) 46.72/69.11 47.30/67.76 46.08/75.90 47.30/72.19 46.78/68.59 46.84/70.71
EigenTrajectory (Bae, Oh, and Jeon 2023) 14.51/25.13 14.69/24.64 14.31/27.60 14.69/26.25 14.53/24.94 14.55/25.71
MoFlow (Fu et al. 2025) 17.00/27.98 17.21/27.43 17.00/30.63 17.24/29.22 17.27/27.56 17.14/28.56
TRAJEVO 12.58/23.82 12.26/23.60 12.78/23.71 13.10/25.23 12.22/23.57 12.59/23.99

Table 3: Out of distribution performance of methods trained on different ETH-UCY splits and tested on the unseen SDD dataset.
We report minADEs, / minFDEy (pixels) on the SDD dataset.

Dataset - SFL - CGES -SFL  TRAJEvVO
ETH 0.68/1.36 0.59/1.12  0.47/0.77
HOTEL 0.26/0.45 0.19/0.33  0.17/0.30
UNIV 0.59/1.22 0.52/1.13  0.51/1.10
ZARA1 0.37/0.77 0.36/0.76  0.35/0.75
ZARA2 0.31/0.65 0.28/0.59  0.27/0.57

Table 4: Ablation study for the evolution framework remov-
ing different components. Lower is better ({.).

Model ETH HOTEL UNIV
ADE FDE ADE FDE ADE FDE
deepseek-R1 0.46 0.74 0.16 0.29 0.49 1.06
deepseek-V3 043 0.71 0.21 0.39 0.50 1.08
Qwen3-32B 049 0.74 0.18 0.32 0.51 1.09
ChatGPT-40 0.51 0.82 0.15 030 0.54 1.13
Claude-3.7 049 093 0.18 036 049 1.07
Model ZARA1 ZARA2 AVG
ADE FDE ADE FDE ADE FDE
deepseek-R1 0.33 0.72 0.26 0.54 0.34 0.67
deepseek-V3 0.34 0.69 0.27 0.56 0.35 0.69
Qwen3-32B 035 0.75 0.27 0.59 0.36 0.70
GPT-40 036 0.72 031 0.54 0.37 0.70
Claude-3.7 0.32 0.61 0.27 0.57 0.35 0.71

Table 5: Performance of various LLMs on the standard ETH-
UCY benchmark datasets. Best results are in bold.

demonstrate significant speed advantages, requiring only
0.65ms per instance on a single CPU core with the Python
version and less than 5us for a version of the heuristic rewrit-
ten in C++. In contrast, neural baselines need 12-29ms on
GPU and 248-375ms on (multi-core) CPU. Notably, TRA-
JEVO achieves over 10x speedup for the original Python
version and more than 2400x speedup for the C++ version
compared to the optimized MoFlow running on a dedicated
GPU, highlighting its relevance for resource-constrained,
real-time robotic systems.

Explainability Unlike the black-box nature of neural net-
works, TRAJEVO produces human-readable Python code.
For instance, the heuristic evolved for the Zaral dataset
is not a simple tweak of a known model. It intelligently
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combines four distinct strategies to generate its 20 samples.
The primary strategy (k = 0..9) is a sophisticated form
of adaptive linear extrapolation, where the velocity vector
is averaged over the last few steps and perturbed by noise
scaled to the agent’s current speed—allowing it to model
both smooth paths and sudden hesitations. A second strategy
(k = 10..14) introduces rotational noise, effectively sim-
ulating curved paths. A third (¢ = 15..17) implements a
memory-based collision avoidance mechanism by checking
potential future positions against the recent paths of nearby
agents. The final strategy (k = 18,19) acts as a conserva-
tive fallback, using a heavily damped extrapolation. This
automated discovery of a complex, multi-faceted strategy
combining adaptive kinematics and interaction rules is a key
advantage, making the model’s logic transparent and verifi-
able, which is crucial for safety-critical applications.

Limitations While TRAJEVO shows strong performance,
limitations remain. Our implementation works on bird’s-
eye-view pedestrian datasets using only past 2D positions,
so a gap to specialized deep models on ETH-UCY in in-
distribution accuracy. The evolutionary objective is defined
only on trajectory prediction error rather than downstream
planning or safety metrics (e.g., collision rate or comfort);
extending TRAJEVO in this direction left to future work.

Conclusion

We introduced TRAJEVO, a framework leveraging Large
Language Models and evolutionary algorithms to auto-
mate trajectory prediction heuristic design. Our experiments
demonstrate that TRAJEVO generates heuristics that outper-
form traditional methods on standard benchmarks and ex-
hibit superior out-of-distribution generalization, surpassing
deep learning models on unseen data while remaining fast
and interpretable. TRAJEVO represents a step towards auto-
matically discovering efficient, explainable, and generaliz-
able trajectory prediction heuristics, offering an alternative
to black-box models.

Future research will focus on bridging the performance
gap to state-of-the-art models by enhancing evolutionary
search and incorporating multi-modal inputs. For real-world
applicability, the optimization objective will be reframed
from predictive accuracy metrics towards performance on
downstream tasks like navigation and planning.
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