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Abstract

Pedestrian path prediction is a safety-critical component of autonomous vehicles and social robots
that must navigate alongside humans in open urban environments. In such deployments, predictions
that imply unnatural accelerations or impossible turns can directly trigger unsafe planning deci-
sions, especially when only a few past frames of the pedestrian are observed. Because pedestrians
are full-body humans whose paths are governed by articulated locomotion, we exploit two resources:
3D human body pose, which encodes locomotion-level constraints, and a humanoid physics simu-
lator, which synthesizes virtually unlimited, physically executable pose-and-path data. We propose
“Physical Plausibility-aware Pre-training for Pedestrian Path Prediction” (Hexa-P), which uses this
synthesized data to jointly pre-train a path predictor and a plausibility estimator. Unlike prior work
that uses a separately trained plausibility estimator, this joint pre-training improves both predic-
tion accuracy and physical plausibility. While this simulation involves only a single agent, multiple
agents mutually influence one another’s future paths in real-world scenes. We therefore introduce an
adapter-based fine-tuning that preserves physical knowledge while adapting to scene-specific social
path interactions. We also propose Target-relative Positional Encoding (TaPE) to bridge the gap
between single-agent simulation and multi-agent path prediction. Experiments on JRDB, JTA, and
the Urban dataset demonstrate accurate and plausible predictions of Hexa-P. Particularly in safety-
critical short-observation scenarios, Hexa-P reduces prediction errors by up to 50% on the JRDB
dataset compared with a strong pose-aware baseline.
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1 Introduction1

Pedestrian path prediction is a safety-critical2

component of autonomous-driving and social-3

robot-navigation systems in open urban environ-4

ments [2–4]. Since these predictions are used as5

input to motion planning, physically implausible6

predictions, such as those with impossible turns7

or unnatural accelerations, can lead to unsafe8

steering or braking decisions.9

Deep learning methods [5–8] achieve substan-10

tial accuracy when sufficient past observations11

are available, but produce physically implausible12

predictions (Fig. 1 (a)) when the observation his-13

tory is limited, e.g., when a pedestrian suddenly14

appears from behind an obstacle.15

1



: Trained      : Frozen

Locomotion Generation
in Physics Simulator

Multi-agent Path Prediction

(a) Prior work (b) EmLoco (c) Hexa-P (Ours)

LocoVal

AdapterPath
Predictor

LocoVal

Physical Core

Loss

Plausibility
Evaluation

Pre-Training

Joint Plausibility
and Path Pre-Training

LocoVal

Physical
Core

Knowledge Preservation
Efficient Adaptation✘ Implausible Prediction

✘ Indirect Training
by Auxiliary Loss

Path
Predictor

Path Predictor

Path Predictor

Fig. 1: Comparison of path prediction approaches. (a) Prior work lacks physical plausibility. (b)
EmLoco [1] employs physics simulation only for auxiliary loss-based training. (c) Hexa-P jointly pre-trains
path prediction and plausibility estimation, then fine-tunes with adapters to preserve physical knowledge
while adapting to multi-agent scenarios

Why do these methods fail? Classical models16

such as the Social Force Model [9, 10] and kine-17

matic models [11, 12] use velocity and acceleration18

cues, but represent each pedestrian as a 2D point19

and ignore the physics of full-body locomotion.20

A 2D point sequence is insufficient because two21

pedestrians with identical past paths can take dif-22

ferent future paths, and short observations remain23

ambiguous despite recent methods designed to24

handle them [13, 14]. The 3D body pose, however,25

can resolve this ambiguity; for example, a body26

oriented to the right is likely to turn right.27

While several methods [4, 7, 15, 16] use 3D28

human poses to model the pose-path relationship,29

their applicability is limited by the scarcity of30

large-scale datasets with accurate 3D pose anno-31

tations. Although motion capture systems can32

collect accurate 3D poses, most motion capture33

datasets contain only a single agent per recording,34

which is insufficient because social interactions are35

essential for path prediction in real-world scenes.36

To address this data-collection problem, we37

decompose it into two components: physical con-38

straints governed by individual human locomotion39

and social interactions among multiple agents.40

This decomposition is possible because physical41

plausibility requires accurate 3D poses, whereas42

social interactions can be assessed without them.43

Based on this decomposition, we propose44

Physical Plausibility-aware Pre-training for45

Pedestrian Path Prediction (Hexa-P), illus-46

trated in Fig. 1 (c). In the pre-training stage,47

a humanoid physics simulator generates a large48

number of 3D pose-path pairs that satisfy phys-49

ical constraints. We use these pairs to jointly50

pre-train a path predictor and a plausibility esti-51

mator. Unlike prior work (Fig. 1 (b)) that trains52

the plausibility estimator separately and uses53

it as an auxiliary loss [1], our joint pre-training54

improves both prediction accuracy and physical55

plausibility. The pre-trained models are then fine-56

tuned on real-world data to incorporate social57

interactions among multiple agents.58

Our contributions are summarized as follows:59

1. Physical plausibility-aware pre-training.60

We jointly pre-train a path predictor and61

a plausibility estimator inside a humanoid62

physics simulator, which provides virtually63

unlimited 3D pose-path data that satisfies64

physical constraints.65
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2. Adapter-based fine-tuning. We freeze the66

pre-trained Physical Core and train only67

lightweight adapters on real-world data, pre-68

serving the simulator-learned physical knowl-69

edge while adapting to multi-agent interac-70

tions.71

3. Target-relative Positional Encoding72

(TaPE). We encode each agent’s past tra-73

jectory in its own coordinate frame and74

the inter-agent relative positions separately,75

which bridges single-agent simulation and76

multi-agent prediction.77

With these contributions, Hexa-P achieves state-78

of-the-art accuracy, reducing errors by up to 50%79

in short-observation scenarios where pose-path80

priors are most valuable.81

2 Related Work82

2.1 Deep Learning-based Pedestrian83

Path Prediction84

Early RNN-based methods [5, 6, 17] model only85

temporal dependencies between past and future86

paths, while several methods [8, 11, 18, 19] intro-87

duce graph-based spatio-temporal interaction88

modeling. Recent attention-based approaches [20–89

24] improve the spatio-temporal modeling. How-90

ever, these methods treat pedestrians simply as 2D91

point sequences, leading to physically implausible92

path predictions.93

2.2 Pose-Based Path Prediction94

Several works incorporate human 3D poses to95

model physical constraints [2, 15, 16, 25]. While96

these methods take only fixed-length observations,97

mask-based prompting in Social-Transmotion98

(Social-Trans) [7] enables variable-length observa-99

tion inputs and can handle diverse visual cues,100

such as 2D paths and 3D poses. Recent advances101

include pose-knowledge distillation [26], joint path102

and pose prediction [27, 28], and generic pose103

encoders optimized for path prediction [4].104

However, these pose-based methods face data105

scarcity: learning pose-path relationships requires106

large-scale diverse data with accurate 3D pose107

annotations, which is expensive to collect. This108

data scarcity problem motivates our physi-109

cal plausibility-aware pre-training approach on110

physics simulators.111

2.3 Physics-Based Locomotion112

Generation113

Physically plausible motions can be generated114

through physics simulation of humanoid locomo-115

tion. DeepMimic [29] introduces motion imitation116

for physics-based humanoid control. AMP [30]117

uses adversarial training to generate natural,118

diverse humanoid motions. PACER [31] generates119

natural humanoid locomotion given conditioned120

future paths.121

While these methods use physics simulation122

only for animation or robotics, Hexa-P leverages123

physics-based locomotion generation for pedes-124

trian path prediction. Simulators can generate125

unlimited training data with ground-truth syn-126

chronized 2D paths and 3D poses, enabling suffi-127

cient learning of pose-path relationships in terms128

of their physical plausibility.129

2.4 Physics Simulation-based Path130

Prediction131

EmLoco [1] makes the first attempt to bridge132

physics simulation and path prediction. However,133

EmLoco relies on a two-step learning strategy: it134

first learns a surrogate plausibility function (Loco-135

Val) in a physics simulator, then uses the pre-136

trained LocoVal as an auxiliary loss (EmLoco loss)137

to train the path predictor on real-world data.138

This indirect plausibility evaluation via LocoVal139

yields only an approximation.140

In Hexa-P, by contrast, both pose-path plau-141

sibility and path prediction are initially learned142

jointly in a physics simulator. This joint learning143

without approximation allows for better physics-144

aware pose-path learning.145

2.5 Future Prediction for146

Autonomous Navigation147

Safe navigation among humans requires predicting148

how the surrounding scene will change, and prior149

work addresses this at different levels. Crossing-150

intention prediction estimates whether a pedes-151

trian will cross the road [32–34]. Occupancy-based152

methods predict a grid of free and occupied space153

over time [35, 36]. Pedestrian path prediction,154

which is the task we address, instead predicts155

agents’ future paths.156

Path prediction is also used in generative157

driving simulation. Trajectory-conditioned world158
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models [37, 38] take agent paths as input, and159

camera-controlled generators such as ReCamDriv-160

ing [39] use them to render scenes from new161

viewpoints. The physically plausible paths pre-162

dicted by Hexa-P can serve as reliable inputs for163

these applications.164

3 Preliminaries165

Pedestrian Path Prediction166

Given a scene with N agents, a path prediction167

network, P, takes the past Tp frames as input and168

predicts the future path of a target agent over Tf169

frames. For each agent i ∈ {0, 1, . . . , N−1}, where170

i = 0 for the target agent, the inputs to P are as171

follows:172

• τ i
p = (τ i

p,−Tp+1, · · · , τ i
p,0) ∈ RTp×2: Past 2D173

path on the ground plane.174

• J i
p = (J i

p,−Tp+1, · · · ,J
i
p,0) ∈ RTp×J×3: Past 3D175

positions of J joints.176

P is trained with the following loss, Lf, to pre-177

dict a target agent’s 2D future path on the ground178

plane, τ̂ f ∈ RTf×2, which is expected to match its179

ground-truth, τ f:180

Lf = MSE(τ̂ f, τ f) (1)

Locomotion Generation181

Humanoid locomotion can be generated to follow182

any given path, τ s ∈ RTf×2, in a physics simulator.183

A locomotion generator, G, takes τ s and the cur-184

rent humanoid state, h0, to control the humanoid185

joints, where h0 comprises their positions, rota-186

tions, velocities, and angular velocities.187

By reinforcement learning, G is trained by188

maximizing the discounted cumulative reward,189

Ω ∈ [0, 1] [1]. While it is difficult to control the190

humanoid perfectly to follow τ s due to kinematic191

constraints such as joint-angle and torque limits,192

G is trained such that a path executed in a physics193

simulator (denoted by τ e) becomes as close to τ s194

as possible. As τ e gets closer to τ s, Ω becomes195

larger. We therefore use Ω as a measure of physi-196

cal plausibility: low values indicate paths that are197

infeasible under physical constraints; conversely,198

high values indicate physically achievable paths.199

Path Prediction using Generated200

Locomotion201

For training P with the aforementioned generated202

locomotion data, the loss (Eq. (1)) is rewritten as203

follows:204

Le = MSE(τ̂ f, τ e) (2)

4 Proposed Method205

The key idea of Hexa-P is to decompose the overall206

learning problem into physical-constraint model-207

ing and social-interaction modeling within a three-208

stage framework. Figure 2 illustrates the overview209

of Hexa-P, which consists of three stages: two210

training stages and an inference stage. In Stage 1211

(Sec. 4.1), physics simulation is used to pre-train212

the Physical Core jointly with a path predictor213

and a plausibility evaluator, which are “Path-214

Head” and “LocoVal-Head” in Fig. 2 (a), respec-215

tively. In Stage 2 (Sec. 4.2), Hexa-P fine-tunes216

the “Physical Core” with adapters and “Social217

module with TaPE” to preserve physical knowl-218

edge of the pose-path relationship while learning219

social path interactions in multi-agent scenarios,220

as shown in Fig. 2 (b). In Stage 3 (Sec. 4.3),221

dual-mode inference enables filtering of physically222

implausible path predictions (Fig. 2 (c)).223

4.1 Stage 1: Physical224

Plausibility-aware Pre-training225

4.1.1 Locomotion Generation226

As shown in the upper part of Fig. 2 (a), we227

first generate diverse locomotion data using the228

locomotion generator, G. Following [31], G is229

implemented as a policy network trained via rein-230

forcement learning [40] using Isaac Gym [41] as231

a physics simulator. The discounted cumulative232

reward, Ω, is computed from a reward func-233

tion that consists of a path-following reward, a234

motion style reward [30], and an energy penalty,235

as proposed in [31].236

Each target path, τ s, for the humanoid is237

generated by randomly sampling velocities and238

turn angles with the following constraints used239

in PACER [31]: velocity in [0.0005, 5] m/s,240

acceleration in [0, 2] m/s2, and turn rate in241

[−180, 180] deg/s. For each training episode, we242

collect tuples (τ 0
p, τ s,J

0
p) as inputs and (τ e,Ω) as243

4



(a) Stage1: Physical
Plausibility-aware Pre-training

(b) Stage2: Adapter-based
Fine-tuning

(c) Stage3: Dual-Mode
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Fig. 2: Overview of Hexa-P. (a) Pre-training: In IsaacGym, a humanoid controller (PACER) tracks
random target paths. We jointly train path prediction and plausibility estimation on physically exe-
cuted motions, learning physical pose-path relationships. (b) Fine-tuning: The pre-trained Physical
Core (blue) is frozen; only adapters (red) are trained. TaPE centers each agent to their own frame
and encodes relative positions for multi-agent scenarios. (c) Inference: Dual-branch feature extraction
enables plausibility-aware filtering by bypassing adapters to preserve the pre-trained plausibility estima-
tion capability

ground-truth, where J0
p is sampled from a motion244

capture dataset [42].245

4.1.2 Joint Pre-training of Path246

Prediction and Plausibility247

Estimation248

As shown in Fig. 2 (a), the Physical Core, C, serves249

as a shared feature extractor for two prediction250

heads that are jointly pre-trained:251

• Path-Head predicts M path hypotheses for252

stochastic prediction from the Physical Core253

features. M independently initialized linear lay-254

ers are used as the Path-Head to produce255

diverse path hypotheses.256

• LocoVal-Head takes the target path, τ s,257

together with the Physical Core features and258

estimates a normalized plausibility score, Ω̂ ∈259

[0, 1], via a sigmoid activation.260

This joint pre-training in physics simulation261

provides three key benefits: (1) Pre-training only262

in physics simulation allows us to collect a large263

amount of training data. (2) The Physical Core264

learns to represent pose-path relationships for265

path prediction in the Path-Head while explic-266

itly measuring their physical plausibility in the267

LocoVal-Head. (3) The LocoVal-Head can also268

serve as a plausibility evaluator at inference to fil-269

ter out implausible path hypotheses, as proposed270

in [1]. The positive effects of these three benefits271

are empirically validated in Sec. 5.5.272

The pre-training loss combines path prediction273

and plausibility estimation as follows:274

Lpre = λpathLpath + λlocovalLlocoval (3)
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Fig. 3: Adapter-based fine-tuning architecture.
Trainable bottleneck adapters are inserted in par-
allel with each layer of the frozen Physical Core.
Skip connections enable bypassing adapters for
plausibility estimation using pre-trained weights

Lpath = 1{No fall} · Ω

· min
m∈{1,...,M}

(MSE(τ̂
(m)
f , τ e)) (4)

Llocoval = MSE(Ω̂,Ω) (5)

In Eq. (4), the path predictor P generates M275

stochastic predictions, where m indexes individ-276

ual predictions. The minimum MSE among all M277

predictions is used to supervise the best predic-278

tion and promote diverse predictions. Ω is used as279

the weighting factor to encourage more plausible280

predictions. The indicator function, 1{No fall},281

excludes failure cases where the humanoid falls282

during the training episode.283

4.2 Stage 2: Adapter-Based284

Fine-tuning285

Relying solely on the physical plausibility-aware286

pre-training described in Sec. 4.1, the Physical287

Core does not capture domain-specific pedes-288

trian motions with real-world social interactions.289

Therefore, this Stage 2 (Fig. 2 (b)) addresses290

two challenges: (1) adapting the Physical Core291

to each dataset domain, while preserving phys-292

ical knowledge of single-agent locomotion, using293

adapter-based fine-tuning (Sec. 4.2.1) and (2)294

bridging the gap between single-agent settings and295

socially-interactive real-world scenes with TaPE296

(Sec. 4.2.2).297

4.2.1 Adapter Architecture298

To learn dataset-specific features, in Stage 2:299

Adapter-based Fine-tuning of Hexa-P (Fig. 2 (b)),300

bottleneck adapters [43] are inserted in paral-301

lel with each layer of the pre-trained Physi-302

cal Core, as shown in Fig. 3. While there are303

some alternative adaptation approaches such as304

LoRA [44] or in-context learning [45], we choose305

the adapters for their explicit skip-connection306

structure to achieve dual-mode feature extraction:307

by switching whether features propagate through308

the adapters (“Trainable Layers” in Fig. 3), the309

Physical Core can operate either with adapted310

features for path prediction or with original pre-311

trained features (from “Frozen Layers” in Fig. 3)312

for plausibility estimation.313

Hexa-P freezes the pre-trained Physical Core314

and trains only the adapters for the following two315

reasons:316

• Physical knowledge preservation: The317

frozen Physical Core retains the physical pose-318

path relationships, enabling pose-based predic-319

tion in short-observation scenarios where path320

cues alone are insufficient.321

• Efficient adaptation: The adapters learn322

dataset-specific motion patterns with minimal323

parameter overhead, which does not compro-324

mise real-time deployment.325

Within Physical Core, each Physical Core326

Layer (shown in Fig. 3) and the inserted Adapter327

Layer take the same hidden representation, z ∈328

Rd, as an input:329

y = Physical Core Layer(z)

+ Adapter Layer(z), (6)

Adapter Layer(z) = W up · ϕ(W down · z), (7)

where W down ∈ Rr×d and W up ∈ Rd×r are330

learnable up- and down-projection layers, ϕ is331

a nonlinear activation, and r is the bottleneck332

dimension.333

4.2.2 Target-relative Positional334

Encoding (TaPE)335

A challenge in adapting the pre-trained model336

to multi-agent scenarios is the coordinate rep-337

resentation gap. During pre-training in Stage 1,338
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(a) Conventional Approach (b) Proposed Method (TaPE)
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Fig. 4: Comparison of coordinate representations
for multi-agent path prediction. (a) A conven-
tional approach [5–8, 11] directly inputs all agent
positions relative to the target agent. (b) Our
TaPE first centers each agent to a target-centric
coordinate (origin at current frame) for feature
extraction, then encodes relative positions pi

rel

from the target agent after feature extraction

the Physical Core learns agent-centric representa-339

tions in which the humanoid’s future path always340

starts from the origin, i.e., (0, 0), which is identi-341

cal to the humanoid’s position τ 0
p,0 in the last past342

frame (i.e., the current frame, t = 0). However,343

as shown in Fig. 4 (a), conventional path predic-344

tion methods [5–7, 11] directly take all agents’345

coordinates relative to the target. For example, in346

Fig. 4 (a), all Target agent 0, agent 1, and agent347

2 are represented in the single coordinate system348

whose origin is τ 0
p,0. TaPE (Fig. 4 (b)) addresses349

this “single-agent to multi-agent” gap through two350

mechanisms: (1) agent-centric centering that pre-351

serves compatibility with the pre-training in Stage352

1 and (2) relative position encoding that intro-353

duces the spatial distribution among all agents.354

Agent-Centric Centering355

Following the same coordinate transformation as356

pre-training, we center all inputs for each agent i357

independently, as shown in Fig. 4 (b):358

τ̃ i
p,t = τ i

p,t − τ i
p,0 (8)

J̃
i

p,t,k = J i
p,t,k − J i

p,t,pelvis, k ∈ {1, . . . , J} (9)

Equation (8) centers each agent’s path at359

their current position, ensuring compatibility with360

the path distribution learned in the pre-training.361

Equation (9) centers joint positions relative to362

the pelvis, removing global position information363

to focus on the body pose. τ̃ i
p and J̃

i

p,k are fed364

into the Physical Core to extract agent-centric365

features, f i = C(τ̃ i
p, J̃

i

p) ∈ Rd.366

Relative Position Encoding367

After the aforementioned agent-centric feature368

extraction, we encode the inter-agent spatial dis-369

tribution. For each agent i, we compute its relative370

position from the target agent 0:371

pi
rel,t = τ i

p,t − τ 0
p,t. (10)

pi
rel,t is processed through an MLP to produce a372

positional encoding, eirel ∈ Rd. To handle missing373

observations in which either agent i or agent 0 is374

not visible, a binary visibility mask is also encoded375

and concatenated to the input features.376

Social Module377

Before the “Social module w/ TaPE” block378

in Fig. 2 (b), the positional encodings, eirel,379

are concatenated with agent-centric features, f i,380

extracted by the Physical Core, along with ID381

embeddings that distinguish the target agent from382

neighboring agents. These concatenated features383

are processed through the social module that384

aggregates information across all agents to model385

social interactions. Finally, the Path-Head pre-386

dicts the target path τ̂ f as shown in Fig. 2 (b).387

4.2.3 Fine-tuning Objective388

The fine-tuning objective, Lrpath, is as follows:389

Lrpath = min
m∈{1,...,M}

(MSE(τ̂
(m)
f , τ f)) (11)

Unlike the pre-training loss in Eq. (4), the390

simulation-specific weights (i.e., 1{No fall} and391

Ω) are not used in Lrpath because real pedestrian392

datasets contain only non-falling paths and do not393

provide simulation-based plausibility scores.394

4.3 Stage 3: Dual-mode Inference395

Dual Modes396

At inference time, the adapter architecture397

enables two operational modes, as illustrated in398

Fig. 2 (c). In the Prediction Mode, features399

pass through both frozen Physical Core layers and400
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adapters, combining physical priors with domain-401

specific knowledge learned during fine-tuning for402

real-world path prediction. In the Evaluation403

Mode, adapters (“Trainable Layers” in Fig. 3)404

are bypassed entirely. Since adapters are not405

trained for plausibility estimation during fine-406

tuning, this bypass prevents fine-tuned features407

from interfering with LocoVal-Head, allowing it to408

rely solely on physical knowledge learned during409

pre-training. As mentioned in Sec. 4.2.1, the evalu-410

ation mode preserves the reliability of single-agent411

physics plausibility estimation. We leverage this412

Evaluation Mode to filter implausible predictions,413

as described below.414

LocoVal Filtering415

Following EmLoco [1], we apply LocoVal filter-416

ing as an auxiliary post-processing for stochastic417

path prediction methods that generate multiple418

hypotheses. Using the Evaluation Mode described419

above, multiple path hypotheses generated at420

inference are evaluated to discard those with plau-421

sibility scores below the threshold θ. If all hypothe-422

ses fall below the threshold, the highest-scored423

hypothesis is retained.424

This mechanism is designed to remove obvi-425

ously implausible predictions (e.g., abrupt direc-426

tion changes or unrealistic accelerations) based on427

single-agent locomotion learned in simulation. In428

Sec. 5.9, we show that this improves downstream429

navigation safety.430

Such filtering is necessary because fine-tuning431

on noisy real-world data can degrade path plau-432

sibility, especially in short observation scenar-433

ios where single-agent dynamics dominate. To434

address this, Hexa-P employs the LocoVal-Head435

trained on simulated pose-path data. The filtering436

threshold θ can be adjusted based on application437

requirements, trading off between coverage and438

the strictness of filtering.439

5 Experiments440

We evaluate Hexa-P across various urban nav-441

igation scenarios for unmanned systems. First,442

we describe our experimental setup (Sec. 5.1)443

and compare Hexa-P against baseline methods444

under sufficient observation (Sec. 5.2) and short-445

observation settings (Sec. 5.3). While our primary446

focus is stochastic prediction, we also evalu-447

ate deterministic prediction performance against448

state-of-the-art methods (Sec. 5.4). We then val-449

idate each component through ablation stud-450

ies (Sec. 5.5) and assess physical plausibility451

(Sec. 5.6). We also verify that the predicted452

paths are dynamically executable by a physical453

humanoid in simulation (Sec. 5.7) and evalu-454

ate LocoVal filtering (Sec. 5.8). Furthermore, we455

measure the downstream navigation-safety bene-456

fit when our predictions are supplied to a planner457

(Sec. 5.9), report the inference cost (Sec. 5.10),458

and analyze failure cases under the flat-ground459

prior (Sec. 5.11).460

5.1 Experimental Setup461

5.1.1 Datasets462

Pre-training463

In this stage, Hexa-P is pre-trained using the464

pre-trained locomotion generator G. Locomotion465

sequences are generated using PACER [31] in466

IsaacGym [41] by running 4,096 environments467

in parallel at 5 fps. Following PACER [31], we468

use 285 locomotion sequences from the AMASS469

dataset [42] as past motion sequences during pre-470

training. Each target path, generated by the path471

generator described in Sec. 4.1.1, is then aligned472

with the humanoid state at t = 0 following473

EmLoco [1]: τ s is rotated and scaled so that its474

heading vector matches the humanoid’s heading475

vector at t = 0.476

Fine-tuning and Inference477

We evaluate Hexa-P on three datasets that repre-478

sent different aspects of traffic scenes:479

• JackRabbot Dataset and Benchmark480

(JRDB) [46]: A real-world dataset collected by481

a navigating robot, representing an unmanned482

system navigation scenario in open urban envi-483

ronments. Out of 27 sequences with available484

annotations, we use 10 for training, 1 for vali-485

dation, and 2 for testing. As this dataset lacks486

3D pose annotations, we use SMPL poses (24487

joints) [47] estimated by [27].488

• Joint Track Auto (JTA) [48]: A synthetic489

dataset with 3D pose annotations (22 joints)490

comprising 256/128/128 sequences for train-491

ing/validation/testing.492

• Pedestrians and Cyclists in Road Traf-493

fic (Urban) [2]: Real traffic scenario dataset494
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directly relevant to autonomous driving appli-495

cations, containing more than 2000 paths of496

pedestrians and cyclists with 3D poses (13497

joints). We focus exclusively on pedestrians as498

Hexa-P features human locomotion.499

For JRDB and JTA, we use the same data500

split as Social-Trans [7] and predict 12 frames501

(4.8 s) from 9 observed frames (3.2 s) at 2.5 fps.502

For Urban, we use the official split and predict 12503

frames (2.4 s) from 4 frames (0.8 s) at 5 fps.504

5.1.2 Metrics505

Predictions are evaluated with ADE/FDE (Aver-506

age/Final Displacement Error) and their best-of-507

M variants (minADE/minFDE) following stan-508

dard practice [5–7, 11]. We also report χ2 dis-509

tances [49] measuring physical plausibility in510

terms of velocity, acceleration, angular velocity,511

and angular acceleration compared to ground512

truth.513

5.1.3 Baselines514

We compare Hexa-P against Social-Trans [7] (our515

base architecture, modified with bi-directional516

encoding and dynamic masking [28] for fair com-517

parison) and EmLoco [1] (using the same modified518

architecture). Results for other methods (Vanilla-519

LSTM [17], Social-LSTM [5], Social-GAN [6], Tra-520

jectron++ [11], Dir-LSTM/Dir-social-LSTM [3],521

Transformer [22], AutoBots [50], EqMotion [8])522

are cited from [4, 7].523

5.1.4 Implementation Details524

Network Architecture525

We build upon Social-Trans [7] as our base archi-526

tecture. The Physical Core consists of 6 Trans-527

former layers with d = 128, 4 attention heads, and528

feed-forward dimension of 1024. A bi-directional529

encoder [28] assigns learnable positional embed-530

dings to each frame based on its time offset531

from the current frame (t = 0), separately for532

past and future directions. By conditioning on533

elapsed time rather than frame index, the same534

positional encoding applies consistently across dif-535

ferent frame rates, enabling the Physical Core pre-536

trained at 5 fps to operate on fine-tuning datasets537

at different frame rates (e.g., 2.5 fps for JRDB and538

JTA) without modification. Attention masking539

lets the Physical Core handle variable joint con-540

figurations and observation lengths, supporting541

adaptation to datasets with different pose con-542

figurations. The LocoVal-Head is a 3-layer MLP543

with validity encoding for varying frame rates.544

The Path-Head uses M = 5 linear projections for545

stochastic prediction (M = 1 for deterministic).546

After pre-training, bottleneck adapters with547

dimension r are inserted in parallel to both multi-548

head attention and feed-forward layers. We set r =549

32 on JRDB and JTA, and r = 16 on Urban. We550

use a smaller adapter dimension on Urban due to551

its shorter observation length and smaller dataset552

size. The social module consists of 3 Transformer553

layers with the same hidden dimension d = 128554

and 4 attention heads as the Physical Core, aggre-555

gating features across agents using learnable ID556

embeddings and relative position encodings from557

TaPE (4-layer MLP with validity encoding).558

Pre-training559

We train the Physical Core jointly with Path-560

Head and LocoVal-Head using 4,096 parallel envi-561

ronments for 2,000 episodes, each running 145562

timesteps at 30Hz with a physics timestep of563

1/60 s, resulting in approximately 1.19 billion564

environment steps in total.565

This pre-training is a one-time offline cost,566

requiring 21.7 h on a single NVIDIA A100 GPU.567

None of this cost is incurred at deployment, where568

the model is lightweight and runs in real time as569

shown in Sec. 5.10.570

Path prediction is performed at 5 fps (Tp = 17,571

Tf = 24). Owing to the bi-directional encoder [28],572

this frame rate is not fixed after pre-training; the573

Physical Core can generalize to other frame rates574

during fine-tuning, as positional encodings are575

assigned based on elapsed time from the current576

frame rather than frame index. We use AdamW577

optimizer (lr 5×10−4, weight decay 10−4) with578

cosine annealing. Loss weights λpath = λlocoval =579

0.5 are balanced via uncertainty weighting [51] and580

gradient surgery is applied [52].581

To improve robustness, we apply random582

frame dropout (rate 0.5) and dynamic spatial-583

temporal masking [28] with joint dropout ratio584

ρjoint ∼ Uniform[0, 1].585
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Past Paths (Others)

Past Poses (Others)

Past Path (Target)

Current Position (Target)

GT Path

GT Endpoint

Predictions (Social-Trans)

Endpoints (Social-Trans)

Predictions (EmLoco)

Endpoints (EmLoco)

Predictions (Ours)

Endpoints (Ours)

Fig. 5: Path prediction results with sufficient
observations on JRDB dataset (M = 5, Tp = 9).
Poses are visualized in magenta and lime green

Fine-tuning586

We freeze the pre-trained Physical Core and587

LocoVal-Head, training only the adapters (∼0.1M588

parameters, ∼3% of total), Social module, and589

Path-Head using AdamW (lr 2×10−4, weight590

decay 10−4). We train for 100 epochs on JRDB,591

and 50 epochs on JTA and Urban. We apply592

modality masking (30%) and frame/joint-level593

dynamic spatial-temporal masking to simulate594

partial observations. For JTA and Urban, we mask595

out joints not common to SMPL [47] for com-596

patibility with pre-training. Since JRDB and JTA597

are collected at 2.5 fps, which differs from the598

pre-training frame rate of 5 fps, the bi-directional599

encoder bridges this gap by assigning time-relative600

positional encodings to each frame, requiring no601

modification to the frozen Physical Core.602

LocoVal filtering603

The filtering threshold, θ, is determined by select-604

ing the value that minimizes ADE on the valida-605

tion set. Specifically, we evaluate 101 uniformly606

spaced threshold candidates in [0, 1] and choose607

the one yielding the lowest ADE for retained608

predictions.609

5.2 Results with Sufficient610

Observations611

Table 1 presents stochastic prediction results with612

sufficient observations (Tp = 9).613

Past Paths (Others)

Past Poses (Others)

Past Path (Target)

Current Position (Target)

GT Path

GT Endpoint

Predictions (Social-Trans)

Endpoints (Social-Trans)

Predictions (EmLoco)

Endpoints (EmLoco)

Predictions (Ours)

Endpoints (Ours)

Fig. 6: Path prediction results with short obser-
vations on JRDB dataset (M = 5, Tp = 2). Poses
are visualized in magenta and lime green

On JRDB, while EmLoco improves over614

Social-Trans (ADE: 0.56 vs. 0.58) through its615

auxiliary EmLoco loss, Hexa-P achieves further616

improvement (ADE: 0.51). This result demon-617

strates the advantage of direct pre-training over618

the two-step learning strategy of EmLoco. Both619

minADE/minFDE are improved (0.22/0.39 vs.620

0.24/0.43 for both Social-Trans and EmLoco). On621

JTA, Hexa-P reduces ADE/FDE (1.49/3.00) com-622

pared to EmLoco (1.51/3.18) while maintaining623

comparable minADE/minFDE.624

Figure 5 provides a qualitative comparison625

on the JRDB dataset. Despite incorporating 3D626

poses, predictions of Social-Trans are scattered627

widely, failing to leverage pose information to con-628

strain physically implausible trajectories. EmLoco629

shows more plausible predictions through its aux-630

iliary EmLoco loss, but its predictions remain631

distant from the GT path, suggesting that its632

ability to exploit pose-path relationships is lim-633

ited for accurate prediction. In contrast, Hexa-P634

produces predictions that are both physically con-635

sistent with the observed poses and spatially close636

to the GT path.637

5.3 Robustness to Short638

Observations639

Table 2 evaluates robustness when only two frames640

(Tp = 2) are observed, simulating safety-critical641

scenarios where pedestrians suddenly appear.642

On JRDB, the difference between Hexa-P643

and EmLoco becomes substantial. While EmLoco644
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Table 1: Prediction Performance with Sufficient Observation (M = 5, Tp = 9). Best and second best
results are highlighted

Dataset Method ADE↓ FDE↓ minADE↓ minFDE↓

JRDB

Social-Trans 0.58 1.20 0.24 0.43
EmLoco 0.56 1.12 0.24 0.43

Hexa-P (Ours) 0.51 0.99 0.22 0.39

JTA

Social-Trans 1.55 3.27 0.57 1.01
EmLoco 1.51 3.18 0.57 1.01

Hexa-P (Ours) 1.49 3.00 0.60 1.04

Table 2: Prediction Performance with Short Observation (M = 5, Tp = 2). Best and second best
results are highlighted

Dataset Method ADE↓ FDE↓ minADE↓ minFDE↓

JRDB

Social-Trans 1.29 2.43 0.26 0.46
EmLoco 1.13 2.01 0.25 0.44

Hexa-P (Ours) 0.64 1.23 0.23 0.40

JTA

Social-Trans 1.81 3.90 0.68 1.22
EmLoco 1.80 3.87 0.68 1.22

Hexa-P (Ours) 1.62 3.35 0.66 1.18

improves over Social-Trans (ADE: 1.13 vs. 1.29),645

Hexa-P achieves 0.64, representing a 43% reduc-646

tion over EmLoco and 50% over Social-647

Trans. This gap suggests that the Physical648

Core provides robust pose-path representations649

even when observations are limited. On JTA,650

EmLoco shows minimal improvement over Social-651

Trans (1.80 vs. 1.81), while Hexa-P maintains a652

clear gain (1.62). Compared with Table 1, the653

degradation from sufficient to short observations654

is smallest for Hexa-P (1.49→1.62) compared655

to both EmLoco (1.51→1.80) and Social-Trans656

(1.55→1.81).657

Figure 6 provides qualitative comparison.658

Compared to the sufficient observation case659

(Fig. 5), the performance gap between methods660

becomes more pronounced. Social-Trans produces661

highly scattered predictions, indicating severe662

degradation when temporal information is limited.663

EmLoco shows improved predictions over Social-664

Trans, but still generates physically implausible665

paths that deviate significantly from the GT path,666

suggesting that its auxiliary loss-based approach667

is insufficient to promote physical constraints.668

In contrast, Hexa-P maintains prediction quality669

similar to the sufficient observation case, produc-670

ing paths that remain both physically plausible671

and close to the GT path.672

This robustness strongly supports our hypoth-673

esis that our pre-trained Physical Core provides674

stable pose-path representations even when past675

observations are severely limited. The compari-676

son with EmLoco further demonstrates that direct677

pre-training on physics simulation is more effec-678

tive than using simulation indirectly for auxiliary679

loss computation (as illustrated in Fig. 1 (b) vs.680

(c)).681

5.4 Benchmarking with682

Deterministic Setting683

Table 3 compares Hexa-P with state-of-the-art684

methods under the deterministic setting (M = 1)685

across three datasets.686

On JRDB, Hexa-P achieves the best results687

(0.36/0.68), outperforming all baselines, includ-688

ing pose-based methods (indicated by †). While689
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Table 3: Deterministic prediction performance (M = 1). JRDB and JTA use Tp = 9 at 2.5 fps; Urban
uses Tp = 4 at 5 fps. † indicates methods using 3D pose as input. Best and second best results are
highlighted

Method
JRDB JTA Urban

ADE↓ FDE↓ ADE↓ FDE↓ ADE↓ FDE↓
Path-only methods

Vanilla-LSTM [17] 0.42 0.83 1.44 3.25 0.58 1.06
Social-LSTM [5] 0.47 0.95 1.21 2.54 0.58 1.06
Social-GAN [6] 0.50 0.99 1.66 3.76 0.60 1.08
Trajectron++ [11] 0.40 0.78 1.18 2.53 - -
Dir-LSTM [3] 0.45 0.87 1.37 3.06 0.58 1.06
Dir-social-LSTM [3] 0.48 0.95 1.23 2.59 0.58 1.06
Transformer [22] 0.56 1.10 1.56 3.54 0.60 1.11
AutoBots [50] 0.39 0.80 1.20 2.70 0.58 1.04
EqMotion [8] 0.42 0.78 1.13 2.39 0.58 1.05

Path and Pose-based methods

Social-Trans† [7] 0.38 0.73 0.97 2.00 0.57 1.03

EmLoco† [1] 0.37 0.70 1.00 1.92 0.57 1.02

Hexa-P (Ours)
†

0.36 0.68 0.99 1.98 0.56 1.01

the margin is smaller than in stochastic set-690

tings (Table 1), Hexa-P consistently outperforms691

Social-Trans (0.38/0.73) and EmLoco (0.37/0.70),692

demonstrating that physical plausibility-aware693

pre-training benefits even deterministic predic-694

tion. On JTA, Hexa-P (0.99/1.98) performs com-695

parably to Social-Trans (0.97/2.00) and EmLoco696

(1.00/1.92). The synthetic nature of JTA with697

abundant and accurate pose annotations may698

reduce the relative advantage of physics-based699

pre-training. On Urban [2], which contains real700

traffic scenes, Hexa-P also outperforms all base-701

lines. In particular, although the Urban dataset702

features shorter observation (0.8 s) and predic-703

tion (2.4 s) horizons and a different frame rate704

(5 fps) than JRDB/JTA, Hexa-P achieves the best705

performance, further demonstrating that physical706

knowledge learned in simulation transfers effec-707

tively to real traffic environments.708

5.5 Ablation Studies709

Table 4 validates each component of Hexa-P on710

JRDB.711

Pre-training effectiveness712

To evaluate the effectiveness of physics-informed713

pre-training, we first examine performance within714

the physics simulator without any fine-tuning.715

Notably, (b) pre-training alone already shows716

strong improvements over (a) the randomly ini-717

tialized predictor (ADE: 0.79 vs. 1.27 for sufficient718

observations), demonstrating that Hexa-P learns719

pose-path representations from simulation data.720

Pre-training ablation721

We next examine how variations in pre-training722

configuration affect final performance after fine-723

tuning. (c) Ablating the Path Head from pre-724

training (training only the LocoVal Head) signif-725

icantly degrades performance (ADE: 1.06/0.97),726

confirming the importance of joint training. (d)727

Reducing pre-training from 2000 to 500 training728

episodes degrades performance (ADE: 0.69/0.78729

vs. 0.51/0.64 for Tp = 9/2). However, even with730

this reduced pre-training resource, Hexa-P still731

outperforms Social-Trans and EmLoco in short-732

observation scenarios (0.78 vs. 1.29/1.13), demon-733

strating the importance of learning physics-based734

pose-path relationships.735
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Table 4: Ablation and component analysis on JRDB (M = 5, Tp = 9 and 2). Best and second best
results are highlighted

Method
Tp = 9 Tp = 2

ADE↓ minADE↓ ADE↓ minADE↓
Social-Trans [7] 0.58 0.24 1.29 0.26
EmLoco [1] 0.56 0.24 1.13 0.25

Pre-training ablation

(a) Initialized 1.27 1.01 1.28 0.95
(b) w/o Fine-tuning 0.79 0.38 0.88 0.49
(c) w/o Path Pre-training 1.06 0.25 0.97 0.25
(d) w/ Pre-training (500 episodes) 0.69 0.24 0.78 0.24

Fine-tuning ablation

(e) w/o Social module 0.77 0.26 0.83 0.26
(f) w/o Adapter 0.66 0.24 0.75 0.25
(g) w/o TaPE 0.56 0.24 0.89 0.24
(h) w/ LoRA 0.66 0.24 0.74 0.26
(i) w/ FFT 0.54 0.22 0.72 0.23
(j) w/ Adapter (r = 8) 0.55 0.23 0.64 0.23
(k) w/ Adapter (r = 16) 0.55 0.23 0.66 0.24

Hexa-P (Full, r = 32) 0.51 0.22 0.64 0.23

Fine-tuning components736

(e) Removing the social module degrades perfor-737

mance in both settings, confirming the importance738

of social interactions. (f) Without adapter-based739

fine-tuning, training only the Social Module and740

Path Head while freezing the Physical Core results741

in degraded performance (ADE: 0.66/0.75), as742

the frozen core cannot adapt to dataset-specific743

behaviors. (g) Without TaPE, directly inputting744

relative positions to the model results in perfor-745

mance degradation especially in short-observation746

scenarios (ADE: 0.89 for Tp = 2), validating747

its role in bridging single-agent pre-training to748

multi-agent scenarios. (h), (i) We compare two749

alternative fine-tuning strategies to our adapter-750

based approach. Using LoRA [44] instead of751

adapters results in limited representational capac-752

ity due to its lack of nonlinear transforma-753

tions (ADE: 0.66/0.74). Full fine-tuning (FFT),754

which updates all model parameters, achieves the755

second-best accuracy with sufficient observation756

(ADE: 0.54) but suffers from performance degra-757

dation in short-observation scenarios (ADE: 0.72)758

as it overwrites pre-trained physical knowledge.759

Our adapter-based method effectively balances760

adaptation capacity with knowledge preservation.761

(j), (k) Adapters with smaller bottleneck dimen-762

sions (r = 8, 16) use fewer parameters while main-763

taining comparable performance, demonstrating764

the parameter efficiency of our adapter-based765

approach.766

Novelty over EmLoco and contribution767

decomposition768

We further use Table 4 to identify where Hexa-769

P’s improvement comes from over EmLoco [1].770

Both the Social-Trans and EmLoco baselines use771

the same modified backbone as Hexa-P, so the772

differences reported below are not caused by the773

backbone.774

The main distinction from EmLoco is joint775

pre-training rather than the auxiliary-loss scheme.776

When we ablate (c) the Path-Head from pre-777

training and learn plausibility alone, ADE778

degrades to 1.06/0.97, compared with 0.51/0.64779

for the full model. This confirms that learning780

path prediction and plausibility jointly in simula-781

tion is the main cause of the improvement.782

The adapters and TaPE provide additional783

gains. (f) Freezing the Physical Core without784
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adapters degrades ADE to 0.66/0.75, and both785

(h) LoRA (0.66/0.74) and (i) full fine-tuning786

(0.54/0.72) are worse in the safety-critical short-787

observation setting. Adapter-based fine-tuning788

thus balances adaptation and preservation of the789

pre-trained physical knowledge better than these790

alternatives. (g) Removing TaPE degrades ADE791

to 0.89 at Tp = 2, confirming its role in trans-792

ferring single-agent pre-training to multi-agent793

scenes. Overall, Hexa-P’s improvement comes pri-794

marily from joint pre-training, with the adapters795

and TaPE contributing additional gains.796

5.6 Physical Plausibility Assessment797

In stochastic prediction, all predicted paths must798

remain physically plausible. Even if one predic-799

tion matches the ground truth well, a single800

implausible path among the alternatives can mis-801

lead a downstream planner that must consider802

all hypotheses for safe operation. From this per-803

spective, Table 5 evaluates physical plausibility804

using χ2 distances on JRDB. Lower values indi-805

cate predictions closer to ground-truth motion806

statistics.807

With sufficient observation (Tp = 9), Hexa-808

P achieves the best or second-best plausibility809

across all metrics. Notably, velocity and accel-810

eration χ2 distances are substantially reduced811

(0.014/0.005 vs. 0.029/0.030 for Social-Trans),812

indicating smoother, more natural predictions.813

With short observation (Tp = 2), the improve-814

ments are even larger. In particular, the velocity815

χ2 distance drops from 0.493 (Social-Trans) to816

0.018 (Hexa-P), demonstrating that baseline pre-817

dictions exhibit unrealistic velocity patterns when818

observation is limited, while Hexa-P maintains819

physically plausible predictions.820

These results confirm that Hexa-P generates821

not only accurate but also physically plausible822

paths. In Sec. 5.9, we further show that Hexa-P823

improves downstream navigation safety.824

5.7 Path Executability in Simulation825

The χ2 distances in Sec. 5.6 show that the pre-826

dicted motion statistics are close to those of real827

data. To further test that a predicted path can828

actually be executed by a physical humanoid, we829

feed the predicted paths into the physics simu-830

lator and check whether PACER [31] can follow831

them. Each path is rolled out for 145 control steps832

(about 4.8 s) over 2048 trials. We report the fall833

rate, the mean tracking error between the pelvis834

and the target path, and the success rate. A trial835

is successful if the humanoid does not fall and ends836

within 0.5m of the goal. As a reference, we also837

roll out the sampled target paths generated by the838

path generator as described in ??.839

Table 6 shows that the paths predicted by840

Hexa-P are followed with a 0.2% fall rate, an841

8.7 cm tracking error, and a 99.4% success rate.842

Notably, they are followed even more reliably than843

the sampled target paths (3.1% falls, 92.8% suc-844

cess), which are the reference distribution used to845

train the locomotion generator. These results indi-846

cate that Hexa-P produces physically executable847

paths.848

5.8 LocoVal Filtering at Inference849

Table 7 evaluates LocoVal filtering on JRDB.850

We compare the ADE of retained predictions851

(“Kept”) versus filtered-out ones (“Rejected”),852

where higher Ratio values indicate more effec-853

tive discrimination. Hexa-P with Evaluation Mode854

(bypassing adapters) achieves ratios of 2.57 and855

3.33 for minADE at Tp = 9 and Tp = 2, respec-856

tively, substantially outperforming EmLoco [1]857

(0.76 and 0.82). Comparing Evaluation Mode858

with Prediction Mode (1.85 and 1.92 at Tp = 9859

and 2, respectively) also confirms that bypass-860

ing adapters preserves the pre-trained plausibility861

estimation capability.862

5.9 Downstream Navigation Safety863

To directly measure the navigation safety benefit,864

we place the predictor inside a downstream nav-865

igator and evaluate collision-risk. We use Crowd-866

Nav++ simulator [53], in which a robot navi-867

gates from a start to a goal among pedestrian868

trajectories replayed from the dataset. The navi-869

gator is a training-free Social-Force model [9] that870

treats each predicted point as an obstacle, adding871

its repulsive force to the model’s own distance-872

based decay. We evaluate on the JTA replay873

(randomly sampled 100 episodes from test split),874

which contains dense and dynamic crowds that875

frequently require collision avoidance. The Social-876

Force strength A and the LocoVal threshold θ are877

tuned on the JTA validation split.878

Table 8 shows that safety improves consis-879

tently as stronger predictions are used. Adding880
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Table 5: Physical Plausibility Evaluation (M = 5, Tp = 9/2). “Vel.” and “Acc.” denote velocity and
acceleration, respectively. Best and second best results are highlighted

Method
χ2 distances↓

Vel. Acc. Angular Vel. Angular Acc.

Social-Trans 0.029/0.493 0.030/0.015 0.102/0.171 0.128/0.292
EmLoco 0.027/0.171 0.025/0.037 0.032/0.076 0.014/0.073

Hexa-P (Ours) 0.014/0.018 0.005/0.002 0.030/0.033 0.026/0.009

Table 6: Executability of predicted paths, rolled out by PACER in simulation. Success = no fall and
final distance < 0.5m. Best results are highlighted

Method Fall rate ↓ Tracking error (m) ↓ Success rate ↑
Sampled target path 3.1% 0.339 92.8%
Hexa-P (Ours) 0.2% 0.087 99.4%

any learned prediction reduces the collision rate881

from 35% without prediction to 14% with Social-882

Trans. Using Hexa-P further lowers collisions883

to 10%. Applying LocoVal filtering removes the884

remaining implausible predictions, reducing col-885

lisions to 8% and raising the success rate to886

92%.887

5.10 Inference Cost888

Because path prediction is intended for real-889

time robotic and autonomous-driving systems, we890

report the inference cost at deployment.891

Table 9 breaks down the inference cost of892

Hexa-P on a single RTX 6000 Ada GPU with893

batch size 1. Most of the cost comes from the894

base predictor (Social-Trans) at 5.56ms. Adding895

TaPE increases the latency to 5.79ms, and adding896

the adapters, which account for only 3.1% of the897

parameters, brings it to 6.54ms. This corresponds898

to about 150 fps, which is real-time on a single899

GPU. LocoVal filtering adds a further 0.5ms, and900

this cost is practically independent of the num-901

ber of hypotheses M assuming sufficient memory,902

because all hypotheses can be processed in par-903

allel. Plausibility-aware filtering therefore remains904

inexpensive even with many hypotheses.905

5.11 Failure Cases under the906

Flat-Ground Prior907

Hexa-P is trained with locomotion on a flat-plane908

generated by PACER, and it is therefore not reli-909

able for pedestrians who are not walking. Figure 7910

shows two representative cases from the JRDB911

test set, both involving near-stationary pedestri-912

ans with an estimated 3D pose. For the bending913

pedestrian in Fig. 7(a), the body leans forward914

while standing and faces the direction opposite915

to the past trajectory, so Hexa-P predicts in916

the wrong direction. For the person eating while917

seated in Fig. 7(b), the body is off the ground and918

therefore lies outside the walking distribution on919

which Hexa-P is trained. In both cases the ground-920

truth future path barely moves, but the prediction921

by Hexa-P includes spreading trajectories.922

6 Conclusion923

This paper presents Hexa-P, a framework that924

leverages physics simulation as a pre-training925

resource for pedestrian path prediction in urban926

environments. By jointly pre-training path pre-927

diction and plausibility estimation, then adapt-928

ing to multi-agent scenes through adapter-based929

fine-tuning with TaPE, Hexa-P achieves state-of-930

the-art accuracy and physical plausibility across931

three datasets. In particular, Hexa-P reduces ADE932

by up to 50% in safety-critical short-observation933

scenarios on JRDB, demonstrating that physics-934

based pose-path priors transfer effectively to real-935

world data even with estimated 3D poses.936

Despite these strengths, our approach has937

some limitations. First, the physics simulation938

assumes a flat ground plane as mentioned in939

Sec. 5.11. Second, while Hexa-P focuses on pedes-940

trians, safety-critical traffic scenarios also involve941
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Table 7: LocoVal Filtering on JRDB (M = 5). Kept and Rejected: predictions accepted and filtered out.
Ratio = Rejected/Kept; a higher ratio indicates more effective discrimination

Method
Tp = 9 Tp = 2

ADE minADE ADE minADE

w/o Filtering 0.51 0.22 0.64 0.23

EmLoco
Kept 0.35 0.55 0.46 0.57
Rejected 0.76 0.42 0.81 0.47

Ratio↑ 2.17 0.76 1.76 0.82

Hexa-P (Prediction Mode)
Kept 0.46 0.34 0.57 0.37
Rejected 0.82 0.63 0.93 0.71

Ratio↑ 1.78 1.85 1.63 1.92

Hexa-P (Ours)
Kept 0.49 0.28 0.61 0.30
Rejected 1.02 0.72 1.21 1.00

Ratio↑ 2.08 2.57 1.98 3.33

Past Path (Target)

Current Position (Target)

GT Path

GT Endpoint

Predictions (Ours)

Endpoints (Ours)

(a) Bending while standing

Past Path (Target)

Current Position (Target)

GT Path

GT Endpoint

Predictions (Ours)

Endpoints (Ours)

(b) Eating while seated

Fig. 7: Failure cases on JRDB with an estimated 3D pose. The observed pose at current frame is visualized
in magenta and lime green

Table 8: Downstream navigation safety on
JTA replay. Best results are highlighted

Method Collision ↓ Success ↑

None (w/o prediction) 35% 65%
Social-Trans [7] 14% 86%
Hexa-P w/o LocoVal 10% 90%
Hexa-P w/ LocoVal 8% 92%

cyclists and other vulnerable road users whose942

motion dynamics differ from pedestrian loco-943

motion. Future directions include incorporating944

Table 9: Inference-cost decomposition of Hexa-
P on a single NVIDIA RTX 6000 Ada GPU
(bs= 1)

Method (cumulative) Params Latency

Baseline (Social-Trans) 3.16M 5.56ms
+ TaPE 3.18M 5.79ms
+ Adapter (r=32) (Ours) 3.28M 6.54ms

+ LocoVal filtering +1.1 k +0.50ms

terrain-aware and activity-aware simulation to945
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handle diverse urban environments and non-946

walking behavior, extending the framework to947

other road users such as cyclists.948
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