A Physics-Grounded Benchmark for Multi-Agent Dynamics in World Models
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Abstract

Generative world models hold promise as scalable simula-
tors for autonomous systems, particularly for rare safety-
critical multi-agent interactions such as vehicle collisions.
However, current evaluation paradigms index heavily on
visual fidelity and semantic alignment, leaving a critical
blind spot: they rarely quantify whether generated dynam-
ics obey the physical laws required for reliable simulation.
To bridge this gap, we introduce CrashTwin, a physics-
grounded evaluation framework designed to stress-test the
physical trustworthiness of world models. CrashTwin com-
bines 25K synthetic sequences and 12K realworld crash
sequences with a calibration-free reconstruction pipeline
that recovers metric-scale physical attributes from uncal-
ibrated videos. We evaluate spatio-temporal consistency,
momentum and energy conservation, and world-dynamics
integrity. Benchmarking representative world models re-
veals that high perceptual quality can mask severe physical
violations during complex interactions. By quantitatively
exposing these failure modes, CrashTwin provides a vital
diagnostic tool for developing physically grounded world
models capable of reliable real-world simulation.

1. Introduction

Generative world models [14, 28-30, 36] have emerged as
promising tools for scalable simulation in autonomous driv-
ing, offering a pathway to synthesize safety-critical corner
cases that are rare in the real world [1, 32]. For these roll-
outs to be actionable in downstream data curation, they must
not only exhibit high visual fidelity but also preserve phys-
ically valid motion and interaction dynamics. However,
current evaluation protocols predominantly index on per-
ceptual quality, temporal smoothness, and semantic align-
ment [16, 26, 35]. As shown in Fig. |, severe violations of
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Figure 1. CrashTwin teaser. Physics metrics align with 2AFC
preferences and expose failures missed by visual-quality proxies.
fundamental physics can remain hidden under standard vi-
sual assessments, and conventional visual metrics correlate
poorly with human judgments of physical realism.

Rigorously quantifying physical plausibility remains dif-
ficult. Existing frameworks often rely on visual proxies,
distributional metrics, or VLM judges [3, 13, 16, 17, 26],
which are insufficient for precise physical validation. The
bottleneck lies in physical observability, since verifica-
tion requires metric-scale trajectories, velocities, yaw mo-
tion, and contact timing. Yet recovering these attributes
from uncalibrated monocular videos is highly ill-posed,
as ego-motion, camera intrinsics, scene scale, depth, and
multi-agent dynamics are entangled. Rapid motion, occlu-
sion, and abrupt post-impact changes further compound this
challenge, while current benchmarks lack targeted safety-
critical data for exposing such dynamic failures.

We focus on vehicle-to-vehicle collisions as a represen-
tative task for evaluating multi-agent interactions. This
setting provides a rigorous stress test for generative world
models, since physical impacts induce abrupt, coupled state
changes whose post-contact evolution is tightly governed
by classical conservation laws [4, 5]. Compared with het-
erogeneous accident types, vehicle-to-vehicle collisions of-
fer more consistent geometry and motion patterns, yield-
ing clearer geometric priors and kinematic constraints [37].
Verifying their structural integrity is crucial before world-
model rollouts can be trusted as reliable simulations.

We present CrashTwin, a framework for quantifying the



World-Model Rollouts under Safety-Critical Scenarios

Initial World State =1 World Models =»; Rollouts

[Visual Context]

[Textual Prompt]

1In the video, a police car ahead
drives straight through the
intersection while an oncoming
ambulance also drives straight into
the crossing lane, causing a
onadry road in clear
weather, with the police car moving
at 20 km/h and the ambulance at

40 km/h.
‘ ControHabIe r
2 A CARLA Suite ™™
SNHTSA

Crash Report

Ll @ 5 GBS

( )
o= X i
g:é Physics-grounded Evaluation
= Physics Check iy _ L
’ \
1 H 1
; Q Temporal Consistency .
Unrealistic '\ Q Spatial Consistency ,'
motion flow? || ~~~ -~~~ ~---“-""““-"°"""""°
. ~
[ )
! QOLinear Momentum Conservation 1
1
Physics law 1 Q Angular Momentum Conservation :
e |
violation? 1 QKinetic Energy Conservation :
M e
Instance = R
switching / : QInstance Stability |
7)
ID loss? d 0 Appearance Drift )
A I J

!|=--—

Diverse , |
/s/? Sources I.—-

Syn’rhesnzed '
— oL}
Real-World w @
—

. Evidence-Support

Post-Training
Safety-Critical Scenarios

Figure 2. CrashTwin main overview. We evaluate collision rollouts by combining controlled crash data, real-world videos, physical
reconstruction, and metrics for spatio-temporal consistency, momentum and energy conservation, and world-dynamics integrity.

physical integrity of world-model rollouts. CrashTwin com-
bines 25K synthetic sequences generated through a physi-
cally grounded CARLA pipeline [7] with 12K diverse in-
the-wild traffic incident videos annotated with text descrip-
tions, poses, and kinematic action labels. To evaluate uncal-
ibrated rollouts, we develop a calibration-free reconstruc-
tion pipeline that leverages vision foundation models to
recover metric-scale physical attributes under complex in-
teractions. Based on the recovered global trajectories, we
introduce a diagnostic protocol over spatio-temporal con-
sistency, momentum and energy conservation, and world-
dynamics integrity. Benchmarking representative world
models shows that our metrics expose physical failures
largely invisible to appearance-based evaluation and align
more strongly with human judgments of physical realism.
Our contributions are threefold.

* We introduce CrashTwin, a large-scale benchmark cou-
pling controllable synthetic data with unconstrained real-
world collision videos for physics-grounded evaluation.

* We develop a physics-grounded evaluation framework
with a calibration-free reconstruction pipeline that recov-
ers metric-scale attributes from monocular videos.

* We systematically benchmark representative world mod-
els, quantitatively diagnose their physical failure modes,
and show that our proposed metrics align more strongly
with human judgments of physical realism.

2. Related Work

Video Generation & World Models. Recent video gen-
erators and driving world models can synthesize high-

fidelity traffic rollouts from text, scene, or motion condi-
tions [11, 12, 14, 23, 25, 33, 34]. Some crash-oriented
systems improve visual coverage of rare accidents, but of-
ten rely on strong trajectory or layout conditioning, making
them closer to appearance completion than unconstrained
physical simulation. CrashTwin instead evaluates whether
generated collision dynamics are physically plausible when
the model itself must produce the post-impact evolution.

Physics-grounded Evaluation. Existing evaluation is
still mostly perception-centric, relying on FID/FVD, visual-
quality benchmarks, or VLM/LLM judges [3, 13, 16,
17, 19, 26]. Recent physics-aware metrics probe flow,
depth, scripted violations, or commonsense physical rea-
soning [20, 21, 31], but they rarely recover metric-scale
quantities or localize failures at the collision window.
CrashTwin fills this gap with metric crash dynamics.

3. Methodology

Spatio-temporal consistency. We evaluate whether gen-
erated motion remains smooth over time and locally rigid.

Temporal coherence. We measure frame-to-frame consis-
tency by flow warping error within the actor mask:

Ewarp = |Q|71 Z |It(p) -

PEQ

Iivi(p+ Frsirar ()] (D)

Here I, is the frame at time ¢, p indexes foreground pixels
in Q, and F}_,+11(p) is optical flow from ¢ to t+1.

Spatial rigidity. We measure local expansion and compres-



Physicall & Public
Engineg k Media
[l

v
Uncalibrated Input Video

Collision Actor
Selection

3D Object Tracking
Video Instance
Segmentation
Metric Depth
Estimation
Global Dynamic
Reconstruction

Collision Detection

Pre-crash Crash window

— <9

Global Dynamic
Reconstruction Pipeline

Intrinsic & Visua g
Estimation [r=, Odomefry}_’[@o motion

Track
Re-linking

3D Instance
- Track
—>[Instance Depth Extraction HBMX DP‘.Pﬂ' ]
Correction

]

Kalman Ego-motion Relative
Filtering Compensation Dynamic

Post-crash

-

—> [ Physic-grounded Evaluation —'{.ﬁ Resulfj
!

Figure 3. Global dynamic reconstruction pipeline. The system reconstructs 3D collision dynamics from uncalibrated accident videos
by combining 3D tracking, segmentation, metric depth, and visual odometry. Re-linked tracks, metric scale recovery, and ego-motion
compensation produce global per-actor trajectories, which define pre-crash, crash, and post-crash windows for physics-based evaluation.

sion by the divergence of the flow field:

Baiv = 917" ) [Vau(p) + Vyo(p)|- @)

pEQ

Here F; ;11 = (u,v), with « and v denoting horizontal
and vertical flow components. Lower E\,,, and Eq;, indi-
cate stronger temporal and geometric consistency.

Momentum and energy conservation. For each vehicle
1, with mass m;, position r;, velocity v;, yaw rate w;, and
yaw inertia I, ;, we compare pre-impact and post-impact
states in a short collision window centered at first contact.
Linear momentum. We compute a normalized residual:
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Here v;” and v?’ are velocities before and after impact, and

the denominator normalizes by incoming momentum.
Angular momentum. We compute an angular residual:
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Here H. sums yaw and translational angular momentum
around contact point ¢, and € avoids zero denominators in
low-angular-momentum cases.
Kinetic energy. The kinetic-energy gain penalty is:

Ef - E;
JEg = max <O,kE_k> , Ep= %ZWII%IIQ
k %

&)
Here £} and E,j are total kinetic energies before and af-
ter impact. The one-sided penalty allows dissipative loss
but flags impossible energy creation. Small residuals indi-
cate plausible impulse exchange, while large values expose

missing momentum transfer, nonphysical torque, or impos-
sible energy gain.

World-dynamics integrity. We assess identity persis-
tence and appearance drift during impact.

Instance stability. We measure identity persistence with the
Simpson index:

SI(IZD) = Zfl?,iv fk,i = Ck,i/z Cji- (6)
k j

Here c;, ; counts frames where physical instance ¢ receives
track ID k, and f}, ; is the corresponding frame fraction.
Appearance drift. We measure visual drift from masked
CLIP embeddings along each vehicle trajectory:

T—1
Dég =(T-1)"" Z arccos({(Ziu,, Zitern)) - (D)
k=1
Here Z; ;, is the normalized CLIP embedding of instance %
at sampled time ¢y, and 7" is the number of samples. Higher
Sip and lower D,q4 indicate more stable world dynamics.

Reconstruction pipeline. In Figure 3, we summarize
how we convert an uncalibrated monocular rollout into actor
trajectories, scale, yaw, and contact timing before applying
the metrics above.

Actor selection. We first choose the two incident vehicles,
using simulator identities for synthetic clips and real-video
annotations for curated crashes.

Tracking fragments. Starting from the uncalibrated video,
we estimate camera intrinsics with MapAnything [18], ego
motion with DROID-SLAM [24], metric scale with Met-
ric3D V2 [15], initial 3D tracks with CenterTrack [38], and
instance masks with SAM?2 [22].

Relinking and correction. SAM2 masks relink broken frag-
ments through occlusion, while instance-depth correction
restores scale for metric velocity estimates.



Table 1. CrashTwin Evaluation Leaderboard. Open-source models are evaluated on CrashTwin-Eval, while proprietary models are
evaluated on CrashTwin-Eval-Mini due to API and rate-limit constraints. Metrics are grouped into three physical families: (A) spatio-
temporal consistency, (B) momentum and energy conservation, and (C) world-dynamics integrity. Lower is better unless marked with 1.

Spatio-temporal Momentum & Energy World-dynamics
Consistency Conservation Integrity
Models Warp Flow Momentum  Angular  Energy | Instance App.
Error Divergence Residual Residual Gain Stability Drift
Ewarp \l/ FEaiv wl/ Jp ~L JH J, JE ~L SID T Daqg ~L
Open-Source Models
SkyReel-1.3B [6] 0.0227 0.6103 0.9566 0.9628 0.9457 0.6660 0.3592
Wan 2.1-14B [27] 0.0179 0.6320 0.8235 0.8494  0.7864 0.6760 0.3117
Wan 2.2-5B [27] 0.0145 0.5959 0.8899 0.8975 0.8649 0.7254 0.3109
Cosmos-Predict2-2B [2] 0.0240 0.6748 0.8890 0.8954  0.8590 | 0.6129 0.3462
Cosmos-Predict2-14B [2] 0.0117 0.7180 0.6828 0.7629  0.6047 0.6737 0.3327
Proprietary Models
Google Veo 3.1 [9] 0.0097 0.6202 0.7743 0.8011 0.7460 | 0.7232 0.3075
Hailuo 2.3 [10] 0.0151 0.6143 0.7664 0.7812  0.7285 0.6203 0.2968
Seedance V1 Pro [8] 0.0166 0.6130 0.7725 0.7837 0.7209 0.6007 0.3002

Global dynamics. Ego-motion compensation maps rela-
tive actor motion into a global frame, and Kalman filtering
smooths positions and yaw.

Collision detection. We identify the first frame where inter-
vehicle distance falls below a threshold, then extract pre-
crash, crash, and post-crash windows for the metrics above.

4. Experiments

Datasets and protocol. CrashTwin contains 38K crash
events: 25.6K controllable CARLA sequences and 12.6K
curated real-world clips.  Synthetic data cover seven
NHTSA-derived intersection crash types with randomized
speeds, approach directions, lighting, and weather, and pro-
vide 3D boxes, vehicle states, segmentation, depth, and op-
tical flow at 30 Hz. Real clips are cropped around im-
pact from public dashcam and traffic-camera footage and
annotated with scene context, participants, motion, and
first-frame collision actors. CrashTwin-Eval uses 300 syn-
thetic and 44 real held-out videos; CrashTwin-Eval-Mini
uses 100 synthetic and 16 real videos for proprietary mod-
els. We benchmark SkyReel-1.3B [6], Wan [27], and
Cosmos-Predict2 [2] on CrashTwin-Eval, and Veo 3.1 [9],
Hailuo [10], and Seedance [8] on CrashTwin-Eval-Mini.
All rollouts use the same reconstruction pipeline, 20 FPS
scoring grid, and matched pre-/post-impact windows.

Leaderboard observations. Table | reveals a consis-
tent separation between visual coherence and physical
correctness.  Hailuo and Seedance obtain competitive
drift scores but substantial conservation residuals, while
Cosmos-Predict2-14B improves several conservation met-
rics without uniformly dominating world-dynamics mea-
sures. Thus Ey.r, and Eg;, diagnose unstable local ge-
ometry, whereas J,, Jg, and Jg expose impulse-transfer,
yaw-motion, and post-impact energy inconsistencies hidden
in visually smooth videos.

Reconstruction validation. We validate reconstruction

on simulated crashes with metric trajectories. A 3D tracker

drifts under occlusion and abrupt post-impact motion; each

added component in Tab. 2 reduces scene- and instance-

level ATE, showing that relinking, filtering, and depth cor-

rection are required for reliable physical measurements.
Table 2. Reconstruction accuracy on simulated crashes.
Mean absolute trajectory error (ATE); lower is better.

Configuration Scene ATE (m) | Inst. ATE (m) |

SE(3) Sim(3) SE(3) Sim(3)
Basic 3D Tracking 11.71 9.38 3.89 1.98
+ Instance Relinking 5.96 5.10 3.73 1.89
+ Kalman Filtering 5.61 4.68 3.29 1.47
+ Metric Depth Correction 548 3.70 2.63 0.91

Human alignment. The two-alternative forced-choice
(2AFC) study in Fig. 1 shows that annotators prefer roll-
outs with more plausible post-impact dynamics, even under
similar visual quality. This suggests that our physics met-
rics capture dynamic validity beyond perceptual realism, in-
cluding non-rigid flow, momentum imbalance, energy gain,
identity switching, and drift.

5. Conclusion

We introduced CrashTwin, a physics-grounded benchmark
for evaluating the physical plausibility of world mod-
els in multi-agent interaction scenarios. By coupling
controlled synthetic crashes, curated real-world videos,
calibration-free reconstruction, and direct physical met-
rics, CrashTwin tests whether generated rollouts respect
impact constraints rather than merely look plausible. Our
experiments show that current models still fail in spatio-
temporal consistency, Momentum and energy conservation,
and World dynamics integrity. CrashTwin therefore pro-
vides a diagnostic tool for data curation and world-model
evaluation, motivating future world models that are both vi-
sually realistic and physically trustworthy.
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