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Abstract. While Vision-Language Models (VLMs) have advanced high-
level reasoning in autonomous driving, their ability to ground this reason-
ing in the underlying physics of ego-motion remains poorly understood.
We introduce EgoDyn—BenchEL a diagnostic benchmark for evaluating the
semantic ego-motion understanding of vision-centric foundation models.
By mapping continuous vehicle kinematics to discrete motion concepts
via a deterministic oracle, we decouple a model’s internal physical logic
from its visual perception. Our large-scale empirical audit spanning 20+
models, including closed-source MLLMs, open-source VLMs across mul-
tiple scales, and specialized VLAs, identifies a significant Perception
Bottleneck: while models exhibit logical physical concepts, they con-
sistently fail to accurately align them with visual observations, frequently
underperforming classical non-learned geometric baselines. This failure
persists across model scales and domain-specific training, indicating a
structural deficit in how current architectures couple visual perception
with physical reasoning.

We demonstrate that providing explicit trajectory encodings substan-
tially restores physical consistency across all evaluated models, reveal-
ing a functional disentanglement between vision and language:
ego-motion logic is derived almost exclusively from the language modal-
ity, while visual observations contribute negligible temporal signal. This
structural finding provides a standardized diagnostic framework and a
practical pathway toward physically aligned embodied Al.
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1 Introduction

Classical autonomous driving systems explicitly model ego-motion through es-
timated physical state variables such as velocity, acceleration, and yaw rate
[121/201/32]. These representations are not auxiliary but fundamental: they en-
sure that perception, planning, and control remain consistent with the vehicle’s
underlying dynamics.

Recent advances in vision-centric foundation models, particularly Vision-
Language Models (VLMs), propose an alternative paradigm in which high-
level reasoning and planning are performed directly from visual observations
[151/31,145,|47]. In these approaches, explicit ego-state representations are typi-
cally absent, and motion must be inferred implicitly from image sequences.

This shift raises a fundamental question: Do such models form a physically
consistent understanding of ego-motion, or does their visual reasoning remain
decoupled from the vehicle’s underlying dynamics?

While current benchmarks primarily assess high-level planning and reasoning
tasks [28136,[43], none verify whether model outputs are physically consistent
with the ego-vehicle’s own kinematic state, leaving a critical axis of embodied
understanding entirely unevaluated.

To address this gap, we introduce EgoDyn-Bench, a benchmark for explic-
itly evaluating ego-motion understanding in vision-centric models. We formulate
this as a semantic video question-answering task grounded in physically derived
labels, enabling controlled and interpretable assessment of whether model pre-
dictions semantically align with the underlying dynamics. Using this framework,
we analyze modern vision-centric models and study the role of explicit dynamic
information in their performance. Our results highlight limitations of current
alignment based on visual observations and dynamic concepts, and additionally
provide a strategy for improving models without retraining.

Our contributions are as follows:

— Ego-Motion Benchmark: We introduce EgoDyn-Bench, a benchmark that
explicitly evaluates ego-motion understanding in vision-centric foundation
models, isolating physical consistency from downstream task performance.

— Physically-Grounded Evaluation Framework: We propose a seman-
tic abstraction and deterministic oracle-based labeling pipeline that maps
continuous ego-dynamics to interpretable motion concepts, enabling repro-
ducible and controlled evaluation.

— Large-Scale Empirical Analysis: Through our audit, we show that cur-
rent VLMs exhibit a fundamental “visual grounding deficit”, failing to reli-
ably capture ego-motion from visual input alone despite possessing physically
consistent but biased reasoning capabilities.

— Recovering Grounding via Explicit Dynamics: We demonstrate that
providing textual dynamic state information yields substantial performance
gains, providing a pathway to improve physical consistency without the need
for expensive retraining.
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Fig. 1: EgoDyn-Bench Overview. Continuous kinematic states S are mapped to
semantic labels via a deterministic oracle to define a VideoQA task over visual ob-
servations O. Models are evaluated on their ability to infer motion dynamics through
semantic, temporal, and physical consistency (WPCR) metrics.

2 Related Work

Existing evaluation frameworks for vision-centric foundation models in the au-
tonomous driving domain can be grouped into four primary paradigms: (i) logi-
cal reasoning and decision interpretability, (ii) spatial intelligence, (iii) numerical
trajectory forecasting and closed-loop driving, and (iv) physical reliability au-
dits. Our work targets a missing axis across all four: whether predicted decisions
are consistent with the underlying physical concepts of ego-motion over time.
Standard Autonomous Driving Benchmarks and Metrics Classical
autonomous driving evaluation spans both dataset-based and simulator-based
protocols. Large-scale datasets such as nuScenes [4] and Waymo support
open-loop evaluation of perception and trajectory prediction, typically using
displacement-based metrics (e.g., ADE/FDE). In contrast, closed-loop bench-
marks and simulators such as nuPlan and CARLA |[7| evaluate planning and
control through metrics such as route completion and time-to-collision. While
these protocols effectively assess task-level completion, they abstract away the
underlying physical reasoning. As a result, models might achieve high perfor-
mance through spurious visual correlations rather than genuine kinematic un-
derstanding, posing significant risks to downstream generalization and safety.
Logical Reasoning and Decision Interpretability (LR) Frameworks
such as DriveLM and Reason2Drive evaluate reasoning through struc-
tured or interpretable decision outputs. These approaches represent behavior as
discrete linguistic instructions, focusing on semantic plausibility. Because these
linguistic instructions are inherently discrete and lack continuous temporal con-
straints, they cannot guarantee that a sequence of decisions will result in, or
be grounded in, a kinematically feasible maneuver. Our setting addresses this
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by requiring reasoning grounded in temporally continuous motion rather than
isolated semantic descriptions.

Object-Centric Spatial Intelligence. Recent benchmarks like Ego3D-
Bench [9] and RADAR [5] evaluate spatial relations and volumetric overlap of
external objects. In contrast, ego-motion understanding is fundamentally self-
referential, requiring the grounding of the agent’s own motion state within the
temporal visual stream. EgoDyn-Bench addresses this gap by providing a struc-
tured diagnostic to evaluate whether a model’s high-level semantic interpretation
of its own movement is accurately anchored in physical concepts.

Trajectory Forecasting and Control. Standard benchmarks like Argo-
verse |41], ScenePilot-Bench 40|, and EgoTraj-Bench |21] evaluate motion via
displacement-based metrics. However, spatial accuracy does not guarantee kine-
matic feasibility or compliance with underlying physical concepts. Instead of
assessing motion generation, FgoDyn-Bench provides an isolated diagnostic of
the model’s intrinsic high-level physical understanding, evaluating whether its
semantic interpretations are accurately anchored in continuous kinematic con-
straints.

General Physics Audits. Benchmarks like DriveBench [43] expose “text-
only resilience,” where models rely on language priors rather than visual ground-
ing. Physics audits such as QuantiPhy [27] and Morpheus [46] show that models
struggle with general conservation laws and external object collisions. In con-
trast, EgoDyn-Bench isolates the understanding of embodied kinematics, testing
whether models can infer their own mechanically valid motion states directly
from sequential visual streams.

Limitations of Existing Approaches To summarize, current evaluation
paradigms fracture the driving problem along a consistent fault line: classical ap-
proaches, including optical flow, visual odometry, and displacement-based trajec-
tory metrics, offer rigorous geometric tracking but no semantic understanding,
while foundation model benchmarks evaluate high-level reasoning from visual
snapshots without any grounding in the vehicle’s own kinematic state. EgoDyn-
Bench bridges this division by formally testing whether vision-centric seman-
tic predictions satisfy the kinematic concepts related to continuous ego-motion.
Our analysis reveals that model failures stem from misalignment between vi-
sual observations and physical motion concepts, not from an absence of physical
reasoning capacity.

3 EgoDyn-Bench

To examine the kinematic motion understanding of foundation models, we in-
troduce EgoDyn-Bench. Our benchmark is the first to evaluate whether vision-
centric models can infer physically consistent ego-motion concepts from visual
observations. A comparison to existing frameworks is shown in Table [I] Unlike
prior object-centric or regression-based benchmarks, we isolate self-referential
motion understanding as a semantic reasoning problem grounded in vehicle kine-
matics. Our benchmark consists of: (i) a task formulation mapping visual inputs
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Table 1: Comparison of VLM evaluation benchmarks in autonomous driving. Existing
benchmarks evaluate external environments or abstract actions, but fail to assess the
agent’s internal kinematics. EgoDyn-Bench isolates this missing self-referential axis.
OCS: Object-Centric Spatial; CLT: Closed-Loop & Trajectory; LR: Logical Reason-
ing; GPA: General Physics Audits; KEM: Kinematic Ego-Motion.

Benchmark OCS CLT LR GPA KEM

Classical & Trajectory Benchmarks

nuScenes-QA [28| v X X X X
nuPlan |17| v v X X X
ScenePilot / EgoTraj [40| X v X X X
Vision-Language & Reasoning Benchmarks
DriveLM / Reason2Drive |31| X X v X X
Ego3D / RADAR |9| 4 X v X X
DriveBench / QuantiPhy |43| X X X v X
Proposed Benchmark
EgoDyn-Bench (Ours) X X X X v

to semantic motion concepts, (ii) a dataset of real-world and augmented driving
sequences, and (iii) a reproducible labeling pipeline deriving ground-truth from
physical signals. Figure [1| provides a conceptual overview.

3.1 Problem Formulation

Goal. We formulate visual ego-motion understanding as a semantic question-
answer task: given a visual observation sequence and a natural language query
regarding the vehicle’s movement, a model must produce a semantic response
grounded in the underlying motion. By shifting from raw state regression to a
linguistic interface, we evaluate a model’s ability to extract functional physical
concepts from observations rather than simply regressing numerical values.
Input. Formally, the model receives a sequence of visual observations

0=1{Ip,....In},

sampled at frequency f.q,, over a temporal window of duration 7. This is paired
with a natural language query P that specifies a motion-related property (e.g.,
turning direction or braking behavior). Following established protocols for tra-
jectory forecasting and planning [17,|41], we utilize fixed-length segments where
7 = 3s. This duration provides sufficient context for characteristic maneuvers
to unfold as observable spatio-temporal changes while remaining brief enough
to isolate distinct semantic behaviors and avoid confounding scene transitions.
While our experiments utilize 3-second clips, the formulation remains flexible
across varying temporal horizons.

Kinematics. The ego-vehicle’s motion is characterized by a physical state se-
quence S = {sg,...,Sn}, recorded from onboard sensors or simulated ground-
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truth during data collection and strictly withheld from the model during infer-
ence.
. T

s¢ = [vg, a, Ji, Wi, O]
captures the vehicle’s speed v, longitudinal acceleration as, jerk j;, yaw rate
wy, and heading ;. Rather than regressing these exact numerical states, our
formulation probes whether models grasp the functional physics of ego-motion,
evaluating the semantic implications of these kinematics rather than precise
estimation.
Evaluation. We define a vision-centric foundation model Fy that maps the
visual and textual inputs to a predicted semantic response:

F9(0,P) = R,

where R is an answer selected from a predefined semantic space (binary or
multiple-choice options). To enable objective evaluation, we define a determin-
istic oracle G:

G(S,P) - R*,

which maps the physical state sequence S and query P to a ground-truth se-
mantic answer R*. This ensures that labels are derived directly from measurable
kinematics rather than subjective human annotation. Given the short horizon 7,
sensor drift is negligible, and our sensitivity analysis confirms that model rank-
ings remain robust to variations in the oracle’s thresholds (see Supplementary).

3.2 Dataset Construction

To enable controlled evaluation of ego-motion understanding, our data genera-
tion pipeline must satisfy three requirements: broad coverage of ego-dynamics,
access to withheld physically grounded motion signals for oracle annotation, and
a controllable distribution of motion regimes. To achieve this, EgoDyn-Bench em-
ploys a hybrid approach: we utilize nuScenes [4] for real-world driving sequences
and augment underrepresented motion regimes using targeted simulations in
CARLA [7], driven by CommonRoad scenarios [19] and an adaptable motion
planner [37] according to [§].

Distribution Balancing & Data Curation. Real-world datasets, like e.g.,
nuScenes, provide authentic visual and kinematic synchronization but are in-
herently biased toward low-dynamic, routine driving. To ensure a physically
comprehensive distribution across longitudinal and lateral profiles, we explic-
itly control the benchmark’s statistics through a structured four-stage curation
pipeline. First, dynamic characterization identifies the natural low-dynamic bias
of the real-world logs. Next, dynamic mining extracts rare but informative ma-
neuvers directly from nuScenes. To balance the remaining underrepresented re-
gions, such as emergency braking or high lateral acceleration, we employ targeted
augmentation, injecting dynamically diverse trajectories simulated in CARLA.
Finally, all sequences undergo human wvalidation to verify the extracted motion
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Fig. 2: Effect of Dataset Augmentation. (a) Spatial coverage of nuScenes (or-
ange) vs. CARLA-derived scenarios (blue). CARLA expands the state-space to include
complex maneuvers required for robust benchmarking. (b) Positive label fractions for
representative questions. FgoDyn-Bench corrects the low-dynamic bias of nuScenes by
injecting dynamically augmented synthetic sequences.

signals and labeling rules. Detailed curation thresholds are provided in the Sup-
plementary Material. Figure [2] illustrates how this mixture effectively corrects
spatial and dynamic biases.

Domain Alignment. To mitigate the visual domain gap between simulated and
real-world sequences, we apply a photometric style transfer model (NVIDIA Cos-
mos Transfer 2 [29]) to the CARLA scenarios. Because our benchmark evaluates
motion understanding rather than photometric fidelity, this alignment strictly
prioritizes the preservation of geometric and kinematic cues over exact visual
realism. We verify the recoverability of these essential motion signals across do-
mains via geometric baselines, detailed in Section [5.3]

3.3 Semantic Abstraction and Label Generation

We formalize discrete driving maneuvers by applying a deterministic threshold-
ing scheme to the continuous state S. These thresholds are calibrated on the
dataset distribution and cross-verified against standard automotive kinematics
literature to ensure physical plausibility. Thresholds are used exclu-
sively by the oracle G to derive ground-truth labels and are never disclosed to
evaluated models, which must infer semantic motion concepts from visual obser-
vations alone. A full sensitivity analysis under uniform threshold perturbation
by a factor a € [0.5,1.5], measured via Kendall’s 7 , confirms stable model
rankings (7 > 0.9) across all perturbation levels. This design ensures robustness
and generalization. The semantic definitions can be adapted to new domains or
specific research requirements by adjusting the threshold parameters.
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Semantic Categories. We evaluate 14 distinct question categories within a
unified prompt template, spanning two complementary reasoning dimensions: (i)
direct dynamics, which probe instantaneous or aggregated motion properties such
as speed regime, braking intensity, lateral acceleration, and driving smoothness;
and (ii) temporal comparative, which require the model to reason about the
ordering or co-occurrence of events across the clip[’]

3.4 Evaluation Metrics

We evaluate ego-motion understanding by treating the model’s natural language
responses as semantic reasoning over discrete motion concepts. Let y; € ) denote
the oracle label for a query P; on clip ¢, and ¢; the predicted label obtained by
mapping the model response R; to the label space ) via a deterministic parser.
Our metrics are designed to distinguish between a model’s ability to extract
information from pixels (correctness) and its ability to maintain logically sound
internal physical reasoning (consistency).

Semantic Correctness. While EgoDyn-Bench is balanced across question cat-
egories to avoid dataset-driven bias, models often exploit internal linguistic priors
rather than grounding responses in visual content [10|. To ensure performance
reflects genuine physical reasoning, we utilize Balanced Accuracy and Macro-
F1. Balanced Accuracy (BAcc) is defined as the mean of class-wise recalls:

1 1
Bal. Acc. = mzﬁzl[yz =cAy; =, (1)

cey = ¢ i=1

where N, is the number of ground-truth instances for class c. For temporal
queries that compare event ordering, we report Temporal Accuracy, the frac-
tion of correctly predicted temporal orderings.

Weighted Physics Consistency Rate (WPCR). Beyond correctness, we
introduce WPCR to diagnose the internal coherence of model predictions. We
define a set of Boolean physical constraints R = {r,,}, as reported in Table
Importantly, WPCR is not a measure of accuracy against the ground truth, but
a diagnostic of internal physical coherence, assessing whether a model’s collective
answers for a single clip (7 = 3s) satisfy the physics of motion.

To prevent models from achieving high consistency scores by simply avoiding
committed predictions, we weight each clip’s consistency contribution by the
fraction of rules it triggers. Let C denote the set of evaluated clips, T, the number
of applicable rules and V. the number of violations for clip ¢:

WPCR&Z(I[VCO/\TC>O]~%>. (2)
eC

5 Full question prompts, answer options, and labeling rules with calibrated thresholds
are provided in the supplementary material.
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Table 2: WPCR Kinematic Constraints. Boolean implication rules (A = B) used
to compute WPCR, each evaluated on a single clip.

Rule Boolean Implication (A = B)

Heading / Lateral Dynamics (Hard)

R; Heading Change = Yes = Turn Direction # Straight

Ry High Lateral Acceleration = Yes = Turn Direction # Straight
R3 Turn Direction = Straight = No Significant Heading Change
R4 Turn Direction = Straight = No High Lateral Acceleration

Speed Regime / Mean Speed (Hard)

Highway = Mean Speed is Not Low
Stopped = Mean Speed is Low
Stopped = Speed Trend # Accelerating

Rs Speed Regime
Rs Speed Regime
R7 Speed Regime

Brake-then-Turn Compound (Hard)

Rg Brake-then-Turn = Yes = Braking Intensity # None
Ry Brake-then-Turn = Yes = Turn Direction # Straight

Stop-and-Go (Hard)

Rip Stop-and-Go = Yes = Speed Regime # Stopped

Hard Boolean implications are a deliberate design choice: ego-motion con-
cepts are physically discrete and mutually exclusive, leaving no meaningful no-
tion of partial correctness. A soft metric would mask systematic reasoning fail-
ures behind gradual penalty curves, obscuring the architectural deficits this
benchmark is designed to expose.

We additionally report Physics Coverage (PCov) as ﬁ D occc %, repre-
senting the mean fraction of physical constraints triggered per clip. A low PCov
indicates that few rules are triggered per clip, which would make a high WPCR
score uninformative. High PCov confirms that the consistency rules are actively
exercised across the benchmark.

4 Experiments

We evaluate the ability of vision-centric foundation models to infer ego-motion
dynamics from visual observations using EgoDyn-Bench. Our experiments ana-
lyze (i) differences across model families, (ii) the impact of domain priors, and
(iii) the influence of explicit dynamic information on motion understanding.

4.1 Baselines

We evaluate a set of non-foundation model baselines that estimate ego-motion di-
rectly from visual input, spanning both classical and learning-based approaches.
Specifically, we consider (i) classical optical flow based on motion field formu-
lations |13L22], (ii) feature-based visual odometry using KLT tracking with es-
sential matrix estimation |111[23[30], (iii) learned optical flow using RAFT |35],
and (iv) learning-based visual odometry using TartanVO [39]. The baselines
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share the same visual input and are evaluated against the same oracle-derived
ground-truth labels as the foundation models. To produce answers, they apply
heuristic mapping rules to their estimated motion signals, for example, optical
flow magnitude to speed trend, using the same question categories and answer
spaces defined by the oracle. Further details on each baseline are available in the
supplementary material.

4.2 Evaluated Model Families

We evaluate representative models from three categories: (i) closed-source mul-
timodal foundation models (e.g., GPT-5.1, Claude), (ii) open-source vision-
language models (e.g., Qwen-VL), and (iii) domain-specific architectures for
physically grounded reasoning (e.g., RoboTron-Drive). This categorization, de-
tailed fully in Tables [3] and [4] enables a direct comparison between general-
purpose models and those with domain-specific inductive biases.

4.3 Evaluation Protocol

EgoDyn-Bench comprises 14,000 QA pairs across 1,000 balanced 3-second driv-
ing scenarios (500 real-world, 500 simulated). We evaluate 14 question categories
(direct and temporal dynamics) via deterministic binary and multiple-choice
templates. Full parsing rules, prompts, and code are available in the supple-
mentary material. As introduced in Section [3.4] we report balanced accuracy,
Macro-F1, temporal accuracy, and the introduced WPCR to assess both seman-
tic correctness and physical coherence.

4.4 Input Settings and Evaluation Axes

To analyze the contribution of visual motion cues, we evaluate two input settings:
(i) Vision-only: Models receive only visual observations. We uniformly sample
10 frames from each 3-second clip (=~ 3.3 FPS). This sampling rate preserves
sufficient temporal resolution for macroscopic dynamic reasoning while main-
taining computational feasibility across the extensive suite of evaluated models.
(ii) Vision 4+ Dynamics: Models additionally receive explicit ego-motion sig-
nals as structured text. To isolate optimal representation formats, we ablate four
textual trajectory encodings: a high-level Summary (8 scalar statistics covering
kinematic means and extrema, e.g., max/mean speed, max lateral acceleration),
a dense kinematic Timeseries (per-channel v,a,w,j values at N evenly-spaced
timesteps), spatial Coordinates (zero-centered x,y waypoints and heading 6 at
N timesteps), and a Full combination of both timeseries and coordinate data.
All explicitly provided kinematic information is temporally aligned with the N
subsampled images.

Our subsequent analysis is structured along three complementary axes: (i)
assessing vision-only performance to test implicit motion extraction, (ii) ablating
textual dynamics to isolate reliance on numerical signals, and (iii) comparing
visual domains to separate reasoning deficits from dataset artifacts.
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5 Results & Discussion

We evaluate the ego-motion reasoning capabilities of vision-centric foundation
models across three complementary axes: (i) vision-only performance to assess
implicit motion extraction from visual input, (i) dynamics-informed question
answering to quantify the contribution of explicit trajectory signals, and (i)
domain invariance to separate reasoning deficits from dataset artifacts.

5.1 Vision-Centric Study

Our initial analysis investigates the models’ ability to infer semantic ego-motion
concepts directly from visual observations without auxiliary state information,
probing their capacity for zero-shot physical grounding from visual cues alone.
The results, summarized in Table [3] reveal three key insights:

(i) Classical Baselines Outperform VLMs. Vision-centric foundation mod-
els exhibit a significant performance gap compared to simple non-foundation
model approaches. While classical baselines are restricted to the geometrically-
answerable subset (6/14 questions), they outperform even the largest closed-
source MLLMs on this overlapping subset (Visual Odometry baseline: BAcc
63.8% vs. GPT-5.1: 55.1%, Gemini 3 Pro: 59.6%, Qwen3-VL-8B: 52.3%), under-
scoring a fundamental struggle in current architectures to extract low-level kine-
matic representations from visual input. Temporally shuffling the input frames
leaves performance unchanged (BAcc 39.0 vs. 38.9 ordered), indicating the deficit
lies not in the visual encoder but in downstream temporal integration.

(ii) Scaling and Domain Paradox. Scaling to larger closed-source MLLMs
yields only marginal gains over smaller open-source counterparts: the best closed-
source model (Gemini 3, BAcc 47.0%) outperforms the best open-source 8B
model (Cosmos-Reason 2-8B, BAcc 39.9%) by only 7.1%, a negligible margin
given the orders-of-magnitude difference in scale. Domain-specific VLAs per-
form comparably to or below general open-source models of equivalent size
(RoboTronDrive: 38.6%), indicating that neither scale nor in-domain training
resolves the underlying architectural failure to ground physical reasoning in vi-
sual observation alone. Increasing temporal resolution to 10 FPS likewise yields
no improvement (+0.4pp on BACC for Qwen3-VL, see Supplementary), con-
firming the bottleneck is structural rather than input-limited.

(iii) Predictive Fallback Bias. A consistent disparity between raw and bal-
anced accuracy across VLMs indicates that models default to a single dominant
answer when physical reasoning fails, rather than discriminating across classes.
Our Visual Odometry baseline nearly eliminates this gap (65.1% vs. 63.8%),
suggesting that explicit geometric representations effectively anchor predictions
and mitigate response bias.

5.2 Dynamics-Informed Reasoning

We evaluate the impact of providing explicit ego-motion signals as auxiliary
input. The results in Table [] yield the following conclusions:
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Table 3: Metrics for vision-only ablation. All metrics are reported as percentages. Note
that no explicit dynamic state inputs are provided for all models in this evaluation.
Best values are presented bold; second-best are underlined. ! Evaluated on a functional
subset of the questions. ? Evaluated without visual observation (O = {@}). ® Evaluated
with static visual observation (O = {I}). * Evaluated with shuffled visual observations
(0" = {I,u };V:O), where the temporal order is randomized

Parsable Semantic Temporal Consistency

T Acc. + BAcc. 1 F1 4 Acc. + F1 1 WPCR 4 PCov. ¢

Model

Geometric Baselines

Flow Heuristic' |13}/22 / 58.4  47.0 422 485 439  46.5 79.6
Visual Odometry"[11}[23 / 651  63.8 63.0 627 61.1  48.0 97.1
RAFT Flow[35 / 69.8 59.6  56.8 53.9 58.2 47.5 85.3
TartanVO'[39 / 67.8 54.4  50.7 65.9 64.3 42.4 99.8
Ablated Baselines
Qwen3-VL-8B72] 100.0 42.3 33.5 19.3 33.3 20.2 20.0 100.0
Quwen3-VL-8B> 100.0 47.5 37.0 30.0 41.0 31.6 97.4 83.9
Qwen3-VL-8B4 100.0 49.1 39.0 31.7 404 30.0 98.4 84.8
Closed-Source VLMs/MLLMs
Claude Sonnet 4.5 99.7 49.6 38.0 329 36.8 349 83.4 94.4
GPT-5.1 100.0 54.3 45.2 40.1 43.0 38.7 96.3 76.9
gemini-2.0-flash 100.0 46.2 36.5 324 37.2 35.1 54.1 97.5
gemini-3-pro-preview 94.3 53.6 47.0  44.3 473 452 59.3 98.4
Open-Source VLMs
Qwen3-VL-2B 100.0 47.1 37.4 312 423 375 39.1 99.8
Qwen3-VL-4B 100.0 49.7 39.8  34.4 39.7 35.1 82.9 90.0
Qwen3-VL-8B 100.0 49.8 38.9 33.0 39.3 327 97.9 84.6
InternVL3-2B |48 99.9 44.5 32.8 204 362 26.4 39.4 99.7
InternVL3.5-4B 100.0 46.8 36.0 255 427 28.7 48.0 99.5
InternVL3.5-8B 100.0 47.0 38.8  30.0 427 33.5 48.6 78.0
InternVL3.5-38B 100.0 46.5 37.6 26.8 448 27.0 72.6 72.4
Camreasoner-8B 91.1 45.0 36.9 27.4 372 28.6 46.3 92.2
Cosmos Reason 2-2B 100.0 46.2 35.1 23.6 39.5 25.8 72.7 100.0
Cosmos Reason 2-8B 100.0 48.8 39.9 35.8 41.0 36.7 92.2 80.6
VLA Models
ImpromptuVLA [6l 100.0 47.3 37.8 289 402 29.2 41.1 72.8
Robo Tron-Drive 99.4 48.0 38.6 32.0 41.3 31.3 69.8 96.8

(i) Explicit Dynamics Consistently Improve Performance. Integrating
explicit dynamics improves performance across all models and metrics, confirm-
ing that the failures in Table 3] stem from a misalignment between visual obser-
vations and physical motion concepts, not from an absence of physical reasoning
capacity. When provided with explicit kinematic data, models demonstrate the
ability to reason about ego-motion that visual input alone fails to activate. While
encoding identical physical information, trajectory-only inputs in different forms
yield different balanced accuracy scores, indicating that models must process dy-
namic representations rather than simply forwarding subtle labels.

(ii) Models Bypass Visual Input for Motion Reasoning. The trajectory-
informed experiments expose an asymmetry in modality importance. For Qwen3-
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Table 4: Metrics for vision and trajectory ablation. All metrics are reported as per-
centages. Note that explicit dynamic state inputs are provided for all models in this
evaluation. Further advanced embedding ablations are available in the supplementary
material. Best values are in bold; second-best are underlined. ! Evaluated without
visual observation (O = {(}).

Model Parsable Semantic Temporal Consistency
T Acc. T BAcc. T F1 T Acc. + F1 + WPCR 1 PCov.
Baseline (Default: Summary Encoding)

Qwen3-VL-8B' |2] 100.0 65.9 59.6 54.1 53.1 46.3 33.0 100.0
InternVL3.5-8B |38| 100.0 61.9 55.7 49.4 55.3 454 17.5 100.0
Closed-Source VLMs/MLLMs (Default: Summary Encoding)

Claude Sonnet 4.5 |1| 98.1 71.5 63.5 61.1 58.7 58.1 97.1 91.2
GPT-5.1 |26| 100.0 71.9 66.1 64.2 53.6 49.1 97.8 84.3
gemini-2.0-flash |34] 100.0 65.1 55.8 52.6 59.4 57.1 66.6 98.9
gemini-3-pro-preview |34] 98.8 75.8 68.3 67.7 69.8 70.0 87.7 97.2
Open-Source VLMs (Default: Summary Encoding)

InternVL3-8B |48| 100.0 53.8 44.8 33.4 46.3 32.1 81.0 96.8
Cosmos Reason 2-8B |25| 100.0 64.3 56.5 54.0 52.8 51.1 71.4 97.6
Open-Source VLA (Default: Summary Encoding)

ImpromptuVLA |6] 100.0 55.6 52.1 45.6 48.0 39.8 39.7 90.3
Trajectory Encoding Ablation (Qwen3-VL-8B |2]|)

- Summary 100.0 63.6 54.7 52.7 434 41.1 89.7 90.9
- Timeseries (Kinematics) 100.0 69.7 62.2 61.9 76.7 77.9 92.6 90.6
- Coordinates (Spatial) 100.0 55.3 46.6 43.0 49.9 489 97.9 62.2
- Full (Times. + Coord.) 100.0 69.0 61.3 60.4 T77.3 78.4 97.8 78.1

VL-8B, replacing visual frames entirely with trajectory text yields a BAcc of
59.6%, a significant 4+20.7pp surge over the vision-only baseline (38.9%). Rein-
troducing visual frames to this text-only baseline recovers a negligible +2.6pp
gain under the best encoding strategy. Furthermore, with suboptimal encod-
ings, performance regresses entirely below the text-only baseline. This reveals a
functional decoupling in current architectures: ego-motion logic is derived
almost exclusively from the language modality, while visual observations
serve as redundant or even interfering signals that the reasoning core fails to
integrate.

(iii) Consistency Relies on Static Visual Context. WPCR rises sharply
from 20.0 with no visual input to 97.4 with a single static frame, but increases
negligibly when additional frames are provided. This shows that physical consis-
tency in model predictions is driven by the presence of any visual context, not
by temporal reasoning over the frame sequence. Adding explicit trajectory text
further improves WPCR,, but reduces the contribution of visual input to near
zero, confirming that motion reasoning is routed almost exclusively through the
language modality.

(iv) The Encoding Advantage. Structured kinematic data consistently out-
performs high-level semantic summaries across all models. With optimized en-
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coding (Timeseries), smaller open-source models match or exceed closed-source
MLLMs on temporal and consistency metrics, suggesting that representation
quality is a more significant performance driver than parameter scale as is. Con-
sequently, our conclusions suggest that simply scaling model size is insufficient
for embodied tasks. Instead, future research must prioritize developing stronger
physical alignment strategies during pre-training to bridge this vision-language

gap.

5.3 Isolating the Domain Gap

To verify that our results are driven by ego-motion complexity rather than a
simulation-to-reality gap or style-transfer artifacts, we conduct a controlled ab-
lation across three visual domains: (i) real-world data (nuScenes), (ii) raw syn-
thetic data, and (iii) style-transferred synthetic data used in these experiments.

As shown in Table[5] a representative VLM and baseline performance remain
consistent across all three domains. This invariance indicates that the observed
difficulties stem from a fundamental deficit in ego-motion reasoning rather than
visual domain shifts. Notably, the stable performance of our geometric base-
lines across real and style-transferred sequences further supports the use of our
synthetic data for assessing real-world ego-motion understanding.

Natural Visual-Artifact Ablation. 80 of 500 CARLA-transferred clips
(16%) contain spatial artifacts from upstream CARLA rendering. As these are
temporally stable within each clip, optical flow is preserved while photometric
quality is degraded. Per-clip accuracy on this subset differs from that of the
other 420 by < 3 pp across leaderboard models, with mixed direction, further
confirming the perception bottleneck: photometric quality is not meaningfully
exploited. The subset list is released for downstream studies.

Table 5: Comparison of balanced accuracy for VLM and Baselines across different
data sources. Best values are in bold; second-best are underlined. ! Representative
VLM comparison point.

Model Real 1 Sim 1t  Transf. 1 A max |

Geometric Baselines

Flow Heuristic |13}/22] 49.3 39.0 44.4 10.3
Visual Odometry |11}23,/30] 63.5 62.4 64.0 1.6
RAFT Flow [35) 65.5 60.5 54.6 10.9
Tartan VO |39] 51.3 51.0 56.0 5.0

VLM Baselines

Qwen3-VL-8B'[2] 40.0 39.7 41.0 1.3
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6 Conclusion

We introduced EgoDyn-Bench to evaluate physical ego-motion understanding in
vision-centric foundation models. Our audit of 20+ models reveals a consistent
and severe Perception Bottleneck: despite possessing physically consistent in-
ternal reasoning, current VLMs and VLAs fail to ground it in visual observations,
frequently lagging behind classical non-learned geometric baselines, a deficit that
persists independently of model scale, domain-specific training, and visual do-
main. When explicit kinematic encodings are provided, performance recovers
substantially across all models. This, however, exposes a structural asymme-
try: ego-motion understanding is derived almost exclusively from the language
modality, with visual observations contributing negligible temporal signal. This
functional disentanglement between vision and language is the central architec-
tural failure EgoDyn-Bench diagnoses. Resolving it, through native alignment
between dynamic representations and visual perception during pre-training, is
the critical open challenge for physically grounded embodied Al.

Limitations. EgoDyn-Bench targets ego-motion understanding over short
horizons (3 s), where individual maneuvers are cleanly separable and attributable,
extending to long-horizon and multi-agent scene-level reasoning is a natural next
step. As a grounding diagnostic, it isolates whether models align physical con-
cepts with visual observation rather than measuring closed-loop driving perfor-
mance.

Future Work. To address the pure reliance on language modality to un-
derstand the motion kinematics, we aim to examine specific kinematic encoding
paired with explicit alignment strategies for enhancement of vision-centric foun-
dation models.
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