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Abstract

Despite recent advances, Vision Language Models (VLMs)
still struggle to grasp the dynamics of the world. We note
that the ability to reason about a 4D scene, challenging in
itself, is further complicated by two factors. First, VLMs
observe motion indirectly via its projection onto 2D images.
Second, existing datasets fail to disentangle object and cam-
era motion. To address these challenges, we present a QA
generation pipeline that focuses on motion-related scene
understanding. We take particular care of the entanglement
of camera and object motion by casting tracking in both
the traditional way and in a novel, fixed reference system,
dubbed True-Motion Tracking, which provides an intuitive
description of motion. From this pipeline, we generate a
large-scale training dataset of 400K samples, 4DP-QA (4D
Perception QA), and a 2.2K-sample benchmark, 4DP-QA-
Bench. Training existing models on our dataset yields per-
formance improvements on an external benchmark, validat-
ing the effectiveness of our method.

1. Introduction

Vision Language Models (VLMs) [67] have made great
progress in semantic reasoning with images and videos [6,
11,40, 42, 56], and 3D scene understanding [4, 10, 12, 43].
However, their grasp of motion, ubiquitous in the physical
world, remains limited. This is in part rooted in the video
capture process itself: the world is 4D (3D+motion), but it
is projected onto the 2D sensor of a camera, which is gener-
ally also moving. As a result, depth cues are discarded and,
even more critically, the absolute motion of objects is en-
tangled with that of the camera, making 4D understanding
challenging. Compounding this, most training datasets fo-
cus on understanding the apparent motion (motion in the 2D
image plane), rather than the true 3D motion. In this work,
we address this limitation by introducing a comprehensive
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Camera understanding

Q: What is the motion of the
camera when comparing the
start and end of the clip?

NVILA: The camera appears to
be stationary during the
entire clip. There's no
indication of any movement or
panning, suggesting ..

Ours: The camera is moving
forward, moving to the left,
and panning left.
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{Object motion understanding }—————

Q: From the camera's initial
viewpoint, what are the primary
directions of movement for the
woman running? (Forward/backward
are relative to the camera's
forward viewing direction.)

NVILA: The woman is running
forward, as the camera's initial
viewpoint is from behind her.

Ours: The woman running 1is
moving forward and moving left.

3D Spatial understanding

Q: How does the distance
between the woman running and
the table chair in the frame
@ change over time?

NVILA: .. Initially, the woman
is closer to the table chair,
but as she runs, the distance
between them increases ..

Ours: The distance between
them is decreasing.

True-motion tracking

Q: Project 3D trajectory for the
woman running in frame @ onto
its image plane.

Ours: The projected 2D points
are: Frame @: (0.550, 0.570), ..

.
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Figure 1. Our framework equips VLMs with better 4D under-
standing for in-the-wild videos. Training a state-of-the-art VLM
(NVILA [42]) on our dataset yields performance gains (NVILA
vs. Ours). We also introduce true-motion point tracking, a new
capability that enables the VLM to isolate true object motion from
camera movement, leading to better 4D understanding.

framework to equip VLMs with better 4D understanding.

Large models exhibit strong scaling properties [30, 47],
which allow the emergence of new capabilities. Our intu-
ition is that 4D understanding will similarly emerge, even
in largely standard VLM architectures, given the right qual-



ity and quantity of training data. To achieve this, we intro-
duce a scalable spatio-temporal QA generation pipeline that
systematically analyzes scene dynamics using accurate geo-
metric information (camera poses, depths, 6D object poses,
etc.) from multiple data sources, both real and synthetic. We
use this pipeline to construct QA pairs that probe different
aspects of scene dynamics, such as camera motion, object
motion, inter-object dynamics, and spatial reasoning. Our
approach employs carefully designed heuristics to translate
continuous geometric measurements into natural language
descriptions tailored to the different question types.

While these natural language QA pairs provide rich se-
mantic supervision, coarse language descriptions alone are
insufficient for fine-grained 4D understanding. To address
this, we develop QA pairs aimed at more fine-grained and
low-level perceptual abilities. One such task is visual point
tracking, that is, following points [19, 31] across video
frames, crucial for a range of applications like 3D recon-
struction [53] and robotics [8, 58]. Visual point tracking al-
lows us to visually associate dynamic regions across frames,
but the tracks do not always give a meaningful signal about
the true motion of the object when the camera is moving.
For instance, in Figure 2 the camera is moving to the right
faster than the cat. As a result, the visual point tracks (Fig-
ure 2(a)) show points on the cat moving backward.

To address this, we introduce a new perceptual task: esti-
mating an object’s motion as if it were observed from a sta-
tionary reference system, such as the viewpoint of a static
camera. Under this formulation, the object’s motion is dis-
entangled from the camera’s motion, providing a more in-
tuitive representation: now the tracks show the cat mov-
ing forward, see Figure 2(b). We term this capability true-
motion point tracking. Visual point tracking encourages the
model to capture dense motion correspondences tied to ap-
pearance changes, while true-motion point tracking teaches
it to reason about object motion in a stable, fixed reference
system. We incorporate these fundamental perceptual tasks
into our dataset.

Our work makes the following contributions:

* We introduce a scalable spatio-temporal QA generation
pipeline that automatically produces high-quality 4D rea-
soning data, yielding a training dataset with 400K QA
pairs (4DP-QA), and a benchmark with 2.2K QA pairs
(4DP-QA-Bench).

* We train multiple VLMs on our training dataset and show
improved performance on both ours and external 4D rea-
soning benchmarks.

* We introduce true-motion point tracking, a new low-level
perceptual task that provides an intuitive, image-aligned
motion representation. To enable VLMs to learn this task,
we develop dedicated QA pairs covering both true-motion
and visual point tracking.

* We show that incorporating the point tracking tasks into
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(a) Visual Point Tracking

(b) True-motion Point Tracking

Figure 2. True-motion Point Tracking. Visual point tracking (a)
only captures the apparent motion of the object, here making the
cat appear to move backward due to the rightward camera mo-
tion. True-motion point tracking (b) disentangles camera and ob-
ject motion, showing the cat moving forward. Background tracks
(gray points) show movement in (a) but remain stationary in (b),
highlighting that true-motion tracks reflect actual object motion as
seen from a fixed viewpoint.

our training data enhances the spatio-temporal reasoning
abilities of VLMs on external benchmarks, underscoring
the value of fine-grained perceptual supervision.

2. Related Work

This work investigates architectural and data strategies to
equip VLMs with 3D perception and motion understanding,
including robust capabilities for visual and motion-based
point tracking. In the following, we review previous work
on relevant models, datasets, and point tracking.

General VLMs. The foundation for 3D/4D VLMs rests
on 2D models. Early approaches like Flamingo [2] and
BLIP-2 [36] focused on aligning visual encoders with
LLMs. Subsequent work moved toward instruction tun-
ing [40] and scaling [6, 11, 13, 39]. Video VLMs extend
2D VLMs to temporal understanding, with rapid advances
in training strategies [56], computational efficiency [29, 35],
and long-range reasoning [27, 61]. Research is also con-
verging on integrated 4D models [69, 70] that fuse video
with 3D awareness for physical-world reasoning.

3D VLMs. 3D VLMs aim to equip LLMs with 3D spatial
understanding. We focus on scene-level VLMs rather than
those operating on raw 3D data like point clouds [46, 63]
or meshes [22, 57], which primarily address shape-level ge-
ometry and not complex, holistic scene reasoning. These
approaches often integrate 3D information via alignment,



such as depth map projection [14] and 3D position embed-
dings [15, 72]. VLM-3R [21] bypasses the reliance on ex-
plicit 3D data and adopts CUT3R [55] for 3D reconstructive
tokenization. SpatialVLM [10] demonstrates that quantita-
tive spatial reasoning is achievable with only 2D inputs, en-
abled by a massive, synthesized 2B-sample VQA dataset.

Spatial-temporal understanding datasets. Compared to
datasets designed for general image and video understand-
ing [33, 41] or large-scale vision-language instruction tun-
ing [34, 39], datasets available for training and benchmark-
ing VLMs’ spatial-temporal capabilities are substantially
more limited in scope or scale. Static 3D datasets [4, 12,
43, 68] lack dynamics beyond passive camera motion. Gen-
eral video datasets [24, 54, 65] address scene dynamics and
temporal reasoning but neglect explicit 3D geometry and
true-motion disentanglement necessary for robust 4D per-
ception. Works targeting dynamic scenes with 3D annota-
tions are either limited to benchmarking scale [37, 71], re-
stricted in temporal complexity [48], or constrained to lim-
ited contexts like automotive scenes [52]. ST-VLM [32], a
concurrent work, focuses on general scenes but is limited in
scale compared to our work. We propose a data pipeline to
create a large-scale dataset of fine-grained spatial-temporal
QA pairs to overcome these limitations.

Point Tracking. Point tracking has evolved from 2D cor-
respondences [16, 19, 20, 31] to 3D tracking [17, 59] and
more recently towards full 4D understanding with joint
modeling of camera and object dynamics [60, 66]. While
2D methods capture apparent motion and 3D methods add
depth awareness, only 4D approaches aim to recover true
object motion by disentangling camera and object motion.
However, these solutions are highly specialized, making it
challenging to integrate them into general-purpose VLMs.

3. 4D Understanding with VLMs: A Data-
Driven Approach

We present a data-driven approach to equip VLMs with
fine-grained 4D perception capabilities. We first intro-
duce the perceptual task of true-motion point tracking (Sec-
tion 3.1), which later serves as a key component in defining
novel QA pairs. We then introduce a scalable QA gener-
ation pipeline (Section 3.2), with which we create a large-
scale 4D understanding QA dataset (Section 3.3) for train-
ing and evaluating VLMs.

3.1. Preliminaries: True-Motion Point Tracking

For a 3D point track { X[t]} over a time window [0, 7") and a
moving camera with extrinsics {T[t]} and intrinsics K, there
are two ways to image the 3D point track in 2D:

Pap = {p[t]}eco.r) = (LK, T[t], X(2)) beepo, ), (D)

Table 1. Data sources for the dataset generation pipeline. We
collect data from a variety of sources, including driving, indoor,
and simulation datasets, spanning synthetic and real-world scenes.
Once preprocessed, they are standardized to a common format that
our generation pipeline (Section 3.2) can use to produce QA pairs.

Dataset Type Domain m
Videos  Frames

SHIFT [50] Driving Synthetic 3,200 1.6M
Virtual KITTI 2 [9] Driving Synthetic 50 21.3K
Aria Digital Twin [44]  Indoor, Egocentric  Real 273 644K
HOT3D [7] Indoor, Egocentric  Real 424 1M
Kubric [26] Simulation Synthetic 9.7K 320K
Total 13.6K 3.60M

Msp = {my,[t]}iepo,r) = {IL(K, T[ty], X(t)) }ieo,7)

2
where II is the image projection operator, and ¢, is a fixed
reference time. Equation | gives us the 2D visual point
track P»p, while Equation 2 defines what we term the frue-
motion point track Msp. The difference between them is
that P5p is imaged by a changing camera, thus entangling
the object and the camera motion, while Msp is imaged by
a fixed reference system of the camera at time ?,, thus bet-
ter capturing the true motion of the object. They become
equivalent when the camera is stationary, since T[t] = T[t,].

Given a 2D query pixel p[t,] at time ¢, (where p[t,] =
m;_[t,]), the tasks of visual point tracking and true-motion
point tracking are to predict the whole sequences P»p and
Msp, respectively. Visual point tracking can be solved
using correspondences by comparing the features of plt,]
with pixels at other time in the image sequence [19]. On
the other hand, to estimate the true-motion point track, one
needs to not only solve the visual correspondence task but
also recover depth and camera poses. In return, the true-
motion track gives an intuitive image-aligned representation
that allows reasoning about the dynamic motion in context
of its static surrounding from a fixed desired reference sys-
tem, as shown in Figure 2. We argue that the two are com-
plementary and both are useful for understanding scene dy-
namics.

Visual point tracking is a well-studied task with special-
ized solutions [16, 31]. Likewise, true-motion point tracks
can be estimated with modern 3D reconstruction methods
by explicitly reconstructing 3D point tracks [5, 23, 60, 66].
Integrating these solutions into VLMs requires careful de-
sign and brings additional overhead and complexity. In-
stead, we formulate both tracking tasks as QA pairs and
design a large-scale QA generation pipeline to investigate
VLMs’ capabilities to solve these tasks directly.

3.2. Dataset Generation Pipeline

We design a scalable pipeline to generate 3D motion QA
pairs from a wide range of data sources, including auto-
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| Q: How does the distance
between the bowl in frame 5
and the stool in frame 1
change?
A: They are moving
farther apart.

QA Generator
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obj2=stool in frame 1
label=farther

Asset

| Q: Has the bowl in frame 4
moved to the left, right, or
not at all w.r.t. the reference
of frame 1?

A: right.

True-motion
Track

Figure 3. Dataset Generation Pipeline (Section 3.2). The pipeline takes as input standardized 4D input data, and produces QA pairs for
13 question types. Each QA pair is generated by instantiating a pre-defined template with the sampled assets and either their discrete labels
(for descriptive questions) or continuous measurements (for visual and true-motion point tracking).

motive, physics simulation, and indoor datasets featuring
human-object interactions (Table 1). To be consumed by the
generation pipeline, each data source is first standardized to
a common format of coordinates, image resolution, frame
rates, camera parameters, depth, segmentation, metadata,
and 6D object poses. 3D point tracks required for many of
the QA pairs are extracted from the provided depth maps,
camera poses, and 6D object poses. Object labels, when
available, were insufficient to uniquely identify objects, so
we use a VLM [6] to caption each object using its bounding
box and initial object label. After preprocessing, our QA
generation pipeline proceeds through the components out-
lined below. See Figure 3 for an overview. Our pipeline
is readily extendable to arbitrary video sources by utilizing
off-the-shelf 4D reconstruction methods [38, 55].

QA generator. This is the core component that produces
QA pairs for each question type. It first initializes QA pairs
by sampling from a set of pre-defined templates. We de-
sign multiple templates for each question type and use an
off-the-shelf LLM (Gemini-2.5-Pro [18]) to produce diverse
phrasing for both questions and answers. Each template
contains slots for object references, time instances, coordi-
nate systems, as well as slots in the answers for discrete la-
bels (for descriptive questions) or continuous measurements
(for visual and true-motion point tracking). The QA gener-
ator then informs the asset sampling process about certain
desired characteristics of the assets (e.g., there should be
> 2 moving objects) for the sampled template. Last, we
finalize QA pairs by filling in the slots with the returned
assets that meet the requirements.

Assets sampling. Not all video segments display mean-
ingful or sufficient motion for the targeted question types.
We first sample random video segments, then assess each
segment for suitability according to the specified require-
ments. To do so, we design a set of heuristics and dataset-
specific thresholds to determine whether the camera and
objects display the desired characteristics. Depending on

the question, it may be necessary for the camera to remain
stationary or move in a particular manner. Similarly, ob-
jects are filtered based on their motion characteristics (e.g.,
stationary, moving, changing direction) and the degree to
which they are visible within the video segment. We then
sample from this filtered object list, discarding the segment
if there are insufficient eligible objects for the target ques-
tion. For certain question types, we also need to choose
the appropriate reference system, such as a specific cam-
era coordinate system, the object’s canonical reference sys-
tem or screen-space coordinate system, in order to identify
the selected objects. Finally, we sample how to refer to the
objects in the questions: by object caption, by coordinate
(pixel (x,y) in a specific frame), or by visual region anno-
tation (circle around the region of interest [49]).

Discrete label generation. For question types requir-
ing coarse descriptive answers, care needs to be taken to
map the continuous geometry measurements like distances,
translations, rotations, directions, efc. computed in a spe-
cific reference system into categorical labels. For exam-
ple, 3D translation may be described using combinations
of (forward/backward, left/right, up/down), 3D rotation us-
ing combinations of (pan left/right, tilt up/down, roll clock-
wise/counterclockwise), 3D distances using categories (in-
creasing/decreasing/constant); similar descriptors are used
for 2D screen-space motions (see supplementary). We care-
fully designed the thresholds for each data source to ensure
that the selected labels for questions are accurate, unam-
biguous, and aligned with human perceptual judgments. For
questions surrounding the perceptual capabilities of visual
and true-motion point tracking, we directly pass the contin-
uous values to the QA generator.

Finally, we perform multiple rounds of human validation
to ensure high quality for the QA pairs in our benchmark.

3.3. The 4DP-QA Dataset

With the scalable QA generation pipeline, we construct
our dataset, 4DP-QA, with the goal of equipping standard



VLMs [6, 42] with fine-grained 3D motion understand-
ing across a variety of scenes. The QA pairs cover per-
ceptual tasks like visual and true-motion point tracking as
well as a broad array of 3D motion understanding chal-
lenges—such as camera motion, object motion, and spa-
tial reasoning. Key characteristics of 4DP-QA include:
(1) consistent use of relative scales to support generaliza-
tion across diverse scenes, (2) multiple modes of object ref-
erence (visual prompts, coordinates, and captions), (3) de-
liberate use of different reference systems (including cam-
era, object, screen-space, and gravity-aligned) in formulat-
ing questions, (4) varied answer formats (free-form descrip-
tive, multiple-choice, and Y/N responses).

4DP-QA includes 13 question types that can be orga-
nized into 4 categories as described below. We describe
the high-level dataset taxonomy in this section and provide
additional details in Section 4.1 and the supplementary.

I. Camera Motion. This category concerns the motion
of the camera, as well as how the camera’s motion affects
its relation to objects. Question types include: (1) Camera
Movement: how the camera translates and rotates over time.
(2) Camera-Object Distance Change: how the distance be-
tween the camera and an object changes.

I1. Object Motion. This category concerns the motion of
objects relative to the camera or other objects. Question
types include: (3) Rotation: how an object rotates from a
top-down view. (4) Direction: how an object translates rel-
ative to the first frame’s viewpoint. (5) Agent Motion: how
an agent (e.g., person or car) moves w.r.t. its own reference
system. (6) Moved Distance: comparing the distances trav-
eled by two objects. (7) Object-Object Distance Change:
how the distance between two objects changes over time.

II1. 3D Spatial Understanding. This category concerns
the understanding of 3D spatial relationships between ob-
jects as well as with respect to the camera. The multi-view
questions (10 and 11) introduce further complexity, requir-
ing joint reasoning about object motion and depth variation
across time. Question types include: (8) Depth: compar-
ing the distances of objects from the camera. (9) Object-
Object Distance: comparing the distances of objects from
a reference object within the same frame. (10) Multi-View
Depth: similar to 8, but with reference to objects in different
frames. (11) Multi-View Object-Object Distance: similar to
9, but with reference to objects in different frames.

IV. Point Tracking. These questions require recovering
the tracks of (12) Visual Point Tracking, Pop (Equation 1),
and (13) True-Motion Point Tracking, Msp (Equation 2),
given a query point in a reference frame. In the question,
we also specify the target frames (which can be a single or
multiple frames) for which we need to recover the track.
The answer includes the coordinates and an occlusion flag
indicating the visibility of the point in each target frame.

4. Implementation

We present key dataset and training details below, with fur-
ther information in the supplementary.

4.1. Dataset Details

Using our proposed dataset pipeline, we construct two
datasets: the large-scale 4DP-QA dataset for training and
a standalone 4DP-QA-Bench dataset for benchmarking.

4DP-QA. For training, we generate 400K QA pairs de-
rived from videos totaling 3.3M frames. We sample 32
frames per video segment and use 448 x 448 resolution. The
dataset contains diverse answer formats: multiple-choice,
Y/N, free-form, and point tracking trajectories. Objects are
referenced via visual prompts (circles [49]), pixel coordi-
nates, or captions. Tracking coordinates are normalized to
[0,1] and rounded to three decimals. To prevent shortcut
learning from autoregressive extrapolation, we randomize
the order of trajectory frames in outputs and include frame
indices in queries to specify which frames to track.

4DP-QA-Bench. For benchmarking, we generate 2.2K
QA pairs from 317K held-out test frames, covering cam-
era motion, object motion, and 3D spatial understanding.
Questions are formatted as either multiple-choice with four
options or binary Y/N. We evaluate model responses using
exact string matching following [65] and report accuracy as
the final metric. We provide additional QA quality and bias
analysis in the supplementary.

4.2. Training Details

We study two architectures: (1) standard VLMs (NVILA-
Lite-8B [39], Qwen2.5-VL-3B/7B [6]) to assess our dataset,
and (2) a4D VLM with an integrated geometry encoder [5]
for injecting pre-trained geometric features, inspired by re-
cent 3D VLMs [21].

Standard VLMs are trained with a batch size of 128 for
1 epoch, corresponding to 3.1K training iterations. For
NVILA-Lite-8B [42], we use a learning rate of 2 X 10~° and
AdamW optimizer with a cosine learning rate scheduler.
Qwen-VL [6, 64] variants are trained using the same hyper-
parameters, except with a lower learning rate of 1 x 1075,
We freeze the visual encoder during training. Training of
each model takes approximately 9 hours on 32 NVIDIA
A100 GPUs with 4-step gradient accumulation.

For our 4D VLM, we integrate L4P [5], a general-
purpose ViT-based geometry encoder pre-trained on vari-
ous low-level 4D perception tasks (such as depth and op-
tical flow estimation, and 2D/3D tracking), to inject geo-
metric features directly into the VLM backbone (NVILA-
Lite-8B). We extend L4P by incorporating the true-motion
point tracking task. L4P features are projected via an MLP
and interleaved with visual tokens from the image encoder.



Table 2. Quantitative comparison of VLMs on our 4DP-QA-Bench. We report the accuracy (%) for each task. Alongside comparisons
with off-the-shelf VLMs, we also present the performance improvements obtained by training the baseline models on 4DP-QA. Please

refer to Section 3.3 for detailed descriptions of each column.

Camera Motion Object Motion 3D Spatial Understanding
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Random 43.7 39.2 41.5 50.0 25.0 50.0 32.0 31.7 28.5 50.0 50.0 50.0 50.0 50.0 40.8
Proprietary VLMs
GTP-4o [28] 53.3 51.0 52.1 51.3 40.5 18.2 44.3 323 41.7 67.1 67.8 64.2 58.2 65.2 53.8
Gemini-2.5-pro [18] 58.4 67.5 63.2 53.1 46.1 455 55.7 56.9 50.8 82.6 83.1 81.8 80.6 82.2 66.8
Gemini-2.5-flash [18] 49.6 54.0 51.6 55.8 37.1 18.2 57.1 50.8 46.8 78.8 82.5 80.4 74.6 79.3 60.5
Gemini-robotics [51] 52.8 51.6 524 54.0 414 36.4 59.3 51.5 48.8 83.2 86.9 824 75.4 82.6 62.5
Open-source VLMs
Qwen2-VL-7B [6] 48.2 38.8 43.8 23.0 353 09.1 35.0 19.2 31.1 56.5 59.6 52.7 522 55.8 442
Qwen3-VL-8B [64] 54.5 42.1 48.7 50.4 323 27.3 43.6 33.8 39.6 54.7 53.0 46.6 51.5 523 473
Qwen2.5-VL-32B [6] 52.8 52.8 529 40.7 44.0 27.3 40.0 38.5 429 63.2 69.4 55.4 522 61.4 529
Qwen3-VL-32B [64] 60.6 53.7 58.2 62.8 435 36.4 33.6 38.5 46.9 53.2 50.3 52.0 50.0 51.8 52.1
LLAVA-OneVision-7B [34] 47.7 49.6 48.7 34.5 38.8 18.2 33.6 28.5 36.0 54.1 59.6 44.6 50.0 529 46.3
LLAVA-OneVision-1.5-8B [3]  46.2 334 40.2 38.9 40.1 36.4 35.0 323 39.1 60.0 65.6 51.4 59.7 59.6 46.5
NVILA-Video-8B [42] 453 24.2 36.8 26.5 40.5 09.1 429 30.0 35.6 52.6 52.5 56.1 50.7 529 422
Baseline vs. Trained on 4DP-QA (Ours)
Qwen2.5-VL-3B [6] 50.4 41.5 47.1 33.6 39.2 27.3 40.0 29.2 36.9 58.5 56.3 49.3 47.0 54.4 46.7
Qwen2.5-VL-3B + 4DP-QA 81.0 81.5 81.3 72.6 71.6 90.9 78.6 73.1 73.9 88.8 85.2 91.9 78.4 86.8 81.3
Qwen2.5-VL-7B [6] 45.0 30.7 39.5 54.9 435 27.3 40.0 36.9 45.1 60.3 59.6 48.0 50.0 56.1 46.6
Qwen2.5-VL-7B + 4DP-QA 83.7 85.7 84.4 75.2 81.0 72.7 79.3 79.2 79.6 90.0 84.7 91.9 83.6 88.1 84.3
NVILA-Lite-8B [42] 50.1 34.0 42.4 16.8 30.2 18.2 28.6 20.8 26.0 55.6 54.1 58.1 53.7 55.4 423
NVILA-Lite-8B + 4DP-QA 82.0 85.1 83.5 76.1 86.6 63.6 76.4 76.9 81.6 90.3 86.3 93.9 81.3 88.6 84.4

Training follows a two-stage procedure, with visual and ge-
ometry encoders frozen throughout. In the first stage, all
model components are frozen except the MLP projector for
the geometry encoder, which is trained for 1.5K iterations
on 200K randomly sampled QA pairs from the training set.
This stage aligns pre-trained L4P features with the LLM
input space. In the second stage, we unfreeze the LLM
and both MLP projectors (for the visual and geometry en-
coders), and continue training for 3.1K iterations on the full
training set in the same manner as standard VLM training.

5. Experiments

We train baseline VLM models on our dataset (4DP-QA) as
described in Section 4.2 and evaluate them on our bench-
mark (4DP-QA-Bench). To test generalization from train-
ing on our dataset, we further evaluate on VLM4D [71], a
4D reasoning benchmark. Finally, we conduct ablations to
analyze the importance of the point tracking tasks and the
integration of a geometry encoder into the VLM.

5.1. Results on 4DP-QA-Bench

Table 2 summarizes model performance on 4DP-QA-Bench
across different question categories. We evaluate both pro-
prietary models (GPT-40 [28], Gemini-2.5-Pro/Flash [18],
Gemini-Robotics [51]) and open-source models (Qwen-
VL [6, 64], LLaVA-OneVision [3, 34], NVILA [42]). We

Table 3. Evaluation on VLM4D [71] Benchmark. We evaluate
how training on our 4DP-QA dataset improves generalization to
the VLM4D benchmark.

Model Real Synthetic Overall
Proprietary VLMs

Gemini-2.5-Pro [18] 62.7 62.9 62.8
Gemini-2.5-Flash [18] 514 50.3 51.1
Gemini-robotics [51] 61.9 51.5 59.3
Open-source VLMs

Qwen2-VL-7B [6] 45.0 454 45.1
Qwen3-VL-8B [64] 50.6 53.9 514
Qwen2.5-VL-32B [6] 51.5 65.6 55.0
Qwen3-VL-32B [64] 57.0 56.0 56.8
LLAVA-OneVision-7B [34] 46.0 333 429
LLAVA-OneVision-1.5-8B [3] 48.1 38.9 459
NVILA-Video-8B [42] 324 55.1 38.0
Baseline vs. Trained on 4DP-QA (Ours)

Qwen2.5-VL-3B [6] 48.2 353 45.0
Qwen2.5-VL-3B + 4DP-QA 55.0 56.9 55.5
Qwen2.5-VL-7B [6] 52.9 50.6 52.3
Qwen2.5-VL-7B + 4DP-QA 60.6 73.0 63.6
NVILA-Lite-8B [42] 43.2 414 42.8
NVILA-Lite-8B + 4DP-QA 56.4 73.3 60.5

also compare VLM baselines fine-tuned on 4DP-QA.

Performance of off-the-shelf VLMs on our benchmark.
Open-source VLMs that are strong on standard semantic
benchmarks on average perform only slightly better than
random guessing on 4DP-QA-Bench: most 7B—8B mod-



Table 4. Ablation study on dataset composition. We ablate the effect of adding tracking tasks to Std-4DP-QA by evaluating the resulting
models on both our 4DP-QA-Bench and the external VLM4D dataset [71]. See Section 3.3 for description of each question type.

Camera Motion Object Motion 3D Spatial Understanding VLM4D
on 0 o 2
S s & & g B
3 s £ . 5 % . & & 8 H _
E £ % ¥ ¢ § : £ % & £ z z % = f %
< < & 3 B &0 =} o & o3 o = = & i 2 =
8} o} Pt 2 a < = =} p A o = = g 5 = g g
Method £ & &2 = & © € & z ® & = £ 2 & |& & =z
D  Qwen2.5-VL-3B [6] 504 415 47.1 336 392 273 400 292 369 585 563 493 470 544 467 | 482 353 450
(I (I) + Std-4DP-QA 796 863 8.0 761 780 818 77.1 808 782 89.7 842 926 836 880 831 | 544 476 527
(III) ) + True Motion Track (TM) 81.0 81.5 813 726 71.6 909 786 731 739 888 852 919 784 868 813 550 569 555
(IV)  (II) + Point Track (PT) 81.0 827 83 726 703 727 793 8.0 739 8.5 88 932 799 873 8.0 | 517 569 530
(V) dD+PT+TM 83.0 845 88 717 733 727 793 808 754 879 8.8 926 799 870 824 | 523 519 522
D  Qwen2.5-VL-7B [6] 450 307 395 549 435 273 400 369 451 603 596 480 500 56.1 46.6 | 529 506 523
(I1)  (I) + Std-4DP-QA 830 869 8.6 743 8.8 727 800 854 823 8.2 842 932 858 878 851 | 605 663 619
(III) () + True Motion Track (TM) 83.7 857 844 752 81.0 727 793 792 796 90.0 847 919 836 88.1 84.3 60.6 730 63.6
(IV)  (ID) + Point Track (PT) 837 830 89 752 810 818 807 769 794 894 863 939 843 887 839 | 596 692 620
(V) dD+PT+TM 854 857 8.5 726 810 636 743 8.1 787 91.8 831 926 821 883 845 | 578 737 617
(I)  NVILA-Lite-8B [42] 50.1 340 424 16.8  30.2 182 286 208 260 556 541 58.1 537 554 423 | 432 414 428
(I () + Std-4DP-QA 842 851 8.0 779 8.2 727 779 831 841 924 869 939 836 899 859 | 549 564 553
(III)  (II) + True Motion Track (TM)  82.0 851 835 76.1 866 63.6 764 769 816 903 863 939 813 886 844 | 564 733 605
(IV) () + Point Track (PT) 803 854 828 796 85 636 750 80.0 814 915 847 946 858 89.6 845 544 636 567
(V) dD+PT+TM 827 881 8.1 735 8.8 545 771 815 824 912 852 932 828 888 854 | 554 663 58.1
(VD)  (III) + Geometry Enc. [5] 883 913 879 788 8.8 81.8 879 85 8.5 909 86.9 919 784 88.1 87.7 | 51.8 854 60.0

els lie in the low-to-mid 40% range, compared to a 40.8%
random baseline. Interestingly, in several categories, the
baseline models are consistently biased toward wrong an-
swers across samples, resulting in a performance worse than
the random baseline. For example, Qwen2.5-VL-7B at-
tains only 30.7% on camera-object questions and 27.3%
on agent-motion questions, and NVILA-Lite-8B achieves
16.8% on object-rotation and 20.8% on object-object dis-
tance, all far below the random baselines for the correspond-
ing categories. This behavior is also evident qualitatively:
Figure 1 shows cases where the baseline model systemat-
ically mispredicted simple attributes such as whether the
camera is moving or whether the distance to an object is
increasing or decreasing. These results indicate that cur-
rent open-source VLMs have limited capabilities for under-
standing 3D structure or object dynamics in the environ-
ment. On the other hand, some proprietary models perform
noticeably better: Gemini-2.5-Pro reaches 66.8% overall,
substantially outperforming all open-source baselines.

Training on 4DP-QA yields consistent gains. Fine-
tuning on 4DP-QA dramatically improves performance for
multiple VLM baselines. Qwen2.5-VL-3B improves from
46.7% to 81.3% overall (+34.6 points), Qwen2.5-VL-7B
from 46.6% to 84.3% (+37.7), and NVILA-Lite-8B from
42.3% to 84.4% (+42.1). The gains are consistent across
all categories: camera-motion averages rise from the low
40%s to above 80%, object-motion averages from 20—
40%s to 70-80%s, and 3D spatial understanding averages
from ~ 55% to above 86%. Among all evaluated mod-
els, NVILA-Lite-8B+4DP-QA achieves the highest overall
score (84.4%). All three fine-tuned models perform better
than the strongest proprietary baseline (Gemini-2.5-Pro) by
about 1418 points in overall accuracy. These results show

that 4DP-QA is effective at teaching standard VLM archi-
tectures to perform fine-grained 4D perception.

5.2. Results on VLM4D Benchmark

To assess how well training on our dataset generalizes, we
further evaluate on VLM4D [71], a 4D reasoning bench-
mark. The benchmark consists of two splits: a real split,
containing egocentric [25], YouTube [62], and DAVIS [45]
videos; and a synthetic split with samples generated by a
video generative model [1]. VLM4D covers QA pairs that
emphasize translational and rotational motion, perspective
awareness, and motion continuity.

We train NVILA-Lite-8B, Qwen2.5-VL-7B, and
Qwen2.5-VL-3B on our dataset and evaluate their per-
formance on VLM4D, along with the other models from
our benchmark. All models are evaluated using exact
string matching, following [65], to handle minor answer
variations, and final scores are reported as accuracy.

Table 3 shows that before training on our dataset,
Gemini-2.5-Pro leads with 62.8% accuracy overall,
while Qwen3-VL-32B is the best open-source model at
56.8%. Fine-tuning NVILA-Lite-8B, Qwen2.5-VL-7B, and
Qwen2.5-VL-3B on our dataset yields gains on both real
and synthetic splits: NVILA-Lite-8B jumps from 42.8%
to 60.5%, Qwen2.5-VL-7B from 52.3% to 63.6%, and
Qwen2.5-VL-3B from 45.0% to 55.5%. After fine-tuning,
Qwen2.5-VL-7B outperforms all models overall. Notably,
the smaller Qwen2.5-VL-3B model now surpasses the off-
the-shelf Qwen2.5-VL-7B and achieves performance on par
with the larger 32B models Qwen3-VL-32B and Qwen2.5-
VL-32B. These results highlight the effectiveness of our
dataset for improving 4D understanding. We show addi-
tional benchmark results in the supplementary.



5.3. Ablation Study

We conduct ablations to understand the impact of tracking
tasks and geometry features on VLM performance.

True-motion tracking helps 4D reasoning. To better un-
derstand the impact of visual point tracking and our newly
introduced true-motion point tracking tasks on VLM per-
formance, we conduct a series of ablation studies exploring
four distinct training settings. Specifically, we begin with
a baseline model trained solely on standard QA questions,
which cover camera motion, object motion, and 3D spatial
reasoning (Std-4DP-QA in Table 4). We then systematically
augment this dataset by: (1) adding visual point tracking
(PT) questions only, (2) adding true-motion point tracking
(TM) questions only, and (3) adding both PT and TM ques-
tions to the training mix. For each of these four settings,
models are trained using the same procedures described in
Section 4.2, and the overall number of training samples
remains constant. Specifically, when introducing tracking
questions, we replace 20% of the standard QA samples with
tracking-related questions; if both PT and TM questions are
included, each type constitutes 10% of the dataset. We set
this to 20%, as higher values hurt standard QA performance.
We train NVILA-Lite-8B, Qwen2.5-VL-7B, and Qwen2.5-
VL-3B on each of these four dataset combinations and eval-
uate their performance on both our benchmark (4DP-QA-
Bench) and VLM4D. Overall, our experiments show that
adding tracking tasks enables models to maintain almost
all of their performance on standard QA questions in our
benchmark, with only a slight decrease, while improving
results on the VLM4D benchmark. On average across all
baselines, the best results on VLM4D are achieved when
we use only the true-motion point tracking task (Row III for
each baseline). Given that VLMA4D is specifically designed
to benchmark 4D understanding under camera movement,
the observed boost in performance from training on the true-
motion tracking task validates the crucial role of this newly
introduced task for 4D understanding in VLMs.

Using geometry features improves performance. For
the NVILA-Lite-8B model, we additionally train a
geometry-augmented variant by adding L4P [5] geometry
features to the model, using the same dataset mixture as
the model with true-motion point tracking ((IIT)). We ob-
serve a noticeable improvement on 4DP-QA-Bench and the
VLM4D synthetic split, achieving 85.4% on the VLM4D
synthetic split. This highlights the importance of geome-
try features for 4D understanding in VLMs. However, re-
sults on the VLM4D real split show a degradation in perfor-
mance. We hypothesize that this performance drop is due
to the length of the real videos in VLM4D; using a uniform
32-frame sampling does not provide a high enough frame
rate for the L4P encoder, which was specifically trained on
densely sampled continuous videos.

Input True-motion Tracking Input True-motion Tracking
™ T §

Figure 4. Visualization of true motion track prediction. True-
motion tracking for dynamic scenes with camera motion (all but
bottom right). Estimated tracks disentangle camera motion and
summarize object motion as seen in the first frame.

5.4. True-Motion Tracking Visualization

Figure 4 presents qualitative results of true-motion tracking
in challenging real-world scenes from [45]. We show out-
puts from the NVILA-Lite-8B model trained on our dataset,
with the prompt: “Project the 3D trajectory of {object
name} onto the image plane of frame 0. ... ”. In each case,
the estimated true-motion tracks successfully capture ob-
ject motion relative to the first frame, providing an intuitive
output that effectively summarizes dynamic object behavior
despite the presence of camera movement.

6. Conclusion

We present a comprehensive framework to equip VLMs
with better 4D understanding. We implement a scalable
QA generation pipeline, and collect data from a variety
of sources to construct 4DP-QA, a large-scale 4D under-
standing dataset. We also introduce a new visual percep-
tion task, true-motion point tracking, to further encourage
fine-grained 4D understanding in the presence of entangled
object and camera motion. We demonstrate performance
gains from fine-tuning standard VLM architectures on our
dataset, and show improved generalization on VLMA4D, an
external 4D reasoning benchmark. Our ablation studies
confirm the effectiveness of including true-motion tracking
and further demonstrate that integrating geometric features
into the VLM leads to additional improvements.
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