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Beyond improving the baseline VLM models, we also in- ] S A
vestigate the effect of incorporating a geometry encoder g > 5
(LA4P [1]) into the VLM model. Figure 1 depicts the archi- e — 5 'm) —
. ) ho} [ 1
tecture of the VLM model augmented with L4P. The fea- o ‘O g _
tures extracted from L4P serve as 4D geometric inputs to % >l O L & ~ &
the VLM. Specifically, we take the output of the Video- &% i D: = i
MAE backbone in L4P with shape (T, Hyp, Wap,Cap) ] :DE
and project it into the LLM input space using an MLP pro- -
jector, following the design of the NVILA-Lite-8B projec- () 2D Feature 4D Feature

tor [12]. The projected features are then tokenized and
flattened into a per-frame sequence of tokens with shape
(T, Lap,Crrar), where Cpp g is the LLM embedding di-
mension. For each frame ¢, we concatenate these L4P 4D
tokens with the corresponding SigLIP [19] visual tokens
from NVILA along the token dimension, and finally build
the full input sequence by stacking these per-frame token
blocks in temporal order (t=0,1,...,7—1).

*Work done during internship at NVIDIA.

Figure 1. Architecture of the VLM model enhanced with L4P.
We use the features extracted from L4P [1] as 4D geometry inputs
to the MLLM [12]. The features from L4P are projected into the
LLM input space and then used as input to the LLM along with
visual tokens from SigLIP [19].



1.2. Training L4P for True-Motion Point Tracking

We describe how to train L4P to directly estimate true-
motion point tracks without explicitly predicting depth or
camera poses. The L4P model comprises a video encoder
and task-specific decoders for both dense tasks (such as
depth, optical flow, camera pose, and dynamic segmenta-
tion) and sparse tasks (including 2D and 3D visual point
tracking). To enable 2D true-motion point tracking, we
modify the sparse tracking head, which was originally de-
signed for 2D visual point tracking.

The sparse tracking head in L4P uses the prompt en-
coding and mask decoding mechanism of Segment Any-
thing [11]. It introduces special input and output tokens
that interact with the video encoder’s output to estimate the
2D locations of points and their visibility. For a given input
query pixel p[tq] = (¢4, %4, Yq), the system embeds it using
3D positional encoding alongside a learnable embedding to
produce an input point token. In the case of 2D visual point
tracking (P,p in Equation 1 in the main paper), L4P uti-
lizes two output tokens with learnable embeddings: one for
the 2D track position and another for track visibility. These
input and output tokens interact with each other and with
the output of the video encoder through a two-way atten-
tion mechanism, allowing the model to decode the video
features and generate the 2D visual point track Psp.

To extend L4P for true-motion point tracking (Msp in
Equation 2 in the main paper) for the input query pixel
p(ty], we simply introduce two additional output tokens
with learnable embeddings—one for the position of the 2D
true-motion point track, and one for its visibility. We use
the same two-way attention mechanism to simultaneously
generate both the 2D visual point track and the 2D true-
motion point track. Ground-truth annotations for the true-
motion point track are generated by projecting the GT 3D
trajectory onto the camera view at time t,. The losses for
the 2D true-motion point track mirror those used for the vi-
sual point track: an L1 loss for position and a binary cross-
entropy loss for visibility. Training follows the same data
and procedures as the original L4P model.

By adding true-motion to the L4P training and then in-
corporating it with the VLM, we saw an average increase
from 85.3% to 87.7% on our benchmark and 59.5% to
60.0% on VLM4D. Figure 2 presents L4P results for both
visual and true-motion point tracking on in-the-wild videos
that involve complex camera and object movements. For
each video, we select multiple 2D query points in the cho-
sen frame and generate the corresponding visual and true-
motion point tracks. These results demonstrate that true-
motion point tracking offers an intuitive and interpretable
motion representation. Moreover, these results indicate that,
although true-motion point tracking requires the model to
implicitly reason about depth and camera poses, it is pos-
sible to learn this task directly—without explicit depth and

Input Visual Point Tracking

True-Motion Point Tracking

Figure 2. Visual vs. True-motion Point Tracking using L4P.
In the first row, true-motion point tracks correctly identify that the
cart remains stationary while the person moves toward it. In the
second row, true-motion point tracks for the train are better aligned
with the railway track. Across other examples, true-motion point
tracks provide a more accurate and interpretable representation of
object movement as compared to the visual point tracks.

pose computation or explicit geometric operations. This
suggests that VLM models may also be capable of learn-
ing such representations in a similar manner.

2. 4DP-QA Details

This section details the construction of 4DP-QA. We be-
gin with our common design principles in Section 2.1 and
pipeline details in Section 2.2. Section 2.3 describes the
question generation framework, including specific proto-
cols for camera motion (Section 2.3.1), object motion (Sec-
tion 2.3.2), and 3D spatial understanding (Section 2.3.3).
Point tracking questions are detailed in Section 2.3.4, fol-
lowed by more details on QA generation in Section 2.4.

2.1. Common Design Principles

The use of hysteresis thresholding. To generate reliable
ground truth annotations, we employ hysteresis threshold-
ing with two threshold levels for each motion type. For



translational motion, we define an upper threshold Ty hre

and a lower threshold 7i%¢". A motion is classified as pos-
itive if the displacement exceeds Ty, , negative if it falls
below 7% and undecided otherwise. Similarly, for rota-
tional motion we use angular thresholds 7,c;'- and 7.over
Importantly, we designed all question-answer pairs to ex-
clude undecided cases. Specifically, no questions ask about
motions that fall in the undecided range (i.e., between the
lower and upper thresholds), and undecided motion states
do not appear as distractors in multiple-choice questions.
This approach ensures high annotation quality by excluding

ambiguous cases.

Interval monotonicity constraint. For all motion-related
questions, we enforce a monotonicity constraint to ensure
that trajectories exhibit consistent directional change. Given
a trajectory {&;}1_, (representing translation along an axis
or rotation angle), we require that all intermediate values lie
between the endpoint values. Formally, let 3, = min; &,
and &nax = max; & denote the minimum and maximum
values. The trajectory is considered monotonic if either
51 ~ gmin and gT ~ gmax’ or 61 ~ gmax and gT ~ gmin~

To account for noise and minor fluctuations, we intro-
duce a tolerance margin § = v(&max —Emin)> Where y = 0.1
is the margin ratio. The approximation &; ~ ¢; is satisfied
if |& — &;| < 4. This constraint filters out trajectories with
severe non-monotonic behavior, ensuring that the ground
truth annotations correspond to clear, unambiguous motion
patterns. The monotonicity check is applied to all direc-
tional translation components, rotation angles, and distance
trajectories before generating questions.

Balanced sampling of static and dynamic objects. To
avoid dataset bias toward moving objects, we implement
balanced sampling when selecting object pairs. For ques-
tions involving two objects, we preferentially sample pairs
consisting of one moving and one static object. This en-
sures that models learn to reason about both dynamic and
static elements in the scene.

Gravity-aligned motion sensing. To ensure consistent
geometric reasoning across datasets with different coor-
dinate conventions, we identify the gravity axis for each
dataset and align motion analysis to this axis for camera and
object motion questions. We decompose translations and
rotations into gravity-aligned components. Let g € R3 de-
note the gravity direction vector (pointing upward). For any
3D motion vector v, we decompose it into vertical and hor-
izontal components: Vye = (V- g)g and Vi, = V — Ve
This enables intuitive motion descriptions such as “moving
forward” and “moving upward” that are invariant to camera
orientation.

2.2. Pipeline Details

2.2.1. Data Standardization

Component Description

RGB video frames with shape (7', H, W, 3) where T is the number of

frames.

Frames per second of the video sequence.

Camera intrinsic matrix K € R?*? (assumed shared across frames),

encoding focal lengths and principal point.

Camera extrinsic matrices T[] € R*** for each frame, representing

world-to-camera transformation.

Per-pixel depth measurements D[t] € R*W indicating distance from

the camera. Depth values are not necessarily valid for all pixels; the

maps may be sparse.

Depth Validity Masks ~ Binary masks B[t] € {0,1}7*W indicating reliable depth values,
where 1 indicates a valid depth value and 0 indicates an invalid depth
value.

Instance Segmentation ~ Per-pixel segmentation masks S[t] € Z*"W assigning each pixel to an

object instance

Semantic information for each tracked object, including its name and

category. If the category is missing or incomplete in the dataset, it can

be generated using an off-the-shelf VLM [17].

Object-to-world transformation matrices 0;[t] € R*** encoding rigid-

body pose for each tracked object ¢ in frame ¢.

Video Frames

Frame Rate
Camera Intrinsics

Camera Extrinsics

Depth Maps

Instance Metadata

Object Poses

Table 1. Standardized data format specification. We unify the
formats of datasets from various sources into a single standardized
format to streamline the pipeline.

We standardize all datasets from various sources into a
unified format to streamline the generation pipeline, as sum-
marized in Table 1. Particular care is taken to unify the coor-
dinate conventions, since different datasets adopt different
standards. We adopt the OpenCV coordinate convention:
in image space, the x-axis points to the right and the y-axis
points downward, while in the camera coordinate system,
the z-axis points forward. For depth, we convert all data to
planar depth when a dataset provides only radial depth. We
also observe that each dataset aligns gravity with one of the
coordinate axes, but the specific axis differs across datasets.
We identify the gravity axis for each dataset and incorpo-
rate this information during dataset generation to maintain
consistent geometric reasoning.

Some datasets contain incomplete annotations for certain
data types we require. For example, HOT3D [3] provides
depth only for the hands and objects, leaving other regions
invalid. In such cases, we avoid generating questions that
reference regions where depth is unavailable.

Several datasets also provide incomplete or missing in-
stance names. To address this, we use the Qwen3-VL-32B-
Instruct [17] model to annotate object descriptions. Specif-
ically, for each object, we draw a red bounding box on the
frame where the entire object is visible and appears largest
in the image, and we prompt the VLM to identify the ob-
ject’s name. The exact prompt used for this annotation pro-
cess is as follows:



Give a short description of the object inside the red
bounding box. Keep it concise and to the point. If appli-
cable specify the object category, its attributes like colors.
Describe in a way that is easy to distinguish from other
objects in the image. Do not include the description of the
surrounding of the object. Use less than 8 words.

In cases where the dataset contains noisy or unreli-
able metadata for certain objects, we append an additional
prompt to guide the model. This prompt provides the exist-
ing metadata as a hint but instructs the model to use it only
if it is helpful for producing an accurate visual description.

I also have some metadata that may or may not be cor-
rect. For the object inside the red box the current meta-
data is {metadata}. Only use this metadata if it helps
with visual description, otherwise ignore it.

2.2.2. Asset Sampling

We employ a two-stage approach for sampling valid
question-answer pairs.

Stage 1: Interesting segment identification. We iden-
tify interesting segments where significant motion occurs
to focus on informative video portions. First, we calculate
the maximum spatial occupancy of each object across the
video using pooled segmentation masks. Objects exceeding
a specific area ratio threshold (default 0.1%) are classified
as large objects. We then filter this set to include only ob-
jects that are moving, based on their 3D displacement. A
contiguous sequence of frames is marked as an interesting
segment if it contains at least one large, moving object in
every frame for a minimum duration.

Stage 2: Snippet sampling within segments. For each
sampled interesting segment, we select a sub-sequence
(snippet) of frames. If the segment length is shorter than the
target snippet length, we pad the selection by extending the
start and end indices into the surrounding video to meet the
required length. Otherwise, we sample a sub-segment with
a randomized temporal span within the interesting segment
boundaries. We then generate evenly spaced frame indices
between the selected start and end frames. If the number
of sampled frames exceeds the target input size (typically
32), we uniformly subsample the sequence. Finally, to in-
crease data diversity, we apply temporal reversal augmen-
tation with a probability of 0.5, flipping the chronological
order of the frames.

2.2.3. Object Reference System

To refer to objects and points in video frames, we imple-
ment a flexible reference system that supports visual mark-

ers, coordinate-based specifications, and natural language
names. This system enables clear, unambiguous references
while maintaining diversity in question phrasing.

(1) Color-coded circular markers. Objects are refer-
enced using colored circles drawn around their segmenta-
tion masks. For a given object with track ID i in frame f;,
we compute its bounding box from the segmentation mask
S[f:] and draw an ellipse with center cop at the box center
and axes determined by the box dimensions. We follow the
format of the circle described in [15]. The circle is drawn
with thickness 7yicx = 0.01- H where H is the image height.
We use a fixed color palette that cycles through six colors:
{red, green, blue, yellow, purple, orange}. Example refer-
ences include “the red circle in frame 2” or “the object at
the blue circle (frame 3).” For visual examples, please refer
to the dataset visualizer described in Section 4.4.

To clearly indicate an object using a circular marker, we
select the most suitable frame within the snippet based on
two criteria. First, we check which frames show the entire
object inside the image, without any part cut off at the image
edges. Second, among those frames, we pick the one where
the object covers the largest area in its segmentation mask.
If no frame shows the object fully inside the image, we in-
stead choose the frame where the object’s visible area is
largest, even if it is partly outside the image. This approach
ensures the object is both visible and clearly highlighted by
the marker.

(2) Point markers with color. For point-based queries,
following [15], we draw a circular marker at the specified
pixel location (z, y) with radius r = 0.06 - H and thickness
Twnick, and add a filled dot of radius Tick at the center. The
point is then referenced as “the red point at (0.451, 0.328)
in frame 0 or simply “the green point (frame 1).”

(3) Coordinate-based references. Points can also be ref-
erenced purely by their normalized coordinates without vi-
sual markers: “the point at (0.451, 0.328)” or “point (0.451,
0.328) in frame 3.” Coordinates are normalized to [0, 1] x
[0, 1] where (0, 0) is the top-left corner. For our benchmark
evaluation, however, we do not include questions that in-
volve these absolute coordinates, as coordinate conventions
(e.g., origin and normalization) may differ across different
VLMs.

(4) Natural language name. Objects can be referenced
directly by their semantic class name or description if avail-
able in the dataset metadata or generated by a VLM. Exam-
ple references include “the white sedan” or “the person in
the red shirt.”

2.3. Question Generation Pipeline

The generation of each question-answer pair follows a
structured pipeline that ensures diversity, balance, and an-
notation quality.



Question type and snippet selection. For each annota-
tion, we first sample a question type from the available set
(e.g., camera motion, object rotation, depth comparison) ac-
cording to configured sampling weights. We then sample a
snippet within a video F = {f1,..., fr} as described in
the asset sampling section.

Template-based question generation. Each question
type maintains a set of question templates and choice tem-
plates. For example, the camera motion question type has
templates such as “Which of the following best describes
the camera’s movement?” and “Considering the entire clip,
which of the following describes the camera’s primary mo-
tion?” During generation, we randomly select a template
and populate it with the analysis results (e.g., detected mo-
tions, object references). This template-based approach en-
sures linguistic diversity while maintaining semantic con-
sistency.

Below, we detail each question-generation pipeline, be-
ginning with the definition of notations, followed by camera
motion QAsS, object motion QAs, and finally, 3D spatial un-
derstanding QAs.

Notations. Throughout this section, we use the follow-
ing notations aligned with Table 1: 7' denotes the num-
ber of frames in a snippet, indexed by t € {1,...,T}.
Camera intrinsics are denoted K € R3*3 (shared across
frames), and camera extrinsics at frame ¢ are T[t] € R**%.
The camera position in world coordinates is computed as
Pem(t) = —R[t]Tt[t], where T[t] = [R[t]|t[t]]. For ob-
ject i, we denote its pose at frame ¢ as 0;[t] € R*** and its
center in world coordinates as c;(t) = 0;[t].3.3. The gravity
direction is g € R3 with ||g|| = 1.

2.3.1. Camera Motion QAs

(1) Camera movement. We analyze camera motion by
decomposing it into gravity-aligned translation and rotation
components. For a snippet with frames F = {f1,..., fr},
we compute the camera trajectory {peum(fi)}i; in world
coordinates. We project this trajectory onto three axes: (1)
the forward direction dy,g4, obtained by projecting the initial
camera’s forward vector onto the ground plane; (2) the right
direction dyign; = dfwg X g; and (3) the vertical direction g.
The camera translation is then determined from the signed
displacements along these three projected trajectories.

For rotation analysis, we compute gravity-aligned Euler
angles. Let R[t] denote the camera rotation matrix at frame
t (extracted from T[t]). We define: (1) pitch as the angle
between the camera’s forward vector and a plane perpen-
dicular to the gravity axis, (2) yaw as the rotation around
the gravity axis, measured relative to an arbitrary horizontal
direction that remains fixed throughout the snippet, and (3)
roll as the rotation around the camera’s viewing axis. All
angles are computed relative to the first frame. Motion is

classified using hysteresis thresholding: |A| > 7"PP" indi-
cates motion in one direction, |A| < rlower jndicates no mo-
tion, and intermediate values are discarded as undecided.

Example Question Template: Camera Move-

ment

Question: Which of the following best describes the cam-
era’s movement?

Choices:

¢ The camera is moving forward and panning right
* The camera is moving backward and tilting down
¢ The camera is stationary

(2) Camera-object distance change. For camera-object
proximity analysis, we track the distance between the cam-
era and an object’s center over time. Let d;(t) = ||c;(¢) —
Peam (t)]| denote the distance at frame ¢. We require the dis-
tance trajectory {d;(f;)}7Z_, to be monotonic. The change
is classified based on Ad = d;(fr) — d;(f1) and relative
change p = Ad/ max(d;(f1),d;(fr)). The objects are get-
ting closer if Ad < —7ghhe and p < —7,07""; moving apart
if Ad > 7yone" and p > 707" and maintaining distance if
|Ad] < riover,

Additionally, we analyze the relative movement direc-
tion between camera and object on the ground plane. Let
Veam = pcam(fT) - pcam(fl) and Vobj = Ci(fT) _Ci(fl) be
the displacement vectors, projected onto the ground plane.
We compute the alignment & = cos™* (Veam - Vobj). The
directions are classified as: along (same direction) if o <
Talign» against (opposite) if o > 180 — Tyjign, and perpendic-
ular if |oo — 90| < Tperp-

Example Question Template: Camera-Object

Distance

Question: Describe the change in proximity between the
camera and the red cup (frame 5) throughout the clip.

Choices:

¢ The camera and the red cup got closer

* The camera and the red cup moved further apart

» The distance between them stayed roughly the same

2.3.2. Object Motion QAs

(3) Rotation. We analyze object rotation from a top-down
perspective by tracking yaw changes around the gravity
axis. For object i, we extract rotation matrices {R;[f:]} 7L,
from its pose 0;[f:]. To measure yaw, we project the ob-
ject’s local x-axis onto the ground plane at each frame,
obtaining x;-(t) = x;(t) — (x;(t) - g)g, where x;(t) =
R;[f:]e1. We measure angles against a fixed horizontal ref-
erence frame and unwrap the angle trajectory {6;(f)}72_,
to handle +180 discontinuities. The yaw change Af =



0:(fr) — 0:(f1) is classified as clockwise if A < —7, 57,
counter-clockwise if A > 7, &P, and no rotation if |Af] <
rlower We verify that pitch and roll changes remain below

rot
7, to ensure valid top-down analysis.

Example Question Template: Object Rotation

Question: From a top-down perspective, which of the
following best describes the rotation of the blue toy car
(frame 3)?

Choices:

* The blue toy car is rotating clockwise

* The blue toy car is rotating counter-clockwise
¢ The blue toy car is not rotating

(4) Direction. For directional motion analysis, we decom-
pose object translation in a stable reference frame defined
by the initial camera view. Let v; = ¢;(fr) — ¢;(f1) be the
object’s displacement vector. We project it onto three axes:
(1) camera-aligned horizontal right gy, (2) gravity direc-
tion g, and (3) camera-aligned horizontal forward dy4. For
each axis, we compute the projected trajectory and ver-
ify monotonicity. Motion is classified independently for
each direction using thresholds that adapt to object depth:
7,0 = max(Tugns © 2, Taepthrel * di(f1)), Where di(f1) is
the initial depth. This accounts for the fact that objects far-
ther from the camera require larger absolute displacements
to be perceived as moving. Questions can ask about single-
direction motion or combined motion (e.g., “moving for-
ward and to the right”). We also generate counting ques-
tions asking how many objects exhibit a specific directional
motion.

Example Question Template: Directional Mo-

tion

Question: From the camera’s initial perspective (where
‘forward/backward’ are relative to the camera’s forward
viewing direction), which option best describes the move-
ment of the yellow block (frame 2)?

Choices:

* The yellow block is moving forward and up

» The yellow block is moving backward and left
 The yellow block is stationary

(5) Agent motion. For agent motion (e.g., a person or
car), we combine perspective-based translation with ego-
centric rotation analysis. First, we determine if the agent
is moving forward or backward from its own perspective
by comparing its velocity vector v; with its forward direc-
tion f;(f1) = R;[f1]e1, both projected onto the ground
plane. Let o = cos™!(¥; - f'i) be the angle between them.

The agent is moving forwards if o < ngﬁggf, backwards if

a > 180 — 7over, and neither if TN < a < TpdRp or
180 — Tporp < @ < 180 — r;ggf;.

Second, we analyze turning direction using the yaw tra-
jectory as described in rotation analysis. However, if the
agent is moving backward, we flip the turn direction (left
<> right) to maintain consistency with the agent’s egocen-
tric perspective. Both translation and rotation trajectories

must be monotonic for valid classification.

Example Question Template: Agent Motion

Question: How'’s the agent’s motion? Is it moving for-
wards, backwards, or turning left or right?

Choices:

* The person is moving forwards and turning left

* The person is moving backwards

» The person is not moving forwards or backwards

(6) Moved distance. To compare movement distances be-
tween objects, we compute the 3D displacement for each
object: A; = |lc;(fr) — ci(f1)||. For a pair of objects
(i,7), we classify their relative movement as: object 4
moved further if A; > Aj + Teomp; object j moved fur-
ther if A; > A; + Tcomp; or neither moved significantly if
A; < Tiower and A; < 7%, The comparison threshold
Teomp = D - Ty ensures clear distinction between move-
ments.

Example Question Template: Moved Distance

Question: Which object moved a greater distance, the
red ball (frame 1) or the green cube (frame 2)?

Choices:

¢ The red ball moved further

* The green cube moved further

* Neither object moved significantly

(7) Object-object distance change. For analyzing dis-
tance changes between two objects, we compute the inter-
object distance trajectory {d;;(fi)}7—,, where d;;(t) =
llci(t) — c;(t)]]. We require valid 3D positions for both
objects in at least 80% of overlapping frames and mono-
tonicity of the distance trajectory. The change is classified
based on Ad;; = d;;( fr)—d;;( f1) with adaptive threshold-
ing: 7,77 = max(Tiygns -2, Taemnrer - MaX(di (1), dj(f1))),
where d;(f1) and d;(f1) are the distances of each object
from the camera at the first frame. Objects are getting closer
if Ady; < —7, 7%, moving apart if Ad;; > 7,7*", and stay-

ing at the same distance if |Ad; ;| < 7.o%".



Example Question Template:

Object-Object

Distance

Question: Which best describes the distance change be-
tween the white mug (frame 1) and the laptop (frame 3)
over the course of the video?

Choices:

* They are getting closer

* They are getting farther apart

» They are staying at a similar distance

2.3.3. 3D Spatial Understanding QAs

(8) Depth. For single-frame depth comparison, we select
two points p, and pp in frame f; with valid depth values
from D[ f;] and compute their distances to the camera: d, =
[Pa — Peam(f¢)|| and dp = ||Pt — Peam(f2)||- The question
asks which point (or object) is closer/farther to the camera.
For objects, we use their center positions ¢;(f;) and c;( f).
Points are selected to ensure meaningful depth difference:
max(da/dba db/da) > Tdepth-ratio> where Tdepth-ratio = 1.25.

Example Question Template: Depth Compari-

son

Question: In frame 0, which is closer to the camera: the
red point (A) or the blue point (B)?

Choices: A, B

reference frame f,. This tests the model’s ability to reason
about 3D positions across different viewpoints.

Example Question Template: Multi-View Depth

Question: In frame 2, which is closer to the camera: the
orange bottle (A) shown in frame 0 or the blue pen (B)
shown in frame 5?

Choices: A, B

(11) Multi-view object-object distance. For cross-frame
object-to-object distance comparison, we select three ob-
jects ¢, 7, k where object ¢ serves as reference and objects j
and k are presented in their best visible frames. All distance
measurements are computed at a common reference frame
fridiz = |lei(fr) —e;(fr)|l and dig; = [|lei(fr) — e (fr)]-
The question asks which of objects j or k is closer to refer-
ence object ¢ in frame f,., even though the objects are shown
in different frames.

Example Question Template: Multi-View Object

Distance

Question: In frame 1, which is closer to the white key-
board: the mouse (A) shown in frame 0 or the phone (B)
shown in frame 3?

Choices: A, B

(9) Object-object distance. For single-frame object-
object distance comparison, we select three objects 4, j,
and £ visible in frame f;. We compute distances d;; =
lei(fe) — c;(fi)ll and dir. = [lei(fi) — cx(f)]|, and ask
which of objects 7 or k is closer to object .. We ensure
meaningful distance difference with the same ratio thresh-
old.

Example Question Template:

Object-Object
Distance

Question: In frame 0, which point is closer to the green
cup: the yellow point (A) or the purple point (B)?

Choices: A, B

(10) Multi-view depth. For cross-frame depth compari-
son, we select two objects ¢ and j that appear in different
frames f, and f, respectively, and compare their depths rel-
ative to a reference frame f,.. Let peam(f-) be the reference
camera position. We compute d; = ||c;(fr) — Peam(fr)]]
and d; = ||c;(fr) — Peam(fr)||- The objects are annotated
with their best visible frames f, and f; (where they appear
largest), but the depth comparison is performed at the shared

2.3.4. Point Tracking QAs

Point tracking questions require generating temporally con-
sistent 3D trajectories and their 2D projections for query
points across frames. We first recover a unified 3D trajec-
tory {X[f:]} for each query point using our standardized
3D scene representation, and then obtain different 2D track
representations by projecting this trajectory into appropriate
camera views.

Given a query point p|f,] at reference frame f,, we gen-
erate its trajectory across all frames f;. The algorithm con-
sists of three main steps:

Step 1: 3D Initialization. We first unproject the query
point to 3D world coordinates. Let z, = D[f,](p[f,]) be
the depth at the query point. We compute the 3D point in
the camera coordinate system at frame f;:

Xeam[fq] = Zinl[p[fqh 1] ey

We then transform to world coordinates using the camera
extrinsics: X[f,] = T[fy] ™ [Xcam[f,]; 1]- This gives us the
3D position of the query point in the world coordinate sys-
tem at the query time.

Step 2: Motion Association. We determine whether the
point belongs to a moving object or the static scene by



querying the segmentation mask. Let i = S[f,](p[f,]) be
the instance ID at the query point. If the point belongs to the
background, it is part of the static environment and main-
tains the same world coordinates X[f;] = X[f,] across all
frames. Conversely, if the point belongs to a moving ob-
ject, we transform it to the object’s local coordinate system
at frame f,: Xioca = 0;[f4] " 1[X[f,]; 1]. This local repre-
sentation is invariant to the object’s motion. For each frame
ft, we then transform back to world coordinates using that
frame’s object pose: X[f:] = 0;[f+]Xiocar, Which correctly
handles object motion, rotation, and deformation.

Step 3: Projection and Visibility. For each frame f;, we
project the 3D world point to 2D image coordinates using
the projection operator II:

plfi] = (K, T[f:], X[fi]) 2

To determine visibility, we perform occlusion checking us-
ing depth comparison. We sample the observed depth
map at the projected location using bilinear interpolation:
2 = D[f¢](p|[f¢]). The point is classified as visible if three
conditions are satisfied: (1) the point projects within frame
bounds; (2) the point is in front of the camera; and (3) the
point is not occluded: |z; — Z;| < € - z;, where z; is the
depth of X[f;] in camera f;, and € = 0.1 is the visibility
threshold. Together, these steps yield a single 3D trajectory
{X[f:]} with per-frame visibility.

On top of this unified 3D trajectory, we define two com-
plementary track representations. Visual point tracking uses
the time-varying camera poses to show how the point ap-
pears in each observed frame (P»p), while true-motion
point tracking re-projects the trajectory into a fixed ref-
erence view to isolate object motion from camera motion
(Map).

(12) Visual point tracking. Visual point tracking asks the
model to predict P,p = {p|[f:]}. Given a query point p[f,],
we generate its full trajectory and create questions in two
formats: In the single-target format, the question asks for
the location of the point p[f;] in one specific target frame f;,
and the answer is either its 2D coordinates or an “occluded”
label. In the full-trajectory format, the question instead asks
for the entire sequence.

Example Question Template: Single-Target Vi-

sual Tracking

Question: Given the red point at (0.451, 0.328) in frame
0, where is this point in frame 5?

Example Answers:
* (0.804, 0.384)

* The point is occluded in frame 5.

Example Question Template: Full-Trajectory

Visual Tracking

Question: Given the red point at (0.451, 0.328) in frame
0, what is its trajectory across all frames?

Example Answer:
e Frame 0: (0.451, 0.328), Frame 1: occluded, Frame 2:
(0.486, 0.354), Frame 3: (0.522, 0.384)

(13) True-motion point tracking. True-motion point
tracking projects the 3D trajectory {X[f;]} onto a fixed
reference camera view at time f,, isolating object mo-
tion from camera motion. This corresponds to computing

Map = {my,[f:]}:
my, [fi] = TU(K, T[f,], X[f:]) 3)

This produces a trajectory that shows how the point moves
in a fixed camera reference frame. Questions follow the
same format as visual point tracking but explicitly state the
reference frame.

Example Question Template: True-Motion

Tracking

Question: What does the 3D trajectory of the blue point
at (0.386, 0.414) (frame 2) look like when projected to
frame 2?

Example Answer:
e Frame 0: (0.421, 0.454), Frame 1: (0.402, 0.436),
Frame 2: (0.386, 0.414), Frame 3: (0.359, 0.386)

2.4. Additional Answer Generation Details

2.4.1. Distractor Generation for Multiple-Choice Ques-
tions

For multiple-choice questions, we generate distractors (in-
correct choices) tailored to each question type:

(1) Motion questions: We generate distractors by creat-
ing plausible but incorrect combinations of motion states.
For example, if the correct answer is “moving forward and
up,” distractors might be “moving backward and up” or
“moving forward and down.” We use a two-tier prioritiza-
tion: mixed distractors (containing both correct and incor-
rect motion components) are preferred over fully false dis-
tractors (containing only incorrect components), as mixed
distractors are more challenging.

(2) Comparison questions: For depth and distance com-
parisons, distractors are simply the alternative choices (e.g.,
if A is closer, then B is the distractor).



Table 2. Additional benchmark results. We evaluate the performance of the models trained on 4DP-QA on additional benchmarks.

Methods BLINK [8] MMSI[18]

OmniSpatial [10]

SAT-Test [14] SAT-Val[14] VSTI[7] SPAR [20]

Qwen2.5-VL-3B
Qwen2.5-VL-3B + 4DP-QA

50.9
49.3
-1.6

26.6
26.9
+0.3

41.8
40.4
-1.4

64.0
68.7
+4.7

54.2
68.0
+13.8

413
39.1
2.2

34.0
37.7
+3.7

52.5
57.8
+5.3

24.2
26.2
+2.0

Qwen2.5-VL-7B
Qwen2.5-VL-7B + 4DP-QA

37.7
42.7
+5.0

46.7
74.0
+27.3

57.0
66.0
+9.0

25.9
42.6
+16.7

41.7
46.0
+4.3
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Figure 3. Dataset statistics of 4DP-QA-Bench. The dataset con-
tains an even distribution of the three question categories: camera
motion, object motion, and 3D spatial understanding.

2.4.2. Negative Question Augmentation

To improve robustness and test whether models can recog-
nize non-existent objects, we augment a fraction of ques-
tions with negative questions. With probability pye, = 0.1,
we replace one or more object references in the question
with fabricated descriptions (e.g., “the purple elephant”
when no such object exists). For multiple-choice questions,
the correct answer becomes a template like “There is no
such object in the video” or “The object does not exist.” For
positive questions (where the object exists), we occasion-
ally add “There is no such object” as a distractor with the
same probability pyes, ensuring the model learns to correctly
reject this choice when the object is present.

3. Dataset Statistics
3.1. Question Type Distribution

Figure 3 illustrates the distribution of question types in
4DP-QA-Bench. The dataset is balanced across the three

question types: camera motion, object motion, and 3D spa-
tial understanding.

3.2. Answer Format Distribution

Our training set consists of 400K QA pairs, approximately
20% of which use multiple-choice format with 2-4 options,
while the remaining 80% are open-ended questions requir-
ing coordinate outputs (point tracking) or per-frame clas-
sifications (detailed distance analysis). Negative questions
comprise approximately 10% of multiple-choice questions,
ensuring models learn to recognize non-existent objects.

4. Additional Results
4.1. Additional Benchmark Results

To further assess the generalization of 4DP-QA, we evalu-
ate a baseline VLM fine-tuned solely on 4DP-QA across a
diverse suite of established benchmarks (Table 2). Specifi-
cally, BLINK [8] evaluates a broad range of general visual
perceptual abilities. OmniSpatial [10] and MMSI [18] as-
sess comprehensive spatial reasoning across diverse ques-
tion types. SAT [14] and VSTI [7] cover both static and
dynamic spatial scene understanding in video. SPAR [20]
evaluates 3D spatial perception and reasoning from 2D in-
puts. Achieving strong performance across this broad set
of benchmarks generally benefits from training on dataset
mixtures combining task-specific data sources [2, 12, 17],
which we leave as future work. Nonetheless, we report re-
sults of fine-tuning exclusively on 4DP-QA to demonstrate
its generalization without any task-specific mixture train-
ing. We observe consistent performance improvements for
Qwen2.5-VL-7B across all benchmarks, demonstrating that
the low-level 4D understanding signals learned from 4DP-
QA transfer to a wide range of spatial and perceptual tasks.
Importantly, this generalizability is achieved without expo-
sure to any of these target benchmarks during fine-tuning.

4.2. QA-Pair Bias Analysis

To assess the quality of our QA pairs and investigate po-
tential template biases inherent to synthetically constructed
datasets, we evaluate a set of carefully designed baselines
on 4DP-QA-Bench. Results are summarized in Table 3.
Since our benchmark covers both multiple-choice and
yes/no question formats, the expected random-choice ac-



Table 3. QA-pair bias analysis on 4DP-QA-Bench. Blind base-
lines replace all video frames with fully blacked-out images. Per-
formance close to the random baseline (40.8%) confirms that lan-
guage priors alone cannot solve the task, while the large gain from
full visual input demonstrates that visual reasoning drives perfor-
mance.

Model Camera Motion Object Motion 3D Spatial Overall
Random 41.5 28.5 50.0 40.8
Gemini-2.5-Pro (blind) 37.7 44.7 40.1 40.0
NVILA-Lite-8B 424 26.0 55.4 423
NVILA-Lite-8B + 4DP-QA (blind) 55.5 45.1 63.6 55.1
NVILA-Lite-8B + 4DP-QA 83.5 81.6 88.6 84.4

Table 4. Quantitative results of tracking tasks. We evaluate the
performance of the model on the point tracking tasks, namely, vi-
sual point tracking (VPT) and true-motion point tracking (TMPT).
We use average Jaccard (AJ) score [6] to evaluate the performance
of the model on the tracking tasks.

Method Tracking Tusk
VPT TMPT
NVILA-Lite-8B + Std-4DP-QA + VPT 432 -

NVILA-Lite-8B + Std-4DP-QA + TMPT - 51.0
NVILA-Lite-8B + Std-4DP-QA + VPT + TMPT  44.1 48.8

curacy is 40.8%. To probe whether language priors or
template-level cues alone can be exploited without visual
information, we evaluate two blind baselines by replacing
all video frames with fully blacked-out images. First, the
proprietary Gemini-2.5-Pro achieves 40.0% accuracy under
blind inputs, closely matching the random baseline. This
indicates that language priors or template-level cues alone
are insufficient to solve our benchmark. Second, we train
Qwen2.5-VL-7B on blind input videos, allowing the model
to potentially exploit any dataset-specific distributional bi-
ases or shortcuts. This variant achieves 52.5% accuracy,
revealing a limited but measurable distributional bias. Such
bias likely arises from inherent tendencies present in the un-
derlying data sources used to construct our dataset.

In contrast, Qwen2.5-VL-7B with full visual input
reaches 85.1% accuracy, confirming that visual reasoning is
the primary driver of performance. While the model can ex-
ploit minor linguistic biases and correlations, as commonly
observed in VQA datasets [4], the substantial gain with vi-
sual input (+-32.6%) underscores that language priors alone
cannot solve the task.

4.3. Quantitative Results of Tracking Tasks

In this experiment, we extract 200 tracking instances, with
100 cases of visual point tracking (VPT) and 100 cases
of true-motion point tracking (TMPT). We then evaluate
model performance on these tracking tasks using the av-
erage Jaccard (AJ) score [6], which measures both the ac-
curacy of the predicted point locations and the occlusion

predictions. The results are shown in Table 4.

4.4. Visualization of the 4DP-QA-Bench

We include an interactive 4DP-QA-Bench visualizer in the
supplementary material to facilitate a better understanding
of the question and answer distribution. This tool displays
QA pairs from each dataset: ADT [13], HOT3D [3], Virtual
KITTI2 [5], Kubric [9], and SHIFT [16]. Due to space con-
straints, we present a subset of 212 QA pairs. To access the
visualization, please open the index.html file in a web
browser.

5. Limitations

We highlight some of the limitations of the 4DP-QA-Bench
and the 4DP-QA dataset. Our current framework focuses
primarily on rigid object motion, potentially limiting its
applicability to complex non-rigid dynamics or highly de-
formable objects. Moreover, the use of hysteresis thresh-
olding to filter out ambiguous motion helps ensure annota-
tion reliability but also means that the dataset does not cover
subtle motion cases that fall between the defined thresholds.
We believe that these limitations can be addressed by ex-
tending the framework to cover more complex and subtle
motion cases, and we leave this as future work.
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