Are Video Models Ready as Zero-Shot Reasoners?
An Empirical Study with the MME-COF Benchmark

Supplementary Material

Overview

We organize this supplementary material as follows.

¢ Section A: Remaining deep-dive analysis on Veo-3.
 Section B: Related work.

» Section C: Additional implementation details.

* Section D: Statistics of MME-COF.

* Section E: Limitations and future work.

A. Remaining Deep-Dive Analysis on Veo-3

Due to space limitations, we only provide task descriptions
and partial qualitative analyses for tasks /) - 5) in the main
paper Section 2. In this supplementary material, we addi-
tionally provide: (i) detailed definitions of the three-level
performance criteria, (ii) the data sources, and (iii) additional
representative examples for tasks /) - 5). We also present the
complete analysis for tasks 6) - 12), including task descrip-
tions, evaluation criteria, and expanded qualitative results
and analyses. For clarity, we restate the full list of tasks
below:
1) Visual Detail Reasoning 7) Rotation Reasoning

8) Table and Chart Reasoning
9) Object Counting Reasoning

2) Visual Trace Reasoning

3) Real-world Spatial Reason-
ing 10) GUI Reasoning

4) 3D Geometry Reasoning 11) Embodied Reasoning

5) Physics-based Reasoning 12) Medical Reasoning

6) 2D Geometry Reasoning

A.1. Visual Detail Reasoning

In Section 2.2, we provide the task description and repre-
sentative examples for the visual detail reasoning task. In
this section, we further include the detailed definition of the
three-level performance criteria and the data source used in
this category.

Definition of Good / Moderate | Bad. We define the three-
level evaluation criteria as follows:

v Good: The reasoning video accurately centers on
the correct target region, clearly resolves the relevant
attribute, such as color, texture or position, and main-
tains sharp, stable and natural rendering throughout
the sequence. There are no visible frame drops, arti-
facts or unintended motion.

~ Moderate: The region of interest is approximately
correct, and the attribute remains inferable, but the se-

V. Question:

Q: In the diagram, the red arrow is
the initial arrow, and the green arrow
is the final arrow. The arrow can
move in four directions (forward,
backward, left, right), where
“forward' always refers to the current
direction the arrow is pointing. After
cach movement, the amrow's
direction is updated to the direction
of movement. Which of the
following paths can make the arrow
move from the starting position to
the ending position?

A: (Forward, 1 unit) - (Left, 1 unit)

Text-to-Video Prompt:

Create a 2D animation based on the provided diagram. The red arrow is
the initial arrow, and the green arow is the final arrow. The arrow can
move in four directions (forward, backward, left, right), where 'forward'
always refers to the current direction the arrow is pointing. After each
movement, the arrow's direction is updated to the direction of movement.

Movement commands:

- The red arrow moves forward for 1 unit

- The red arrow moves left for 1 unit (relative to its new current direction
after step 1). Then turns green.

Scene:

-No change in scene composition.

- No change in the layout of the diagram.

Camera: Static camera. No zoom. No pan. No glitches, noise, or artifacts

Input Image: Reasoning Video: X Bad

VI. Question: Text-to-Video Prompt:

Two small characters start from the same purple origin at the same
time, and move along the red and green paths toward another purple
destination at the same speed. Static camera, no zoom, no pan.

Q: What are the advantages of the green
route and the red route respectively?

Input Image: Reasoning Video: X Bad @)
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Figure 1. Additional showcase of Visual Trace Reasoning by
Veo-3. The examples highlight long-horizon planning breakdowns,
inconsistent arrow/trajectory rendering, and failures to preserve
comparative or sequential information across frames.

quence suffers from minor blur, incomplete framing,
slight instability mild unnatural motion, or some-
times deviates from the textual instruction and pro-
duces a plausible but unaligned or self-directed visual
interpretation, limiting confident interpretation.

X Bad: The target region is incorrect or ambiguous,
the attribute cannot be reliably inferred, or the video
exhibits severe artifacts: abrupt frame jumps, major
jitter, unintended zoom or crop, extraneous objects
interfering, or conspicuous quality degradation that
obstructs the reasoning task altogether.

Data Source. We sample data from the V*Bench [56],
which provides a comprehensive set of evaluation dimen-
sions including spatial relationship and color/attribute con-
sistency tasks.

A.2. Visual Trace Reasoning

In Section 2.3, we describe the setup for the visual trace rea-
soning task and show several representative examples. Here,
we provide the detailed three-level performance definition,
the data sources, and additional qualitative cases.



Definition of Good / Moderate | Bad. We rate the perfor-
mance according to the following criteria:

v Good: Each movement step is depicted contin-
uously and logically toward the correct goal. The
motion is smooth, temporally consistent, and follows
causal order with no skipping, stuttering, or direction
reversal.

~ Moderate: The overall trajectory roughly aligns
with the intended sequence, but small discontinuities,
timing irregularities, or partial missteps occur. The
reasoning path remains interpretable, and the goal
can still be inferred.

X Bad: Key steps are missing, reversed, or illogi-
cal. The sequence shows abrupt jumps, inconsistent
object trajectories, or goal confusion, breaking the
temporal and causal coherence of the reasoning pro-
cess.

Data Source. We select samples from MVoT [29], Frozen-
Lake [3, 57], MiniBehavior [24], RBench-V [17], SpatialViz-
Bench [51], and OmniSpatial [21], which provide controlled
multi-step environments for evaluating temporal reasoning,
sequential planning, and causal continuity in visual simula-
tions.

Additional Example and Analysis. As shown in Figure 1,
case V reveals difficulty grounding abstract movement rules,
producing inconsistent arrow trajectories. Case VI produces
visually plausible motions along individual paths but fails to
preserve or present the comparative information required for
contrastive reasoning.

A.3. Real-World Spatial Reasoning

In Section 2.4, we introduce the real-world spatial reasoning
task and present a subset of qualitative results. In this section,
we include the full definition of the three-level evaluation
criteria and specify the data sources used in this category.

Definition of Good / Moderate | Bad. We define the eval-
uation criteria in three levels:

v Good: Scene orientation, reference frame, and
viewpoint are consistent and correctly represent spa-
tial relations. The camera remains steady and the
motion is natural.

~ Moderate: Scene roughly matches the instruction
but contains small perspective errors, unnatural tran-
sitions, or partial mirroring. Motion remains inter-
pretable but not physically coherent.

X Bad: Reference frame or direction is wrong; view-
point shifts abruptly or inconsistently. Video suffers

from strong camera drift, disorienting motion, or spa-
tial chaos.

Data Source. To evaluate on orientation and layout rea-
soning, we specifically sample data from MMSI-Bench [59],
OmniSpatial [21], CoreCognition [33] and RefSpatial [64].
Also, the tasks of perspective taking and spatial interaction
are selected from the OmniSpatial dataset [21].

A 4. 3D Geometry Reasoning

In Section 2.5, we outline the 3D geometry reasoning task
and discuss several illustrative examples. Here, we further
detail the three-level performance criteria and summarize
the data sources used for 3D geometry reasoning.

Definition of Good / Moderate | Bad. We categorize the
model’s performance into three levels:

v Good: Transformations like folding, rotation and
assembly are geometrically correct, visually smooth,
and continuous, maintaining structural integrity and
realistic motion. No broken edges, jumps, or spatial
artifacts.

~ Moderate: Transformations are partially correct
but show local misalignment, unrealistic deforma-
tion, or discontinuous motion; geometry is roughly
interpretable but imperfect.

X Bad: Transformation fails. For example, wrong
fold, structure collapse, or impossible geometry. Mo-
tion is erratic, discontinuous, or visually implausible,
breaking the sense of physical realism.

Data Source. To construct diverse and representative eval-
uation data, we adapt tasks from established geometric spa-
tial reasoning datasets, including the 3D-Text-Instruct and
Folding Nets subsets of the STARE benchmark [31], the
BlockMoving subset from the SpatialViz-Bench [51], as well
as VisuLogic [58] and OmniSpatial [21].

A.5. Physics-based Reasoning

In Section 2.6, we provide the high-level description of the
physics-based reasoning task together with representative
qualitative cases. In this section, we additionally specify the
three-level performance definition and the data sources for
the physics-based reasoning category.

Definition of Good / Moderate | Bad. We rate the perfor-
mance according to the following criteria:

v Good: The motion sequence adheres to physi-
cal laws such as gravity, momentum, and energy
conservation. Object interactions are realistic and



temporally smooth, and the visual outcome remains
coherent and credible throughout.

~ Moderate: The physical relations are approxi-
mately correct but include minor inconsistencies,
such as irregular acceleration, timing mismatch, or
slight violation of conservation. The overall motion
remains interpretable and visually plausible.

X Bad: The motion is physically implausible or visu-
ally chaotic—objects float, stop abruptly, or behave
contrary to basic causal principles. Severe artifacts
or temporal discontinuities disrupt the perception of
a coherent physical process.

Data Source. We draw samples from MMMU [60],
CoreCognition [33], ScienceQA [37], related physical rea-
soning subsets of RBench-V [16], and SpatialViz-Bench [51],
covering scenarios such as object collisions, pendulum mo-
tion, frictional sliding, and optical or magnetic interactions.
Additional problems are collected from online resources ' 2.

A.6. 2D Geometry Reasoning

In this section, we provide a complete analysis of Veo-3 [13]
on the 2D geometry reasoning task.

Task Description and Evaluated Aspects. To assess a
model’s competence in 2D geometric reasoning, we evalu-
ate its zero-shot performance on planar geometric construc-
tion tasks. These tasks involve drawing geometric relations
by connecting points, adding auxiliary lines, and moving
geometric shapes. The evaluation focuses on whether the
generated constructions or movements accurately reflect the
described geometric relationships and adhere to the given in-
structions, while maintaining smooth, stable operations that
ensure visual clarity and coherence throughout the process.

Definition of Good / Moderate | Bad. We rate the perfor-
mance according to the following criteria:

v' Good: Constructions and movements are geo-
metrically accurate and visually smooth. Endpoints,
intersections, angles, and motion trajectories align
correctly with the instructions. Both drawing and
movement processes are stable, fluid, and natural,
resembling human sketching or manipulation.

~ Moderate: Constructions and movements roughly
follow the intended geometry but exhibit minor in-
accuracies in line placement, shape alignment, tra-
jectory, or smoothness. Some local jitter or abrupt
motion may appear, but the overall structure and mo-
tion remain interpretable.

Iphysicstasks.eu
Zphysics.info

I. Question: Text-to-Video Prompt:
Q: In the figure shown, let 'n' represent the length of side AB of the inscribed
rectangle ABCD, where n is an undetermined value. With BC equal to 6.0
and the diameter of circle O equal to 10.0, what is the value of 'n’?

A line connecting point A and point C. The
video ends once the connection process is
complete. Static view, no zoom or pan.

A8
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II. Question: Text-to-Video Prompt:

Q: The figure presented depicts a square designated as ABCD. Within this square, point
M is identified as the midpoint of the side AB, while point N is the midpoint of the
opposing side CD. Additionally, point O is located at the midpoint of segment CN. Your
task is to draw the segment MO, It is given that the length of segment AM is represented
by t. The objective is to determine which of the following expressions accurately
represents the length of the segment MO in terms of . AT,

T4

Smoothly connecting point
M and point N. The video
ends once the connection
process is complete. Static
view, no zoom or pan.

Input Image: Reasoning Video

X Bad

N P

Text-to-Video Prompt:

1* frame

A AN

TII. Question:

R

Q: AB equals to 8.0. What would the area of

Sy AT Smoothly connecting point C and point D with a line. The video
i

ends once the connection process is complete. Static view, no

A:62.87 zo0m or pan.
Input Image: Reasoning Video: @
1 frame N
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TV. Question: Text-to-Video Prompt:

Q: Check out an Tangram puzzle below. The left panel is an empty Tangram puzzle,
while the right panel shows available pieces to complete the puzzle. Keep in mind
that you can rotate or flip the pieces. Can the Tangram puzzle be completed with
the available pieces, yes or no? A: Yes.

Place piece A with its upper-
left corner at (x, y) = (0, 3).

Input Tmage: Reasoning Video:

X Bad
1 frame
PLBRGRSIRRRC 1 E g ]

Figure 2. Showcase of 2D Geometry Reasoning by Veo-3 (Part I).
While Veo-3 shows potential in recognizing simple patterns, it lacks
the robust constraint awareness essential for accurate geometric
manipulation.

X Bad: Constructions or movements deviate substan-
tially from geometric correctness. Lines or shapes
may be misplaced, disconnected, or moved in a
chaotic or discontinuous manner (e.g. jittering, over-
lapping, or distorted paths), leading to visual insta-
bility and loss of interpretability.

Data Source. The evaluation data are drawn from multi-
ple established sources, including the Geol70k dataset [11],
the VarsityTutors subset of Math-PUMA [65] dataset, the
line-connection subset of RBench-V [17], the MAVIS-
Gen [61], Tangram Puzzle and 2D Text Instruct subsets of
the STARE [31] benchmark, and data from VAT [35].

Example and Analysis. The representative examples of
the 2D geometry reasoning task are presented in Figures 2
and 3. Veo-3 demonstrates a foundational capability for
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V. Question:

Text-to-Video Prompt:

Q: Connect the black dots in the image sequentially with straight
lines according to the edge numbers (i.e., connect dot 1 to dot 2,
dot 2 to dot 3, and so on). The final result will form a simple line
drawing. What does this drawing represent? A: Duck.

Animate the dots connecting sequentially from 1 to
25, each straight line appearing smoothly until the
full outline emerges. Keep the background with the
smiling sun and plants unchanged. Static shot.

Input Image:

Reasoning Video: Aoderate @
B 1 frame o
D

VI. Question: Text-to-Video Prompt:

Animate  the numbered dots  connecting
sequentially from 1 to 118, each straight line
appearing smoothly as the outline gradually
emerges. Keep all numbers and dots visible while

Q: Connect the black dots in the image sequentially with straight
lines according to the edge numbers (i.e., connect dot 1 to dot 2,
dot 2 to dot 3, and so on). The final result will form a simple line

° ¢ A o
drawing. What does this drawing represent A:Lion. the connecting lines form step by step. Static shot.
Input Image: Reasoning Video: X Bad
1% frame
)

VII. Question: Text-to-Video Prompt:

Animate  the numbered dots  connecting

7 the black in the i tially ith h -
Q: Connect the black dots in the image sequentially with straight Ty o 1 o ), o ot T

lines according to the edge numbers (i.e., connect dot 1 to dot 2,
dot 2 to dot 3, and so on). The final result will form a simple line
drawing. What does this drawing represent? A: Bird.

appearing smoothly as the outline gradually
emerges. Keep all numbers and dots visible while
the connecting lines form step by step. Static shot.

X Bad

Input Image: Reasoning Video

19 frame

VIII. Question:

Text-to-Video Prompt:

Q: I the top yellow line Pan vertically at a steady speed to center the top yellow line, then the bottom one, keeping
shorter than the bottom both visible with identical scale and exposure. Ensure all elements stay unchanged and finish
yellow line? ‘with a full view showing both lines together.

A: No.
XBad @

- =

Figure 3. Showcase of 2D Geometry Reasoning by Veo-3 (Part
II). Veo-3’s reasoning abilities are further challenged by complex
sequential instructions and the need to preserve structural integrity.

Input Image: Reasoning Video

simple geometric connection tasks, correctly identifying and
linking elements in straightforward scenarios like in case III.
However, this basic competence is inconsistent. The model
often prioritizes producing visually symmetric or semanti-
cally meaningful patterns rather than strictly adhering to
geometric instructions (cases I and II). Furthermore, case 11
reveals instances where the model unintentionally modifies
the original figures, indicating a limited awareness of geomet-
ric constraints and poor spatial consistency. When tackling
more complex connection tasks, the model frequently fails to
interpret the intended drawing order or point indices, result-
ing in incorrect connection sequences, as demonstrated in
cases V, VI, and VII. This is often coupled with an inability
to control task termination, as the model tends to continue
drawing beyond the required constructions. Finally, for tasks
involving the movement of geometric shapes in cases IV and
VIII, the model struggles to maintain geometric structural

1. Question: Text-to-Video Prompt:

Q: Is the frontmost skier
wearing a scarf?
A:No.

Rotate the scene 45 degrees clockwise. Then draw bounding boxes around the
frontmost skiing character.

Input Image:

A R A A e

II. Question:

Reasoning Video:

Text-to-Video Prompt:

Q: Looking up from the floor, how many rows

G Gl e i s e ) Rotate the scene 180 degrees clockwise. Then draw a bounding

box around the leftmost vending machine.

X Bad @
EE R & ED

Text-to-Video Prompt

Input Image:

Reasoning Video:

II1. Question:

Q: On which floors are the TKEA' labels located?
A: One on the top floor, one on the middle floor,
and one on the bottom floor:

Rotate the video frame 90 degrees counterclockwise in the 2D
plane, then draw bounding boxes around each TKEA' label,

X Bad

Input Image: Reasoning Video:

IV. Question: Text-to-Video Prompt:

Q : Which grid can be obtained
by rotating the grid only?

Ty m
11 =

‘The entire ‘Original' grid figure performs one smooth, continuous 360-degree
rotation clockwise within its own 2D plane. The camera stays static, with no pan.

X Bad

H N |

Figure 4. Showcase of Rotation Reasoning by Veo-3. Veo-3 strug-
gles in complex scenes. However, its foundational grasp of simple
rotations signals its potential to support rotation-based reasoning
tasks.

Input Image: Reasoning Video:

consistency throughout the motion.

A.7. Rotation Reasoning

In this section, we provide a complete analysis of Veo-3 [13]
on the rotation reasoning task.

Task Description and Evaluated Aspects. The rotation
reasoning task assesses the ability to reason about planar ob-
ject rotation and maintain consistent spatial grounding under
rotational transformations, thereby supporting subsequent
reasoning processes. In each instance, the model is required
to accurately rotate target objects within a fixed 2D plane
while preserving the overall scene structure and structural
consistency, followed by performing reasoning tasks like
grounding and OCR. The evaluation focuses on both the
accuracy of the rotation in terms of angle and direction, and



the precision of the resulting reasoning tasks.

Definition of Good / Moderate | Bad. Model outputs are
categorized into three quality levels:

v" Good: The rotation is accurate, complete, and
strictly confined to the 2D plane, with no extraneous
scene motion. The following reasoning tasks are
completed correctly. Target objects remain precisely
grounded after rotation.

~ Moderate: The rotation is largely correct but may
be incomplete or slightly off-angle, though still con-
fined to the 2D plane. The following reasoning tasks
are mostly completed. Minor temporal or visual in-
consistencies may appear, but do not alter the core
2D structure or object grounding.

X Bad: The model fails to perform the correct rota-
tion, extends the transformation into 3D space, or
introduces substantial scene distortion. Cannot com-
plete the following reasoning task. The original 2D
structure is altered, leading to inaccurate grounding
of the target objects.

Data Source. To specifically assess the rotation reasoning
task, we recruit some PhD-level experts with deep exper-
tise in text-image reasoning to design the evaluation data
manually, followed by the necessary review process. Each
question is designed following the principle that it must in-
volve a 2D rotation to reach the correct solution, ensuring
the task genuinely probes rotational understanding rather
than simple visual matching. Moreover, we sample data
from the 2DRotation subset from the SpatialViz-Bench [51],
and reformulate the question into instructions for the video
models.

Example and Analysis. The results are shown in Figure 4.
In case I, we find that Veo-3 handles small-angle rotations
and simple planar scenes reasonably well, demonstrating a
basic grasp of rotational motion. However, in more complex
scenarios like cases II, III, and IV, the model often ignores
the 2D rotation constraint and inadvertently alters the 3D
structure, resulting in incorrect rotations and degraded spatial
grounding. Such errors frequently propagate to downstream
tasks, such as OCR in case III, or object localization in case
II, due to inconsistencies in post-rotation alignment. These
observations suggest that the reasoning behavior of Veo-3
remains more pattern-driven rather than principle-driven.
However, as it demonstrates a partial understanding of pla-
nar rotation, this can to some extent facilitate subsequent
reasoning tasks.

A.8. Table and Chart Reasoning

In this section, we provide a complete analysis of Veo-3 [13]
on the table and chart reasoning task.

Task Description and Evaluated Aspects. The table and
chart reasoning task requires the model to identify and focus
on the key elements within visualizations or tabular data. For
evaluation, we further consider how effectively the model
identifies the regions relevant to the query and whether it can
transition smoothly and visually coherently to these areas,
preserving clarity, continuity, and proper scaling.

Definition of Good / Moderate | Bad. We rate the perfor-
mance according to the following criteria:

v" Good: Camera precisely focuses on the correct
chart or table segment, smoothly highlighting or
zooming into the queried data (e.g. correct year, cat-
egory, or value). Motion is continuous, the chart and
table remain clear, and no distortion or overexposure
occurs.

~ Moderate: Camera approximately focuses on the
right region but partially misses boundaries, intro-
duces slight blur, or transitions abruptly. Data can
still be inferred.

X Bad: Video fails to locate the correct region or
changes the chart or table geometry unnaturally. Mo-
tion jitter, scaling errors, or artifacts make data un-
readable or misleading.

Data Source. We use samples from the ChartQA [40]
dataset and TableVQA-Bench [26)].

Example and Analysis. For charts, as presented in cases
I, IT and III in Figure 5, Veo-3 can often zoom into an ap-
proximately correct region but lacks the precision needed
to accurately locate the queried data. For tables, as shown
in case IV, Veo-3 fails to correctly identify the required ele-
ment and tends to select entries randomly. The model also
frequently adds, modifies, or distorts existing chart and table
elements, resulting in visual inconsistencies that undermine
the accuracy of chart interpretation.

A.9. Object Counting Reasoning

In this section, we provide a complete analysis of Veo-3 [13]
on the object counting reasoning task.

Task Description and Evaluated Aspects. In this cate-
gory, we focus on the ability to accurately enumerate objects
within a 2D or 3D scene. In each instance, the model is



1. Question: Text-to-Video Prompt:
Q: What is the sum of footwear
manufacturing establishments in
Nova Scotia and Mantioba as of

Start with smoothly zooming in to focus on the ‘Nova Scotia’ row. Then,
smoothly zoom out to the full view of the chart. End with smoothly zooming
in to focus on the Manitoba' row. The chart itself, including all its data, lines,

Efz‘"‘bﬂ 20 and labels, must remain completely static and unchanged throughout the video.
Input Image: Reasoning Video: X Bad
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II. Question: Text-to-Video Prompt:

Start with a static, full view of the chart. Then, smoothly zoom the camera in to focus on
the vertical area corresponding to the year 2014. The chart itself, including all ts data,
lines, and labels, must remain completely static and unchanged throughout the video.

Q: In the year 2014, which
opinion is dominant?
A: Unfavorable.

Input Image: Reasoning Video: ~ Moderate (2)

1 frame = [ —

III. Question: Text-to-Video Prompt:

Q: What the color of

smallest section in the chart? Zoom in to focus on the smallest section in the chart. The chart itself, including all its data,

lines, and labels, must remain completely static and unchanged throughout the video.

A:Gray.
Input Image: Reasoning Video: X Bad
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IV. Question: Text-to-Video Prompt:

Q: What is the end market for the
Engineered Systems segment?
A: Printing & Identification, Industrials.

Draw a bounding box around the end market for the Engineered
Systems segment. The table itself, including all its text, lines, and labels,
must remain completely static and unchanged throughout the video.

Input Image: \fame  Reasoning Video: X Bad

)

Figure 5. Showcase of Table and Chart Reasoning by Veo-3. Veo-
3 demonstrates an initial ability to focus on relevant data regions
but lacks the precision and consistency required for reliable visual
analysis.

required to identify, ground, and count target objects, typ-
ically by highlighting, drawing bounding boxes, applying
numerical labels, or panning. The evaluation focuses on
the accuracy of the count and the precision of the spatial
grounding, performed within a scene that remains static or
experiences only minimal motion, ensuring the counting
process is not influenced.

Definition of Good / Moderate | Bad. Model outputs are
categorized into three quality levels:

v" Good: The model precisely highlights, draws
bounding boxes around, or labels the objects with cor-
rect numbers, and performs smooth and controlled
panning when necessary to cover all targets. Motion
is continuous, and the scene remains static or expe-
riences only slight changes that do not influence the

1. Question Text-to-Video Prompt:
Q: How many unit
squares does the line
segment pass through in
the given grid diagram?

A scanner dot moves along the black line from bottom-left to top-right. As soon as this
dot enters a new grid square, that entire square is instantly filled with yellow color and
stays yellow. A square only turns yellow if the scanner dot on the line has entered it.
Static camera, no zoom.

A: 16
Input Tmage: Reasoning Video: X Bad B
1* frame
/
I1. Question: Text-to-Video Prompt:

Q: How many rectangles Highlight only the rectangles in the figure with a bright yellow color. Not highlight
are there in the figure? any other shapes like squares, triangles, circles, o irregular polygons. Static camera,
A8 10 zoom, 1o pan

Input Image: Reasoning Video:

X Bad

II1. Question:

Text-to-Video Prompt:

Q: How many rectangles

. Label all the fish with increasing numbers (1, 2, 3, ...). The fish keep static. Static
are there in the figure?
8

camera, no zoom, no pan.

Input Image:

e T

Reasoning Video: X Bad
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Figure 6. Showcase of 2D Object Counting Reasoning by Veo-
3. Veo-3’s lack of spatial control often introduces object motion,
undermining the stability and accuracy of the counting process.

counting process.

~ Moderate: The model approximately highlights
or draws bounding boxes around the objects, or per-
forms panning with minor instability or incomplete
coverage. Objects or the scene may move or change
slightly, but this does not strongly affect the counting
process.

X Bad: The model fails to correctly highlight, label,
or draw bounding boxes around the objects, or pans
erratically such that parts of the scene are missed or
revisited unnecessarily. Objects or the scene move or
change substantially, severely affecting the counting
process.

Data Source. The 2D object counting data are sampled
from the counting subset of RBench-V [17]. The 3D ob-
ject counting data are from the Super-CLEVER dataset [34],
CoreCognition [33] and VAT [35].

Example and Analysis. The results are shown in Figures 6
and 7. In the 2D counting tasks from cases I to III, objects
frequently move or change during the process, negatively
impacting counting stability and accuracy. In the 3D count-
ing tasks, Veo-3 successfully handles simple grounding and
counting scenarios, as demonstrated in case V, but strug-
gles with scenes involving complex materials or geometric
variations in cases VI and VII, leading to inaccurate counts.



IV. Question: Text-to-Video Prompt:
Q: How many tiny things
have the same material as
the green motorbike?
Al

Draw bounding boxes around the tiny things that have the same material as the green
motorbike. Static shot.

Input Image: Reasoning Video: X Bad
1% frame
T

V. Question: Text-to-Video Prompt:

Q: There is a small yellow object that is
to the left of the tiny metal motorbike;
how many brown metal mountain bikes

Draw bounding boxes around the brown metal mountain bikes to the right of
the origami crane. Static shot.

are to the right of it?
A:l

Reasoning Video: v Good () . Success Rate: 100%

~ 7 R T

Text-to-Video Prompt:

Input Image:

VI. Question:

Q: How many cyan things
are matte tandem bikes or
metal cruisers?

Al

Draw bounding boxes around any matte tandem bikes and metal cruisers present in the
scene. Static shot.

Input Image: v Good Success Rate: 33%

Reasoning Video:

VIIL. Question:

Text-to-Video Prompt:

Pan smoothly to include both the lid-body interface and the spout or cap in view at a fixed

H bu
@iy e scale, keeping exposure steady and avoiding any visual or geometric changes.

on the stove?
A4

Reasoning Video: ~ Moderate Success Rate: 17°

=FSH=

Figure 7. Showcase of 3D Object Counting Reasoning by Veo-
3. Veo-3’s basic 3D counting abilities are challenged by complex
materials, geometric variations, and imprecise camera control.

Input Image:

Additionally, in the panning process of case VII, the camera
fails to precisely move to the regions containing all target
objects, further hindering the counting process.

A.10. GUI Reasoning

In this section, we provide a complete analysis of Veo-3 [13]
on the GUI reasoning task.

Task Description and Evaluated Aspects. In the Graph-
ical User Interface (GUI) reasoning task, we focus on the
capability to understand and interact with graphical user
interfaces across different operating systems, including An-
droid, Linux, and Web environments. In each instance, the
model is required to perform actions, such as clicking on
specific Ul elements. The evaluation focuses on the accuracy
of the click and the temporal coherence of the interaction,
ensuring the scene and irrelevant UI elements remain consis-
tent.

L. Question: Text-to-Video Prompt:

Collapse the pkgs folde:
e S Click the pkgs folder to collapse it. Static shot.

Input Image: Reasoning Video:

II. Question: Text-to-Video Prompt:
Q: Acalendaricon  A:
Tocated to the right of

the flight date options,
next to the price

display for June 6.

Click the calendar icon located to the right of the flight date options,
next to the price display for June 6. Static shot.

Input Image:

X Bad

III. Question: Text-to-Video Prompt:
;A it A . N N
Srmw"lzvc‘;i;‘:: v — Click mle ;.avw;on arrow located at the right edge of the browse by category
right edge of the <. 3 carousel. Static shot.
browse by category o
carousel.
Input Image: Reasoning Video:

X Bad

Figure 8. Showcase of GUI Reasoning by Veo-3. Veo-3’s attempts
at graphical interface interaction exhibit visual inconsistencies and
logical inaccuracies, indicating only a shallow grasp of underlying
GUI logic. Note that the answer to each question is a bounding
box. For visual clarity, screenshots with the ground-truth bounding
boxes are shown.

Definition of Good / Moderate | Bad. We define the eval-
uation criteria in three levels:

v Good: The click is precise, with no extraneous ac-
tions. No superfluous icons appear, and the original
data and icons remain unchanged.

~ Moderate: The click is precise but may be accom-
panied by minor extraneous actions. Superfluous
icons might appear but do not obscure the click tar-
get, and original data or icons show only slight alter-
ations.

X Bad: The click is imprecise or erratic. Original
data and icons are significantly altered, hindering
judgment and assessment.

Data Source. We select Android, Mac, I0S, Web and
Linux data from MMBench-GUI [52], ScreenSpot-Pro [30]
and OmniSpatial [21].

Example and Analysis. Across the three cases in Figure 8,
Veo-3 fails to accurately capture the correct click position
and often exhibits inconsistencies between the click location
and the resulting on-screen effect. In addition, it occasionally



1. Questiont: Text-to-Video Prompt:

Q: Which point A

corresponds to Pan to the banana while keeping tray edges in view. Fix scale (banana ~two-thirds of

the frame, axis horizontal). Sweep once along the inner concave edge from stem to tip
at constant speed, then stop and hold at its midpoint

™

II. Question':

-
the affordance for ’ v
manipulating the NS (IS
banana? §

Input Image:

Reasoning Video:

Text-to-Video Prompt:

Keep the cucumber's start and the pot opening in view. Sweep once from start to pot
at fixed scale and speed, briefly dwelling at four evenly spaced waypoints (p1—p4)
along the path, then hold on both endpoints.

Q: Whichsetof 4 A:
points is a right e
trajectory when
doing placea

cucumber into a pot? §

Reasoning Video:

v

Input Tmage:

II1. Question': Text-to-Video Prompt:

Pan smoothly to include both the lid-body interface and the spout or cap in view at a fixed
scale, keeping exposure steady and avoiding any visual or geometric changes.

Moderate. )

Y 14 frame
T -

Figure 9. Showcase of Embodied Reasoning by Veo-3. It il-
lustrates plausible static affordance detection in simple settings,
common workaround/hallucination behaviors for dynamic manipu-
lations, and failures to reliably localize or preserve manipulation-
relevant context. T Green points in the answer image denote ground-
truth points or trajectories.

Q: Is the container sealed?
A:No.

Input Image: Reasoning Video:

alters or generates new icons and text, which can interfere
with judgment. In the Web system in case III, however, the
model demonstrates partial GUI responsiveness and provides
some degree of visual feedback.

A.11. Embodied Reasoning

In this section, we provide a complete analysis of Veo-3 [13]
on the embodied reasoning task.

Task Description and Evaluated Aspects. This category
evaluates the model’s potential to perceive and reason about
object affordances and manipulation dynamics. It involves
recognizing both static and dynamic affordances, as well as
identifying manipulation-relevant object and scene attributes.
Evaluation focuses on two aspects: (i) the generation of
stable and contextually relevant visual sequences, and (ii)
the maintenance of reasoning fidelity without resorting to
implausible planning shortcuts or hallucinated interactions.

Definition of Good / Moderate | Bad. We define the eval-
uation criteria in three levels:

v' Good: The sweep/framing covers all candi-
dates fairly (equal or near-equal dwell), centers

the manipulation-relevant geometry (e.g. handle +
frame/gap, lid-body interface, hinge side) with crisp
focus and stable scale; no cropping of key context;
no content alterations.

~ Moderate: The view roughly includes the right re-
gion(s) but with minor bias or coverage issues: slight
off-center, brief under-exposure of one candidate,
small motion jitter, or shallow context (still enough
to infer).

X Bad: The camera misses or biases the evidence (e.g.
lingers only on one point, crops away the hinge/rail,
over-zooms a non-relevant patch), introduces distor-
tion/content edits, or produces footage from which a
fair decision cannot be made.

Data Source. We select samples from Robobench [39] for
the analysis. In addition to a general understanding of static
attributes, we also sample data to assess whether Veo-3 can
perform direct reasoning on tasks involving the generation
of static and dynamic affordances.

Example and Analysis. As shown in Figure 9, Veo-3
demonstrates the ability to comprehend objects within real-
world scenes. However, its capacity for assisting visual
reasoning in embodied scenarios remains constrained by in-
sufficient stability. As illustrated in case I, when provided
with a clearly defined object for manipulation, Veo-3 is capa-
ble of generating plausible manipulation affordances. When
it comes to dynamic affordances, Veo-3 tends to employ
workarounds to compensate for its planning deficiencies, as
evidenced in case II, where it generated a new cucumber in-
stead of the intended object. With respect to static attributes,
Veo-3 struggles to accurately differentiate visual prompts
and misidentifies the position of containers. As shown in
case III, the green box, intended to specify the location of the
container, inadvertently led Veo-3 to produce hallucinations.

A.12. Medical Reasoning

In this section, we provide a complete analysis of Veo-3 [13]
on the medical reasoning task.

Task Description and Evaluated Aspects. This category
assesses the model’s ability to localize lesions or structures,
identify relevant attributes (e.g. side, lobe), recognize patho-
logical patterns (e.g. “jump distribution”), and make binary
decisions (e.g. presence or absence). The evaluation focuses
on both the correctness of object manipulation and the visual
stability of the surrounding regions.

Definition of Good / Moderate | Bad. We define the eval-
uation criteria in three levels:



1. Question: Text-to-Video Prompt:
Q: What is the distribution
pattern of stenotic segments?
A: Jump distribution

Show the full sagittal lumbar view, then sweep smoothly from L1 to S1 at constant speed
without pausing. End on a view showing adjacent disc spaces, including narrow and normal
levels. Keep image content and geometry unchanged.

Input Image: Reasoning Video: X Bad
| “ | ¥
y
f §:
= iy
i
I1. Question: Text-to-Video Prompt:
Q: Is cardiomegaly present? Show the full PA chest view, then adjust framing to include both the heart silhouette and
R S : the widest inner thoracic diameter at a fixed scale. Keep contrast and geometry
unchanged, holding steady for visual CTR estimation.
Input Image: Reasoning Video: X Bad .
III. Question: Text-to-Video Prompt:
Q: Which lobe contains .
the pulmonary nodule? Show the full axial CT, then pan and zoom smoothly to the right lung so the nodule and
i nearby fissure appear together. Keep windowing standard and geometry unchanged.
Input Image: Reasoning Video: XBad &

(Dl F1S S

Figure 10. Showcase of Medical Reasoning by Veo-3. As shown
in cases I and III, Veo-3 fails to maintain the shape of the rest of
medical organization. Veo-3 also can not understand and precisely
locate the mentioned medical terminology in the prompt, as demon-
strated in case II.

v Good: The camera cleanly settles on the correct
anatomical level/lesion, with clear margins and read-
able context; motion is reasonable; no geometric
distortion or content alteration.

~ Moderate: The view roughly covers the right area
but is slightly off (partial coverage, mild blur, small
framing mistakes). The general shape of the tissue
or organ can still be observed.

X Bad: The video misses the target region or intro-
duces distortions/crops that hide key cues. Tissues
or organs begin to distort. Misleading results due to
confusion of medical terminology.

Data Source. We select samples representing different
body parts from the ViTAR [5], PMC-VQA [62] and Med-
VQA [10] dataset.

Example and Analysis. We showcase the evaluation re-
sults in Figure 10. Veo-3 retains the ability to manipulate
images when dealing with medical images. However, due to
its lack of medical knowledge, Veo-3 struggles to accurately
manipulate the correct objects when instructions include
medical terminology. This phenomenon is evident across
all cases. Furthermore, Veo-3 cannot model medical organs

effectively. When performing operations such as zooming
in, the medical images suffer from significant distortion,
resulting in a substantial loss of detail.

B. Related Work

Video Models. Video models have been progressively
evolving both in the fields of video understanding and gener-
ation. For video understanding methods, earlier approaches,
such as MViT [7], Video Swin Transformer [36], and Video-
MAE [48], aim to learn a robust representation that fosters
downstream tasks. With the rise of LLMs, recent approaches
encode videos as tokens and exploit the language backbone
for captioning [47], event localization [45], and high-level
reasoning [20, 63]. Video generation models have also at-
tracted much attention. Closed system, including OpenAl’s
Sora [4, 43], Runway’s Gen-3 [44], Luma Al [38], and
Google DeepMind’s Veo series [12, 13], have exhibited im-
pressive results. However, they remain inaccessible due to
their closed-source nature. Open-source alternatives have
recently become available: Stable Video Diffusion [2] in-
troduces efficient training strategies, Hunyan-Video [27]
proposes systematic scaling, and Wan-2.1 [49] presents an
efficient 3D VAE with expanded pipelines.

Reasoning with Video. The advent of large reasoning
models [14, 18, 19, 22, 23, 46, 54], such as OpenAl
ol [42] and DeepSeek-R1 [15], has spurred the develop-
ment of video reasoning benchmarks. Most current meth-
ods [8, 32, 41] employ MLLMs specialized in video rea-
soning understanding. For example, Video-R1 [8] specifi-
cally targets temporal reasoning capabilities by introducing
a temporal group relative policy optimization (GRPO) loss.
VideoChat-R1 [32] focuses on spatio-temporal reasoning
abilities by training with GRPO and rule-based rewards. A
two-stage training strategy, combining SFT and RL, is used
by VideoRFT [50]. When trained on vast collections of im-
ages and videos, this strategy boosts the model’s ability to
handle QA tasks, whether in general contexts or reasoning-
focused ones. These methods primarily focus on enhancing
specific types of question-answering or captioning tasks.
Concurrently, [55] demonstrates the large potential of video
generative models in video reasoning. These models have
implicitly acquired world knowledge throughdemonstrates
impressive performance on various tasks, includinging and
reasoning capability. Yet, this direction has rarely been ex-
plored and only experimented with in zero-shot settings.

Evaluation of Video Models as Zero Shot Learner. Re-
cently, several works have been exploring the zero-shot capa-
bility of video generation models in various domains, includ-
ing general-purpose vision understanding [9, 55], medical
imaging [28], and world models [53]. [55] conducts experi-
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Figure 11. Word Cloud of MME-COF Benchmark. It presents
the distribution of key task concepts throughout the benchmark.

object

connecting

ments on Veo 3 with a variety of vision tasks that have not
been explicitly included during training. The video model
showcases surprising performance on multiple tasks like
object segmentation, image editing, and even maze solving.
[28] later adopts a similar paradigm to medical images under-
standing tasks and finds video generation models also show
powerful capabilities, e.g. delineation of anatomical struc-
tures in CT scans, medical image segmentation, and even
forecasting of future 3D CT phases. Besides, [53] shows
that video generation models could also understand complex
temporal causality and world knowledge in the real world,
thereby serving as a world model [1, 25].

C. Additional Implementation Details

Prompt Design Style for MME-COF. As mentioned in
the main paper, to ensure consistency and fairness, all the
prompts in the MME-COF benchmark follow a unified style
emphasizing explicit visual constraints, controlled motion,
and minimal linguistic ambiguity. Prompts are encouraged
to be written in imperative form and designed to reduce
variance from language interpretation, focusing the model’s
behavior on the intended visual reasoning objective. The
overall prompt design principles are as follows:

1) Static camera and fixed viewpoint, unless motion
is explicitly required by the task.

2) Stable spatial composition, consistent framing, and
unchanging scene layout across frames.

3) Clear specification of allowed and disallowed
changes (e.g. “no zoom, no pan, no dolly”) to
constrain camera dynamics.

4) Explicit temporal phrasing to control the pace
of motion, using cues such as “instantly”,
“smoothly”, or “step-by-step”.

5) Avoidance of direct textual hints toward the answer;
instructions are purely visual and task-oriented.

6) Inclusion of realistic phrasing and scene context to
align with the model’s natural video priors while
minimizing artifacts.

The standardized prompt style ensures that differences in out-
put primarily reflect the model’s internal reasoning potential
rather than prompt variability.

Table 1. Key Statistics of MME-COF.

Statistic Number
Total entries 120
Total categories 12

Max prompt length 124
Avg prompt length 34.1

Additional Evaluation Protocol Details. To maintain con-
sistency across all video samples, input images are padded
to a 16:9 aspect ratio with a white background prior to gen-
eration. For quantitative evaluation, we uniformly sample
16 frames from each generated video and prompt Gemini-
2.5-Pro [6] with a unified instruction, aligning with the eval-
uation criteria described earlier:

Evaluate whether the following video faithfully and
coherently visualizes the process described in the text.

Video frames are provided as images sequentially.

Process description is: {DESCRIPTION}

Judge the video only based on visible evidence.
Rate each of the following five aspects on a 0—4 scale
(0 = poor, 4 = excellent):

"instruction_alignment": O,

"temporal_consistency": 0,

"visual_stability": O,

"content_fidelity": O,

"focus_relevance": 0

D. Statistics of MME-COF

The MME-COF benchmark comprises of 120 entries, across
12 different tasks. More details of the statistics are in Ta-
ble 1. Also, we provide the word cloud of the benchmark in
Figure 11.



E. Limitations and Future Work

Although MME-COF covers many reasoning scenarios tai-
lored for video models, several important dimensions remain
underexplored (no benchmark can be truly exhaustive). For
example, capabilities involving text rendering, ARC-style
abstract reasoning, chess or board-game understanding, and
rule-based gameplay are not yet included. Extending the
benchmark to systematically evaluate these challenging do-
mains would further enhance its comprehensiveness and
diagnostic power.

In addition, many closed-source video models (e.g., Veo,
Sora) internally employ LLM/LMM-based prompt rewriters
before the actual generation process. Since these rewriters
are inaccessible and the entire pipeline is treated as a black
box, it becomes difficult to isolate their contribution from
the core video generation model. Understanding how to
factor out, or explicitly account for, the influence of such
prompt rewriting modules is therefore essential. This also
raises a broader conceptual question: what exactly should be
considered “the video model”? Should the definition include
the prompt rewriter as an integral component, or should it
be evaluated separately? This remains an open problem and
an important direction for future work.
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