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A. Camera Motion Taxonomy and Constraints

We adopt the camera motion taxonomy proposed in Cam-
eraBench [3] and refer readers to that work for a compre-
hensive definition of motion primitives, annotation guide-
lines, and constraint design. CameraBench formalizes cam-
era motion as a set of atomic cinematographic operations
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(e.g., pan, tilt, dolly, roll, arc) with clear geometric interpre-
tation and explicit rules to avoid contradictory labels.

In this work, we use a controlled subset of 15 primitives
tailored to short (1-second) within-shot segments, focusing
on the extrinsic parameter changes of the camera. Specifi-
cally, we focus on principal rotation and translation opera-
tions that can be reliably identified at this temporal granu-
larity, while preserving the incompatibility structure defined
in CameraBench (e.g., opposing directions along the same
degree of freedom are mutually exclusive, and static can-
not co-occur with any non-static motion).

Our taxonomy is therefore not a redefinition, but a task-
specific instantiation of the CameraBench framework, de-
signed to support constrained multi-label benchmarking and
systematic diagnosis of camera motion recognition in Vide-
oLLMs.

A.1. Atomic Motion Primitives

Our benchmark instantiates a compact, implementation-
friendly subset of K'=15 atomic motion primitives, sum-
marized in Tab. 1. Each primitive corresponds to a distinct
geometric degree of freedom of the camera motion: three
rotations (yaw, pitch, roll), three translations (X, Y, Z), a
coupled rotation—translation pattern (arc), and a static
state. This axis-aligned parameterization keeps the label
space interpretable, physically grounded, and directly com-
patible with 3D camera representations.

The primitives are designed to be identifiable at the 1-
second, within-shot granularity used in our benchmark, and
they follow standard cinematographic terminology. Across
different axes, primitives may co-occur (e.g., pan left
+ tilt up, or dolly in + pan right), motivating a
multi-label rather than single-label formulation. We also
include arc to capture common cinematographic motion
where yaw rotation is coupled with lateral translation,
which is difficult to describe as a single pure-axis primitive.
Finally, static denotes the absence of dominant camera
motion above predefined thresholds and serves as a diagnos-
tic case for distinguishing true camera motion from object-
induced or scene-induced apparent motion in VideoLLM:s.



Table 1. Atomic camera motion primitives. We list the K=15 primitives used in our benchmark, grouped by geometric degree of
freedom (rotations, translations, coupled motion, and static). Opposing directions within each axis are mutually exclusive, forming the
basis of our incompatibility constraints, while primitives across different axes may co-occur under a constrained multi-label formulation.

Axis Primitive

Operational Definition

Mutual exclusion

Yaw pan left / pan right
Pitch tilt up / tilt down

Horizontal rotation about vertical axis
Vertical rotation about horizontal axis

pan left <> pan right
tilt up < tilt down

Roll roll cw / roll ccw In-plane rotation about optical axis roll cw < roll ccw

Y truck left / truck right Lateral translation parallel to image plane truck left <+ truck right
zZ crane up / crane down Vertical translation of camera center crane up <+ crane down
X dolly in / dolly out Translation along view axis dolly in <> dolly out
Coupled arc cw / arc ccw Coupled yaw + lateral translation arc Cw < arc ccw
None static No dominant motion above thresholds static <+ any non-static
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Figure 1. Incompatibility matrix for constrained multi-label
camera motion. Entry M;;=1 indicates that primitives ¢ and j
are mutually exclusive and cannot co-occur in the same 1-second
segment. The axis structure produces block-wise exclusivity (e.g.,
left/right pairs), and static is incompatible with all non-static
primitives. Row/column ordering matches the primitive index or-
der used in our dataset and experiments.

A.2. Incompatibility constraints and label-set
canonicalization

Camera motion primitives are not independent. We en-
force geometric exclusivity constraints using a symmetric
incompatibility matrix M € {0, 1}5*X where M;;=1 in-
dicates that primitives ¢ and j cannot co-occur in the same
1-second segment. Fig. | visualizes M the row/column or-
dering matches the primitive index ordering used through-
out the dataset, training, and evaluation. Within each de-

gree of freedom, opposing directions are mutually exclusive
(e.g., pan left vs.pan right), and static is mutually
exclusive with any non-static primitive. These constraints
prevent contradictory supervision and yield a well-defined
target space for constrained multi-label recognition (and the
corresponding VQA-style evaluation).

To make labels deterministic and comparable across data
generation, training logs, and evaluation scripts, we canoni-
calize each segment’s label set as follows: (i) remove dupli-
cates; (ii) drop any label set that violates M (i.e., contains a
conflicting pair); (iii) sort remaining labels by a fixed global
order (the primitive index order used in Fig. 1); and (iv) en-
force the cardinality of at least one and at most three prim-
itives per segment. The last step reflects our benchmark
design assumption that 1-second clips rarely contain more
than three dominant, distinguishable camera motions, and
it ensures a bounded and interpretable output space for both
classifiers and VideoLLM prompting.

B. Dataset Construction Details

We construct CameraMotionDataset and CameraMo-
tionVQA to provide controlled, geometry-aware supervi-
sion and standardized evaluation for camera motion under-
standing in VideoLLMs. As summarized in Tab. 2, exist-
ing benchmarks primarily focus on broad cinematographic
techniques, perceptual composition attributes, or real-world
camera motion without explicit geometric supervision. In
contrast, our dataset is built from synthetic videos with
known camera parameters, segmented into fixed 1-second
within-shot clips, and annotated with constrained multi-
label motion primitives. As shown in the main paper, this
design enables (i) precise primitive-level supervision, (ii)
constraint-consistent evaluation via a multiple-choice VQA
protocol, and (iii) controlled studies of geometry-derived
camera cues and motion-token distillation. Below, we de-
tail the data source, segmentation strategy, label generation
process, and balancing procedure.



Table 2. Positioning of CameraMotionDataset and CameraMotionVQA against related benchmarks and cinematic datasets. We contrast
task focus, temporal unit, label structure (including whether explicit constraints or QA protocols are provided), camera-motion granularity,
intended use, and whether explicit camera parameters (geometry access) are available.

Work Primary focus Temporal unit Label type (con-|Motion granularity |Intended use Geometry access
straints / QA)
CameraBench [3] Camera motion prim- | Short video clips (avg. | Multi-label binary | Primitive-level; direc- | Mixed: benchmark | No: real videos (no
itives  in  diverse | “5-6s); shot-aligned /|primitive tags (750);|tional primitives (trans- | suite  (classification, | ground-truth camera
real-world videos; | manually segmented. |plus captions and |lation / rotation / zoom | retrieval, — captioning, | parameters).

taxonomy + label-then-
caption annotations.

paired yes/no VQA
skill probes.

/ tracking, etc.).

VQA) + small-scale
training for motion-
aware VLMs.

CineTechBench [7]

Broad cinematographic
techniques (scale,
angle, composition,
movement, lighting,
color, focal length)
with expert annotation.

Movie images + short
movie clips/shots (7600
images, 120 clips).

Manual technique la-
bels; question—answer

pairs and annotated
descriptions  for un-
derstanding; separate

camera-movement
generation evaluation.

Coarse-to-mid:  tech-
nique categories; cam-
era movement is one
dimension among 7.

Diagnostic benchmark
(understanding + gen-
eration evaluation).

No: no explicit cam-
era parameters pro-
vided.

VidComposition [6]

Composition  under-
standing in compiled
videos (cinematog-
raphy, character,
narrative, scene, mak-
ing).

Compiled videos (avg.
20 min) segmented
into coherent sections.

Human-annotated

multiple-choice QA
(982 videos / 1706
questions) across 15

sub-tasks,  including
camera movement
/ angle / shot size
perception.

Coarse-to-mid: ~ com-
position attributes;
camera motion ap-
pears as a perceptual
attribute in QA.

Diagnostic bench-
mark for MLLMs
on compiled-video
composition.

No: no explicit cam-
era parameters pro-
vided.

CineScale2 [4] Cinematic camera fea- | Frames /  images | Single-label cate- | N/A for motion (static | Training-scale dataset [ No: no explicit cam-
tures (camera angle +|(724.7k). gorical annotations | camera setup attributes | for recognition of cam- | era parameters pro-
camera level) on movie per attribute (angle: | only). era angle/level; film- |vided.
frames/images. 5 classes; level: 6 style analysis.

classes).
CameraMotionDataset Camera motion prim- | Within-shot 1s seg- | Constrained multi- | Primitive-level; direc- | Supervision dataset | Yes: synthetic cam-

itive dataset for
controlled supervision

ments  (fixed-length;
shot-consistent).

label primitive anno-
tations with axis-wise

tional; axis-wise con-
straints; supports com-

(training / distillation /
controlled analysis).

era parameters avail-
able (controlled ren-

and motion-token incompatibility ~ con- | pound motions within dering).
distillation. straints. Is.

CameraMotionVQA |Camera-motion sensi- | Same 1s within-shot | Standardized Primitive-level reason- | Diagnostic bench- | Implicit (inherits
tivity benchmark for | segments mapped to | multiple-choice ing over directional ' mark for motion- |synthetic geometry
VideoLLM evaluation | QA format. VQA protocol derived | motions (single and|aware understanding | from CameraMo-
via structured prompt- from ground-truth | compound). and prompting. tionDataset; not

ing.

primitives; constraint-
consistent answer

directly exposed to
models).

space.

B.1. Pose-to-label mapping

Each 1-second segment contains 7'=15 camera extrinsics
{E.}1 ., where E; = [R; | t;] € R3**. Translations
are expressed in world units (meters in the renderer), and
rotations are represented as 3x3 matrices. We assume a
right-handed coordinate system where the camera forward
axis corresponds to the negative x-axis, and yaw rotation
occurs about the world vertical axis.

The pose sequence is mapped to primitive labels using
two signals: (i) net translation expressed in the initial cam-
era frame and (ii) accumulated inter-frame rotation. All an-
gles are computed in degrees, and Algorithm | summarizes
the full procedure.

Rotation statistics. For consecutive frames, we compute
the relative rotation Ra ; = RthT_l and convert it to an
axis—angle representation. We accumulate signed changes
for yaw (pan), pitch (tilt, estimated from the forward-vector
change), and roll. Let Apan, A, Aron denote the total
signed changes over the segment, and Ypa,, Miiie, Zror de-

note the accumulated absolute changes.

Static / rotation-dominant case. Let d.,s be the total
translation distance (sum of inter-frame translations). If
dians < 0.05, we treat the segment as rotation-dominant.
We then assign static if Xpn < 0.2 and X < 0.2; oth-
erwise we assign pan left/right based on the sign of
Apan When X, > 0.2, and tilt up/down based on the
sign of Ay when X > 0.2.

Translation-dominant case. If translation is significant,
we compute the net translation in the initial camera frame:

Atcam = RI(tT - tl)»

with components (z,y, z) corresponding to forward, lat-
eral, and vertical motion, respectively. We use an adaptive
threshold tpove = max(0.3 || Ateam |l oo, 0.5) to decide
whether a component is dominant.

To distinguish arc from near-straight translation, we es-
timate path curvature

Dol —fiall
KR = s
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Algorithm 1 Pose-to-label mapping

Require: Extrinsics {(Re,t)}7
1: Y0
2: Compute dgans (total translation distance) and (Apan, Agitt),
(3pan, Ziiie) (signed / abs rotation stats)

3: if dyans < 0.05 then > rotation-dominant / static

4: if ¥pan < 0.2 and Xy < 0.2 then

5: return {static}

6: end if

7. if Xpan > 0.2 then

8: Y < YU {pan right}if Apm > Oelse Y < Y U
{pan left}

9: end if

10: if 2 > 0.2 then

11: Y + YU {tilt down} if Ag > Oelse Y «+ YU
{tilt up}

12: end if

13: else > translation-dominant

14: Compute Atcam and tmove

15: Compute curvature « from forward vectors

16:  if k> 9 x 104 then

17: Y+ YU{arc cw}if Apan > Oelse Y < YU{arc ccw}

18: end if

19: Update Y with dolly in/out (forward-dominant), truck
left/right (lateral-dominant), and crane up/down (vertical-
dominant)

20: end if

21: return Canonicalize())) (Sec. A.2)

where f; is the camera forward vector in world coordinates.
If K > 9x 1074, we classify the segment as arc cw/ccw
based on the sign of Ay,,, and optionally add auxiliary
tilt or dolly if their corresponding rotation/translation
magnitudes exceed thresholds. Otherwise, we assign axis-
aligned translation primitives according to dominant com-
ponents: dolly in/out from z, truck left/right
from y, and crane up/down from z.

Roll. We additionally assign roll cw/ccw only when for-
ward motion is present and X;,; > 0.5, which avoids spuri-
ous roll labels from minor numerical jitter.

To verify the correctness of the automatic mapping, we
randomly sampled 720 segments and collected primitive
annotations using the same 15-label set. Annotators were
instructed to select the correct option from an MCQ-style
VQA benchmark and to prioritize dominant motion over
minor jitter. The resulting agreement accuracy is 93%, sup-
porting the reliability of the pose-to-label mapping proce-
dure.

B.2. Re-balancing and class distribution

The full pose-to-label conversion over all rendered videos
produces 542,504 1-second segments. As shown in
Fig. 2(a), due to the scripted camera trajectories in the syn-
thetic generator, the resulting label distribution is highly im-
balanced. In particular, simple directional primitives such
astilt downandarc ccwoccur far more frequently than
rarer motions such as roll cw/ccw. Without re-balancing,

this imbalance would bias classifiers toward dominant prim-
itives and obscure diagnostic conclusions about motion sen-
sitivity in VideoLLMs.

To mitigate this effect, we apply per-label-set downsam-
pling. For each unique canonical label set (Sec. A.2) (e.g.,
tilt up and pan left), we cap the number of segments
to at most 200 samples. If a label set contains fewer than
200 segments, all instances are retained. This strategy pre-
serves the diversity of primitive combinations while pre-
venting over-representation of frequent motion patterns.

After re-balancing, the final dataset contains 12,274 seg-
ments. Fig. 2 visualizes the label-set frequency distribution
before and after downsampling. The post-balanced distribu-
tion is substantially flatter, enabling more controlled evalu-
ation of primitive-level recognition and structured prompt-
ing.

C. CameraMotionVQA Protocol

C.1. Prompt templates and answer normalization

Each 1-second clip in CameraMotionDataset is converted

into a 4-way multiple-choice VQA instance by pairing the

video with a fixed prompt template and four candidate label

sets (one correct and three distractors). We use the follow-

ing prompt string (shown verbatim) with lettered options:
<video>

Identify the camera motion depicted in
the video using standard cinematographic

terminology.
Options:

(A) <optA>
(B) <optB>
(C) <optC>
(D) <optD>

The reference answer is stored as Answer: <letter>.

Option text. For readability, we verbalize cw/ccw as
clockwise/counterclockwise in options, while pre-
serving all other primitive names (e.g., pan left, dolly
in). Multi-primitive options are formatted as a comma-
separated list in canonical order (Sec. A.2).

Answer parsing. Atevaluation time, we normalize model
outputs by extracting the first occurrence of a valid choice
letter in {A,B,C,D} (case-insensitive), optionally preceded
by the token Answer:. If no valid letter is found, model
output will be parsed to try to match the ground truth; oth-
erwise, the prediction is marked as invalid. This normaliza-
tion ensures a consistent, model-agnostic scoring interface
for VideoLLMs.

C.2. Distractor sampling algorithm

As shown in Algorithm 2, a naive distractor strategy (sam-
pling arbitrary label sets) can make questions either triv-
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Figure 2. Label-set distribution before and after re-balancing. We cap each canonical primitive combination at 200 segments. The
original distribution is highly skewed toward common directional motions, while the rebalanced dataset provides a more uniform coverage

across primitive combinations.

ial (e.g., mismatched label cardinality) or invalid (e.g., vi-
olating incompatibility constraints). We therefore sample
distractors from a precomputed pool Y of canonicalized,
constraint-valid label sets (Sec. A.2), stratified by label car-
dinality ¢ € {1, 2, 3}.

Complexity-matched distractors. Given a ground-truth
label set y* with complexity ¢ = |y*|, we sample distractors
using the following rule, matching the implementation in
our dataset generator:

e If ¢ = 1: sample 3 distractors from single-label sets and
1 distractor from two-label sets.

e If ¢ = 2: sample 2 distractors from two-label sets, 1 from
single-label sets, and 1 from three-label sets.

e If ¢ = 3: sample 2 distractors from two-label sets and 1
from three-label sets (then insert * to ensure one correct
option).

This yields a mixture of easy and moderately hard negatives

while avoiding degenerate cases where the correct answer is

identifiable solely by the number of primitives.

Constraint validity. All candidates (including dis-
tractors) are drawn from ), which contains only
incompatibility-consistent label sets. As a result, every op-
tion is valid under the same constraint system as the ground
truth, preventing models from exploiting constraint viola-
tions as shortcuts.

D. Additional Experimental Results
D.1. Classifier capacity ablation

We study the effect of classifier capacity on camera-motion
recognition. The classifier is a lightweight Transformer en-

Algorithm 2 Distractor sampling for CameraMotionVQA
(4-way MCQ)

Require: GT label set y*; pools V1, Va2, V3 of valid label sets with |y| =
1,2,3
R VO]
: if ¢ = 1 then
O < Sample(Y2,1) U Sample(Y1, 3)
else if c = 2 then
O < Sample(V1, 1) U Sample(Ys3, 1) U Sample(V2, 2)
else
O « Sample(Y2, 2) U Sample(Y3, 1)
end if
: Replace one element in O with y* to ensure exactly one correct option
: Verbalize cw/ccw — clockwise/counterclockwise; shuffle
and assign letters A-D
: return Options {(Av yA)7 (B7 yB)7 (07 yC): (Dv yD)} and correct
letter
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coder operating on frozen VideoLLM vision features. We
vary three architectural parameters: the number of encoder
blocks (2-6), the number of attention heads (4 or 8), and the
hidden dimension (256-896).

Fig. 3 plots accuracy as a function of model size. Across
all configurations, performance varies within a relatively
narrow range (about 0.71-0.79), indicating that increased
classifier capacity does not consistently translate to higher
accuracy. The best results are obtained with small mod-
els (20-50M parameters), while larger configurations with
wider hidden dimensions or additional layers do not provide
reliable improvements.

Increasing the number of attention heads yields a modest
gain (typically 1-2%), but the overall trend shows early sat-
uration: models larger than roughly 50M parameters do not
improve performance and sometimes degrade slightly. This
behavior is consistent with a representation bottleneck in
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Figure 3. Classifier capacity ablation. Accuracy versus classifier
size (M parameters) for varying Transformer depth, head count,
and hidden dimension. Overall performance saturates with small

models; using 8 attention heads yields a modest but consistent gain
over 4 heads.

the frozen vision features, but it may also reflect limited su-
pervision after re-balancing (Sec. B.2), where the effective
training set size is relatively small for fitting larger classi-
fiers. A potential direction to better exploit higher-capacity
heads is to increase data diversity via augmentation, e.g.,
temporal replay/resampling within the 1-second clip, syn-
thetic camera roll perturbations, and scale-preserving ran-
dom crops (to simulate focal-length and framing variation)
while keeping the motion label unchanged.

D.2. Per-label breakdown and confusion analysis

We provide per-label analysis for the three camera-motion
recognition pipelines used throughout the paper: VGGT
classifier (teacher cues), VGGT-Q-Former (distilled student
cues), and Q-Former probing (diagnostic baseline on frozen
VideoLLM vision features). Following Tab. 2 in the main
paper, we report class-averaged and frequency-weighted
scores: the overall Macro-F1/ Weighted-F1 are 0.87/0.92
(VGGT classifier), 0.83 /0.87 (VGGT-Q-Former), and 0.69
/ 0.74 (Q-Former probing). These aggregate gaps are re-
flected consistently in the per-primitive results in Tab. 3.

Per-label breakdown. Tab. 3 reports F1 for each prim-
itive. VGGT-derived cues yield uniformly strong perfor-
mance across most translation and rotation primitives, with
several classes exceeding 0.9 F1 (e.g., dolly in/out,
crane up/down, truck left/right, roll cw). Dis-
tilling VGGT cues into a compact Q-Former incurs a
moderate but systematic drop (typically 0.03—0.06 F1 per
class), while still substantially outperforming probing. This
aligns with the intended accuracy—throughput trade-off: the

Table 3. Per-primitive F1 scores. VGGT classifier achieves the
best accuracy and consistently outperform the other two meth-
ods. A similar trend is visible between VGGT-Q-Former and Q-
Former probing. However, the VGGT classifier requires running
the 3D backbone, leading to higher computational and memory
overhead. VGGT—Q-Former reuses frozen VideoLLLM vision fea-
tures and trades a modest accuracy drop for substantially higher
throughput. Compared to probing, both VGGT-derived variants
improve nearly all primitives, with the largest gains on ambiguous
motions (pan, tilt) and the static class.

VGGT VGGT- Q-Former
Primitive Classifier Q-Former Probing
arc ccw 0.88 0.83 0.68
arc cw 0.94 0.90 0.75
crane down 0.94 0.89 0.74
crane up 0.93 0.88 0.72
dolly in 0.94 0.90 0.78
dolly out 0.90 0.85 0.75
pan left 0.83 0.76 0.58
pan right 0.85 0.80 0.66
roll ccw 0.91 0.86 0.71
roll cw 0.97 0.92 0.83
static 0.65 0.44 0.27
tilt down 0.94 0.90 0.78
tilt up 0.89 0.83 0.69
truck left 0.93 0.88 0.74
truck right 0.92 0.88 0.77
Macro F1 0.87 0.83 0.69

VGGT classifier achieves the best recognition accuracy
but requires running the 3D backbone, whereas VGGT-Q-
Former reuses frozen VideoLLM visual features at infer-
ence time and is therefore significantly more efficient.

The most challenging class is static, which has the
lowest F1 across all methods. This is expected because
static is defined by the absence of dominant motion
above thresholds, and minor camera jitter or object-induced
apparent motion can easily trigger false positives. Similarly,
pan and tilt are moderately harder than most translation
primitives, as they are more easily confounded with arc-like
camera paths and with subtle changes in viewpoint.

Confusion analysis. Fig. 4 reveals that residual errors of
the VGGT classifier are highly structured and dominated
by a few recurring confusion patterns rather than broadly
distributed noise.

First, there is a pronounced tendency to over-predict
dolly out as a false positive across multiple ground-truth
classes: both crane up and crane down are frequently
mislabeled as dolly out (e.g., 15 and 9 counts, respec-
tively), and similarly for truck left/right (11 counts
each) and tilt up/down (8-7 counts). This suggests that,
in some segments, outward depth change acts as an “attrac-



tor” class, likely because multiple camera trajectories con-
tain a depth component and the mapping reduces a continu-
ous pose trajectory to discrete primitives.

Second, we observe systematic confusions among cou-
pled motions and axis-aligned primitives. In particular, arc
cw/ccw is often confused with dolly out and with hori-
zontal motion primitives (e.g., pan right), consistent with
the fact that arc combines yaw rotation with lateral transla-
tion and may also include a depth component depending on
the trajectory. For example, arc cw is frequently predicted
as dolly out or pan right, while arc ccw shows con-
fusion with truck right and dolly out.

Third, the largest single off-diagonal entry corresponds
to dolly in being misclassified as pan right (16
counts), indicating that certain trajectories exhibit concur-
rent yaw change and forward motion where the dominant
primitive is ambiguous at 1-second granularity. Similar in-
teractions appear between tilt and translation primitives,
where pitch changes co-occur with camera motion and lead
to mixed predictions.

Finally, static errors are sparse but concentrated:
when misclassified, static is most often predicted as
dolly out (3 counts), consistent with threshold-boundary
cases where small residual translation exceeds the “no dom-
inant motion” criterion.

Opverall, the confusion matrix indicates that the remain-
ing failure modes are driven primarily by (i) discretiza-
tion of continuous camera trajectories into primitives and
(i1) co-occurring multi-axis motions where one component
(notably depth change) is over-selected. This motivates
both the constrained multi-label formulation (to allow co-
occurrence) and future improvements in pose-to-label map-
ping (e.g., better dominance criteria for separating depth
change from vertical/lateral translation in short clips).

E. Full Prompts and additional Qualitative Ex-
amples

E.1. Full prompt templates

We evaluate how explicit camera-motion cues affect Vide-
oLLM generation using three prompts that share the same
video input (a sequence of uniformly sampled frames) and
differ only in whether and how motion information is com-
municated. The motion-header prompt follows the struc-
tured prompting design in the main paper (Sec. 3.5), where
a per-second motion list is prepended as a compact textual
scaffold [3].

Baseline prompt (generic description). This is the default
VideoLLM usage pattern: the model receives frames and
a generic captioning instruction, without any explicit cine-
matography cues.

Here are [N] consecutive video frames.
They are evenly sampled at a frame rate

of [r] FPS.

Describe the video clip using clear and
concise language. Make your description
in one paragraph.

In practice, this prompt often yields content-correct but
camera-vague descriptions, and may conflate camera mo-
tion with object motion.

Structured prompt (filmmaker-style instruction). Moti-
vated by the qualitative prompting protocol, we reformulate
the instruction in filmmaking language to explicitly request
cinematographic attributes (lighting, framing, composition)
and to encourage temporal linking across frames.

Here are [N] consecutive video frames.
They are evenly sampled at a frame rate
of [r] FPS.

Describe this video using the filmmaker’s
language, highlighting the lighting,
framing, video composition, and
especially camera usage that connects
different frames. For example: ‘‘At the
beginning, <video content>; then <camera
motion>, <video content>; ...; finally,
<camera motion>, <video content>’’. Make
your description in a paragraph.

This structure improves the intent to discuss camera usage,
but it still requires the VideoLLM to infer motion direction
and temporal evolution solely from its visual representation.
Camera motion injected structured prompt. We inject
predicted motion primitives as a short header before the
same filmmaker-style instruction. Following Sec. 3.5 of
the main paper, a shot with S one-second segments is se-
rialized as a list Per-second camera motion: [mi,

., ms], where each my is a canonicalized set of primi-
tives (e.g., static or pan left + tilt up).

Here are [N] consecutive video frames.
They are evenly sampled at a frame rate
of [r] FPS.

Per—-second camera motion: [ml, m2, ...,
mS] .

Describe this video using the filmmaker’s
language, highlighting the lighting,
framing, video composition, and
especially camera usage that connects
different frames. For example: ‘YAt the
beginning, <video content>; then <camera
motion>, <video content>; ...; finally,
<camera motion>, <video content>’’. Make
your description in a paragraph.

This modification is training-free: it does not change Vide-
oLLM weights or architecture, but conditions generation on
an explicit motion prior.

We design the motion header to be compact, structured,
and physically grounded (primitive taxonomy with con-
straints). This choice is motivated by two empirical ob-
servations. First, probing shows that camera motion is
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Figure 4. Cross-label confusion for the VGGT classifier. Rows denote ground-truth primitives and columns denote falsely predicted
primitives (higher intensity indicates more frequent confusion). The label order matches Tab. 3 and the dataset primitive indices.

only weakly recoverable from frozen VideoLLM vision
features, making direction and temporal consistency brit-
tle without additional cues. Second, camera motion is in-
trinsically compositional and time-indexed; a per-second
list matches the segment granularity of our benchmark and
provides a stable alignment target for the language model.
As discussed in the main paper, providing explicit per-
second motion labels encourages temporally grounded nar-
ratives, reduces motion-direction hallucinations, and biases
the model toward continuity-aware reasoning (e.g., linking
subject changes to camera transitions) rather than producing
generic cinematography statements.

E.2. More qualitative examples

To further illustrate the effect of camera-motion prompting,
we provide additional qualitative examples from CineTech-
Bench [7]. For each clip, we compare the outputs produced
by the three prompt variants described in Sec. E.1: baseline,
structured, and our motion-header prompt.

Figures 5 (Clip2) and 6 (Clip3) show sampled frames
from two example clips. Together with the example shown
in the main paper (Clipl), we present three representative

cases covering different camera motions and scene types.
For each clip, we report the generated descriptions under
the three prompt settings, resulting in nine outputs in total
(Tab. 4, 5, 6). Key phrases related to camera motion are
highlighted for comparison.

Across the three examples, the baseline prompt primar-
ily focuses on scene content and rarely provides reliable
descriptions of camera motion. The structured prompt en-
courages the model to discuss cinematographic aspects, but
the inferred motion cues are often ambiguous or incorrect.
For instance, in Clip1, the structured prompt incorrectly de-
scribes the motion as a whip pan to the right, while the in-
jected motion header leads the model to correctly describe
alternating pan-left and pan-right movements that match
the camera dynamics. In Clip2, the structured prompt iden-
tifies a rolling camera but does not clearly specify its di-
rection or temporal progression, whereas the motion-header
prompt explicitly grounds the description in a clockwise
roll combined with frucking and dolly-out movements, pro-
ducing a more precise and temporally coherent narrative.
In Clip3, the structured prompt relies on loosely defined
cinematographic terms such as “push-in” or “tracking for-
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Figure 6. Clip3 sampled frames from CineTechBench [7].



Table 4. Qualitative comparison of model-generated descriptions for Clipl under different prompt templates. Camera motion-related

phrases are highlighted in bold.

Baseline prompt

‘ Structured prompt (filmmaker-style instruction) ‘ Camera motion injected structured prompt

This video portrays a dramatic musical per-
formance scene. It begins with a conduc-
tor, dressed in black, gesturing with preci-
sion and intensity, likely cueing the start of
a musical piece. His facial expression is
focused and assertive, signaling a moment
of high tension. The camera quickly pans
with motion blur, transitioning to a drum-
mer mid-performance, energetically striking
the drums while accompanied by a bassist.
The motion blur appears again between
frame changes, emphasizing swift camera
movement or cuts to maintain rhythmic pac-
ing. The conductor reappears in subsequent
frames, continuing to direct with expressive
hand movements, culminating in another
quick blur before returning to the drum-
mer, now deeply immersed in an intense and
possibly climactic moment. The alternat-
ing shots and dynamic movement suggest a
tightly edited sequence synchronized with
musical tempo, evoking a sense of urgency
and artistic fervor typical of a performance
climax.

At the beginning, the video opens with a medium
close-up of the conductor, dramatically lit with fo-
cused, warm stage lighting that casts soft shadows and
isolates him against the dimly lit auditorium, empha-
sizing his stern facial expression and sharp, deliberate
hand gestures. Then, a rapid whip pan to the right
(evident from motion blur) bridges the visual tran-
sition, dynamically redirecting the viewer’s focus to
the drummer. The camera settles into a medium-
wide shot of the drum set, capturing the drummer
mid-performance under similarly warm, directional
lighting that accentuates the shimmer of the cymbals
and the energy of his movements. The framing in-
cludes part of the upright bassist, preserving ensemble
context while maintaining the drummer as the focal
point. Another whip pan follows, visually echoing
the earlier motion and swiftly returning the viewer to
the conductor. As the video cuts back, the conductor
appears more animated in his movements, with tight
framing and consistent lighting maintaining visual
continuity. A final whip pan transitions back to the
drummer, who now performs with increased inten-
sity, reinforcing the escalating rhythm and emotional
tension through repeated visual interplay. The se-
quence’s camera work-marked by fluid whip pans—
mirrors the musical tempo, while the lighting and
composition maintain dramatic cohesion, heightening
the confrontation and synchrony between conductor
and performer.

At the beginning, under warm, low-key stage lighting,
a static medium closeup frames the conductor from
stage right, isolating him against a softly lit audito-
rium background as he cues the ensemble with pre-
cise hand gestures. Then, a pan-left motion bridges
the space, transitioning fluidly into a medium shot of
the drummer, dynamically lit from above to empha-
size the percussive energy and motion blur of his
performance. Next, a pan-right swiftly returns the
focus to the conductor, capturing his sharp directional
cues in a near-symmetrical composition that mirrors
the earlier frame, reinforcing continuity through mo-
tion. A static shot then holds on the conductor, now
mid-gesture, in tighter framing that heightens dra-
matic tension while maintaining spatial coherence.
Finally, a pan-left reintroduces the drummer in a
more intensified moment-his kinetic energy visually
amplified through rhythmic lighting and a centered
composition that anchors the visual climax. The se-
quence skillfully employs lateral camera movement
and repeated framing motifs to synchronize the vi-
sual rhythm with the musical performance, creating a
cohesive and propulsive cinematic language.

Table 5. Qualitative comparison of model-generated descriptions for Clip2 under different prompt templates. Camera motion-related

phrases are highlighted in bold.

Baseline prompt

‘ Structured prompt (filmmaker-style instruction) ‘ Camera motion injected structured prompt

The clip shows a wounded man lying mo-
tionless on the forest floor among ferns and
leaves, his face bruised and smeared with
blood, suggesting he has been injured or un-
conscious. The camera gradually shifts its
framing across the scene, revealing more of
his body and the surrounding foliage as his
head slowly tilts to the side. After remain-
ing still for several moments, he begins to
stir slightly, moving his head and hand as if
regaining consciousness. Toward the end of
the clip, another person enters from the left
side, reaching toward him and leaning over
his body, apparently checking on him or at-
tempting to help him while the injured man
weakly reacts.

At the beginning, the shot opens in a dim, cool-toned
forest, lit by soft bluish ambient light. A tight over-
head close-up frames a wounded man lying among
ferns and damp leaves, his face near the center while
foliage fills the surrounding space. As the sequence
progresses, the camera slowly drifts laterally while
rolling, shifting the man’s face from a frontal view
to a slightly oblique angle. The framing gradually
widens from a centered close-up to a looser, off-
center composition, revealing more of his shoulder
and the forest floor. The continuous roll with gen-
tle tracking slides his head toward the lower part
of the frame while foliage expands across the upper
area, creating a drifting, hovering sensation. Toward
the end, the camera dollies slightly outward while
maintaining the roll, widening the overhead view as
another person enters from the left and leans toward
the injured man. The shot settles into a loose over-
head two-shot, both figures partially visible among
the ferns, with the slow rolling camera motion unify-
ing the sequence into a calm but tense visual moment.

The shot opens in a dim, cool-toned forest with soft
bluish lighting. A wounded man lies among ferns and
damp leaves, framed in a tight overhead close-up
that centers on his face and upper torso. The cam-
era rolls slowly clockwise, keeping the close framing
while rotating the horizon so the foliage appears to
drift around him, creating a disorienting sense of in-
stability. Midway through, the motion becomes more
complex: the camera continues the clockwise roll
while trucking left and craning up, gradually widen-
ing the view and revealing more of the forest floor.
Soon after, the camera maintains the roll and begins
a gentle dolly out, expanding the overhead composi-
tion. As the frame widens, another figure enters from
the left, kneels beside the injured man, and reaches
toward him. The shot ends in a wider overhead view,
with both figures visible among the ferns as the slow
rolling, outward-moving camera connects the se-
quence into a somber, atmospheric moment.

ward,” which describe similar motion but lack a consis-
tent taxonomy and omit the camera roll entirely. In con-

trast, the motion-header prompt enforces explicit primitives
such as dolly-in and roll clockwise, yielding a more uni-



Table 6. Qualitative comparison of model-generated descriptions for Clip3 under different prompt templates. Camera motion-related

phrases are highlighted in bold.

Baseline prompt

‘ Structured prompt (filmmaker-style instruction) ‘ Camera motion injected structured prompt

A man wearing a long dark coat walks for-
ward through a grand, modern throne room
with floor-to-ceiling windows overlooking a
futuristic city. Several guards in coordinated
red uniforms stand symmetrically on both
sides of the room, holding spears and watch-
ing as he approaches a large, curved ceremo-
nial throne positioned at the center. Other ar-
mored attendants and officials stand nearby,
observing quietly. The man slows as he
reaches the throne, turns slightly, then low-
ers himself into the seat, gripping the arm-
rests and settling into a commanding posture
while the guards remain lined up behind him,
reinforcing the formal and authoritative at-
mosphere of the scene.

At the beginning, a slightly canted medium-wide
establishing shot inside a grand, glass-walled hall,
where bright natural daylight floods in from the floor-
to-ceiling windows behind the characters, producing
strong backlighting and soft silhouettes. In the fore-
ground, a man in a long dark coat walks toward a large
circular throne-like structure positioned at the center
of the frame, while symmetrical rows of red-armored
guards stand rigidly in the background, forming a vi-
sual corridor that guides the viewer’s eye inward. As
the shot progresses, the camera slowly tracks for-
ward behind him, gradually straightening its angle
and tightening the framing, turning the initial off-
axis composition into a more centered, ceremonial
perspective. The circular throne becomes a domi-
nant compositional element, framing the character as
he approaches; the guards remain evenly spaced on
both sides, reinforcing the symmetry and depth of the
mise-en-scene. Continuing the forward push-in, the
camera subtly lowers and stabilizes into a frontal
alignment as the man reaches the throne, placing him
precisely on the central axis of the architecture and
the guard formation. He then turns and lowers him-
self into the seat, the movement captured in a steady
medium shot that emphasizes the ritualistic nature of
the action. Finally, as he settles into the throne and
grips the armrests, the camera completes its push-
in to a centered, balanced composition: the char-
acter sits framed by the curved throne behind him,
flanked symmetrically by the guards and the luminous
cityscape beyond the windows, creating a powerful
throne-room tableau under strong backlighting.

At the beginning, a slightly canted wide shot re-
veals a grand, glass-walled hall flooded with soft day-
light from floor-to-ceiling windows, the bright skyline
forming a luminous backdrop while a group of red-
armored guards stands in symmetrical formation. A
man in a dark coat walks toward a sculptural throne
framed by two curved metallic blades. As the camera
dollies in while rolling clockwise, the off-axis fram-
ing creates a subtle sense of motion and tension, grad-
ually tightening the composition around the man’s
back and the throne. The dolly-in with clockwise roll
continues, bringing the throne into clearer alignment
behind him while the guards remain evenly spaced on
both sides, their red armor catching rim light from the
windows. The lighting stays high-key and backlit,
outlining figures with soft highlights while the fore-
ground remains slightly shadowed, adding depth. As
the camera keeps dollying in and rolling clockwise,
the frame slowly levels and the throne becomes cen-
tered in the composition. The man turns and low-
ers himself toward the seat, the curved blades of
the throne visually framing his body. Finally, the
dolly-in with clockwise roll resolves into a cen-
tered medium shot, where he settles into the throne
and grips the armrests, with the guards standing sym-
metrically behind him and the bright cityscape still
glowing through the windows, completing the cam-
era’s smooth approach and stabilizing the composi-
tion around his newly assumed position of authority.

fied and geometrically grounded description. These exam-
ples highlight that while structured prompting alone en-
courages camera-aware language, providing explicit mo-
tion primitives substantially improves directional correct-
ness, terminological consistency, and temporal grounding
in VideoLLM-generated descriptions.

F. Additional Discussion

F.1. Synthetic-to-real gap

Our benchmark is deliberately built on synthetic data from
MultiCamVideo [ 1] to obtain ground-truth camera extrinsic
parameters that are unavailable in real-world datasets. This
design choice provides precise, physically grounded labels
free from annotation noise, but introduces a domain gap
with respect to real-world video characteristics such as lens
distortion, motion blur, rolling shutter artifacts, and non-
uniform lighting.

We view this synthetic benchmark as a diagnostic tool
rather than a claim of real-world coverage: it isolates cam-
era motion understanding from confounds that plague man-
ual annotation (e.g., visual illusions caused by object mo-

tion, subjective labeling of ambiguous clips). Limited by
time and computational resources, evaluation and explo-
ration of real-world applications are not covered in this
work. To mitigate the gap, several strategies can be pursued
in future work:

* Real-world evaluation. Benchmarks such as Camer-
aBench [3] provide human-annotated camera motion la-
bels for real videos, albeit at coarser granularity and with
camera motions not fully defined in the camera coordi-
nate system. Testing our pipeline on CameraBench would
quantify how well the VGGT-based classifier generalizes
beyond the synthetic domain. We note that VGGT itself
is pretrained on diverse real-world data, which may facil-
itate transfer.

* Domain adaptation via augmentation. We outline a
data augmentation strategy (Sec. G) that introduces real-
istic visual effects (zoom, motion blur, camera shake) to
narrow the appearance gap.

* Mixed training. Future work can combine our synthetic
labels with pseudo-labels from real videos (e.g., gener-
ated by running SfM on in-the-wild footage) to improve
robustness.



We emphasize that the primary contribution of this work
is to inspire the VLM community to consider explicit embed-
ding or incorporation of camera motion information. The
synthetic benchmark serves as a proof of concept demon-
strating: (1) current VideoLLMs have a measurable camera-
motion blindness; (2) geometric cues from 3DFMs can sub-
stantially improve recognition; and (3) structured prompt-
ing is a viable injection mechanism. These findings are in-
dependent of the data domain and motivate further investi-
gation on real-world data.

F.2. Camera intrinsics and zoom

Our current taxonomy covers 15 primitives derived en-

tirely from camera extrinsic parameters (translation and

rotation), intentionally omitting intrinsic changes such as
zoom (focal-length variation). This is a notable limitation,
as zoom is a fundamental cinematographic technique that is

frequently confused with dolly motion [3].

The omission is a deliberate scope choice: Multi-
CamVideo provides precise extrinsic trajectories but does
not vary focal length across frames, making it unsuitable
for zoom annotation. Extending the taxonomy to include
zoom requires either:

* Synthetic data with intrinsic variation. Rendering en-
gines can simulate zoom by programmatically varying the
virtual camera’s focal length. Combined with the exist-
ing extrinsic trajectories, this would yield a richer motion
space. We outline a zoom simulation strategy via post-
hoc cropping in Sec. G.

* Real-world intrinsic estimation. Modern 3DFMs and
StM pipelines can jointly estimate camera intrinsics from
video; however, disentangling true optical zoom from
digital zoom or dolly-induced scale change remains chal-
lenging.

We note that our pipeline architecture is agnostic to the
number of motion primitives: the multi-label classifier and
incompatibility matrix can be extended to include zoom-in
and zoom-out as additional labels once appropriate training
data is available. In the data augmentation section (Sec. G),
we propose a series of augmentations that cover zoom-in
and zoom-out simulation (while not reflecting true optical
changes). Training on the augmented data does not require
any architectural change and can be a practical step toward
improving robustness to zoom-like effects in real videos.

F.3. Joint training vs. plug-and-play

A natural question is whether directly feeding VGGT fea-

tures into a VideoLLM and jointly training on camera mo-

tion data would yield better results than our plug-and-play

approach. We chose the latter for several reasons:

¢ Model agnosticism. Our pipeline works with any Vide-
oLLM without modifying its weights. Joint training
would require per-model adaptation and access to the

original training infrastructure.

* No VideoLLM fine-tuning cost. Fine-tuning a 7B+
VideoLLM on camera motion data risks catastrophic for-
getting of general video understanding capabilities, re-
quiring careful multi-task training.

* Modularity and interpretability. The structured prompt
provides an explicit, human-readable interface between
camera cues and the VideoLLM, making it straightfor-
ward to verify, debug, or override motion predictions.

Recent work such as VLM-3R [2] demonstrates that

trainable 3D-enhanced VLMs can achieve strong spatial-
temporal understanding by fusing camera tokens during
training. We view our plug-and-play approach and train-
able approaches as complementary: ours provides an im-
mediate, low-cost solution, while joint training may achieve
higher ceilings given sufficient compute and data. Limited
by computational resources, the joint-training approach is
not adopted and evaluated in this work, while a systematic
comparison between these paradigms is an important direc-
tion for future work.

F.4. VGGT dependency and practical deployment

The strongest variant of our pipeline relies on VGGT (1.2B
parameters), which adds computational overhead. We ad-
dress this concern through three observations:

* Distillation reduces cost substantially. The VGGT-Q-
Former distillation achieves 5.3 throughput improve-
ment at 39% peak memory, with only a 10-point drop in
instance-level accuracy. This demonstrates distillation as
a promising path to making the pipeline practical for ap-
plications that require real-time or large-scale inference.

e The 3DFM ecosystem is rapidly improving.
LiteVGGT [5] already reduces VGGT’s cost through
geometry-aware token merging. As lighter 3DFMs
emerge, our pipeline directly benefits without archi-
tectural changes. Moreover, camera awareness can
complement the VLM and VLA communities’ on-
going efforts to incorporate 3D geometry into video
understanding.

* Camera cues are computed offline. For applications
like media indexing, retrieval, or batch captioning, VGGT
inference can be amortized as a one-time preprocessing
step, after which only the lightweight classifier runs on-
line.

G. Proposed Data Augmentation Strategy

To improve robustness and bridge the synthetic-to-real gap,

we propose the following augmentation strategies appli-

cable during classifier training. Each augmentation must

respect compatibility with existing camera motion labels

(Fig. 7).

1. Zoom-in / Zoom-out simulation. Since the source data
lacks focal-length variation, we simulate zoom effects
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Figure 7. A visualization of the proposed data augmentations. For
each augmentation, the left column shows the starting frames and
the right column shows the augmented ending frames, because the
augmentation is applied to the entire segment.

via progressive center cropping (zoom-in) or padding

with border extrapolation (zoom-out) across frames in

a segment. The crop ratio is linearly interpolated from

1.0 to a target ratio sampled in [0.6,0.9] for zoom-in,

and reversed for zoom-out. Compatibility: zoom-in and

dolly-in should not co-occur as labels; an updated in-
compatibility matrix enforces this constraint.

2. Reverse play. Temporally reversing a segment swaps
directional labels (e.g., pan-left <+ pan-right,
dolly-in 4> dolly-out), effectively doubling the
training set with consistent labels. Compatibility: all di-
rectional primitives must be symmetrically swapped.

3. Random center cropping. Cropping with a ratio sam-
pled in [0.6, 0.9] simulates varying fields of view and re-
moves border artifacts. Since the crop is spatially cen-
tered and consistent across frames, it does not alter cam-
era motion labels. Compatibility: compatible with all
motion primitives.

These augmentations are designed to be applied jointly
with the original camera motion labels, requiring no re-
annotation. The augmentation pipeline can be integrated
into the training dataloader with minimal overhead. We also
considered camera shake simulation (per-frame random
translations and roll rotations with temporal smoothing) and
motion blur via frame blending (a-compositing of adja-
cent frames). However, we did not implement these two
augmentations: the degree of shake and blur are difficult
to label in a categorical framework, and more importantly,
detecting their presence in real footage is efficiently han-
dled by conventional signal-processing methods, making
model-based prediction less beneficial for these attributes
compared to semantic camera motion primitives.

H. LLM-as-Judge Evaluation Protocol

To enable systematic evaluation of camera-aware video de-
scriptions beyond qualitative inspection, we propose an
LLM-as-judge protocol [8]. This protocol uses a large lan-
guage model to score VideoLLM-generated descriptions
along multiple cinematographic dimensions. Fig. 8 pro-
vides the full prompt template, which includes detailed
scoring criteria for each dimension. The LLM evaluates
each description based on its alignment with ground-truth
camera motion labels, temporal coherence, reproducibility

Table 7. LLM-as-judge scores for three prompting strategies.
Scores range from 1 (poor) to 5 (excellent). Injecting camera mo-
tion labels (P3) yields the largest gains in cinematographic accu-
racy and temporal continuity.

Prompt CA TC RD NM LQ Final
P1: Baseline 1 2 1 3 4 1.75
P2: Filmmaker 3 3 4 5 5 3.65

P3: + Motion labels 4 4 3 4 5 3.85

of camera work, narrative tone, and language quality. This
approach enables scalable, consistent evaluation that com-
plements human judgment and provides quantitative met-
rics for future research.

Each generated description is evaluated on five dimen-
sions, each scored from 1 (poor) to 5 (excellent):

1. Cinematographic Accuracy (CA). Does the descrip-
tion correctly identify camera motion types, shot scales,
and framing? Are technical terms (pan, tilt, dolly, truck,
crane, static) used accurately and consistently with the
ground-truth motion labels?

2. Temporal Continuity (TC). Does the description fol-
low the temporal progression of the video? Are cam-
era motions described in the correct chronological or-
der? Does it capture transitions between different mo-
tion phases?

3. Reproducibility Detail (RD). Could a cinematographer
recreate the described camera work from the description
alone? Are directions, durations, and spatial relation-
ships specified precisely enough?

4. Narrative Mood & Tone (NM). Does the description
convey the artistic intent and emotional quality of the
camera work? Does it connect camera choices to narra-
tive effect?

5. Language Quality (LQ). Is the description fluent, well-
structured, and free of contradictions? Does it use pro-
fessional cinematographic vocabulary appropriately?

H.1. Preliminary Results

To validate the evaluation protocol, we apply it to descrip-
tions generated by GPT-4o0 from a single example clip (Fig.
7 in the main text). We compare the three prompting strate-
gies used in the qualitative analysis:
P1. Baseline: “Describe this video in detail in a paragraph.”
P2. Filmmaker’s language: Request a description using cin-
ematographic terminology (lighting, framing, composi-
tion, camera usage) with a temporal structure template.
P3. Filmmaker’s language + motion labels: Same as P2,
with ground-truth per-second camera motion labels
prepended (e.g., [static, pan-left, pan-right,
static, pan-left]).
Several observations emerge. The baseline prompt (P1)
produces fluent but cinematographically vague descriptions,



LLM-as-Judge Prompt Template

You are an expert cinematographer evaluating a video description. You are given:
— Ground-truth per-second camera motion labels: [{motion,labels}]
— The generated video description: [{description}

Score the description from 1 to 5 on each of the following dimensions:

1. Cinematographic Accuracy (CA)
Assess whether the description correctly and precisely identifies camera angle, framing,
lens focal length, camera movement (direction and speed), lighting type and direction, and

composition.

e 5: All key elements correct, using industry-standard terminology.

* 4: Mostly accurate with minor omissions or ambiguity.

e 3: Some inaccuracies or generalizations; partially correct terminology.
e 2: Several incorrect elements; relies on non-technical language.

e 1: Inaccurate or vague; lacks meaningful cinematographic detail.

2. Temporal Continuity (TC)
Measure how clearly the description communicates the sequence of events, camera transitions, and
rhythmic or pacing logic throughout the scene.

e 5: Seamless, accurate timeline; per-shot motion and transitions are logically and temporally
clear.

e 4: Mostly clear sequence with minor inconsistencies or vague transitions.

e 3: Partial timeline or implied transitions; lacks precise continuity.

e 2: Confusing or incorrect sequence; missing or inaccurate motion description.

e 1: Lacks chronological structure; incoherent scene progression.

3. Reproducibility Detail (RD)

Evaluate whether the description provides sufficient technical detail for a filmmaker to recreate
the scene, including shot scale, camera positioning, blocking, movement mechanics, lighting
setup, frame duration, and scene geometry.

e 5: Fully reproducible; contains all necessary technical elements.
* 4: Mostly reproducible; a few minor missing parameters.
e 3: Some useful information; key elements (e.g., camera height, lighting angles) are missing.

.
N

Vague and incomplete; only general scene description present.
Not reproducible; lacks all relevant production-level detail.

.
i

4. Narrative Mood & Tone (NM)

Measure the description’s ability to convey the emotional atmosphere, dramatic intention, and
cinematic tone (e.g., tension, melancholy, exuberance), as well as the subjective energy of the
scene.

e 5: Strong emotional clarity aligned with visual style and editing rhythm.

Clear tone with some expressive nuance.

Functional tone description; lacks depth or resonance.

Tone is underdeveloped or inconsistent.

No discernible mood or emotional quality.

.
=N W

5. Language Quality & Fluency (LQ)

Assess overall clarity, precision, and fluency of the writing, with a focus on cinematographic
vocabulary, cohesion, and technical correctness in grammar and syntax.

e 5: Polished, technically fluent, and lexically precise.

e 4: Clear and correct with minor stylistic or lexical weaknesses.

e 3: Mostly clear; occasional awkward phrasing or imprecise terminology.

e 2: Grammatically flawed or inconsistent in tone or register.

e 1: Unclear, ungrammatical, or non-professional.

For each dimension, provide: (1) Score (1--5), and (2) One-sentence justification.

Finally, compute the weighted average:
Final = 0.30+CA + 0.25+«TC + 0.25%RD + 0.10%NM + 0.10+LQ

Figure 8. The full prompt template for the LLM-as-judge evaluation protocol.

scoring lowest on accuracy and reproducibility. Request- when ground truth is pan-left), limiting the accuracy and
ing filmmaker’s language (P2) substantially improves repro- temporal continuity scores. Injecting ground-truth motion
ducibility and narrative tone, but camera motion directions labels (P3) corrects these directional errors and improves

remain incorrect (e.g., describing a “whip pan to the right” temporal alignment, raising the final score from 3.65 to



3.85. The largest per-dimension gain appears in cinemato-
graphic accuracy (+1) and temporal continuity (+1), directly
validating the core hypothesis of our structured prompting
approach: providing explicit camera motion cues enables
more precise and faithful video descriptions.

These preliminary results, while based on a single exam-
ple, demonstrate that the evaluation protocol can meaning-
fully discriminate between prompting strategies of varying
informativeness, and that the structured motion header is
the key factor driving improvement. We leave large-scale
evaluation across the full dataset to future work.
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