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Abstract. Understanding camera movement in natural language is crit-
ical for training and evaluating video generation models, among other ap-
plications. However, we demonstrate that existing vision-language mod-
els (VLMs) fail this task in surprising ways, frequently confusing trans-
lation with rotation, left with right, and object movement with camera
movement. To address these limitations, we establish natural language
camera movement understanding as a standalone research task. We in-
troduce a two-level cinematographic taxonomy and an extensive, atomic
benchmark featuring both real and synthetic videos. Furthermore, we cu-
rate a large-scale, multi-source training set enhanced by targeted camera
movement augmentation. Our fine-tuned VLM-8B outperforms Gemini
3.1 Pro by 10% and 11% on our benchmark’s real and synthetic videos,
respectively. Despite these gains, a significant gap remains relative to hu-
man performance, underscoring the need to promote and facilitate future
research on natural language camera movement understanding.

Keywords: Camera movement understanding · Vision language models
· Video understanding

1 Introduction

Camera movement is one of the most powerful tools in filmmaking [4,6,15,25,32],
influencing how audiences perceive and engage with the narrative. Filmmakers
deliberately use specific camera movements to serve distinct storytelling pur-
poses. For instance, a ‘dolly in’ shot can emphasize a character’s internal re-
alization, while a pan shot can reveal new spatial details (see more examples
of camera movement in Fig. 1). In recent years, modern video generation mod-
els [5,9,16,17,23,37,48] have begun to explicitly incorporate camera movement
into the generation process; users are now describing camera movement using
cinematographic text prompts (e.g., ‘A slow pan’) to guide video generation.

Natural language understanding of camera movement is more important than
ever. As modern text-to-video generation models are increasingly being used to
generate dynamic scenes with varied camera movements, enhancing the control-
lability of these specific movements heavily depends on massive, high-quality
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Tilt Down

Pan Right

Roll Clockwise

Boom Down

Truck Right

Dolly In

Fig. 1: Some examples of camera movements in cinematographic practice: Camera
rotations (pan, tilt, roll) and translations (boom, dolly, truck).

video-text pairs. Therefore, robust models capable of automatically filtering, cu-
rating, and captioning cinematographic camera movements in large-scale, unan-
notated videos are becoming increasingly relied upon to eliminate the bottle-
neck of expensive manual annotation. Simultaneously, in terms of model eval-
uation [14, 24, 33, 40], the ability to automatically and reliably verify whether
generated videos faithfully execute specific camera prompts has become indis-
pensable for benchmarking modern generative systems.

Unlike traditional camera pose estimation tasks [12,20,27,39,41], which esti-
mate per-frame poses in coordinate space, natural language understanding oper-
ates at the semantic level. It maps spatio-temporal visual cues directly to human-
interpretable cinematographic languages. While geometry-based methods pro-
vide accurate trajectories, they are not as accessible to common users as lan-
guage prompts and often fail to infer object-centric camera movements [21, 47],
such as ‘tracking’ and ‘arc’. Furthermore, their reliance on depth estimation
and calibrated intrinsics makes them computationally heavy and unnecessar-
ily complex for natural language camera movement understanding. We believe
vision-language models (VLMs) [2, 3, 18, 26, 35, 42, 44, 50] offer a more suitable
and scalable framework for this task.



Natural Language Camera Movement Understanding 3

Table 1: Taxonomy of camera movements with cinematographic terminology.

Translation

Dolly In
(Move in, Push in, Move for-
ward)

Dolly Out
(Move out, Pull out, Move
backward)

Truck Left
(Move to the left)

Truck Right
(Move to the right)

Boom Up
(Pedestal up, Crane up, Move
upwards)

Boom Down
(Pedestal down, Crane down,
Move downwards)

Rotation
Pan Left Pan Right
Tilt Up Tilt Down
Roll Counterclockwise Roll Clockwise

Focal Length Change Zoom In Zoom Out

Static Static (Stationary, Fixed, No movement)

Object-centric Movement Tracking
(Follow shot)

Arc
(Orbit)

Drawing upon established cinematography literature [15, 25], we categorize
various camera movements into a two-level taxonomy of 17 distinct classes (sum-
marized in Tab. 1). This taxonomy comprehensively covers camera translations,
rotations, focal-length changes, object-centric movements, and static shots. Cru-
cially, it provides a channel to systematically investigate the capability of camera
movement understanding in VLMs. Although recent works [7, 19, 21, 22, 43, 46]
have observed that VLMs struggle significantly with this task, the underlying
reasons for their poor performance remain largely unexplored. In this work, we
conduct an in-depth analysis to investigate why camera movement understand-
ing is so challenging for VLMs. Through preliminary evaluations, we find that
their inherent deficiencies fall under five failure modes: VLMs are insensitive
to subtle inter-frame changes, confuse physical movement with angular change,
and frequently misinterpret movement direction. Furthermore, they struggle to
distinguish between optical zoom and physical dolly, and also conflate object
movement with global camera movement.

These challenges are nontrivial. We tackle them by first promoting natu-
ral language camera movement understanding as a standalone research problem
rather than allowing it to become a minor part of fine-grained motion [7,10,36],
cinematography [13, 19, 22, 28, 29, 34, 43, 46], and camera motion primitives [21].
We then instantiate it with a comprehensive and atomic benchmark contain-
ing real-world cinematography and synthetically generated videos, in response
to the needs of curating real-world video-text training data and automatic rat-
ing of modern video generation models. We purposely choose atomic camera
movements in the benchmark—one target camera movement per video clip for
evaluation—leaving the combination of multiple movements for future work.
Finally, we strive to deliver the best-performing VLM model for camera move-
ment understanding by constructing a large-scale training dataset annotated
with camera movement labels from five data sources and applying targeted data
augmentation to explicitly enhance motion perception. We fine-tune Qwen3-VL-
4B and 8B [2] on the curated dataset, achieving relative improvements of 10%
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Q: What is the camera movement in this video shot? Please answer with only the letter of the 
correct option (A or B). A. Static  B. Push in

The camera movement is a push in. The foreground architectural elements, such as the  
door frame and columns, gradually shift inward and become partially cropped out of the 
frame. This change in spatial relationships and occlusion indicates forward camera 
motion rather than a static shot.          

The camera remains stationary throughout the video, capturing the couple seated at the 
table on the balcony without any movement or change in perspective. (Qwen3-VL-8B)                      

Qwen3-VL-4B: A❌ Qwen3-VL-32B:A❌Qwen3-VL-8B:A❌ Human:B ✅

Fig. 2: An example illustrating VLMs’ limited sensitivity to small camera movement.

on real-world videos and 11% on synthetic videos over the strong proprietary
model Gemini-3.1-Pro. However, a human study still exposes a substantial gap
in performance between our best VLM and human, thus calling for future and
more extensive research on natural language camera movement understanding.

2 Why is camera movement understanding challenging
for current VLMs?

To provide an initial understanding of why this task is so challenging for VLMs,
we conduct preliminary evaluations and present several illustrative examples.
We find that their deficiencies fall under five failure modes. We elaborate on
each of these failure modes in the following subsections. Detailed experimental
setups are provided in the supplementary material.

2.1 Difficulty in Perceiving Small Camera Movement

We observe that VLMs frequently misclassify dynamic camera movement as
‘static’, particularly when the movement intensity is moderate, suggesting lim-
ited sensitivity to inter-frame differences. In contrast, such differences are readily
perceptible to humans. As shown in Fig. 2, humans can easily infer that the de-
picted camera movement is ‘push in’ by perceiving and localizing changes in the
foreground, whereas Qwen3-VL models [2] consistently predict these videos as
‘static’. To further quantify this issue, we focus on the ‘push in’ category and
manually divide the corresponding videos into three levels of camera movement:
low, medium, and high. We then construct a binary-choice question-answering
task to evaluate whether models can detect the camera movement. As shown
in Tab. 2, Qwen3-VL-32B and Gemini-3-Pro perform near or below random
chance under low intensity motions, revealing a substantial gap between VLMs
and human perception.
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Table 2: VLM accuracy on ‘push in’ vs. three levels of camera movement intensity
and the number of frames fed to VLMs.

Frames=8/Fps=1 Frames=16/Fps=2 Frames=32/Fps=4

Model Low Medium High Low Medium High Low Medium High

Random 50.00 50.00 50.00 50.00 50.00 50.00 50.00 50.00 50.00

Qwen3-VL-32B [2] 41.67 81.90 100.00 52.08 86.67 100.00 45.83 88.57 100.00
Gemini-3-Pro [35] 29.17 47.62 85.37 31.25 56.19 100.00 29.17 58.10 92.68

GT: Truck Right GT: Pan Left

Qwen3-VL-8B Pan Right ❌

Qwen3-VL-32B Pan Right ❌

Qwen3-VL-8B Truck Left ❌

Gemini-3-Pro Pan Right ❌

Scenes with Moving Objects (Synthetic videos)

Scenes with Static Objects (Real-world videos)

Qwen3-VL-32B ZoomOut ❌

Gemini-3-Pro Pan Right ❌

GT: Pan Left

Qwen3-VL-32B BoomUp ❌

Gemini-3-Pro Pan Right ❌

GT: Pan Left

Fig. 3: Examples of translation-rotation and left-right confusion.

2.2 Confusion Between Translation and Rotation

Beyond fine-grained sensitivity, VLMs also frequently struggle to distinguish be-
tween camera translation and rotation. As illustrated in Fig. 3, when presented
with a tracking shot of a walking man (top left), which is a purely lateral cam-
era translation (‘truck right’), both Qwen3-VL-8B and 32B models misclassify
the movement as a horizontal rotation (‘pan right’). Conversely, in the top right,
where the camera rotates horizontally to follow a moving vintage car (‘pan left’),
Qwen3-VL-8B exhibits the exact opposite error, mispredicting the rotation as
a translation (‘truck left’). These reciprocal failures strongly indicate that cur-
rent VLMs predominantly rely on superficial 2D shifts rather than developing a
genuine understanding of 3D camera mechanics and spatial geometry.

2.3 Left-Right Confusion

VLMs also often mistake camera’s moving left as moving right, and vice versa. A
representative example is in the bottom row of Fig. 3. Although the camera pans
left to reveal more details on the left side, Gemini-3-Pro predicts the opposite
direction (pan right). We further validate this observation using the confusion
matrices in Fig. 4. Off-diagonal mass appears between opposite directions within
the same movement, particularly for Gemini-3-Pro.
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Fig. 4: Partial confusion matrices for Qwen3-VL-32B (left) and Gemini-3-Pro (right),
illustrating translation-rotation and left-right confusion. (Full matrix in supplement)

Q: What is the camera movement in this video shot? Please answer with only the letter of the 
correct option (A, B, C, or D).   A. Truck left B. Pan right C. Push in D. Pull out

Qwen3-VL-8B:C❌ Gemini-3-Pro:C ❌Qwen3-VL-32B:C❌ Human:D ✅

As the clip progresses, the cars grow larger in the frame. This visual effect, where the 
subject appears to get closer and fill more of the screen without the camera lens zooming, 
is characteristic of the camera physically moving forward toward the subject (push in). 

Q: What is the camera movement in this video shot? Please answer with only the letter of the 
correct option (A, B, C, or D).   A. Zoom out B. Pan left C. Pull out D. Zoom in

Qwen3-VL-8B:C❌ Gemini-3-Pro:AQwen3-VL-32B:C❌ Human:A ✅✅

Fig. 5: A failure case in distinguishing optical ‘zoom out’ from physical ‘dolly out’.

2.4 Confusion Between Optical Zoom and Physical Dolly

A prominent blind spot for current VLMs is in their limited ability to distin-
guish optical scaling from physical movement. Although both produce a centered
expansion or contraction, their underlying mechanics differ. Camera translation
introduces depth-dependent parallax that shifts the relative positions of fore-
ground and background elements, whereas focal-length changes uniformly mag-
nify the scene while preserving perspective. As illustrated in Fig. 5, models fail
to exploit these cues, often misclassifying optical zoom as physical translation.
This suggests that VLMs rely on superficial 2D scaling cues that are insufficient
in differentiating camera intrinsics (focal changes) from extrinsic movement.

2.5 Confusing Object Movement with Camera Movement

We identify another critical failure mode: VLMs rely on salient foreground dy-
namics rather than global background cues to infer camera movement. When
objects move independently of the camera, they induce local 2D size or position
changes, which VLMs often misinterpret as global camera movement, illustrated
in Fig. 6. Although the camera translates backward, the racing cars move for-
ward faster than the camera, causing them to occupy more of the frame over
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Q: What is the camera movement in this video shot? Please answer with only the letter of the 
correct option (A, B, C, or D).   A. Truck left B. Pan right C. Push in D. Pull out

Qwen3-VL-8B:C❌ Gemini-3-Pro:C ❌Qwen3-VL-32B:C❌ Human:D ✅

As the clip progresses, the cars grow larger in the frame. This visual effect, where the 
subject appears to get closer and fill more of the screen without the camera lens zooming, 
is characteristic of the camera physically moving forward toward the subject (push in). 

Q: What is the camera movement in this video shot? Please answer with only the letter of the 
correct option (A, B, C, or D).   A. Zoom out B. Pan left C. Pull out D. Zoom in

Qwen3-VL-8B:C❌ Gemini-3-Pro:AQwen3-VL-32B:C❌ Human:A ✅✅

Fig. 6: Object motion challenges current VLMs’ inference about camera movement.

Table 3: Comparison with camera motion understanding benchmarks. For benchmarks
not designed for this task, statistics are reported only for clips involving camera motion.

Benchmark #Domain #Videos #QA Format #Human #Labels

Real Syn Train Test Yes/No MCQ Performance Number

Cinematic2K [19] ✓ ✗ ✗ 1,047 ✗ ✗ ✗ 11
CameraBench [21] ✓ ✗ 1,402 1,071 ✓ ✗ ✓ 50
ShotBench-Subset [22] ✓ ✗ 1,058 464 ✗ ✓ ✗ 17
CineTechBench-Subset [43] ✓ ✗ ✗ 120 ✗ ✓ ✗ 15
MotionBench-Subset [10] ✓ ✗ 5,000 385 ✗ ✓ ✗ -
FavorBench-Subset [36] ✓ ✗ 17,000 546 ✗ ✓ ✗ -

ACaM (Ours) ✓ ✓ 24,321 2,602 ✓ ✓ ✓ 17

time. VLMs incorrectly interpret this ‘subject growing larger’ cue as ‘push in’,
indicating that they behave more like localized object trackers than global spatial
observers when tasked with natural language camera movement understanding.

3 ACaM: A Benchmark for Natural Language
Understanding of Atomic Camera M ovement

Findings in Sec. 2 indicate that camera movement understanding is a nontriv-
ial task that deserves careful and systematic study. Thus, in order to promote
and facilitate future research on it, we compile an extensive benchmark (dubbed
ACaM for Atomic Camera Movement) following a taxonomy derived from cine-
matography, comprising both real-world and synthetic videos.

3.1 Camera Movement Taxonomy

We categorize camera movement into 17 distinct classes (see Tab. 1) following the
cinematography literature [15, 25]. CameraBench [21] introduces a comprehen-
sive taxonomy of over 50 motion primitives, while our evaluation focuses on 17
atomic, intentional camera movements that can be unambiguously described in
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Fig. 7: Dataset statistics of our ACaM evaluation benchmark. Top: Source composition
and duration distribution of real-world videos. Bottom: Class-wise camera movement
distribution of real-world and synthetic videos.

natural language. Furthermore, our benchmark provides a more comprehensive
set of categories than Cinematic2K [19] and CineTechBench [43], spanning five
core dimensions: physical translations, angular rotations, focal length changes,
static shots, and object-centric movements. Tab. 3 compares our benchmark with
existing camera movement and motion understanding benchmarks. Notably, our
ACaM is the first to include synthetic videos and human performance as a ref-
erence baseline for direct human–model comparison.

3.2 Real-World Videos

Data construction pipeline. To construct a diverse and high-quality set
of real-world videos, we unify several existing motion understanding bench-
marks [10, 21, 22, 36, 43]. Given the heterogeneous annotation formats and mo-
tion categories across these datasets, we apply tailored filtering and refinement
strategies to each source. We first use the binary question-answering subset from
CameraBench [21], which is designed for camera motion understanding. To fo-
cus on atomic movement recognition, we retain only videos with a single affir-
mative label. We then use Gemini-3-Pro [35] to parse movement descriptions
from captions and remove detected secondary movements from the negative an-
swer options, ensuring the QA task remains centered on the primary camera
movement.
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Camera Movement Labels+

Real-world Videos

Pan Left
Push in

Truck left

Prompt
Generation

Gemini-3-Pro

Video
Generation

Veo 3.1

Correct
Movement

Accepted
Different
Movement

Reclassified
Unclassifiable
& Incoherent

Discard

Final Synthetic Video Set

✅❌

Prompt
Refinement Manual Quality Check

Fig. 8: Pipeline for generating synthetic videos of various camera movement classes.

For the cinematography benchmarks of ShotBench [22] and CineTechBench [43],
we extract subsets related to camera movement and retain only evaluation ques-
tions involving a single camera movement. Similarly, for fine-grained motion
understanding benchmarks (MotionBench [10] and FavorBench [36]), we extract
the camera-related QA subsets and remove questions involving object motion.
These datasets present an interesting challenge, among others, since they often
require identifying camera movement for a specific event or timestamp (see ex-
amples in the supplementary material). Finally, to enrich underrepresented cam-
era movement classes (see Fig. 7, bottom), we search for and curate YouTube
videos. The assembled dataset is manually verified by graduate students with
cinematography training to remove incorrectly labeled or ambiguous samples
across all sources (see supplementary materials for details).
Dataset Statistics. Fig. 7 summarizes some statistics of our real-world video
set. After filtering and refinement, the final benchmark contains 1,423 videos
and 1,464 QA pairs, covering 17 camera movement categories aggregated from
six different sources. More than 80% of the videos are shorter than 10 seconds,
ensuring that the evaluation primarily focuses on the dominant, atomic camera
movement behind each video. Regarding the class distribution, ‘static’ and ‘push
in’ account for a slightly larger portion than the others, while the ‘rolling’ classes
are underrepresented even after we enrich them with YouTube videos.

3.3 Synthetic Videos

In addition to real-world videos, ACaM also incorporates AI-generated videos,
mimicking the automatic rating of generative models using VLMs. Fig. 8 shows
the pipeline for generating synthetic videos using Veo 3.1 [9]—our lab currently
has research credits for no platform but Google Cloud.

To construct the synthetic video set, we start from our realistic videos for
each camera movement class. For each clip, we feed the raw video and its camera
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Table 4: Sources and statistics of our instruction-tuning set (MCQ: Multi-Choice QA)

Dataset #Extracted Clips #Annotation #Label Source #Label Num.

CameraBench [21] 723 Motion Caption Human Annotation 16
ShotBench [22] 375 MCQ Format Human Annotation 14
SpatialVID [38] 29,733 Movement Labels Estimated Poses 12
MultiCamVideo [1] 12,048 Camera Pose Synthetic Trajectory 13
GenDoP [49] 2,438 Movement Caption Estimated Poses 6

Overall 45,317 MCQ Format Mixed 17

movement label to Gemini-3-Pro [35] while instructing it to analyze the video and
produce a structured video generation prompt. The resulting prompts are then
fed to Veo 3.1, which performs video generation to synthesize clips aligned with
the camera movement in the prompt. After generation, we conduct a manual
quality-control pass as follows. Each clip is assigned to one of three outcomes:
accepted if it exhibits the intended camera movement, reclassified if it depicts a
different camera movement label in our taxonomy, or discarded if the movement
is unclassifiable or temporally incoherent (e.g., abrupt transitions). For discarded
or reclassified cases, we let Gemini-3-Pro rewrite the video generation prompt
to reduce ambiguity and enhance clarity of the intended camera movement. We
then send the refined prompts to Veo 3.1 for a second round of video generation.

In general, ‘zoom’, ‘arc’, and ‘roll (clockwise)’ are more difficult to generate
than the other camera movement classes. For these categories, we employ a sep-
arate prompt generation script that conditions solely on the designated camera
movement label, without any anchor on real-world videos. The supplementary
material details the whole pipeline with examples.
Data Statistics. The synthetic videos are four seconds long. Their class-wise
distribution is shown on the bottom of Fig. 7. Despite the iterative pipeline, cer-
tain ‘zoom’ and ‘roll’ classes of videos remain difficult to generate. Interestingly,
Veo 3.1 has a systematic bias toward ‘roll counterclockwise’; many instructions
for ‘roll clockwise’ actually lead to videos of ‘roll counterclockwise’. ‘Zoom’-
related instructions often result in ‘static’ shots or ‘dolly’ movement.

4 Towards VLMs that understand camera movement in
natural language

To enhance VLM capabilities in camera movement understanding, we construct
an instruction-tuning set consisting of 27K samples by drawing from 45K raw
video clips, enhanced with targeted camera movement augmentation.

4.1 Data Processing and Filtering

While CameraBench [21] and ShotBench [22] provide videos with camera move-
ment labels, their training sets are small (approximately 1K video clips; see
Tab. 3). We pool them and further incorporate video clips from three datasets
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Static Shot Zoom In

Dolly In Dolly Out

Truck Right Truck Left

Dynamic
Cropping

Temporal
Reverse

Horizontal
Flipping

Fig. 9: Targeted data augmentation for distribution balancing. Top: The shift from
an unbalanced 45K raw dataset to a refined 27K instruction-tuning set. Bottom: The
augmentation operators used to synthesize samples for tail classes.

that contain synthetic or estimated camera trajectories. Specifically, we use a
subset of SpatialVID [38], which provides estimated camera poses, despite being
highly dominated by the ‘push in’ movement. MultiCamVideo [1] is a dataset of
synthetic videos rendered in Unreal Engine 5 with controlled camera trajecto-
ries, and GenDoP [49], which provides natural language descriptions of camera
movements. Tab. 4 summarizes the data sources and labels.

Our training corpus prioritizes atomic camera movement, which we believe
is the first step towards complete natural language understanding for various,
potentially compound, and long-form camera movements. From ShotQA [22],
we retain only the subset of single movements. For CameraBench [21] and Gen-
DoP [49], we employ GPT-5-nano [31] to parse camera movement descriptions
from their video captions and convert them to multi-choice question-answering
(MCQ) tasks. For MultiCamVideo [1], frame-wise camera poses are projected
into semantic movement labels using geometric heuristics, retaining only the
segments containing a single camera movement. In SpatialVID [38], due to noisy
VLM-generated global captions, we instead adopt their frame-wise camera move-
ment descriptions as the groundtruth. Since pose annotations in SpatialVID and
GenDoP are derived from geometry-based estimation and prone to artifacts, we
further perform manual verification to correct any labeling errors. After filter-
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Table 5: Results of various models on our ACaM’s real-world videos

Model Static Rot. Trans. Zoom Arc Track Overall Avg

Random Guess 24.50 24.28 24.00 24.54 24.78 25.00 24.27 24.37
Human Performance 99.00 93.07 90.39 90.83 97.10 96.97 93.44 93.14

Visual Geometry Models

Mega-SaM [20] 89.55 74.94 54.16 – – – – –
ViPE [12] 61.81 49.71 73.17 – – – – –

Spatial VLMs

G2VLM-2B [11] 9.50 4.52 4.52 7.44 5.71 7.58 5.66 5.24
Spatial-MLLM [45] 59.00 16.98 31.72 41.67 24.29 77.27 34.22 29.68
VLM-3R-7B [8] 94.50 20.69 28.55 35.83 51.43 89.39 40.22 35.02

General VLMs

Qwen3-VL-4B [2] 93.50 53.47 34.21 61.67 56.52 80.30 53.01 46.96
Qwen2.5-VL-7B [3] 81.00 33.91 34.71 58.33 66.67 92.42 46.86 45.62
Qwen3-VL-8B [2] 85.00 65.84 39.50 61.67 79.71 74.24 58.27 55.25
LLaVa-OV-7B [18] 92.50 28.71 25.79 24.17 62.32 75.76 39.55 34.85
InternVideo2.5-8B [44] 82.50 31.44 28.43 64.17 50.72 92.42 43.51 41.07
InternVL3.5-8B [42] 89.00 48.51 30.58 58.33 40.58 86.36 48.77 46.15
InternVL3.5-14B [42] 81.00 43.56 39.83 63.33 55.07 89.39 51.37 47.21
Qwen3-VL-32B [2] 92.00 64.11 47.93 64.17 57.97 86.36 61.95 58.66
GPT-5 [31] 61.50 66.58 54.55 61.67 68.12 80.30 61.20 61.54
Gemini-3-Pro [35] 83.50 64.36 60.84 65.00 82.61 96.97 68.24 66.83
Gemini-3.1-Pro [35] 83.92 63.34 64.00 62.39 76.81 95.38 68.44 67.73

Camera Movement Specialized VLMs

CameraModel-7B [21] 55.50 68.81 47.93 45.83 91.30 98.48 58.88 60.56
ShotVL-7B [22] 91.00 60.40 51.07 32.50 68.12 98.48 60.52 57.09
CamReasoner-7B [47] 76.50 41.58 32.89 59.17 39.13 80.30 45.83 44.99

Our SFT Qwen3-VL-4B 76.00 71.53 64.13 76.67 78.26 93.94 70.83 72.27
Our SFT Qwen3-VL-8B 85.50 70.05 64.13 84.17 84.06 96.97 72.75 74.28

ing, the final training corpus contains 45,317 video clips in the MCQ format, as
summarized in Tab. 4. More details are provided in the supplementary material.

4.2 Data Sampling and Augmentation

The top-left panel of Fig. 9 shows that the integrated instruction-tuning set ex-
hibits a significant long-tail distribution, which could introduce strong bias to
VLMs if we fine-tune models directly on this set. Hence, we re-sample the videos
and design targeted data augmentation, striving to balance the videos across
camera movement categories. Specifically, we address the scarcity of ‘zoom’ by
progressively cropping static frames and resizing them to the original resolution,
yielding approximately 1K augmented videos. We employ temporal reversal to
transform a subset of ‘dolly in’ sequences into their ‘dolly out’ counterparts,
yielding 2K augmented videos. Similarly, horizontal flipping is applied to ‘truck’
movement, producing about 1.7K additional videos. Finally, to enrich the ex-
tremely scarce ‘roll’ classes, we synthesize rolling dynamics by applying contin-
uous affine rotations to static video shots. By combining the re-sampling and
video augmentation strategies, we arrive at a refined, more balanced training
corpus of 27K high-quality video-MCQ pairs.
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Table 6: Results of various models on our ACaM’s synthetic videos

Model Static Rot. Trans. Zoom Arc Track Overall Avg

Random Guess 25.00 25.00 25.00 25.00 25.00 25.00 25.00 25.00
Human Performance 98.88 97.72 98.04 96.15 100.00 97.62 98.05 97.61

Visual Geometry Models

Mega-SaM [20] 95.53 76.35 61.66 – – – – –
ViPE [12] 68.16 52.42 78.65 – – – – –

Spatial VLMs

G2VLM-2B [11] 4.44 2.91 6.99 1.92 5.45 13.10 5.54 4.51
Spatial-MLLM [45] 68.33 29.65 27.07 50.00 43.64 94.05 40.75 36.04
VLM-3R-7B [8] 99.44 18.90 43.45 51.92 47.27 89.29 48.68 38.94

General VLMs

Qwen3-VL-4B [2] 97.77 54.42 42.92 73.08 40.74 72.62 58.02 53.68
Qwen2.5-VL-7B [3] 91.06 52.99 50.54 82.69 61.11 94.05 62.43 58.50
Qwen3-VL-8B [2] 90.50 62.39 45.10 80.77 55.56 83.33 61.92 60.91
LLaVa-OV-7B [18] 96.09 39.60 37.25 36.54 51.85 86.90 51.06 41.59
InternVideo2.5-8B [44] 94.97 44.73 31.15 75.00 27.78 91.67 50.98 46.71
InternVL3.5-8B [42] 96.09 47.29 33.99 67.31 35.19 73.81 51.74 47.73
InternVL3.5-14B [42] 88.27 41.60 47.93 76.92 31.48 86.90 55.47 51.15
Qwen3-VL-32B [2] 91.62 68.95 55.77 82.69 51.85 67.86 67.01 64.17
GPT-5 [31] 64.80 69.80 57.95 82.69 53.70 63.10 63.78 65.09
Gemini-3-Pro [35] 89.94 61.54 68.63 73.08 53.70 88.10 70.65 66.27
Gemini-3.1-Pro [35] 92.07 62.00 74.07 69.23 55.56 85.37 73.01 69.58

Camera Movement Specialized VLMs

CameraModel-7B [21] 58.10 62.68 51.63 71.15 88.89 98.81 61.83 68.45
ShotVL-7B [22] 96.09 69.80 63.62 63.46 29.63 98.81 71.33 64.49
CamReasoner-7B [47] 84.92 51.28 42.70 67.31 55.56 77.38 55.81 53.74

Our SFT Qwen3-VL-4B 82.68 74.36 66.67 78.85 68.52 84.52 73.28 74.40
Our SFT Qwen3-VL-8B 94.41 72.36 74.51 82.69 68.52 91.67 78.20 77.44

5 Experiments

We apply supervised fine-tuning (SFT) to Qwen3-VL-4B and 8B over our train-
ing set. We also test geometry-based methods [12, 20], spatial VLMs [8, 11, 45],
general VLMs [2, 3, 18, 26, 35, 42, 44], and prior camera movement specialized
VLMs [21,22,47]. The supplementary material reports the detailed training and
evaluation setups, and Tab. 5 and Tab. 6 show the quantitative results on our
benchmark’s real and synthetic videos, respectively. We report both the over-
all accuracy and the average accuracy across the 17 camera-movement classes
(additional results for the binary QA setting are provided in the supplementary
material). The main observations are as follows.

Geometry-based models [12, 20] demonstrate complementary strengths to
VLMs; Mega-SaM excels in static scenes and camera rotations, whereas ViPE
performs the best on translations. However, neither achieves robust performance
across all classes, revealing the limitations of geometry-based methods to natu-
ral language understanding of camera movement. Indeed, these methods do not
explicitly model semantics and often assume fixed intrinsics when estimating
camera pose, limiting their applicability to predict ‘zoom’, ‘tracking’, and ‘arc’.
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SpatialVLMs [8,11,45] incorporate geometry-aware learning objectives when
they fine-tune base VLMs. However, their performance on our ACaM is surpris-
ingly low, most likely because they were specialized for the spatial understanding
of the video content only, rather than its spatial relationship with camera move-
ment. Among the general VLMs of no more than 8B parameters, Qwen3-VL [2]
achieves the strongest performance. Furthermore, Qwen3-VL’s 32B model signif-
icantly outperforms its 4B and 8B models and is nearly on par with Gemini-3-Pro
on synthetic videos. Gemini-3/3.1-Pro exhibits a stronger capability to perceive
translational movement than other VLMs.

We next compare our SFT Qwen3-VLs to the existing camera movement spe-
cialized VLMs. CameraModel-7B [21] is competitive, even on par with Gemini-
3-Pro on synthetic videos, but it sacrificed its discrimination ability for static
shots. In contrast, ShotVL-7B [22] performs better on translational movement
and static shots than other models. Overall, the existing specialized models per-
form better on object-centric movements than other VLMs, but they all struggle
with ‘translation’ and ‘zoom’. Our SFT Qwen3-VL-4B significantly outperforms
the larger 7B VLMs that were previously specialized for camera movement, with
9% to 19% gains, and our 8B model boosts the results further, even improving
over Gemini-3.1-Pro by 10% and 11% on the real and synthetic videos, respec-
tively. However, even the strongest models fall far behind humans, revealing a
noticeable gap between human and VLM performance.

Table 7: Ablation of sampling, augmen-
tation and different LoRA rank.

Samp. Aug. LoRA Model Avg.

Real Syn

× × r=64 4B 48.42 58.56
✓ × r=64 4B 63.78 72.07
✓ ✓ r=64 4B 70.88 75.03
✓ ✓ r=128 4B 71.88 75.20
✓ ✓ r=256 4B 72.27 74.40
✓ ✓ r=256 8B 74.28 77.44

Ablation study. We further ana-
lyze the impact of targeted data sam-
pling, augmentation, and LoRA rank
in Tab. 7. Notably, the combination
of targeted sampling and augmentation
significantly improves performance, in-
creasing accuracy from 58.56% to
75.03% on synthetic videos, which val-
idates the effectiveness of the data bal-
ancing strategy. The LoRA rank has
a marginal impact on the 4B model,
whereas a higher rank yields better performance for the 8B model (results for
the 8B model are provided in the supplementary material).

6 Related Work

Motion Understanding Benchmarks. Motion understanding is a fundamen-
tal component of video understanding [7,10,21,36] and plays an important role
in many downstream applications. MotionBench [10] and FavorBench [36] eval-
uate fine-grained motion perception, covering both camera and object motion.
CameraBench [21] focuses specifically on camera motion, providing around 3K
expert-annotated videos and introducing a cinematography-inspired taxonomy
for systematic evaluation. CamReasoner [47] further formulates camera motion
understanding as a reasoning task, leveraging chain-of-thought supervision and
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reinforcement learning to improve performance on CameraBench. In addition,
ShotBench [22] (RefineShot [46]), CineTechBench [43], and Cinematic2K [19]
construct expert-annotated QA pairs from film content across cinematography-
related [13,28,29] dimensions, including camera motion understanding.
Camera Pose Estimation through Visual Geometry Learning. Esti-
mating camera parameters and scene geometry from videos is a long-standing
problem in computer vision. Classical approaches include SLAM [12, 20] and
Structure-from-Motion (SfM) [27, 30], which explicitly estimate camera trajec-
tories and reconstruct 3D structure from multi-view consistency. More recent
methods adopt end-to-end learning frameworks to directly predict 3D geome-
try or camera poses from video inputs, such as CUT3R [41], and VGGT [39].
Although these approaches recover geometric structure, they generally lack high-
level semantic reasoning. Recent efforts attempt to bridge geometry and language
by incorporating geometric representations into VLMs [8,11,45].

7 Conclusion

This work establishes natural language camera movement understanding as a
standalone research task. We instantiate it by introducing ACaM, an exten-
sive benchmark grounded in a two-level cinematographic taxonomy and cover-
ing both real-world and synthetic videos. To deliver the best-performing VLM
model, we construct a large-scale training corpus with targeted sampling and
augmentation. Our fine-tuned VLM-8B outperforms Gemini-3.1-Pro by 10% on
real-world videos and 11% on synthetic videos. Despite these gains, the persistent
gap to human performance underscores the need for further research.
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