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Abstract

Camera motion is a fundamental geometric signal that
shapes visual perception and cinematic style, yet current
video-capable vision-language models (VideoLLMs) rarely
represent it explicitly and often fail on fine-grained motion
primitives. We address this gap with a framework of bench-
marking, diagnosis, and injection. We derive CameraMo-
tionDataset, a VQA benchmark built on an existing syn-
thetic dataset (MultiCamVideo Dataset) with explicit cam-
era control, formulate camera motion as constraint-aware
multi-label recognition, and construct a multiple-choice
evaluation protocol-CameraMotionVQA. Across diverse
off-the-shelf VideoLLMs, we observe substantial errors in
recognizing camera motion primitives. Probing experi-
ments on a Qwen2.5-VL vision encoder suggest that camera
motion cues are weakly represented, especially in deeper
ViT blocks, helping explain the observed failure modes.
To bridge this gap without costly training or fine-tuning,
we propose a lightweight, model-agnostic pipeline that ex-
tracts geometric camera cues from 3D foundation mod-
els (3DFMs), predicts constrained motion primitives with
a temporal classifier, and injects them into downstream
VideoLLM inference via structured prompting. Experi-
ments demonstrate improved motion recognition and more
camera-aware model responses, highlighting geometry-
driven cue extraction and structured prompting as practical
steps toward a camera-aware VideoLLM and VLA system.
Dataset and benchmark are available at .

1. Introduction

Video-capable vision-language models (VideoLLMs) have
improved substantially on high-level video semantics, in-
cluding recognition of objects, actions, and narrative events
across diverse video lengths [33]. However, an essential
component of video meaning, especially in edited content
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such as films, TV series, and online compilations, lies not
only in what appears in the frames, but also in how it is cap-
tured. Camera motion (e.g., pan, tilt, and dolly) is a
core cinematographic device that guides attention, reveals
spatial layout, and communicates the author’s intent [23].
Accordingly, camera motion is both central to film grammar
and useful for camera-aware description, layout-oriented re-
trieval, and spatial reasoning.

Despite its importance, current VideoLLMs remain un-
reliable in recognizing fine-grained camera-motion primi-
tives. Camera motion is a spatiotemporal geometric signal
that is not localized to any single frame, and it is easily con-
founded by object motion, cuts, and motion blur. Conse-
quently, models with strong frame-level perception may still
fail to model the camera as the source of the visual stream.
Moreover, as we later show, common VideoLLM pipelines
compress visual tokens with network depth, which can at-
tenuate motion-sensitive cues. This gap is unsurprising, as
most large-scale video captioning and VQA corpora lack
explicit supervision for camera motion.

To study this gap under controlled conditions, we in-
troduce CameraMotionDataset, a synthetic dataset of 12k
within-shot segments annotated with fine-grained camera-
motion labels. A shot is a temporally contiguous sequence
of frames captured by a single camera without cuts; we
focus on non-overlapping 1-second segments within each
shot. Each segment is annotated with a set of camera-
motion labels drawn from a fixed taxonomy of 15 atomic
motions. Built on this dataset, CameraMotionVQA pro-
vides a multiple-choice benchmark that evaluates open-
source VideoLLMs under a standardized VQA protocol.

A central hypothesis of this work is that reliable camera-
motion cues can be derived from models with strong ge-
ometric and 3D reasoning capabilities without modifying
the VideoLLM backbone. Specifically, we use a frozen 3D
foundation model (VGGT [35]) to extract camera cues, train
a lightweight temporal classifier to predict constrained mo-
tion primitives, and inject the predictions into downstream
VideoLLMs via structured prompting.

Beyond performance gains, we seek to understand where
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Figure 1. Overall pipeline. Camera cues are extracted from a frozen 3DFM (VGGT) and passed to a Transformer-based temporal classifier
to predict camera-motion primitives, and per-second motions are injected as a structured prompt field for VideoLLMs without modifying
VideoLLM weights. For clarity, the probing and distillation pipelines are shown separately in Fig. 3 and Fig. 4.

camera-motion information is lost in typical VideoLLM
pipelines. By probing intermediate vision-encoder features
with Q-Former-style query tokens [18], we observe that
camera-motion cues become progressively less recoverable
from shallow to deeper blocks, consistent with our hypoth-
esis on token compression and the lack of explicit motion
supervision. These findings motivate the use of geometry-
derived camera cues from 3DFMs as an external, plug-in
signal. Our contributions are threefold:
CameraMotionDataset and CameraMotionVQA. We
derive a shot-consistent dataset with fine-grained camera-
motion labels from an existing synthetic corpus with pre-
cise camera parameters, and construct a multiple-choice
VQA benchmark for evaluating open-source VideoLLMs.
Camera-cue assisted motion recognition and struc-
tured prompting. We propose a model-agnostic pipeline
that extracts camera cues from a frozen 3DFM (VGGT),
predicts motion primitives with a lightweight temporal
classifier, and injects them into frozen VideoLLM infer-
ence via structured prompting (Fig. 1).

Probing-based diagnosis. We analyze where and why
camera-motion cues are lost in VideoLLM vision en-
coders, helping explain failure modes on CameraMotion-
VQA and motivating our geometry-aware cue injection.

2. Related Work

2.1. Camera motion in cinematic video understand-
ing

Cinematography depends on both what is shown and how it
is filmed (camera, framing, composition). Recent bench-
marks evaluate film-grammar attributes beyond generic
video QA. CameraBench [23] defines a cinematographer-
informed motion taxonomy, revealing confusions between
extrinsic motion (e.g., dolly) and intrinsic change (e.g.,
zoom). CineTechBench [37], ShotBench [24], and Vid-
Composition [34] extend evaluation to multi-attribute cine-
matography, while Shot-by-Shot [40] shows shot-level cues
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can steer description generation via prompting.

Existing datasets range from per-frame cinematic at-
tributes [16, 20, 28-30] to geometry-grounded supervision:
Spatial VID [36] provides per-frame depth and pose-derived
instructions, and OmniTr [43] encodes motion as parame-
terized programs linking language to trajectories. However,
none of them explicitly offer geometry-consistent motion
primitives at short-segment granularity.

Camera motion also serves as a control signal in video
generation. Recent models [1, 2, 14, 15, 25, 26, 39, 42, 45?
] condition generation on explicit trajectories, camera em-
beddings, or 6-DoF poses; MotionCtrl [39] and Direct-
a-Video [42] decouple camera and object motion control,
while others manipulate object poses [22, 27] or survey
multimodal-guided editing [32]. ReCamMaster [2] releases
MultiCamVideo Dataset, from which we derive our bench-
mark. These generation-oriented parameterizations also
motivate reliable recognition of fine-grained primitives un-
der compositional and exclusivity constraints [15].

At the object level, MeViS [7, 8] benchmarks referring
segmentation with motion expressions, MOSEv2 [9] ad-
dresses complex-scene video object segmentation (VOS),
and MOVE [44] adds motion-guided few-shot VOS. These
works target object rather than camera motion, but share the
motivation to move beyond appearance-based features.

2.2. Vision-language models and VideoLLL.LMs

VideoLLMs extend image VLMs to video by encoding
sampled frames, compressing visual tokens, and condition-
ing an LLM for instruction following, captioning, and QA.
This “frame aggregation + LLM reasoning” paradigm cap-
tures high-level semantics, but token compression can at-
tenuate subtle temporal cues, including camera motion.
Open-source VideoLLMs can be organized by their tem-
poral design and videoLLM interface. Strong-backbone
models (e.g., Qwen2.5-VL [3] and InternVL [4]) strengthen
the vision tower and time/position encoding to better sup-
port long-context video. Connector-based models [19, 41,



49] keep the LLM mostly fixed and add lightweight tem-
poral modules with aggressive token reduction to fit multi-
frame inputs. Instruction-tuned assistants [5, 47] emphasize
curated video-instruction data and post-training to improve
temporal reasoning without major architectural changes.
Video-native systems [17, 38, 46] use stronger video en-
coders and/or video-centric pretraining to improve spa-
tiotemporal representations.

Bridging modules offer a parameter-efficient way to inte-
grate video into LLMs. Query bottlenecks (e.g., Q-Former)
summarize frame features into a small set of query to-
kens, improving efficiency over dense patch tokens [18, 48].
However, cinematography-centric benchmarks still show
weak fine-grained camera-motion recognition, suggesting
recent progress is driven more by sampling, grounding, and
alignment than explicit camera-motion representation.

2.3. 3D foundation models and geometric cues for
VideoLLMs

3D foundation models (3DFMs) learn transferable 3D rep-
resentations and infer geometric attributes from visual in-
put. VGGT [35] is a feed-forward geometry transformer
that jointly predicts camera parameters, depth/point maps,
and tracking cues from one or multiple views, exposing
camera-aware tokens as geometric cues. Follow-up work
improves efficiency [31], and learning-based SfM systems
amortize reconstruction robustness [6, 10], expanding prac-
tical sources of camera geometry.

Recent efforts connect geometric priors to vision-

language reasoning via explicit geometry branches [50] or
distillation from frozen 3DFMs into compact tokens [13,
21]. VLM-3R [12] takes a tranable approach, augmenting
VLMs with instruction-aligned 3D reconstruction that fuses
per-view camera tokens with appearance features through
end-to-end training. In contrast, our pipeline injects cam-
era cues via structured prompting without modifying Vide-
oLLM weights, making it model-agnostic and complemen-
tary to trainable approaches like VLM-3R.
Summary. Benchmarks position camera motion at the in-
tersection of geometry and semantics: although datasets
provide explicit trajectories, VideoLLMs struggle to re-
cover fine-grained motion primitives. We therefore lever-
age off-the-shelf 3DFMs to extract camera cues, predict
constraint-consistent motion labels, and inject them into
frozen VideoLLMs via structured prompting.

3. Method

3.1. Problem overview

Given an input video, we split it into shots via an off-the-
shelf detector (e.g., Shot-by-Shot [40]) and divide each shot
into non-overlapping 1-second segments. Each segment is
assigned a multi-hot label y € {0, 1} over K=15 atomic
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primitives; co-occurrence is allowed (e.g., pan-left +
tilt-up) but mutually exclusive pairs (e.g., pan-left
vs. pan—-right) are forbidden. Our module is lightweight
and plug-and-play: a frozen 3DFM extracts camera cues, a
temporal classifier predicts motion primitives, and the per-
second predictions are injected into a structured prompt for
downstream VideoLLMs (see Fig. 1). We adopt VGGT as
the 3DFM because it produces per-frame camera tokens in
a single forward pass, encoding pose and dynamics in a
unified coordinate system—cues that we find are not well-
preserved by VideoLLM vision encoders.

3.2. CameraMotionDataset construction and Cam-
eraMotionVQA benchmark

We build a labeled camera-motion dataset from the Multi-
CamVideo dataset introduced in ReCamMaster [2]. Multi-
CamVideo contains photorealistic dynamic scenes rendered
in Unreal Engine 5 [11], with dense frame-wise camera cal-
ibration (intrinsics) and camera poses (extrinsics). It covers
13.6K dynamic scenes and includes 136K videos with 112K
distinct camera trajectories; videos are rendered at 15 fps,
and trajectories are explicit camera extrinsic sequences.

As shown in Fig. 2, each video is divided into non-
overlapping 1-second segments to ensure camera motion
labels are accurately aligned with actual camera changes.
For each segment, we uniformly sample 7=8 frames and
resize to 336 x 336, which provides a favorable accuracy—
efficiency trade-off for camera motion recognition.
Camera motion label from extrinsic params. We as-
sign camera motion labels by analyzing frame-wise cam-
era extrinsic matrices, following the taxonomy and op-
erational definitions in CameraBench [23]. Concretely,
we compute per-segment translation and rotation changes
(e.g., yaw/pitch/roll deltas and forward/backward transla-
tion) and map them to motion primitives (e.g., pan—-left,
tilt-down, dolly-in) using thresholded pattern match-
ing in pose dynamics. Compound motions are produced
when multiple primitives are detected simultaneously (e.g.,
arc-clockwise, dolly-in). With precisely controlled
camera motion, our labeling approach provides sufficiently
accurate annotation results for each segment. To validate
label quality, we conduct a human verification study on 720
randomly selected segments and observe 93% agreement.

We further observe substantial class imbalance. Thus,
we apply stratified sampling to construct a balanced sub-
set while preserving diversity across atomic and compound-
motion classes, yielding 12,274 segments in total. For Cam-
eraMotionDataset, a standard train/val/test split is created
by 80%/10%/10% folds. Camera motion taxonomy and la-
beling procedure, and dataset re-balancing details are pro-
vided in the supplementary.

Atomic primitives, constraints, and canonicalization.
We define 15 atomic primitives and represent each segment
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Figure 2. Flow chart for dataset/benchmark construction. From MultiCamVideo [2], video clips and camera extrinsics are preprocessed
(split, resized, and normalized) and labeled with several motion constraints (e.g., incompatibility). A subset of shot segments is sampled
based on motion primitives to balance classes, before storing as CameraMotionDataset and formulated into CameraMotionVQA records.

label as a multi-hot vector. To enforce physically and se-
mantically valid combinations, we define a symmetric in-
compatibility matrix M € {0, 1}5*K where M;; = 1 in-
dicates that primitives ¢ and j cannot co-occur (see Fig. 2).
Label-set canonicalization limits the maximum number of
primitives, uses deterministic ordering and de-duplication,
for consistent evaluation and prompt serialization.
CameraMotionVQA benchmark. To benchmark off-the-
shelf VideoLLMs under a unified protocol, we construct a
multiple-choice VQA benchmark, named CameraMotion-
VQA. Each question corresponds to a 1-second clip and
provides four candidate answers: one ground-truth motion
label set and three distractors. Distractors are sampled to
have similar label complexity as the ground-truth (number
of primitives), avoiding trivial answer-length bias. In addi-
tion, all candidates are valid under the incompatibility con-
straints. VQA templates are included in the supplementary.

Tab. | positions our dataset and benchmark against exist-
ing cinematic benchmarks and video datasets. Based on this
comparison, we argue that it is necessary to create a camera
motion-focused dataset with trustworthy labels derived de-
terministically from extrinsic params and sufficient scale to
train a robust modern classifier.

3.3. Camera motion cues from 3DFMs

Camera motion is fundamentally geometric, arising from
coherent changes in camera pose over time. Although mod-
ern VideoLLM:s are trained for semantic alignment and tem-
poral coherence, geometric camera-motion cues are not re-
liably preserved in their intermediate vision representations
(Sec. 3.6). To compensate for this missing geometric signal,
we use a 3DFM as an external camera motion cue extractor.

Our framework is agnostic to the specific 3DFM: any
model that can provide per-frame camera descriptors (e.g.,
pose-related tokens or camera parameter estimates) can be
plugged into our pipeline. VGGT [35] produces camera to-
kens in a single forward pass and has been shown to en-
code camera pose and motion dynamics. Given a 1-second
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segment with 7' sampled frames, we run VGGT on each
frame and obtain a camera token sequence {c;}7_;, where
c; € R?948, These camera tokens serve as the input to our
temporal classifier, as shown in Fig. 1.

3.4. Constraint-regularized motion classifier

We train a lightweight classifier to map camera tokens c; to
constrained multi-label camera-motion predictions. A lin-
ear projection W, is applied to form an information bottle-
neck: VGGT tokens may encode rich camera-related fac-
tors, and the projection stabilizes training by distilling the
subset most relevant to motion prediction. Then, add a sinu-
soidal positional encoding and prepend a learnable [CLS]
token. The resulting sequence is processed by an L-layer
Transformer encoder, and logits are predicted from the final
[CLS] token (i.e., Z 1[0, :]) by a linear projection W ,:

2 =PE(W,c,), t=1,....T, (1)
Zy = [zas, 21, .-, 27] 2
Z;, = TransformerEnc(Z), 3)

s=W,Z.[0,:] + b,, “)

where s € R are the output logits and p;, = sigmoid(sy,)
denote per-class probability. Following the constrained
multi-label formulation in Sec. 3.1, we optimize a binary
cross-entropy loss with two regularizations:

Loee =— Z (e logpe+ (1 =y log(1 = 1)), (5)
Einc = Z Mzgpzp]7 (6)
1<i<j<K
K 2 K 2
Lcard = mMax (0, 1-— Zpk> + max (0, Zpk — 3)
k=1 k=1
(N

where Aip. and A¢,;q control the strengths of incompatibil-
ity and cardinality regularization. In our implementation,
we use Ajpe = 1.0 and A¢arqg = 1.0 by default.



Table 1. Positioning of our datasets against prior benchmarks and datasets. “Motion-level” indicates the granularity of camera super-
vision (primitive vs. composition of motions). Our CameraMotionDataset provides constrained primitive-level supervision with explicit
synthetic camera parameters, while CameraMotionVQA converts the same 1s within-shot segments into a multiple-choice evaluation pro-
tocol. A full comparison with detailed annotation structure and intended usage is provided in the supplementary material.

Motion-level | Granularity Temporal unit QA protocol Intended use Camera params

CameraBench [23] Primitive Multi-label Short clips Caption, Yes/No QA | Benchmark + fine-tune No
CineTechBench [37] Composition Coarse Frames / short clips Caption, MCQ Benchmark No
VidComposition [34] Composition Coarse Compiled videos MCQ Benchmark No
CineScale2 [30] - - Frames No Training dataset No
CameraMotionDataset Primitive Multi-label 1s within-shot No Training dataset Yes
CameraMotionVQA Primitive Multi-label 1s within-shot MCQ Benchmark No
At inference, we threshold probabilities at 7=0.5 and en- Frames I, Query tokens Q;

force constraints by removing mutually exclusive primitives [ L i _ 1 ] u .l ||

within each primitive group and applying canonicalization. Y mwm—— N o 7}

. o e . . . Patch Emb. Self Attn.
3.5. Motion injection via structured prompting b

As a training and fine-tuning free approach, camera mo-
tion cues are injected via structured prompting, leav-
ing VideoLLM weights unchanged. For a shot consist-
ing of S one-second segments, each motion label is pre-
dicted and serialized as a short string (e.g., static or
pan-left and tilt-up), and these strings are concate-
nated into a per-shot list: Per-second camera motion:
.,ms]. We prepend this motion list to the user
instruction to provide an explicit temporal scaffold. Empiri-
cally, this conditioning might improve the temporal ground-
ing of generated descriptions and reduce camera-motion
hallucinations, as the model can align content changes with
the provided motion sequence (Fig. 7). Our final prompt
template is:

[ml,mg, ..

Here are [N] consecutive video frames.

They are evenly sampled at a frame rate
of [r] FPS.

Per-second camera motion: [mi,ma,...].
Describe this video using the filmmaker’s
language, highlighting lighting, framing,
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>."

3.6. Probing motion sensitivity via Q-Former

Q-Former [18] style probing provides an effective “read-
out” mechanism: a small set of learnable query to-
kens can extract task-relevant information from high-
dimensional frozen visual tokens via cross-attention, en-
abling a parameter-efficient diagnostic of what informa-
tion is present in the representation. As shown in Fig. 3,
we probe on Qwen2.5-VL [3], whose vision encoder is
a dynamic-resolution ViT with window attention blocks
and periodic full-attention blocks at indices {7, 15,23, 31}.
Thus, we extract visual tokens from patch embedding and
the full-attention blocks. This pipeline consists of: (i) a
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Figure 3. Probing experiment schematic. Query tokens Q)
gather camera motion-related information from the projected in-
termediate visual features of the frozen vision encoder. Camera
motion logits are predicted from the temporal convolution output
of the transferred vision tokens Q}.

linear projection that bottlenecks the frozen visual tokens to
the query dimension; (ii) 4 learnable query tokens processed
by 2 Transformer Encoders; (iii) a 1D temporal convolution
over the query tokens to produce a single classification to-
ken; and (iv) a linear classifier to predict multi-label logits.
The probe is trained with the same loss in Sec. 3.4.

3.7. VGGT-Q-Former distillation

VGGT provides high-quality camera tokens but is compu-
tationally heavy (1.2B params). As shown in Fig. 4, to re-
duce inference cost, we propose to distill VGGT’s camera
perception by a lightweight Q-Former-based student. Spe-
cially, the student follows the same interleaved local- and
global-attention as VGGT for camera reasoning, enabling
temporally grounded yet context-aware representations.

Q-Former with interleaved local-frame and global at-
tention. We assign one learnable query token to each (tem-
porally indexed) feature map and have processing blocks
that alternate between local (frame) attention and global at-
tention. In local attention, each query attends only to the
visual tokens of its assigned frame, encouraging temporally
grounded camera cues. In global attention, all queries at-
tend jointly across frames, enabling cross-frame aggrega-
tion of camera dynamics. As in VGGT, query tokens Q¢
have 256 dimensions, and the outputs from the final local
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Figure 4. VGGT-Q-Former schematic. Camera tokens and vi-
sual tokens are both bottlenecked by a projection layer. Query
tokens gather camera motion-related information via interleaved
local-/global-attention blocks and regress the projected camera to-
kens to distill the camera perception capability of VGGT. Branch
annotated with Stage ¢ indicating different training optimization
objectives and flows of tokens.

and global blocks are concatenated to form the final distil-
lation result ¢; of dim 512.

Three-stage progressive training. As illustrated in Fig. 4,
a progressive training strategy is adopted: (1) train the mo-
tion classifier on projected VGGT tokens; (2) train the dis-
tiller (VGGT-Q-Former) by regressing the projected VGGT
tokens using mean squared error; and (3) jointly fine-tune
the VGGT-Q-Former and classifier. The regression loss is

T

~ /

Lreg = E ’ct —c;
t=1

where c} denotes the projected VGGT token and ¢; denotes
the distilled token.

At inference, VGGT is replaced by VGGT-Q-Former,
and the same temporal motion classifier is used to get labels
for each segment. In Sec. 4.5, we report the trade-off be-
tween efficiency and accuracy of this distillation approach.

(®)

2
27

4. Experiments

4.1. Experimental setup

All experiments are conducted on a single NVIDIA RTX
A6000 GPU. We evaluate camera-motion recognition on
CameraMotionDataset and CameraMotionVQA as de-
tailed in Sec. 3.2. CameraMotionVQA formats each seg-
ment as a 4-way multiple-choice question, and models are
evaluated using answer accuracy. For evaluating the cam-
era motion multi-label task, we report instance accuracy
(exact match of all labels), Macro-F1 across motion primi-
tives, and Weighted-F1 weighted by label frequency.
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Figure 5. Off-the-shelf VideoLLM performance on Camer-
aMotionVQA. Horizontal bars report overall multiple-choice ac-
curacy. All models, labeled by their Hugging Face model names,

use an identical frame input and VQA prompt template.

4.2. How well do off-the-shelf VideoLLL.LMs recognize
camera motion?

As described in Sec. 3.2, we evaluate diverse off-the-shelf
VideoLLMs under the unified CameraMotionVQA proto-
col. Fig. 5 shows that most models perform near the
random-guess rate (25%), revealing a substantial camera-
motion blindness gap. Notably, a structured fine-tuning
baseline from CameraBench [23] performs worse than
its off-the-shelf counterpart (Qwen2.5-VL). Qualitatively,
models frequently confuse geometrically similar primitives
(e.g., truck vs. pan) and produce inconsistent directional
predictions (e.g., pan—-left vs. pan—right) in the pres-
ence of salient object motion.

We attribute this gap to the lack of explicit camera-
motion supervision in VideoLLM training data, where rep-
resentations are optimized for semantic alignment and tem-
poral reasoning rather than precise 3D geometric change.
Our probing results (Sec. 4.4) support this claim and moti-
vate injecting explicit geometric camera cues.

4.3. Camera motion recognition from 3D

foundation-model cues

We run a frozen 3D foundation model (VGGT) on {I;}¥_,
and extract per-frame camera cues (camera tokens C; €
R2048) A lightweight temporal classifier (Sec. 3.4) con-
sumes the cue sequence and predicts constrained multi-
label motions. Unless otherwise stated, VGGT is frozen,
and we train a shallow Transformer classifier with 4 encoder
blocks and 8 attention heads. Each camera token is pro-
jected to C} € R12; alearnable [CLS] token is prepended;
the final [CcLs] embedding is mapped to K logits. In the
supplementary, we ablate the number of encoder blocks, at-
tention heads, and hidden size, and find that the current set-



Table 2. Multi-label camera-motion recognition results on the
test split of CameraMotionDataset. Inst. Acc.: exact multi-
label matching accuracy; Macro-FI: class-averaged F1 score;
Weighted-F1: sample frequency-weighted F1 score.

Method Inst. Acc.T Macro-F17T Weighted-F171
VGGT w. constraints 0.738 0.87 0.92
VGGT w/o. constraints  0.572 0.79 0.84
VGGT-Q-Former 0.638 0.83 0.87
Q-Former probing 0.450 0.69 0.74

ting achieves a favorable accuracy—compute trade-off.

Tab. 2 shows that VGGT-derived cues with a lightweight
classifier substantially outperform off-the-shelf VideoLLM
baselines (Fig. 5). Removing constraint enforcement
(VGGT w/o. constraints) reduces instance-level accuracy,
indicating that modeling axis-wise mutual exclusion im-
proves performance even with strong cues. Per-label pre-
diction results (in the supplementary) show that errors con-
centrate on rare or ambiguous primitives, consistent with
the long-tail distribution. We also observe unreliable pre-
dictions for the static class, which is likely out-of-
distribution for VGGT, whose reconstruction prior assumes
camera motion. Static segments may require dedicated han-
dling beyond 3DFM priors.

Despite its effectiveness, VGGT cue extraction is costly:
the 1.2B-parameter model performs multi-view 3D reason-
ing over all frames, dominating latency and memory.

4.4. Probing motion sensitivity in a vision encoder

As described in Sec. 3.6, we freeze the Qwen2.5-VL vision
encoder and train a small Q-Former-style probe on interme-
diate features to predict motion labels. This pathway is used
solely to diagnose representation bottlenecks. The probe
comprises 2 Transformer blocks with 8 heads and 4 learn-
able query tokens. Query tokens and projected features are
768-dimensional.

0.5 q
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>
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®
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'_
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Figure 6. Results of probing experiment. Intermediate features
from the frozen vision tower at different Transformer block in-
dices are probed by query tokens. Performance peaks at a shallow
intermediate block and degrades in later layers, suggesting that
camera-motion cues are not reliably preserved.
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Table 3. Efficiency comparison of camera-motion recognition
pipelines. We compare trainable parameter count, peak GPU
memory, and inference time throughput for: the full VGGT-based
classifier; the distilled VGGT-Q-Former pipeline; and the Q-
Former probing experiment. All measurements are conducted on
an RTX A6000 with batch size 16 and input resolution 336 x 336.

Pipeline Params Peak mem. Throughput
™M) (MBs) (samples/s)
VGGT classifier 9.47 23649.11 4.39
VGGT-Q-Former 9.15 9202.63 23.36
Q-Former probing 15.18 9232.23 25.12

As shown in Fig. 6, performance peaks at the first full-
attention block and declines in later layers. This suggests
that camera-motion information is weakly encoded and be-
comes less accessible as features are optimized for seman-
tic alignment with the language model. Replacing temporal
convolution with average pooling further reduces accuracy,
indicating that explicit temporal modeling is necessary to
derive camera motion from token sequences.

4.5. Distilling 3D Camera Cues for efficiency

VGGT-based cue extraction is computationally expensive
at inference: the 1.2B-parameter backbone performs multi-
view 3D reasoning over all frames. To reduce cost, we
distill teacher camera tokens into a compact student Q-
Former (VGGT-Q-Former) that reuses frozen VideoLLM
vision features (Sec. 3.7). We use hidden features h! from
the 7th block of Qwen2.5-VL, where probing shows higher
camera-motion recoverability (Fig. 6). The student attends
to visual tokens and predicts embeddings that regress pro-
jected teacher tokens. We use 4 learnable queries (one per
frame group) and follow VGGT’s interleaved local/global
attention (Fig. 4): 2 local blocks (query—frame) and 2 global
blocks (cross-frame). Training proceeds in three stages: (1)
train the motion classifier for 50 epochs; (2) train query to-
kens for 100 epochs to regress teacher tokens; (3) jointly
fine-tune the student and classifier for 30 epochs. We use
Adam with a learning rate of le-4.

Tab. 3 reports inference overhead. Although instance ac-
curacy drops by 8.13%, distillation substantially reduces
end-to-end cost. The distilled model (8.72M vs. 1.2B)
achieves 5.3 throughput at 39% peak memory, offering a
favorable accuracy—latency trade-off. Overall, teacher cues
maximize accuracy but are costly, whereas distilled cues
improve efficiency at some loss in accuracy.

4.6. Qualitative results for structured prompting

Our goal is to enable VideoLLMs to produce camera-aware,
filmmaker-style descriptions that capture what happens and
how the shot is filmed and evolves over time. Following
Sec. 3.5, we prepend a per-second motion header to the
prompt without modifying model weights. Fig. 7 shows



t = 0.0s

Baseline prompt Structured prompt with camera motion labels

Describe the video clip using clear and Per-second camera motion: ['static', 'pan-left', 'pan-right', 'static’..

concise language. Make your description in Describe this video using the -

one paragraph. For example: At the beginning, ; then <camera motion>,

[ . Camera usage Visual content (Subjects) ? Ambiguity Spatial and motion sensing ]
: This video portrays a dramatic musical At the beginning, under warm, low-key stage lighting, a static medium
9 performance scene. It begins with g closeup frames the from stage right, .. with

with precision . Then, a pan-left motion bridges the space, transitioning into
and intensity... The camera quickly pans with a medium shot of the , .. Next, a pan-right swiftly returns the
motion blur, transitioning to a mid- focus to the , capturing .. a near symmetrical composition that
performance, energetically striking the drums mirrors the earlier frame, reinforcing continuity through motion. A
while accompanied by a . The motion static shot then holds on the , now mid-gesture, in tighter
blur appears again between frame changes, framing that heightens dramatic tension while malntalnlng spatial
emphasizing swift camera movement.. coherence. Finally, a pan-left reintroduces the

Figure 7. Structured motion header enables camera-aware and temporally grounded descriptions. Top: a 5-second clip sampled at 2
fps. Bottom: outputs from the same VideoLLM with different prompts. The baseline description correctly identifies subjects but produces
ambiguous motion statements, without specifying direction or temporal structure. With structured motion cues, the model generates explicit

, maintains focus, and introduces spatial-temporal reasoning such as continuity and coherence.

a representative example. Under the baseline prompt, the we introduce a shot-consistent 1-second dataset and a VQA
model recognizes the conductor and drummer, but describes benchmark that formulates fine-grained motion primitives
motion vaguely (e.g., “camera quickly pans with motion as a constrained multi-label recognition task; we show via
blur”) without direction or temporal structure. The descrip- probing that camera motion cues are only weakly recover-
tion mixes possible cuts and camera movement, leading to able from frozen VideoLLM vision features; and we pro-
ambiguity in how frames are connected. pose a lightweight pipeline that extracts cues from a frozen
In contrast, with the provided explicit motion cues, the 3D foundation model (VGGT). The pipeline predicts con-
same VideoLLM produces a tempora]ly structured narra- strained motion primitives and iHjCCtS them via structured

tive. It explicitly grounds motion direction (pan-left prompting without updating VLM weights.
and pan-right), describes framing (static medium Camera cues support applications where how a scene is
close-up), and adds spatial reasoning (e.g., “mirrors the filmed matters in addition to what, including descriptive
earlier frame”, “spatial coherence”). This suggests mo- video services (DVS) [40], media recommendation and re-
tion headers improve motion correctness and encourage trieval by filmmaking metadata [30], camera-aware video
geometry-aware, temporally consistent reasoning. attribute or authorship analysis [20], and plagiarism detec-
Beyond motion correctness, the header biases the model tion. More broadly, our results suggest camera awareness
toward spatial and motion reasoning. The structured cues remains a structured supervision problem and there is repre-
promote continuity, geometric consistency, and frame-to- sentation gap in current VideoLLMs. In this work, we pro-
frame transitions, reducing generic descriptions. This sug- pose a plug-and-play solution, in which synthetic camera-
gests that camera motion labels act as geometric priors that controlled data provides scalable supervision, 3DFMs inject
steer large VideoLLMs toward more temporally grounded geometric priors, and distillation offers a favorable cost—
and cinematographically aware reasoning. Full outputs and performance trade-off. Limitations include the synthetic-
other examples are provided in the supplementary. to-real gap, focus on camera extrinsic rather than intrinsic
changes (e.g., zoom), and only a single 3DFM backbone
5. Conclusion and Discussion is explored. A detailed discussion is provided in the sup-
plementary, including a data augmentation strategy, and a
Camera motion is a fundamental geometric signal that LLM-as-judge evaluation protocol. Future work will ex-
shapes video perception, yet it is rarely modeled explicitly tend to broader camera configurations and 3DFMs, and sys-
in current VideoLLMs. In this work, this gap is addressed tematically study how camera cues transfer to downstream

through a loop of benchmarking, diagnosis, and injection: video understanding and generation tasks.
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