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Query: The white vehicle that follows another white car and then turns right while the other continues straight.

Figure 1: Overview of MoRe-UAV, a large-scale benchmark formotion-aware visual grounding inUAV videos. Top: representative
UAV clipswithmoving targets, cameramotion, and large viewpoint changes. Bottom: a typical task example. Unlike conventional
UAV grounding that mainly relies on appearance or spatial cues, MoRe-UAV requires reasoning about motion cues under
moving viewpoints.

Abstract
UAV visual grounding in real-world applications requires local-
izing a target referred to by language while both the target and
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the UAV move. Existing UAV grounding datasets mainly focus on
images, while the few video-based benchmarks are still dominated
by appearance and spatial cues. As a result, they do not adequately
capture two key challenges: motion-centric grounding and drastic
cross-view appearance changes caused by UAV ego-motion. To ad-
dress this gap, we introduce MoRe-UAV, a large-scale benchmark
for motion-aware visual grounding in UAV videos. MoRe-UAV con-
tains 22,225 video-expression pairs and 7,415,622 annotated frames,
covering diverse aerial scenes with moving targets and substan-
tial viewpoint changes. We build the dataset through a scalable
human-in-the-loop pipeline for efficient annotation with quality
control. We establish an initial benchmark on MoRe-UAV with
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spatio-temporal video grounding methods, multimodal large lan-
guage models, and hybrid MLLM+tracking pipelines. We further
provide a stronger baseline with a Motion-aware Prefix Adapter
and a Multi-view Alignment Adapter to enhance motion reason-
ing and cross-view alignment. Experiments show that existing
methods struggle on MoRe-UAV and remain far below human per-
formance, highlighting substantial room for future research on
motion-aware and multi-view grounding in UAV videos. Project
page: https://more-uav.github.io/

CCS Concepts
• Computing methodologies→ Computer vision.

Keywords
Visual grounding, UAV Video Dataset.

1 Introduction
Visual grounding [? ? ? ] aims to localize an object referred to by
natural language. In UAV applications [? ? ] such as search and
rescue, aerial surveillance, and autonomous inspection, grounding
often needs to operate on video streams rather than isolated im-
ages. However, most existing grounding benchmarks [? ? ? ] still
emphasize static appearance, spatial attributes, and relatively stable
viewpoints [? ]. This mismatch [? ? ] is especially pronounced in
UAV scenarios, where the platform moves continuously and the
same target can undergo large changes in scale and appearance
over time.

We argue that UAV video grounding should be centered on two
core challenges. The first is motion-centric grounding. In real
flights [? ], the referred target is often distinguished by behaviors,
trajectories, or interactions, such as “the white vehicle that follows
another car and then turns right.” Resolving such queries requires
jointly reasoning about motion in both the video and the language
description, rather than relying only on static category, color, or
position cues. The second is cross-view appearance change. UAV
ego-motion [? ] continuously changes altitude, distance, and view-
ing angle, often shifting from oblique views to top-down observa-
tions, so the same object may look substantially different across
frames. Existing UAV grounding datasets [? ? ? ] only partially cap-
ture this setting: image benchmarks miss temporal motion, while
current UAV video benchmarks remain dominated by spatial de-
scriptions and relatively mild viewpoint changes.

In contrast to vision-language tracking [? ? ? ? ], which mainly
emphasizes temporal propagation and association of language-
specified targets, our task focuses on grounding a single referred
target directly from a motion-centric query in UAV videos with
severe viewpoint changes. This shifts the emphasis from target
propagation to semantic disambiguation and motion-aware video-
language understanding.We therefore studymotion-aware visual
grounding inUAVvideos: given a UAV video and amotion-centric
query, the goal is to localize the referred target across video frames.
Fig. 1 illustrates representative UAV scenarios and a typical task
example in MoRe-UAV.

To support this problem, we introduce MoRe-UAV, a large-
scale benchmark for motion-aware visual grounding in UAV videos,

collected from real UAV flights. MoRe-UAV contains 22,225 video-
expression pairs and 7,415,622 annotated frames from diverse aerial
scenes, with moving targets and substantial viewpoint changes.
The dataset is constructed through a scalable human-in-the-loop
pipeline with privacy anonymization, manual box correction, hu-
man expression review, and consensus verification by at least two
trained annotators. On top of this resource, we establish an ini-
tial benchmark covering spatio-temporal video grounding meth-
ods, direct multimodal large language model baselines, and hybrid
MLLM+tracking pipelines. We further provide a stronger baseline
with a Motion-aware Prefix Adapter and a Multi-view Alignment
Adapter to strengthen motion reasoning and cross-view alignment.
The benchmark package has been prepared for academic release via
the project page, including processed video frames, frame-level an-
notations, motion-centric expressions, verified labels, train/val/test
splits, evaluation scripts, baseline codes, and documentation with
data format. The dataset is intended for non-commercial research
use under CC BY-NC 4.0, and the benchmark code is released un-
der the MIT License. To support responsible release, all videos are
anonymized before publication, and privacy-sensitive samples are
removed during verification.

Our main contributions are summarized as follows:

• We introduce MoRe-UAV, a large-scale benchmark for
motion-aware visual grounding in UAV videos, with 22,225
video-expression pairs and 7,415,622 annotated frames. The
benchmark highlights motion-centric grounding and sub-
stantial viewpoint changes caused by UAV ego-motion.

• We establish an initial benchmark on MoRe-UAV cover-
ing spatio-temporal video grounding methods, multimodal
large languagemodels, and hybridMLLM+tracking pipelines,
and show that existing methods remain far below human
performance on this task.

• We provide a stronger reference baseline with a Motion-
aware Prefix Adapter and a Multi-view Alignment Adapter
to improve motion reasoning and cross-view alignment.

2 Related Work
2.1 Spatio-Temporal Video Grounding
Recent visual grounding research has extended from static images
to video settings, including video object grounding (VOG) [? ? ? ? ]
and spatio-temporal video grounding (STVG) [? ? ? ? ? ]. Among
them, STVG is more closely related to our setting, as it typically
focuses on localizing a single referred target across a video segment.
Representative benchmarks such as VidSTG [? ] and HC-STVG [?
] have substantially advanced research in this direction. However,
they are mostly built on fixed camera videos with relatively stable
viewpoints, which differ markedly from UAV videos with continu-
ous ego-motion and stronger cross-view variation.

Related efforts have also begun to emphasize motion-aware
grounding beyond conventional STVG settings. MASS [? ] high-
lights the importance of explicit spatio-temporal reasoning when
motion dynamics are central to understanding. However, such ef-
forts are not designed for UAV videos, where persistent ego-motion
and drastic viewpoint changes create a distinct grounding chal-
lenge.
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Figure 2: Overview of the annotation pipeline for construct-
ing MoRe-UAV.

2.2 UAV Visual Grounding
With the increasing availability of aerial vision, recent works [? ? ? ?
? ? ? ] have begun exploring visual grounding in UAV environments.
AerialVG [? ] introduced a visual grounding dataset specifically de-
signed for aerial images. These efforts primarily focus on grounding
objects in aerial images, extending traditional referring expression
comprehension to the UAV domain. These datasets provide valuable
benchmarks [? ? ] for studying language-guided object localiza-
tion under aerial viewpoints, but they operate on static images and
therefore cannot capture temporal motion patterns.

More recently, UAV-SVG [? ] extends grounding to aerial videos,
but it is constructed from tracking data [? ] and mainly empha-
sizes appearance-centric and spatial-centric expressions. In contrast,
MoRe-UAV focuses on motion-aware grounding in real UAV videos
with moving targets and substantial viewpoint changes caused by
UAV ego-motion.

2.3 Motion-aware Vision-Language
Understanding

Understanding motion described in natural language is an impor-
tant capability for vision-language models operating in dynamic
environments [? ? ? ]. MeViS [? ] introduces a video object seg-
mentation benchmark that emphasizes motion-centric referring
expressions. MotionBench [? ] proposes a motion-oriented multi-
modal benchmark, formulated mainly as video question answer-
ing, to evaluate the motion reasoning capabilities of multimodal
large language models. Talk2Event [? ] extends language ground-
ing to event-camera dynamic scenes. These works highlight the
importance of modeling temporal dynamics and motion cues when
interpreting language that describes actions or behavioral changes.

However, motion-aware visual grounding in UAV videos remains
largely underexplored. In UAV scenarios, motion information plays
a crucial role not only in describing target behavior but also in re-
solving ambiguity among multiple objects in complex scenes. More-
over, UAV ego-motion introduces continuous viewpoint changes,
causing significant appearance variations of the same object across
frames. These factors make motion-centric grounding substantially
more challenging than conventional video grounding tasks. The
proposed MoRe-UAV benchmark is designed to address this gap
by emphasizing motion-centric grounding and dynamic UAV view-
points in real aerial videos.

3 MoRe-UAV Dataset
3.1 Task Definition
We studymotion-aware visual grounding inUAVvideos, where
the query describes dynamic motion and the referred target moves
over time. Given an aerial video 𝑉 = {𝐼𝑡 }𝑇𝑡=1 and a motion-centric
query 𝑄 , the goal is to predict a frame-level grounding sequence
𝐵 = {𝑏𝑡 }𝑇𝑡=1, where 𝑏𝑡 is a bounding box when the target is visible
and empty otherwise. Unlike conventional visual grounding, this
task requires jointly reasoning about motion cues in both language
and video, while handling continuous viewpoint changes caused
by UAV ego-motion.

3.2 Dataset Construction
As shown in Fig. 2, we build MoRe-UAV with a privacy-aware,
human-in-the-loop workflow designed around quality-controlled
release rather than raw scale. The construction procedure contains
five steps.

Step 1: Video data collection. All videos in MoRe-UAV are self-
collected through dedicated UAV flight missions using consumer-
grade UAV platforms. The recordings cover diverse real-world en-
vironments, including urban traffic, campuses, mountains and out-
door activity sites. During collection, the UAV actively follows or
observes moving targets from different altitudes, distances, and
flight trajectories, producing natural ego-motion, scale changes,
and viewpoint transitions from oblique to top-down views. The
videos are collected in legally permitted outdoor areas by autho-
rized team members. Detailed metadata on UAV platforms, frame
rates, and resolution ranges are provided in the supplementary
material.

Step 2: Privacy and ethical review. Our data collection, anno-
tation, and release pipeline is guided by a human-rights-oriented
review checklist informed by the Toronto Declaration [? ], with
particular attention to privacy protection, non-discrimination, and
responsible public release. Before annotation and release, all raw
UAV videos are anonymized by automatically blurring faces and ve-
hicle license plates1. The automatically anonymized videos are then
manually screened again, and clips that remain privacy-sensitive or
otherwise unsuitable for release are removed. To ensure secure and
ethical handling of sensitive UAV footage, all annotation and verifi-
cation work is conducted by a trained in-house team rather than
anonymous crowdsourcing. Annotators receive systematic written
instructions on privacy screening and responsible data handling,
and their work is compensated according to local institutional and
labor requirements. The data collection, annotation, and release
procedures were internally reviewed under institutional research
and data compliance guidelines. No separate human-subject inter-
vention was involved, and the released data were anonymized and
manually screened for privacy-sensitive content prior to publica-
tion. The public release excludes raw UAV recordings and contains
only anonymized, privacy-screened benchmark data required for
research use and evaluation. The release is intended for academic
research on motion-aware grounding and video-language under-
standing, not for identity recognition, surveillance targeting, or
other safety-critical decision-making.

1https://help.aliyun.com/imm/video-data-anonymization
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Table 1: Comparison of representative UAV grounding benchmarks. Existing datasets mainly focus on image-level grounding
or UAV video grounding with appearance-centric or spatial-centric expressions. In contrast, MoRe-UAV targets motion-aware
visual grounding in UAV videos, featuring motion-centric grounding, moving targets, strong viewpoint changes caused by UAV
ego-motion, and frame-level target annotations.

Dataset Type Source #Videos / Images #Frames Expression Focus Frame-level Ann. Viewpoint Change Motion-aware

AerialVG [? ] Image VisDrone2019 [? ] 5,000 – Appearance-centric ✗ ✗ ✗

DVGBench [? ] Image ERA [? ] + VisDrone [? ] 2,863 – Appearance-centric ✗ ✗ ✗

UAVIT-1M [? ] Image low-altitude datasets [? ? ? ] 789K – QA-style ✗ ✗ ✗

UAV-SVG [? ] Video CapERA [? ] + WebUAV-3M [? ] 3,564 2.01M Spatial-centric ✓ ✗ ✗

MoRe-UAV (Ours) Video Self-collected 22,225 7.41M Motion-centric ✓ ✓ ✓

Step 3: Trajectory annotation. From each source video, an-
notators identify one or more target-centric clips for annotation.
For each clip, annotators first select a starting frame and manually
annotate an initial bounding box for a single target object. A visual
tracking model [? ] is then used to propagate preliminary frame-
level boxes to the remaining frames. These tracker outputs serve
only as annotation proposals rather than final labels. Because UAV
videos often involve substantial viewpoint, scale, and appearance
changes, every retained clip undergoes manual frame-level inspec-
tion and correction to repair drifting or inaccurate boxes. Clips are
retained only when the target remains visible for at least 90% of
frames; otherwise, the clip is truncated or discarded. Clips whose
trajectories remain highly unstable even after manual correction
are also removed. Only clips that pass this rigorous manual quality
assurance process are included in the final release.

Step 4: Motion-centric expression generation. After obtain-
ing frame-level object trajectories, we create draft motion-centric
referring expressions for the moving target. We first manually anno-
tate 1,000 video clips with motion-aware descriptions, scene labels,
and object labels to create a seed annotation set. Based on these
examples, we adapt a locally deployed Qwen2.5-VL model [? ] with
prompt tuning [? ], enabling it to generate draft motion-aware de-
scriptions conditioned on both the video content and the target
trajectory. We simultaneously prompt the model to produce one
draft scene label and one draft object label for each clip without
restricting the label vocabulary. The adapted Qwen model is used
only to provide initial text and label drafts rather than released
annotations. Each retained clip is paired with exactly one target
object and one draft referring expression for human verification.
To prevent data leakage, all clips from the same source video are
consistently assigned to the same train/validation/test split.

Step 5: Human verification. The semi-automatic pipeline pro-
duces 40,320 candidate video-expression pairs, which are then fil-
tered through a dual-review human verification workflow. Each
candidate is randomly assigned to at least two trained annotators,
who inspect the clip, trajectory, draft expression, and candidate
labels. The screening criteria are strict: reviewers must confirm that
the expression explicitly describes the target through motion cues,
including at least one motion-related term; that the clip exhibits
observable UAV viewpoint change rather than a fixed-camera view;
that the target can be unambiguously localized by a human while
playing the video; and that the frame-level boxes match the referred
target throughout the sequence. When necessary, reviewers are
allowed to make limited edits to the draft expression, mainly to

(a) Scene category (b) Target category

Figure 3: Word clouds of scene and target categories.
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(b) Expression length

Figure 4: Distributions of video length and expression length
in MoRe-UAV.

refine motion verbs, temporal connectors, and short motion de-
scriptions or to remove minor ambiguity. Any edited sample is
treated as a new version, and previous approvals are invalidated
before independent re-verification. A sample is released only when
the same final version is approved by at least two annotators; sam-
ples that remain ambiguous, cannot be reliably localized by human
annotators, or fail the motion-centricity or trajectory-consistency
checks are discarded. In addition to per-sample dual verification,
we conduct a daily quality audit by randomly spot-checking 10%
of each annotator’s daily workload. A daily batch is accepted only
when the audit pass rate exceeds 95%; otherwise, the correspond-
ing annotations are returned for re-inspection. After verification,
22,225 clip-expression pairs are retained from 40,320 candidates,
yielding an acceptance rate of 55.1%.

3.3 Dataset Analysis.
We conduct a statistical analysis of MoRe-UAV to examine its scale,
diversity, and motion-aware properties. As shown in Table 1, exist-
ing UAV grounding datasets mainly emphasize appearance-centric
or spatial-centric descriptions, even when video data are avail-
able. In contrast, MoRe-UAV explicitly focuses on motion-centric
grounding in UAV videos. The final benchmark contains 22,225
video-expression pairs and 7,415,622 annotated frames. In addition
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to frame-level annotations and referring expressions, each sam-
ple is annotated with a scene label and an object label, which we
summarize into 28 scene categories and 30 target categories after
verification. The scene categories cover diverse environments such
as campus, park, mountain, river, and ocean, while the target cat-
egories are dominated by movable entities including pedestrians,
vehicles, animals, and boats. Fig. 3 visualizes these verified label
distributions and highlights the broad environmental coverage and
object diversity of MoRe-UAV.

To complement the category-level statistics, we further quantify
the motion-centric and dynamic viewpoint nature of MoRe-UAV
using lightweight text-trajectory proxies. On the language side,
every released expression contains at least one motion cue by con-
struction, with an average of 4.1 motion-related terms per query;
moreover, 39.4% of expressions involve multi-stage motion with
temporal connectors such as “then” and “while”, and 28.6% describe
relative motion such as “follow”, “pass”, and “behind”. On the trajec-
tory side, the benchmark exhibits an average normalized trajectory
length of 0.71, about 1.22 major direction changes per clip after
trajectory smoothing, and a median bounding-box scale span of
4.38× across frames. These statistics indicate that MoRe-UAV does
not reduce to near-static appearance matching, but instead requires
reasoning about nontrivial target motion together with pronounced
viewpoint-induced target variation.

Fig. 4 further summarizes the length statistics of the benchmark.
MoRe-UAV covers clips of nontrivial temporal duration for UAV
grounding rather than collapsing to near-static snippets, while
the expression distribution is deliberately biased toward multi-
word descriptions instead of very short keyword-style queries. On
average, each referring expression contains approximately 11words,
and each clip lasts around 10 seconds with about 333 frames, which
is sufficient to accumulate target motion and cross-view appearance
changes over time.

To support standardized evaluation, we divide the finalized sam-
ples into training, validation, and test splits at the source video level,
with 15,432, 2,571, and 4,222 samples respectively. All clips from the
same source video are assigned to the same split to avoid cross-split
leakage. We then construct the splits to be roughly proportional
across the verified object categories while ensuring that every veri-
fied object label appears in all three splits. The resulting partition
preserves the overall category distribution as much as possible
while reducing split-induced category omission bias. Additional
metadata summaries, annotation format examples, split statistics,
and download/use instructions are provided on the project page.

4 Benchmark Baselines
To provide a stronger reference point for future work onMoRe-UAV,
we introduce a lightweight benchmark baseline built upon a frozen
Qwen2.5-VL backbone [? ] with parameter-efficient tuning. The
main challenge of MoRe-UAV lies in two aspects: motion-centric
grounding cues in the query and drastic cross-view appearance
changes caused by UAV ego-motion. To address them, we introduce
two lightweight adapters: aMotion-aware Prefix Adapter (MPA),
which emphasizes motion-sensitive semantics in the query, and a
Multi-view Alignment Adapter (MVA), which captures tempo-
rally aligned target variations across consecutive frames. As shown
in Fig. 5, MPA strengthens motion-aware language representation,

Motion-centric
Referring Expression

Inputs

“The white vehicle that
follows another white
car and then turns right

while the other
continues straight.”

UAV Video Frames

Context

Lightweight Adapter

MLLM 
Decoder

……

……

Output

Figure 5: Overview of our baseline for motion-aware UAV
video grounding. MPA emphasizes motion-sensitive query
semantics, while MVA captures cross-view temporal align-
ment.

while MVA improves grounding robustness under dynamic UAV
viewpoints. Further implementation details are available on our
website and in the codebase.

4.1 Motion-aware Prefix Adapter (MPA)
Motion cues are crucial for distinguishing the referred target in UAV
videos, yet directly relying on manually extracted motion words
is often insufficient, since grounding usually depends on broader
contextual composition. To address this, we design a Motion-aware
Prefix Adapter (MPA) to emphasize motion-sensitive semantics in
the query through weakly supervised token reweighting.

Let L = {l𝑖 }𝑁𝑖=1 denote the query token embeddings, and let
ỹ = {𝑦𝑖 }𝑁𝑖=1 denote weak motion pseudo-labels extracted from
verbs and directional phrases [? ] in the query. MPA uses a light-
weight learnable scorer to produce motion-aware token weights
𝛼𝑖 = softmax(w⊤

𝑚l𝑖 ), which are supervised by the pseudo-labels
through

Lmotion = −
𝑁∑︁
𝑖=1

𝑦𝑖 log𝛼𝑖 . (1)

Themotion-centric query representation is then obtained byweighted
aggregation:

z𝑚 =

𝑁∑︁
𝑖=1

𝛼𝑖 l𝑖 . (2)

Finally, z𝑚 is transformed into a small set of prefix prompts and
prepended to the decoder input. In this way, pseudo-labels provide
weak motion guidance, while the learnable weighting mechanism
enables MPA to go beyond explicit motion word prompting and
capture richer motion-sensitive semantics for grounding.

4.2 Multi-view Alignment Adapter (MVA)
To handle drastic viewpoint and appearance changes caused by UAV
ego-motion, we introduce a Multi-view Alignment Adapter (MVA)
that aligns target-related visual representations across consecutive
frames. Given the input video sequence, MVA performs sequential
alignment within the adapter, enabling temporally coherent feature
aggregation while preserving the grounding focus of each frame
under holistic video-level understanding.
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Table 2: Comparison with baseline methods on MoRe-UAV.

Method mIoU Acc@0.5 Norm Prec. AUC

STVG Methods
Co-grounding Model [? ] 5.84 5.10 6.20 5.55
CG-STVG [? ] 7.95 7.10 9.82 8.33

MLLM + Tracking
MiniCPM-V + Tracker [? ] 8.23 6.58 7.95 8.61
Qwen2.5-VL + Tracker [? ] 9.48 10.02 11.25 9.90

MLLM
MiniCPM-V [? ] 10.18 10.93 11.84 10.59
Qwen2.5-VL [? ] 12.00 10.95 14.52 12.36

Ours
MoRe-UAV (MiniCPM) 19.12 18.91 21.34 19.45
MoRe-UAV (Qwen) 21.22 20.25 25.60 21.45

Human performance 89.33 91.13 90.51 89.41

Let v𝑡 denote the visual representation of frame 𝑡 , and let s𝑡−1
denote the propagated alignment state from adjacent temporal
context. MVA combines the current frame representation with the
propagated context to produce an aligned representation

c𝑡 = 𝑓𝑎 ( [v𝑡 ; s𝑡−1]), (3)

where 𝑓𝑎 (·) denotes a lightweight attention-guided fusion and align-
ment function. Since propagated context may become unreliable un-
der blur, occlusion, or abrupt camera motion, we further introduce
a soft confidence gate and compute the enhanced representation as

h𝑡 = 𝑔𝑡 · c𝑡 + (1 − 𝑔𝑡 ) · v𝑡 , 𝑔𝑡 = 𝜎
(
𝑓𝑔 ( [v𝑡 ; c𝑡 ])

)
, (4)

where 𝑓𝑔 (·) is a lightweight gating function. The gate adaptively
controls how much aligned temporal context should contribute
to the current frame. The resulting representations are then trans-
formed into alignment prompts and fed into the decoder, improving
grounding consistency under dynamic UAV viewpoints.

5 Experiments
We benchmark three categories of methods on MoRe-UAV: spatio-
temporal video grounding methods, direct MLLM baselines, and
MLLM+tracking pipelines.

5.1 Implementation Details
We report mIoU, Acc@0.5, Norm Precision, and IoU AUC follow-
ing prior video grounding and tracking benchmarks [? ? ? ]. All
methods are trained or adapted on the same MoRe-UAV split. For
direct MLLM baselines, we use the same frozen backbones and
parameter-efficient tuning budget as our method, but without MPA
and MVA. For STVG methods, including Co-grounding [? ] and
CG-STVG [? ], we follow the official training protocols when appli-
cable and evaluate them on the same split. Frames without visible
targets are annotated as empty and evaluated over the full video
sequence. We additionally report human performance on a ran-
domly sampled 20% subset of the test set. Human annotators were
allowed to pause and replay videos during evaluation, and their
annotations were evaluated using the same protocol and metrics as
model predictions. Detailed prompts, preprocessing rules, optimiza-
tion and inference settings, evaluation protocol, and command-line

Table 3: Ablation study of MPA and MVA on the Qwen2.5-VL
backbone.

Method mIoU Acc@0.5 Norm Prec. AUC

Qwen2.5-VL (baseline) 12.00 10.95 14.52 12.36

MPA (Motion Modeling)
+ Motion Word Prompt (NLTK verbs) 14.35 13.80 17.92 14.70
+ MPA (ours) 17.86 16.95 21.03 18.10

MVA (Multi-view Alignment)
+ Iterative box guidance 15.02 14.20 18.11 15.38
+ MVA (ours) 18.74 17.82 22.65 19.02

Combined
+ MPA + MVA (ours) 21.22 20.25 25.60 21.45

examples are provided in the supplementary material and code
repository.

5.2 Results and Analysis
As shown in Table 2, all existing baselines perform poorly on MoRe-
UAV, highlighting the difficulty of motion-aware visual grounding
in UAV videos. For MLLM+tracking pipelines, the MLLM is used
only for initial target identification, while subsequent frames rely
on a tracker, making them particularly vulnerable to drift under tar-
get motion and drastic viewpoint changes. Direct MLLM grounding
also remains far below human performance. The large gap between
current models and human performance further indicates that the
benchmark remains far from saturated. Although draft expressions
are initialized by a local Qwen2.5-VL assistant, all released anno-
tations are manually reviewed and revised when necessary. Our
method consistently improves both Qwen andMiniCPM backbones,
suggesting that motion-sensitive query modeling and cross-view
temporal alignment are both important for this benchmark and that
the gains are not limited to a single model family. Additional quali-
tative examples and failure cases are provided in the supplementary
material.

We also conduct ablations on the Qwen2.5-VL backbone to evalu-
ate the effectiveness ofMPA andMVA. As shown in Table 3, a simple
Motion Word Prompt already improves the baseline, confirming
the importance of motion cues, but its gains remain limited because
it does not model broader contextual dependencies. In contrast,
MPA yields substantially larger improvements through learnable
motion-aware token aggregation. We also compare MVA with a
naive temporal strategy that appends the previous prediction as a
textual hint for the next frame. While this strategy brings moderate
gains, MVA performs better by explicitly modeling cross-view tem-
poral consistency. Combining MPA and MVA gives the best results,
showing that the two components are complementary.
6 Conclusion
We introducedMoRe-UAV, a large-scale benchmark for motion-
aware visual grounding in UAV videos, featuring motion-centric
queries, moving targets, and strong viewpoint changes caused by
UAV ego-motion. We established benchmark evaluations across
STVG methods, MLLMs, and MLLM+tracking pipelines, and pro-
vided a stronger reference baseline with MPA and MVA. The sub-
stantial gap between currentmodels and human performance shows
that MoRe-UAV remains a challenging testbed for future research
on motion-aware and multi-view grounding in UAV videos.

6
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